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ABSTRACT

Neuropsychiatric disorders are associated with altered functional connectivity (FC); however, the reported regional patterns of
functional alterations suffered from low replicability and high variability. This is partly because of differences in the atlas and
delineation techniques used to measure FC-related deficits within/across disorders. We systematically investigated the impact
of the brain parcellation approach on the FC-based brain network analysis. We focused on identifying the replicable FCs using
three structural brain atlases, including Automated Anatomical Labeling (AAL), Brainnetome atlas (BNA) and HCP_ MMP_1.0,
and four functional brain parcellation approaches: Yeo-Networks (Yeo), Gordon parcel (Gordon) and two Schaefer parcelletions,
among correlation, group difference, and classification tasks in six neuropsychiatric disorders: attention deficit and hyperac-
tivity disorder (ADHD, n = 340), autism spectrum disorder (ASD, n = 513), schizophrenia (SZ, n=200), schizoaffective disorder
(SAD, n=142), bipolar disorder (BP, n=172), and major depression disorder (MDD, n=282). Our cross-atlas/disorder analyses
demonstrated that frontal-related FC deficits were reproducible in all disorders, independent of the atlasing approach; however,
replicable FC extraction in other areas and the classification accuracy were affected by the parcellation schema. Overall, func-
tional atlases with finer granularity performed better in classification tasks. Specifically, the Schaefer atlases generated the most
repeatable FC deficit patterns across six illnesses. These results indicate that frontal-related FCs may serve as potential common
and robust neuro-abnormalities across 6 psychiatric disorders. Furthermore, in order to improve the replicability of rsfMRI-
based FC analyses, this study suggests the use of functional templates at larger granularity.
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1 | Introduction

Functional magnetic resonance imaging (fMRI) is an import-
ant clinical and research tool in neuropsychiatric disorders
(Raimondo et al. 2021). FMRI detects the coupling of peri-
odic/spontaneous neural activity between proximal and dis-
tant brain areas termed functional connectivity (FC) (Noble
et al. 2019; Sheline and Raichle 2013). FMRI studies on neu-
ropsychiatric disorders showed significant alterations in the
strength and the regional pattern of FC in cases vs. controls
and linked them to symptom severity. Meta-analyses of neu-
ropsychiatric findings reported significant FC alterations in
attention deficit and hyperactivity disorder (ADHD), autism
spectrum disorder (ASD), schizophrenia (SZ), schizoaffective
(SAD), bipolar disorder (BP) and major depression disorder
(MDD) (Birur et al. 2017; Liu et al. 2023; Vissers et al. 2012;
Wang et al. 2012). However, determining the consistency,
disorder-characteristic meta-analytical FC patterns has been
complicated because of the differences in the approaches used
for parcellation of the cerebral landscape. For example, Yerys
et al. used the Brodmann/Gordon atlas to report a link be-
tween the FC strength within the ventral attention (VATN)
and retro-splenial networks and symptom severity in ASD
(Yerys et al. 2017). Whereas, another study used the Schaefer
parcellation to suggest that ASD symptoms were linked to FC
deficits between the salience network and executive control
networks (Voldsbekk et al. 2024). A previous study using the
Anatomical Automatic Labeling (AAL) atlas to construct FC
reported a reduction in FC strength within the frontal and
parietal lobes in SZ (Lynall et al. 2010). Conversely, another
study using the Yeo-Network (Yeo) atlas has failed to repli-
cate SZ-related deficits in FC (Dong et al. 2018). An ADHD
study showed that the most diagnostic FCs were between the
left middle occipital gyrus, left and right lingual gyrus (LNG)
(Gao et al. 2020) based on AAL, while another study based
on the Brainnetome atlas (BNA) reported dysfunction asso-
ciated with the left inferior frontal gyrus (IFG), left middle
temporal gyrus (MTG), and left insular gyrus instead (Hong
et al. 2017). Heterogeneity of findings is common in neuro-
psychiatric research on FC and can partly be attributed to the
diversity of brain parcellation approaches (Arslan et al. 2018;
Moghimi et al. 2022), leading to the lack of reliable FC bio-
markers (Elliott et al. 2021).

Commonly used FC-based analyses are correlation between
FC and symptom scores, group difference between patients and
HCs, and classification analyses. Using different brain atlases
under different analysis tasks yields inconsistent aberrant FC
outcomes. Take SZ as an example: a previous research using the
Schaefer atlas to construct FC reported a significant correlation
between Positive and Negative Syndrome Scale (PANSS) scores
and FC between the default mode and fronto-parietal network
(DMN-FPN), and dysfunction between primary somatomotor
network and visual network in group difference analysis (Ding
et al. 2024). However, another study using the AAL atlas did
not replicate the same changes in the two analyses (Lynall
et al. 2010). An SZ classification study found the most discrim-
inating FCs in DMN-FPN using the Yeo atlas (Zeng et al. 2018),
while another study reported FCs in limbic networks using the
AAL and BNA atlases (Jain et al. 2021).

Most FC-based studies focused on identifying potential FC
biomarkers for a specific brain disorder under a single anal-
ysis framework based on a single brain atlas. Few studies
contribute to identifying the reproducible FCs across multiple
atlases, different analytical methods, and several brain dis-
orders. In this study, 7 brain atlases, 6 brain disorders, and
3 analysis methods were systematically compared and ana-
lyzed. We aim to: (1) identify significant FCs for each disorder,
each atlas, and each analysis method; (2) identify cross-atlases
replicable FCs in correlation, group difference, and classifi-
cation analyses for each specific brain disorder; (3) identify
cross-atlases and cross-analytical methods replicable FCs for
each specific brain disorder; (4) identify cross-atlases, cross-
analytical methods, and cross-disorders replicable FCs; (5)
summarize the effect of atlas selection on FC-based brain net-
work analyses.

2 | Methods and Materials
2.1 | Participants

Resting-state fMRI (rs-fMRI) data were selected from sev-
eral disorder vs. HC's studies: ADHDs (n=340) and HCs
(n=570) data were obtained from ADHD-200 project (http://
fcon_1000.projects.nitrc.org/indi/adhd200/index.html)
(Milham et al. 2012). ASDs (n=513) and HCs (n =592) were
collected from the Autism Brain Imaging Data Exchange
(ABIDE II, https://fcon_1000.projects.nitrc.org/indi/abide/
abide_II.html) (Di Martino et al. 2014; Di Martino et al. 2017).
SZs (n=200), SADs (n=142), BPs (n=172) and HCs (n=247)
were recruited from Bipolar and Schizophrenia Network of
Intermediate Phenotypes (BSNIP) (Tamminga et al. 2013).
Finally, MDDs (n =282) and HCs (n =316) were obtained from
the West China Hospital of Sichuan, Henan Mental Hospital
of Xinxiang, Beijing Anding Hospital and First Affiliated
Hospital of Zhejiang (Qi et al. 2018; Zhi et al. 2018). The di-
agnosis of ADHD, ASD, SZ, SAD, BP and MDD were based
on Structured Clinical Interview for DSM-IV. ADHD Rating
Scale IV (ADHD-RS) (Pappas 2006) (measures of inatten-
tive/impulsive behaviors) was used as symptom scores for
ADHD. Autism Diagnostic Observation Schedule (ADOS)
(ADOS 2013) was used for ASD. The Positive and Negative
Syndrome Scale (PANSS) (Kay et al. 1987) was assessed for
SZ and SAD. The Montgomery-Asberg Depression Rating
Scale (MADRS) (Montgomery and Asberg 1979) was used
for BP and the Hamilton Depression Rating Scale (HDRS)
(Snaith 1977) for MDD. The research program was approved
by the institution review board at each local site. Written in-
formed consents were obtained after providing a complete de-
scription of the research process to each participant. Detailed
demographic and symptom scores can be found in Table 1.
Rs-fMRI data were collected for all participants. Detailed im-
aging parameters and preprocessing of rs-fMRI can be found
in Supporting Information “Imaging parameters” and “pre-
processing” sections (Tables S1-S4). To further explore the
effect of with and without global signal regression (GSR) in
preprocessing (Hahamy et al. 2014; Li, Bolt, et al. 2019; Li,
Kong, et al. 2019; Yang et al. 2014), we compared the results
with and without GSR in two disorders (SZ and BP), using one
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TABLE1 | The demographic and clinical information of participants.
Gender Symptom
Group Number Age (mean/SD) (M/F) (mean/SD) Dttest2_age DPttest2_gender
Developmental ADHD n=340 11.4/2.8 267/73 112.1/45.1 5.0E—4 2.9e—17
disorders HC n=570 12.1/3.4 297/273 NA
ASD n=>513 14.8/9.0 438/75 12.1/4.4 0.8 1.8e—10
HC n=592 14.9/9.3 412/180 NA
Major psychiatric SZ n=200 34.6/12.0 138/62 16.6/5.5 1.5e-3 3.9e—09
disorders SAD n=142 36.5/12.1 61/81 18.3/5.1 0.1 0.8
BP n=172 36.3/12.9 55/117 10.6/9.2 0.1 4.1e-2
HC n=247 38.3/12.5 103/144 NA
MDD n=282 33.2/11.1 110/172 19.2/7.3 2.0E-2 0.8
HC n=316 31.1/10.4 120/196 NA

Note: The symptom column means the mean and the standard deviation specific of symptom scores (inattentive and hyper/impulsivity for ADHD, ADOS for ASD,
PANSS positive for SZ and SAD, MADRS for BP and HDRS for MDD, respectively). Pyestz_age means group difference in age. Pyests_gender means group difference in

gender.

atlas (Gordon) and one analysis method (group difference)
(Supporting Information “Global signal regression”).

2.2 | Brain Atlases

Both structural and functional brain atlases were systemati-
cally compared, including 3 structural atlases: (1) Automated
Anatomical Labeling (AAL, 90 ROIs, excluding the cerebellum)
(Tzourio-Mazoyer et al. 2002); (2) Brainnetome atlas (BNA, 246
ROIs) (Fan et al. 2016); (3) HCP_MMP_1.0 (Glasser et al. 2016)
(a multimodel atlas, the structural descriptions for its ROIs were
used here, 360 ROIs), 4 functional atlases: (1) Yeo-Networks (Yeo
et al. 2011) (Yeo, 17-network parcellation); (2) Gordon parcel
(Gordon et al. 2016) (Gordon, 333 ROIs); (3) Schaefer (Schaefer
et al. 2018) with multiple scales, ranging from 100 to 1000 ROIs,
and 100/300 ROIs were used in this study. Note that subcorti-
cal regions were not included in the HCP_MMP_1.0 and these
4 functional atlases. To address this, the Tian subcortex parcel-
lation, a subcortical atlas containing 16 ROIs (Tian et al. 2020),
was added to the HCP_MMP_1.0 and 4 functional atlases. To fig-
ure out the impact of incorporating a subcortex atlas into 5 brain
atlases devoid of subcortex on the reproducibility outcomes, we
conducted comparison analysis pertaining to a specific disor-
der (SZ), three atlases (BNA, Gordon and Schaefer100), and one
analysis method (group difference) (Supporting Information
“Comparison between with and without subcortex”).

To facilitate the subsequent replicable FCs identification, the
brain network definition of the 7 atlases were appropriately
adjusted and the network-level FC homogeneity of each atlas
between SZs and HCs was illustrated (Supporting Information
“Network adjustments”, Figures S1-S8 and Tables S5-S12). For
the 3 structural atlases, seven brain regions were defined: fron-
tal lobe (FL), temporal lobe (TL), parietal lobe (PL), occipital
lobe (OL), insula (INS), limbic lobe (LL), and subcortex. For the
4 functional atlases, seven brain networks were prescribed: so-
matomotor network (SMN), executive control network (ECN),

attention network (AN), limbic system (LS), default mode net-
work (DMN), visual network (VIN), and subcortex.

2.3 | Study Design

Based on the analytic plan pointed out in the introduction, we
conducted the following procedures: (1) 7 brain atlases were
compared (Figure 1a) on (2) rs-fMRI of 6 different brain disor-
ders (Figure 1b) by (3) FC analysis including correlation between
FC and symptom scores, group difference between patients and
HCs, and classification between patients and HCs (Figure 1c); (4)
Replicable FCs were identified not only in the three FC analysis
methods, but also across atlases, further across atlases across
analytic approaches at the specific disorder and cross-disorder
levels, respectively (Figure 1d).

Specifically, averaged time course was extracted from each brain
region generating a m X T matrix for each subject (m represents
number of ROIs, T represents time points). The FC matrix (m
X m) was constructed by calculating the Pearson's correlation
between the time courses of each pair of brain regions for spe-
cific group. The lower triangular of FC matrices were used as
features for the following analysis. Note that age, gender and
data acquisition sites were regressed out prior to FC analysis to
minimize the impact of potential confounding factors. Then, the
correlations between each FC and symptom scores were evalu-
ated. A two-sample t-test was performed on each FC to calcu-
late the group difference between patients and HCs. The brain
features selected by SelectFromModel were used to distinguish
between patients and HCs based on logistics regression with [,
regularization (details can be found in Supporting Information
“Classification pipeline and Parameter settings”). Finally, the
replicable FCs were identified by overlapping the FCs in cor-
relation, group difference, diagnosis as well as across atlases,
disorders and analysis methods. In order to elucidate the effect
of calculating FC with or without the Fisher Z transformation,
an additional group difference analysis between SZs and HCs
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tion between FC and symptom scores, II. group difference between patients and HCs, and III. classification between patients and HCs. (d) Replicable

FCs identification in correlation, group difference, diagnosis, as well as across atlases, disorders, and analysis methods.

was performed based on the BNA atlas, where Fisher Z transfor-
mation was used in FC construction (Supporting Information
“Fisher Z transformation”).

3 | Results

3.1 | FC-Based Correlation Analysis for Each
Disorder Cross Atlases

Due to the different atlases with varying granularity and node
description, replicable FCs were defined as the overlap of brain
networks across atlases at a significant level or as top-ranking
contributors. Pearson correlation was performed between FC
matrices constructed by different atlases and symptom scores
for each specific disorder (Figure 2).

For ADHD, inattentive/impulsive scores were positively associ-
ated with FCs mainly in LL-LL/FL/TL/PL in structural atlases
(AAL, BNA and HCP_MMP_1.0). For functional atlases, FC re-
sults using the correlation analyses were inconsistent. The pos-
itive FCs in LS-SMN/ECN and SMN-DMN in Yeo; LS-LS/ECN/
AN in Gordon; LS-LS/AN in Schaefer100; and AN-AN/LS and
ECN-DMN in Schaefer300 were significant.

For ASD, ADOS scores were negatively correlated with FCs
mainly in FL-FL/TL/PL in structural atlases (AAL, BNA and

HCP_MMP_1.0). For functional atlases, FCs using correlation
analyses were inconsistent. The negative FCs in AN-LS/ECN in
Yeo; LS-LS/DMN/SMN in Gordon; LS-AN under Schaefer100;
and LS-AN/SMN and ECN-AN in Schaefer300 were significant.

For SZ, PANSS positive scores were positively correlated with
FCs primarily in LL-LL with negative FCs in TL-LL in AAL.
Positive FCs in FL-FL/LL with negative ones in FL-TL in BNA
and positive FCs in FL-LL and negative ones in FL-TL and TL-
LL in HCP_MMP_1.0 were significant. For functional atlases,
positive FCs in ECN-DMN/LS with negative FCs in AN-LS in
Yeo; positive FCs in LS-ECN/LS and negative FCs in LS-VIN/LS
in Gordon; positive FCs in DMN-DMN and VIN-AN with nega-
tive FCsin AN-LSin Schaefer100; and positive FCs in DMN-VIN
and negative FCs in AN-LS in Schaefer300 were significant.

For SAD, PANSS positive scores were negatively correlated with
FCsmainly in FL-FL/TL and LL-LL in AAL; LL-LL/FL in BNA;
and LL-FL/TL/LL and FL-TL in HCP_MMP_1.0. For functional
atlases, the negative FCs in LS-ECN/DMN in Yeo; LS-LS/SMN/
ECN/VIN in Gordon; LS-ECN/AN in Schaefer100; and LS-ECN/
AN/DMN/VIN in Schaefer300 were significant.

For BP, MADRS scores were positively correlated with FCs pri-
marily in PL-LL, with negative FCs in TL-LL in AAL. Positive
FCs in FL-TL/LL, with negative ones in FL-LL in BNA, and
positive FCs in LL-TL/FL/OL and TL-PL, with negative ones in
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FL-TLand LL-LL in HCP_MMP_1.0, were significant. For func-
tional atlases, positive FCs in AN-AN, with negative FCs in AN-
AN/ECN in Yeo; positive FCs in LS-LS/DMN and negative FCs
in LS-LS/ECN in Gordon; positive FCs in AN-AN and SMN-LS,
with negative FCs in AN-DMN in Schaefer100; and positive FCs
in AN-AN, with negative FCs in AN-ECN in Schaefer300, were
significant.

For MDD, HDRS scores were positively associated with FCs
mainly in OL-OL in AAL, OL-OL/PL in BNA, and FL-TL/PL,
OL-OL/LL/PL in HCP_MMP_1.0. For functional atlases, the
positive FCs primarily in VIN-VIN/AN in Yeo; ECN-ECN/AN
and AN-LS in Gordon; and VIN-VIN/AN in Schaefer100 and
Schaefer300 were significant.

3.2 | FC-Based Group Difference Analysis for Each
Disorder Cross Atlases

Two sample t-test was used to identify group different FCs be-
tween patients and HCs (Figure 3). For ADHD, increased FCs
in PL-PL and decreased FCs in FL-LL were consistently identi-
fied across structural atlases (AAL, BNA and HCP_MMP_1.0).
Similar to correlation analyses, FC results in group difference
analyses were inconsistent across functional atlases for ADHD.
Increased FCs in AN-ECN/LS/DMN and SMN-DMN with re-
duced FCs in DMN-DMN in Yeo; increased FCs in AN-AN and
decreased LS-AN FCs in Gordon; increased FCs in SMN-ECN
with reduced FCs in DMN-DMN in Schaefer100; and increased
ECN-AN FCs and decreased DMN-DMN and LS-DMN FCs in
Schaefer300 were significant.

For ASD, enhanced FCs were primarily in FL-FL and OL-PL/
LL, and the diminished FCs were in FL-TL in AAL. Hyper-
connected FCs were in FL-FL and TL-LL, and hypo-connected
ones were in FL-TL/LL in BNA. The majority of increased and
reduced FCs in HCP_MMP_1.0 belonged to LL-PL/LL, respec-
tively. For functional atlases, increased FCs in AN-DMN with
reduced FCs in DMN-DMN in Yeo; enhanced LS-ECN/LS FCs
and diminished SMN-AN and SMN-DMN FCs in Gordon; in-
creased FCs in VIN-ECN/DMN with decreased FCs in DMN-
DMN in Schaefer100; and hyper-connected FCs in DMN-VIN
and hypo-connected FCs in DMN-DMN in Schaefer300 were
significant.

For SZ, strength-reduced FCs were primarily in PL-TL/LL in
AAL.Decreased FCswere in LL-FL/PL in BNA (the same results
were obtained between with and without Fisher Z transforma-
tion, Figure S9). The majority of reduced FCs in HCP_MMP_1.0
belonged to TL-PL and OL-PL/LL. For functional atlases, hypo-
connected FCsin AN-LS in Yeo; SMN-DMN in Gordon (the over-
lap between with and without GSR was 95.24%, Figure S10a);
AN-LL in Schaefer100; and SMN-SMN/AN in Schaefer300 were
significant.

For SAD, in structural atlases, strength-reduced significant FCs
primarily in FL-LL in AAL; FL-TL in BNA; and TL-OL and LL-
LL in HCP_MMP_1.0. For functional atlases, decreased FCs in
AN-LS in Yeo; SMN-SMN in Gordon; AN-LL in Schaefer100;
and AN-VIN in Schaefer300 were significant.

For BP, in structural atlases, significant and diminished FCs
were primarily in PL-TL and FL-TL/PL/OL in AAL; TL-PL in
BNA; and TL-PL and FL-PL/TL in HCP_MMP_1.0. For func-
tional atlases, decreased FCs in AN-AN/SMN in Yeo; AN-
DMN/SMN and SMN-DMN in Gordon (the overlap between
with and without GSR was 100%, Figure S10b); AN-SMN/
AN in Schaefer100; and SMN-AN/SMN in Schaefer300 were
significant.

For MDD, in structural atlases, strength-enhanced significant
FCs were in PL-FL/TL/OL and TL-LL in AAL; LL-PL in BNA;
and PL-LL/FL and FL-FL/LL in HCP_MMP_1.0. For functional
atlases, hyper-connected FCs in ECN-AN/SMN in Yeo; AN-
SMN/DMN in Gordon; AN-ECN in Schaefer100; and AN-ECN/
DMN/AN/SMN in Schaefer300 were significant. The significant
FCs included in repeatability analysis (Figures 2 and 3) were
still significant after permutation test (Figures S11-S12).

3.3 | FC-Based Classification Analysis for Each
Disorder Cross Atlases

The top 0.5% contributing FCs are presented in Figure 4 as in
the classification analysis for all atlases. In the diagnosis of
ADHD, FCs in FL-PL in AAL; FL-FL and TL-FL/LL in BNA;
FL-FL/TL/LL in HCP_MMP_1.0; AN-AN/LS/DMN in Yeo; LS-
LS/DMN/VIN/AN in Gordon; LS-ECN/DMN in Schaefer100;
and AN-SMN/ECN/DMN in Schaefer300 were mainly the most
contributed features in classification.

In the diagnosis of ASD, FCs in FL-PL in AAL; FL-TL/PL/LL/
FL in BNA; FL-FL/LL in HCP_MMP_1.0; AN-AN/ECN in Yeo;
LS-LS/ECN in Gordon; AN-AN/SMN/ECN and ECN-DMN in
Schaefer100; and DMN-ECN/AN and AN-ECN in Schaefer300
were mainly the highest discriminative factors in classification.

In the diagnosis of SZ, FCs in FL-FL in AAL; LL-FL/TL and
FL-FL in BNA; FL-LL/FL in HCP_MMP_1.0; DMN-ECN in
Yeo; LS-LS/ECN in Gordon; LS-AN/DMN and ECN-DMN in
Schaefer100; and DMN-AN/ECN and AN-LS in Schaefer300
were primarily the most contributed features in classification.
Note that all the identified replicable FCs in classifying SZs and
HCs (Figure 4) remained significant after the permutation test
(Figure S13).

Inthediagnosisof SAD,FCsinFL-FLand LL-LL/FLin AAL; TL-
FL/LLin BNA; FL-LL/TL/PL/FL and TL-LL in HCP_MMP_1.0;
AN-ECN/LS in Yeo; LS-LS/DMN/SMN in Gordon; LS-AN and
ECN-VIN in Schaefer100; and SMN-AN in Schaefer300 were
mainly the highest discriminative in classification.

In the diagnosis of BP, FCs in FL-TL/LL in AAL; FL-FL/PL in
BNA; PL-LL/FL and FL-LL in HCP_MMP_1.0; AN-ECN/DMN
in Yeo; LS-LS/ECN/VIN in Gordon; LS-AN in Schaefer100; and
AN-ECN/DMN/AN in Schaefer300 were primarily the most
contributed features in classification.

In the diagnosis of MDD, FCs in FL-FL/TL in AAL; TL-FL/
LL/TL and FL-FL in BNA; FL-LL/TL/FL in HCP_MMP_1.0;
AN-ECN in Yeo; LS-LS/ECN/VIN in Gordon; LS-ECN in
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Schaefer100; and ECN-AN/LS and AN-DMN in Schaefer300
were primarily the highest discriminative in classification.

FC-based classification accuracy and AUC scores for each dis-
order by using different atlases are displayed in Figure S14. The
functional atlas Gordon demonstrated the highest accuracy for
classification across six disorders, with the highest classifica-
tion accuracies observed for ADHD (92.14%), ASD (92.9%), SZ
(95.58%), SAD (93.72%), BP (95.72%) and MDD (95.72%). Note
that 1000 permutation tests were conducted on classification
between SZs and HCs across 7 atlases. p-value of 0.001 was ob-
tained across 7 atlases, indicating that the observed accuracy
was not obtained by random chance (Supporting Information
“FDR correction and permutation test”).

To evaluate the robustness of our results, we applied the stan-
dard 10-fold cross-validation for 10 times to all classification
tasks and compared the outcomes with the original results.
The overlap between the top 0.5% contributed features from the
standard 10-fold cross-validation for 10 times and our approach
(Figure 4) exceeded 80% (Table S13), and the overlapping net-
works were consistent with the identified networks. The func-
tional atlas Gordon still demonstrated the highest accuracy for
classification in six disorders (Figure S15). To test whether at-
lases with finer resolution are associated with better classifica-
tion performance due to overfitting (Zalesky et al. 2010), and to
evaluate the generalizability of our results, we applied external
validation in COBRE (Table S14), then compared the outcomes
(Figure S16) with the original results. Functional atlases with
finer granularity still showed superior performance. We also
used the top 2% and 5% of FCs in the classification task for one
disorder (SAD) using two atlases representing different ranges
of granularities (AAL and BNA) to show the impact of different
thresholds. Results (Figure S17) show that, among the top 2%
and 5% contributing FCs, 80% and 85% of the FCs resulting from
threshold expansion are located within the networks contain-
ing the top 0.5% contributing FCs in the coarse-grained AAL (90
ROIs). In the fine-grained BNA (246 ROIs), 99.33% and 98.74% of
the FCs are situated within the network containing the top 0.5%
of FCs. These results indicate that the identified replicable FCs
are consistently robust across different thresholds.

The locations of the significant/top contributing FCs in the
brain are shown in the Figures S18-S20. No notable lateral-
ity effects were observed in our analysis of neurobehavioral
relationships, case-control differences, and classification
performance.

3.4 | Cross-Atlases Replicable FCs in Correlation
Analysis for 6 Disorders

The replicable FCs that were positively or negatively associ-
ated with symptom scores across 3 structural and 4 functional
atlases for each specific disorder are presented in Table 2. For
ADHD, replicable FCs associated with inattentive and hyper/
impulsivity scores were primarily within LL and between LL
and 3 other networks (FL, TL and PL) across 3 structural at-
lases, and within DMN and between DMN and 2 other net-
works (AN and ECN) and within AN and between AN and
3 other networks (LS, DMN and VIN) across 4 functional

TABLE 2 | Replicable FCs across structural and functional atlases
for each disorder in the correlation analysis with symptoms.

Replicable FCs
Group Structural atlases Functional atlases
ADHD LL-FL/TL/PL/LL AN-AN/LS/DMN/VIN
OL-FL/TL/PL DMN-DMN/VIN/ECN
PL-PL LS-LS/VIN
ECN-ECN
ASD FL-FL/TL/PL/LL AN-ECN/LS/DMN
TL-TL/OL LS-SMN
LL-OL/PL ECN-ECN
SZ TL-FL/TL AN-LS
LL-FL/TL/LL
SAD FL-FL ECN-AN/LS/DMN/VIN
TL-FL/TL/LL/OL LS-DMN/AN
LL-FL/LL/OL
BP PL-FL/TL/OL AN-SMN/ECN/
LL-FL/TL/PL/ AN/LS/DMN
LL/INS/OL LS-SMN/ECN/LS
DMN-ECN/DMN
MDD OL-PL/OL AN-VIN

parcellations. For ASD, replicable FCs negatively correlated
with ADOS scores were generally located within FL and be-
tween FL and 3 other networks (TL, PL and LL) across struc-
tural atlases, and between AN and 3 other networks (ECN, LS
and DMN) across functional atlases. For SZ, overlapping FCs
correlated with PANSS scores were mainly located within LL
and between LL and 2 other networks (FL and TL), and within
TL and between TL and 2 other networks (FL and LL) across
3 structural atlases, and between AN and LS across functional
parcellations. For SAD, reproducible FCs associated with
PANSS scores were predominately located within TL and be-
tween TL and 3 other networks (FL, LL and OL), and within
LL and between LL and 3 other networks (FL, OL and TL)
across structural atlases, and between ECN and 4 other net-
works (AN, LS, DMN and VIN) across 4 functional atlases.
For BP, the majority of replicable FCs negatively correlated
with MADRS scores were located within LL and between LL
and 5 other networks (FL, TL, PL, INS and OL) across struc-
tural atlases, and within AN and between AN and 4 other
networks (SMN, ECN, LS and DMN) and within LS and be-
tween LS and 3 other networks (SMN, ECN and AN) across
4 functional atlases. For MDD, reproducible FCs associated
with HDRS scores were within the OL and between OL and
PL in structural atlases, and the AN-VIN in functional atlases.
Details about reproducible FCs cross-structural/functional/
Schaefer atlases were displayed in the Figures S21-S26 and
Tables S15-S38.

3.5 | Cross-Atlases Replicable FCs in Group
Difference Analysis for 6 Disorders

In group difference analysis, the replicable FCs increasing or de-
creasing for each disorder comparing with HCs across 3 structural
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TABLE 3 | Replicable FCs across structural and functional atlases
for each disorder in group difference analysis.

TABLE 4
for each disorder in classification analysis.

| Replicable FCs across structural and functional atlases

Replicable FCs Replicable FCs
Group Structural atlases Functional atlases Group Structural atlases Functional atlases
ADHD LL-FL/LL SMN-DMN ADHD FL-FL/TL/PL/LL/OL AN-SMN/ECN/
PL-PL ECN-AN TL-TL/PL/INS AN/LS/DMN
OL-OL PL-PL/LL ECN-ECN/LS/DMN
ASD FL-FL/TL/PL/INS/LL DMN-ECN/AN/ LL-OL ]]“)SI\;ILI\?/ DDII\\/I/III\I\I
TL-TL/LL LS/DMN/VIN i
OL-PL/INS/LL/OL AN-SMN/ ASD FL-FL/TL/PL/LL AN-SMN/ECN/
LL-LL ECN/AN/LS LL-TL/PL/LL AN/LS/VIN
SMN-SMN/LS TL-PL DMN-SMN/
SZ FL-TL/PL/INS/LL/OL SMN-SMN/ECN/ ];%I\;{]]?ZE/II{I\I
TL-PL/INS/LL/OL AN/LS/DMN/VIN LS-LS
LL-PL/LL/OL AN-ECN/AN/ i
OL-INS/OL LS/DMN/VIN Sz FL-FL/TL/PL/LL AN-ECN/AN/
PL-INS DMN-DMN TL-TL/INS LS/DMN
SAD FL-LL/TL AN-AN/LS PL-LL/OL DMN'ELCSN£ és/ DMN
OL-TL/OL i
B rrtLRy  Avswgsey  SAD FLFLILPULLOL o ANSUNAN
INS/LL/OL AN/LS/DMN/VIN 'OL TL/OL ECN-SMN/LS/DMN
FL-FL/PL/LL/OL SMN-SMN/ i i LS.LS
PL-LL ECN/LS/DMN i
DMN-DMN
MDD PL-FL/TL/OL ECN-SMN/ECN,
/TLI / / BP TL-FL/PL/INS/LL AN-SMN/ECN/
TL-LL AN/DMN
AN-SMN PL-PL/LL/OL LS/DMN/VIN
LL-FL/OL ECN-ECN/LS/DMN
LS-DMN
FL-FL LS-SMN/LS
DMN-SMN
and 4 functional atlases are displayed in Table 3. For ADHD, over- MDD FL-FL/TL/PL/LL/OL ECN-SMN/AN/
lapping hyper-connectivity was predominately within LL and be- LL-PL/LL LS/DMN
tween LL and FL across structural parcellations, and restricted to TL-TL AN-AN/LS/DMN

SMN-DMN and ECN-AN across functional atlases. For ASD, rep-
licable FCs concentrated within FL and between FL and 4 other
networks (TL, PL, INS and LL) in structural atlases, and within
DMN and between DMN and 4 other networks (ECN, SMN, AN
and VIN) and within AN and between AN and 4 other networks
(SMN, ECN, LS and DMN) in 4 functional atlases. For SZ, repro-
ducible hyper-connectivity was predominately between FL, TL,
LL, and OL and 2 other networks (PL and INS) in structural at-
lases, within SMN and between SMN and 5 other networks (AN,
ECN, LS, DMN and VIN) and within AN and between AN and 4
other networks (ECN, LS, DMN and VIN) in functional atlases,
and the same results were also observed comparing with and with-
out subcortex (Figure S27 and Table S39). Although the exclusion
of subcortex atlases impacts the number of FCs between the other
brain regions, it does not affect the final identified reproducible
FCs, proving that appending the same subcortical atlas to 5 of
the 7 atlases used in the paper did not inflate the generalizabil-
ity of FC alterations in the subcortical and limbic network across
atlases and disorders. For SAD, replicable strength-reduced FCs
were predominately between FL and 2 other networks (LL and TL)
and within OL and between OL and TL in structural atlases and
AN-AN/LS across 4 functional atlases. For BP, overlapping hypo-
connectivity was predominately within TL and between TL and 5
other networks (FL, PL, INS, LL and OL) in structural atlases, and
within AN and between AN and 5 other networks (SMN, ECN,

LS, DMN and VIN) in functional atlases. For MDD, replicable
strength-enhanced FCs were predominantly located between PL
and 3 other networks (FL, TL and OL) across structural atlases,
and within ECN and between ECN and 3 other networks (SMN,
ECN, AN and DMN) across functional atlases. Details about re-
producible FCs of cross-structural/functional/Schaefer atlases are
displayed in the Figures S21-S26 and Tables S15-S38.

3.6 | Cross-Atlases Replicable FCs in Classification
Analysis for 6 Disorders

For each specific disorder, there was notable overlap within the top
0.5% contributing FCs extracted from 3 structural and 4 functional
atlases, respectively (Table 4). For ADHD, a significant portion of
the top contributed FCs overlapped predominantly within FL and
between FL and 4 other networks (TL, PL, LL and OL) in struc-
tural atlases, and within AN and between AN and 4 other net-
works (SMN, ECN, LS and DMN) in functional parcellations. For
ASD, the most discriminative FCs mainly overlapped within FL
and between FL and 3 other networks (TL, PL and LL) and within
LL and between LL and 3 other networks (FL, TL and PL) across
3 structural atlases, and within AN and between AN and 4 other
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networks (SMN, ECN, LS and VIN) across 4 functional atlases.
For SZ, the top contributing replicable FCs were primarily located
within FL and between FL and 3 other networks (TL, PL and LL)
across structural atlases, and within AN and between AN and 3
other networks (ECN, LS and DMN) and within DMN and 3 other
networks (ECN, LS and AN) across functional atlases. For SAD,
the most discriminative FCs primarily overlapped within FL and
between FL and 4 other networks (TL, PL, LL and OL) and within
LL and between LL and 4 other networks (TL, PL, FL and OL)
across structural parcellations, and between AN and 5 other net-
works (SMN, ECN, LS, DMN and VIN) across functional atlases.
For BP, the top contributing replicable FCs were primarily located
between TL and 4 other networks (FL, PL, INS and LL), within PL
and between PL and 2 other networks (LL and OL), and between
LL and 2 other networks (FL and OL) across structural parcel-
lations, and between AN and 5 other networks (SMN, ECN, LS,
DMN and VIN) across functional atlases. For MDD, the majority
of top key FCs were extracted from FCs within FL and between FL
and 4 other networks (TL, PL, LL and OL) from structural atlases,
and between ECN and 4 other networks (SMN, AN, LS and DMN)
and within AN and between AN and 3 other networks (ECN, LS
and DMN) from functional atlases. Details about reproducible fea-
tures of cross-structural/functional/Schaefer atlases are displayed
in the Figures S21-S26 and Tables S15-S38.

3.7 | Cross-Atlases Replicable FCs Over 3 Analysis
Methods for 6 Disorders

Based on the reproducibility across atlases within each anal-
ysis method for each disorder, we additionally identified their
overlap across three analysis methods. Apart from MDD, we ob-
served shared abnormalities in frontal-related (FL-related) FCs
across the other five disorders (Table 5).

3.8 | Cross-Atlases Replicable FCs Over 6 Disorders
and 3 Analysis Methods

We finally evaluated the reproducible FCs across disor-
ders, atlases, and analysis methods. However, in the analysis

concerning correlation with symptom scores and group differ-
ence, no overlapping FC was identified across disorders and at-
lases. Conversely, in the diagnosis analysis, overlapped FCs fell
within six well-characterized large-scale network interactions:
FL-FL, FL-TL, FL-LL, and PL-LL across three structural atlases,
and ECN-DMN and AN-LS across four functional parcellations.

4 | Discussion

This study investigated the reproducibility of FC features using
seven brain parcellation and three analytical approaches across
six neuropsychiatric disorders. We evaluated the impact of the
choice in the parcellation approach and showed that frontal-
related FC deficits were the most robust categorical features
amongst the six brain disorders and across the 3 analytical
methods. Parcellation based on functional atlases with finer
granularity was associated with a better classification perfor-
mance. Furthermore, the parcellation using Schaefer atlases
yielded the most reproducible FC findings across the three ana-
lytical methods. Frontal lobe FC deficits are the most common
and replicable finding across the six illnesses.

In developmental disorders (including ADHD and ASD), the
symptom-associated networks involving the FL-LL, PL-LL, and
TL-OL were replicable across the 3 structural atlases. Likewise,
in these disorders, symptom-associated networks involving
ECN-ECN, AN-LS, and AN-DMN were replicable across 4 func-
tional atlases. Independent lines of studies supported our results
that the symptom severity of ADHD and ASD was associated
with altered intrinsic connectivity networks interrelationships,
for example, a significant positive correlation between vVATN-
DMN (AN-DMN) and total scores of ADHD symptoms (Guo
et al. 2020) and a correlation between social functioning ADOS
scores and posterior cingulate cortex (PCC) with superior fron-
tal gyrus (SFG) FCs (FL-LL) (Monk et al. 2009). Also in ASD,
ADOS was negatively associated with PCC, insula, and superior
temporal gyrus (STG) (LL-, AN- and TL-related) FCs (Li, Becker,
et al. 2019). Another correlation analysis (Assaf et al. 2010)
showed significant negative correlations between the precu-
neus (ECN) and ADOS. A previous study also found the anterior

TABLE 5 | Replicable FCs across structural and functional atlases and across three brain analysis methods for each disorder.

Replicable FCs
Group Structural atlases Functional atlases
ADHD FL-LL AN-LS/ECN/DMN (Yeo & Gordon)
PL-PL ECN-ECN DMN-DMN (Schaefer)
ASD FL-FL/TL/PL/LL AN-LS/ECN
SZ FL-TL AN-LS
SAD FL-TL/LL AN-LS
TL-OL
BP TL-PL/LL AN-LS/ECN/SMN/DMN
FL-LL SMN-LS
PL-LL
MDD \ \
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cingulate cortex (ACC, LL-related) to have a stronger correla-
tion with symptoms in the developmental disorder group (Qiu
et al. 2024). The symptom-associated replicable FL-LL, LL-LL,
and TL-LL across 3 structural atlases, as well as replicable AN-
LS across 4 functional atlases were identified in schizophrenia
spectrum disorders (including SZ, SAD and BP). These results
are consistent with previous studies. A study showed FCs in
postcentral (POG)-frontal gyri (AN-related) were significantly
negatively correlated with PANSS positive/negative scores in
schizophrenia spectrum disorders (Du et al. 2017). There were
also correlations between PANSS positive scores and the ante-
rior medial prefrontal cortex (PFC) with the PCC (LL-FL) in
SZ (Whitfield-Gabrieli et al. 2009) and between MADRS and
amygdala with hippocampus (LL-LL) in BP (Krystal et al. 2024).
The symptom-associated replicable PL-OL and OL-OL across 3
structural atlases, as well as replicable AN-VIN across 4 func-
tional atlases were identified in MDD. Previous studies showed
that HDRS was significantly correlated with the FC values of the
cingulo-opercular network (AN-related) (Wu et al. 2016) and FC
between medial PFC and left angular gyrus (PL-related) (Wang
et al. 2019).

The replicable group different FCs for developmental disorders
mainly located in FL-LL, LL-LL, and OL-OL across 3 structural
atlases, and in ECN-AN and SMN-DMN across 4 functional
atlases. This is consistent with previous studies examining dif-
ferences between developmental disorders and HCs, especially
precuneus (ECN), POG (AN), PCC, LNG, and parahippocam-
pal gyrus (PHG) (LL) (Di Martino et al. 2013; Lee et al. 2016).
FCs which were replicable in FL-TL, FL-LL, and TL-OL across 3
structural atlases, and in AN-LS and AN-AN across 4 functional
atlases were identified in schizophrenia spectrum disorders,
which were widely reported in schizophrenia spectrum disor-
ders, such as IFG-STG (FL-TL), PFC (FL), INS (AN), POG (AN)
and thalamus (LL) (Du et al. 2017; Liang et al. 2023; Roberts
et al. 2017). FCs which were replicable in PL-TL, PL-FL, PL-OL,
and TL-LL across 3 structural atlases, and in ECN-SMN, ECN-
ECN, ECN-AN, ECN-DMN, AN-SMN, and LS-DMN across 4
functional atlases were identified for MDD group, which were
similar to previous MDD study, especially abnormal hypo-
connectivity in FPN (PL-FL), FPN-DAN (ECN-AN), SMN-DAN
(AN) and precuneus-median cingulate cortex (ECN-ECN) and
hyper-connectivity in DMN (mPFC and PCC) and DMN-FPN
(ECN) (Chai et al. 2016; Ho et al. 2015; Kaiser et al. 2015; Wise
et al. 2017; Yan et al. 2019; Zhang et al. 2023).

The top diagnostic replicable FL-FL, FL-TL, FL-PL, FL-LL, TL-
PL, and PL-LL across 3 structural atlases, as well as replicable
AN-SMN, AN-ECN, AN-AN, AN-LS, ECN-ECN, ECN-DMN,
LS-LS, and DMN-DMN across 4 functional atlases were iden-
tified in developmental disorders, which were consistent with
previous work, such as anatomical regions LL (cingulate)-, PL
(supramarginal Gyrus)- and TL (MTG)- related FCs and func-
tional networks SMN (postcentral gyri bilaterally)-, DMN (right
precuneus)-, ECN (FPN)- and AN-related FCs in ASD (Chen
et al. 2015; Heinsfeld et al. 2018; Jiao et al. 2020). Other studies
on classification between ADHD and HC also showed MFG-IPL
(FL-PL), DMN-, and LS (inferior orbitofrontal cortex)-related
FCs as highly contributing features (Chen et al. 2019; Luo
et al. 2020; Wang et al. 2023). The top contributing replicable
FL-FL, FL-TL, FL-LL, and PL-LL across 3 structural atlases,

as well as replicable AN-LS, AN-DMN, ECN-DMN, and LS-
LS across 4 functional atlases were identified in schizophrenia
spectrum disorders, which were widely reported in the diagno-
sis of schizophrenia spectrum disorders, especially functional
network DMN (Sendi et al. 2022) and anatomical regions FL,
TL, and PL, relating to hearing, cognition, and motion func-
tions (Du et al. 2020). The top contributing replicable FL-FL,
FL-TL, FL-LL, FL-PL, FL-OL, LL-PL, LL-LL, and TL-TL across
3 structural atlases, as well as replicable ECN-SMN, ECN-AN,
ECN-LS, ECN-DMN, AN-AN, AN-LS, and AN-DMN across 4
functional atlases were identified in MDD, which were widely
reported, especially FCs in DMN, VIN (OL), AN (left and right
medial frontal cortex), LS, and LL (amygdala, hippocampus,
thalamus and ACC), FL (the ventrolateral and ventromedial
PFC) and TL (STG) (Gallo et al. 2023; Zeng et al. 2014, 2012;
Zhang, Liu, Liu, et al. 2022).

It is worth noting that reproducible FCs related to the frontal
lobe were consistently identified across 3 analysis methods for
developmental disorders and psychosis spectrum disorders.
The frontal lobe is a critical functional area, occupying approx-
imately one-third of the cerebral hemisphere surface, and has
been implicated in a variety of social, cognitive, and affective
functions that are commonly disrupted in psychiatric disorders
(Hiser and Koenigs 2018). Cognitive deficits, in particular, are a
hallmark of numerous neuropsychiatric and neurodevelopmen-
tal disorders with shared frontal-FC alterations. IFG has been
frequently implicated in ADHD and is a key region involved
in cognitive and behavioral control (Aron and Poldrack 2005).
Abnormal connections related to symptom severity in ASD were
associated with the right medial SFG (Chen et al. 2017). Reduced
functional connectivity between the striatum and the PFC has
been reported as playing a key role in positive symptoms of SZ,
particularly in hallucinations and bizarre behavior (Fusar-Poli
et al. 2010; Howes and Kapur 2009). Abnormal functional ac-
tivation in the frontal-limbic system was widely reported in
both BP and MDD (Chen et al. 2018; Rive et al. 2013; Stalnaker
et al. 2015). Previous diagnosis analysis of the 6 psychiatric dis-
orders also supports our findings. A classification study on ASD
has found discriminative components located in the frontal re-
gion correlated with neuro-circuits involved in autism-related
impairments in ADOS (Dekhil et al. 2018). Specific subnetworks
centered on SFG and IFG have been identified exhibiting sig-
nificantly high classification accuracies for SZ (Chen et al. 2024;
Du et al. 2015; Luo et al. 2020; Roberts et al. 2017; Zhang, Liu,
Chen, et al. 2022). A polygenic risk study also elucidated fronto-
temporal abnormalities in SZ (Qi et al. 2022). These results fur-
ther support the importance of the frontal region in psychiatric
neurobiology.

Our results demonstrate that the difference in type, granularity,
and criteria for delimitation and naming for brain atlases may
affect the results of FC analysis. Variability in the granularity
of atlases has a significant impact on the extraction of overlap-
ping FCs and diagnostic accuracy. Coarser granularity of atlases
indicates a greater number of voxels encompassed within the
same node. When computing FC, atlases with coarser granu-
larity may lack specific disorder-related information essential
for FC analysis when averaging voxel BOLD signals within a
node, compared with finer-grained atlases. This may render
it challenging to identify replicable biomarkers across atlases
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and more difficult to discern subtle distinctions that may exist
between patients and healthy individuals. Secondly, utilizing
fine-grained functional atlases in brain network analysis can
yield superior classification outcomes. After using the same
parameter set for all diagnostic tasks, the findings suggest that
functional atlases tend to outperform structural atlases with
similar segmentation granularity. This trend may be attributed
to the intricate and diverse nature of human mental processes
and cognitive behaviors (Buckner et al. 2008; Langs et al. 2011).
Prior neuroimaging studies have demonstrated that complex
cognitive tasks engage spatially distributed, large-scale associa-
tion networks (Fair et al. 2007; Keller et al. 2023). Furthermore,
cognitive impairments are prevalent in psychiatric disorders.
Hence, functional atlases may provide more precise informa-
tion pertaining to brain disorders during brain network analy-
sis. Thirdly, employing different granularity levels of the same
atlases facilitates the extraction of reproducible features. When
comparing the reproducible features of various disorders using
two functional atlases, Yeo and Gordon, and two different gran-
ularity versions of the Schaefer parcellations, it becomes evident
that it is simpler to discern replicable features in the latter case.
This phenomenon can be attributed to the fact that refining
granularity on the basis of the same atlas implies a more pro-
found subdivision of existing nodes, and the principles and pro-
cesses of division remain grounded in the same set of criteria
(Doucet et al. 2019; Levi et al. 2023). Utilizing different gran-
ularity levels of the same atlases may offer more advantages in
identifying reproducibility compared to atlases characterized by
varying delineation criteria.

Several limitations should be considered when interpreting
our findings. First, the current datasets were collected with
different MRI scanners. To address this, site co-variance was
regressed out from FC matrices prior to FC-based brain net-
work analysis. Second, clinical subjects were mostly treated
based on standard of care (eg: antipsychotic medications for SZ
and antidepressants for MDD). Psychotropic medications can
affect FC (Gao et al. 2012; Linke et al. 2017). However, the lack
of medication information at the time of the scan would bias
the identified FCs. Third, network demarcation plays a major
role in the overlapping FC across atlases. The construction of
atlases lacks a standardized division or naming of networks
(e.g., for the structural atlases, AAL incorporates the insula
into the limbic cortex, whereas HCP_MMP_1.0 does not list
the limbic cortex separately; for the functional atlases Gordon
uses different criteria of networks delineation than the other
three, and names the limbic system as “None”), some results
may be disregarded by direct cross-atlas reproducibility analy-
ses. This issue is especially prominent when conducting direct
reproducibility analysis between structural and functional at-
lases. However, we circumvented this problem to some extent
by redefining all atlases into brain regions before cross-atlas
reproducibility analysis. Furthermore, we employed different
network categories for structural and functional atlases, as
there are no standardized criteria to map two types of atlases
(Fan 2021; Moghimi et al. 2022). However, the atlases adjust-
ment process may have introduced some human factors, such
as determining the correspondence between brain regions or
networks in different atlases, which may have a degree of sub-
jectivity. Moreover, this study focused on the reproducibility of
cortical FCs, and therefore, the reproducibility of subcortical

FCs was not analyzed separately but was incorporated into the
limbic cortex as Supporting Information. Results showed that
the exclusion of subcortex atlases does not affect the final iden-
tified reproducible FCs (Figure S27 and Table S39). Collapsing
all subcortical ROIs into a single network may be inappropri-
ate, as substantial evidence shows distinct circuits for sensory,
motor, limbic, and associative processing across the subcortex
(Ji et al. 2019).

In conclusion, to the best of our knowledge, this is the first study
to identify reproducible FCs cross atlas, cross disorders, and
cross analytical approach with a large sample size of rs-fMRI
data. We found that there were replicable FCs across atlases
for each disorder in each analytical method, in which frontal-
related FCs were the shared dysfunction across all pipelines.
The selection of atlases influenced replicable FC extraction and
classification accuracy. Functional atlases with finer granular-
ity outperformed anatomic atlases for classification. Schaefer at-
lases, in particular, generated repeatable FCs for the 3 analytical
approaches in replicable FC extraction. These findings indicate
that the frontal-related FCs may be strong neuro-abnormalities
that are common for 6 psychiatric disorders. Furthermore, the
difficulty of obtaining replicable FC features is increased by the
variability in granularity, types, and network delineation meth-
ods as well as the disparities in spatial locations of homonymous
networks throughout brain atlases. In order to improve the rep-
licability of FC-based brain network analysis, we suggest the use
of functional parcellations at large granularity.
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