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Suicidalideation, plans and behavior are particularly serious health issues

among the older population, resulting in a higher likelihood of deaths than
inany other age group. The increasing prevalence of depressionin late life
reflects the urgent need for efficient screening of suicide risk in people with
late-life depression. Employing a cross-sectional design, we performed
connectome-based predictive modelling using whole-brain resting-state
functional connectivity and white matter structural connectivity datato
predict suiciderisk in late-life depression patients (V=37 non-suicidal
patients, N =24 patients with suicidal ideation/plan, N=30 patients who
attempted suicide). Suicide risk was measured using three standardized
questionnaires. Brain connectivity profiles were used to classify three groups
inour dataset and two independent datasets using machine learning. We
found that brain patterns could predict suicide risk in the late-life depression
population, with the explained variance up to 30.34%. The functional and
structural connectivity profiles improved the classification-prediction
accuracy compared with using questionnaire scores alone and could

be applied toidentify depressed patients who had higher suicide riskin

two independent datasets. Our findings suggest that multimodal brain
connectivity could capture individual differences in suicide risk among late-
life depression patients. Our predictive models might be further tested to help
clinicians identify patients who need detailed assessments and interventions.
The trial registration number for this study is ChiCTR2200066356.

Depression affects the aging population at a one month prevalence
rate of nearly 20%', and more than one-third of late-life depression
(LLD) patients cannot attain full remission after treatment’. One of the
most fatal consequences of depression is suicide. Suicidal ideation,
plans and behavior are particularly serious health issues among the
older population®. Suicidal actions could result in a higher likelihood
of deaths among the older population than in any other age group®.
Recent evidence shows that neural features can be used to classify

suicidalindividuals from non-suicidal individuals’. On the other hand,
existing research has repeatedly identified a constellation of risk fac-
tors, including previous suicidal ideation or behavior, emotional prob-
lems, financial crisis, impaired functional ability and substance use®.
These important factors have been included in widely used question-
naires that assess general suicidal tendency, such as the Beck Scale
for Suicidal Ideation (BSS)” and SAD PERSONS Scale (SPS)%. Studies
have employed these questionnaires to measure individual differences
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in suicidality beyond group categorization’. Suicide-questionnaire
scores may reflect dimensional variations of affective and behavioral
dysregulation™.

Suicidality adds to depression heterogeneity". Moreover, consid-
erable heterogeneity could also exist within groups of individuals with
suicidality. No single factor has been so far identified that is sufficient
and necessary in predicting suicidality™. This could result from varia-
tions in the triggers of suicidality and can be particularly challenging
for patient management. Therefore, developing biological markers
of the degree and intensity of suicide risk using brain-based data has
great promise for supplementing suicide risk assessment in clinical
management and eventually may assist in developing practical and tar-
geted suicide-preventionintervention programs. Althoughresearch on
suicidal patients with LLD is scarce, studies have identified altered spon-
taneous neural activity amongsuicidal patientsin the cognitive control
network, suchasthelateral prefrontal cortex, the orbitofrontal cortex,
the superior parietal lobule and the cerebellum®, and in somatosensory
cortices suchasthe postcentral gyrus'*". Thealtered functioning of the
cognitive control network in patients with suicidal behavior could be
closely related to the dysregulated emotions™®. In contrast, changes
inthe somatosensory cortex could be related to mental pain associated
with recalling bodily sensations resulting from self-harmactions”. The
cognitive control network regions, such as the prefrontal and orbito-
frontal cortex, also demonstrate white matter abnormalities among
peoplewithsuicidal ideation and behaviors'®. Altogether, these findings
illustrate that functional and structural brain imaging features can be
used to identify suicidality-related neural markers.

Recently, many studies have been dedicated to predicting psycho-
logical processes using brain network features. Resting-state functional
magnetic resonance imaging (rs-fMRI) and diffusion tensor imaging
(DTI) are two techniques that consistently show high test-retest reliabil-
ity and generalizability across study contexts'>*°. Specifically, rs-fMRI
and DTI provide complementary indices informing individuals’ func-
tional and structural network connectivity profilesin a task-free state”.
Evidence has been accumulated on the use of circuit-level connectiv-
ity profiles to identify discrete depression subtypes®. Nonetheless,
only afew reports exist on brain-based predictions of the continuous
individual differencesinsuicide risk****, whichis essential for studying
variations among individuals’ cognitive and affective processes and
the heterogeneity of behavioral characteristics in clinical populations.

In this study, we aimed to predict the suicide risk among people
with LLD using connectome-based predictive modelling (CPM). The
CPMapproachisarobust and generalizable data-driven approach that
cansuccessfully predictindividual differencesinemotional, cognitive
and behavioral dysregulation, with high external validity”*. We have
verified the utility of CPM in brain-behavior prediction among older
adults®. We hypothesized that the cognitive control neural network
would predictindividual suicide risk scores among LLD patients using
several suicide behavior questionnaires. To formally test the predictive
strength of the identified structural and functional connectivity (FC)
profiles, we also employed a machine learning method with internal
cross-validation toderive the prediction accuracy of the neuralmodels.

Results

Brain-behavior prediction

To develop CPM models that predicted history of suicide risk, we
acquired brainimaging dataandbehavioral variables that assessed sui-
ciderisk from91LLD patients (female/male 74/17; mean age 66.64 + 5.69
years old). The LLD patients were further classified into three groups.
Patients who had never thought of suicide or attempted suicide in their
lifetime were in the non-suicidal (NS) group (N=37). Patients who had
seriously thought about attempting suicide, and/or planned for suicide
intheir lifetime but without past history of suicide attempts, werein the
ideation/plan (IP) group (N = 24). Patients who had ever attempted sui-
cideintheirlifetime were in the suicide-attempt (SA) group (V=30).The

demographic and clinical information on the three groups and group-
comparisonresults are shownin Table 1. The suicide risk was evaluated
using three questionnaires including the Chinese version of BSS’, which
assessed the intensity of a patient’s suicidal attitudes, behavior and plans
over the previous week, the Chinese SPS®, which estimated a patient’s
suiciderisklevel over the previous 6 months, and the Triggers of Suicidal
Ideation Inventory (TSII)*®, which assessed the triggers of suicidal idea-
tion over the previous 12 months among older adults.

Foreach participant, we extracted aresting-state FC matrix gener-
ated from rs-fMRI data using the Shen 268-node functional brain atlas
andastructural connectivity (SC) matrix generated from DTl data using
the Automated Anatomical Labeling (AAL-116) atlas. We then adopted
the CPM method using leave-one-out cross-validation (LOOCV)*. Edges
(connectivity between brain regions) positively or negatively correlated
withsuiciderisk and passing a predefined Pvalue (Extended DataFig. 5)
were extracted as the positive or negative network, respectively. The
CPM pipeline is summarized in Fig. 1. The results revealed that FC sig-
nificantly predicted BSS (positive network, coefficient of determination
R*=8.08%, Perm, = 0.02; negative network, R* = 5.11%, P, = 0.03), SPS
(negative network, R*=30.34%, Perm, < 0.001) and TSIl (positive network,
R*=16.05%, Pyermu = 0.01; negative network, R? =10.50%, Pperm, = 0.05)
(Fig.2). TheSCsignificantly predicted BSS (positive network, R*= 6.96%,
Perms = 0.01) and SPS (positive network, R> = 14.37%, Pyerm, = 0.01) but did
not predict TSIl (all R values <3.97%, all P, Values > 0.14). The number
ofedgesselectedineachiterationand the finalnumber of connectivity
profiles areshownin Supplementary Tables1and 2. Giventhat two LLD
patients had a comorbidity of generalized anxiety disorder (GAD), we
reran the CPM analysis excluding these two patients and found that
results remained largely unchanged (Supplementary Table 3). After
controlling for head motion, the FC positive network did not significantly
predict BSS, while other results remained unaffected. Thus, in the fol-
lowing analyzes, we did not consider the FC positive network.

FCand SC profiles

To construct FC and SC profiles for each participant, we extracted and
summed the edges of positive and negative networks that appeared
in all of the cross-validated significant CPM models, denoted as the
network strength of the connectivity profiles. We labelled brain nodes
in each atlas using the Brodmann area (BA) labels” to make inferences
across FCand SC findings. The connectivity profiles of the significant
(FC, negative networks predicting BSS, SPS and TSII; FC, positive net-
work predicting TSII; SC, positive networks predicting BSS and SPS)
and non-significant (FC, positive networks predicting BSS and SPS; SC,
negative networks predicting BSS, SPS and TSII; SC, positive network
predicting TSII) CPM models are shown in Fig. 3 and Extended Data
Fig.1, respectively. Brain regions including BAl1 and BA3 (the primary
somatosensory cortex), BA7 (the superior parietal lobule), BA11 (the
orbitofrontal area) and BA37 (the fusiform gyrus) contributed to both
FC and SC models. The cerebellum appeared in all significant CPM
models. Moreover, BA17 (the primary visual cortex), BA20 (the infe-
rior temporal gyrus) and BA24 (the cingulate cortex) showed high
degrees of connection. These brain regions were largely aligned with
theregionsfoundin previous studies (Supplementary Table 36; details
discussed in Supplementary Materials). We further explored whether
network strength differed between groups. As expected, the three
groups demonstrated significant differences in the network strength
of FC and SC profiles (Fig. 4).

Support vector machine (SVM) classification

To examine whether FC and SC profilesimproved prediction when clas-
sifying SA, IP or NS groups (Fig. 1), we utilized the linear SYM. The demo-
graphicand clinical variables, questionnaire scores and brain features
(FCand/or SC) were added as training features to the SYM models step
by step (models A to G, Supplementary Materials). The classification
resultsareshowninFig.5and Supplementary Table 7.In general, models
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Table 1| Demographic and clinical information and between-group effects

Variables NS (N=37)

IP (N=24)

SA (N=30) Statistical tests

Mean s.d. Mean

s.d. Mean s.d.

Sex (female) Female =25 (67.75%)

Female =20 (83.33%)

Female =29 (96.67%) X°=9.32, P=0.009

Sex (male) Male =12 (32.25%) Male = 4 (16.67%) Male =1(3.33%) x’=9.32, P=0.009
Age (years) 67.97 5.83 6713 5.98 64.60 4.79 H=5.94, P=0.051
Ethnicity Chinese = 37 (100%) Chinese =24 (100%) Chinese =30 (100%)
Education (years) 7.4 2.68 8.08 3.56 8.27 3.55 H=1.03, P=0.598
MMSE 26.81 2.08 27.29 1.68 27.33 217 H=2.30, P=0.317
HAMD 878 6.80 9.96 6.91 8.87 6.38 H=0.51, P=0.775
HAMA 11.97 9.45 1413 8.21 1113 913 H=3.43, P=0.180
LLD characteristics
Onset of LLD (years) 59.38 8.31 54.42 13.59 51.27 9.53 F=5.27, P=0.007
Episode of LLD 1.70 0.85 2.58 1.50 3.33 3.39 H=15.87, P=3.6x10™*
Duration of LLD (months) 103.14 78.92 151.00 132.26 155.80 108.35 H=4.14, P=0.126
Medication
SSRIs 48.65% 41.67% 36.67% Xx?=0.99, P=0.610
SNRIs 10.81% 20.83% 30.00% x?=3.87, P=0.145
Agomelantine 21.62% 16.67% 16.67% Xx*=0.35, P=0.837
NaSSA, NDRI and TCA 18.92% 25.00% 16.67% x*=0.61, P=0736
Non-antidepressants 89.19% 95.83% 86.67% X°=1.32, P=0.518
Number of medication types 1.89 0.52 2.00 0.42 1.87 0.43 H=1.24, P=0.538
Medication load 3.59 112 3.79 110 3.64 1.03 H=0.43, P=0.808
Questionnaires
BSS 276 4.21 4.21 5.02 7.27 5.43 H=1716, P=1.9x10™*
SPS 3.38 1.01 a4 1.23 5.43 114 H=38.30, P=4.8x10°°
TSI 2.32 1.78 3.50 1.96 2.40 1.87 H=5.42, P=0.067

One-way analyzes of variance (ANOVAs) (F), chi-square tests (x?), non-parametric Kruskal-Wallis tests (H) and Bonferroni tests were conducted for the variables (two tailed, unadjusted;
Bonferroni tests were used to correct for multiple comparisons for post hoc analysis) since these tests were performed only for descriptive purposes. Medication percentages refer to the
proportion of patients in the group taking the medication. MMSE, Mini-Mental State Examination; HAMD, Hamilton Depression Rating Scale; HAMA, Hamilton Anxiety Rating Scale. Entries in

bold indicate a significant difference between groups.

with questionnaire scores and brain features (models D, E and F) per-
formed better than those with only demographic and clinical variables
(model A), questionnaire scores (model B) or brain features (model C).
Thehighestaccuracy of SA/NS classification was 90.63% (P, < 0.001),
achieved with questionnaires and SC. The highest accuracy of SA/IP
classification was 78.62% (P,em, < 0.001), achieved with questionnaires
and FC. The highest accuracy of IP/NS group classification was 82.37%
(Ppermy < 0.001), achieved with all features. When classifying the SA/NS,
SA/IP and IP/NS groups, the accuracy was improved by 5.72%, 8.19% and
7.05% when using questionnaire scores and brain features, compared
with the models with only questionnaires. Nonetheless, model Bwith
only questionnaire scores still achieved a relatively high accuracy of
84.91% (Ppermy < 0.001) in the SA/NS classification. However, it should
be noted that the improvement in overall classification accuracy was
largely due to the increase in specificity rather than sensitivity for the
SA/NS and SA/IP classification. Moreover, although linear algorithms
and cross-validation were applied, model G, whichincluded all features,
might have overfitting issues due to arelatively large number of train-
ing features (N =15). Thus, the best classification performance of IP/
NS should be interpreted with caution.

The feature weights are shown in Supplementary Table 8. On the
basis of the absolute value of the weights, the SPS and its connectivity
profiles showed alarger contribution than did the other two question-
naires, while TSIl showed the smallest contribution. We conducted

two additional analyzes to explore how the three questionnaires
and their profiles contributed to the group classification. First, we
tested the SVM performance using different combinations of the ques-
tionnaire features (BSS, SPS, TSII, BSS + SPS, BSS + TSII, SPS + TSIl and
BSS + SPS + TSII). Results (Supplementary Tables 9 and 10) showed that
SPS showed the highest accuracy when classifying SA/NS and IP/NS,
while BSS showed the highest accuracy when classifying SA/IP. Sec-
ond, we tested all combinations of the questionnaire-related features
and reported the optimal model that reached the highest accuracy.
Results (Supplementary Tables 11and 12) demonstrated that TSIl and its
profiles showed contributions when classifying the three groups,
but the contribution was not as large as for the other two question-
naires. When classifying SA/NS, two out of the three models did
not include FC profiles. These findings might suggest that question-
naires that assessed more recent suicide status (within 6 months) and
SC profiles may be more sensitive in classifying people with differ-
ent levels of suicide risk. FC and SC profiles derived from the three
questionnaires contributed differently when classifying the three
groups. SPS and its profiles (that is, negative network of FC and posi-
tive network of SC) contributed more than the other two question-
naires, while the TSIl contributed the least. Some optimal models did
notinclude FC profiles when classifying SA/NS. When classifying IP/
NS, combining FC and SC features achieved better performance than
using a single modality. These results have two implications. First,

Nature Mental Health | Volume 1| February 2023 | 100-113

102


http://www.nature.com/NatMentHealth

Article

https://doi.org/10.1038/s44220-022-00007-7

FC

268 x 268 matrix

-

Resting state

SC

116 x 116 matrix

g

DTl fibre tracking

CPM
Step 1. Feature selection (n -1 participants) Step 2. Model construction
Select edges using
i o
optimal P Positive I}
network a
E
L
>
Negative e
network 2
y=ax+b
Brain features Behavior
Network strength
Step 3. Prediction (left-out participant)
3 jorerestetteg,,
<@ -~ ™\
= g
\ \I

Predicted behavior

1
1
1
: ax+b=?
1

Network strength

Sum network strength from significant CPM models

EEE @

— =

SVM classification

Demo & clinical Training

[T [ resms

Questionnaires
FC+SC
Questionnaires + FC

E Questionnaires + SC

(HEEER)

Questionnaires + FC + SC

All features

1
1
1
1
4
1
1
1
1
1
1
1
b4

e

———————————————
————————————————
-
e

¢
1
1
1
\

Group 2

Fig.1| A flowchart of the data analysis. Training features of model A, age, sex,
education, onset of LLD, episode of LLD and duration of LLD; model B, BSS,
SPS and TSIl scores; model C, functional positive network strength of TSIl and
negative network strengths of BSS, SPS and TSII, structural positive network

strengths of BSS and SPS; model D, questionnaires + FC profiles; model E,
questionnaires + SC profiles; model F, questionnaires + FC + SC; model G,
all features.

it might be worth exploring how to improve the classification
accuracy using different questionnaires and modalities. Second, inte-
grating multimodal features could offer useful information when
classifying IP/NS.

We also tested the best classification performance using only
FC and SC profiles. SVM analyzes were conducted by entering all the
combinations of the connectivity profiles, and optimal models that
reached the highest accuracy were reported. Results showed that the
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index.html).

highest accuracy was 80.53% for classifying SA/NS (P, < 0.001),
71.96% for classifying SA/IP (P, = 0.0040) and 67.45% for classifying
IP/NS (Ppermy = 0.0056). All the connectivity profiles (BSS, negative FC

profileand positive SC profile; SPS, negative FC profile and positive SC
profile; TSII, positive and negative FC profiles) showed contributions
inthe optimal models.
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Fig. 4| Between-group differences in network strength of the FC (n = 91
biologically independent samples) and SC (n = 90 biologically independent
samples) profiles. One-way ANOVA and non-parametric Kruskal-Wallis tests
based on normality testing using the Kolmogorov-Smirnov test (two tailed)
were used. False-discovery rate correction was conducted to correct for multiple
comparisons. Post hoc analyzes were Bonferroni corrected. Regarding FC, the
negative network profiles of BSS and SPS showed significant group differences
(BSS, Hy) = 9.94, Py, = 0.016; SPS, H ) = 31.38, P,,,,, = 9.2 x107), while that of TSII
did not (all P> 0.65, false-discovery rate corrected). Follow-up Dunn-Bonferroni
tests revealed that the SA group showed significantly lower network strength
compared with the NS (BSS, H=19.24, P,,,, = 0.009; SPS, H=36.25, P, = 7.0 x107®)
and IP groups (BSS, H=17.36, P,,,. = 0.049; SPS, H=17.42, P,,,. = 0.048), and the

IP group showed lower network strength compared with the NS group (SPS,
H=18.84, P, =0.020). Regarding SC, only the positive network profiles of

. Positive network strength

SPS demonstrated significant group differences (SPS, H, = 9.65, P, = 0.016).
Follow-up analyzes revealed that the NS group had significantly lower network
strength than the SA group (SPS, H=-19.07, P,,,, = 0.009). These results remained
unchanged after controlling for sex, age, education, MMSE, HAMD/A, onset time
of LLD, number of episodes of LLD, duration of LLD, the five types of medication,
number of medication types, medication load or mean frame-wise displacement
(FD). Moreover, these connectivity profiles were not significantly correlated with
age or medication load (Supplementary Table 5). The network strength values
were standardized for visualization. The lower and upper bounds of the box
inside the violin represent the first and third quartiles. The length of the whiskers
represents no more than1.5times the interquartile range from the bound to the
maxima (upper whisker) or to the minima (lower whisker). Data beyond the end
point of the whiskers are shown as individual dots. ‘n.s. indicates no significant
difference between the two groups. ***P < 0.001, **P< 0.01, *P < 0.05.

External-validation results

To test the generalizability of our CPM models, we validated models
intwoindependent datasets. Dataset1, from Zhang et al.?®, comprises
rs-fMRIand DTl data from 44 middle-aged major depressive disorder
(MDD) patients (female/male 26/18; mean age 30.50 + 8.78 years old).
Dataset 2, from Shao et al.”’, comprises data from 24 middle-aged MDD
patients (female/male 19/5; mean age 51.38 + 5.17 years old). Patients

in these two datasets were divided into three groups (SA, IP and NS).
We extracted the connectivity profiles from the two datasets and con-
ducted SVM analyzes to classify three groups (detailsin Supplementary
Materials). The SVM classification performance and coefficients of the
featuresinthe twoindependent datasets are shownin Supplementary
Tables15-18.Indataset 1, the highest accuracy was 87.50% for classify-
ing SA/NS (Pyemy < 0.05), 70.13% for classifying SA/IP (P, = 0.1520)
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Fig. 5|SVM classification results. Training features of model A, age, sex,
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SPS and TSIl scores; model C, functional positive network strength of TSIl and
negative network strengths of BSS, SPS and TSII, structural positive network
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strengths of BSS and SPS; model D, questionnaires + FC profiles; model E,
questionnaires + SC profiles; model F, questionnaires + FC + SC; model G, all
features. The star indicates the best performance.

and 73.75% for classifying IP/NS (P,¢m, = 0.1596). In dataset 2, results
showed that the highest accuracy for classifying IP/NS was 83.46% (all
Pyermu < 0.01). These findings suggest that our CPM models can be vali-
datedintwo datasets, although there was only a trend to be significant
when predicting SA/IP and IP/NSin dataset 1. Moreover, the contributed
connectivity profiles were largely consistent with our findings. Given
that our sample consisted of mainly female patients and there was a
significant difference in sex ratio between the SA and NS groups, we
replicated our main results using only female patients and the results
areshown in Extended Data Figs. 2-4.

Discussion

By using multimodal neuroimaging dataand a well established machine
learning approach, we demonstrated that brain connectivity features
couldbeusedto predict the severity of suicide riskin a heterogeneous
population with LLD. We further proved that network strength of FC
and SC profiles showed discriminant between-group differences and
improved the classification-prediction accuracy. The CPM models were
further generalized to classify groups with different levels of suicide risk
inthe external datasets. This study applies connectome-based models
to predict the intensity of suicide riskamong LLD patients and to assess
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the effectiveness of connectome profiles for solving a classification-pre-
diction problem. Our findings suggest that brain connectivity derived
fromadata-driven procedure might provide valuable information about
anLLD patient’s past and current suicide risk. Furthermore, CPM models
might have a potential tobe applied to brainimaging data to screen for
affective vulnerability, leading to efficientimplementation of in-depth
clinical assessment for appropriate management.

Remarkably, CPM models using FC and SC can capture the vari-
ability of suicide riskamong LLD patients. First, our findings extend the
utility of brain connectome-based models for assessments of suicide
risk. As suggested by McHugh and Large®, it would be beneficial to con-
sider suicide risk as a continuous, rather than static, variable, because
doing so may allow clinicians to check for fluctuations in suicide risk
among patients over time. Furthermore, we found that the connectivity
profiles extracted from the predictive models can capture group-level
differences. These results suggest that the connectivity profiles derived
from CPM models could be considered as potential suicide-related
neuromarkers. However, the predictive models are currently difficult to
practicallyimplement due to several factors. Forinstance, the diagnosis
and management of patients with suicide risk may not allow the acquisi-
tionand analysis ofimaging data. Second, clinicians need toreceive train-
ingin using the predictive methods. Also, it should be noted that there
was no longitudinal assessment of suicide risk in our study. Therefore,
our results could not be interpreted to predict future risk for suicide-
related ideation. Future studies need to apply a longitudinal design,
test our models or develop further models to predict future suicide risk.

Brain connectivity has been thought to be unique in different
individuals, and appears to be a trait-like measure and relatively sta-
ble over time?. Structural measures show high test-retest reliability
over 6 months in young adults®’, and FC is moderately stable over 12
monthsin older adults®. However, the reliability of FC decreases with
increasingintervals between two scans®. Moreover, scan length of the
imaging data also affects the reliability of the connectivity analyzes.
Previous studies found that the reliability of resting-state FC can be
enhanced by increasing the scanning time*. To minimize the effect of
head motion, the duration of rs-fMRI data collection after regressing
nuisance variables in the current study was around 4 min. Therefore,
itis vital to consider acquiring brain imaging data with a longer scan
length to improve reliability. Additionally, brain connectivity might
be affected by various factors, such as age, treatment and stress. Older
adults show decreased within-network connectivity, especially in the
default-mode network®*. Connectivity between the default-mode net-
workand cortical and limbic regions seems to be consistently changed
after treatment in depressed patients®. Given that the connectivity
profiles were not significantly correlated with age or antidepressant
loadinour data, our results were less likely to be affected by these fac-
tors. Moreover, the acute stress response can induce increased FC in
the default-mode and salience networks*®. In contrast, chronic stress
is associated with functional and structural changes in the amygdala
and prefrontal cortex®. Therefore, these factors need to be considered
when validating the connectivity profiles.

Several other factors have to be takeninto account wheninterpret-
ing our findings. First, suicide risk increases among older adults with
medical illnesses that cause disability, such as cancer, neurological
disorders, liver disease and physical and psychological pain®®. The
relationships between suicide risk and brain connectivity in these
populations are probably different from that observedin our sample.
In addition, overlapping neural circuits have been found to be associ-
ated with pain and suicide, such as those involving prefrontal and
cingulate cortices®. Therefore, itis critical to investigate the effect of
pain on suicide risk in LLD patients. Second, medical and psychiatric
medications might also affect suicide risk and brain connectivity in
olderadults. Patients treated with anti-inflammatory treatments*’ and
antidepressants* may have decreased suicide risk. Third, sex-related
differences in suicide risk and brain connectivity have been widely

explored in the literature. While females demonstrate higher rates
of suicide ideation and behavior, males have higher suicide-attempt
lethality*’. Stronger resting-state FCs in the frontal, parietal and tem-
poral regions are reported in females when compared with males®.
Males exhibit greater within-hemispheric SC while females have higher
between-hemispheric FC*. It should be noted that our results were
acquired from mainly female LLD patients, and therefore remainto be
validated in male patients. Future studies should consider recruiting
samples with a more balanced sex ratio.

The currentstudy has several potential limitations. First, the cur-
rent sample size was small, although the models have been validated.
Furthermore, we excluded patients with comorbid psychiatric disor-
ders (other than GAD) or major medical illnesses to study a relatively
homogeneous sample. Importantly, patients with comorbidities had
ahigher suicide risk than those without comorbidities. Future studies
are encouraged to verify the effect of comorbidities on suicide risk.
Meanwhile, caution must be applied when generalizing our results to
clinical groups different from the current sample. Second, one of the
external validations used the sample collected by our team, whichis not
aperfectly stringent out-of-sample validation. Future work is encour-
aged to validate our CPM models in other datasets that are collected
by other institutions. Third, while we carried out the short structured
interview, theinformation on depression, such as the age of onset and
number of episodes, was difficult to measure reliably. Moreover, we
did not identify the specific time when patients had suicide ideation,
resulting in heterogeneity in the IP group. Future work should consider
grouping patients on the basis of their time with suicide ideation.
Fourth, the duration of usable rs-fMRI data after preprocessing in the
current study was only around 4 min. Future study should consider
increasing the scan length of imaging data toimprove the reliability of
the connectivity analysis. Finally, although our cross-sectional study
provides useful information during clinical screening, prospective
studies on monitoring future suicidal behavior are needed.

In summary, our study demonstrated that brain connectome
models can predict suicideriskin LLD patients. The FC and SC profiles
improved the classification accuracy when distinguishing LLD patients
with higher suicide risk from those with lower suicide risk. Our results
suggest that brain connectivity features provide valuable informa-
tionabout LLD patients’ pastand current suiciderisks. The predictive
modelsreportedin this study provide notable insight into the potential
development of a cost-effective screening instrument to supplement
clinical suicide risk assessment and management.

Methods

Participants

This study was approved by the ethics committee in Taiwan, which is
the Institutional Review Board of Chang Gung Memorial Hospital of
Taiwan (IRB no. 201601753B0). The trial registration number for this
study is ChiCTR2200066356. We recruited 116 Chinese older adults
(aged 60-79 years old) diagnosed with MDD by two board-certified
geriatric psychiatrists (C.L.andS.-H.L.) through diagnosticinterviews
based onthe DSM-5. Patients were recruited randomly from psychiatric
in- or out-patient services by advertisement and bulletin with inclu-
sion and exclusion criteria on the poster. The Mini-International Neu-
ropsychiatric Interview* was carried out to evaluate the disease and
lifetime history of suicide. The clinicalinformation was also collected
from the medical chart review, caregiver and incidental report of the
patients. We excluded four patients who had severe medical ilinesses
intheinitial assessment. The excluded sample did not show any signifi-
cant differencesinthe demographicinformation or behavioral scores
compared with the present sample (all P> 0.125), suggesting that our
findings were unlikely to be affected by participant selection bias. None
of the included participants had comorbidity of bipolar, psychotic or
substance use disorders or any major physical or neurologicalillness.
However, two patients were also diagnosed with GAD. All participants

Nature Mental Health | Volume 1| February 2023 | 100-113

108


http://www.nature.com/NatMentHealth

Article

https://doi.org/10.1038/s44220-022-00007-7

were taking medications at the time of the study and provided written
informed consent to participate in the study, waive participation in
the study at any time for no reason and allow their information to be
used for research and publication. Each participant received NT$500
in cash for compensation. Details of the medications can be found in
Supplementary Materials.

Participants were further excluded due tolow score onthe MMSE*,
missing behavioral and brain data and excessive head motion. The
remaining 91 participants were included in the following analyzes (74
females, meanage = 66.39 yr, s.d. . = 5.45, all Chinese; 17 males, mean
age =67.71yr, s.d.,.. = 6.70, all Chinese). No statistical methods were
used to predetermine sample sizes but our sample sizes are similar
to those reported in previous publications on suicidality'*". We car-
ried out a post hoc power analysis using G*Power 3.1.9.7. For the CPM
analysis using correlation between the predicted and observed values,
we found that asample size of N = 91and correlation coefficients of 0.3
canachieve a statistical power of 0.83, and a sample size of N=92 and
correlation of 0.4 can achieve a statistical power of 0.98. Our sample
size N=91with correlation coefficients from 0.3 to 0.6 obtained from
the CPM models could achieve a statistical power from 0.83 to 0.98.
For the group-comparison analysis, to achieve a large effect size of

f=0.4and a power of 0.92, the total sample size for the three groups
estimated by G*Power was N=90.

The remaining LLD patients were classified into three groups on
the basis of suicide-related information collected during the clinical
interviews. Patients who had never thought of suicide or attempted
suicideintheir lifetime werein the NS group (N =37). Patients who had
seriously thought about attempting suicide and/or planned suicide
in their lifetime but without past history of suicide attempts were in
theIP group (N=24). Patients who had ever attempted suicide in their
lifetime were in the SA group (N =30). We further classified patients
intheIP group into two subgroups on the basis of their scores onitem
3 of HAMD-17, which assessed whether the patients had suicide idea-
tion/plans or attempts within the previous week. Patients who scored
lormoreonitem 3 were considered as having currentideation. There
were 10 patients with both current and past ideation (CPI group),
and 14 patients with only past ideation (Pl group). The grouping was
not randomized as these patients were not assigned to any experi-
mental conditions. The SA group scored greater than O and had an
average of 2.4 suicide attempts (range from 1 to 6). They made their
first attempt at an average age of 51.67 years old with an s.d. of 11.91.
Details of the suicide-related information of the SA group canbe found
in Supplementary Table 23. To examine between-group effects in the
demographic, clinical and behavioral variables, we conducted one-
way ANOVAs, chi-square tests, non-parametric Kruskal-Wallis tests
and Bonferroni tests using SPSS v.26. Statistical significance was set
atP<0.05 (two tailed).

Suiciderisk questionnaires

Weimplemented three questionnaires to evaluate participants’ levels of
suiciderisk. The Chinese version of the BSS was used to quantify the cur-
rentintensity of a patient’s suicidal attitudes, behavior and plans over
the previous week’. The participants’ suicide risk factors were assessed
using the Chinese SPS to estimate a patient’s suicide risk level over the
previous 6 months®. The TSIl was implemented to detect the triggers
of suicidalideation over the past 12 months among older adults®. The
questionnaires assessed the suicide risk retrospectively within the
previous 12 months, while the history of suicide was collected by ask-
ing whether patients had suicide ideation or attemptsin their lifetime.

MRI data acquisition and connectivity matrix construction

We acquired MRI data using a 3 T MRI scanner (Discovery MR750,
GE Healthcare) with an eight-channel head coil. Resting-state fMRI
images were acquired from participants while they were awake but
with closed eyes. A total of 180 volumes were acquired using the

following parameters in 6 min: repetition time 7, =2,000 ms, echo
time T, =30 ms, flip angle = 90°, field of view (FOV) =220 x 220 mm?
and voxel size = 3.44 x 3.44 x 4 mm?. A total of 160 sagittal slices
of the high-resolution structural images weighted by spin-Ilattice
relaxation time (7;) were acquired using the following parameters:
Tx=8.2ms, T, =3.2 ms, flipangle =12°, FOV = 250 x 250 mm?and voxel
size =0.98 x 0.98 x 1 mm?®. DTl data were acquired in 32 diffusion-gradi-
entdirections (b=1,000) with two non-diffusion-weighted (b = 0) refer-
ences using the following parameters: T; = 7,500 ms, T = 82.6 ms, flip
angle =90°,FOV =220 x 220 mm?and voxel size =1.7 x 1.7 x 2.2 mm®.

The rs-fMRI data were preprocessed using SPM 12 (https://www.
fil.ion.ucl.ac.uk/spm/) and DPABI 3.1 (http://rfmri.org/dpabi) with the
following procedures: (1) the first five volumes were deleted, followed
by (2) slice-timing correction and (3) head motion correction. Then,
(4) nuisance variables were regressed (Friston 24 motion parameters,
white matter, cerebral-spinal fluid signals and global signals) with
volumes with amean FD of > 0.5 mm. The volume before these volumes
and the two subsequent volumes were all added as covariates. After-
wards, we conducted (5) spatial smoothing using a Gaussian kernel of
6 mm full-width at half-maximum, and (6) band-pass temporalfiltering
usinga 0.01-0.1 Hz frequency bandwidth. Global signal regression was
performed to strengthen the association between FC and the behav-
ioral variables”. Three groups did not significantly differ in mean FD
(P=0.59) orthenumber of scans being regressed (P = 0.55), as evaluated
by the Kruskal-Wallis test. All participants had less than 20% volumes
with FD larger than 0.5 mm. Brain FC nodes were defined using the Shen
268-node functional brain atlas, encompassing the cortex, subcortical
areas and cerebellum?®. The Shen 268-node atlas was chosen as it has
been commonly adopted in previous CPM studies”*. For each par-
ticipant, we calculated mean time series of each node by averaging time
series of allvoxelsin that node. We then correlated the mean time series
of each pair of nodes using Pearson correlation and applied Fisher’s
r-to-ztransformation to the correlation coefficients to construct one
268 x 268 matrix for each participant for usein the prediction analyzes.

The DTlimages were corrected for eddy current distortions and
head motions for each participant using FMRIB’s Diffusion Toolbox
(FSL 6.0; http://www.fmrib.ox.ac.uk/fsl). One subject (from the IP
group) was excluded because of an incomplete DTl scan, leaving 90
subjectsin SC analyzes. Diffusion tensor models were estimated with
the linear least-squares fitting approach for each voxel using Diffu-
sion Toolkit 0.6.4 (http://trackvis.org/). Whole-brain fibre tracking
was conducted in native DTI space with the fibre assignment by con-
tinuous tracking algorithm in TrackVis 0.6.1 (http://trackvis.org/).
The fibre tracking was terminated if the fractional anisotropy was
less than 0.15 or the angle between two paths was larger than 35°, as
adopted in previous studies*®. Brain SC nodes were defined using
AAL-116, which has been previously applied (for example, in ref. *5).
We computed the number of streamlines for edges between any two
regions of the participant-specific DT atlas as that participant’s SC,
resultingin all6 x 116 matrix for each participant. We further applied
agroup threshold of 50% to the matrices to remove false-positive and
negative connections. This threshold was chosen on the basis of the
work by de Reus and van den Heuvel*’, which showed that the numbers
of false positives and negatives were estimated to be equal at agroup
threshold of approximately 54%. This threshold has also been adopted
by other studies®**. To further explore whether selection of different
group thresholdsinfluenced our findings, we reran prediction analyzes
using three other thresholds (15%, 25% and 75%). Results showed that
prediction performance remained largely unchanged (Supplementary
Table 24), suggesting that threshold selection did not substantially
affect our results.

Brain-behavior-prediction analyzes
Topredict the suicide risk using FC and SC, we adopted the CPM method
using LOOCV?"* and performed analyzes in MATLAB (MathWorks,
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2017b).LOOCV was used to ensure that a sufficient sample wasincluded
in the training process because we had relatively small sample sizes
for each group representing different suicidal characteristics of LLD
patients. Here, we briefly summarize the CPM pipeline for each modal-
ity (Fig. 1). For each training set of n — 1 participants, the FC and SC
features were correlated with true behavioral scores using Spear-
man correlation, controlling for sex, age and education. None of the
three behavioral scores followed anormal distribution (Kolmogorov-
Smirnovtest, P< 0.05), so we used Spearman’s partial correlations. Age
and sex were significantly associated with BSS scores (both |p| > 0.23,
both P<0.025),and education was associated with SPSscores (p = 0.21,
P=0.047). To maintain consistency, we controlled for three variables
in all CPM analyzes. Then, we extracted features that were positively
correlated with behavior that passed an optimal Py, .q01s” to be the
positive network, and features that were negatively correlated with the
behavior that passed an optimal Py,..no1q t0 be the negative network
(see Extended Data Fig. 5 for optimal P thresholds). To maximize the
predictive accuracy, we acquired the optimal Pthresholds by testing a
range of Pvalues from 0.0001t0 0.05 (ref.>°) for each model. Features in
the positive and negative networks were summed and fitted separately
into two linear regression models. The left-out participant’s features
were fitted into the linear models to obtain the predicted scores. To
assess the predictive performance, we calculated Spearman’s corre-
lation (p,,.) and R* between the true and predicted values. To test the
significance of the predictive models, we randomized the true scores
and performed identical CPM analyzes 5,000 times. The P, value
was calculated as (sum(p,,, > pe) +1)/5,001, where p,.,, comprised
the newly generated correlation coefficients.

Head motion control

To explore the potential confound of head motion on CPM models, we
first tested correlations between mean FD and behavior. Mean FD was
not correlated with any behavioral variables (all |p| < 0.16, all P> 0.13).
Additionally, weran CPM analyzes of resting-state FCusing mean FD, age,
sex and education as covariates in the edge-selection procedure. Most
oftheresultsremained largely unchanged after controlling for mean FD
(Supplementary Table 4). The edges selected in the FD-control models
overlapped considerably withedgesin the original models (from 77.42%
t0100%). However, the positive network (that is, FC edges positively cor-
related with behavior) did not predict BSS scores (R*dropped from 8.08%
t0 0.06%). We also assessed whether the predicted values generated
fromresting-state FC were associated with themean FD. Resultsrevealed
thatthe predicted BSS values generated from the positive network were
correlated significantly withmean FD (p = 0.24, P= 0.02), while other pre-
dicted values were not associated withmean FD (all | p| < 0.15,all P> 0.16).
Theseresults suggest that the mean FD did not affect significantly most
of our results but may have affected BSS prediction from the positive
network. Thus, in subsequent analyzes, we did not consider the posi-
tive network CPM model of BSS. We also applied volume censoring on
the preprocessed fMRI data to minimize the motion-induced changes
in BOLD signals. The CPM results obtained from the censored fMRI
dataremained largely unchanged compared with those in our original
analysis, the details of which can be found in Supplementary Materials.

Connectivity profile extraction

To construct each participant’s FC and SC profiles, we extracted and
summed the edges of the positive and negative networks that appeared
in all of the cross-validated significant CPM models, denoted as net-
work strength of connectivity profiles. We further explored whether
network strength differed between groups using one-way ANOVA and
non-parametric Kruskal-Wallis tests in SPSS v.26, based on normality
testing using the Kolmogorov-Smirnov test. False-discovery rate cor-
rectionwas conducted on the number of tests. We also explored whether
results were affected by the participants’ demographic and clinical
characteristics using linear regression models with these variables

added as covariates. We further explored whether connectivity profiles
were associated with the number of suicide attempts in the SA group.
Results showed that the negative FC network profile of BSS significantly
correlated with the number of suicide attempts (p = -0.49, P=0.01) while
othersdidnot (all P> 0.07). This finding may suggest that the negative FC
profile of BSS might provide potentialinformation about the frequency
of suicide attempts in LLD patients who have attempted suicide. To
investigate how different nodes contributed to these connectivity pro-
files, we identified brain nodes with three or more connections to other
nodes*. Because the functional and structural atlases were different, we
labelled brain nodes in each atlas using the BAlabels” to make inferences
across modalities. We acquired the node degree by summing each BA
region’s total number of edges in the positive or negative network and
then dividing the sum by the total number of nodes of the BA region
inthe atlas (Shen-268 or AAL-116) to control for the different numbers
of nodes in one atlas. For example, there are eight nodes belonging to
BAllinthe Shen-268 atlas”. In the FC negative network predicting BSS
scores, we extracted seven edges of BA11 (connectivity between the BA1l
regionsand between the BAll and other regions). The node degree was
calculated as 7/8 = 0.88 (Supplementary Table 36).

SVM classification

We utilized linear SVM using the scikit-learn 0.32.2 package in Python
3.6.2 to examine whether FC and SC profiles for suicide risk added
predictive values when classifying the SA, IP or NS groups (Fig.1). SVM
isarobust classification method used extensively and successfully to
predict neurological and psychiatric diseases and has demonstrated
higher accuracy than many other classifiers®. For the model param-
eters, we adopted the default settings in the linear support vector
classification function (penalty = ‘12’, tol = 0.0001, C=1.0). Similarly
to CPManalyzes, we adopted aLOOCV internal-validation procedure.
The demographic and clinical variables, questionnaire scores and
brain features (FC and/or SC) were added to SVM models as training
features step by step (models Ato G, Supplementary Materials). Model
performance was assessed using balanced accuracy*, sensitivity and
specificity, and model significance was tested using non-parametric
testing by randomly assigning group labels to the features 5,000 times.

External-validation analyzes

Totest the generalizability of our CPM models, we validated the mod-
els in two independent datasets. Dataset 1, from Zhang et al.”, com-
prises rs-fMRI and DTI data from 44 middle-aged MDD patients (26
females, meanage = 30.12yr,s.d. ;. = 8.10, all Chinese; 18 males, mean
age =31.06 yr, s.d.,, = 9.91, all Chinese). Dataset 2, from Shao et al.”,
comprises datafrom 24 middle-aged MDD patients (19 females, mean
age =5L16yr, s.d.,..=5.30, all Chinese; 5 males, mean age = 52.20 yr,
s.d.,q = 5.19, all Chinese). Participants in the two datasets provided
written informed consent. Demographic information on the partici-
pantsisshownin Supplementary Table 25. Patients in the two datasets
were divided into three groups (SA, IP and NS) on the basis of their
scores from Item 3 in the HAMD-17, which asked whether the patients
had suicide ideation/plans or attempts. A score of O was considered
as NS. Scores between 1 and 3 were considered as IP. A score of 4 was
considered as SA. Data preprocessing and connectivity matrix con-
struction were identical to the methods and parameters used in our
own sample. The scanner and scanning parameters of dataset 2 were
the same as for our sample, while the scanner and scanning parameters
of dataset 1 were different from our sample. Imaging data of dataset 1
were acquired on a3 T MRIscanner (Achieva X-series, Philips Medical
Systems) with an eight-channel head coil using the following param-
eters.Forrs-fMRIimages, atotal of 240 volumes were acquired in 8 min
with T, =2,000 ms, T; =30 ms, flip angle = 90°, FOV = 220 x 220 mm?
andvoxelsize = 3.44 x 3.44 x 4 mm’. For T;-weighted structural images,
atotal of 188 sagittal slices were acquired with T, =8.2 ms, Tz =3.7 ms,
flip angle = 7°, FOV = 256 x 256 mm? and voxel size =1x1x1mm?.
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The DTl images were acquired in 32 diffusion-gradient directions
(b=1,000) with one non-diffusion-weighted (b = 0) reference with
T:=10,100 ms, T =90 ms, flip angle =90°, FOV =256 x 256 mm?* and
voxel size =2 x 2 x 2 mm?>. We then extracted the FC and SC profiles
from the two datasets on the basis of the CPM models derived from
our sample and conducted SVM analyzes to classify the three groups
inthe two datasets separately (details in Supplementary Materials).

Effects of medications

To explore the potential effects of medications on our neural findings,
we built CPM models to predict the number of medication types and
medication load. We found that almost all the connectivity profiles
associated with suicide risk did not overlap with profiles associated
with medications (the overlapping percentage is around 0%), except
the negative FC profiles of BSS with an overlapping percentage of
13.33% (Supplementary Table 6). These results could indicate that
the connectivities associated with medications were largely different
from those associated with suicide risk, which further suggested that
our neural findings were unlikely to be confounded by medications
taken by the patients.

Effects of current and past suicide ideationinthe
classification models

GiventhattheIPgroupincluded patients with both CPland Pl, we tested
each model’s prediction performance on distinguishing CPI from SA
and NS groups and Pl from SA and NS groups. We classified the patients
intheIP group into two subgroups on the basis of their scores onitem
3 of HAMD-17, which assessed whether patients had suicidal ideation/
plans or attempts within the previous week. Patients who scored 1 or
moreonitem 3 were considered as having currentideation. There were
10 patientsinthe CPlgroup, and 14 patientsin the PIgroup. These two
groups did not show significant differences in most of the behavioral
variables or brain profiles, while they were significantly different in sex
ratio and the CPI group had significantly higher scores in HAMD and
TSIl compared with the Pl group (Supplementary Table 13). The SVM
analyzes showed that models achieved relatively high classification
accuracy indistinguishing SA from CPI (model G: 78.33%), Pl from CPI
(modelF:78.46%), CPlfrom NS (model B: 77.3%) and Pl from NS (model
G:85.76%), but did not achieve high accuracy in distinguishing SA and
PI (model B: 64.74%). These results (Supplementary Table 14) might
suggest either that patients who only had pastideation shared similar
features with patients who had suicide attempts or that our predictors
were not sensitive enough to identify these two groups. Future studies
could examine brain features that are useful in classifying SA and PI.

Replicated findings obtained from only female patients
Given that our sample consisted of mainly female patients and there
was asignificant differencein sex ratiobetween the SAand NS groups
(x> =8.97,P=0.003), we conducted several analyzes using only female
patients to explore the potential effect of sex imbalance on our main
findings. First, we reran the original SVM analysis using only female
patients. Results showed that high accuracy for three groups was well
preserved (Supplementary Table 19). The highest accuracy for the SA/
NS classification was 92.83%, that for the SA/IP classification was 78.22%
and that for the IP/NS classification was 81.47% (all P, < 0.001). As
external dataset 2 also had imbalanced sex distribution (although the
sex ratio was not significant between the IP and NS groups, P=0.86),
wereran the external-validation analysis using only female patientsin
dataset 2. The classification accuracy remained high when classifying
IP from NS females (accuracy 90%, sensitivity 100%, specificity 80%;
all P, < 0.033). These resultsindicated that our initial classification
success was less likely to be due to the difference in sex ratio between
groups.

Second, we repeated internal CPM and SVM analysis using only
female patients (N = 74), and validated CPM models in external datasets

1and 2. CPM analyzes (Extended Data Fig. 2) showed that FC signifi-
cantly predicted BSS scores (positive network, R? = 5.04%, Pyerm, = 0.01;
negative network, R? = 6.02%, P,erm, = 0.02) and SPS scores (positive
network, R?=17.30%, Pyerm, = 0.01). There were only trends to be sig-
nificant when predicting SPS using negative network (positive net-
work R? =12.49%, Pyermy = 0.06), and predicting TSIl using positive and
negative networks (positive network R? = 5.86%, Pyem, = 0.15; negative
network, R? =12.85%, Pperm, = 0.08). The SCssignificantly predicted BSS
scores (positive network, R> = 5.35%, Pyermy = 0.03) and SPS scores (posi-
tive network, R? =12.46%, P,em, = 0.01) but did not predict TSl scores
(all R*< 4.17%, all P,y = 0.23). None of the significant models were
significantly affected by head motion, as the models remained effec-
tively unchanged after adding mean FD as a covariate (Supplementary
Table 20) and none of the predicted values were associated with mean
FD (all P> 0.07). The brain nodes contributing to the female-only CPM
models were largely overlapping with those obtained from the whole
sample (Extended Data Fig. 3; Supplementary Table 21).

Wethenexplored whether the FC and SC profiles derived from the
female-only CPM models added predictive value when classifying the
SA, IP and NS groups (all female LLD patients). Given that none of the
TSIl models was significant, this questionnaire was not entered into
allSVM models. The classification results are shown in Extended Data
Fig. 4 and Supplementary Table 22. Similarly to our original findings,
modelswith FC or SC features performed better than other models for
the SA/NS (accuracy 90.83%, Pperrm, < 0.001) and IP/NS (accuracy 81.47%,
Poermu < 0.001) classifications. However, for the SA/IP classification,
none ofthe models achieved highaccuracy (highest accuracy 65.97%,
Poermu < 0.001). We further validated the female-only CPM models in
the two independent datasets. In dataset 1, the highest accuracy for
classifying SA/NS was 100.00% (P, < 0.001), that for classifying SA/
IPwas 72.25% (Pperm, = 0.1426) and that for classifying IP/NS was 81.25%
(Pperma = 0.0706). In dataset 2, results showed that the highest accuracy
for classifying IP/NS was 92.31% (Pye;m, < 0.001). These results showed
that our main analyzes using only female patients largely replicated
our original findings obtained from the whole sample.

Ethics statement

This study was approved by the Institutional Review Board of Chang
Gung Memorial Hospital of Taiwan (IRB no. 201601753B0) and was
conducted in accordance with the Declaration of Helsinki guidelines.
All participants provided written informed consent to participate in
the study, waive participation in the study at any time for no reason
and allow their information to be used for research and publication.

Reporting summary
Furtherinformation onresearch designisavailable inthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

The Shen 268-node functional brain atlas is available at https:/www.
nitrc.org/frs/?group_id=51. The AAL-116 atlasis available at http://rfmri.
org/dpabi (in the Templates folder). The minimum anonymized data
that support the findings of this study are available upon reasonable
request from the corresponding authors. The participants did not
consent to the sharing of the raw data to the public. Source data are
provided with this study.

Code availability

The MATLAB scripts for CPM analysis are available at https://github.
com/YaleMRRC/CPM and https://github.com/MengxiaGAO/Neu-
roimage2020. The parameters of the CPM models are available at
https://github.com/MengxiaGAO/LLD _suicide. Code for SVM analysis
isavailable at https://scikit-learn.org/stable/modules/svm.html. The
other custom codes for this study are available at https://github.com/
MengxiaGAO/LLD suicide.
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Extended Data Fig. 1| Functional connectivity (A) and structural connectivity (B) profiles of different behavioral measurements derived from the

nonsignificant CPM models using the whole sample. These edges are the common edges that appeared in all of the iterations.
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Extended Data Fig. 2| CPM-prediction results obtained from female patients.
(a) Coefficients of determination of all the CPM models. The coefficients of
determination between the predicted and true scores were calculated for all

the CPM models. Significance was decided using the percentage of permuted
predictive values (5000 times) equal or larger than the true predictive value (one-
tailed). The CPM models were hypothesis-driven and results were not adjusted.
(b) Significant CPM prediction results after being corrected for head motion.

Values are standardized for visualization. BSS: Beck Scale for Suicidal Ideation;
SPS: SAD PERSONS Scale; TSII: Triggers of Suicidal Ideation Inventory; FC:
functional connectivity; SC: structural connectivity. NS: non-suicidal group; IP:
ideation/plan group; SA: suicide-attempt group. *’ indicates that the functional
connectivity or structural connectivity significantly predicted the observed
behavioral scores.* p <0.05.
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Extended DataFig. 4 | Support vector machine (SVM) classification results network strengths of BSS, SPS and TSII, structural positive network strengths
obtained from female patients. NS: non-suicidal group; IP:ideation/plangroup; ~ of BSS and SPS; Model D: questionnaires + FC profiles; Model E: questionnaires
SA:suicide-attempt group. Training features of Model A: age, sex, education, +SC profiles; Model F: questionnaires + FC + SC; Model G: all features. The star
onset of LLD, episode of LLD and duration of LLD; Model B: BSS, SPS and TSIl indicates the highest performance.

scores; Model C: functional positive network strength of TSIl and negative
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Extended Data Fig. 5| Spearman coefficients of the CPM prediction fora
range of p values (from 0.0001 to 0.05 with an interval of 0.0001). Spearman
correlations between the true and predicted values were calculated (two-tailed,
unadjusted). This analysis was used to select models with optimal performance
using arange of p values and the select models with selected p values were used
for the final CPM analysis. Therefore, these p values were not unadjusted. For
the functional connectivity positive network, the optimal p thresholds for BSS,
SPSand TSllare 0.0013,0.0001,0.0013; for the negative network, the optimal p

thresholds for BSS, SPS and TSIl are 0.0057, 0.0014, 0.0004. For the structural
connectivity positive network, the optimal p thresholds for BSS, SPS and TSIl
are 0.0069,0.0067,0.0179; for the negative network, the optimal p thresholds
for BSS, SPS and TSIl are 0.0441, 0.0067, 0.0373. BSS: Beck Scale for Suicidal
Ideation; SPS: SAD PERSONS Scale; TSII: Triggers of Suicidal Ideation Inventory.
Y axis denotes the Spearman coefficients between the predicted scores and the
observed behavioral scores. X axis denotes the different p values.
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Study description This study is a quantitative cross-sectional study.

Research sample The research sample included 91 older adults (74 females, mean age = 66.39 years, SDage = 5.45, all Chinese; 17 males, mean age =
67.71 years, SDage = 6.70, all Chinese), who were diagnosed with major depressive disorder by certified psychiatrists using the
DSM-5 criteria. None of the participants had been diagnosed with other comorbid major psychiatric disorders (e.g., bipolar disorder,
psychotic disorders or substance-related disorder) or any major physical or neurological illness that considerably impaired their daily
functioning. All of the participants were using medication at the time of the study. The patients were recruited in Taiwan. The
research sample is representative. As depression is a major risk factor of suicide and suicidal actions are more lethal in older adults,
people with late-life depression are at high risk of suicide and were chosen to be the study sample.

Dataset 1 from Zhang et al. (2020) comprises rs- fMRI and DTI data from 44 middle-aged MDD patients (26 females, mean age =
30.12 years, SDage = 8.10, all Chinese; 18 males, mean age = 31.06 years, SDage = 9.91, all Chinese). Dataset 2 from Shao et al.
(2021) comprises data from 24 middle-aged MDD patients (19 females, mean age = 51.16 years, SDage = 5.30, all Chinese; 5 males,
mean age = 52.20 years, SDage = 5.19, all Chinese). Participants from two datasets provided written informed consent.

Sampling strategy The sampling procedure was based on random and convenience. We recruited the patients from advertisement and bulletin in the
hospital with specific inclusion and exclusion criteria on the poster. For the sample size, a post-hoc power analysis using G¥*Power
3.1.9.7 was conducted. For the CPM analysis using correlation between the predicted and observed values, we found that a sample
size of N=91 and correlation coefficients = 0.3 can achieve a statistical power of 0.83 and a sample size of N=92 and correlation = 0.4
can achieve a statistical power of 0.98. Our sample size N=91 with the correlation coefficients from 0.3 to 0.6 obtained from the CPM
models could achieve a statistical power from 0.83 to 0.98. The prediction performance (correlation coefficients) was similar to
previously reported findings of studies that applied the CPM method on the resting-state fMRI data to predict behaviors [e.g.
cognitive impairment in older adults (Lin et al., 2018), symptom improvement in patients with major depressive disorder (Ju et al.,
2020), processing speed in older adults (Gao et al., 2020), and social abilities in clinical samples (Lake et al., 2019)]. For the group-
comparison analysis, to achieve a large effect size of f=0.4 and a power of 0.92, the total sample size for the three groups estimated
by G*Power was N=90. Our sample size was also comparable to recent studies that investigated suicidal behaviors in depressed
patients using brain imaging (Cao et al., 2020; Cao et al., 2016; Dai et al., 2020; Du et al., 2017; Myung et al., 2016). In conclusion, our
sample size fulfilled the requirement to achieve a relatively high effect size and statistical power.

Cao, J., Ai, M., Chen, X., Chen, J., Wang, W., & Kuang, L. (2020). Altered resting-state functional network connectivity is associated
with suicide attempt in young depressed patients. Psychiatry Research, 285, 112713.

Cao, J., Chen, X., Chen, J,, Ai, M., Gan, Y., Wang, W., Lv, Z.,, Zhang, S., Zhang, S., & Wang, S. (2016). Resting-state functional MRI of
abnormal baseline brain activity in young depressed patients with and without suicidal behavior. Journal of Affective Disorders, 205,
252-263.

Dai, Z., Shen, X., Tian, S., Yan, R., Wang, H., Wang, X., Yao, Z., & Lu, Q. (2020). Gradually evaluating of suicidal risk in depression by
semi-supervised cluster analysis on resting-state fMRI. Brain Imaging and Behavior, 1-10.

Du, L., Zeng, J., Liu, H., Tang, D., Meng, H., Li, Y., & Fu, Y. (2017). Fronto-limbic disconnection in depressed patients with suicidal
ideation: a resting-state functional connectivity study. Journal of Affective Disorders, 215, 213-217.

Gao, M., Wong, C. H., Huang, H., Shao, R., Huang, R., Chan, C. C., & Lee, T. M. (2020). Connectome-based models can predict
processing speed in older adults. Neurolmage, 223, 117290.

Ju, Y., Horien, C., Chen, W., Guo, W., Lu, X., Sun, J., Dong, Q., Liu, B., Liu, J., & Yan, D. (2020). Connectome-based models can predict
early symptom improvement in major depressive disorder. Journal of Affective Disorders, 273, 442-452.

Lake, E. M., Finn, E. S., Noble, S. M., Vanderwal, T., Shen, X., Rosenberg, M. D., Spann, M. N., Chun, M. M., Scheinost, D., & Constable,
R. T.(2019). The functional brain organization of an individual allows prediction of measures of social abilities transdiagnostically in
autism and attention-deficit/hyperactivity disorder. Biological Psychiatry, 86(4), 315-326.
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Lin, Q., Rosenberg, M. D., Yoo, K., Hsu, T. W., O'Connell, T. P., & Chun, M. M. (2018). Resting-state functional connectivity predicts
cognitive impairment related to alzheimer's disease. Frontiers in Aging Neuroscience, 10, 94.

Myung, W., Han, C., Fava, M., Mischoulon, D., Papakostas, G., Heo, J., Kim, K., Kim, S., Kim, D., & Kim, D. (2016). Reduced frontal-
subcortical white matter connectivity in association with suicidal ideation in major depressive disorder. Translational Psychiatry, 6(6),
e835-e835.

Data collection Pen and paper were used to record the behavioral data, and the imaging data were collected using a 3T GE scanner with an eight-
channel head coil. The researcher was present besides the participants while they were completing the behavioral assessments. The
researcher was blind to the study hypothesis during data collection.

Timing The sample was collected from October 2017 to July 2019.

Data exclusions Participants were excluded due to the following criteria: 1) low scores (< 23) on the Mini-Mental State Examination (MMSE)
indicating potential cognitive impairment (Tsai et al., 2012) (three participants); 2) missing resting-state fMRI, structural MRI or DTI
image data due to technical issues (three participants); 3) missing behavioral score data (14 participants); and 4) excessive head
motion: absolute head motion > 2 mm translation, > 2° rotation or mean frame-wise displacement (FD) > 0.3 mm (five participants).
The exclusion criteria were pre-established.
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Non-participation No participants dropped out of the study.

Randomization The participants were not allocated into experimental groups before or during the study. They were assigned to different groups in
data analysis after completing the study. The participants were classified into three groups based on their suicide-related information
collected during the clinical interviews: 37 patients without suicidal ideation, plans or attempts (NS); 24 patients with past and/or
present suicidal ideation and/or plans (IP); and 30 patients with previous suicidal attempts (SA). Patients who had never thought of
suicide or attempted suicide in their lifetime were in the NS group. Patients who had seriously thought about attempting suicide,
and/or planned for suicide in their lifetime but without past history of suicide attempts were in the IP group. Patients who had ever
attempted suicide in their lifetime were in the SA group. We further classified the patients in the IP group into two subgroups based
on their scores on Item 3 of HAMD-17, which assessed whether the patients had suicide ideation/plan or attempts within the past
week. Patients who scored >= 1 on Item 3 were considered as having current ideation. There were 10 patients with both current and
past ideation (CPI group), and 14 patients with only past ideation (Pl group). The allocation was not random because our study was
an observational study and the participants did not receive any intervention. For group comparisons analysis, results were
unchanged after controlling for sex, age, education, MMSE, HAMD/A, onset time of LLD, number of episodes of LLD, duration of LLD,
the five types of medications, number of medication types, medication load, or mean FD.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies XI|[] chip-seq
Eukaryotic cell lines IZI D Flow cytometry
Palaeontology and archaeology |:| |Z| MRI-based neuroimaging
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Human research participants

Policy information about studies involving human research participants

Population characteristics See above

Recruitment We recruited 116 older adults (aged 60-79 years old) diagnosed with major depressive disorder by two board-certified
geriatric psychiatrists (C. Lin and S. Lee) through diagnostic interviews based on the DSM-5 criteria. Patients were recruited
from psychiatric in- or out-patient services. During the interview, the Mini-International Neuropsychiatric Interview (M.I.N.1.)
was carried out to evaluate the disease and suicide-related history and information.

We recruited the patients from advertisement and bulletin in the hospital with specific inclusion and exclusion criteria on the
poster. We excluded patients who had severe underlying medical comorbidities, including renal failure, liver cirrhosis, heart
failure, anemia, or chronic obstructive pulmonary disease, thyroid dysfunction, major neurological disorder or having
malignancy. We acknowledge that our study has not considered patients who had suicide risk due to comorbidities and our
results could not be generalized to this population before being validated. We have now added this point as a limitation:
“Furthermore, we excluded patients with comorbid psychiatric disorders (other than GAD) or major medical illnesses to study
a relatively homogenous sample. Importantly, patients with comorbidities had a higher suicide risk than those without
comorbidities (Blasco-Fontecilla et al., 2016). Future studies are encouraged to verify the effect of comorbidities on suicide




Ethics oversight

risk. Meanwhile, cautions must be taken when interpreting the generalizability of our results to clinical groups different from
the current sample.”

This study was approved by the Institutional Review Board of Chang Gung Memorial Hospital of Taiwan.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Resting-state design.

No experimental design was used.

Behavioral performance measures No behavioral performance was recorded in the scanner.

Acquisition
Imaging type(s)
Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI X Used

Parameters The DTI
shell.

Preprocessing

Preprocessing software

Normalization

Normalization template

Noise and artifact removal

Volume censoring

Functional resting-state fMRI images, T1-weighted structural images and diffusion tensor images.
3T

We acquired MRI data using a 3T GE scanner with an eight-channel head coil. Resting-state fMRI images were acquired
while the participants stayed awake but with their eyes closed. A total of 180 volumes were acquired using the following
parameters: TR = 2,000 ms, TE = 30 ms, flip angle = 90°, field of view (FOV) = 220 x 220 x 144 mm3 and voxel size = 3.44
x 3.44 x 4 mm3. A total of 160 sagittal slices of the high-resolution T1-weighted structural images were acquired using
the following parameters: TR = 8.2 ms, TE = 3.2 ms, flip angle = 12°, FOV = 250 x 250 x 160 mm3 and voxel size = 0.98 x
0.98 x 1 mm3. The DTl data were acquired in 32 diffusion-gradient directions (b = 1,000) with two non-diffusion-
weighted (b = 0) references using the following parameters: TR = 7,500 ms, TE = 82.6 ms, flip angle = 90°, FOV = 220 x
220 x 136 mm3 and voxel size = 1.7 x 1.7 x 2.2 mm3.

A whole-brain scan was used.
[ ] Notused

data were acquired in 32 diffusion-gradient directions (b = 1,000) with two non-diffusion-weighted (b = 0) references, single

The resting-state functional imaging data were preprocessed using SPM 12 (https://www.fil.ion.ucl.ac.uk/spm/) and DPABI
3.1 with the following procedures: 1) The first five volumes were deleted, followed by 2) slice-timing correction and 3) head
motion correction. Then, 4) nuisance variables were regressed (Friston 24-motion parameters, white matter, cerebral-spinal
fluid signals and global signals) with volumes with a mean frame-wise displacement (FD) > 0.5 mm. The volume prior to these
volumes and the two volumes after these volumes were all added as covariates, as suggested by Power et al. (2013).
Afterward, we conducted 5) spatial smoothing using a Gaussian kernel of 6 mm full width at half maximum (FWHM) and 6)
band-pass temporal filtering using a 0.01-0.1 Hz frequency bandwidth.

For each participant, DTl images were corrected for eddy current distortions and head motions using FMRIB’s Diffusion
Toolbox (FSL 6.0; http://www.fmrib.ox.ac.uk/fsl).

The co-registered T1 images were normalized to standardized space using linear interpolation. The inverse deformation
matrices generated from the previous step were used to transform the brain atlases from standardized space to individual
space.

The template ICBM152 was used for normalization, which is defined as the group standardized space.

Nuisance variables including Friston 24-motion parameters, white matter, cerebral-spinal fluid signals and global signals were
regressed out from the functional fMRI images.

DPASRSF 4.4 Advanced Edition in the DPABI 3.1 was used for volume censoring. Volumes with a mean frame-wise
displacement (FD) > 0.5 mm and the volume prior to these volumes and the two volumes after these volumes were all added
as covariates, as suggested by Power et al. (2013).

Statistical modeling & inference

Model type and settings

Effect(s) tested

This study did not use traditional modelling methods that include first and second levels. The connectome-based predictive
modelling (CPM) method and leave-one-out cross-validation (LOOCV) were used, which were described in the Models &
analysis section.

This study is a resting-state design therefore no ANOVA or factorial design were used for the imaging analysis.
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Specify type of analysis: Whole brain [ | RO-based [ | Both

Statistic type for inference We used whole-brain analysis and defined ROIs based on previous studies. Permutation analysis was used to define the
(See Eklund et al. 2016) significance of the predictive models.
Correction FDR correction was used to correct the number of comparisons when necessary.

Models & analysis

n/a | Involved in the study
|:| Functional and/or effective connectivity

IZ |:| Graph analysis

|:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Pearson correlation was used to calculate the functional connectivity between brain regions, and the
functional connectivity matrices were z-transformed.

Multivariate modeling and predictive analysis  The connectome-based predictive modelling (CPM) method and leave-one-out cross-validation (LOOCV)
were used. Independent variables were functional connectivity and structural connectivity. For each set of
n-1 participants, we selected edges that were significantly positively and negatively correlated with their
behavioral scores, controlling for age, sex and education. The selected edges were summed into two scores,
namely positive network strength and negative network strength. The two scores were then fitted into two
linear-regression models and coefficients were generated. The positive and negative network strength of the
left-out participant were entered into the predictive models and predicted scores were generated using the
coefficients. The prediction performance was assessed further using the coefficient of determination
between the predicted values and the observed values. For model-significance testing, we randomized the
observed behavioral variables and performed identical CPM analysis using the new generated scores for
5,000 times.

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




	Multimodal brain connectome-based prediction of suicide risk in people with late-life depression

	Results

	Brain–behavior prediction

	FC and SC profiles

	Support vector machine (SVM) classification

	External-validation results


	Discussion

	Methods

	Participants

	Suicide risk questionnaires

	MRI data acquisition and connectivity matrix construction

	Brain–behavior-prediction analyzes

	Head motion control

	Connectivity profile extraction

	SVM classification

	External-validation analyzes

	Effects of medications

	Effects of current and past suicide ideation in the classification models

	Replicated findings obtained from only female patients

	Ethics statement

	Reporting summary


	Acknowledgements

	Fig. 1 A flowchart of the data analysis.
	Fig. 2 CPM prediction results.
	Fig. 3 FC and SC profiles of different behavioral measurements derived from the CPM models.
	Fig. 4 Between-group differences in network strength of the FC (n = 91 biologically independent samples) and SC (n = 90 biologically independent samples) profiles.
	Fig. 5 SVM classification results.
	Extended Data Fig. 1 Functional connectivity (A) and structural connectivity (B) profiles of different behavioral measurements derived from the nonsignificant CPM models using the whole sample.
	Extended Data Fig. 2 CPM-prediction results obtained from female patients.
	Extended Data Fig. 3 Functional connectivity (A) and structural connectivity (B) profiles of different behavioral measurements derived from the CPM models using female patients.
	Extended Data Fig. 4 Support vector machine (SVM) classification results obtained from female patients.
	Extended Data Fig. 5 Spearman coefficients of the CPM prediction for a range of p values (from 0.
	Table 1 Demographic and clinical information and between-group effects.




