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Abstract

The objective diagnostic and stratification biomarkers developed with resting-state

functional magnetic resonance imaging (rs-fMRI) data are expected to contribute to

more effective treatment for mental disorders. Unfortunately, there are currently no

widely accepted biomarkers, partially due to the large variety of analysis pipelines for

developing them. In this study we comprehensively evaluated analysis pipelines using a

large-scale, multi-site fMRI dataset for major depressive disorder (MDD) (1162

participants from eight imaging sites). We explored the combinations of options in four

subprocesses of analysis pipelines: six types of brain parcellation, four types of

estimations of functional connectivity (FC), three types of site difference harmonization,

and five types of machine learning methods. 360 different MDD diagnostic biomarkers

were constructed using the SRPBS dataset acquired with unified protocols (713

participants from four imaging sites) as a discovery dataset and evaluated with datasets

from other projects acquired with heterogeneous protocols (449 participants from four

imaging sites) for independent validation. To identify the optimal options regardless of

the discovery dataset, we repeated the same procedure after swapping the roles of the

two datasets. We found pipelines that included Glasser’s parcellation, tangent-

covariance, no harmonization, and non-sparse machine learning methods tended to
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result in high classification performance. The diagnosis results of the top 10 biomarkers

showed high similarity, and weight similarity was also observed between eight of the

biomarkers, except two that used both data-driven parcellation and FC computation. We

applied the top 10 pipelines to the datasets of other mental disorders (autism spectral

disorder: ASD and schizophrenia: SCZ) and eight of the ten biomarkers showed

sufficient classification performances for both disorders, except two pipelines that

included Pearson correlation, ComBat harmonization and random forest classifier

combination.
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B Highlights

» We evaluated the analysis pipelines of rsFC biomarker development.

» Four subprocesses in them were investigated with two multi-site datasets.

» Glasser's parcellation, tangent covariance, and non-sparse methods were preferred.
9

» The weight patterns of eight of the top 10 biomarkers showed high commonality.

» Eight of the top 10 pipelines were successful for developing SCZ/ASD biomarkers.
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1. Introduction

Most psychiatric disorders, including major depressive disorder (MDD), are

diagnosed based on the Diagnostic & Statistical Manual of Mental Disorders, such as

DSM-5 or the International Classification of Diseases (ICD). Their diagnosis is based

on visible symptoms and medical interviews. Although the overlapping phenotypes

among multiple psychiatric disorders complicates selecting appropriate treatment at an

early stage, no objective, practical marker yet leads to more refined diagnoses and

targeted treatment (Arnow et al., 2015; Kapur et al., 2012).

Non-invasive brain imaging techniques are expected to elucidate the patterns of brain

structure and function, that is, neurophenotypes, which characterize these disorders

(Craddock et al., 2013; van Essen and Ugurbil, 2012). In particular, acquiring a resting-

state fMRI (rs-fMRI) is easy and can be used to develop classification markers between

healthy and psychiatric or developmental disorder populations (Clare Kelly et al., 2008;

van Essen and Ugurbil, 2012), such as Alzheimer’s disease (Chen et al., 2011; Greicius

et al., 2004), schizophrenia (Calhoun et al., 2012; Garrity et al., 2007; Jafti et al., 2008;

Yoshihara et al., 2020; Zhou et al., 2007), autism spectrum disorder (Plitt et al., 2015;

Yahata et al., 2016), depression (Craddock et al., 2009; Ichikawa et al., 2020; Yamashita
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et al., 2020), and attention-deficit hyperactivity disorder (Milham et al., 2012). In recent

years, several worldwide projects have acquired large-scale, rs-fMRI data (Koike et al.,

2021; Martino et al., 2013; Tanaka et al., 2021; van Essen et al., 2013), and the

understanding of psychiatric disorders and the development of markers is progressing.

Unfortunately, no practical diagnostic markers have been identified yet (Castellanos et

al., 2013; Kapur et al., 2012), perhaps explained by two factors: the absence of optimal

pipelines and the lack of generalization capability.

The development of classification biomarkers using rs-fMRI is comprised of several

processes, and there are multiple methods in every process as well as innumerable

pipelines (Arbabshirani et al., 2017; Brown and Hamarneh, 2016; Wolfers et al., 2015).

The diversity of pipelines has a sizable effect on the diagnostic and generalization

performance, and only a few reports have searched for the best ones (Dadi et al., 2019;

Mellema et al., 2022; Pervaiz et al., 2020). The absence of standard pipelines reduces

the reliability of rs-fMRI biomarkers. Since no widely accepted standard pipeline has

been established for optimal biomarker development (Carp, 2012), the identification of

a suitable pipeline in the field of psychiatric disorders is critical to develop diagnostic

markers for rs-fMRI.
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Since the majority of older biomarkers were made based on single-site data to avoid

unknown eftects of the heterogeneity of discovery datasets, they often exhibit a lack of

generalization capability. The differences of scanners, imaging procedures, and

instructions to participants might also affect rs-fMRI data. To develop markers with

high generalization capability, discovery datasets must be comprised of large-size,

multi-site data; such methods must be devised. Cross-validated modeling is an effective

approach to avoid overfitting. After developing a marker using a multi-site dataset, it

must be validated using an independent multi-site dataset. This validation test enhances

the marker’s reliability. Several methods have minimized the inter-site differences of rs-

fMRI, including ComBat (Fortin et al., 2018, 2017; Johnson et al., 2007; Yu et al., 2018)

and traveling-subject harmonization (Yamashita et al., 2019). These methodological

approaches are also expected to enhance the generalization capability of markers.

Our aim in this study is to explore an optimal pipeline to develop an MDD diagnostic

biomarkers with high classification performance for an independent validation dataset

using a large-size, multi-site rs-fMRI dataset. In this study, we also verified the

effectiveness of the state-of-the-art methods (Glasser’s surface-based parcellation and

distance correlation) and a site-difference harmonization method, which were not

compared in previous exploratory studies, and prepared an independent dataset for the
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validation of a marker’s generalization capability. By swapping the roles of the

discovery and validation datasets, we also confirmed that a pipeline’s effectiveness did

not depend on the discovery dataset.
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2. Materials and methods

Ethics statement

Every participant in all the datasets provided written informed consent. All the

recruitment procedures and experimental protocols were conducted in accordance with

the Declaration of Helsinki and approved by the institutional review boards of the

principal investigators’ respective institutions (Advanced Telecommunications Research

Institute International [approval numbers: 13-133, 14-133, 15-133, 16-133, 17-133, and

18-133], Hiroshima University [E-38], Kyoto Prefectural University of Medicine

[RBMR-C-1098], Showa University [SWA] [B-2014-019 and UMIN000016134], the

University of Tokyo [UTO] Faculty of Medicine [3150], Kyoto University [C809 and

R0027], and Yamaguchi University [H23-153 and H25-85]).

2.1. Patients and subjects

We analyzed the same datasets previously presented in Yamashita et al., 2020: (1)

Dataset I contained data from 713 participants (564 healthy controls (HCs) from four

sites and 149 MDDs from three sites); (2) Dataset II contained data from 449

participants (264 HCs and 185 MDDs from four independent sites); (3) Dataset I11

contained data from 231 participants (125 with autism spectrum disorder (ASD) from
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two sites and 106 with schizophrenia (SCZ) from three sites). For more details on the

dataset, see Tables 1 and 2 and Supplemental Table 1.

2.2. Preprocessing

We preprocessed the rs-fMRI data using fMRIPrep version 1.0.8 (Esteban et al.,

2019). The first 10 s of the data were discarded to allow for T1 equilibration. The

following are the preprocessing steps: slice-timing correction, realignment,

coregistration, distortion correction using a field map, segmentation of the T1-weighted

structural images, normalization to Montreal Neurological Institute (MNI) space, and

spatial smoothing with an isotropic Gaussian kernel of 6-mm full width at half

maximum. “Fieldmap-less” distortion correction was performed for dataset II due to a

lack of field-map data. For more details on the pipelines, see

http://fmriprep.readthedocs.io/en/1.0.8/workflows.html. For the data of six participants

in dataset II, coregistration was unsuccessful, and so we excluded them from further

analysis.

2.3. Parcellation

We considered six methods for extracting the brain’s regions of interest (ROIs): five

pre-defined parcellations, which were actually used for the development of depression
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diagnosis and stratification biomarkers (Ichikawa et al., 2020; Tokuda et al., 2018;

Yamashita et al., 2020; Yoo et al., 2018), and one data-driven parcellation that was

reported as the best choice (Dadi et al., 2019, Figure 1).

Pre-defined parcellation:

1) Glasser’s surface-based method: 379 ROlIs, including 360 cortical parcels and 19

subcortical parcels (Glasser et al., 2016), utilized by ciftify toolbox version 2.0.2-2.0.3

(Dickie et al., 2019).

2) Glasser’s volume-based method [https://figshare.com/articles/dataset/HCP-

MMP1 0 projected on fsaverage/3498446], which has only 360 cerebral cortex ROIs.

3) Shen’s atlas, derived on a group-wise spectral clustering algorithm, which has 268

ROIs (Shen et al., 2013).

4) Brainvisa, anatomically defined in the Brainvisa Sulci Atlas (BSA atlas), which has

anatomically-defined 145 ROIs covering the entire cerebral cortex [http://brainvisa.

Info; Perrot et al., 2011].

5) FIND lab’s parcellation (Shirer et al., 2012), based on functional (rather than

structural) ROIs from which we selected 78 ROIs, excluding cerebellum-related ROIs

Data-driven parcellation: We defined ROIs using a linear decomposition method:

dictionary learning (Mensch et al., 2016). A data-driven atlas was constructed using the
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discovery dataset. We fixed the number of components to dim = 80, which is the

optimal number (Dadi et al., 2019).

2.4. Functional connectivity (FC) matrix

We considered four FC calculation methods (Figure 1): Pearson’s full correlation

coefficient, tangent-space covariance (Varoquaux et al., 2010), partial correlation, and

distance correlation (Yoo et al., 2019). For each participant, the FC was calculated from

rs-fMRI BOLD signals across the ROIs for each parcellation. All the FCs were

calculated using Nilearn Python library version 0.6.1

[https://nilearn.github.io/stable/index.html]. We used the FC values of the lower

triangular matrix of the connectivity matrix and applied Fisher’s z-transformation to

each FC, except for the tangent-space covariance. We calculated the tangent-space

covariances both of the discovery and validation datasets, based on the group mean

values of the former.

2.5.Preprocessing for ROI time series

Physiological noise regressors were extracted by applying CompCor (Behzadi et al.,

2007). To remove several sources of spurious variance, we used a linear regression with

12 regression parameters: six motion parameters, average signals over the whole brain,
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and five anatomical CompCor components.

We applied a temporal bandpass filter to the time series using a second-order

Butterworth filter with a pass band between 0.01 and 0.08 Hz to restrict the analysis to

low-frequency fluctuations, which are characteristic of rs-fMRI BOLD activity (Ciric et

al., 2017).

A scrubbing process based on head motion was conducted using frame displacement

(FD, Power et al., 2014), which was calculated using Nipype

(https://nipype.readthedocs.io/en/latest/). We removed the volumes with FD > 0.5 mm,

unlike a previous study (Power et al., 2014). Using this threshold, 6.3% =+ 13.5 volumes

(mean + SD) were removed per rs-fMRI session from all the datasets. Subjects whose

ratio of excluded volumes by scrubbing exceeded the mean + 3 SD were removed,

resulting in 48 participants being removed from all the datasets. Thus, we included 683

participants (545 HCs and 138 MDDs) in dataset I, 444 participants (263 HCs and 181

MDDs) in dataset II, and 218 participants (116 ASDs and 102 SCZs) in dataset II1.

2.6. Harmonization

We utilized three options as site difference harmonization methods in the discovery

dataset (Figure 1): traveling-subject harmonization, ComBat, and no correction.
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Traveling-subject harmonization (TS method) enables us to estimate measurement bias
(m) by controlling participant bias (p) using the traveling-subject dataset (Supplemental
Table 2), in which multiple participants traveled to multiple recording sites that
recorded their rs-fMRIs with identical recording protocols (Yamashita et al., 2019). For
each connectivity, the regression model can be written:
Connectivity = x,,, 'm + Xp Tp + const + e,
9 4
such that z pj = O,z my, =0,
j K
where m represents the measurement bias (4 sites x 1), p represents the participant
factor (nine traveling subjects x 1), const represents the average FC values across all the
participants from all sites, and e ~ NV (0, y~1) represents noise. xm and x, are vectors
represented by 1-of-K binary coding. xm for measurement bias m belonging to site k is a
binary vector where all the elements equal zero, except for element &, which equals 1.
Measurement biases were removed by subtracting the estimated measurement biases.
Thus, the harmonized FC values were set:

A~

Harmonized — Connectivity — x,, ',

Connectivity

which represents the estimated measurement bias. More detailed information was
previously described (Yamashita et al., 2019). ComBat: the ComBat harmonization

method (Dansereau et al., 2017; Fortin et al., 2018, 2017; Johnson et al., 2007) 2007) is
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a well-known control for site differences in FC. Although the TS method requires that

the traveling-subject dataset is acquired in advance, the ComBat approach allows site

differences to be corrected using only discovery data. We performed ComBat

harmonization to correct only for site differences while keeping fc correlated with two

biological covariates, age and sex. No correction: The deleterious effect of site

differences for prediction accuracy decreased as the total sample size increased

(Dansereau et al., 2017). We did not apply harmonization to the validation dataset to

determine the effects of harmonization on biomarker construction.

2.7.Machine learning

We considered five supervised machine learning methods (Figure 1): /) least absolute

shrinkage and selection operator (LASSO) was performed using the “lassogim”

function, and we set “NumLambda” to 25 and “CV” to 10. A was determined

according to the one standard error rule in which we selected the largest A within the

standard deviation of the minimum prediction error. 2) Sparse Logistic Regression

(SLR) was performed using the “biclsfy slrvar” function, and we set “nlearn’ to 300

and “usebias” to 1 (https://bicr.atr.jp/~oyamashi/SLR_WEB.html, Yamashita et al.,

2008). 3) RIDGE was performed using the “fitclinear” function, and we set “Solver” to
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{“sgd”, “lbfgs”}, “OtimizeHyperparameters” to “Lambda” and “Kfold” to 10. 4)

Support Vector Machine (SVM) was performed using the ‘“‘fitcsvm ” function, and we

set “KernelScale” and “Boxconstraint” to the optimization parameters derived from the

“bayesopt” function. 5) Random Forest was performed using the “TreeBagger”

function, and we set “NumTrees” to 1000 and “PredictorSelection” to “interaction-

curvature”. All the functions described here were executed in MATLAB (R2018b,

Mathworks, USA).

2.8.Constructing and validating a MDD classifier

We constructed a diagnostic brain network biomarker for MDD that classified

between HCs and MDDs using the discovery dataset, e.g., dataset I, based on each FC

value (Supplemental Figure 1). To avoid overfitting issues, we used the 10-fold nested

cross-validation (CV) method, which is based on a previously proposed method

(Yamashita et al., 2020) with a slight modification to the standardization of the

validation datasets. We first divided the whole dataset I into a training set (9 of 10

folds), which was used for training a model, and a test set (1 of 10 folds), which was

used for testing it. To prevent bias due to the differences in the numbers of the two

groups, we used an undersampling method to equalize the numbers between the MDD
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and HC groups (Wallace et al., 2011). Since only a subset of the training set is used after

undersampling, we repeated the random sampling procedure ten times (i.e.,

subsampling). When we performed the undersampling, we matched the mean ages

between the MDD and HC groups in each undersampling and standardized both the

undersampled training subset and the test set with the mean and the standard deviation

values of each FC in each undersampling. We then fit a model to each subsample and

created ten classifiers. The mean classifier-output value (diagnostic probability) was

indicative of the classifier output. Subjects with a diagnostic probability greater than 0.5

were considered MDD patients.

We tested the generalization capability of the diagnostic markers using the

validation dataset, e.g., dataset II. Then the diagnostic probability of each subject was

calculated after the FC was standardized by the mean value and the standard deviation

of the training subset.

2.9.Evaluation criteria

We calculated the area under the curve (AUC), the accuracy, the sensitivity, the

specificity, and the Matthews correlation coefficient (MCC, Chicco, 2017).

Furthermore, since using only AUC may not accurately compare the classification
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performance for the imbalanced data, we calculated a “composite score” that combined

AUC and the scale-adjusted MCC:

Composite Score = 0.5 x AUC + 0.5 * (MCC + 1)/2.

We also quantified the instability of the classification results between the 10-fold CV
result for the discovery dataset and the application result for the validation dataset and

defined “instability”:

Instability

I e 2 c e cpe 2
= \/(Senswlvltydiscovery - Senswlvlt)’validation) + (Speafwlt)/discovery - Speafwltyvalidation) .

2.10.  Confirmation of pipeline stability

We confirmed the pipeline stability by dataset-role swapping. We constructed MDD
diagnostic biomarkers using identical pipelines, except for the traveling-subject
harmonization method when dataset I1 was used as the discovery dataset and dataset I as
the validation dataset. We calculated their composite scores, instability, and diagnostic
probabilities on each marker. The correlation coefficient was calculated of the marker’s

diagnostic probabilities before and after dataset-role swapping.
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2.11.  Marker and pipeline ranking

For the 240 pipelines to which both datasets can be applied as discovery datasets,

we standardized the composite scores and instability values before and after the dataset-

role swapping and the correlation coefficient values of the diagnostic probability. The

final pipeline ranking was determined by the sum of these five standardized values

(Table 5).

2.12.  Evaluation of similarity of important functional connectivity

We examined the network-level similarity of the important functional connectivity

among the top 10 highest diagnostic performance MDD biomarkers. Since each

diagnostic marker has 100 classifiers, the contribution of each FC to the diagnostic

marker can be quantified by the sum of the absolute values of the weight values or the

out-of-bag predictive importance. To compare the similarity of FC patterns between

markers constructed using different parcellation options, we applied the FCs extracted

as the top 5% of high contribution FCs in each marker to the same atlas of seven brain

networks (Buckner et al., 2011; Choi et al., 2012; Thomas Yeo et al., 2011). The ROIs

that comprised each FC were counted where they were classified on each brain network

label and divided by twice the total number of the top 5% high contribution FCs. Since
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biases exist in the number of ROIs classified into each network depending on the

parcellation, we calculated the existence probability of the ROIs of all the FCs on the

brain network for each parcellation and divided the existence probability of the top 5%

FCs by the existence probability of the whole FCs. The correlation coefficient of the

brain network utilization between any two markers’ high contribution FCs was used as a

quantitative index of marker similarity. The similarity is important if the correlation

coefficient among two different utilization rates was significantly higher than a

randomness threshold. We randomly selected an arbitrary 5% of the FCs from each

parcellation and calculated the corrected utilization rate on Yeo’s brain network and the

correlation coefficient between these two utilization rates. We conducted this operation

10,000 times and set a statistical significance at a certain threshold (permutation test, P

<0.05, 1-sided).

2.13.  Evaluation of pipelines for other disorders

Using the top 10 pipelines suitable for constructing diagnostic markers for MDD, we

confirmed the applicability of those pipelines to other two disorders: schizophrenia

(SCZ) and autism spectrum disorders (ASD). We developed diagnostic biomarkers for

SCZ and ASD using the same process as for the MDD diagnostic biomarkers. The same


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

data as the HCs of Section 2.1 were used for the HC and typical development (TD)
subjects, and all the data were collected in the DecNef Project Brain Data Repository

(https://bicr.atr.jp/decnefpro/data; Tables 1 and 2, 564 HC or TD, 106 SCZ, and 125

ASD patients).
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3. Results

3.1. Comparison of diagnostic performances with all markers

Focusing on the four steps of the whole marker construction processes (Figure 1), we

searched for the optimal pipeline for the construction of MDD diagnostic biomarkers

with superior classification performance for both the discovery dataset and the

validation dataset (Supplemental Figure 1). We utilized 360 different pipelines and

constructed 360 different brain network markers for MDD and distinguished between

HCs and MDDs using dataset I as a discovery dataset. Then we applied all the markers

in the validation dataset (dataset II). For each one, we obtained the area under the curve

(AUC) and the Matthews correlation coefficient (MCC), and the sensitivity and

specificity were obtained for the discovery and validation datasets. Furthermore, we

calculated “composite scores” by combining the AUCs and the scale-adjusted MCCs to

compare the diagnostic performances and the “instability” index, which is the distance

between two sensitivities and two specificities, to evaluate the stability of the

discrimination result between the discovery and validation datasets.

According to the composite scores, we first studied the importance of the choice of

each development process in the marker pipelines: the choice of parcellations,
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functional connectivity, harmonization, and machine learning (Figure 1). In the

parcellation process (Figure 2A), Glasser + 19 ROIs (379) and dictionary learning (80)

showed higher composite scores for both dataset I (discovery) and dataset II

(validation). In the functional connectivity process (Figure 2B), Pearson’s full

correlation and tangent-space covariance outperformed the rest. In the harmonization

process (Figure 2C), some markers using pipelines with the traveling-subject

harmonization approach scored very high, although those using traveling-subject

pipelines generally scored slightly lower than markers with pipelines that did not apply

any inter-site correction. On the other hand, the diagnostic performances of the markers

in the discovery dataset using a pipeline containing the ComBat option were

significantly lower than other markers. Last, in the machine learning process (Figure

2D), the non-sparse methods, RIDGE and SVM, showed higher composite scores, and

some of the markers constructed using the pipeline, including the random forest

method, showed very high diagnostic performance for dataset II.

Since significant differences were identified between the options in the composite

score of dataset I (discovery) in the inter-site harmonization process (Figure 2E), we

investigated with markers that were constructed using only 240 pipelines that did not

use ComBat as a harmonization option in the following analysis of effective methods in
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each development process. We considered the optimum method for each development

process by comparing the composite scores of the markers of all the pipelines, which

can be determined when the option in a certain process is fixed to one choice. We used a

multiway analysis of variance to evaluate the effects of multiple factors on the averaged

composite scores using the ANOVAN function in MATLAB (Table 3, MathWorks,

R2018b). The averaged composite score was the mean value of the composite scores of

both datasets and reflected the marker’s generalization capability. In this multiple

comparison for a four-way ANOVA, the averaged composite scores were standardized.

Except for the parcellation and harmonization combination, all four main terms and five

of the six interaction terms seemed to significantly affect the averaged composite score.

Regarding parcellation, surface-based parcellation (Glasser + 19 ROIs (379)) and data-

driven parcellation (dictionary learning (80)) led to maximal performance (Figure 3A).

Tangent-space covariance and Pearson’s full correlation as a functional connectivity

tended to outperform the partial and distance correlations. Indeed, they performed better

on average (Figure 3B). Regarding the harmonization approach, we found no significant

difference between the no-correction option and traveling-subject harmonization (Figure

3C). As a machine learning method, the result shows that non-sparse linear classifiers,

including support vector machine (SVM) and RIDGE, outperformed the other
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approaches (Figure 3D). Based on this analysis, the recommended methods for each

process are summarized in Table 4.

3.2. Evaluation of pipeline generality by dataset-role swapping

We identified the markers that show high diagnostic performance even for the

validation dataset and the pipelines for constructing them. In view of the data

dependency of machine learning, we constructed and verified markers using dataset II

as a discovery dataset to check the generality of the results regarding marker

performance rankings and important factors (Supplemental Figures 1 & 2A). Since

dataset II, unlike dataset I, was acquired with multiple protocols, it is not just a cross

validation. We constructed MDD diagnostic biomarkers using all the pipelines, except

those that include traveling-subject harmonization because dataset II has no such

corresponding traveling-subject dataset. We obtained AUC, MCC, sensitivity, and

specificity from both datasets and calculated the averaged composite scores and

instabilities. For each subject, the diagnostic probabilities were calculated by two

markers that were constructed using the same pipeline before and after dataset-role

swapping to evaluate the stability of the discrimination results. After comparing the

averaged composite scores before and after dataset-role swapping, the effectiveness of
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surface-based Glasser parcellation became remarkable, although a similar tendency was

observed using the datasets in the original role (Figure 4A). For FC, the effectiveness of

Pearson’s full correlation and tangent-space covariance was again confirmed (Figure

4B). For the harmonization process, the effectiveness of the no-correction option

compared to ComBat remained the same, although their differences became smaller

(Figure 4C). There was no change in the effectiveness of the non-sparse method in the

machine learning process (Figure 4D). Each pipeline was comprehensively ranked

based on its averaged composite score and the instability value of the diagnostic

markers constructed before and after dataset-role swapping and the correlation

coefficient of the diagnostic probability (Table 5). All five indicators used for the

rankings were standardized in all the pipelines, and the signs of the instability values

were inverted.

3.3. Evaluation of marker similarity

We investigated the similarities among diagnostic biomarkers constructed from the

top 10 identified pipelines. The mean + SEM of the composite scores in the discovery

dataset for the top 10 markers was 0.724 + 0.010 (Figure 5A). The corresponding AUC,

accuracy, sensitivity, specificity, and MCC scores were 0.775 £ 0.006, 0.682 + 0.012,
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0.761 = 0.009, 0.663 £ 0.011, and 0.345 £+ 0.014 (Supplemental Table 3). On the other

hand, the mean + SEM of the composite scores in the independent validation dataset

was0.710 £ 0.005. The corresponding AUC, accuracy, sensitivity, specificity, and MCC

scores were 0.743 + 0.005, 0.674 £ 0.005, 0.711 + 0.018, 0.649 + 0.015, and 0.355 +

0.010. The diagnostic results of any pair of top 10 diagnostic markers showed a very

high concordance rate (Figure 5B, Sorensen-Dice coefficient index: 0.791 £ 0.008,

mean = SEM). Each marker has 100 classifiers and 100 kinds of weight or importance

values for each functional connectivity. The summation of the absolute weights or the

importance of each marker was regarded as the degree of its contribution for

classification, and we confirmed whether the top 5% contribution FCs had network

usage similarity among the markers. Since each parcellation has its own ROIs for

dividing the brain, it is impossible to simply compare high contribution FC patterns

among markers with different parcellations. Therefore, we put the high contribution FCs

into a common brain map called brain networks proposed by Yeo et al. and compared

the similarity of the usage rates of the networks to which each FC belongs

(Supplemental Figure 3). Since the existence probability of all the FCs on the brain

network is different for each parcellation, we compared the network utilization rates

between any two markers after correcting them. As a result, significant higher
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correlations were observed between the markers constructed by the pipelines, including

all the parcellation and functional connectivity estimation patterns, except for the

combination of dictionary-learning parcellation and tangent-space covariance (Figure

5C, D).

3.4. Application of pipelines to other disorders

Finally, we tested whether the high-performance biomarkers of other mental

disorders can be constructed with higher-ranked pipelines identified using the MDD

datasets (Supplemental Figure 1) since these mental disorders also have no objective

diagnostic biomarkers. Using the top 10 pipelines shown in Table 5, we verified

whether diagnostic markers for ASD and SCZ can be constructed by the same

procedure as that for creating diagnostic markers for MDD. In the top 10 pipelines,

which did not contain a ComBat option, the diagnostic markers for ASD and SCZ were

successfully constructed with equal to or higher classification performances than the

diagnostic markers for MDD (Figure 6).


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

4. Discussion

In this study, we conducted a comprehensive evaluation of the analysis pipelines of

resting-state functional connectivity (rsFC) biomarkers using a large-scale, multi-site

fMRI dataset for major depressive disorder (MDD) and healthy controls (HCs) (1162

participants from eight imaging sites). We explored option combinations in four

subprocesses of the analysis pipeline: six types of brain parcellation, four types of FC

computation, three types of site difference harmonization, and five types of machine

learning methods. In total 360 biomarkers were constructed using the SRPBS dataset

acquired with a unified protocol (713 participants from four imaging sites) as the

discovery dataset and their classification performances were evaluated with the dataset

from other independent projects acquired with heterogeneous protocols (449

participants from four imaging sites) as the validation dataset. We identified the best

options in each of four subprocesses based on both the cross-validated classification

performance within the discovery dataset and the classification performance for the

validation dataset. To find the best options shared by the rsFC biomarkers constructed

with a dataset acquired with a unified protocol and those constructed with a dataset with

a heterogenous protocol, we repeated the same procedure after swapping the role of the

two datasets. We found that the pipelines tended to result in high classification
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performance, including Glasser’s parcellation, tangent covariance, no harmonization

and such non-sparse classifiers as ridge logistic regression and support vector machine

(SVM). Then we investigated the diagnosis and weight similarity between the top 10

biomarkers and observed commonality, except in two biomarkers using both data-driven

parcellation and FC computation. Finally, we applied the top 10 pipelines to the datasets

of other mental disorders (autism spectrum disorder and schizophrenia) and 8 of 10

biomarkers showed sufficient classification performance. Our results support the

construction of standardized pipelines for multi-site and multi-disorder biomarkers.

Regarding brain parcellation, Glasser parcellation was the most effective followed by

the dictionary learning method. Glasser parcellation is surface-based. Other studies

reported that surface-based parcellation, which was superior for detecting brain activity

with lower signal contamination than volume-based parcellation by 2D smoothing

(Brodoehl et al., 2020), increased statistical power even in lower spatial and temporal

resolution cases (Anticevic et al., 2008; Coalson et al., 2018). This lower signal

contamination might improve the diagnostic performance for the validation dataset,

which consists of the fMRI data acquired with different protocols at various sites from

the discovery dataset. The effectiveness of dictionary learning was already reported in a

previous benchmarking study (Dadi et al., 2019). Although dictionary learning worked
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the best when it was learned with datasets acquired with the unified protocol, its

performance degraded significantly when it was learned with the dataset acquired with

heterogeneous protocols. Interestingly, the number of ROIs of Glasser parcellation is

379, the highest in our exploration; dictionary learning had only 80, the lowest.

Regarding FC, we confirmed that Pearson’s full correlation and tangent-space

covariance were better than the other options. The latter had slightly higher performance

than the former, although it was not statistically significant. Tangent-space covariance’s

effectiveness was also consistent with previous reports (Dadi et al., 2019; Yang et al.,

2022). Since Pearson’s full correlation uses the averaged fMRI signals within each ROI,

this approach overlooks the spatial patterns of voxel-wise or vertex-wise signals within

individual ROIs. To exploit the information of voxel patterns within each ROI, we

tested the recently-proposed distance correlation (Yoo et al., 2019). However, the

average performance was not good, indicating the high sensitivity of voxel patterns to

protocol and scanner differences.

Regarding the harmonization method, we found no performance differences between

the traveling-subject (TS) harmonization method and the no-correction method,

although Combat’s performance degraded when the SRPBS dataset was used as
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discovery datasets. When we trained the biomarkers with the heterogeneous datasets

where Combeat is the only method for harmonization, we did not find a difference

between no-correction and Combat (Supplemental Figure 2B). In summary, we did not

find a clear effect of harmonization on the classification performance. One possible

reason is that the pattern of disease factors is sufficiently different from the pattern due

to site differences and machine learning automatically weighs disease factors (Abraham

et al., 2017; Yamashita et al., 2019). However, note that harmonization remains

important when closely interpreting constructed biomarkers. For example, a previous

study using sparse classifiers to construct MDD biomarkers showed that the number of

relevant FCs increased after TS harmonization compared with the no-correction method

(Yamashita et al., 2020).

For the machine learning method, our results showed that non-sparse machine

learning methods were preferred, a finding that is consistent with a previous report

(Dadi et al., 2019). This result implies that the functional connectivity required for

MDD diagnoses is spread throughout the brain. Although the non-sparse methods

worked better as long as the classification performance was considered, sparse

classifiers, which can select a small number of important FCs (Yamashita et al., 2020),

are advantageous if applications target such specific FCs as FC neurofeedback (Megumi
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et al., 2015; Yamashita et al., 2017) and the identification of drug discovery target brain

areas (Ichikawa et al., 2020).

The similarity analysis of the diagnosis and FC weights of the top 10 pipelines

showed that diagnosis patterns were highly similar among the 10 markers and their

weight patterns were highly similar among the eight biomarkers. Two markers, which

showed a low weight similarity to the remaining markers, used a combination of

dictionary-learning parcellation and tangent-space covariance, both of which are data-

driven methods. With multiple data-driven methods, we can discriminate the MDD

characteristics that are different from markers using the other pipelines. An interesting

future study might take advantage of the different characteristics of multiple biomarkers

using the ensemble learning framework to provide more robust discrimination results.

Although this study carried out a search for the optimal diagnostic markers of

construction pipelines by developing MDD diagnostic biomarkers, other mental

disorders also require the establishment of objective biomarkers. We showed that eight

of the top 10 pipelines might also be effective in developing diagnostic markers for

ASD and SCZ in addition to MDD. Since diagnostic markers have been constructed for

these three mental disorders, each subject can obtain in a single fMRI acquisition the
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diagnostic probability for each disorder from the three diagnostic biomarkers.

Combining multiple diagnostic probabilities based on biophysiological backgrounds is

expected to fuel patient classifications regardless of conventional categorical diagnoses.

We will also attempt to study patient-clustering methods using a multiple disorder

dataset, an attempt also consistent with the RDoC concept, which seeks precision

medicine for psychiatry (Insel, 2014). Regarding the low diagnostic performance of the

two ASD diagnostic biomarkers, both were constructed using pipelines, including a

combination of Pearson’s full correlation, ComBat harmonization, and the random

forest method into a discovery dataset. Since the two discovery dataset sites consisted of

only typical development subjects and ASD patients were concentrated in one site,

excessive correction was caused by ComBat, and the characteristics of the ASD patients

on FC seemed lost. In fact, if diagnostic markers are created in a pipeline containing

ComBat for only two sites including ASD, their diagnostic performance is improved

(Supplemental Figure 4).

In summary, we searched for a pipeline with excellent generalization performance

and excellent marker construction from a combination search of comprehensive

methods based on fMRI data acquired at multiple large-scale facilities and obtained

multiple candidates. Our identified pipeline is likely to be applicable to other psychiatric
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disorders, and we expect that a combination of multiple fMRI markers will support new

understanding of such disorders. We hope that the widespread use of fMRI markers in

clinical practice will shorten the treatment period for patients and lead to the

development of new treatment methods for those for whom no effective treatment

method currently exists.

Limitations

In this study, although the fMRI data were acquired from multiple large-scale

facilities, they were only in Japan. In our previous study (Yamashita et al., 2020), we

applied our MDD biomarker to an fMRI dataset shared by OpenNeuro as an

independent validation dataset from a foreign country. However, since half of its fMRI

data were inexplicably replaced after the previous publication by the providers, we

could not obtain sufficient performance when we applied any of the markers constructed

in this study to the dataset of our latest version (Supplemental Figure 5). Although we

carefully investigated the replaced data to identify the cause, we failed. This fact

suggests the urgency of data acquisition under internationally-controlled protocols and

data sharing in a common format for investigating the cause and development of more
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practical markers. In addition, regarding constructing autism spectrum disorder and

schizophrenia diagnostic markers, we haven’t yet conducted a verification test using

external validation data.
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al., 2021 for more detailed information about the datasets.

Conflict of interests

This study was supported by the collaboration fund of XNef Inc. and SHIONOGI &

CO.,LTD. YS, TY, and MK are employees of XNef Inc. YT, YK, KO, and SM are

employees of SHIONOGI & CO., LTD. The data acquisition was partially supported by

JSPS KAKENHI Grant Number JP20H03605, JP21H05174 and JP21HO05171, AMED

under Grant Number JP22dm0307009, JP19dm0207069, JP18dm0307001 and


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

JP18dm0307004, Moonshot R&D Grant Number JPMJMS2021, and by UTokyo

Institute for Diversity and Adaptation of Human Mind (UTIDAHM), and the

International Research Center for Neurointelligence (WPI-IRCN) at The University of

Tokyo Institutes for Advanced Study (UTIAS).

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

Anticevic, A., Dierker, D.L., Gillespie, S.K., Repovs, G., Csernansky, J.G.,

van Essen, D.C., Barch, D.M., 2008. Comparing surface-based and

volume-based analyses of functional neuroimaging data in patients with

schizophrenia. Neuroimage 41, 835-848.

https://doi.org/10.1016/J.NEUROIMAGE.2008.02.052


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Arbabshirani, M.R., Plis, S., Sui, J., Calhoun, V.D., 2017. Single subject
prediction of brain disorders in neuroimaging: Promises and pitfalls.

Neuroimage 145, 137-165.

https://doi.org/10.1016/J.NEUROIMAGE.2016.02.079

Arnow, B.A., Blasey, C., Williams, L.M., Palmer, D.M., Rekshan, W.,
Schatzberg, A.F., Etkin, A., Kulkarni, J., Luther, J.F., Rush, A.J., 2015.
Depression subtypes in predicting antidepressant response: A report from
the iSPOT-D trial. American Journal of Psychiatry 172, 743-750.
https://doi.org/10.1176/APP1.AJP.2015.14020181/SUPPL_FILE/AUG20

15 DEPRESSION.MP3

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, 90-101.

https://doi.org/10.1016/J.NEUROIMAGE.2007.04.042

Brodoehl, S., Gaser, C., Dahnke, R., Witte, O.W., Klingner, C.M., 2020.
Surface-based analysis increases the specificity of cortical activation

patterns and connectivity results. Sci Rep 10.


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

https://doi.org/10.1038/S41598-020-62832-Z

Brown, C.J., Hamarneh, G., 2016. Machine Learning on Human Connectome

Data from MRI. arXiv: 1611.08699. https://arxiv.org/abs/1611.08699

Buckner, R.L., Krienen, F.M., Castellanos, A., Diaz, J.C., Thomas Yeo, B.T.,

2011. The organization of the human cerebellum estimated by intrinsic

functional connectivity. J Neurophysiol 106, 2322-2345.

https://doi.org/10.1152/JN.00339.2011

Calhoun, V.D., Sui, J., Kiehl, K., Turner, J., Allen, E., Pearlson, G., 2012.

Exploring the psychosis functional connectome: aberrant intrinsic

networks in schizophrenia and bipolar disorder. Front Psychiatry 2.

https://doi.org/10.3389/FPSYT.2011.00075

Carp, J., 2012. On the plurality of (methodological) worlds: estimating the

analytic flexibility of FMRI experiments. Front Neurosci 6.

https://doi.org/10.3389/FNINS.2012.00149

Castellanos, F.X., di Martino, A., Craddock, R.C., Mehta, A.D., Milham, M.P.,

2013. Clinical applications of the functional connectome. Neuroimage


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

80, 527-540. https://doi.org/10.1016/J.NEUROIMAGE.2013.04.083

Chen, G., Ward, B.D., Xie, C., Li, W., Wu, Z., Jones, J.L., Franczak, M.,
Antuono, P., Li, S.J., 2011. Classification of Alzheimer disease, mild
cognitive impairment, and normal cognitive status with large-scale
network analysis based on resting-state functional MR imaging.

Radiology 259, 213-221. https://doi.org/10.1148/RADIOL.10100734

Chicco, D., 2017. Ten quick tips for machine learning in computational
biology. BioData Min 10, 1-17. https://doi.org/10.1186/s13040-017-

0155-3

Choti, E.Y., Thomas Yeo, B.T., Buckner, R.L., 2012. The organization of the
human striatum estimated by intrinsic functional connectivity. J

Neurophysiol 108, 2242—-2263. https://doi.org/10.1152/IN.00270.2012

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/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

https://doi.org/10.1016/J.NEUROIMAGE.2017.03.020

Clare Kelly, A.M., Uddin, L.Q., Biswal, B.B., Castellanos, F.X., Milham,

M.P., 2008. Competition between functional brain networks mediates

behavioral variability. Neuroimage 39, 527-537.

https://doi.org/10.1016/J.NEUROIMAGE.2007.08.008

Coalson, T.S., van Essen, D.C., Glasser, M.F., 2018. The impact of traditional

neuroimaging methods on the spatial localization of cortical areas. Proc

Natl Acad Sci U SA 115, E6356-E6365.

https://doi.org/10.1073/PNAS.1801582115/-/DCSUPPLEMENTAL

Craddock, R.C., Holtzheimer, P.E., Hu, X.P., Mayberg, H.S., 2009. Disease

state prediction from resting state functional connectivity. Magnetic

resonance in medicine : official journal of the Society of Magnetic

Resonance in Medicine / Society of Magnetic Resonance in Medicine 62,

1619. https://doi.org/10.1002/MRM.22159

Craddock, R.C., Jbabdi, S., Yan, C.G., Vogelstein, J.T., Castellanos, F.X., di

Martino, A., Kelly, C., Heberlein, K., Colcombe, S., Milham, M.P., 2013.

Imaging human connectomes at the macroscale. Nat Methods 10, 524—


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

539. https://doi.org/10.1038/nmeth.2482

Dadi, K., Rahim, M., Abraham, A., Chyzhyk, D., Milham, M., Thirion, B.,

Varoquaux, G., 2019. Benchmarking functional connectome-based

predictive models for resting-state fMRI. Neuroimage 192, 115-134.

https://doi.org/10.1016/J.NEUROIMAGE.2019.02.062

Dansereau, C., Benhajali, Y., Risterucci, C., Pich, E.M., Orban, P., Arnold, D.,

Bellec, P., 2017. Statistical power and prediction accuracy in multisite

resting-state fMRI connectivity. Neuroimage 149, 220-232.

https://doi.org/10.1016/j.neuroimage.2017.01.072

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., Luke, S., Usa, C.M., 2019. ciftify: A framework for surface-based

analysis of legacy MR acquisitions HHS Public Access. Neuroimage

197, 818-826. https://doi.org/10.5281/zenodo.2651201

Esteban, O., Markiewicz, C.J., Blair, R.W., Moodie, C.A., Isik, A.L,

Erramuzpe, A., Kent, J.D., Goncalves, M., DuPre, E., Snyder, M., Oya,

H., Ghosh, S.S., Wright, J., Durnez, J., Poldrack, R.A., Gorgolewski,


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

K.J., 2019. fMRIPrep: a robust preprocessing pipeline for functional

MRI. Nat Methods 16, 111-116. https://doi.org/10.1038/s41592-018-

0235-4

Fortin, J.P., Cullen, N., Sheline, Y.I., Taylor, W.D., Aselcioglu, 1., 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., Tung, 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

Garrity, A.G., Pearlson, G.D., McKiernan, K., Lloyd, D., Kiehl, K.A.,

Calhoun, V.D., 2007. Aberrant “default mode” functional connectivity in

schizophrenia. Am J Psychiatry 164, 450—-457.


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

https://doi.org/10.1176/AJP.2007.164.3.450

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 Europe PMC Funders Group. Nature 536, 171—

178. https://doi.org/10.1038/nature18933

Greicius, M.D., Srivastava, G., Reiss, A.L., Menon, V., 2004. Default-mode

network activity distinguishes Alzheimer’s disease from healthy aging:

Evidence from functional MRI. Proc Natl Acad Sci U S A 101, 4637.

https://doi.org/10.1073/PNAS.0308627101

Ichikawa, N., Lisi, G., Yahata, N., Okada, G., Takamura, M., Hashimoto, R.

ichiro, 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 2020 10:1 10, 1-12. https://doi.org/10.1038/s41598-020-60527-z


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Insel, T.R., 2014. The nimh research domain criteria (rdoc) project: Precision

medicine for psychiatry. American Journal of Psychiatry 171, 395-397.

https://doi.org/10.1176/APP1.AJP.2014.14020138

Jafri, ML.J., Pearlson, G.D., Stevens, M., Calhoun, V.D., 2008. A Method for

Functional Network Connectivity Among Spatially Independent Resting-

State Components in Schizophrenia. Neuroimage 39, 1666.

https://doi.org/10.1016/J.NEUROIMAGE.2007.11.001

Johnson, W.E., Li, C., Rabinovic, A., 2007. Adjusting batch effects in

microarray expression data using empirical Bayes methods. Biostatistics

8, 118—127. https://doi.org/10.1093/biostatistics/kxj037

Kapur, S., Phillips, A.G., Insel, T.R., 2012. Why has it taken so long for

biological psychiatry to develop clinical tests and what to do about it.

Mol Psychiatry 17, 1174—1179. https://doi.org/10.1038/MP.2012.105

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., Araki, T., Glasser, M.F., van Essen, D.C., Maruyama, M.,


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Sadato, N., Kawato, M., Kasai, K., Okamoto, Y., Hanakawa, T., Hayashi,
T., 2021. Brain/MINDS beyond human brain MRI project: A protocol for
multi-level harmonization across brain disorders throughout the lifespan.
Neuroimage Clin 30, 102600.

https://doi.org/10.1016/J.NICL.2021.102600

Martino, A. di, Yan, C.-G., Li, Q., Denio, E., Castellanos, F.X., Alaerts, K.,
2013. The autism brain imaging data exchange: towards a large-scale
evaluation of the intrinsic brain architecture in autism. JS Verhoeven 10,

659-667. https://doi.org/10.1038/mp.2013.78

Megumi, F., Yamashita, A., Kawato, M., Imamizu, H., 2015. Functional MRI
neurofeedback training on connectivity between two regions induces
long-lasting changes in intrinsic functional network. Frontiers in Human
Neuroscience | www.frontiersin.org 9, 160.

https://doi.org/10.3389/fnhum.2015.00160

Mellema, C.J., Nguyen, K.P., Treacher, A., Montillo, A., 123AD.
Reproducible neuroimaging features for diagnosis of autism spectrum

disorder with machine learning. Scientific Reports | 12, 3057.


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

https://doi.org/10.1038/s41598-022-06459-2

Mensch, A., Mairal, J., Thirion, B., Varoquaux, G., 2016. Dictionary learning

for massive matrix factorization. 33rd International Conference on

Machine Learning, ICML 2016 4, 2601-2610.

Milham, P.M., Damien, F., Maarten, M., Stewart, H.M., 2012. The ADHD-

200 Consortium: A model to advance the translational potential of

neuroimaging in clinical neuroscience. Front Syst Neurosci 1-5.

https://doi.org/10.3389/fnsys.2012.00062

Perrot, M., Riviere, D., Mangin, J.F., 2011. Cortical sulci recognition and

spatial normalization. Med Image Anal 15, 529-550.

https://doi.org/10.1016/J.MEDIA.2011.02.008

Pervaiz, U., Vidaurre, D., Woolrich, M.W., Smith, S.M., 2020. Optimising

network modelling methods for fMRI. Neuroimage 211.

https://doi.org/10.1016/J.NEUROIMAGE.2020.116604

Plitt, M., Barnes, K.A., Martin, A., 2015. Functional connectivity

classification of autism identifies highly predictive brain features but


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

falls short of biomarker standards. Neuroimage Clin 7, 359-366.

https://doi.org/10.1016/J.NICL.2014.12.013

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

Shen, X., Tokoglu, F., Papademetris, X., Constable, R.T., 2013. Groupwise

whole-brain parcellation from resting-state fMRI data for network node

identification. Neuroimage 82, 403—415.

https://doi.org/10.1016/j.neuroimage.2013.05.081

Shirer, W.R., Ryali, S., Rykhlevskaia, E., Menon, V., Greicius, M.D., 2012.

Decoding subject-driven cognitive states with whole-brain connectivity

patterns. Cerebral Cortex 22, 158—-165.

https://doi.org/10.1093/cercor/bhr099

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.,


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Shimada, Y., Mano, H., Yoshida, W., Seymour, B., Shimizu, T., Hosomi,
K., Saitoh, Y., Kasai, K., Kato, N., Takahashi, H., Okamoto, Y.,
Yamashita, O., Kawato, M., Imamizu, H., 2021. A multi-site, multi-
disorder resting-state magnetic resonance image database. Scientific Data

2021 8:1 8, 1-15. https://doi.org/10.1038/s41597-021-01004-8

Thomas Yeo, B.T., Krienen, F.M., Sepulcre, J., Sabuncu, M.R., Lashkari, D.,
Hollinshead, M., Roffman, J.L., Smoller, J.W., Z6llei, L., Polimeni, J.R.,
Fisch, B., Liu, H., Buckner, R.L., 2011. The organization of the human
cerebral cortex estimated by intrinsic functional connectivity. J

Neurophysiol 106, 1125-1165. https://doi.org/10.1152/IN.00338.2011

Tokuda, T., Yoshimoto, J., Shimizu, Y., Okada, G., Takamura, M., Okamoto,
Y., Yamawaki, S., Doya, K., 2018. Identification of depression subtypes
and relevant brain regions using a data-driven approach. Sci Rep 8.

https://doi.org/10.1038/S41598-018-32521-Z

van Essen, D.C., Smith, S.M., Barch, D.M., Behrens, T.E.J., Yacoub, E.,
Ugurbil, K., 2013. The WU-Minn Human Connectome Project: an

overview. Neuroimage 80, 62—79.


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

https://doi.org/10.1016/J.NEUROIMAGE.2013.05.041

van Essen, D.C., Ugurbil, K., 2012. The Future of the Human Connectome.

Neuroimage 62, 1299.

https://doi.org/10.1016/J.NEUROIMAGE.2012.01.032

Varoquaux, G., Baronnet, F., Kleinschmidt, A., Fillard, P., Thirion, B., 2010.

Detection of brain functional-connectivity difference in post-stroke

patients using group-level covariance modeling. Med Image Comput

Comput Assist Interv 13, 200-208. https://doi.org/10.1007/978-3-642-

15705-9 25

Wallace, B.C., Small, K., Brodley, C.E., Trikalinos, T.A., 2011. Class

imbalance, redux. Proceedings - IEEE International Conference on Data

Mining, ICDM 754-763. https://doi.org/10.1109/ICDM.2011.33

Wolfers, T., Buitelaar, J.K., Beckmann, C.F., Franke, B., Marquand, A.F.,

2015. From estimating activation locality to predicting disorder: A

review of pattern recognition for neuroimaging-based psychiatric

diagnostics. Neurosci Biobehav Rev 57, 328-349.

https://doi.org/10.1016/J.NEUBIOREV.2015.08.001


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Yahata, N., Morimoto, J., Hashimoto, R., Lisi, G., Shibata, K., Kawakubo, Y.,

Kuwabara, H., Kuroda, M., Yamada, T., Megumi, F., Imamizu, H.,

Naifiez, J.E., 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. Nat Commun 7.

https://doi.org/10.1038/ncomms 11254

Yamashita, A., Hayasaka, S., Kawato, M., Imamizu, H., 2017. Connectivity

Neurofeedback Training Can Differentially Change Functional

Connectivity and Cognitive Performance. Cerebral Cortex 27, 4960—

4970. https://doi.org/10.1093/cercor/bhx177

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., Takahashi, H., Okamoto, Y., Yamashita, O.,

Imamizu, H., 2020. Generalizable brain network markers of major

depressive disorder across multiple imaging sites. PLoS Biol 18, 1-26.

https://doi.org/10.1371/journal.pbio.3000966


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

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., Kato, N., Takahashi, H., Okamoto,

Y., Tanaka, S.C., Kawato, M., Yamashita, O., 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.

https://doi.org/10.1371/journal.pbio.3000042

Yamashita, O., Sato, M.A., Yoshioka, T., Tong, F., Kamitani, Y., 2008. Sparse

estimation automatically selects voxels relevant for the decoding of

fMRI activity patterns. Neuroimage 42, 1414—1429.

https://doi.org/10.1016/j.neuroimage.2008.05.050

Yang, X., Zhang, N., Schrader, P., 2022. A study of brain networks for autism

spectrum disorder classification using resting-state functional

connectivity. Machine Learning with Applications 8, 100290.

https://doi.org/10.1016/J.MLWA.2022.100290


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Yoo, K., Rosenberg, M.D., Hsu, W.-T., Zhang, S., Li, C.-S.R., Scheinost, D.,
Todd Constable, R., Chun, M.M., 2018. Connectome-based predictive
modeling of attention: Comparing different functional connectivity
features and prediction methods across datasets HHS Public Access.
Neuroimage 167, 11-22.

https://doi.org/10.1016/j.neuroimage.2017.11.010

Yoo, K., Rosenberg, M.D., Noble, S., Scheinost, D., Constable, R.T., Chun,
M.M., 2019. Multivariate approaches improve the reliability and validity
of functional connectivity and prediction of individual behaviors.
Neuroimage 197, 212-223.

https://doi.org/10.1016/J.NEUROIMAGE.2019.04.060

Yoshihara, Y., Lisi, G., Yahata, N., Fujino, J., Matsumoto, Y., Miyata, J.,
Sugihara, G.-I., Urayama, S.-1., 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., Kahn, R.S., Sawa, A., Kawato, M.,
Murai, T., Morimoto, J., Takahashi, H., 2020. Overlapping but

Asymmetrical Relationships Between Schizophrenia and Autism


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Revealed by Brain Connectivity. Schizophr Bull 46, 1210-1218.

https://doi.org/10.1093/schbul/sbaa021

Yu, M., Linn, K.A., Cook, P.A., Phillips, M.L., Mclnnis, 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. Hum Brain Mapp 39, 4213—

4227. https://doi.org/10.1002/HBM.24241

Zhou, Y., Liang, M., Tian, L., Wang, K., Hao, Y., Liu, H., Liu, Z., Jiang, T.,

2007. Functional disintegration in paranoid schizophrenia using resting-

state fMRI. Schizophr Res 97, 194-205.

https://doi.org/10.1016/J.SCHRES.2007.05.029


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Figure Legends
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Figure 1. Design for comprehensive exploration of analysis pipelines of rsFC MDD

biomarker: After preprocessing with fmriprep-ciftify, 360 markers were constructed

using 360 pipelines (6 parcellations x 4 functional connectivity x 3 site-bias

harmonization X 5 machine learning).


https://doi.org/10.1101/2024.03.17.584538
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.03.17.584538; this version posted March 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

A Parcellation B Functional connectivity E
S ) ek
ek I
o ——
H
i 4
3 +f'a
H | s Pl
H | U
- g o= &
s J
$
‘. 8 . |
2 $
2 ¥
g
E ¥
. o v
045 05 055 06 065 07 075 045 05 055 06 065 07 075 e -
ComBat Traveling No
Composite score (discovery) N .
subject correction

Composite score (discavery)

V/ S
D

Harmonization Machine learning

Tukey-Kramer test, ***p<0.001

045 05 055 06 085 07 075

045 05 055 06 085 07 075
Composite score (discovery)

Compusite score (discovery)

—

NTa

Figure 2. Classification performances of markers constructed with 360 pipelines:
A-D) Distribution of composite scores both in discovery and validation datasets for each
process. 4) Parcellation, B) Functional connectivity estimation, C) Site-bias
harmonization, D) Machine learning. £) Distribution of composite scores of all
diagnostic markers for each harmonization method in discovery dataset. Composite

scores of markers constructed using ComBat show significant lower values than those

of remaining markers (Tukey-Kramer test, ***p<0.001).
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Figure 3. Impact of each method choice on prediction accuracy in each

development process: Distribution of diagnostic performances for each method

selected in each development process when excluding markers constructed using

ComBat method. 4) In Parcellation process, Glasser + 19 ROIs (379) and dictionary

learning (80) performed better. B) In Functional connectivity process, Pearson’s full

correlation and tangent-space covariance performed better. C) In Harmonization

process, there is no significant difference. D) In Machine learning process, non-sparse
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methods outperformed sparse methods. In this analysis, standardized prediction scores

are used by standardization of averaged composite scores of both datasets (Tukey-

Kramer test, ***p<0.001, **p<0.01, *p<0.05).u
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Figure 5. Diagnosis and weight similarity among top 10 high-performance

biomarkers: 4) Classification performance of top 10 MDD diagnostic biomarkers.

Upper row shows correlation coefficient between top markers in diagnostic probability.

Probability distribution for diagnosis of MDD in dataset I (discovery 10-fold CV test,

upper) and dataset II (validation test, bottom). MDD and HC distributions are depicted

in red and blue. B) Correlation coefficient between top markers in diagnostic

probability. C, D) Similarity of important FCs’ corrected network usage amount among

top 10 markers. Two-thirds combination showed a significantly higher correlation with

corrected network usage amount (D, permutation test, *p<0.05).
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Figure 6. Development of ASD and SCZ diagnostic biomarkers using top 10

analysis pipelines: Constructing ASD and SCZ diagnostic biomarkers using top 10

pipelines, showing high classification and generalization performances in constructing

MDD diagnostic biomarkers. Eight of top 10 markers show high classification

performances on composite scores. TD or HC distributions are depicted in blue, ASD in

purple, and SCZ in green.
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HC or TD MDD Al
Site Number Male/Female Age (y) | BDI Number Male/Female Age (y) | BDI Number Male/Female Age (y) | BDI
Dataset |
Center of Innovation in
Hiroshima university 124 46178 519134 | 82+63 70 31139 450125 | 26299 194 77117 49.4=135 | 1472117
(col
Ky"':’K”J'{.’)e's"y 169 100/69 359+136 | 6.0+54 17 16 439+133 | 27.710.1 186 111175 367137 | 8391
Showa university " 4 ~ ~ _ + "
) 101 86/15 284+79 | 4438 0 101 86/15 284%79 | 4438
U""’e’s"yTgf)T“y" 170 78192 356175 | 67465 62 36126 387116 | 2042114 | 232 114118 | 3642162 | 145118
Summary 564 310/254 38.0=16.1 | 6356 149 78171 423125 | 249%107 | 713 388/325 389=155 | 107£106
Dataset Il
Hiroshima Kajikawa
hospital 29 12117 454%95 | 51%46 33 2013 448+115 | 285=87 62 32130 451%105 | 176+137
(HKH)
Hiroshima
rehabiltation center 49 13/36 475117 | 91:85 16 6110 405115 | 35395 65 19/46 414%115 | 156143
(HRC)
Hiroshima university
hospital 66 29/37 346130 | 69=59 57 32125 433122 | 309+90 123 61/62 386=133 | 18.0+14.1
(HUH)
Yamag‘:ﬁ“;:"i"e’s"‘y 120 50170 459+195 | 7.1%56 79 36/43 503+136 | 207107 | 199 86/113 476+175 | 160136
Summary 264 104/160 422%165 | 72%63 185 94/91 463+130 | 30.3%9.9 449 198/251 439=153 | 167139

Table 1. Demographic information of participants: Dataset I contained data from 713

participants (564 HCs from four sites and 149 MDDs from three sites). All data were

acquired using a unified imaging protocol (SRPBS DecNef project). Dataset II

contained data from 449 participants (264 HCs and 185 MDDs) from completely

different four sites from four sites of dataset I. See Supplemental Table 1 for more

detailed information protocols.
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Dataset lll
ASD SCZ
Site Number Male/Female Age (y) Number Male/Female Age (y)
Center of Innovation in
Hiroshima university 0 - - 0 - -
(Col)
Kyoto university 0 . . 51 26/25 41.0+10.7
(KUT) ’ ’
Showa university 4 L
(SWA) 115 100/15 321+7.8 19 15/4 429+84
University of Tokyo 4 4
(UTO) 10 9 37.0+96 36 2412 31.4+10.3
Summary 125 109/16 325%+8.0 106 65/41 381x11.2

Table 2. Demographic characteristics of participants for other disorders: In

development of ASD & SCZ diagnostic marker, rs-fMRI data acquired from 125 ASDs

(two sites) and 106 SCZs (three sites) was used. For TD and HC, the same HC as

dataset I was used. All data were acquired using a unified imaging protocol (SRPBS

DecNef project).
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Source Sumsq. df Meansq. F Sig.
Parcellation 0.03345 5 0.00669 37.75 1.21*10%

Functional connectivity 5 n5469 3 001823 102.86 1.70*107
o . . . .

Harmonization 0.00194 1 0.00194 1095 0.00115

Machine learning 0.04784 4 0.01196 67.49 1.16*10°*

Parcellation
X FC
Parcellation
X Harmonization
Parcellation
X Machine learning
FC
X Harmonization
FC
X_Machine learning
Harmonization
X_Machine learning

Error 0.02906 164 0.00018
Total 0.23324 236

0.02011 15 0.00134 757 1.23*107?

0.00171 &5 0.00034 1.93 0.09208

0.01152 20 0.00058 3.25 1.64*10°

0.00452 3 0.00151 8.5 2.79*10°

0.01435 12 0.0012 6.75 8.41*107°

0.01054 4  0.00263 14.87 2.18*107°

Table 3. Multi-way ANOVA for mean composite score except markers using

ComBat: After eliminating markers constructed using ComBat options, four-way

ANOVA was conducted on averaged composite scores of all markers, focusing on four

development processes.
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Development Recommended
process method

Surface-based or

FEIEALE Data-driven parcellation
Functional Pearson correlation or
Connectivity Tangent-space covariance

Harmonization Traveling Subject

or No correction

Non-sparse approaches

Machine Learning RIDGE or SVM

Table 4. Optimal method for development of practical biomarker
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Pipeline parcellation Harmonization Machine Dataset | > Il Correlation of Total
rankmg learning diagnostic prob. | scores

Glasser+ 19 ROIs (379) Tangent  No correction 1.825 1.334 1.640 0.319 0.761 5.878

Al G -ss¢ + 19 ROIs (379) Tangent  No correction RIDGE 1.809 | 1423 1620 0.256 0.658 5765
Bl G -<<¢ + 19 ROIs (379)Pearson  ComBat Random forest 0.607 1289 1.012  0.982 1.721 5.611
“ Shen (268) Pearson  No correction Random forest = 1.360  0.823  0.647 1.153 1.573 5.555
o ctionaryi Learning (80) Tangent  No correction SVM 1972 0965 0898 1.130 0.359 5.324
B  \0i:b(78)  Tangent Nocorrection SVM 1281 | 0926 0936 1.054 1.086 5.283
I oictionary earning (80) Tangent  No correction RIDGE 1.893  1.031 0936 1.243 0.176 5.280
Bl G =<5 + 19 ROIs (379) Pearson o correction  Random forest | 1.087 || 0.807 | 0.754 = 1.196 1.265 5.109
I oictionary teaming (80) Pearson  ComBat Random forest 0.686 1209 0277 1.228 1535 4.935
Il G =sser + 19 ROIs (379) Pearson  No correction SVM 1458 | 0971 1122 0540 0.782 4873

Table 5. Top 10 superior pipelines for development of MDD diagnostic biomarker:

240 constructed MDD diagnostic biomarkers were respectively ranked in descending

order of averaged composite scores and in ascending order of instability. Total ranking

was determined by summation of composite score ranking and instability ranking.
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