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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 q 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, q = 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 q < 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. 

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, e) 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.
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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.  PCA of 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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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-

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.

Fig. 2.  Relationship between the principal component (PC) score and factors in the top 20 PCs in MDD: (a) Explained 
variance of the top 20 PCs and their cumulative summation. (b–g) Relationship between each factor and the top 20 
PCs. (b) Difference in PC scores between HCs and individuals 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.
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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 

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 

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 
(0.092)

0.404 
(0.127)

0.532 
(0.095)

0.251 
(0.163)

0.348 
(0.062)

0.223 
(0.128)

0.530 
(0.046)

0.371 
(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.

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.
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(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 

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-

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.
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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-

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 

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.

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.
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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.

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 

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  10-5, dof  =  108; vs. t-test 
[FDR-BH]: t  =  15.36, p  =  1.23  x  10-52, dof  =  9930; vs.  
t-test [Bonferroni]: t  =  6.26, p  =  6.1 x10-10, 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 10-10, dof = 1735); however, it was not significantly 
different from that in the other methods (t-test; vs. 
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LASSO: t = 0.83, p = 0.41, dof = 96; vs. t-test [Bonfer-
roni]: t = 0.44, p = 0.66, dof = 97; Fig. 7b, Table 6). To 
investigate the degree to which the effect sizes were sim-
ilar between the discovery and validation datasets, we 
calculated Pearson’s correlation coefficients between the 
g-values in the discovery and validation datasets for each 
disorder and found that the correlations were highest for 
MDD, followed by SCZ and ASD (r  =  0.57, 0.52, 0.41, 
respectively; Fig.  7c–e). This result indicates that while 
the effects of the disorders were somewhat consistent 
across datasets, ASD showed a relatively lower consis-
tency between the datasets than MDD and SCZ. This 
suggests that the reason the FCs with higher effect size 
were not selected for ASD was the lower consistency of 
the disorder across datasets.

4.  DISCUSSION

In this study, we incorporated approximately 5,000 runs 
of rs-fMRI from 6 datasets, which included individuals 
with 3 different psychiatric disorders, and we demon-
strated that a PCA-based feature selection method 
robustly extracted FCs related to psychiatric disorders 
compared with other conventional supervised feature 
selection methods. Furthermore, we found that the FCs 
selected by our proposed method had larger effect sizes 

than those selected by other conventional supervised 
feature selection methods.

The FCs selected by our proposed method were pri-
marily involved in bilateral thalamic FCs, thalamo-motor 
FCs, and interhemispheric motor FCs in all three psychi-
atric disorders. The involvement of the thalamus in MDD, 
SCZ, and ASD has been discussed historically (Chai 
et al., 2023; Greicius et al., 2007; Kashiwagi et al., 2025; 
Kim et al., 2017; Long et al., 2024; Müller et al., 2017; 
Myung et  al., 2016; Northoff et  al., 2021; Segal et  al., 
2023; L.-N. Wang et  al., 2024; Y. Wang et  al., 2024; 
Young et al., 2004). Recent large-scale studies involving 
over 3,000 participants, including individuals with MDD, 
have consistently shown an increase in FC between the 
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-
analyses of effective connectivity, considering the direc-
tionality of FCs, have suggested that thalamic 
abnormalities serve as a hub in patients with MDD (Yang 
et  al., 2023). At the neuronal level, an increase in the 
number of neurons in the thalamic region has been 
reported in postmortem brains of individuals with MDD 
(Young et al., 2004). While it was unclear whether there 
was an increase in excitatory projection neurons or 

Table 5.  Effect size of selected FCs across methods in SCZ.

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

N 69 41 9,863 777

Discovery Validation Discovery Validation Discovery Validation Discovery Validation

Mean 0.603 
(0.138)

0.373 
(0.098)

0.685 
(0.168)

0.261 
(0.162)

0.393 
(0.092)

0.169 
(0.11)

0.619 
(0.076)

0.276 
(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 
(0.094)

0.165 
(0.066)

0.481 
(0.061)

0.15 
(0.081)

0.374 
(0.041)

0.11 
(0.075)

0.531 
(0.026)

0.158 
(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.
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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.

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 
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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.

AUTHOR CONTRIBUTIONS

Conceptualization: Ayumu Yamashita, Okito Yamashita. 
Data curation: Ayumu Yamashita, Takashi Itahashi, Masa-
hiro Takamura, Hiroki Togo, Yujiro Yoshihara, Tomohisa 
Okada, Hirotaka Yamagata, Kenichiro Harada, Haruto 
Takagishi, Naohiro Okada, Osamu Abe, Takuya Hayashi, 
Shinsuke Koike, Saori C. Tanaka. Formal analysis: Ayumu 
Yamashita. Funding acquisition: Ayumu Yamashita, Yasu-
masa Okamoto, Go Okada, Hidehiko Takahashi, Kiyoto 
Kasai, Mitsuo Kawato, Okito Yamashita. Investigation: 
Ayumu Yamashita, Takashi Itahashi, Yuki Sakai, Mitsuo 
Kawato, Hiroshi Imamizu, Okito Yamashita. Methodol-
ogy: Ayumu Yamashita, Yuki Sakai, Okito Yamashita. 
Project administration: Ayumu Yamashita,Yasumasa 
Okamoto, Go Okada, Ryuichiro Hashimoto, Takashi 
Hanakawa, Toshiya Murai, Koji Matsuo, Hdehiko Taka-
hashi, Kiyoto Kasai, Takuya Hayashi, Shinsuke Koike, 
Saori C. Tanaka, Mitsuo Kawato, Hiroshi Imamizu, Okito 
Yamashita. Software: Ayumu Yamashita. Supervision: 
Okito Yamashita. Visualization: Ayumu Yamashita. 
Writing—original draft: Ayumu Yamashita, Yuki Sakai, 
Mitsuo Kawato, Hiroshi Imamizu, Okito Yamashita. 
Writing—review & editing: All authors.

DECLARATION OF COMPETING INTEREST

A.Y., H.I., M.K., and O.Y. are inventors on patents related 
to methods for harmonization and adjustment of 
neuroimaging-based brain activity classifiers and func-
tional connectivity measures (Japanese Patent Nos. 
7247159 and 6812022; U.S. Patent No. US12390108B2; 
European Patent No. EP3865061B1; Chinese Patent No. 
CN112839577). These patents are conceptually related 
to the general topic of neuroimaging data harmonization; 

however, they are not directly related to the specific 
methods, analyses, or results presented in this study.

ACKNOWLEDGMENTS

We thank the Brain/MINDS Beyond Human Brain MRI 
Group for data collection and coordination. This study 
was supported by AMED (grant numbers: JP18dm 
0307002, JP24wm0625204, JP25wm0625219, JP18dm 
0307003, JP23wm0625001, JP24wm0625502, and JP24 
wm0625401).

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available with 
the online version here: https://doi​.org​/10​.1162​/IMAG​.a​
.1121

REFERENCES

Abraham, A., Milham, M. P., Di Martino, A., Craddock, R. C., 
Samaras, D., Thirion, B., & Varoquaux, G. (2017). Deriving 
reproducible biomarkers from multi-site resting-state data: 
An Autism-based example. NeuroImage, 147, 736–745. 
https://doi​.org​/10​.1016​/j​.neuroimage​.2016​.10​.045

Behzadi, Y., Restom, K., Liau, J., & Liu, T. T. (2007). A 
component based noise correction method (CompCor) 
for BOLD and perfusion based fMRI. NeuroImage, 37(1), 
90–101. https://doi​.org​/10​.1016​/j​.neuroimage​.2007​.04​.042

Benjamini, Y., & Yekutieli, D. (2001). The control of the false 
discovery rate in multiple testing under dependency. 
Annals of Statistics, 29(4), 1165–1188. https://doi​.org​/10​
.1214​/aos​/1013699998

Boelens Keun, J. T., van Heese, E. M., Laansma, M. A., 
Weeland, C. J., de Joode, N. T., van den Heuvel, O. A., 
Gool, J. K., Kasprzak, S., Bright, J. K., Vriend, C., & 
van der Werf, Y. D. (2021). Structural assessment of 
thalamus morphology in brain disorders: A review and 
recommendation of thalamic nucleus segmentation 
and shape analysis. Neuroscience and Biobehavioral 
Reviews, 131, 466–478. https://doi​.org​/10​.1016​/j​
.neubiorev​.2021​.09​.044

Chai, Y., Sheline, Y. I., Oathes, D. J., Balderston, N. L., 
Rao, H., & Yu, M. (2023). Functional connectomics in 
depression: Insights into therapies. Trends in Cognitive 
Sciences, 27(9), 814–832. https://doi​.org​/10​.1016​/j​.tics​
.2023​.05​.006

Chauvin, R. J., Newbold, D. J., Nielsen, A. N., Miller, R. L., 
Krimmel, S. R., Metoki, A., Wang, A., Van, A. N., Montez, 
D. F., Marek, S., Suljic, V., Baden, N. J., Ramirez-Perez, 
N., Scheidter, K. M., Monk, J. S., Whiting, F. I., Adeyemo, 
B., Roland, J. L., Snyder, A. Z., … Dosenbach, N. U. F. 
(2025). Disuse-driven plasticity in the human thalamus 
and putamen. Cell Reports, 44(4), 115570. https://doi​.org​
/10​.1016​/j​.celrep​.2025​.115570

Chen, X., Lu, B., Li, H.-X., Li, X.-Y., Wang, Y.-W., 
Castellanos, F. X., Cao, L.-P., Chen, N.-X., Chen, 
W., Cheng, Y.-Q., Cui, S.-X., Deng, Z.-Y., Fang, Y.-
R., Gong, Q.-Y., Guo, W.-B., Hu, Z.-J.-Y., Kuang, L., 
Li, B.-J., Li, L., … Yan, C.-G. (2022). The DIRECT 
consortium and the REST-meta-MDD project: Towards 
neuroimaging biomarkers of major depressive disorder. 

https://bicr-resource.atr.jp/srpbsopen/
https://bicr-resource.atr.jp/srpbsopen/
https://bicr.atr.jp/dcn/en/download/harmonization/
https://bicr.atr.jp/dcn/en/download/harmonization/
https://mridata-brainminds-beyond.atr.jp/dataset/bmbts/
https://mridata-brainminds-beyond.atr.jp/dataset/bmbts/
http://fcon_1000.projects.nitrc.org/indi/retro/cobre.html
http://fcon_1000.projects.nitrc.org/indi/retro/cobre.html
https://fcon_1000.projects.nitrc.org/indi/abide/
https://fcon_1000.projects.nitrc.org/indi/abide/
https://github.com/Ayumu722/pca-based-feature-extraction
https://github.com/Ayumu722/pca-based-feature-extraction
https://doi.org/10.1162/IMAG.a.1121
https://doi.org/10.1162/IMAG.a.1121
https://doi.org/10.1016/j.neuroimage.2016.10.045
https://doi.org/10.1016/j.neuroimage.2007.04.042
https://doi.org/10.1214/aos/1013699998
https://doi.org/10.1214/aos/1013699998
https://doi.org/10.1016/j.neubiorev.2021.09.044
https://doi.org/10.1016/j.neubiorev.2021.09.044
https://doi.org/10.1016/j.tics.2023.05.006
https://doi.org/10.1016/j.tics.2023.05.006
https://doi.org/10.1016/j.celrep.2025.115570
https://doi.org/10.1016/j.celrep.2025.115570


16

A. Yamashita, T. Itahashi, Y. Sakai et al.	 Imaging Neuroscience, Volume 4, 2026

Psychoradiology, 2(1), 32–42. https://doi​.org​/10​.1093​
/psyrad​/kkac005

Ciric, R., Wolf, D. H., Power, J. D., Roalf, D. R., Baum, G. L., 
Ruparel, K., Shinohara, R. T., Elliott, M. A., Eickhoff, 
S. B., Davatzikos, C., Gur, R. C., Gur, R. E., Bassett, 
D. S., & Satterthwaite, T. D. (2017). Benchmarking of 
participant-level confound regression strategies for 
the control of motion artifact in studies of functional 
connectivity. NeuroImage, 154, 174–187. https://doi​.org​
/10​.1016​/j​.neuroimage​.2017​.03​.020

Di Martino, A., Yan, C.-G., Li, Q., Denio, E., Castellanos, 
F. X., Alaerts, K., Anderson, J. S., Assaf, M., Bookheimer, 
S. Y., Dapretto, M., Deen, B., Delmonte, S., Dinstein, I., 
Ertl-Wagner, B., Fair, D. a., Gallagher, L., Kennedy, D. P., 
Keown, C. L., Keysers, C., … Milham, M. P. (2013). The 
autism brain imaging data exchange: Towards a large-
scale evaluation of the intrinsic brain architecture in 
autism. Molecular Psychiatry, 19(6), 659–667. https://doi​
.org​/10​.1038​/mp​.2013​.78

Di Martino, A., O’Connor, D., Chen, B., Alaerts, K., 
Anderson, J. S., Assaf, M., Balsters, J. H., Baxter, 
L., Beggiato, A., Bernaerts, S., Blanken, L. M. E., 
Bookheimer, S. Y., Braden, B. B., Byrge, L., Castellanos, 
F. X., Dapretto, M., Delorme, R., Fair, D. A., Fishman, 
I., … Milham, M. P. (2017). Enhancing studies of the 
connectome in autism using the autism brain imaging 
data exchange II. Scientific Data, 4, 170010. https://doi​
.org​/10​.1038​/sdata​.2017​.10

Dickie, E. W., Anticevic, A., Smith, D. E., Coalson, T. S., 
Manogaran, M., Calarco, N., Viviano, J. D., Glasser, 
M. F., Van Essen, D. C., & Voineskos, A. N. (2019). Ciftify: 
A framework for surface-based analysis of legacy MR 
acquisitions. NeuroImage, 197, 818–826. https://doi​.org​
/10​.1016​/j​.neuroimage​.2019​.04​.078

Drysdale, A. T., Grosenick, L., Downar, J., Dunlop, K., 
Mansouri, F., Meng, Y., Fetcho, R. N., Zebley, B., 
Oathes, D. J., Etkin, A., Schatzberg, A. F., Sudheimer, K., 
Keller, J., Mayberg, H. S., Gunning, F. M., Alexopoulos, 
G. S., Fox, M. D., Pascual-Leone, A., Voss, H. U., … 
Liston, C. (2017). Resting-state connectivity biomarkers 
define neurophysiological subtypes of depression. 
Nature Medicine, 23(1), 28–38. https://doi​.org​/10​.1038​
/nm​.4246

Esteban, O., Markiewicz, C. J., Blair, R. W., Moodie, C. A., 
Isik, A. I., Erramuzpe, A., Kent, J. D., Goncalves, M., 
DuPre, E., Snyder, M., Oya, H., Ghosh, S. S., Wright, J., 
Durnez, J., Poldrack, R. A., & Gorgolewski, K. J. (2019). 
fMRIPrep: A robust preprocessing pipeline for functional 
MRI. Nature Methods, 16(1), 111–116. https://doi​.org​/10​
.1038​/s41592​-018​-0235​-4

Fortin, J.-P., Cullen, N., Sheline, Y. I., Taylor, W. D., 
Aselcioglu, I., Cook, P. A., Adams, P., Cooper, C.,  
Fava, M., McGrath, P. J., McInnis, M., Phillips, 
M. L., Trivedi, M. H., Weissman, M. M., & Shinohara, 
R. T. (2018). Harmonization of cortical thickness 
measurements across scanners and sites. NeuroImage, 
167, 104–120. https://doi​.org​/10​.1016​/j​.neuroimage​.2017​
.11​.024

Fortin, J.-P., Parker, D., Tunç, B., Watanabe, T., Elliott, 
M. A., Ruparel, K., Roalf, D. R., Satterthwaite, T. D., Gur, 
R. C., Gur, R. E., Schultz, R. T., Verma, R., & Shinohara, 
R. T. (2017). Harmonization of multi-site diffusion tensor 
imaging data. NeuroImage, 161, 149–170. https://doi​.org​
/10​.1016​/j​.neuroimage​.2017​.08​.047

Fortin, J.-P., Sweeney, E. M., Muschelli, J., Crainiceanu, 
C. M., Shinohara, R. T., Alzheimer, T., & Initiative, N. 
(2016). Removing inter-subject technical variability in 
magnetic resonance imaging studies. NeuroImage, 132, 

198–212. https://doi​.org​/10​.1016​/j​.neuroimage​.2016​.02​
.036

Gallo, S., El-Gazzar, A., Zhutovsky, P., Thomas, R. M., 
Javaheripour, N., Li, M., Bartova, L., Bathula, D., 
Dannlowski, U., Davey, C., Frodl, T., Gotlib, I., Grimm, 
S., Grotegerd, D., Hahn, T., Hamilton, P. J., Harrison, 
B. J., Jansen, A., Kircher, T., … van Wingen, G. (2023). 
Functional connectivity signatures of major depressive 
disorder: Machine learning analysis of two multicenter 
neuroimaging studies. Molecular Psychiatry, 28(7), 
3013–3022. https://doi​.org​/10​.1038​/s41380​-023​ 
-01977​-5

Glasser, M. F., Coalson, T. S., Robinson, E. C., Hacker, 
C. D., Harwell, J., Yacoub, E., Ugurbil, K., Andersson, 
J., Beckmann, C. F., Jenkinson, M., Smith, S. M., & Van 
Essen, D. C. (2016). A multi-modal parcellation of human 
cerebral cortex. Nature, 536(7615), 171–178. https://doi​
.org​/10​.1038​/nature18933

Glasser, M. F., Smith, S. M., Marcus, D. S., Andersson, 
J. L. R., Auerbach, E. J., Behrens, T. E. J., Coalson, T. S., 
Harms, M. P., Jenkinson, M., Moeller, S., Robinson, E. C., 
Sotiropoulos, S. N., Xu, J., Yacoub, E., Ugurbil, K., & Van 
Essen, D. C. (2016). The Human Connectome Project’s 
neuroimaging approach. Nature Neuroscience, 19(9), 
1175–1187. https://doi​.org​/10​.1038​/nn​.4361

Greicius, M. D., Flores, B. H., Menon, V., Glover, G. H., 
Solvason, H. B., Kenna, H., Reiss, A. L., & Schatzberg, 
A. F. (2007). Resting-state functional connectivity in 
major depression: Abnormally increased contributions 
from subgenual cingulate cortex and thalamus. 
Biological Psychiatry, 62(5), 429–437. https://doi​.org​/10​
.1016​/j​.biopsych​.2006​.09​.020

He, Y., Byrge, L., & Kennedy, D. P. (2020). Nonreplication of 
functional connectivity differences in autism spectrum 
disorder across multiple sites and denoising strategies. 
Human Brain Mapping, 41(5), 1334–1350. https://doi​.org​
/10​.1002​/hbm​.24879

Helmer, M., Warrington, S., Mohammadi-Nejad, A.-
R., Ji, J. L., Howell, A., Rosand, B., Anticevic, A., 
Sotiropoulos, S. N., & Murray, J. D. (2024). On the 
stability of canonical correlation analysis and partial least 
squares with application to brain-behavior associations. 
Communications Biology, 7(1), 1–15. https://doi​.org​/10​
.1101​/2020​.08​.25​.265546

Ichikawa, N., Lisi, G., Yahata, N., Okada, G., Takamura, 
M., Hashimoto, R.-I., Yamada, T., Yamada, M., Suhara, 
T., Moriguchi, S., Mimura, M., Yoshihara, Y., Takahashi, 
H., Kasai, K., Kato, N., Yamawaki, S., Seymour, B., 
Kawato, M., Morimoto, J., & Okamoto, Y. (2020). 
Primary functional brain connections associated with 
melancholic major depressive disorder and modulation 
by antidepressants. Scientific Reports, 10(1), 3542. 
https://doi​.org​/10​.1038​/s41598​-020​-73436​-y

Itahashi, T., Yamashita, A., Takahara, Y., Yahata, N., Aoki, 
Y. Y., Fujino, J., Yoshihara, Y., Nakamura, M., Aoki, R., 
Okimura, T., Ohta, H., Sakai, Y., Takamura, M., Ichikawa, 
N., Okada, G., Okada, N., Kasai, K., Tanaka, S. C., 
Imamizu, H., … Hashimoto, R.-I. (2024). Generalizable 
and transportable resting-state neural signatures 
characterized by functional networks, neurotransmitters, 
and clinical symptoms in autism. Molecular Psychiatry, 
30(4), 1466–1478. https://doi​.org​/10​.1038​/s41380​-024​
-02759​-3

Johnson, W. E., Li, C., & Rabinovic, A. (2007). Adjusting 
batch effects in microarray expression data using 
empirical Bayes methods. Biostatistics (Oxford, England), 
8(1), 118–127. https://doi​.org​/10​.1093​/biostatistics​
/kxj037

https://doi.org/10.1093/psyrad/kkac005
https://doi.org/10.1093/psyrad/kkac005
https://doi.org/10.1016/j.neuroimage.2017.03.020
https://doi.org/10.1016/j.neuroimage.2017.03.020
https://doi.org/10.1038/mp.2013.78
https://doi.org/10.1038/mp.2013.78
https://doi.org/10.1038/sdata.2017.10
https://doi.org/10.1038/sdata.2017.10
https://doi.org/10.1016/j.neuroimage.2019.04.078
https://doi.org/10.1016/j.neuroimage.2019.04.078
https://doi.org/10.1038/nm.4246
https://doi.org/10.1038/nm.4246
https://doi.org/10.1038/s41592-018-0235-4
https://doi.org/10.1038/s41592-018-0235-4
https://doi.org/10.1016/j.neuroimage.2017.11.024
https://doi.org/10.1016/j.neuroimage.2017.11.024
https://doi.org/10.1016/j.neuroimage.2017.08.047
https://doi.org/10.1016/j.neuroimage.2017.08.047
https://doi.org/10.1016/j.neuroimage.2016.02.036
https://doi.org/10.1016/j.neuroimage.2016.02.036
https://doi.org/10.1038/s41380-023-01977-5
https://doi.org/10.1038/s41380-023-01977-5
https://doi.org/10.1038/nature18933
https://doi.org/10.1038/nature18933
https://doi.org/10.1038/nn.4361
https://doi.org/10.1016/j.biopsych.2006.09.020
https://doi.org/10.1016/j.biopsych.2006.09.020
https://doi.org/10.1002/hbm.24879
https://doi.org/10.1002/hbm.24879
https://doi.org/10.1101/2020.08.25.265546
https://doi.org/10.1101/2020.08.25.265546
https://doi.org/10.1038/s41598-020-73436-y
https://doi.org/10.1038/s41380-024-02759-3
https://doi.org/10.1038/s41380-024-02759-3
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1093/biostatistics/kxj037


17

A. Yamashita, T. Itahashi, Y. Sakai et al.	 Imaging Neuroscience, Volume 4, 2026

Kashiwagi, Y., Tokuda, T., Takahara, Y., Masaki, Y., Sakai, 
Y., Yoshimoto, J., Yamashita, A., Yoshioka, T., Ogawa, 
K., Okada, G., Okamoto, Y., Kawato, M., & Yamashita, 
O. (2025). Generalizable stratification based on thalamo-
somatomotor functional connectivity predicts responses 
to antidepressants in patients with depression. Molecular 
Psychiatry, 31(1), 270–281. https://doi​.org​/10​.1038​
/s41380​-025​-03224​-5

Kawashima, T., Yamashita, A., Yoshihara, Y., Kobayashi, 
Y., Okada, N., Kasai, K., Huang, M.-C., Sawa, A., 
Yoshimoto, J., Yamashita, O., Murai, T., Miyata, J., 
Kawato, M., & Takahashi, H. (2024). Generalisable 
functional imaging classifiers of schizophrenia 
have multifunctionality as trait, state, and staging 
biomarkers. bioRxiv. https://doi​.org​/10​.1101​/2024​.01​
.02​.23300101

Kessler, R. C., Aguilar-Gaxiola, S., Alonso, J., Chatterji, 
S., Lee, S., Ormel, J., Ustün, T. B., & Wang, P. S. (2009). 
The global burden of mental disorders: An update 
from the WHO World Mental Health (WMH) surveys. 
Epidemiologia e Psichiatria Sociale, 18(1), 23–33. https://
doi​.org​/10​.1017​/s1121189x00001421

Kim, K., Kim, S.-W., Myung, W., Han, C. E., Fava, M., 
Mischoulon, D., Papakostas, G. I., Seo, S. W., Cho, H., 
Seong, J.-K., & Jeon, H. J. (2017). Reduced orbitofrontal-
thalamic functional connectivity related to suicidal 
ideation in patients with major depressive disorder. 
Scientific Reports, 7(1), 15772. https://doi​.org​/10​.1038​
/s41598​-017​-15926​-0

Kobayashi, Y., Asai, T., Yoshihara, Y., Yamashita, M., 
Nakamura, H., Shimizu, M., Kawashima, T., Miyata, J., 
Kawato, M., Murai, T., Imamizu, H., & Takahashi, H. 
(2025). Enhancement of the left frontoparietal network 
through real-time functional magnetic resonance imaging 
functional connectivity-informed neurofeedback and 
its impact on working memory in schizophrenia: A pilot 
study. Psychiatry and Clinical Neurosciences, 79(9), 
531–544. https://doi​.org​/10​.1111​/pcn​.13849

Koike, S., Tanaka, S. C., Okada, T., Aso, T., Yamashita, 
A., Yamashita, O., Asano, M., Maikusa, N., Morita, 
K., Okada, N., Fukunaga, M., Uematsu, A., Togo, H., 
Miyazaki, A., Murata, K., Urushibata, Y., Autio, J., Ose, 
T., Yoshimoto, J., … Hayashi, T. (2021). Brain/MINDS 
beyond human brain MRI project: A protocol for multi-
level harmonization across brain disorders throughout 
the lifespan. NeuroImage: Clinical, 30, 102600. https://
doi​.org​/10​.1016​/j​.nicl​.2021​.102600

Kurita, K., Obata, T., Sutoh, C., Matsuzawa, D., Yoshinaga, 
N., Kershaw, J., Chhatkuli, R. B., Ota, J., Shimizu, E., & 
Hirano, Y. (2023). Individual cognitive therapy reduces 
frontal-thalamic resting-state functional connectivity in 
social anxiety disorder. Frontiers in Psychiatry / Frontiers 
Research Foundation, 14, 1233564. https://doi​.org​/10​
.3389​/fpsyt​.2023​.1233564

Long, J.-Y., Qin, K., Pan, N., Fan, W.-L., & Li, Y. (2024). 
Impaired topology and connectivity of grey matter 
structural networks in major depressive disorder: 
Evidence from a multi-site neuroimaging data-set. The 
British Journal of Psychiatry: The Journal of Mental 
Science, 224(5), 170–178. https://doi​.org​/10​.1192​/bjp​
.2024​.41

Marek, S., Tervo-Clemmens, B., Calabro, F. J., Montez, 
D. F., Kay, B. P., Hatoum, A. S., Donohue, M. R., Foran, 
W., Miller, R. L., Hendrickson, T. J., Malone, S. M., 
Kandala, S., Feczko, E., Miranda-Dominguez, O., 
Graham, A. M., Earl, E. A., Perrone, A. J., Cordova, M., 
Doyle, O., … Dosenbach, N. U. F. (2022). Reproducible 
brain-wide association studies require thousands of 

individuals. Nature, 603(7902), 654–660. https://doi​.org​
/10​.1038​/s41586​-022​-04492​-9

Morishita, T., Sakai, Y., Iida, H., Yoshimura, S., Fujioka, 
S., Oda, K., Tanaka, S. C., & Abe, H. (2023). Precision 
mapping of thalamic deep brain stimulation lead 
positions associated with the microlesion effect in 
Tourette syndrome. Neurosurgery, 93(4), 875–883. 
https://doi​.org​/10​.1227​/neu​.0000000000002484

Müller, V. I., Cieslik, E. C., Serbanescu, I., Laird, A. R., 
Fox, P. T., & Eickhoff, S. B. (2017). Altered brain activity 
in unipolar depression revisited: Meta-analyses of 
neuroimaging studies. JAMA Psychiatry, 74(1), 47–55. 
https://doi​.org​/10​.1001​/jamapsychiatry​.2016​.2783

Myung, W., Han, C. E., Fava, M., Mischoulon, D., 
Papakostas, G. I., Heo, J.-Y., Kim, K. W., Kim, S. T., Kim, 
D. J. H., Kim, D. K., Seo, S. W., Seong, J.-K., & Jeon, 
H. J. (2016). Reduced frontal-subcortical white matter 
connectivity in association with suicidal ideation in major 
depressive disorder. Translational Psychiatry, 6(6), e835. 
https://doi​.org​/10​.1038​/tp​.2016​.110

Newbold, D. J., Laumann, T. O., Hoyt, C. R., Hampton, 
J. M., Montez, D. F., Raut, R. V., Ortega, M., Mitra, A., 
Nielsen, A. N., Miller, D. B., Adeyemo, B., Nguyen, A. L., 
Scheidter, K. M., Tanenbaum, A. B., Van, A. N., Marek, 
S., Schlaggar, B. L., Carter, A. R., Greene, D. J., … 
Dosenbach, N. U. F. (2020). Plasticity and spontaneous 
activity pulses in disused human brain circuits. Neuron, 
107(3), 580-589.e6. https://doi​.org​/10​.1016​/j​.neuron​
.2020​.05​.007

Noble, S., Scheinost, D., & Constable, R. T. (2019). A 
decade of test-retest reliability of functional connectivity: 
A systematic review and meta-analysis. NeuroImage, 
203, 116157. https://doi​.org​/10​.1016​/j​.neuroimage​.2019​
.116157

Noble, S., Scheinost, D., Finn, E. S., Shen, X., 
Papademetris, X., McEwen, S. C., Bearden, C. E., 
Addington, J., Goodyear, B., Cadenhead, K. S., 
Mirzakhanian, H., Cornblatt, B. A., Olvet, D. M., 
Mathalon, D. H., McGlashan, T. H., Perkins, D. O., 
Belger, A., Seidman, L. J., Thermenos, H., … Constable, 
R. T. (2017). Multisite reliability of MR-based functional 
connectivity. NeuroImage, 146, 959–970. https://doi​.org​
/10​.1016​/j​.neuroimage​.2016​.10​.020

Noble, S., Spann, M. N., Tokoglu, F., Shen, X., Constable, 
R. T., & Scheinost, D. (2017). Influences on the test-
retest reliability of functional connectivity MRI and its 
relationship with behavioral utility. Cerebral Cortex, 
27(11), 5415–5429. https://doi​.org​/10​.1093​/cercor​
/bhx230

Noetel, M., Sanders, T., Gallardo-Gómez, D., Taylor, P., del 
Pozo Cruz, B., van den Hoek, D., Smith, J. J., Mahoney, 
J., Spathis, J., Moresi, M., Pagano, R., Pagano, L., 
Vasconcellos, R., Arnott, H., Varley, B., Parker, P., 
Biddle, S., & Lonsdale, C. (2024). Effect of exercise 
for depression: Systematic review and network meta-
analysis of randomised controlled trials. BMJ, 384, 
e075847. https://doi​.org​/10​.1136​/bmj​-2023​-075847

Northoff, G., Hirjak, D., Wolf, R. C., Magioncalda, P., & 
Martino, M. (2021). All roads lead to the motor cortex: 
Psychomotor mechanisms and their biochemical 
modulation in psychiatric disorders. Molecular 
Psychiatry, 26(1), 92–102. https://doi​.org​/10​.1038​
/s41380​-020​-0814​-5

Power, J. D., Mitra, A., Laumann, T. O., Snyder, A. Z., 
Schlaggar, B. L., & Petersen, S. E. (2014). Methods 
to detect, characterize, and remove motion artifact in 
resting state fMRI. NeuroImage, 84, 320–341. https://doi​
.org​/10​.1016​/j​.neuroimage​.2013​.08​.048

https://doi.org/10.1038/s41380-025-03224-5
https://doi.org/10.1038/s41380-025-03224-5
https://doi.org/10.1101/2024.01.02.23300101
https://doi.org/10.1101/2024.01.02.23300101
https://doi.org/10.1017/s1121189x00001421
https://doi.org/10.1017/s1121189x00001421
https://doi.org/10.1038/s41598-017-15926-0
https://doi.org/10.1038/s41598-017-15926-0
https://doi.org/10.1111/pcn.13849
https://doi.org/10.1016/j.nicl.2021.102600
https://doi.org/10.1016/j.nicl.2021.102600
https://doi.org/10.3389/fpsyt.2023.1233564
https://doi.org/10.3389/fpsyt.2023.1233564
https://doi.org/10.1192/bjp.2024.41
https://doi.org/10.1192/bjp.2024.41
https://doi.org/10.1038/s41586-022-04492-9
https://doi.org/10.1038/s41586-022-04492-9
https://doi.org/10.1227/neu.0000000000002484
https://doi.org/10.1001/jamapsychiatry.2016.2783
https://doi.org/10.1038/tp.2016.110
https://doi.org/10.1016/j.neuron.2020.05.007
https://doi.org/10.1016/j.neuron.2020.05.007
https://doi.org/10.1016/j.neuroimage.2019.116157
https://doi.org/10.1016/j.neuroimage.2019.116157
https://doi.org/10.1016/j.neuroimage.2016.10.020
https://doi.org/10.1016/j.neuroimage.2016.10.020
https://doi.org/10.1093/cercor/bhx230
https://doi.org/10.1093/cercor/bhx230
https://doi.org/10.1136/bmj-2023-075847
https://doi.org/10.1038/s41380-020-0814-5
https://doi.org/10.1038/s41380-020-0814-5
https://doi.org/10.1016/j.neuroimage.2013.08.048
https://doi.org/10.1016/j.neuroimage.2013.08.048


18

A. Yamashita, T. Itahashi, Y. Sakai et al.	 Imaging Neuroscience, Volume 4, 2026

Schaefer, A., Kong, R., Gordon, E. M., Laumann, T. O., 
Zuo, X.-N., Holmes, A. J., Eickhoff, S. B., & Yeo, B. T. T. 
(2018). Local-global parcellation of the human cerebral 
cortex from intrinsic functional connectivity MRI. 
Cerebral Cortex (New York, N.Y.: 1991), 28(9), 3095–
3114. https://doi​.org​/10​.1093​/cercor​/bhx179

Segal, A., Parkes, L., Aquino, K., Kia, S. M., Wolfers, T., 
Franke, B., Hoogman, M., Beckmann, C. F., Westlye, 
L. T., Andreassen, O. A., Zalesky, A., Harrison, B. J., 
Davey, C. G., Soriano-Mas, C., Cardoner, N., Tiego, 
J., Yücel, M., Braganza, L., Suo, C., … Fornito, A. 
(2023). Regional, circuit and network heterogeneity of 
brain abnormalities in psychiatric disorders. Nature 
Neuroscience, 26(9), 1613–1629. https://doi​.org​/10​.1101​
/2022​.03​.07​.22271986

Spisak, T., Bingel, U., & Wager, T. D. (2023). Multivariate 
BWAS can be replicable with moderate sample sizes 
[Review of Multivariate BWAS can be replicable with 
moderate sample sizes]. Nature, 615(7951), E4–E7. 
https://doi​.org​/10​.1038​/s41586​-023​-05745​-x

Taguchi, Y.-H. (2017). Principal components analysis 
based unsupervised feature extraction applied to gene 
expression analysis of blood from dengue haemorrhagic 
fever patients. Scientific Reports, 7, 44016. https://doi​
.org​/10​.1038​/srep44016

Takagi, Y., Sakai, Y., Lisi, G., Yahata, N., Abe, Y., Nishida, 
S., Nakamae, T., Morimoto, J., Kawato, M., Narumoto, 
J., & Tanaka, S. C. (2017). A neural marker of obsessive-
compulsive disorder from whole-brain functional 
connectivity. Scientific Reports, 7(1), 7538. https://doi​
.org​/10​.1038​/s41598​-017​-07792​-7

Takamura, M., Okada, G., Kamishikiryo, T., Itai, E., Kato, 
M., Motegi, T., Taylor, J. E., Yoshioka, T., Kawato, M., & 
Okamoto, Y. (2023). Application of functional connectivity 
neurofeedback in patients with treatment-resistant 
depression: A preliminary report. Journal of Affective 
Disorders Reports, 14(100644), 100644. https://doi​.org​
/10​.1016​/j​.jadr​.2023​.100644

Tanaka, S. C., Yamashita, A., Yahata, N., Itahashi, T., Lisi, 
G., Yamada, T., Ichikawa, N., Takamura, M., Yoshihara, 
Y., Kunimatsu, A., Okada, N., Hashimoto, R., Okada, 
G., Sakai, Y., Morimoto, J., Narumoto, J., Shimada, Y., 
Mano, H., Yoshida, W., … Imamizu, H. (2021). A multi-
site, multi-disorder resting-state magnetic resonance 
image database. Scientific Data, 8(1), 227. https://doi​.org​
/10​.1038​/s41597​-021​-01004​-8

Taylor, J. E., Yamada, T., Kawashima, T., Kobayashi, 
Y., Yoshihara, Y., Miyata, J., Murai, T., Kawato, M., & 
Motegi, T. (2022). Depressive symptoms reduce when 
dorsolateral prefrontal cortex-precuneus connectivity 
normalizes after functional connectivity neurofeedback. 
Scientific Reports, 12(1), 2581. https://doi​.org​/10​.1038​
/s41598​-022​-05860​-1

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., 
Crivello, F., Etard, O., Delcroix, N., Mazoyer, B., & 
Joliot, M. (2002). Automated anatomical labeling of 
activations in SPM using a macroscopic anatomical 
parcellation of the MNI MRI single-subject brain. 
NeuroImage, 15(1), 273–289. https://doi​.org​/10​.1006​
/nimg​.2001​.0978

Vogel, J. W., Corriveau-Lecavalier, N., Franzmeier, N., 
Pereira, J. B., Brown, J. A., Maass, A., Botha, H., Seeley, 
W. W., Bassett, D. S., Jones, D. T., & Ewers, M. (2023). 
Connectome-based modelling of neurodegenerative 
diseases: Towards precision medicine and mechanistic 
insight. Nature Reviews. Neuroscience, 24(10), 620–639. 
https://doi​.org​/10​.1038​/s41583​-023​-00731​-8

Wang, L.-N., Lin, S., Tian, L., Wu, H., Jin, W.-Q., Wang, 
W., Pan, W.-G., Yang, C.-L., Ren, Y.-P., Ma, X., & Tang, 
Y.-L. (2024). Subregional thalamic functional connectivity 
abnormalities and cognitive impairments in first-episode 
schizophrenia. Asian Journal of Psychiatry, 96, 104042. 
https://doi​.org​/10​.1016​/j​.ajp​.2024​.104042

Wang, Y., Yang, Y., Xu, W., Yao, X., Xie, X., Zhang, L., 
Sun, J., Wang, L., Hua, Q., He, K., Tian, Y., Wang, K., 
& Ji, G.-J. (2024). Heterogeneous brain abnormalities 
in schizophrenia converge on a common network 
associated with symptom remission. Schizophrenia 
Bulletin, 50(3), 545–556. https://doi​.org​/10​.1093​/schbul​
/sbae003

Williams, B., Nguyen, D., Vidal, J. P., & Saranathan, M. 
(2024). Thalamic nuclei segmentation from T1-weighted 
MRI: Unifying and benchmarking state-of-the-art 
methods. Imaging Neuroscience, 2, 1–16. https://doi​.org​
/10​.1162​/imag​_a​_00166

Woo, C. W., Chang, L. J., Lindquist, M. A., & Wager, T. D. 
(2017). Building better biomarkers: Brain models in 
translational neuroimaging. Nature Neuroscience, 20(3), 
365–377. https://doi​.org​/10​.1038​/nn​.4478

Yahata, N., Morimoto, J., Hashimoto, R., Lisi, G., Shibata, 
K., Kawakubo, Y., Kuwabara, H., Kuroda, M., Yamada, T., 
Megumi, F., Imamizu, H., Náñez, J. E., Sr, Takahashi, H., 
Okamoto, Y., Kasai, K., Kato, N., Sasaki, Y., Watanabe, 
T., & Kawato, M. (2016). A small number of abnormal 
brain connections predicts adult autism spectrum 
disorder. Nature Communications, 7, 11254. https://doi​
.org​/10​.1038​/ncomms11254

Yamada, T., Hashimoto, R. I., Yahata, N., Ichikawa, 
N., Yoshihara, Y., Okamoto, Y., Kato, N., Takahashi, 
H., & Kawato, M. (2017). Resting-state functional 
connectivity-based biomarkers and functional mri-
based neurofeedback for psychiatric disorders: A 
challenge for developing theranostic biomarkers. The 
International Journal of Neuropsychopharmacology / 
Official Scientific Journal of the Collegium Internationale 
Neuropsychopharmacologicum, 20(10), 769–781. https://
doi​.org​/10​.1093​/ijnp​/pyx059

Yamashita, A., Sakai, Y., Yamada, T., Yahata, N., Kunimatsu, 
A., Okada, N., Itahashi, T., Hashimoto, R., Mizuta, H., 
Ichikawa, N., Takamura, M., Okada, G., Yamagata, H., 
Harada, K., Matsuo, K., Tanaka, S. C., Kawato, M., Kasai, 
K., Kato, N., … Imamizu, H. (2020). Generalizable brain 
network markers of major depressive disorder across 
multiple imaging sites. PLoS Biology, 18(12), e3000966. 
https://doi​.org​/10​.1371​/journal​.pbio​.3000966

Yamashita, A., Yahata, N., Itahashi, T., Lisi, G., Yamada, T., 
Ichikawa, N., Takamura, M., Yoshihara, Y., Kunimatsu, 
A., Okada, N., Yamagata, H., Matsuo, K., Hashimoto, 
R., Okada, G., Sakai, Y., Morimoto, J., Narumoto, 
J., Shimada, Y., Kasai, K., … Imamizu, H. (2019). 
Harmonization of resting-state functional MRI data 
across multiple imaging sites via the separation of site 
differences into sampling bias and measurement bias. 
PLoS Biology, 17(4), e3000042. https://doi​.org​/10​.1371​
/journal​.pbio​.3000042

Yamashita, O., Yamashita, A., Takahara, Y., Sakai, Y., 
Okamoto, Y., Okada, G., Takamura, M., Nakamura, M., 
Itahashi, T., Hanakawa, T., Togo, H., Yoshihara, Y., Murai, 
T., Okada, T., Narumoto, J., Takahashi, H., Takagishi, 
H., Hosomi, K., Kasai, K., …Kawato, M. (2025). 
Computational mechanisms of neuroimaging biomarkers 
uncovered by multicenter resting-state fMRI connectivity 
variation profile. Molecular Psychiatry, 30(11), 5463–
5474. https://doi​.org​/10​.1038​/s41380​-025​-03134​-6

https://doi.org/10.1093/cercor/bhx179
https://doi.org/10.1101/2022.03.07.22271986
https://doi.org/10.1101/2022.03.07.22271986
https://doi.org/10.1038/s41586-023-05745-x
https://doi.org/10.1038/srep44016
https://doi.org/10.1038/srep44016
https://doi.org/10.1038/s41598-017-07792-7
https://doi.org/10.1038/s41598-017-07792-7
https://doi.org/10.1016/j.jadr.2023.100644
https://doi.org/10.1016/j.jadr.2023.100644
https://doi.org/10.1038/s41597-021-01004-8
https://doi.org/10.1038/s41597-021-01004-8
https://doi.org/10.1038/s41598-022-05860-1
https://doi.org/10.1038/s41598-022-05860-1
https://doi.org/10.1006/nimg.2001.0978
https://doi.org/10.1006/nimg.2001.0978
https://doi.org/10.1038/s41583-023-00731-8
https://doi.org/10.1016/j.ajp.2024.104042
https://doi.org/10.1093/schbul/sbae003
https://doi.org/10.1093/schbul/sbae003
https://doi.org/10.1162/imag_a_00166
https://doi.org/10.1162/imag_a_00166
https://doi.org/10.1038/nn.4478
https://doi.org/10.1038/ncomms11254
https://doi.org/10.1038/ncomms11254
https://doi.org/10.1093/ijnp/pyx059
https://doi.org/10.1093/ijnp/pyx059
https://doi.org/10.1371/journal.pbio.3000966
https://doi.org/10.1371/journal.pbio.3000042
https://doi.org/10.1371/journal.pbio.3000042
https://doi.org/10.1038/s41380-025-03134-6


19

A. Yamashita, T. Itahashi, Y. Sakai et al.	 Imaging Neuroscience, Volume 4, 2026

Yang, C., Xiao, K., Ao, Y., Cui, Q., Jing, X., & Wang, Y. 
(2023). The thalamus is the causal hub of intervention 
in patients with major depressive disorder: Evidence 
from the Granger causality analysis. NeuroImage. 
Clinical, 37, 103295. https://doi​.org​/10​.1016​/j​.nicl​.2022​
.103295

Yoshihara, Y., Lisi, G., Yahata, N., Fujino, J., Matsumoto, 
Y., Miyata, J., Sugihara, G.-I., Urayama, S.-I., Kubota, 
M., Yamashita, M., Hashimoto, R., Ichikawa, N., Cahn, 
W., van Haren, N. E. M., Mori, S., Okamoto, Y., Kasai, 
K., Kato, N., Imamizu, H., … Takahashi, H. (2020). 
Overlapping but asymmetrical relationships between 
schizophrenia and autism revealed by brain connectivity. 
Schizophrenia Bulletin, 46(5), 1210–1218. https://doi​.org​
/10​.1093​/schbul​/sbaa021

Young, K. A., Holcomb, L. A., Yazdani, U., Hicks, P. B., & 
German, D. C. (2004). Elevated neuron number in the 
limbic thalamus in major depression. The American 
Journal of Psychiatry, 161(7), 1270–1277. https://doi​.org​
/10​.1176​/appi​.ajp​.161​.7​.1270

Yu, M., Linn, K. A., Cook, P. A., Phillips, M. L., McInnis, M., 
Fava, M., Trivedi, M. H., Weissman, M. M., Shinohara, R. T., 
& Sheline, Y. I. (2018). Statistical harmonization corrects 
site effects in functional connectivity measurements 
from multi-site fMRI data. Human Brain Mapping, 39(11), 
4213–4227. https://doi​.org​/10​.1002​/hbm​.24241

Zhang, Y., Zhang, Y., Ai, H., Van Dam, N. T., Qian, L., Hou, 
G., & Xu, P. (2022). Microstructural deficits of the thalamus 
in major depressive disorder. Brain Communications, 4(5), 
fcac236. https://doi​.org​/10​.1093​/braincomms​/fcac236

https://doi.org/10.1016/j.nicl.2022.103295
https://doi.org/10.1016/j.nicl.2022.103295
https://doi.org/10.1093/schbul/sbaa021
https://doi.org/10.1093/schbul/sbaa021
https://doi.org/10.1176/appi.ajp.161.7.1270
https://doi.org/10.1176/appi.ajp.161.7.1270
https://doi.org/10.1002/hbm.24241
https://doi.org/10.1093/braincomms/fcac236

