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Background. Prediction of high-risk depression trajectories in the first year following breast cancer diagnosis with fMRI-related
brain connectomics is unclear. Methods. The Be Resilient to Breast Cancer (BRBC) study is a multicenter trial in which 189/
232 participants (81.5%) completed baseline resting-state functional magnetic resonance imaging (rs-fMRI) and four sequential
assessments of depression (T0-T3). The latent growth mixture model (LGMM) was utilized to differentiate depression profiles
(high vs. low risk) and was followed by multivoxel pattern analysis (MVPA) to recognize distinct brain connectivity patterns.
The incremental value of brain connectomics in the prediction model was also estimated. Results. Four depression profiles
were recognized and classified into high-risk (delayed and chronic, 14.8% and 12.7%) and low-risk (resilient and recovery,
50.3% and 22.2%). Frontal medial cortex and frontal pole were identified as two important brain areas against the high-risk
profile outcome. The prediction model achieved 16.82-76.21% in NRI and 12.63-50.74% in IDI when brain connectomics were
included. Conclusion. Brain connectomics can optimize the prediction against high-risk depression profiles in the first year
since breast cancer diagnoses.

1. Introduction

Breast cancer accounts for 24.5% of all new female cancer
cases worldwide, with an increasing incidence trend in
China [1]. Improved screening and innovative treatments
have resulted in a 5-year survival rate of >90% in Western-
ized countries and increasing to >80% in China [2, 3]. There

are known persistent physical and psychological symptoms
among breast cancer survivors. Compared with healthy
women, a higher prevalence of depression (10-25%) was
identified in survivors of breast cancer within the first year
since diagnosis [4, 5]. Depressive symptoms are associated
with poor treatment adherence, increased suicide ideation,
and lower quality of life [6, 7]. Early recognition of cancer
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survivors with depressive symptoms is needed, especially
research to identify severity and patterns across time [8, 9].

However, predicting depression profiles that may be at
higher risk remains difficult in the context of a complex of
factors, such as demographics, psychosocial distress, social
support, and clinical characteristics [10-12]. More objective
approaches have been studied, specifically using brain imag-
ing. Reduced amygdala and hippocampus volume were
reported to be associated with depression after breast cancer,
but the causal association could not be concluded due to
cross-sectional study designs [13, 14]. The wide application
of noninvasive resting-state functional magnetic resonance
imaging (rs-fMRI) offers an opportunity to evaluate brain
connectomics using data-driven multivoxel pattern analysis
(MVPA) which is designed to reduce false positives or neg-
atives in fMRI-related analysis [15-17]. To our knowledge,
no previous research has been conducted to estimate the
associations between brain connectomics and high-risk
depression profiles in breast cancer.

We hypothesized that (1) distinct depression profiles
(high and low risk) would be identified in the first year of
breast cancer, (2) brain connectomics would be a robust pre-
dictor of a high-risk depression profile, and (3) brain con-
nectomics could provide incremental predicting power
over the conventional TNM staging system.

2. Method

2.1. Sample. The Be Resilient to Breast Cancer (BRBC) is a
multicenter longitudinal study, and 189/232 participants
(81.5%) completed depression questionnaires and fMRI
imaging (Figure 1(a)). Three centers (cohorts A, B, and C)
from different cities (Guangzhou, Shenzhen, and Foshan)
were involved, and details have been described elsewhere
[18-22]. The inclusion criteria for patients were as follows:
(1) aged > 18 years, (2) fluent in Mandarin or Cantonese,
and (3) informed consent. The exclusion criteria were as fol-
lows: (1) life expectancy less than 12 months and (2) declined
to participate in the current study. fMRI data were obtained
at baseline (T0), and research nurses were trained to collect
depression data at different assessments (T0-T3). To achieve
a high response rate, both offline and online evaluations were
available for data collection on depression. There was ethics
approval for the study (2016KYTDO08).

2.2. Data Collection

2.2.1. Patient Health Questionnaire-9 (PHQ-9). The PHQ-9
is a 9-item scale about depressive symptoms based on the
DSM-1V criteria [23]. The total score ranges from 0 to 27,
with a higher score indicating a higher level of depressive
symptoms. A cut-off of 10 indicates a potential major depres-
sive disorder [24]. In the current study, Cronbach’s coeffi-
cient was 0.84.

2.2.2. MRI Data Acquisition and Preprocessing. 3.0T Siemens
were used as MRT scanners across different centers, and the
parameters are detailed in Figure 1(b). SPM12 was utilized in
the current study to handle slice timing correction, smooth-
ing, and other spatial preprocessing procedures. In addition,
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BOLD timeseries within CSF and white matter and artifac-
tual covariates were regressed out as temporal covariates.
The band-pass filter was set at 0.01 Hz < f < 0.10 Hz.

2.3. Data Analysis

2.3.1. Latent Growth Mixture Model (LGMM) for Depression
Trajectories. First, linear and nonlinear LGMM were com-
pared in consideration of fitting indicators of comparative
fit index (CFI), root mean square error of approximation
(RMSEA), standardized root mean square residual (SRMR),
Bayesian information criterion (BIC), and model simplifica-
tion [25]. Three parameters of intercept (I), linear growth
(Slope_S), and nonlinear growth (Slope_Q) were estimated
based on the depression data at different assessments
(PHQ_1, PHQ_2, PHQ_3, and PHQ_4). In addition, mea-
surement errors were also considered (Error_1, Error_2,
Error_3, and Error_4). Second, when the optimal LGMM
was determined, another parameter of subgroups (class)
was taken into consideration to explore the heterogeneity in
the baseline (intercept) and growth (slope). The class number
was increased from 1 to 6 according to the Akaike informa-
tion criterion (AIC), BIC, adjusted BIC (aBIC), entropy
value, and Lo-Mendell-Rubin likelihood ratio test (LMR)
[26]. Maximum likelihood estimation was performed, and
the results were further validated by a Bayesian analysis of
four independent Markov chain Monte Carlo (MCMC)
chains. A hypothesized LGMM for depression trajectories
with four assessments is detailed in Figure 2(a).

2.3.2. Data Analysis Process. First, LGMM was performed for
PHQ-9 data with four assessments. In the current study,
four distinct depression trajectories (resilient, recovery,
delayed, and chronic) were recognized and classified into
high-risk (resilient and recovery, coded as 1) and low-risk
(delayed and chronic, coded as 0) trajectories. Second, a
multivoxel pattern analysis (MVPA) was performed by
using baseline fMRI data to predict the trajectory outcome
(high vs. low risk) [27]. In consideration of small sample
sizes in different centers, a conservative ratio of 10:1,
20:1, 30:1, and 40:1 was explored, resulting in a retained
component number of 7, 4, 3, and 2, respectively (MVPA_
7, MVPA_4, MVPA_3, and MVPA_2) [28]. In addition,
the prediction abilities of different MVPA-based models
including MVPA_2 vs. MVPA_3, MVPA_2 vs. MVPA 4,
and MVPA_2 vs. MVPA_7 were further compared in order
to get the optimal component, and NRI (net reclassification
improvement) as well as IDI (integrated discrimination
improvement) were calculated [29, 30]. Third, when the
optimal MVPA component was determined, taking cohort
A as the training dataset, brain connectivity was estimated
and a mask template was extracted from those significant
brain areas (height threshold uncorrected p < 0.01; cluster-
level FDR-corrected p <0.05), which was further utilized
as the region of interest (ROI) in cohorts B and C as the val-
idation dataset. Then, a new model combining TNM stage
and brain values from ROI (Model 2) was compared with
the conventional TNM stage model (Model 1) in consider-
ation of AUC, NRI, ID], calibration and decision curves,
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N =92 enrolled
N =74 analyzed

]

Cohort A
2017.2-2018.4

2019.12

2017.1
Cohort B Cohort C

2017.6-2018.5 2018.7-2019.10

N = 62 enrolled N = 78 enrolled

N = 50 analyzed N = 65 analyzed

()
MRI scanners (3.0T siemens) Center A Center B Center C
Resting state fMRI
TR (ms) 500 2000 2000
TE (ms) 30 30 30
Flip angle (degree) 60 90 90
Voxel size (mm) 3.5%x3.5%3.5 34x%x34x3.0 35x%x3.5%3.5
Field of view (mm) 224 x 224 224 x 224 224 x 224
Slice thickness (mm) 3.5 3.0 35
Slice gap (mm) 0 1.0 0.8
Slice number 35 32 32
T1w structure MRI
TR (ms) 2530 1900 2530
TE (ms) 2.98 2.52 2.98
Flip angle (degree) 8 9 9
Voxel size (mm) 1.0 x 1.0 x 1.0 1.0 x 1.0 x 1.0 1.0x 1.0 x 1.0
Field of view (mm) 256 x 256 256 x 256 256 x 256
Slice thickness (mm) 1.0 1.0 1.0
Slice number 192 176 192
(b)

Characteristice (%) Cohort A(N=74) CohortB (N=50) CohortC(N=65) Total (N=189)
Age (yr9)
<45 25(33.8) 16 (32.0) 15(23.1) 56 (29.6)
>45 49 (66.2) 34 (68.0) 50 (76.9) 133 (70.4)
T state
1-2 50 (67.6) 31 (62.0) 36 (55.4) 117 (61.9)
34 24 (32.4) 19 (38.0) 29 (44.6) 72 (38.1)
N state
0-1 53 (71.6) 30 (60.0) 46 (70.8) 129 (68.3)
23 21 (28.4) 20 (40.0) 19 (29.2) 60 (31.7)
M state
0 68 (91.9) 43 (86.0) 60 (92.3) 171 (90.5)
1 6(8.1) 7 (14.0) 5(7.7) 18 (9.5)
PHQ-9 (baseline, X+SD) 7.21£1.87 8.19+£2.66 7.02+1.97 7.40£1.93

(c)

FIGURE 1: (a) Enrollment line in the Be Resilient to Breast Cancer (BRBC). (b) fMRI parameters in different centers. (c) Demographic and
clinical characteristics of participants.

and clinical impact curves according to TRIPOD guideline 3. Results

[31-33]. Mplus was used for LGMM analysis, while

MATLAB R2021b, SPM 12, and CONN software were uti-  3.1. Demographic and Clinical Characteristics. In Figure 1(a),
lized for fMRI-related analysis. R was used for the develop- 74192 (80.4%), 50/62 (80.6%), and 65/78 (83.3%) partici-
ment and validation of prediction models. pants had complete depression and fMRI data. There were
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Class

Model selection X2 (df) P value CF1 RMSEA SRMR BIC

Linear 41.666 (5) <0.001 0.962 0.037 0.055 2548.228

Non-linear 6.220 (1) 0.013 0.948 0.052 0.078 2569.632

()
. Unconditional model
Indicators
1-class 2-class 3-class 4-class  5-class 6-class

Fit statistics
LL -1250.53 -1246.93 -1245.09 -1243.06 -1238.20 -1235.83
AIC 2519.05 2517.86  2520.18 2522.12  2518.41 2519.65
BIC 2548.23  2556.76  2568.80 2580.47 2586.48 2597.45
aBIC 2519.72  2518.75 2521.29 2523.46 2519.97 2521.43
Entropy - 0.56 0.68 0.81 0.83 0.82
LMR (P vlue) - 0.0897 0.8861 0.0164 0.1349 0.3774
Group size (%)
Cl 189 (100) 95(50.3) 56(29.6) 28(14.8) 2(1.0) 2(1.0)
C2 - 94 (49.7) 40 (21.2) 24(12.7) 54(28.6) 34(18.0)
C3 - - 93(49.2) 95(50.3) 59(31.2) 24(12.7)
C4 - - - 42(22.2) 41(21.7) 36 (19.0)
C5 - - - - 33(17.5) 60 (31.8)
c6 - - - - - 33(17.5)

CFI, comparative fit index; RMSEA, root mean square error of approximation; SRMR,
standardized root mean square residual; LL, log-likelihood; AIC, akaibe information
criterion; BIC, bayesian information criterion; aBIC, adjusted BIC; LMR, Lo, mendell,
and rubin likelihood ratio test

(b)
i 95% confidence interval
for the difference
- -14.257 12.222
| : Posterior predicitive
P-value 0.509
7 (proportion of points in the
J upper left half)
T T T T T T T T
0 5 10 15 20 25 30 35 40 45
Observed
(©

Figure 2: Continued.
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24
22 4
20 -
18 4
16 4
14 4
12 4
10 4

Count

6 4
4

0 4

-30

Observed-replicated

Median = 0.00000
—— Mean = -0.33627, Std Dev = 6.61074 95% lower CI = -14.30830
—— Mean = -0.15282 95% upper CI = 12.17641
—— Mode =-1.25444

(d)

20 -

0 1 1 1 1 1
TO T1 T2 T3

-0 - Resilient-P (N =95, 50.3%) —e— Resilient-O (N =95, 50.3%)

-o- Recovery-P (N =42, 22.2%) —+— Recovery-O (N = 42, 22.2%)
-8 - Delayed-P (N =28, 14.8%) —m— Delayed-O (N = 28, 14.8%)

Chronic-P (N = 24, 12.7%) #— Chronic-O (N = 24, 12.7%)
Parameters for LGMM
Depression trajectories A )
Intercept (variances) Slope (variances)
Resilient-P (N = 95, 50.3%) 415 (2.11)%* 0.18 (0.01)
Recovery-P (N =42, 22.2%) 11.21 (4.54)%* -1.53 (0.07)
Delayed-P (N = 28, 14.8%) 7.12 (3.17)%* 2.64 (0.28)%
Chronic-P (N = 24, 12.7%) 14.57 (16.64)** 0.75 (0.04)
P, predicted; **, p < 0.001; *, p < 0.01
(e

FIGURE 2: (a) Hypothesized model for LGMM. (b) Model fittings for unconditional LGMM. (c) Bayesian posterior predictive checking
scatterplots. (d) Bayesian posterior predictive checking distribution. (e) Trajectory patterns for four distinct depression trajectories.
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Center A (N = 74) Center B (N = 50) Center C (N=65) Total (N = 189)
100 100 100 100
75 75 75 75
& & & k3
2 = = =
:‘g 50 § 50 E 50 ‘g 50
% AUC Z AuC z AUC E
8 25 70.1[58.6; 81.5] & 25 75.964.2; 87.5] &l 25 78.4 [66.7; 90.0] 3 25
70.0 [58.4;81.5] 75.9 [63.7; 88.0] 78.4 (6.8 90.0]
746 (6. 7] 76.4[64.3; 88.5] 78.0 [65.990.2]
0 74.4[63.1;85.7] 0 74.9 [62.1; 87.8] 0 78.6 [67.1;90.1] 0
r T T T 1 r T T T 1 r T T T 1 r T T T 1
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
1 - specificity (%) 1 - specificity (%) 1 - specificity (%) 1 - specificity (%)
— MVPA_2 MVPA_4
MVPA_3 —— MVPA_7

MVPA_2 Vs. MVPA_3 MVPA_2Vs. MVPA_3

MVPA_2Vs. MVPA_3 MVPA_2Vs. MVPA_3

NRI (total, 95% CI) = 11.34 (~14.29-27.89)

NRI (positive, 95% CI) = -8.11 (~11.11-14.12)
NRI (negative, 95% CI) = 19.44 (~20.51-31.50)
IDI (95% CI) = 0.11 (-0.76-0.98), P = 0.8068

NRI (total, 95% CI) = 0.78 (~12.38-47.03)

NRI (positive, 95% CI) = ~3.57 (~19.20-27.10)
NRI (negative, 95% CI) = 4.35 (~18.99-54.82)
IDI (95% CI) = 0.29 (~0.80-1.39), P = 0.6024

NRI (total, 95% CI) = ~4.92 (~11.16-19.38)
NRI (positive, 95% CI) = 4.17 (~12.50-20.00)
NRI (negative, 95% CI) = -9.10 (~20.37-21.51)
IDI (95% CI) = 0.24 (-1.04-1.52), P = 0.7164

NRI (total, 95%CI) = 15.69 (~10.79-25.46)

NRI (positive, 95%CI) = ~7.78 (-21.38-13.21)
NRI (negative, 95%CI) = 23.47 (~19.90-32.84)
IDI (95% CI) = 1.05 (-0.47-2.57), P = 0.1759

MVPA_2Vs. MVPA_4 MVPA 2 Vs. MVPA 4

MVPA 2 Vs. MVPA 4 MVPA_2Vs. MVPA_4

NRI (total, 95% CI) = 20.12 (~10.86-45.50)
NRI (positive, 95% CI) = -24.32 (~25.81-18.07)
NRI (negative, 95% CI) = 44.44 (-14.76-58.82)
IDI (95% CI) = 5.80 (0.29-11.30), P = 0.0391

NRI (total, 95% CI) = 24.07 (~16.70-50.36)
NRI (positive, 95% CI) = ~10.71 (~16.67-36.70)
NRI (negative, 95% CI) 34.78 (~34.88-50.00)
IDI (95% CI) = 0.53 (-0.93-1.99), P = 0.4756

NRI (total, 95% CI) = 0.53 (~11.65-29.94)
NRI (positive, 95% CI) = 4.17 (~14.04-35.86)
NRI (negative, 95% CI) = -3.64 (~33.33-30.00)
1DI (95% CI) = 1.02 (-0.90-2.94), P = 0.2979

NRI (total, 95% CI) = 13.72 (~11.81-33.11)

NRI (positive, 95% CI) = 5.56 (~25.14-23.91)
NRI (negative, 95% CI) = 8.16 (~28.80-52.94)
IDI (95% CI) = 1.92 (-0.01-4.00), P = 0.0551

MVPA_2Vs. MVPA_7 MVPA_2Vs. MVPA_7

MVPA_2Vs. MVPA_7 MVPA_2Vs. MVPA_7

NRI (total, 95% CI) = 11.41 (~16.51-45.52)
NRI (positive, 95% CI) = ~10.81 (~25.40-22.40)
NRI (negative, 95% CI) = 22.22 (~21.62-59.46)
IDI (95% CI) = 3.59 (-0.53-7.72), P = 0.0880

NRI (total, 95% CI) = 11.02 (-26.67-41.80)
NRI (positive, 95% CI) = ~10.71 (~20.00-32.31)
NRI (negative, 95% Cl) = 21.74 (~41.29-43.48)
IDI (95% CI) = 0.58 (-0.13-2.47), P = 0.5497

NRI (total, 95% CI) = -3.64 (~15.08-31.42)

NRI (positive, 95% CI) = -0.01 (~20.34-32.74)
NRI (negative, 95% Cl) = -3.63 (-30.31-28.85)
IDI (95% CI) = 0.84 (-1.19.31-2.86), P = 0.4184

NRI (total, 95% CI) = 20.02 (~12.08-37.62)
NRI (positive, 95% CI) = 7.78 (-22.91-26.67)
NRI (negative, 95% CI) = 12.24 (~27.49-55.96)
1IDI (95% CI) = 1.44 (-0.26-3.14), P = 0.0905

FiGURE 3: The comparison of different models in multivoxel pattern analysis (MVPA) across different centers.

no significant differences in demographics or clinical charac-
teristics between those with incomplete versus complete data
(all p>0.05). Other information is described in Figure 1(c).

3.2. LGMM for Depression Profiles. Compared with a nonlin-
ear model, the linear one was chosen in consideration of the
relative fitting indicators of CFI, RMSEA, SRMR, BIC, and
model simplification (Figure 2(a)). In Figure 2(b), the class
number was increased from 1 to 6, and four distinct depres-
sion trajectories including resilient (N = 95, 50.3%), recovery
(N =42, 22.2%), delayed (N =28, 14.8%), and chronic (N =
24, 12.7%) were recognized as the optimal LGMM according
to AIC, BIC, aBIC, and LMR (p value). The entropy value of
0.81 indicated a high accuracy (>90%) and was further vali-
dated by a Bayesian analysis of four independent MCMC
chains (Figures 2(c) and 2(d)). In Figure 2(e), intercept
and slope (variances) parameters for four distinct depression
trajectories were described.

At last, the four trajectories were classified into high
(resilient and recovery, coded as 1) and low (delayed and
chronic, coded as 0) risk profiles.

3.3. Multivoxel Pattern Analysis (MVPA) and Significant
Brain Areas. In Figure 3, different component numbers were
explored in MVPA against the trajectory outcome across
different centers. A two-component model (MVPA_2) was
chosen as the optimal MVPA in consideration of the nonsig-
nificant increase in NRI (ranged from -4.92% to 24.07%) and
IDI (ranged from 0.11% to 5.80%) when the component
number was increased from 2 to 7 as well as a low false pos-
itivity. Two brain regions including (1) frontal medial cortex
and (2) frontal pole left and right were identified as signifi-
cant areas, which are presented in Figure 4(a). Peak Cluster
Coordinates (MNI) and voxels per cluster are described in
Figure 4(b), and the difference of brain connectivity between

high- and low-risk trajectories is visualized in Figures 4(c)
and 4(d) using ROI derived from MVPA.

3.4. The Prediction Model Combining TNM Stage and Brain
Connectomics. Compared with Model 1 (TNM stage), AUC
in Model 2 (TNM stage + brain connectomics) increased
from 63.3-71.0% to 76.8-90.7% when the brain values were
included in the regressions (Figure 5(a)). In addition, NRI
and IDI ranged from 16.82 to 76.21% and 12.63 to 50.74%,
respectively (Figure 5(a)). In Figure 5(b), compared with
19.6-23.7 in Model 1, less Brier scores of 8.8-18.9 were recog-
nized in Model 2, indicating a better fit. In Figure 5(c), com-
pared with Model 1, higher net benefits were also identified
in Model 2 across different risk thresholds. In Figure 5(d),
clinical impact curves were visualized for Model 2 to facilitate
its clinical utilization across different risk thresholds.

4. Discussion

First, the Be Resilient to Breast Cancer (BRBC) cohort was
used to explore the associations between brain connectomics
and high-risk depression profiles of women diagnosed with
breast cancer within the first year. Four distinct depression
profiles were identified, which were consistent with previous
research [34]. Approximately 25% of participants in our
study were classified into high-risk depression profiles
(delayed or chronic). It is important to note the delayed pro-
file and benefit of the longitudinal data collection and anal-
ysis due to the presence of low depressive symptoms at
baseline.

Second, different from most previous research, partici-
pants enrolled in the Be Resilient to Breast Cancer (BRBC)
study did not receive chemotherapy and would not be
affected by common neurotoxicity [35]. Our results showed
significant differences in the frontal medial cortex and frontal
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784.96

0.00

Brain regions Peak cluster coordinates (MNI) Voxels per cluster

Frontal medial cortex (+0, +42, ~20) 183 (82%)
(+2, +60, -20) 15 (7%)
Frontal pole left (~10, +42, -20) 4(1%)

Other (=6, +42, -20) 22 (10%)

Frontal pole right

()

FIGURE 4: (a) Significant brain regions in MVPA_2 (frontal medial cortex and frontal pole). (b) Peak Cluster Coordinates (MNI) and voxels
per cluster for significant brain regions. (c) Seed-to-voxel associations in the high-risk depression trajectory. (d) Seed-to-voxel associations

in the low-risk depression trajectory.

pole between patients with high- and low-risk depression
profiles. Frontal areas are associated with cognitive function,
and breast cancer survivors were reported to need more effort
and time to complete cognitive tasks which provided evi-
dence for the depression trajectories [36]. Without an a priori
theoretical hypothesis, MVPA was performed in the current
study to achieve a maximized prediction ability of high-risk
depression profiles. However, significant brain areas identi-
fied by MVPA could not always be well explained. For
instance, in Figure 4(b), 22 voxels (10%) could not be ana-
tomically labelled in MNI, although these voxels survived
correction for multiple comparisons (height threshold
uncorrected p < 0.01; cluster-level FDR-corrected p < 0.05).
Therefore, the difference should be further compared
between an a priori anatomical approach (i.e., ROI-to-ROI/
seed-based connectivity analyses) and an agnostic MVPA
approach in future research.

Third, the results showed that rs-fMRI neuromarkers
were robust predictors for a high-risk depression profile
and could contribute incremental predicting power over
conventional TNM staging systems. When rs-fMRI neuro-
markers and TNM staging were combined, the patients were
successfully classified into high- and low-risk depression
profiles with approximately 76.8-90.7% accuracy. Thus, in
consideration of easy access across different medical centers
and the noninvasive nature of data collection, rs-fMRI could
be considered in the precision management approach of
breast cancer [37, 38]. Furthermore, the reliability of rs-
fMRI neuromarkers was quite high across different datasets
in the present study, and the prediction ability of baseline
neuromarkers has previously been validated in populations
with depression, generalized anxiety, and schizophrenia
[39-42]. In addition, using the anisotropic Brownian motion
of water molecules along the nerve fiber method, diffusion
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FIGURE 5: (a) AUC, NRI, and IDI for Model 1 (TNM stage) and Model 2 (TNM stage + brain connectomics). (b) Calibration curves for
Model 1 and Model 2. (c) Decision curve analysis for Model 1 and Model 2. (d) Clinical impact curve for Model 2.

tensor imaging (DTI) could be considered in the prediction
model as a noninvasive tractography indicator and could
provide unique information about brain structure in future
research [43]. However, due to the complex nature of the
brain, opposite results are often recognized between fMRI-
related connectivity and DTI-related ones, even within the
same samples [44, 45]. Thus, whether multimodal brain con-
nectomics could achieve a better prediction ability should be
further investigated.

5. Limitations

Several issues should be considered in the current study. First,
patients were enrolled in one of the most developed provinces
in China, and the LGMM -related findings might not be gener-
alizable to patients across varied socioeconomic statuses.
Second, previous psychiatric diagnosis and hospitalization
could not be determined from the medical chart which will
affect the findings here [46]. Second, in consideration of the
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restriction of the unconditional model in LGMM, many con-
founders (i.e., antidepressant prescription, family history of
psychiatry disorder) are not considered in MVPA, resulting
in increased type I errors. A priori anatomical approach could
be performed to validate MVPA-related findings. Third, the
assumption of the LGMM may be compromised due to the
time difference in measurements between subjects across the
observation period, and modeling errors should be noted here.
Fourth, the sample sizes of the training and validation cohorts
are relatively small, and the prediction model should be vali-
dated in a larger population with different cancer diagnoses.
Fifth, measurement errors were not taken into consideration
to calculate the QoL outcomes, and item response theory
could be tried to achieve a better estimation [47-50].

6. Conclusion

Brain connectomics has been shown to predict high-risk
depression profiles in women diagnosed with breast cancer
within the first year.

Data Availability

The data that support the findings of this study are available
on request from the corresponding author. The data are not
publicly available due to privacy or ethical restrictions.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Authors’ Contributions

Mu Zi Liang, Peng Chen, Ying Tang, and Xiao Na Tang con-
tributed equally to this work and should be considered co-
first authors.

Acknowledgments

This research was funded by grants from the National Nat-
ural Science Foundation of China (Nos. 72274043 and
71904033), Young Elite Scientists Sponsorship Program by
CACM (No. 2021-QNRC2-B08), and Sanming Project of
Medicine in Shenzhen (No. SZZYSM202206014).

References

[1] S. Lei, R. Zheng, S. Zhang et al., “Breast cancer incidence and
mortality in women in China: temporal trends and projections
to 2030,” Cancer Biology ¢ Medicine, vol. 18, no. 3, pp. 900-
909, 2021.

[2] C. Allemani, T. Matsuda, V. Di Carlo et al., “Global surveil-
lance of trends in cancer survival 2000-14 (CONCORD-3):
analysis of individual records for 37 513 025 patients diag-
nosed with one of 18 cancers from 322 population-based reg-
istries in 71 countries,” Lancet, vol. 391, no. 10125, pp. 1023-
1075, 2018.

[3] X. Tao, T. Li, Z. Gandomkar, P. C. Brennan, and W. M. Reed,
“Incidence, mortality, survival, and disease burden of breast
cancer in China compared to other developed countries,”

(4

—

[9

—

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

Asia-Pacific Journal of Clinical Oncology, vol. 19, no. 6,
pp. 645-654, 2023.

A.F. Carvalho, T. Hyphantis, P. M. Sales et al., “Major depres-
sive disorder in breast cancer: a critical systematic review of
pharmacological and psychotherapeutic clinical trials,” Cancer
Treatment Reviews, vol. 40, no. 3, pp. 349-355, 2014.

B. L. Andersen, R. J. DeRubeis, B. S. Berman et al., “Screening,
assessment, and care of anxiety and depressive symptoms in
adults with cancer: an American Society of Clinical Oncology
guideline adaptation,” Journal of Clinical Oncology, vol. 32,
no. 15, pp. 1605-1619, 2014.

A. M. Krebber, L. M. Buffart, G. Kleijn et al., “Prevalence of
depression in cancer patients: a meta-analysis of diagnostic
interviews and self-report instruments,” Psycho-Oncology,
vol. 23, no. 2, pp. 121-130, 2014.

G. Ostuzzi, F. Matcham, S. Dauchy, C. Barbui, M. Hotopf, and
Cochrane Gynaecological, Neuro-oncology and Orphan Can-
cer Group, “Antidepressants for the treatment of depression
in people with cancer,” Cochrane Database of Systematic
Reviews, vol. 2018, no. 4, article CD011006, 2018.

A. W. Boyes, A. Girgis, C. A. DEste, A. C. Zucca,
C. Lecathelinais, and M. L. Carey, “Prevalence and predictors
of the short-term trajectory of anxiety and depression in the
first year after a cancer diagnosis: a population-based longitu-
dinal study,” Journal of Clinical Oncology, vol. 31, no. 21,
pp. 2724-2729, 2013.

N. E. Avis, B. J. Levine, L. D. Case, E. Z. Naftalis, and K. J. Van
Zee, “Trajectories of depressive symptoms following breast
cancer diagnosis,” Cancer Epidemiology, Biomarkers ¢ Preven-
tion, vol. 24, no. 11, pp. 1789-1795, 2015.

W. Linden, R. MacKenzie, K. Rnic, C. Marshall, and
A. Vodermaier, “Emotional adjustment over 1 year post-
diagnosis in patients with cancer: understanding and predict-
ing adjustment trajectories,” Supportive Care in Cancer,
vol. 23, no. 5, pp. 1391-1399, 2015.

W. Linden, A. Vodermaier, R. Mackenzie, and D. Greig, “Anx-
iety and depression after cancer diagnosis: prevalence rates by
cancer type, gender, and age,” Journal of Affective Disorders,
vol. 141, no. 2-3, pp. 343-351, 2012.

A. L. Stanton, J. F. Wiley, J. L. Krull et al., “Depressive episodes,
symptoms, and trajectories in women recently diagnosed with
breast cancer,” Breast Cancer Research and Treatment,
vol. 154, no. 1, pp. 105-115, 2015.

M. Inagaki, Y. Matsuoka, Y. Sugahara et al., “Hippocampal
volume and first major depressive episode after cancer diagno-
sis in breast cancer survivors,” The American Journal of Psychi-
atry, vol. 161, no. 12, pp- 2263-2270, 2004.

E. Yoshikawa, Y. Matsuoka, H. Yamasue et al., “Prefrontal cor-
tex and amygdala volume in first minor or major depressive
episode after cancer diagnosis,” Biological Psychiatry, vol. 59,
no. 8, pp. 707-712, 2006.

S. Noble, A. F. Mejia, A. Zalesky, and D. Scheinost, “Improving
power in functional magnetic resonance imaging by moving
beyond cluster-level inference,” Proceedings of the National
Academy of Sciences of the United States of America, vol. 119,
no. 32, article €2203020119, 2022.

S. Marek, B. Tervo-Clemmens, F. J. Calabro et al., “Reproduc-
ible brain-wide association studies require thousands of indi-
viduals,” Nature, vol. 603, no. 7902, pp. 654-660, 2022.

V. D. Calhoun, T. Adali, G. D. Pearlson, and J. J. Pekar, “A
method for making group inferences from functional MRI

85U8017 SUOWLLOD dAe8.D 8|qedl|dde 8y Ag pausenob aJe sa[ole YO ‘8sn 4O Sa|ni oy Ariqi8ul|UO 48]/ UO (SUORIPUOD-PUe-SLLBY 0D A8 | 1M Ae1q 1 BUIUO//SANL) SUOHIPUOD Pue SW.B | 84} 89S *[7202/.0/8T] Uo ARiqiauliuo AB|IM S81 AQ STTEOTE/YZ0Z/SSTT OT/I0p/L0o A8 i Areiq1ul|uo//sdiy Wwouy pepeo|umod ‘T ‘4202 'ep



10

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

(30]

(31]

(32]

data using independent component analysis,” Human Brain
Mapping, vol. 14, no. 3, pp. 140-151, 2001.

Z.].Ye,H. Z. Qiu, M. Z. Liang et al., “Effect of a mentor-based,
supportive-expressive program, be resilient to breast cancer,
on survival in metastatic breast cancer: a randomised, con-
trolled intervention trial,” British Journal of Cancer, vol. 117,
no. 10, pp. 1486-1494, 2017.

Z.].Ye, Z. Zhang, X. Y. Zhang et al., “Effectiveness of adjuvant
supportive-expressive group therapy for breast cancer,” Breast
Cancer Research and Treatment, vol. 180, no. 1, pp. 121-134,
2020.

Z.].Ye, Z. Zhang, Y. Tang et al., “Resilience patterns and tran-
sitions in the Be Resilient To Breast Cancer trial: an explor-
atory latent profile transition analysis,” Psycho-Oncology,
vol. 30, no. 6, pp. 901-909, 2021.

M. Z. Liang, Y. Tang, M. T. Knobf et al., “Resilience index
improves prediction of 1-year decreased quality of life in breast
cancer,” Journal of Cancer Survivorship, vol. 17, no. 3, pp. 759-
768, 2023.

M. Z. Liang, M. L. Liu, Y. Tang et al., “Heterogeneity in resil-
ience patterns and its prediction of 1-year quality of life out-
comes among patients with newly diagnosed cancer: an
exploratory piecewise growth mixture model analysis,” Euro-
pean Journal of Oncology Nursing, vol. 66, article 102374, 2023.
K. Kroenke, R. L. Spitzer, and J. B. Williams, “The PHQ-9:
validity of a brief depression severity measure,” Journal of Gen-
eral Internal Medicine, vol. 16, no. 9, pp. 606-613, 2001.

B. Levis, A. Benedetti, and B. D. Thombs, “DEPRESsion
Screening Data (DEPRESSD) Collaboration. Accuracy of
Patient Health Questionnaire-9 (PHQ-9) for screening to
detect major depression: individual participant data meta-
analysis,” BMJ, vol. 365, article 11476, 2024.

B. Muthén and K. Shedden, “Finite mixture modeling with
mixture outcomes using the EM algorithm,” Biometrics,
vol. 55, no. 2, pp. 463-469, 1999.

G. Schwarz, “Estimating the dimension of a model,” The
Annals of Statistics, vol. 6, no. 2, pp. 461-464, 1978.

S. Whitfield-Gabrieli and A. Nieto-Castanon, “Conn: a func-
tional connectivity toolbox for correlated and anticorrelated
brain networks,” Brain Connectivity, vol. 2, no. 3, pp. 125-
141, 2012.

A. Nieto-Castanon, “Preparing fMRI data for statistical analy-
sis,” in fMRI Techniques and Protocols, M. Filippi, Ed.,
Springer, 2022.

M. J. Leening, M. M. Vedder, J. C. Witteman, M. J. Pencina,
and E. W. Steyerberg, “Net reclassification improvement: com-
putation, interpretation, and controversies: a literature review
and clinician's guide,” Annals of Internal Medicine, vol. 160,
no. 2, pp. 122-131, 2014

K. Hayashi and S. Eguchi, “The power-integrated discriminant
improvement: an accurate measure of the incremental predic-
tive value of additional biomarkers,” Statistics in Medicine,
vol. 38, no. 14, pp. 2589-2604, 2019.

B. Van Calster, L. Wynants, J. F. M. Verbeek et al., “Reporting
and interpreting decision curve analysis: a guide for investiga-
tors,” European Urology, vol. 74, no. 6, pp. 796-804, 2018.

K. F. Kerr, M. D. Brown, K. Zhu, and H. Janes, “Assessing the
clinical impact of risk prediction models with decision curves:
guidance for correct interpretation and appropriate use,”
Journal of Clinical Oncology, vol. 34, no. 21, pp. 2534-2540,
2016.

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

(41]

(42]

[43]

(44]

(45]

[46]

(47]

(48]

Depression and Anxiety

G. S. Collins, J. B. Reitsma, D. G. Altman, and K. G. Moons,
“Transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis (TRIPOD): the TRIPOD
statement,” BMJ, vol. 350, article g7594, 2014.

S. Alfonsson, E. Olsson, T. Hursti M. H. Lundh, and
B. Johansson, “Socio-demographic and clinical variables asso-
ciated with psychological distress 1 and 3 years after breast
cancer diagnosis,” Supportive Care in Cancer, vol. 24, no. 9,
pp. 4017-4023, 2016.

J. Bruno, S. M. Hosseini, and S. Kesler, “Altered resting state
functional brain network topology in chemotherapy-treated
breast cancer survivors,” Neurobiology of Disease, vol. 48,
no. 3, pp. 329-338, 2012.

S. R. Kesler, F. C. Bennett, M. L. Mahaffey, and D. Spiegel,
“Regional brain activation during verbal declarative memory
in metastatic breast cancer,” Clinical Cancer Research,
vol. 15, no. 21, pp. 6665-6673, 2009.

Z. Shehzad, A. M. Kelly, P. T. Reiss et al., “The resting brain:
unconstrained yet reliable,” Cerebral Cortex, vol. 19, no. 10,
pp. 2209-2229, 2009.

M. Z. Liang, Y. Tang, P. Chen et al, “Brain connectomics
improve prediction of 1-year decreased quality of life in breast
cancer: a multi-voxel pattern analysis,” European Journal of
Oncology Nursing, vol. 68, article 102499, 2024.

G.]J. Siegle, C. S. Carter, and M. E. Thase, “Use of FMRI to pre-
dict recovery from unipolar depression with cognitive behav-
ior therapy,” The American Journal of Psychiatry, vol. 163,
no. 4, pp. 735-738, 2006.

P. J. Whalen, T. Johnstone, L. H. Somerville et al., “A func-
tional magnetic resonance imaging predictor of treatment
response to venlafaxine in generalized anxiety disorder,” Bio-
logical Psychiatry, vol. 63, no. 9, pp. 858-863, 2008.

V. Kumari, E. R. Peters, D. Fannon et al., “Dorsolateral pre-
frontal cortex activity predicts responsiveness to cognitive-
behavioral therapy in schizophrenia,” Biological Psychiatry,
vol. 66, no. 6, pp. 594-602, 2009.

F. Hoeft, B. D. McCandliss, J. M. Black et al., “Neural systems
predicting long-term outcome in dyslexia,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 108, no. 1, pp- 361-366, 2011.

L.J. O'Donnell and C. F. Westin, “An introduction to diffusion
tensor image analysis,” Neurosurgery Clinics, vol. 22, no. 2,
pp. 185-96, viii, 2011.

K. Caeyenberghs, A. Leemans, I. Leunissen, K. Michiels, and
S. P. Swinnen, “Topological correlations of structural and
functional networks in patients with traumatic brain injury,”
Frontiers in Human Neuroscience, vol. 7, p. 726, 2013.

J. D. Rudie, J. A. Brown, D. Beck-Pancer et al., “Altered func-
tional and structural brain network organization in autism,”
NeuroImage: Clinical, vol. 2, pp. 79-94, 2012.

L. Stafford, A. Komiti, C. Bousman et al., “Predictors of depres-
sion and anxiety symptom trajectories in the 24 months fol-
lowing diagnosis of breast or gynaecologic cancer,” Breast,
vol. 26, pp. 100-105, 2016.

M. Z. Liang, Y. Tang, P. Chen et al., “New resilience instru-
ment for family caregivers in cancer: a multidimensional item
response theory analysis,” Health and Quality of Life Out-
comes, vol. 19, no. 1, p. 258, 2021.

M. Z. Liang, P. Chen, A. Molassiotis et al., “Measurement invari-
ance of the 10-item resilience scale specific to cancer in Ameri-
cans and Chinese: a propensity score-based multidimensional

85U8017 SUOWLLOD dAe8.D 8|qedl|dde 8y Ag pausenob aJe sa[ole YO ‘8sn 4O Sa|ni oy Ariqi8ul|UO 48]/ UO (SUORIPUOD-PUe-SLLBY 0D A8 | 1M Ae1q 1 BUIUO//SANL) SUOHIPUOD Pue SW.B | 84} 89S *[7202/.0/8T] Uo ARiqiauliuo AB|IM S81 AQ STTEOTE/YZ0Z/SSTT OT/I0p/L0o A8 i Areiq1ul|uo//sdiy Wwouy pepeo|umod ‘T ‘4202 'ep



Depression and Anxiety

(49]

(50]

item response theory analysis,” Asia-Pacific Journal of Oncology
Nursing, vol. 10, no. 2, article 100171, 2023.

M. Z. Liang, P. Chen, M. T. Knobf et al., “Measuring resilience
by cognitive diagnosis models and its prediction of 6-month
quality of life in Be Resilient to Breast Cancer (BRBC),” Fron-
tiers in Psychiatry, vol. 14, article 1102258, 2023.

Z.]. Ye, M. Z. Liang, H. W. Zhang et al., “Psychometric prop-
erties of the Chinese version of resilience scale specific to can-
cer: an item response theory analysis,” Quality of Life Research,
vol. 27, no. 6, pp. 1635-1645, 2018.

11

85U8017 SUOWLLOD dAe8.D 8|qedl|dde 8y Ag pausenob aJe sa[ole YO ‘8sn 4O Sa|ni oy Ariqi8ul|UO 48]/ UO (SUORIPUOD-PUe-SLLBY 0D A8 | 1M Ae1q 1 BUIUO//SANL) SUOHIPUOD Pue SW.B | 84} 89S *[7202/.0/8T] Uo ARiqiauliuo AB|IM S81 AQ STTEOTE/YZ0Z/SSTT OT/I0p/L0o A8 i Areiq1ul|uo//sdiy Wwouy pepeo|umod ‘T ‘4202 'ep



	Brain Connectomics Improve the Prediction of High-Risk Depression Profiles in the First Year following Breast Cancer Diagnosis
	1. Introduction
	2. Method
	2.1. Sample
	2.2. Data Collection
	2.2.1. Patient Health Questionnaire-9 (PHQ-9)
	2.2.2. MRI Data Acquisition and Preprocessing

	2.3. Data Analysis
	2.3.1. Latent Growth Mixture Model (LGMM) for Depression Trajectories
	2.3.2. Data Analysis Process


	3. Results
	3.1. Demographic and Clinical Characteristics
	3.2. LGMM for Depression Profiles
	3.3. Multivoxel Pattern Analysis (MVPA) and Significant Brain Areas
	3.4. The Prediction Model Combining TNM Stage and Brain Connectomics

	4. Discussion
	5. Limitations
	6. Conclusion
	Data Availability
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments



