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Fig. 1.

Analysis overview: (a) Important FCs for each disorder are identified using the discovery dataset; for MDD,

important FCs are also identified using the validation dataset for investigating robustness of our method. (b) The effect
sizes of the identified FCs are validated using the validation dataset. (c) The characteristics of the identified FCs are
investigated using the BMB traveling subject dataset. (d, €) How to extract important FCs for each disorder. (d) Feature
computation by conducting PCA for all FCs. The color of each node denotes the intrinsic brain network it belongs to, while
the color of the edges indicates the strength of the FC. However, they do not reflect actual data and are for visualization
purposes only. (e) Identification of diagnosis related to the PC by calculating the difference in the PC score between HCs
and individuals with MDDs. Selection of important FCs by statistical testing of PC weights. FC: functional connectivity,
BMB: Brain Minds Beyond, PCA: principal component analysis, HC: healthy control, MDD: major depressive disorder, PC:

principal component.

PCA scores were calculated for each PC, and we used
t-tests to detect a PC for which the PCA scores signifi-
cantly differed between the MDD and HC groups (Fig. 1b).
Statistical significance was determined using multiple
comparison correction, with a false discovery rate (FDR)
of g set at 0.05 (Benjamini-Hochberg method [FDR-BH
method]) (Benjamini & Yekutieli, 2001). When a PC with
significantly different PCA scores was found, we extracted
the FCs with a large contribution to that PC as important
FCs for MDD diagnosis (Feature selection; Fig. 1b). If we
found more than one PC with significantly different PCA
scores, we used the PC that had the highest explained
variance for simplicity (in our results, this PC also showed
the largest t-value for the disorder difference). If no PCs
were found to be significantly different, no functional con-
nections were selected (null result). Assuming that the
71,631-dimensional weights follow a normal distribution,
we extracted FCs with larger weights as important FCs
based on their significantly low occurrence probability
after multiple comparisons (FDR-BH method, g = 0.05).
To investigate the robustness of the chosen FCs, the pro-
posed method was applied to both the “MDD discovery
dataset” including 138 individuals with MDD and 545
HCs from the discovery dataset and the “MDD validation
dataset” including 185 individuals with MDD and 340
HCs from the validation dataset, and we investigated the
extent to which the chosen FCs overlapped.

To investigate whether the selected PC was MDD-
diagnosis specific, we conducted the same feature selec-
tion procedure for other factors, such as, age, sex, head

motion, and imaging sites. Furthermore, we conducted
the same feature selection procedure for depressive
symptoms (BDI score). Significant PCs were identified
using a two-sample t-test for the binary variable, sex.
PCs with significant Pearson’s correlations along with PC
scores were identified for the continuous variables, the
BDI score, FD value, and age. PCs significantly influ-
enced by the imaging sites, a categorical variable, were
identified using one-way analysis of variance. The crite-
rion for significance was set at g < 0.05 based on the FDR
obtained with the FDR-BH method for multiple compari-
sons correction.

2.5. Comparison of robustness in effect sizes of
selected FCs with that of other feature-selection
methods

Next, we investigated the robustness in effect size
(Hedge’s g between the MDD and HC groups) of the
selected FCs using the discovery and validation data-
sets. We considered that if the proposed method robustly
selected the FCs with large effect sizes in the discovery
dataset, these FCs would also have large effect sizes in
the validation dataset. To compare different feature-
selection methods, we employed regularization-based
feature selection using machine learning methods, such
as Least Absolute Shrinkage and Selection Operator
(LASSO), and univariate feature selection, in which each
FC was individually tested for group differences between
patients and healthy controls using a two-sample t-test.
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FCs showing significant differences were then extracted
after correcting for multiple comparisons, with the false
discovery rate using the Benjamini-Hochberg method
(FDR-BH) and the Bonferroni method. For more detailed
information about the regularization-based feature selec-
tion method, see Supplementary Text S2 and our previ-
ous study (A. Yamashita et al., 2020).

2.6. Constructing a network marker using selected
FCs

We investigated whether using the FCs selected by our
proposed method would improve the prediction perfor-
mance in MDD diagnosis. We constructed a prediction
model using the exactly same method (subsampling and
ensemble LASSO) as in our previous research (A.
Yamashita et al., 2020). Feature computation (PCA) and
feature extraction were performed within each training
set of the subsampling to avoid information leaks. Thus,
the test data were never used to estimate PCA weights,
ensuring that no double dipping occurred. The perfor-
mance of the constructed predictive model was then
tested using a validation dataset (see Supplementary
Text S2 and Supplementary Fig. S1 for more details).

2.7. Validation in other psychiatric disorders

Finally, we tested whether our proposed method could
extract important FCs with larger effect sizes without
overfitting even in the SCZ and ASD datasets. We applied
our proposed method to the “SCZ discovery dataset”
including 102 individuals with SCZ and 545 HCs from the
discovery dataset. We investigated the effect size of the
selected FCs by using “the SCZ validation dataset”
including 52 individuals with SCZ and 338 HCs from the
validation dataset in addition to 30 individuals with SCZ
and 45 HCs from the COBRE dataset. For ASD, we
applied our method to an “ASD discovery dataset”
including 121 individuals with ASD and 545 HCs from the
discovery dataset. We investigated the effect size of the
selected FCs by using the ASD validation dataset includ-
ing 674 individuals with ASD and 969 HCs from the
ABIDE-I and ABIDE-II datasets.

3. RESULTS

3.1. PCAof FCs

We first extracted diagnosis-related PCs by PCA of FCs in
the MDD discovery dataset. We investigated the associa-
tion of PC scores with MDD diagnosis, depressive symp-
toms (BDI score), age, sex, head motion (FD value), and
imaging site. We found that the second PC was signifi-

cantly associated with MDD diagnosis, 7 PCs were signifi-
cantly associated with age, 5 PCs were significantly
associated with sex, and 12 PCs were significantly asso-
ciated with imaging sites (Fig. 2, visualization of only the
top 20 PCs). The PC significantly associated with MDD
diagnosis (PC2) was not significantly associated with the
other factors. Although no PCs were significantly associ-
ated with the BDI score, the PC significantly associated
with MDD diagnosis exhibited the strongest correlation
with the BDI score. To further evaluate this component in
the validation dataset, we applied the discovery-derived
PC2 weights and confirmed both a significant correlation
with BDI (r = 0.26, p < 0.0001) and a significant group dif-
ference between MDD and HC (t = -8.27, p < 0.001; Sup-
plementary Text S4 and Supplementary Fig. S2). This
result indicates that we successfully extracted latent fac-
tors solely associated with MDD diagnosis, independent
of other factors, such as age, sex, head motion, and imag-
ing sites, and that the MDD-related PC identified in the
discovery dataset represents a highly reproducible factor.

3.2. Selected FCs and overlap

We investigated which FCs are crucial for MDD diagnosis
by examining the weights of the selected PC. Specifically,
we standardized the weights of 71,631 FCs and calcu-
lated the probability of occurrence for each weight by
assuming that the distribution of weights followed a stan-
dard normal distribution. FCs that met the criterion of
q < 0.05 after multiple comparison correction were identi-
fied as significant FCs involved in MDD diagnosis. As a
result, we found 78 important FCs (Fig. 3 left). The FCs
that were primarily involved were bilateral thalamic FCs,
thalamo-motor FCs, and interhemispheric motor FCs (see
Supplementary Table S8 for more details). Furthermore,
we explored whether the same FCs would be selected on
applying our proposed method in a validation dataset. We
found that the second PC was also significantly associ-
ated with MDD diagnosis, and we identified 65 important
FCs (Fig. 3 right, Supplementary Table S9), of which 20
FCs overlapped with those found in the discovery data-
set. Notably, unlike the results in the discovery dataset,
the PC also showed significant associations with age in
the validation dataset. It should be noted that subsequent
analyses were conducted using the full set of FCs identi-
fied in each dataset, with the number of overlapping FCs
reported as an additional measure of stability. Similar
results were also obtained when we repeated the analysis
using the Schaefer400 atlas (Schaefer et al., 2018), indi-
cating that our findings are largely robust to the choice of
brain template. Furthermore, we obtained comparable
results when we repeated the analyses under several sen-
sitivity settings: excluding one site (leave-one-site-out),
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Fig. 2. Relationship between the principal component (PC)
variance of the top 20 PCs and their cumulative summation.
PCs. (b) Difference in PC scores between HCs and individua

score and factors in the top 20 PCs in MDD: (a) Explained
(b—g) Relationship between each factor and the top 20
Is with MDDs (t-value). (c) Pearson’s correlation coefficients

between PC score and BDI score. (d) Pearson’s correlation coefficients between the PC score and age. (e) Difference in
PC scores between men and women (t-value). (f) Difference in PC scores across imaging sites (F-value). (g) Pearson’s
correlation coefficients between the PC score and head motion (framewise displacement value). The red bar shows a
significant relationship with the factor. Here, we only visualized the top 20 PCs for visualization purpose. Of note, we used
all PCs for the analyses. PC: principal component, BDI: Beck Depression Inventory, FD: framewise displacement, PCA:
principal component analysis, HC: healthy control, MDD: major depressive disorder.

Selected FCs in the discovery dataset

58

FCs FCs FCs

Selected FCs in the validation dataset

20 45

O Subco

@ Visual
O Visual

O Dorsal-Attention

O Somatomotor

rtical

1
2

Fig. 3. Selected and overlapping FCs in MDD: Selected FCs in the discovery dataset (left) and those in the validation
dataset (right). Seventy-eight FCs were selected in the discovery dataset in MDD, and 65 FCs were selected in the
validation dataset in MDD. Twenty FCs overlapped between them. Regions are color coded according to the intrinsic
network. The FC state exhibiting a smaller (i.e., more negative) and greater (more positive) mean correlation index in the

MDD population than in the HC population is termed under- (

blue line) and over-connectivity (red line), respectively. FC:

functional connectivity, HC: healthy control, MDD: major depressive disorder.

resampling participants with replacement (bootstrap-
ping), applying a stricter motion censoring threshold
(FD > 0.2 mm), and conducting PCA after matching the
number of HCs to that of individuals with psychiatric dis-
order group. These consistent findings demonstrate that
our findings are robust to variations in sites, participant

sampling, and motion exclusion criteria (Supplementary
Text S4 and Supplementary Figs. S3-S6).

By contrast, on using LASSO, 25 FCs were extracted
from the discovery dataset (A. Yamashita et al., 2020), and
65 FCs, from the validation dataset, with no overlapping
FCs. That is, the PCA-based method exhibited high stabil-
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ity as an FC selection method regardless of which data-
sets were used, while the supervised learning-based FC
selection method exhibited low stability.

3.3. Selected FCs had larger effect size with small
overfitting

Next, we investigated the effect size (Hedge’s g between
the MDD and HC groups) of the selected FCs in the dis-
covery and validation datasets. The results showed that
the FCs selected by our proposed method had the larg-
est effect size in the validation dataset (Fig. 4 and Table 2),
while the FCs selected by LASSO had the largest effect
size in the discovery dataset. In other words, the PCA-
based method selected the FCs with a larger effect size
regardless of the dataset, while the supervised-based
method selected the FCs that were overfitting to the dis-
covery dataset. To visualize the extent of the overfitting of

(a) PCA-based method (b) LASSO
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the selected FCs, we plotted Hedge’s g from the discov-
ery dataset on the x-axis against Hedge’s g from the val-
idation dataset on the y-axis (Fig. 5). Specifically, the
yellow area in Figure 5 represents FCs with a larger effect
size in the discovery dataset than in the validation data-
set, suggesting that these FCs are overfitting.

3.4. Network marker construction using only
selected FCs

Next, we tested whether using these FCs would improve
the prediction performance in MDD diagnosis. The results
showed that feature selection using our proposed method
did not improve the prediction performance (Table 3). We
further tested whether lowering the threshold during fea-
ture selection would improve prediction performance. We
observed a slight improvement in prediction performance
compared with when no feature selection was applied

(c) t-test (FDR) (d) t-test (Bonferroni)

Hedge's g (discovery)
Hedge's g (validation)

Fig. 4. Effect size of selected FCs in both the discovery and validation datasets in MDD: (a) FCs selected by the
PCA-based method. (b) FCs selected by LASSO. FCs selected by univariate feature selection, in which each FC was

individually tested for group differences between patients and healthy controls using a two-sample t-test with the FDR-BH
(c) and the Bonferroni multiple comparison methods (d). Each point represents the effect size (Hedge’s g) of each FC. The
pink points indicate the effect size in the discovery dataset, and the green points indicate the effect size in the validation
dataset. Additionally, the histograms for each dataset are also shown. FC: functional connectivity, LASSO: Least Absolute
Shrinkage and Selection Operator, FDR: false discovery rate, BH: Benjamini-Hochberg.

Table 2. Effect size for selected FCs across methods in MDD.

PCA-based LASSO t-test (FDR) t-test (Bonferroni)
N 78 25 4,498 225
Discovery  Validation Discovery Validation Discovery Validation Discovery Validation
Mean (SD) 0.474 0.404 0.532 0.251 0.348 0.223 0.530 0.371
(0.092) (0.127) (0.095) (0.163) (0.062) (0.128) (0.046) (0.116)
Median 0.473 0.421 0.522 0.226 0.330 0.215 0.519 0.372

The numbers in parentheses represent the standard deviation of the effect size across selected FCs. Bold values indicate the maximum
value in each dataset.

SD: standard deviation, FC: functional connectivity, MDD: major depressive disorder, LASSO: Least Absolute Shrinkage and Selection
Operator, FDR: false discovery rate, BH: Benjamini-Hochberg.
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Fig. 5. Mass univariate analysis of selected FCs in MDD: Reproducibility across the two datasets (discovery and
validation) in terms of diagnosis effects (Hedge’s g). Scatter plot and histograms of the diagnosis effect size are shown.
Each point in the scatter plot represents the diagnosis effect in the discovery dataset in the abscissa and that for the
validation dataset in the ordinate for each FC. The original data are shown in dark gray (black), while the shuffled data

in which subject information was permuted are shown in gray. (a) All FCs (71,631). (b) FCs selected by the PCA-based
method. (c) FCs selected by LASSO. (d) FCs selected by a t-test using the Bonferroni method. The yellow area represents
FCs with a large effect size in the discovery dataset, suggesting that these FCs are overfitting. FC: functional connectivity,
LASSO: Least Absolute Shrinkage and Selection Operator.

Table 3. Prediction performances of each feature selection method in MDD.

AUC Accuracy  Sensitivity  Specificity ¥ MCC  Average #FC for training
PCA-based 0.752 0.668 0.751 0.623 0.357 80
t-test (FDR) 0.746 0.660 0.707 0.635 0.327 615.5
t-test (Bonferroni) 0.773 0.678 0.81 0.608 0.397 19
No feature selection 0.760 0.666 0.735 0.629 0.347 71,631
PCA-based (aggressive) 0.768 0.680 0.779 0.626 0.387 1394.5
t-test (without multiple correction)  0.761 0.674 0.740 0.638 0.361 9935.5

All prediction models were constructed using LASSO; the difference across methods is whether and how feature selection was applied
to the training data prior to model construction. “No feature selection” corresponds to applying LASSO to all 71,631 FCs without prior
selection; other conditions apply training-fold feature extraction/selection before LASSO.

FC: functional connectivity, FDR: false discovery rate, AUC: area under the curve, MCC: Matthews Correlation Coefficient.

increase in the effect size of the differences between the
psychiatric disorder and HC groups in the FCs selected
by our proposed method. Our previous research (O.
Yamashita et al., 2025) revealed that the reason why we
achieved higher prediction performance using subsam-

(area under the curve increased from 0.760 to 0.768, and
the Matthews correlation coefficient increased from 0.347
to 0.387) (Table 3).

Subsequently, we explored why there was no improve-
ment in prediction performance, despite a significant

10
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pling and ensemble LASSO was that the LASSO auto-
matically selected the FCs that had not only a larger
effect size between the MDD and HC groups but also a
smaller difference among confounding factors, such as
site difference and protocol difference. Using the BMB
traveling subject dataset (Koike et al., 2021; O. Yamashita
et al., 2025), it was possible to divide the factors affecting
the variability of FCs into individual differences (individual
factor), intra-participant variability (session factor), scan-
ner factor, and imaging protocol factor. Therefore, we
investigated how these confounding factors were repre-
sented in the FCs selected by each method (see Supple-

(a) Participant factor
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0.35
0.30
0.25

0.20

FC variability
(factor-specific variance)

0.15
0.10
0.10
0.0
(c) Session factor
PCA-based LASSO t-test (FDR) t-test (Bonferroni)

0.35

0.30

0.25

0.10

0.10

FC variability
(factor-specific variance)

0.0

t-test (Bonferroni)

0.20 ‘ ﬂ l
S S MBS RS

mentary Text S3 for more details). The results showed
that the variability of the FCs (i.e., variance attributable to
each factor) selected by our proposed method was sig-
nificantly larger for all factors than that of FCs selected by
other methods (Wilcoxon rank-sum test, p < 0.01) (Fig. 6
and Table 4). This result suggests that the selected FCs
identified by the PCA-based method inherently reflect
multiple factors. In other words, while these FCs exhibit a
larger effect size in distinguishing between the psychiat-
ric disorder and HC groups, their direct contribution to
prediction may be influenced by these multiple factors.
Additionally, it implies that these FCs are unlikely to be

(b) Scanner factor

PCA-based LASSO t-test (FDR) t-test (Bonferroni)

All FCs

(EUNICEIN

(d) Protocol factor
LASSO t-test (FDR)

1l

v

PCA-based t-test (Bonferroni)

Fig. 6. Characteristics of selected FCs in MDD: The y-axis represents the variability of FC values attributable to each
factor (participant, scanner, session, and protocol). Each point represents the FC variations of each FC. The red points
indicate the FC variations in the selected FCs, and the blue points indicate the FC variations in the all FCs. Additionally,
the histograms for each dataset are also shown. (a) Participant factor (i.e., individual differences in FC value across
traveling subjects). (b) Scanner factor (e.g., difference in FC value between Siemens and GE). (c) Session factor (i.e.,
differences in FC value across runs within same scanner and same participant. (d) Protocol factor (e.g., difference in FC
value between SRPB and HARP protocols). FC: functional connectivity, LASSO: Least Absolute Shrinkage and Selection

Operator, FDR: false discovery rate.

Table 4. Effect of factors on selected FCs in MDD.

Participants Scanner Session Protocol
PCA-based 0.169 (0.022) 0.065 (0.030) 0.186 (0.020) 0.049 (0.037)
LASSO 0.118 (0.034) 0.042 (0.029) 0.147 (0.024) 0.022 (0.019)
t-test (FDR-BH) 0.118 (0.033) 0.034 (0.019) 0.146 (0.016) 0.022 (0.016)
t-test (Bonferroni) 0.134 (0.032) 0.050 (0.030) 0.159 (0.022) 0.034 (0.029)
All FCs 0.118 (0.039) 0.029 (0.014) 0.139 (0.012) 0.019 (0.012)

The effect was calculated as FC variations within factor (refer O. Yamashita et al., 2024 for more details). The numbers in parentheses

represent the standard deviation.

FC: functional connectivity, MDD: major depressive disorder, LASSO: Least Absolute Shrinkage and Selection Operator, FDR-BH:

Benjamini-Hochberg method false discovery rate.
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chosen when using methods optimized for prediction in
supervised machine learning because the supervised
method prioritizes prediction performance rather than
these effect sizes.

3.5. Validation in other psychiatric disorders

We tested whether our proposed method could extract
FCs with larger effect sizes even in the SCZ and ASD
discovery datasets. Consequently, we found that two
PCs were significantly associated with SCZ diagnosis,
and one PC was significantly associated with ASD
diagnosis (Supplementary Figs. S7b and S8b). These
diagnosis-related PCs were not significantly associated
with the other factors (age, sex, site, and head motion),
except for the site factor in the ASD dataset.
Consequently, we found 69 FCs for SCZ and 81 FCs
for ASD. Interestingly, these FCs, similar to the MDD-
related FCs, were primarily involved in bilateral thalamic

(a) Schizophrenia (SCZ2)

FCs, thalamo-motor FCs, and interhemispheric motor
FCs (see Supplementary Tables S10 and S11 for more
details). In addition, we examined the overlap across dis-
orders: 70 FCs overlapped between MDD and ASD, 58
between MDD and SCZ, and 55 between SCZ and ASD,
with 53 FCs commonly identified across all three disor-
ders. The average effect sizes of these FCs in the valida-
tion datasets were the highest with our proposed method
in both disorders. Statistical analysis showed that the
average effect size of SCZ was significantly larger in our
proposed method than in the other methods (t-test; vs.
LASSO: t = 4.51, p = 1.6 x 105, dof = 108; vs. t-test
[FDR-BH]: t = 15.36, p = 1.23 x 10%2, dof = 9930; vs.
t-test [Bonferroni]: t = 6.26, p = 6.1 x10°, dof = 844;
Fig. 7a, Table 5). By contrast, the average effect size of
ASD was significantly larger in our proposed method than
in the t-test with FDR (t-test; vs. t-test [FDR]: t =6.34, p =
2.4 x 107'°, dof = 1735); however, it was not significantly
different from that in the other methods (t-test; vs.

(b) Autism spectrum disorder (ASD)
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Fig. 7. Validation in other psychiatric disorders: (a) Each gray point represents the effect size (Hedge’s g) of each FC for
SCZ in the validation dataset, and the distribution is also shown. (b) Each gray point represents the effect size of each
FC for ASD in the validation dataset, and the distribution is also shown. (c—e) Reproducibility across the two datasets
(discovery and validation) regarding each diagnosis effect, respectively. Scatter plots of the diagnosis effect size are
shown. The color of each point represents the weight of the PC related to each disorder, with darker colors indicating
larger PC weight values. MDD: major depressive disorder, ASD, autism spectrum disorder, SCZ: schizophrenia, FC:
functional connectivity, LASSO: Least Absolute Shrinkage and Selection Operator, FDR: false discovery rate.
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Table 5. Effect size of selected FCs across methods in SCZ.

PCA-based LASSO t-test (FDR) t-test (Bonferroni)

N 69 41 9,863 7

Discovery Validation Discovery Validation Discovery Validation Discovery Validation

Mean 0.603 0.373 0.685 0.261 0.393 0.169 0.619 0.276
(0.138) (0.098) (0.168) (0.162) (0.092) (0.11) (0.076) (0.125)
Median 0.608 0.369 0.645 0.288 0.367 0.157 0.599 0.281

The numbers in parentheses represent the standard deviation of the effect size across selected FCs. Bold values indicate the maximum
value in each dataset.
FC: functional connectivity, SCZ: schizophrenia, LASSO: Least Absolute Shrinkage and Selection Operator, FDR: false discovery rate.

Table 6. Effect size of selected FCs across methods in ASD.

PCA-based LASSO t-test (FDR) t-test (Bonferroni)

N 78 20 1,659 21

Discovery Validation Discovery Validation Discovery Validation Discovery Validation

Mean 0.226 0.165 0.481 0.15 0.374 0.11 0.531 0.158
(0.094) (0.066) (0.061) (0.081) (0.041) (0.075) (0.026) (0.076)
Median 0.236 0.163 0.479 0.17 0.363 0.099 0.523 0.175

The numbers in parentheses represent the standard deviation of the effect size across selected FCs. Bold values indicate the maximum
value in each dataset.

FC: functional connectivity, ASD, autism spectrum disorder, LASSO: Least Absolute Shrinkage and Selection Operator, FDR: false
discovery rate.

LASSO: t = 0.83, p = 0.41, dof = 96; vs. t-test [Bonfer- than those selected by other conventional supervised
roni]: t = 0.44, p = 0.66, dof = 97; Fig. 7b, Table 6). To feature selection methods.

investigate the degree to which the effect sizes were sim- The FCs selected by our proposed method were pri-
ilar between the discovery and validation datasets, we marily involved in bilateral thalamic FCs, thalamo-motor
calculated Pearson’s correlation coefficients between the  FCs, and interhemispheric motor FCs in all three psychi-
g-values in the discovery and validation datasets for each  atric disorders. The involvement of the thalamus in MDD,
disorder and found that the correlations were highest for SCZ, and ASD has been discussed historically (Chai
MDD, followed by SCZ and ASD (r = 0.57, 0.52, 0.41, etal., 2023; Greicius et al., 2007; Kashiwagi et al., 2025;
respectively; Fig. 7c—e). This result indicates that while Kim et al., 2017; Long et al., 2024; Mdiller et al., 2017;
the effects of the disorders were somewhat consistent Myung et al., 2016; Northoff et al., 2021; Segal et al.,
across datasets, ASD showed a relatively lower consis- 2023; L.-N. Wang et al., 2024; Y. Wang et al., 2024;
tency between the datasets than MDD and SCZ. This Young et al., 2004). Recent large-scale studies involving
suggests that the reason the FCs with higher effect size  over 3,000 participants, including individuals with MDD,
were not selected for ASD was the lower consistency of have consistently shown an increase in FC between the
the disorder across datasets. thalamus and cerebral cortex and a decrease in connec-
tivity between bilateral cerebral cortical regions in indi-
viduals with MDD (Gallo et al., 2023), findings that align
with those of our current study. Additionally, meta-
In this study, we incorporated approximately 5,000 runs analyses of effective connectivity, considering the direc-
of rs-fMRI from 6 datasets, which included individuals tionality of FCs, have suggested that thalamic
with 3 different psychiatric disorders, and we demon- abnormalities serve as a hub in patients with MDD (Yang
strated that a PCA-based feature selection method et al., 2023). At the neuronal level, an increase in the
robustly extracted FCs related to psychiatric disorders number of neurons in the thalamic region has been
compared with other conventional supervised feature reported in postmortem brains of individuals with MDD
selection methods. Furthermore, we found that the FCs  (Young et al., 2004). While it was unclear whether there
selected by our proposed method had larger effect sizes was an increase in excitatory projection neurons or

4. DISCUSSION
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inhibitory interneurons from the thalamus to the cerebral
cortex, our study suggests an increase in connectivity
between the thalamus and cerebral cortex, potentially
indicating an increase in excitatory neurons in individu-
als with MDD. Furthermore, meta-analyses have reported
reductions in thalamic volume (Boelens Keun et al.,
2021) and alterations in microstructure (Zhang et al.,
2022) in individuals with MDD. The interplay between FC
changes, volumetric and microstructural alterations, and
neuronal changes from macro to micro scales in the thal-
amus requires further investigation to elucidate the
mechanisms linking these abnormalities to the symp-
toms of MDD.

Interestingly, it has been reported that arm immobili-
zation for 2 weeks leads to decreased FC between the
bilateral motor cortices and increased connectivity
between the thalamus and motor cortex (Chauvin et al.,
2025; Newbold et al., 2020). These changes are identi-
cal to those observed in patients with MDD in our cur-
rent study. Considering that physical exercise is one of
the effective treatments for MDD, its therapeutic effects
may be mediated through the thalamus (Noetel et al.,
2024). Additionally, a previous study reported that cog-
nitive therapy reduces frontal-thalamic resting-state FC
in social anxiety disorder (Kurita et al., 2023). To obtain
more direct evidence, depressive symptoms were
induced by deep brain stimulation applied to the thala-
mus in patients with Tourette Syndrome (Morishita
et al., 2023). These results suggest that the thalamus
plays a central role in depressive symptoms. Notably,
since it is known that the thalamus consists of various
subregions (Williams et al., 2024), future research will
need to investigate which areas of the thalamus are
more associated with MDD. It will also be important to
examine how these subregions are related to specific
symptoms of MDD.

Our proposed method selected FCs with the largest
effect sizes not only in datasets of MDD but also in those
of SCZ and ASD. However, in the ASD data, there was no
significant difference in effect size compared with those
of FCs selected by other methods. This could be due to
the heterogeneity in ASD between the datasets. The
inconsistency in findings regarding resting-state FC in
datasets of ASD has already been discussed (He et al.,
2020), and our current analysis, which showed relatively
low consistency of the ASD data between the discovery
and validation datasets compared with the consistency
of the data of other disorders, further supports this point.
Moving forward, addressing the heterogeneity of diag-
nostic labels through initiatives, such as the Research
Domain Criteria to redefine mental disorders, will be an
important direction for research.
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We found that utilizing these FCs did not enhance the
predictive power of the brain network marker for psychiat-
ric disorders. To investigate the reason, we examined the
characteristics of the selected FCs using large-scale trav-
eling subject data, which can separate various factors
contributing to FC variance. The findings indicate that the
selected FCs were susceptible to influences, such as indi-
vidual differences, within-participant factors, imaging
sites, and imaging protocols. Thus, while these FCs exhib-
ited a large effect size in distinguishing psychiatric disor-
ders, they are also prone to noise, which may compromise
their utility as predictive features. This issue could be
attributed to our use of PCA, as PCA does not differentiate
whether variations originate from biological abnormalities
or confounding factors. There are numerous dimension
reduction techniques, and there is no guarantee that PCA
is the optimal method or that it yields biologically valid
dimensions.

Despite the effectiveness of the proposed PCA-based
feature selection method in identifying FCs with larger
effect sizes associated with psychiatric disorders, several
limitations should be noted. First, while it successfully
extracted robust FCs distinguishing psychiatric disorders
from healthy controls, it did not improve the predictive
performance of the brain network marker, likely due to
the influence of some nonbiological factors on the
selected FCs. Second, because PCA maximizes variance
rather than biological relevance, the per-PC explained
variance is necessarily small in an ~71,000-connection
space; however, this alone does not imply biological irrel-
evance. As larger datasets become available, approaches
that explicitly maximize brain-symptom covariance—
such as canonical correlation analysis (CCA) or partial
least squares (PLS)—may yield components with clearer
clinical interpretability; these methods, however, require
sufficient sample sizes (on the order of ~50 participants
per feature) (Helmer et al., 2024). Third, although the pro-
posed method reduced the reliance on diagnostic labels
compared with conventional supervised approaches, it
still used them. These limitations highlight the need for
alternative dimensionality reduction techniques, strate-
gies to address diagnostic label heterogeneity, and fea-
ture selection methods that are more robust to
confounding factors in future research.

In this study that aimed to extract robust and general-
izable FCs associated with psychiatric disorders from
high-dimensional resting-state FC data, we proposed a
PCA-based feature extraction method. Using our pro-
posed method, we successfully identified key FCs
involved in psychiatric disorders across various datasets.
Interventions targeting these identified FCs could lead to
effective treatments for psychiatric disorders (Kobayashi



A. Yamashita, T. Itahashi, Y. Sakai et al.

Imaging Neuroscience, Volume 4, 2026

et al., 2025; Takamura et al., 2023; Taylor et al., 2022;
Yamada et al., 2017).

DATA AND CODE AVAILABILITY

Most data utilized in this study can be downloaded
publicly from the DecNef Project Brain Data Repository
from datasets (1) and (2) [https://bicr-resource.atr.jp
/srpbsopen/], dataset (3) [https://bicr.atr.jp/dcn/en
/download/harmonization/], dataset (4) [https://mridata
-brainminds-beyond.atr.jp/dataset/bmbts/], dataset (5)
[http://fcon_1000.projects.nitrc.org/indi/retro/cobre
.html], and dataset (6) [https://fcon_1000.projects.nitrc
.org/indi/abide/]. The code used in this study are pub-
licly available on GitHub at https://github.com/
Ayumu722/pca-based-feature-extraction.
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