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Deep linear matrix approximate reconstruction with integrated BOLD signal denoising reveals reproducible hierarchical brain connectivity networks from multiband multi-echo fMRI









 


	
	
ORIGINAL RESEARCH
published: 16 April 2025
doi: 10.3389/fnins.2025.1577029








[image: image2]

Deep linear matrix approximate reconstruction with integrated BOLD signal denoising reveals reproducible hierarchical brain connectivity networks from multiband multi-echo fMRI

Wei Zhang1,2, Alexander Cohen3, Michael McCrea4, Pratik Mukherjee5,6 and Yang Wang3*


1School of Computer and Cyber Sciences, Augusta University, Augusta, GA, United States

2Transdisciplinary Research Initiative in Inflammaging and Brain Aging, Augusta University, Augusta, GA, United States

3Department of Radiology, Medical College of Wisconsin, Milwaukee, WI, United States

4Department of Neurosurgery, Medical College of Wisconsin, Milwaukee, WI, United States

5Department of Radiology and Biomedical Imaging, University of California, San Francisco, San Francisco, CA, United States

6Department of Bioengineering and Therapeutic Sciences, University of California, San Francisco, San Francisco, CA, United States

Edited by
 Jürgen Dammers, Helmholtz Association of German Research Centres (HZ), Germany

Reviewed by
 Harshit Parmar, Texas Tech University, United States
 Zhaodi Pei, Beijing Normal University, China

*Correspondence
 Yang Wang, yangwang@mcw.edu 

Received 14 February 2025
 Accepted 31 March 2025
 Published 16 April 2025

Citation
 Zhang W, Cohen A, McCrea M, Mukherjee P and Wang Y (2025) Deep linear matrix approximate reconstruction with integrated BOLD signal denoising reveals reproducible hierarchical brain connectivity networks from multiband multi-echo fMRI. Front. Neurosci. 19:1577029. doi: 10.3389/fnins.2025.1577029
 

The hierarchical modular functional structure in the human brain has not been adequately depicted by conventional functional magnetic resonance imaging (fMRI) acquisition techniques and traditional functional connectivity reconstruction methods. Fortunately, rapid advancements in fMRI scanning techniques and deep learning methods open a novel frontier to map the spatial hierarchy within Brain Connectivity Networks (BCNs). The novel multiband multi-echo (MBME) fMRI technique has increased spatiotemporal resolution and peak functional sensitivity, while the advanced deep linear model (multilayer-stacked) named DEep Linear Matrix Approximate Reconstruction (DELMAR) enables the identification of hierarchical features without extensive hyperparameter tuning. We incorporate a multi-echo blood oxygenation level-dependent (BOLD) signal and DELMAR for denoising in its first layer, thereby eliminating the need for a separate multi-echo independent component analysis (ME-ICA) denoising step. Our results demonstrate that the DELMAR/Denoising/Mapping strategy produces more accurate and reproducible hierarchical BCNs than traditional ME-ICA denoising followed by DELMAR. Additionally, we showcase that MBME fMRI outperforms multiband (MB) fMRI in terms of hierarchical BCN mapping accuracy and precision. These reproducible spatial hierarchies in BCNs have significant potential for developing improved fMRI diagnostic and prognostic biomarkers of functional connectivity across a wide range of neurological and psychiatric disorders.
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1 Introduction

Functional Magnetic Resonance Imaging (fMRI) has been widely used to investigate Brain Connectivity Networks (BCNs) (Bartels and Zeki, 2005; Beckmann and Smith, 2005; Biswal et al., 1995, 2010; Bullmore and Sporns, 2009; Duncan, 2010; Stam, 2014). Multiple studies have revealed the hierarchical modular organization of BCNs (Bassett et al., 2008; Biswal et al., 2010; Bullmore and Sporns, 2009; Sporns et al., 2004). The architecture of cortical/subcortical BCNs is organized at multiple spatial scales, from local circuits at the microscale to columns as well as layers at the mesoscale to areas and areal networks at the macroscale (Bullmore and Sporns, 2009; Power et al., 2011; Stam, 2014; Sporns et al., 2004). Notably, BCNs, which integrate spatial structure with brain functionality, usually reveal specific brain regions associated with distinct functions. This approach has established more straightforward analytics than traditional examinations on sequential time-series (Agarwal et al., 2023; Peng et al., 2023; Stam, 2014). For example, during the COVID-19 pandemic, researchers identified impaired BCNs including olfactory cortex in patients experiencing olfactory loss, highlighting specific neural disruptions linked to certain symptoms (Wingrove et al., 2023).

In the past two decades, fMRI acquisition techniques, such as multiband (MB) and multi-echo (ME) echoplanar imaging (Cohen et al., 2018, 2020; Cohen et al., 2021a,b), and computational approaches for fMRI analytics, e.g., General Linear Modeling (GLM), Graph Theory, Independent Component Analysis (ICA), and Sparse Dictionary Learning (SDL) (Andersen et al., 1999; Calhoun et al., 2001; Lee et al., 2011; Lee et al., 2016; Lv et al., 2015a,b; Zhang et al., 2017; Zhang et al., 2018a,b), have been proposed to map BCNs. However, most analytic methods depend on a ‘shallow’ architecture that cannot detect the spatial hierarchy and overlapping structures of BCNs in an unsupervised data-driven fashion using resting-state fMRI (rsfMRI) or task-based fMRI (tfMRI) signals (Hu et al., 2018; Huang et al., 2018; Zhang et al., 2019, 2020a). Some spatial hierarchies in BCNs have been identified via shallow linear models, such as ICA (Iraji et al., 2019; Smith et al., 2009; Wylie et al., 2021), but there is no principled way to map this hierarchical organization using shallow methods.

Fortunately, the rapid development of deep learning methods provides an opportunity to identify hierarchical BCNs. For example, the dimensional reduction/low-order method (Wylie et al., 2021) is a data-driven deep method that extracts hierarchical meta-BCNs (e.g., BCNs identified at deep layers) organized as several entire/partial areas of other BCNs, e.g., twelve canonical BCNs (Smith et al., 2009). These canonical BCNs typically represent fundamental brain functions, such as auditory, visual, and olfactory processing (Smith et al., 2009). Notably, these canonical BCNs usually are identified at shallow layers of deep learning methods (Esteva et al., 2019; Zhang et al., 2019, 2020a,b). Meanwhile, a wide array of deep learning methods enable the reconstruction of hierarchical architectures in BCNs, including the Deep Convolutional Auto Encoder (DCAE), Deep Belief Network (DBN), and Convolutional Neural Network (CNN) (Bengio et al., 2012; Esteva et al., 2019; Gurovich et al., 2019; Hannun et al., 2019; LeCun et al., 2015; Plis et al., 2014; Schmidhuber, 2015; Suk et al., 2014; Suk et al., 2016; Topol, 2019; Zhang et al., 2020a). Compared with these deep nonlinear models (e.g., deep neural networks), the recently proposed DEep Linear Matrix Approximate Reconstruction (DELMAR) has several advantages (Zhang and Bao, 2022): (1) training samples as small as a single subject (Hinton et al., 2012); (2) less extensive computational resources, e.g., central processing units (CPUs) (Bengio et al., 2012; Hinton et al., 2006; Hinton et al., 2012; Huang et al., 2018; Zhang et al., 2020a,b); (3) automatic tuning of hyperparameters, including the number of layers and size of the weight matrix (Ilievski et al., 2017; Zhang et al., 2020b) [currently, the determination of the number layers and the number of BCNs at each layer remains arbitrary (Pfob et al., 2022)]; (4) a less time-consuming training process (Esteva et al., 2019); and (5) a guarantee to converge to the unique fixed point (Esteva et al., 2019; Gurovich et al., 2019; Hannun et al., 2019). Furthermore, a previous simulation study (Zhang et al., 2020b) has already proven that DELMAR can successfully recognize hierarchical BCNs. Integrating the more sensitive and specific multiband multi-echo (MBME) fMRI techniques (Cohen et al., 2020) with DELMAR can provide an insightful opportunity to further explore the hierarchical structures of BCNs (Zhang et al., 2020a,b). Having previously validated DELMAR through an in-silico fMRI approach in experimental studies comparing it to other peer methods (Qiao et al., 2021; Wylie et al., 2021; Trigeorgis et al., 2014; Trigeorgis et al., 2016; Zhang et al., 2020b, 2024; Zhang and Bao, 2022), we are now particularly interested in exploring the reproducibility of hierarchical BCNs identified via DELMAR and assessing its potential denoising capabilities.

Notably, state-of-the-art MBME fMRI has been proven to increase spatial and temporal resolution, enhance signal-to-noise ratio (SNR) in fMRI signals, and improve functional sensitivity (Cohen et al., 2020, 2021a,b). As we navigate the era of deep learning, advanced methods have paved the way to reveal more reproducible hierarchical brain connectivity networks (BCNs). Therefore, on the one hand, we aim to apply DELMAR to investigate whether we can further identify more reproducible hierarchical spatial functional connectivity mapping from the MBME technique compared to canonical MB fMRI. On the other hand, inspired by previous work (Zhang et al., 2020a), we aim to explore the potential capability of DELMAR to perform denoising at shallow layers instead of traditional high-pass filtering. To investigate the denoising capability of DELMAR at shallow layers, we developed two computational frameworks: (1) ME-ICA & DELMAR, where DELMAR is applied to MBME resting-state fMRI denoised by the ME-ICA, and (2) DELMAR/Denoise/Mapping, where DELMAR is directly applied to the raw data of resting-state MBME fMRI. Moreover, test–retest scans are investigated with the following hypotheses: (a) MBME fMRI will reveal more reproducible hierarchical BCNs than MB fMRI. (b) DELMAR/Denoise/Mapping will produce more reproducible results than ME-ICA & DELMAR in lower- and medium-level BCNs. Previous work has shown that independent constraints could disrupt some spatially overlapped regions in BCNs, and ICA may smooth various strongly overlapped areas (Zhang et al., 2018a,b). We aim to further validate the performance of DELMAR in both denoising and BCN identification. (c) DELMAR/Denoise/Mapping will yield more reproducible results than ME-ICA & DELMAR in high-level BCNs.



2 Materials and methods


2.1 ME-ICA & DELMAR verses DELMAR/Denoise/Mapping for deriving hierarchical brain connectivity networks

The following section introduces the fundamental descriptions of each computational framework used to extract hierarchical BCNs. Furthermore, these descriptions are prerequisites to analyzing the properties of each model in the succeeding sections. Overall, in Figure 1, the computational steps of ME-ICA & DELMAR vs. DELMAR/Denoise/Mapping that is based on the deep linear methods are outlined. Specifically, Figure 1 demonstrates two computational frameworks adopted in this study: (1) ME-ICA & DELMAR employs ME-ICA (Kundu et al., 2012) to denoise first, followed by DELMAR to extract hierarchical BCNs; (2) DELMAR is directly used to denoise and map the hierarchical BCNs. Since ME-ICA is a vital technique in fMRI research, the comparisons between ME-ICA and DELMAR will further validate the innovative method DELMAR and investigate the reproducibility of revealed hierarchical BCNs.
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FIGURE 1
 ME-ICA & DELMAR vs. DELMAR/Denoise/Mapping. This figure describes two computational frameworks proposed in this work to extract hierarchical BCNs. (a) S represents the input MBME fMRI signal matrix with three multi-echo times, e.g., 1st to 3rd Echo Time; for a single echo time, it contains the T time points and M voxels. (b) Reorganize the MBME fMRI data as a three-dimensional signal matrix. (c) Describes the pipeline of a ME-ICA to denoise in which the original input signal is decomposed into the weight matrix (shown as c1) and independent component matrix, i.e., functional connectivity networks (shown as c2). (d,e) Represent the first layers of DELMAR. (d1) Represents the first layer weight matrix/dictionary of DELMAR identified from Blood Oxygen-Level Dependent (BOLD) components. (d2) Represents the first layer feature matrix of DELMAR, i.e., connectivity networks recognized via BOLD components. Similarly, (e1,e2) represent the corresponding matrices of the first layer of DELMAR, which are considered to play the role of denoise. (f1,f2) Represent the corresponding matrices of derived BOLD components from the first layer feature matrix. (g) Demonstrates the hierarchical decomposition of the previous feature matrix to reveal the high-level BCNs, for both computational frameworks. The dashed line indicates the different layers of DELMAR; meanwhile, the rectangle in green and purple represents the method ME-ICA and DELMAR, respectively.




2.2 Multi-echo independent component analysis for denoising

ICA is usually employed to analyze fMRI signals (Calhoun et al., 2001). With ME fMRI, BOLD contrast optimization can be achieved by combining time series of various TEs using a weighting scheme to better map functional connectivity in the human brain (Kundu et al., 2012). These contrast optimizations benefit in removing potential artifacts and thermal noise (Posse et al., 1999). Thermal noise is usually identified as a significant source of signal fluctuations at clinical field strengths, especially when high receiver bandwidths and/or high spatial resolutions are used. Thus, considering the efficacy of ICA, an ME-ICA was proposed to denoise the ME fMRI signal by Kundu et al. (2012).

To separate time series that are common across all TEs, i.e., BOLD signal, and thermal noise, TEs were treated as a three-dimensional spatial matrix for spatial ICA (Kundu et al., 2012). The MBME fMRI data were decomposed as described in the following Equation 1:
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where [image: image] denotes the time series of MBME fMRI signal; [image: image], [image: image], and [image: image] are the coordinates of voxels within the functional brain mask (Lv et al., 2017); [image: image] is the total number of time points; [image: image] is the number of echoes; IC is the number of components; [image: image] denotes a matrix. For example, [image: image] denotes a ME fMRI signal matrix that is organized as a three-dimensional matrix. Its size is the total number of time points [image: image], a two-dimensional single slice of functional brain mask [image: image], and the total number of spatial components of multi TEs, [image: image]. Then, applying spatial ICA on the MBME fMRI signal matrix [image: image], BOLD, and noise components can be almost separated (Kundu et al., 2012; Cohen et al., 2020). Notably, the ME-ICA technique takes into consideration both kappa, which represents TE-dependence, and rho, indicative of TE-independence, when separating non-BOLD components from BOLD signals (Cohen et al., 2021a,b). The K spectrum clustering method is also employed to differentiate the BOLD and noise components. This approach allows for more precise separation of true neural activity from physiological noise and other artifacts, enhancing the reliability of fMRI data analysis.

Furthermore, inspired by previous works (Zhang et al., 2020a,b), using an [image: image] norm penalty (illustrated as [image: image] in Equation 2) is reasonable for performing spatial denoising on background components. Since noise components are usually weak patterns, a sparse representation using the [image: image] norm penalty can continuously remove these weak patterns throughout the iterations. Moreover, Figures 1c2,e2 qualitatively depict the denoising process of DELMAR. For instance, most noisy components, which are relatively weak patterns, will be continuously eliminated via the [image: image] norm penalty (Ling et al., 2023). Moreover, using Rank Reduction Operator (RRO) technology, noise components, which usually share small similarity (calculated via Equations 6, 7) with other major components (Wen et al., 2012; Shen et al., 2014), can be easily removed during rank reduction. To summarize, when employing DELMAR, a natural idea to bypass the ME-ICA denoising step is to use the first layer of DELMAR to perform the denoising and then the denoised MBME fMRI can be considered as an input signal for subsequent layers of DELMAR to perform hierarchical spatial decomposition.



2.3 DELMAR for denoising and mapping hierarchical BCNs

In this study, we concentrate on the exploration of reproducible spatially hierarchical BCNs using DELMAR and MBME fMRI. As discussed, due to several reported superiorities of DELMAR (Zhang et al., 2020b, 2024; Zhang and Bao, 2022), DELMAR was used to detect hierarchical BCNs. The DELMAR approach employs linear matrix decomposition and a sparse denoising operator. By incorporating an additional dimension to its first layer to accommodate multiple echo times, DELMAR can also perform integrated multi-echo BOLD denoising that is comparable to the ME-ICA.

Therefore, we propose a novel computational framework that performs integrated BOLD denoising and extracting hierarchical features using DELMAR. Specifically, the first layer of DELMAR can denoise the BOLD signal, replacing the ME-ICA in the previous frameworks introduced in Section 2.2. Furthermore, due to the similar method of low-rank estimation, DELMAR can also rank the identified components as ICA does. The noise component(s) is(are) thus automatically ranked at the lower order, and deeper layers can continuously implement the extraction of hierarchical BCNs.

The equation governing DELMAR for a three-dimensional input signal matrix is:

[image: image]

where [image: image] represents the hierarchical weight matrices, e.g., [image: image] indicates the matrix of the i th layer. [image: image] is the total number of layers. Similarly, [image: image] represents the hierarchical spatial features, e.g., [image: image] indicates the spatial features of ith layer. [image: image] is also denoted as a correlation matrix, i.e., components matrix. [image: image] are the matrices of background components, which is usually treated as the noise components, due to these matrices are sparse. Importantly, [image: image], [image: image], and [image: image] are 3D matrices, since input multi-echo fMRI signal matrix is a 3D matrix (Kundu et al., 2012; Cohen et al., 2020). In addition, [image: image] represents a rank reduction operator (RRO) to automatically estimate the hyperparameters and more details has been introduced in our previous research work (Zhang et al., 2020b). Naturally, we assume the spatial features [image: image] can be decomposed as deeper dictionary [image: image] and spatial features [image: image], in order to implement the deep linear framework (Figure 1). Therefore, the original input data [image: image] can be decomposed as [image: image]. In Equation 1, the sparse trade off [image: image] to control the sparsity levels of background components is determined by [image: image]. And [image: image] is a penalty parameter introduced in the following Augmented Lagrangian Function of Equation 2. And [image: image] denotes the input signal matrix that is the same in Equation 1 (Zhang et al., 2020b). Notably, using [image: image] norm penalty (Liu et al., 2010), [image: image] represents performing sparse representation on background matrix (Ling et al., 2023), which denoising these noise components within all iterations.

Briefly, the optimization function shown in Equation 2 consists of more variables than conventional methods. Therefore, before optimizing Equation 2, we need to convert Equation 2 to an augmented Lagrangian function. Considering the kth layer, we have the following:
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Since the Augmented Lagrangian Function shown in Equation 3 is not jointly convex, for the kth layer (we assume the total number of layers is k), a crucial approach has been to use alternating minimization (Jain et al., 2013). Previous works (Jain et al., 2013; Lee and Seung, 1999; Nishihara et al., 2015; Shen et al., 2014; Wen et al., 2012) inspired us to employ ADMM to implement alternative optimization. To solve [image: image], we jointly utilize the shrinkage method. In Equation 3, all parameters are as discussed before, with [image: image] defined as the multiplier of ADMM. The [image: image] norm of [image: image] shown in Equation 2 can be solved directly using the shrinkage method (Beck and Teboulle, 2009). The convergence of ADMM has been proved as geometric with linear convergence (Jain et al., 2013; Nishihara et al., 2015). Naturally, it is easier to comprehensively employ alternative optimizer and shrinkage methods (Wen et al., 2012). The computational frameworks using DELMAR to denoise MBME fMRI at the first layer are shown below:
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where [image: image] represents the number of extracted potential BOLD components at the 1st layer. Other variables are defined the same as Equation 2. Since DELMAR has a similar performance of low-rank decomposition, it is automatically ranking the principal components like Principal Component Analysis (PCA). Meanwhile, a sparse operator can perform denoising simultaneously. Thus, DELMAR can denoise continuously layer by layer. The further hierarchical decomposition is shown as:

[image: image]

where [image: image] represents the size of hierarchical weight matrices, e.g., [image: image] indicates the matrix of the i th layer. Compared with Equations 1, 5 provides a computational framework to directly utilize DELMAR to extract spatial features, e.g., BCNs. If considering Equations 4, 5, this combination demonstrates the direct utilization of DELMAR for both denoising (implemented in the 1st layer) and hierarchical feature extraction (implemented in deeper layers).

Notably, to automatically determine the size and number of layers, a vital technique named RRO is introduced (Zhang et al., 2020b). Briefly, RRO focuses on the identification of major components included in the raw data and simultaneously determines which components are relatively weak and that will therefore be continuously merged into the background matrices. In general, RRO demonstrates that the number of units, i.e., layer size, should be consistently reduced if considering deeper layers (Hinton et al., 2012; Zhang et al., 2019, 2020a,b). In other words, the continuous increase of units in deeper layers can result in a lack of convergence. If the number of units/dictionary size, i.e., the estimated rank of the matrix, is reduced to one, that indicates the decomposition should be terminated. Hence, the layer that owns a rank of unity should be considered the final layer. DELMAR employs RRO to continuously reduce the dictionary size and therefore also determine the number of layers. In fact, it does not require any manual design for the essential hyperparameters of deep learning, such as the number of layers or units in each layer used in DBN and other peer deep learning methods.

In detail, this rank estimator RRO employs a technique of rank-revealing by continuously using orthogonal decomposition, in this case via QR factorization (Wen et al., 2012; Shen et al., 2014). The advantage of QR is that it is faster and makes fewer requirements of the input matrix. For example, QR performs orthogonal decomposition faster than Singular Value Decomposition (SVD) and can solve incomplete and over-complete problems.

Initially, we assume that r* is denoted as the initially estimated rank of [image: image] and we denote r as the optimal rank estimation of the input matrix[image: image]. If r*[image: image]r holds, the detection of the diagonal line of the upper-triangular matrix in the QR factorization can be performed using the input matrix[image: image]. If we can determine the ideal size of QR factorization using[image: image] in the work with permutation matrix and the diagonal matrix R is non-increasing in magnitude (Wen et al., 2012; Shen et al., 2014). The QR factorization and rank-revealing will eventually provide a reasonable solution using a proper thresholding value introduced in Equations 2, 3 (Wen et al., 2012; Shen et al., 2014). Along the main diagonal of matrix R, the weighted ratio (WR) and weighted difference (WD) are used to estimate the rank as follows:

If we denote [image: image] [image: image] and [image: image], WR can be calculated by Equation 6:

[image: image]

where [image: image] represents a diagonal element of matrix R derived by QR decomposition and [image: image] denotes a single value of WR. The value of each WR is calculated by the ratio of the current element of the diagonal and the following element.

WR is calculated as:

[image: image]

WR is the difference of the current diagonal element and the previous one divided by the cumulative sum of all previous diagonal elements.

Besides, Weighted Correlation (WC) is described as follows:

[image: image]

Notably, Equation 8 calculates the absolute correlation differences between adjacent components, such as [image: image], [image: image], and [image: image] represent the [image: image], [image: image], and [image: image] row in the decomposed matrix [image: image], [image: image]. In particular, [image: image] represents a correlation of two BCNs. Thus, RRO can iteratively determine the estimated layer size, e.g., the number of BCNs at each layer.

Since WD, WR, and WC are the cumulative ratio, difference, the correlation of adjacent components, and the number of components, e.g., BCNs, can be reduced by at least one in each iteration. Thus, the RRO iteratively utilizing WR, WD, and WC can guarantee convergence (Zhang et al., 2020b). Importantly, as previously introduced, noise components usually share smaller spatial correlations, such as [image: image], [image: image], and [image: image] with other components. Thus, these noise components can be continuously removed during rank reduction when reducing the dimensionality of the component matrix.

The mathematical definition of RRO is described in Equations 9, 10 as below:

[image: image]

where [image: image] denotes the RRO operator; and theoretically, if [image: image] is large enough, we have [image: image]. Also, if [image: image], [image: image] is equivalent to the total number of layers. These clearly demonstrate that RRO can continuously reduce the dimensions of the original data and retain the vital components that is comparable to robust PCA (Jain et al., 2013). By continuously using low-rank estimation, DELMAR implements the automatic estimation of dictionary size and number of layers.



2.4 Pre-processing of resting-state MB and MBME fMRI data, ground truth templates and methodological hyperparameters tuning

This study was approved by the Medical College of Wisconsin Institutional Review Board and was conducted in accordance with the Declaration of Helsinki. All subjects provided written informed consent prior to participation in this study. In total, 28 healthy volunteer subjects (Mean Age = 28.0 y.o., Range 20–46 y.o., 9 Male, 19 Female) participated in this study. Of those, 19 subjects returned (Mean Age = 27.2 y.o., Range 20–46 y.o., 7 Male, 12 Female) within 2 weeks to repeat the study. Subjects were instructed to refrain from caffeine and tobacco for 6 h prior to imaging.

Specifically, the maximum gradient strength was 70 mT/m, and the maximum slew rate was 170 mT/m/ms. Each subject underwent two resting-state fMRI (rsfMRI) acquisitions: an MB scan and an MBME scan. The MB scan had the following parameters: TR/TE = 650/30 ms, FOV = 24 cm, matrix size = 80 × 80 with slice thickness = 3 mm (3 × 3 × 3 mm voxel size), 11 slices with a multiband factor of 4 (44 total slices), FA = 60°, and partial Fourier factor = 0.85. The MBME scan had the following parameters: TR/TE = 900/11, 30, 49 ms, FOV = 24 cm, matrix size = 80 × 80 with slice thickness = 3 mm (3 × 3 × 3 mm voxel size), 11 slices with a multiband factor of 4 (44 total slices), FA = 60°, and partial Fourier factor = 0.85. Both scans used an EPI readout with in-plane acceleration (R) = 2. The resting-state scans lasted 6 min each, resulting in 554 volumes for the MB scans and 400 volumes for the MBME scans. During the resting-state scans, subjects were instructed to close their eyes but remain awake, refrain from any motion, and not think about anything in particular (Cohen et al., 2020). Notably, recent research by Han et al. (2023) suggests that eyes closed tend to correlate with greater integration, while eyes open correlate with greater specialization (Han et al., 2023). In this work, to advance the identification of meta-BCNs, an integration of multiple shallow BCNs, we recommended that all participants keep their eyes closed.

The MB fMRI data preprocessing followed the steps in Lv and Smith’s works (Lv et al., 2017; Smith et al., 2013). The preprocessing pipelines generally included skull removal, motion correction, slice time correction, spatial smoothing, and global drift removal (high-pass filtering). Finally, a brain mask is applied to extract all fMRI signals. Notably, due to the limitations of ICA demonstrated in previous work (Zhang et al., 2018a,b), we have decided to employ the preprocessing pipeline proposed in the works of Lv et al. (2017) and Smith et al. (2013) to reduce the influence of ICA in separating meta-BCNs at deep layers into independent patterns, which results in missing meta-BCNs at deep layers.

Meanwhile, unfortunately, the preprocessing pipeline proposed by Lv et al. (2017) and Smith et al. (2013) cannot be applied to preprocess multi-echo fMRI, such as MBME. Importantly, considering the technical limitations of ICA (Zhang et al., 2018a,b), it is more challenging for MBME fMRI to provide more reproducible meta-BCNs after denoising using ICA. Therefore, the MBME fMRI data preprocessing follows the steps outlined in the works of Kundu et al. (2012), Cohen et al. (2020), Kundu et al. (2012), and Cohen et al. (2020). Briefly, the anatomical T1-weighted image was AC/PC aligned and non-linearly registered to MNI space. Thus, the volume of the MBME fMRI data was registered, e.g., MBME images of multi-echo are registered to MNI standard space. Then, the data were denoised using ME-ICA. This ICA-based pipeline employs a clustering method to separate independent components, specifically BOLD versus non-BOLD components, based on whether their amplitudes are linearly dependent on TE (Kundu et al., 2012; Olafsson et al., 2015). Non-BOLD components were separated from the combined ME data, resulting in a denoised dataset. Notably, to mitigate the potential effects of head motion in MB and MBME fMRI data, we calculated framewise displacement (FD) using fsl_motion_outliers in FSL. The comparison between MB and MBME scans revealed no statistically significant differences in motion. Specifically, the mean FD was 0.52 ± 0.43 for MB scans vs. 0.40 ± 0.37 for MBME scans (p = 0.09), and the maximum FD was 0.096 ± 0.042 for MB scans vs. 0.101 ± 0.036 for MBME scans (p = 0.24) (Cohen et al., 2021b). This analysis helps ensure that any differences observed in functional connectivity metrics between the two scanning techniques are not confounded by differences in subject motion during scanning sessions. To summarize, for ME-ICA & DELMAR, there are 370–382 components left across within MBME fMRI after dropping 24 ± 6 components using ME-ICA denoising. Meanwhile, DELMAR can estimate 96, 24, and 6 components (i.e., BCNs) at the first, second, and third layers, respectively. On the other hand, for DELMAR/Denoise/Mapping, DELMAR can estimate 300, 72, 18, and 6 components at the first, second, third, and fourth layers, respectively. More details about the important hyperparameter settings and parameters of ME-ICA & DELMAR as well as DELMAR/Denoise/Mapping can be found in Supplementary Table S2. Furthermore, registering directly to MPRAGE before denoising could significantly increase resolution and processing time due to the more complex manipulations required, such as interpolation and smoothing. Therefore, denoising first reduces these complexities and potential distortions. After denoising, the images are registered to the AC-PC-aligned MPRAGE image using epi_reg provided by FSL, and subsequently, they are registered to MNI space using the anatomical transformations previously computed. Finally, the ME-ICA data were smoothed using a 4 mm FWHM Gaussian kernel and bandpass filtered with 0.01 < f < 0.1 Hz.

As in our previous studies (Zhang et al., 2020b; Zhang and Bao, 2022), all deep linear models were evaluated equally using well-established canonical BCNs as the ground truth templates. Following the fMRI ICA pipeline for spatially independent networks, the twelve ground truth templates (Smith et al., 2009) were used as components/spatial features. These features were employed as templates to evaluate the reconstruction performance of DELMAR. These ground truth templates derived from resting-state fMRI have been released publicly and are considered functional brain areas covering a large part of the cerebral cortex (Smith et al., 2009). The names of all ground truth templates are shown in Supplementary Table S1.

In addition, Supplementary Table S2 provides the primary hyperparameters and parameter settings of two computational frameworks to extract the hierarchical BCNs. In general, the hyperparameters include the number of layers and the number of components of each layer, i.e., the size of the layer or the size of the weight matrix/dictionary. Other important parameters are the number of iterations and the step length of gradient descent, where applicable. Since DELMAR can estimate all these hyperparameters automatically, only the maximum number of iterations and step size were given. Specifically, * indicates that this parameter needs to be set manually. Our prior research also explained determining the parameters, such as the number of iterations and step length (Zhang et al., 2020b). In fact, DELMAR is also a dimensional reduction method, so the number of deeper features, i.e., the number of BCNs, is gradually reduced. Notably, the first layer of DELMAR/Denoise is utilized to extract the BOLD signal. Thus, the validation of the two computational frameworks is the first layer of ME-ICA & DELMAR vs. second layer of DELMAR/Denoise/Mapping, the second layer of ME-ICA & DELMAR vs. second layer of DELMAR/Denoise/Mapping, and the third layer of ME-ICA & DELMAR vs. fourth layer of DELMAR/Denoise/Mapping.



2.5 Introduction of intensity, spatial and hausdorff metrics

In this section, we quantitatively compare the identified BCNs with the ground truth templates in three different ways. First, spatial similarity, which is largely independent of the intensity of each voxel of the identified components (Zhang et al., 2018a,b), was computed. The definition of spatial similarity is:

[image: image]

where [image: image] represents binarization, which indicates the voxels above a given intensity threshold. In general, since an BCN only occupies a very small region of the entire brain area (Smith et al., 2009), the intensity threshold can be tuned by sorting all voxel intensities in descending order. In Equation 10, we utilized the top 5% as the threshold (Zhang et al., 2018a,b, 2020a,b). The spatial similarity metric measures the ratio of the intersection and the union of the identified BCN and ground truth templates (Smith et al., 2009).

In contradistinction, only considering the intensity of each voxel of the derived components, it is useful to calculate the distance between the intensities of identified BCNs and templates, i.e., ground truth templates and simulated templates.

The definition of intensity similarity is:
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where [image: image] represents the absolute value. Given a threshold, the intensity similarity is calculated via summed absolute value of intensity of component (denoted as [image: image]) and template (denoted as [image: image]) divided by the absolute value of their difference. [image: image] denotes the total number of voxels. If all intensity values of the components and templates are equal, the intensity similarity approaches infinity (Zhang et al., 2020b).

Finally, to jointly consider both spatial and intensity matching, we used the Hausdorff Distance (HD) (Zhang et al., 2018a,b, 2020b):
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Briefly, [image: image] represents twice the minimum intensity value of the intersection between a component and the template, while [image: image] denotes the summed intensity value of their union. Here, [image: image] and [image: image] represent the sets of components and templates, respectively. Consequently, HD (Hausdorff Distance) simultaneously reflects intensity similarity and spatial overlap. To assess the reproducibility of MB and MBME using test–retest data, we apply HD as defined in Equation 12 to calculate the correlations of each identified component between the test and retest datasets.




3 Results

We employ two different computational frameworks: ME-ICA & DELMAR verses DELMAR/Denoise/Mapping to investigate the hierarchical organization of BCNs and their reproducibility from MBME fMRI. As discussed, in following sections, we hope to prove multiple hypotheses raised in the Introduction section. On the one hand, since shallow BCNs serve as a gold standard for fundamental brain functionality (Smith et al., 2009). They are widely accepted as a rigorous benchmark for evaluating novel methodologies. In this study, our primary objective is to investigate the denoising capabilities of our approach. The identification of shallow BCNs with high spatial similarity to established templates confirms that our method effectively denoises fMRI data across multiple layers. On the other hand, given that no universally accepted gold standard templates exist for meta-BCNs (Wylie et al., 2021), we emphasize their reproducibility as a key validation criterion. In particular, sections 3.1 and 3.3 provide a detailed validation of reproducible meta-BCNs identified via DELMAR.


3.1 Investigating the multi-layer reconstructions of BCNs and their reproducibility from MB and MBME fMRI using DELMAR

In this section, we focus on employing DELMAR to extract hierarchical BCNs from both MB fMRI and MBME fMRI of the same normal adult volunteers (Cohen et al., 2020, 2021a,b), using test–retest reproducibility metrics to validate previously proposed hypothesis that is MBME fMRI consists of more reproducible hierarchical BCNs than MB fMRI data from twelve well-known canonical BCNs (Smith et al., 2009) for the “ground truth” accuracy of the shallow-layer results from the deep linear method. In particular, ground truth templates representing critical brain functions, such as the Default Mode Network (DMN) and Auditory Network (AUD), have been identified over the past two decades through conventional computational frameworks (Smith et al., 2009) and continue to play a key role in advancing our understanding of more complex brain functionalities and validating innovative methods for fMRI analysis (Stam, 2014; Huang et al., 2018; Zhang et al., 2019, 2020a; Agarwal et al., 2023).

However, due to the lack of concrete ground truth for meta-BCNs, we employ multiple data-driven pipelines (Zhao et al., 2016; Zhang et al., 2018a,b; Satterthwaite et al., 2019; Gao et al., 2022) to generate simulated templates (sTemplates) for these meta-BCNs. Specifically, we collected twelve ground truth templates from Smith’s work (Smith et al., 2009) and applied Zhang’s method (Zhang et al., 2018a,b) to generate individual simulated fMRI signals. Next, we used DELMAR, Deep SDL (Qiao et al., 2021), and Deep ICA (Wylie et al., 2021) on each simulated fMRI signal to identify meta-BCNs, with each simulated fMRI matrix sized 100 × 906,629. Importantly, DELMAR’s hyperparameters are determined automatically, while those for Deep ICA and Deep SDL were tuned based on prior studies (Qiao et al., 2021; Wylie et al., 2021). After removing noisy BCNs and artifacts (Satterthwaite et al., 2019), we calculated spatial similarity (Zhang et al., 2018a,b) across all BCNs identified at the second layer using three computational approaches (e.g., DELMAR, Deep ICA, and Deep SDL). We then performed clustering (e.g., k-means) to categorize BCNs based on spatial similarity (Zhao et al., 2016). Finally, we created group-wise BCNs as simulated templates (sTemplates) via Gaussian smoothing (Gao et al., 2022) based on individual BCNs within each dominant cluster, covering at least 90% of subjects (Zhao et al., 2016). In conclusion, this process yielded six simulated templates for meta-BCNs.

In addition, all representative slices of derived canonical BCNs from MB and MBME fMRI via DELMAR have been included in Supplementary Figure S1. In addition, the low-level Layer 1 BCNs correspond well to the ground truth templates from the simulated fMRI and this correspondence improves further for the second layer BCNs, especially for the lateralized left and right frontoparietal networks (FP-L and FP-R). The results of MBME fMRI better match the templates generated from multiple computational approaches using the simulated and real fMRI data (Zhang et al., 2020b, 2024; Zhang and Bao, 2022). Using Hausdorff metric as the spatial similarity measure to the ground truth templates, the average of the twelve Layer 1 BCNs from MBME fMRI (0.259 ± 0.039) was significantly better than for MB fMRI (0.188 ± 0.039; p < 10−6). The same was true for the Layer 2 BCNs (MBME: 0.287 ± 0.042; MB: 0.214 ± 0.030; p < 10−5). The Hausdorff similarity to the ground truth templates was better for the second layer than the first layer for both MB fMRI (p = 0.001) and MBME fMRI (p < 0.01). Furthermore, the group-wise BCNs from DELMAR of the test and retest MB and MBME fMRI data are presented for the third layer in Figure 2.
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FIGURE 2
 Qualitative comparison (a) with simulated templates in the first column (Zhang et al., 2020b), and quantitative analyses (b,c) identified ten 3rd layer networks via MB and MBME fMRI. The correlation matrices of test versus retest scans (b1,b2) demonstrate stronger reproducibility of MBME than MB at the third layer. (c) Shows higher ICC values of MBME than MB across all layers.


Furthermore, the BCNs at Layer 3, also considered as meta-BCN, are more complex and larger in spatial scale than those of Layers 1 and 2, as they represent the recombination of the canonical BCNs. Figure 1b1, b2 show that these high-level 3rd layer BCNs are reproducible for both MB fMRI and MBME fMRI, with better test–retest reliability than the first two layers. To evaluate the reproducibility of test vs. retest meta-BCNs derived via DELMAR from MB and MBME fMRI data, we employ the Intra-class Correlation Coefficient (ICC) (Bujang and Baharum, 2017), since ICC is considered a descriptive statistical technique suitable for quantitative measurements organized into groups. Specifically, ICC describes how strongly components in the same group resemble each other. While it is viewed as a type of correlation, unlike most other correlation measures, it operates on data structured as groups rather than paired observations. These meta-BCNs (i.e., BCNs identified at deep layers) also align with the third-layer BCNs from deep linear methods of the simulated fMRI data shown as comparisons with the templates (Zhang et al., 2018a,b, 2020b). Without the “ground truth” of meta-BCNs, we utilize the Intra-class Correlation Coefficient (ICC) as the reproducibility metric to investigate the reliability of all identified deeper BCNs.

Overall, in Figure 2c, our results demonstrate that ICC improved from 0.750 in Layer 1 to 0.789 in Layer 2 to 0.980 in Layer 3 for MB fMRI. For MBME fMRI, the results were 0.751 to 0.788 to 0.984 in the successive layers. In conclusion, the qualitative and quantitative results in this section support the hypothesis that MBME fMRI cultivates more reproducible and consistent hierarchical BCNs than MB fMRI data. Specifically, the qualitative results in Figure 2a depict multiple representative slices of four randomly selected meta-BCNs derived via DELMAR at the third layer from test vs. retest MB and MBME fMRI. In general, meta-BCNs identified from MBME showcase better reproducibility. For instance, in the first row of Figure 2, the nodes of Left Frontoparietal Network (FR-L), Dorsal Attention Network (DAN), and Salient Network (SN) are concatenated in identified meta-BCNs, but this connection is disrupted in test vs. retest MB data. Nevertheless, the connection has been successfully identified between test and retest MBME fMRI data. Additionally, in the second row of Figure 2, the visual network (at the bottom of the BCN) shows significant changes within test vs. retest MB fMRI data, while there is no significant variation throughout test vs. retest MBME fMRI data. Furthermore, in the fourth row of Figure 2, the nodes of SN (at the top of last two slices within each network) shows significant inconsistency within test vs. retest MB fMRI data, while there is no significant variation throughout test vs. retest MBME fMRI data. Meanwhile, in sub Figures 2b1,b2, it is evident that the spatial correlation of meta-BCNs derived via DELMAR at the third layer from MBME is significantly larger than that from MB. Moreover, ICC values across all hierarchical BCNs of all subjects further demonstrate that various BCNs revealed from MBME fMRI are more reproducible and consistent than those from MB fMRI.

Notably, in Figure 2a, the values (ranging from red to yellow), e.g., intensities, within each BCN reflect the activation intensity of different brain regions, with higher values indicating stronger activation (Agarwal et al., 2023). This information is essential for understanding neural activity levels using fMRI (Dimova et al., 2024; Oathes et al., 2021; Wang et al., 2021). For instance, in Figure 2a, meta-BCNs at the first row showcase a stronger activation (in yellow color) than other meta-BCNs.

To further mitigate demographic sensitivity and inherent variability in the identified BCNs, we have utilized a methodology introduced by Agcaoglu et al. (2015) designed to balance variability with reproducibility effectively. This approach involves generating group-wise BCNs by averaging multiple summed BCNs that exhibit the highest similarity to either a single ground truth template (for shallow-layer BCNs) or a simulated template (for deep-layer BCNs), as identified by various computational frameworks across all subjects. Notably, these group-wise BCNs not only represent the functional structure but also achieve an effective balance between demographic sensitivity and inherent variability, as detailed in Agcaoglu et al. (2015).

Besides, the qualitative results of other meta-BCNs identified via DELMAR at the third layer and the quantitative correlations of all hierarchical BCNs revealed via DELMAR at the first and second layers can be viewed in Supplementary Figures S2, S3. Specifically, in Supplementary Figure S2, the qualitative results in the first, second, and third rows identified from test vs. retest MB showcase significant variance between test and retest, while no significant changes are observed within meta-BCNs from test vs. retest MBME. Other meta-BCNs in the fourth, fifth, and sixth rows revealed from MB are disrupted in the Left Frontoparietal Network (FP-L), Sensory Motor (SM), and SN. In Supplementary Figure S3, the quantitative correlations indicate that the spatial reproducibility of BCNs from MBME is stronger than those from MB.



3.2 Investigating lower-level reconstructions of BCNs via integrated deep linear denoising method and their reproducibility from MBME fMRI

In this section, we plan to prove another hypothesis is that DELMAR/Denoise/Mapping cultivates more reproducible results than ME-ICA & DELMAR in both lower-level and higher-level BCNs. The hypothesis aims to validate the performance of DELMAR/Denoise/Mapping superior to ME-ICA & DELMAR. Naturally, proving the proposed hypothesis can also validate the advances of DELMAR. The following spatial results (Figures 3–5) are a group-wise qualitative presentation and quantitative analysis of shallow features, i.e., low-level BCNs. Note that the first layer BCNs after ME-ICA denoising are equivalent to the second layer BCNs of the integrated DELMAR framework since its first layer is used for BOLD denoising like that of ME-ICA (please refer to Figure 1).
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FIGURE 3
 Comparison of six 1st and 2nd layer networks via two computational frameworks: DELMAR with ME-ICA Denoising verses DELMAR with 1st Layer Denoising. Ground truth templates are in the top row (please refer to Supplementary Table S1 for detailed information of networks #1-#6 and their abbreviations).
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FIGURE 4
 Comparison of another six 1st and 2nd layer BCNs via two computational frameworks, with ground truth templates in the top row (please refer to Supplementary Table S1 for details of network #7-#12 and their abbreviations).
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FIGURE 5
 Quantitative comparisons of the twelve first- and second-layer BCNs identified by two distinctive frameworks for (a) intensity similarity to the ground truth templates; (b) the Hausdorff Distance to the ground truth templates that jointly considers intensity and spatial similarity; and (c) spatial similarity to the ground truth templates; the test–retest results obtained by ME-ICA & DELMAR is in light and dark green, respectively; similarly, the test–retest comparison provided by DELMAR/Denoise/Mapping is in light and dark purple.


The results show that ME-ICA & DELMAR and DELMAR/Denoise/Mapping both yield BCNs that are similar to the ground truth templates, whereas DELMAR/Denoise/Mapping yields relatively larger intensities that better match the ground truth templates (Figures 3, 4). On the contrary, there are more noisy areas in ME-ICA & DELMAR, e.g., the fourth and fifth column in Figure 1, compared with DELMAR/Denoise/Mapping. For instance, although DAN and SN identified via ME-ICA & DELMAR (shown in the fourth and fifth rows in Figure 4) are comparable to the ground truth templates, most activated areas could be disrupted, compared to the results provided by DELMAR/Denoise/Mapping.

Hence, BCNs from DELMAR/Denoise/Mapping have better spatial similarity to the ground truth templates than those from ME-ICA & DELMAR. This illustrates the trade-off between intensity and spatial matching due to the larger norms of their iterative operators and sparse operators instead of ICA (Zhang et al., 2020b, 2024; Zhang and Bao, 2022).

The quantitative comparisons across the two different frameworks for intensity similarity, spatial similarity, and the Hausdorff distance are shown in Figure 5. These quantitative comparisons clearly demonstrate that DELMAR/Denoise/Mapping provides adequate intensity matching (please refer to Figure 5a) since their convergence velocity is relatively slow (Zhang et al., 2020b). Therefore, DELMAR/Denoise/Mapping can reconstruct the most accurate connectivity strengths of each component from input fMRI signals, consistent with the theory proved in our previous study (Zhang et al., 2020b). Moreover, considering spatial similarity, the noise intensity is reduced rapidly across iterations due to the sparse operator included in DELMAR. Thus, due to the noise having smaller intensity than the signal, it is reduced gradually via the sparsity operator, which benefits accounting for DELMAR, yielding the best spatial similarity results for most networks (please refer to Figure 5c). This result is also predicted by theoretical analyses by Zhang et al. (2020b).

Moreover, all proposed frameworks can be evaluated by Hausdorff Distance to investigate both intensity and spatial similarity (please refer to Figure 5b). There was no significant difference between ME-ICA & DELMAR and DELMAR/Denoise/Mapping in most BCNs. Similarly, the sparsity operator of DELMAR helps them outperform ICA. In summary, based on qualitative and quantitative comparisons, the test–retest results demonstrate that first and second-layer BCNs extracted by ME-ICA & DELMAR and DELMAR/Denoise/Mapping are both reproducible. Next, the deeper layer BCNs were investigated. Figures 6–8 provide the second- and third-layer results of ME-ICA & DELMAR and DELMAR/Denoise/Mapping, with qualitative and quantitative comparisons.
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FIGURE 6
 Comparisons of six BCNs, i.e., #1-#6, derived from the second and third layer BCNs of ME-ICA & DELMAR and DELMAR/Denoise/Mapping, respectively. Each column includes one test–retest representative second- or third-layer networks via two computational frameworks, matched across models in each row, with the ground truth templates in the top row (please refer to Supplementary Table S1 for details of network #1-#6 and their abbreviations).
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FIGURE 7
 Comparisons of another six BCNs, i.e., #7-#12, derived from the second and third layer BCNs of ME-ICA & DELMAR and DELMAR/Denoise/Mapping, separately. Each column includes one test–retest representative second or third layer BCNs via two computational frameworks, matched across models in each row, with the ground truth templates in the top row (please refer to Supplementary Table S1 for details of network #7-#12 and their abbreviations).
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FIGURE 8
 Quantitative comparisons of the twelve second- and third-layer BCNs identified by two distinctive frameworks for (a) intensity similarity to the ground truth templates; (b) the Hausdorff Distance to the ground truth templates that jointly considers intensity and spatial similarity; and (c) spatial similarity to the ground truth templates. The test results obtained by ME-ICA & DELMAR and DELMAR/Denoise/Mapping are in light red and blue, respectively; meanwhile, the retest comparisons are in dark red and blue.


In addition, we compare DELMAR/Denoising/Mapping with ME-ICA/DELMAR using Hausdorff distance as the similarity measure to the ground truth templates. In detail, the averaged similarity and standard deviation of the twelve Layer 2 BCNs derived via DELMAR/Denoising/Mapping versus Layer 1 BCNs derived via ME-ICA & DELMAR is 0.184 vs. 0.167, 0.030 vs. 0.028, respectively. The averaged similarity of the twelve Layer 3 BCNs derived via DELMAR/Denoising/Mapping versus Layer 2 BCNs derived via ME-ICA & DELMAR is 0.184 vs. 0.167, 0.030 vs. 0.028, respectively. Similarly, the DELMAR/Denoise/Mapping is continuously denoising in the deep layers, e.g., the third layer, and the results are not significantly varied, based on the t-test.

Furthermore, all second and third-layer BCNs identified via two computational frameworks still strongly correlate with the twelve ground truth templates (Smith et al., 2009). By iteration using the sparsity operator, the intensity of noise components is gradually reduced. Thus, the Hausdorff Distance of most third-layer BCNs extracted by DELMAR/Denoise/Mapping versus twelve ground truth templates is increased (please refer to Figure 9c). The reproducibility of BCNs, e.g., first- and second-layer BCNs of ME-ICA & DELMAR, second and third layer BCNs of DELMAR/Denoise/Mapping are investigated in the following sections.
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FIGURE 9
 Test–retest similarity comparisons of BCNs from first, second layer of ME-ICA & DELMAR and second, third layer of DELMAR/Denoise/Mapping. Each element represents the spatial similarity of the identified component from test–retest resting-state MBME fMRI data. In detail, (a,b) present the test–retest comparisons of extracted first and second layer BCNs using ME-ICA & DELMAR; (c,d) provide a similar comparison of revealed results using DELMAR/Denoise/Mapping.


In Figure 9, four test–retest correlation matrices demonstrate that the reproducibility of DELMAR/Denoise/Mapping is better than ME-ICA & DELMAR. It is easy to observe that most of the identified components via DELMAR/Denoise/Mapping have a larger correlation, e.g., some correlations approach a very high value of 0.80. Moreover, although the correlation values of DELMAR/Denoise/Mapping are relatively reduced in deeper layers, most of the test–retest correlations are still more extensive than the results obtained by ME-ICA & DELMAR. Considering the performance of DELMAR/Denoise/Mapping, the extracted top components shown in (c) have the largest correlation due to the similar performance of low-rank decomposition (Wen et al., 2012; Shen et al., 2014). In summary, these correlations demonstrate that the results of both computational frameworks are reproducible and that those of MBME fMRI are better than MB fMRI.

Based on these preliminary qualitative and quantitative comparisons, it is clear that these two computational frameworks can successfully extract first- and second-layer BCNs that are very similar to ground truth templates from ICA (Smith et al., 2009). It also indicates that the shallow (lower level) organization of MBME fMRI includes these canonical BCNs (Smith et al., 2009). Furthermore, compared to ME-ICA&DELMAR, DELMAR/Denoise/Mapping produces less noisy components that are more spatially similar to the ground truth templates, as shown by the bars included in Figure 5c. Interestingly, as shown in Figures 3, 4, 6, 7, some BCNs can be identified across multiple layers. This phenomenon suggests that BCNs identified at deeper layers typically exhibit higher spatial similarity with the templates and/or improved reproducibility, underscoring the capability of deep learning frameworks to detect consistent BCNs and effectively denoise them at deep levels (Zhang et al., 2019, 2020a). Additionally, this observation may also indicate that certain BCNs are involved in deeper and complex brain functionality (Kaefer et al., 2022).



3.3 Investigating the highest-level reconstructions of BCNs via integrated deep linear denoising method and their reproducibility from MBME fMRI

Based on previous results, we explore high-level BCNs, e.g., meta-BCNs, extracted in the third and fourth layers, recombine shallow BCNs. In recent work, these high-level BCNs have been named ‘meta-networks’ (Wylie et al., 2021). It means that a single BCN usually contains entire/partial nodes of other shallow BCNs, i.e., the spatially independent BCNs introduced by early resting-state fMRI research (Smith et al., 2009). For example, some BCNs extracted via DELMAR/Denoise/Mapping as the deeper features include the nodes of Executive Control Network (ECN), DAN, SN, FP-L, Right Frontoparietal (FP-R), and SM (Smith et al., 2009), which therefore appears to be a spatially “global” network, whereas ME-ICA & DELMAR recombines the partial nodes of FP-L, FP-R, and DMN (Smith et al., 2009), e.g., partial areas of precuneus. In particular, Figure 10 presents all extracted and reproducible high-level BCNs. In the top row, we provide the eight representative slices of high-level BCNs revealed via previous simulated experiments (Zhang et al., 2020b). For every two adjacent rows, six extracted BCNs are based on test–retest MBME fMRI datasets. In general, all BCNs extracted via the two computational frameworks are reproducible. Nevertheless, the results of DELMAR/Denoise/Mapping contain more areas than ME-ICA & DELMAR.
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FIGURE 10
 Test–retest comparisons of six extracted 3rd and 4th layer BCNs using ME-ICA & DELMAR and DELMAR/Denoise/Mapping. The first row provides eight representative slices of simulated templates. The second and third row present the test–retest corresponding BCNs identified by DELMAR/Denoise/Mapping; the fourth and fifth rows provide similar results of ME-ICA & DELMAR.


Overall, a single BCN extracted by DELMAR/Denoise/Mapping includes three or more entire/partial areas of several shallow BCNs, whereas some BCNs extracted by ME-ICA&DELMAR contain fewer functional nodes/areas of shallow BCNs. There are even some disrupted functional areas due to the independence constraints of ICA applied on the shallow layer that may influence the performance of DELMAR in deeper layers. Our previous experimental and theoretical analyses have shown that ICA cannot easily recombine the overlapping shallow features due to its spatiotemporal independent constraints (Zhang et al., 2019, 2020a,b).

Additionally, DELMAR/Denoise/Mapping relatively weakly recombines the previous layer’s features into its deeper layer. In contrast, the first and fourth columns of ME-ICA & DELMAR in the second layer (please refer to the first and fourth columns in Figure 10) overlap with partial areas of the Visual Network #3 (VIS-3) or FP-L, FP-R, respectively. The second layer BCNs of DELMAR/Denoise/Mapping show increased spatial similarity (please refer to Figure 9c), highlighting the dramatic improvement in spatial similarity. More importantly, we present all high-level BCNs with high reproducibility (e.g., the averaged test vs. retest Hausdorff metric of each high-level BCN identified via ME-ICA & DELMAR and DELMAR/Denoise/Mapping across all subjects is larger than 0.40).

In detail, Figure 10 presents the most representative slices of each identified high-level BCN via DELMAR/Denoise/Mapping. Since the similarity and reproducibility of BCNs derived by DELMAR/Denoise/Mapping are better than ME-ICA & DELMAR, we concentrate on the organization of these BCNs. The first BCN, shown in the first column of Figure 10, can be considered the ‘global network’ since it contains the nodes of the Visual Network #1 (VIS-1), ECN, including the insulae, pre-supplementary motor areas (pre-SMA), premotor areas, and most areas of FP-L and FP-R, partial areas of DAN and SN, and even partial precuneus area of DMN. The second BCN includes most areas of AUD and DAN and major areas of VIS-1, and VIS-3, containing partial areas of the occipital lobe and some nodes of DMN, Brain Stem/Cerebellum (B/C), FP-L, FP-R, and DAN. For the third BCN, it occupies a very large area of Auditory Network (AUD), most nodes of SN, and a partial area of VIS-2. The fourth high-level BCN is dominated by DMN since it almost contains the entire precuneus area. Meanwhile, most areas of VIS-1 and partial nodes of DAN and SN are involved. The fifth and sixth BCNs are dominated by visual areas, such as VIS-1 and VIS-3. The major difference is that the fifth BCN occupies most areas of AUD which is considered a combination of visual and auditory functions. Moreover, some nodes of SM are involved. Furthermore, the sixth BCN can be differentiated by involved nodes of ECN, FP-L, and B/C.

Recently, two spatial maps of high-level networks notably differed from previously reported ICA networks, consistent with hypothesized high-level networks (Wylie et al., 2021). One high-level network encompasses both the occipital lobe visual system as well as frontoparietal association regions and correlates strongly with VIS-1, partial VIS-3, and DAN.

The second high-level network, derived by lower-order ICA, basically encompassed dorsolateral prefrontal and parietal control regions, strongly matching the ground truth templates (Smith et al., 2009; Wylie et al., 2021). Notably, however, the correlation between this second high-level network and the DMN template was very weak. In the Wylie et al. (2021) study, these meta-correlations indicate that this BCN is more accurately considered an BCN partially encompassing the DMN. Interestingly, at the highest levels of the connectivity dendrogram, Wylie et al. (2021) reported that the hierarchical BCNs initially separate the brain into Visual/Attention and Default/Control networks. However, unlike hierarchical clustering analyses, ICA spatial maps were not always neatly subdivided into nested subnetworks as independent component numbers increased (Wylie et al., 2021). Furthermore, these two identified high-level networks are qualitatively similar to high-level BCNs #1 and #2.

Furthermore, the quantitative examinations of the reproducibility of these two computational frameworks are calculated and visualized in Figure 11. There are six meta-BCNs extracted via the two frameworks based on test–retest MBME fMRI data, and we calculate the correlations of all components. The correlation matrices are 19 × 6. Comparing Figures 9a,b, DELMAR/Denoise/Mapping shows better reproducibility of the meta-BCNs than ME-ICA & DELMAR for all 19 subjects. Additionally, Figure 11c compares the extracted high-level BCNs with simulated templates (refer to the first row in Figure 10). DELMAR/Denoise/Mapping demonstrates better similarity than ME-ICA & DELMAR for every extracted BCN. Meanwhile, the correlation of meta-BCNs identified via DELMAR from MBME with the ground truth templates (Smith et al., 2009) is also included in Supplementary Figure S4.
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FIGURE 11
 Test-retest correlations of high-level BCNs, i.e., meta-BCNs, derived by two computational frameworks [ME-ICA & DELMAR in subfigure (a) and DELMAR/Denoise/Mapping in subfigure (b)] across all individuals using Hausdorff Metric (Zhang et al., 2018a,b, 2020b).


Besides, to further showcase the efficiency of DELMAR, we compare the post-processing time (i.e., the time required to separate all hierarchical BCNs via DELMAR) using both ME-ICA & DELMAR and DELMAR/Denoise/Mapping to reveal hierarchical BCNs from MBME fMRI data. The time consumption (averaged time ± standard deviation) for ME-ICA & DELMAR across all subjects is 2901.65 ± 196.96 s, while DELMAR/Denoise/Mapping requires 2651.65 ± 76.96 s. These results further demonstrate the efficiency of the DELMAR/Denoise/Mapping framework in investigating hierarchical BCNs from MBME fMRI data.

Lastly, to clearly depict the correlations between the six reproducible meta-BCNs derived via DELMAR and the twelve canonical BCNs (Smith et al., 2009), we present Figure 12. This figure illustrates the connections between each meta-BCN and the canonical BCNs, with correlations calculated using the Hausdorff metric. Notably, yellow and green indicate strong correlations, ranging from 0.20 to 0.30, while blue represents weaker connections, with values around 0.10. Notably, each meta-BCN integrates three or four canonical BCNs. For instance, meta-BCN #1 combines multiple canonical BCNs, including VIS-3, AUD, ECN, FP-L, FP-R, DAN, and SN, resulting in a “global meta-BCN.” Similarly, meta-BCN #2 connects VIS-1, VIS-3, DMN, AUD, FP-L, FP-R, and DAN. Meta-BCNs #4, #5, and #6 also show strong connections with VIS-1, although only meta-BCN #4 concurrently integrates VIS-1 and DMN. Throughout Figure 12, DAN is frequently active across most meta-BCNs, likely due to its role in enabling the brain to focus on various external information sources, such as visual, auditory, olfactory, and somatosensory inputs (Markett et al., 2022). In contrast, VIS-2 is rarely integrated with other BCNs, possibly due to its specific functional role, such as extracting the shape, size, position, and number of objects (Shoham et al., 2024). Additionally, the correlations between test–retest meta-BCNs and the twelve canonical BCNs indicate no significant differences, underscoring the strong reproducibility of these six meta-BCNs. More importantly, our recent work (Zhang et al., 2024) demonstrated that meta-BCNs remain highly reproducible even with a larger augmented dataset, enhancing the robustness of our approach. These comparable results validate the effectiveness of our method across various sample sizes.
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FIGURE 12
 This figure illustrates the correlations between six test-retest meta-BCNs in subfigures (a) and (b), respectively, i.e., high-level BCN, derived by DELMAR/Denoise/Mapping and twelve ground truth templates (Smith et al., 2009). The abbreviations of each ground truth template can refer to Supplementary Table S1.





4 Discussion

We have introduced two computational frameworks to extract reproducible hierarchical spatial features in MBME fMRI data. These frameworks bridge the gap between traditional shallow linear models (Andersen et al., 1999; Beckmann and Smith, 2005; Calhoun et al., 2001; Hyvarinen, 1999; Lee et al., 2011; Lee et al., 2016; Mairal et al., 2010; Mckeown and Sejnowski, 1998) and newer deep neural networks (DNNs) (Hu et al., 2018; Huang et al., 2018; Dong et al., 2020; Zhang et al., 2020a).

The main advantages of the proposed algorithms are their ability to efficiently map the hierarchical organization of BCNs without requiring large amounts of fMRI data or high-performance computing clusters with GPUs or TPUs. DELMAR is also more explainable than DCAE and DBN, as we have shown through theoretical predictions of their relative performance in our previous investigations, which are validated via comparisons with peer methods (Zhang et al., 2020b). Furthermore, convergence to a unique fixed point can be guaranteed for DELMAR with alternative convex optimization functions, unlike DNNs, where such convergence is rarely achieved in practice, especially at the individual level. This is crucial given the recent realization that real-world imaging applications often suffer from underspecification, resulting in wildly unpredictable performance from any particular DNN due to convergence to different local optima from different random initial conditions despite identical training data and hyperparameters (D’Amour et al., 2020). In particular, DELMAR employs ADMM, an alternative optimization algorithm particularly well suited to optimize convex/alternative convex problems (Jain et al., 2013; Nishihara et al., 2015). It also utilizes the Rank Reduction Operator (RRO) for data-driven determination of all hyperparameters, which can be considered an intelligent factorization method. This is a major advantage over many conventional shallow data-driven fMRI connectivity reconstruction methods and other peer methods, as well as more complex deep nonlinear models, all of which must be manually tuned for hyperparameter settings. Thus, as predicted, DELMAR/Denoise/Mapping will benefit real-world imaging applications, such as fMRI. Naturally, the DELMAR/Denoise/Mapping approach is capable of outperforming other conventional methods, e.g., hierarchical clustering, focused on revealing hierarchical BCNs. For instance, hierarchical clustering would be unlikely to integrate two BCNs without spatial similarity into a meta-BCN. However, several studies (Vossel et al., 2014; Chand et al., 2017; Zhang et al., 2018a,b; Zhang et al., 2024) have demonstrated that multiple canonical BCNs with lower spatial similarity (e.g., the DMN and SN) can indeed be integrated into a single meta-BCN at the deep layers of a computational framework.

In this research, we not only validate the proposed computational framework named DELMAR/Denoise/Mapping but also successfully identify six reproducible fourth-layer BCNs, i.e., high-level networks. Both the shallow and deep BCNs demonstrate the superiority of MBME fMRI over MB fMRI, attributable to the former’s better specificity for the BOLD fMRI signal. By evaluating the first layer reconstructions of two computational frameworks, we find that ME-ICA & DELMAR and DELMAR/Denoise/Mapping can both accurately reconstruct conventional BCNs using MBME fMRI, whereas the reconstruction is not as accurate using MB fMRI. These results can be explained by the unique mix of mathematical operators used in our prior work (Zhang et al., 2020b). Overall, DELMAR/Denoise/Mapping provided reproducible and accurate reconstructions assessed via intensity matching, spatial matching, and Hausdorff Distance, compared with ME-ICA & DELMAR in the first and second layers. This could be attributed to its joint use of sparsity and rank reduction operators in conjunction with the ADMM optimizer. Furthermore, in Figure 10, we discovered that deeper features, such as the third layer BCNs, are recombination of the shallow layer networks and have the best similarity with simulated templates. For example, in Figure 11, all similarity measures for DELMAR/Denoise/Mapping are higher than for ME-ICA & DELMAR. This further validates the superiority of DELMAR/Denoise/Mapping in the deeper layers.

Moreover, ME-ICA & DELMAR produce relatively weak reproducible components in the third layer compared with the equivalent BCNs identified via DELMAR/Denoise/Mapping at its fourth layer. This can be attributed to ICA’s relatively fast convergence rate and independence constraint (Zhang et al., 2020b). The mathematical evaluation framework and the fMRI validation procedure provided in this work should enable further development of deep linear models optimized for different types of real-world applications in biomedical imaging, with DELMAR/Denoise/Mapping as the current best algorithm for fMRI hierarchical functional connectivity mapping. Furthermore, using in-vivo rsfMRI MBME data, we validated our previous theoretical analyses (Zhang et al., 2020b). Namely, due to its independence constraints, ICA cannot reveal more components than DELMAR.

Besides, in this initial exploratory work on spatially hierarchical BCNs using MBME fMRI, several derived deep BCNs, i.e., identified third or fourth-layer BCNs, are consistent with known interactions between low-level BCNs from the established literature for resting-state fMRI. For example, the SN is known to modulate the anticorrelated connectivity of the DMN and the ECN (Menon et al., 2023), hence the linkage of their nodes into a single higher-level network (Figure 10, 6th row). The functional coupling of vision networks with the DAN shown in Figure 10 (4th row) is also well known, given the role that the DAN plays in visual attention and eye movements (Vossel et al., 2014). Future neuroscientific studies will be required to empirically validate the deep features of these methods using demographic, clinical, cognitive, behavioral, and/or electrophysiological data. Notably, since these deep linear models do not require extensive training datasets nor specialized computing infrastructure, they can be easily applied to clinical research with the potential to generate novel functional connectivity biomarkers of neurodevelopmental, neurodegenerative, and psychiatric disorders (Parkes et al., 2020), including for diagnosis, prognosis, and treatment monitoring. This is particularly significant given the recent observation that neuropathology and psychopathology often affect low-level network connectivity differently than high-level network connectivity. For example, many different psychiatric disorders have been found to decrease lower-order sensory and somatomotor network connectivity uniformly across patients (Elliott et al., 2018; Kebets et al., 2019) while increasing distinctiveness among patients in networks at higher levels of the hierarchy (Kaufmann et al., 2017; Parkes et al., 2020). In fMRI studies of mild traumatic brain injury (TBI), altered functional connectivity has been found early after concussion both within individual BCNs, such as the SN, DMN, and ECN, as well as between different BCNs (Palacios et al., 2017). Interactions of BCNs, such as those between the SN and the DMN, are thought to be especially important for outcomes after TBI and can be used to guide personalized treatment (Jilka et al., 2014; Li et al., 2019). Disordered coupling of the SN with the DMN and ECN has also been shown in mild cognitive impairment (Chand et al., 2017). Hence, prevalent neurological disorders such as head trauma and neurodegenerative diseases are thought to affect multiple levels of the human brain’s hierarchical organization. Such high-level interactions between the DMN, ECN, and SN can be investigated with deeper layers of these hierarchical linear models that integrate their spatially distinct gray matter nodes into a single larger-scale network, as shown in Figure 10 (refer to the top row). These examples show how more principled data-driven characterization of this hierarchy, particularly at its higher levels, holds great promise for providing clinically actionable biomarkers of neurological and psychiatric diseases.

Lastly, three potential shortcomings of the current work could be that the ground truth templates for testing the first and second-layer networks were generated using conventional shallow ICA (Smith et al., 2009), which is currently the most widely accepted technique for data-driven analysis of functional connectivity. Also, DELMAR/Denoise/Mapping cannot extract sub-networks, i.e., a minor-scale network including isolated regions from canonical BCNs, rather than meta-networks since it is designed as a dimensional reduction method. Therefore, it cannot perform subdivision of previous features in the deeper layers. Based on recent results reported by Wylie et al. (2021), higher-order ICA can subdivide shallow features into several sub-components.



5 Conclusion

To summarize, the benefits of DELMAR/Denoise/Mapping gain importance as the spatial and temporal resolution and sensitivity of fMRI continue to increase with improved MR imaging hardware and pulse sequences. Furthermore, DELMAR offers several advantages in detecting the hierarchical and overlapping organization of BCNs compared to previously described methods for mapping functional connectivity in a data-driven manner, such as ICA, SDL, DCAE, and DBN (Calhoun et al., 2001; Lv et al., 2015a,b; Seo et al., 2018; Zhang et al., 2020a,b; Hinton and Salakhutdinov, 2006; Hinton et al., 2012). DELMAR does not have the constraints of spatial independence that ICA has (Calhoun et al., 2001; Mckeown and Sejnowski, 1998; Zhang et al., 2019). Since DELMAR can reveal extensively overlapped functional brain networks (Zhang et al., 2020b) and estimates the vital hyperparameters automatically, it is easy to leverage the number and size of each layer, i.e., dictionary size. Other peer methods, such as ICA, SDL, NMF, and DNN, require manual hyperparameter tuning. Moreover, compared to DNNs, such as DBN, DCAE, and RBM, DELMAR has several advantages: (a) fewer training samples, e.g., the ability to reconstruct a single individual’s scan; (b) fewer extensive computational resources; (c) guaranteed convergence to a unique fixed point; and (d) automatic hyperparameter estimation. In this research, our results demonstrate the benefits of DELMAR/Denoise/Mapping for MBME imaging (Boyacioğlu et al., 2015; Cohen et al., 2020). Moreover, it can further benefit from the advent of even faster and higher-resolution SLice Dithered Enhanced Resolution Simultaneous MultiSlice (SLIDER-SMS) fMRI in the future (Vu et al., 2018). Continuously improved fMRI sensitivity and spatial resolution will enable mesoscale functional imaging that supports more shallow components of the deep linear learning method to reveal high-level networks and/or subnetworks of the spatially independent BCN used in Wylie et al. (2021). This will also permit the use of deep learning methods to extract more levels of the hierarchy of functional connectivity. Whereas many widely used methods for performing time-varying fMRI analysis are heuristic rather than data-driven, such as those with arbitrary time windows (Iraji et al., 2020), advances in fMRI temporal resolution can be combined with deep linear models that perform joint spatiotemporal decomposition for principled unsupervised dynamic functional connectivity mapping that reveals ever more of the human brain’s hierarchical organization. Notably, this work currently centers on the linear assumption that each meta-BCN is a linear combination of multiple canonical BCNs, i.e., BCNs identified from shallow layers of a deep learning method. Although this approach effectively captures essential hierarchy, advancing neuroscience increasingly reveals that more complex integrations, e.g., nonlinear combination, are needed to comprehensively capture hierarchical brain functionality. For example, isolated precuneus from DMN usually reflects the impairment of Alzheimer’s Disease on brain functionality (Billette et al., 2022). Therefore, we aim to further push beyond linear assumption, advancing our understanding of brain functionality through innovative computational frameworks that further deepen and expand our insights in understanding of brain functionality.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found here: https://openfmri.org/dataset/ds000216/.



Ethics statement

The studies involving humans were approved by the Medical College of Wisconsin Institutional Review Board. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

WZ: Conceptualization, Formal analysis, Investigation, Methodology, Validation, Visualization, Writing – original draft. AC: Data curation, Formal analysis, Investigation, Resources, Writing – review & editing, Methodology, Validation. MM: Resources, Writing – review & editing. PM: Conceptualization, Funding acquisition, Supervision, Validation, Writing – review & editing. YW: Funding acquisition, Supervision, Validation, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the U.S. National Institutes of Health (R01 MH116950, U01 EB025162) and the U.S. Department of Defense (W81XWH-14-2-0176).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The authors declare that no Gen AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2025.1577029/full#supplementary-material



References

 Agarwal, S., Al Khalifah, H., Zaca, D., and Pillai, J. J. (2023). fMRI and DTI: review of complementary techniques. Funct. Neuroradiol., 1025–1060. doi: 10.1007/978-3-031-10909-6_44

 Agcaoglu, O., Miller, R., Mayer, A. R., Hugdahl, K., and Calhoun, V. D. (2015). Lateralization of resting state networks and relationship to age and gender. Neuroimage 104, 310–325. doi: 10.1016/j.neuroimage.2014.09.001 

 Andersen, A. H., Gash, D. M., and Avison, M. J. (1999). Principal component analysis of the dynamic response measured by fMRI: a generalized linear systems framework. Magn. Reson. Imaging 17, 795–815. doi: 10.1016/S0730-725X(99)00028-4 

 Bartels, A., and Zeki, S. (2005). Brain dynamics during natural viewing conditions - a new guide for mapping connectivity in vivo. Neuroimage 24, 339–349. doi: 10.1016/j.neuroimage.2004.08.044 

 Bassett, D. S., Bullmore, E., Verchinski, B. A., Mattay, V. S., Weinberger, D. R., and Meyer-Lindenberg, A. (2008). Hierarchical organization of human cortical networks in health and schizophrenia. J. Neurosci. 28, 9239–9248. doi: 10.1523/JNEUROSCI.1929-08.2008 

 Beck, A., and Teboulle, M. (2009). A fast iterative shrinkage-thresholding algorithm for linear inverse problems. SIAM J. Imaging Sci. 2, 183–202. doi: 10.1137/080716542

 Beckmann, C. F., and Smith, S. M. (2005). Tensorial extensions of independent component analysis for multisubject FMRI analysis. Neuroimage 25, 294–311. doi: 10.1016/j.neuroimage.2004.10.043 

 Bengio, Y., Courville, A. C., and Vincent, P. (2012). Unsupervised feature learning and deep learning: a review and new perspectives. CoRR, abs/1206.5538 1:2665.

 Billette, O. V., Ziegler, G., Aruci, M., Schütze, H., Kizilirmak, J. M., Richter, A., et al. (2022). Novelty-related fMRI responses of precuneus and medial temporal regions in individuals at risk for Alzheimer disease. Neurology 99, e775–e788. doi: 10.1212/WNL.0000000000200667 

 Biswal, B. B., Maarten, M., Xi-Nian, Z., Suril, G., Clare, K., Smith, S. M., et al. (2010). Toward discovery science of human brain function. Proc. Natl. Acad. Sci. 107, 4734–4739. doi: 10.1073/pnas.0911855107 

 Biswal, B., Yetkin, F. Z., Haughton, V. M., and Hyde, J. S. (1995). Functional connectivity in the motor cortex of resting human brain using echo-planar MRI. Magn. Reson. Med. 34, 537–541. doi: 10.1002/mrm.1910340409 

 Boyacioğlu, R., Schulz, J., Koopmans, P. J., Barth, M., and Norris, D. G. (2015). Improved sensitivity and specificity for resting state and task fMRI with multiband multi-echo EPI compared to multi-echo EPI at 7 T. Neuroimage 119, 352–361. doi: 10.1016/j.neuroimage.2015.06.089 

 Bujang, M. A., and Baharum, N. (2017). A simplified guide to determination of sample size requirements for estimating the value of intraclass correlation coefficient: a review. Arch. Orofacial Sci. 12, 1–11.

 Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev. Neurosci. 10, 186–198. doi: 10.1038/nrn2575 

 Calhoun, V. D., Adali, T., Pearlson, G. D., and Pekar, J. J. (2001). A method for making group inferences from functional MRI data using independent component analysis. Hum. Brain Mapp. 14, 140–151. doi: 10.1002/hbm.1048 

 Chand, G. B., Wu, J., Hajjar, I., and Qiu, D. (2017). Interactions of the salience network and its subsystems with the default-mode and the central-executive networks in Normal aging and mild cognitive impairment. Brain Connect. 7, 401–412. doi: 10.1089/brain.2017.050

 Cohen, A. D., Chang, C., and Wang, Y. (2021b). Using multiband multi-echo imaging to improve the robustness and repeatability of co-activation pattern analysis for dynamic functional connectivity. Neuroimage 243:118555. doi: 10.1016/j.neuroimage.2021.118555 

 Cohen, A. D., Jagra, A. S., Yang, B., Fernandez, B., Banerjee, S., and Wang, Y. (2021a). Detecting task functional MRI activation using the multiband multiecho (MBME) Echo-planar imaging (EPI) sequence. J. Magn. Reson. Imaging 53, 1366–1374. doi: 10.1002/jmri.27448 

 Cohen, A. D., Nencka, A. S., and Wang, Y. (2018). Multiband multi-echo simultaneous ASL/BOLD for task-induced functional MRI. PLoS One 13:e0190427.

 Cohen, A. D., Yang, B., Fernandez, B., Banerjee, S., and Wang, Y. (2020). Improved resting state functional connectivity sensitivity and reproducibility using a multiband multi-echo acquisition. Neuroimage 225:117461. doi: 10.1016/j.neuroimage.2020.117461

 D’Amour, A., Heller, K., Moldovan, D., et al. (2020). Underspecification presents challenges for credibility in modern machine learning. arXiv:2011.03395v2. 23, 1–61.

 Dimova, V., Welte-Jzyk, C., Kronfeld, A., Korczynski, O., Baier, B., Koirala, N., et al. (2024). Brain connectivity networks underlying resting heart rate variability in acute ischemic stroke. Neuroimage Clin. 41:103558. doi: 10.1016/j.nicl.2023.103558

 Dong, Q., Ge, F., Ning, Q., Zhao, Y., Lv, J., Huang, H., et al. (2020). Modeling hierarchical brain networks via volumetric sparse deep belief network. IEEE Trans. Biomed. Eng. 67, 1739–1748. doi: 10.1109/TBME.2019.2945231 

 Duncan, J. (2010). The multiple-demand (MD) system of the primate brain: mental programs for intelligent behavior. Trends Cogn. Sci. 14, 172–179. doi: 10.1016/j.tics.2010.01.004 

 Elliott, M. L., Romer, A., Knodt, A. R., and Hariri, A. R. (2018). A connectome-wide functional signature of transdiagnostic risk for mental illness. Biol. Psychiatry 84, 452–459. doi: 10.1016/j.biopsych.2018.03.012 

 Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., et al. (2019). A guide to deep learning in healthcare. Nat. Med. 25, 24–29. doi: 10.1038/s41591-018-0316-z

 Gao, K., and Sener, O. (2022). Generalizing gaussian smoothing for random search. In International Conference on Machine Learning (pp. 7077–7101).

 Gurovich, Y., Hanani, Y., Bar, O., Nadav, G., Fleischer, N., Gelbman, D., et al. (2019). Identifying facial phenotypes of genetic disorders using deep learning. Nat. Med. 25:60. doi: 10.1038/s41591-018-0279-0

 Han, J., Zhou, L., Wu, H., Huang, Y., Qiu, M., Huang, L., et al. (2023). Eyes-open and eyes-closed resting state network connectivity differences. Brain Sci. 13:122. doi: 10.3390/brainsci13010122

 Hannun, A. Y., Rajpurkar, P., Haghpanahi, M., Tison, G. H., Bourn, C., Turakhia, M. P., et al. (2019). Cardiologist-level arrhythmia detection and classification in ambulatory electrocardiograms using a deep neural network. Nat. Med. 25, 65–69. doi: 10.1038/s41591-018-0268-3 

 Hinton, G., Deng, L., Yu, D., Dahl, G. E., Mohamed, A.-R., Jaitly, N., et al. (2012). Deep neural networks for acoustic modeling in speech recognition: the shared views of four research groups. Signal Process Magazine IEEE 29, 82–97. doi: 10.1109/MSP.2012.2205597

 Hinton, G. E., Osindero, S., and Teh, Y.-W. (2006). A fast learning algorithm for deep belief nets. Neural Comput. 18, 1527–1554. doi: 10.1162/neco.2006.18.7.1527 

 Hinton, G. E., and Salakhutdinov, R. R. (2006). Reducing the dimensionality of data with neural networks. Science 313, 504–507. doi: 10.1126/science.112764

 Hu, X., Huang, H., Peng, B., Han, J., Liu, N., Lv, J., et al. (2018). Latent source mining in FMRI via restricted Boltzmann machine. Hum. Brain Mapp. 39, 2368–2380. doi: 10.1002/hbm.24005 

 Huang, H., Hu, X., Zhao, Y., Makkie, M., Dong, Q., Zhao, S., et al. (2018). Modeling task fMRI data via deep convolutional autoencoder. IEEE Trans. Med. Imaging 37, 1551–1561. doi: 10.1109/TMI.2017.2715285 

 Hyvarinen, A. (1999). Fast and robust fixed-point algorithms for independent component analysis. IEEE Trans. Neural Netw. 10, 626–634. doi: 10.1109/72.761722 

 Ilievski, I., Akhtar, T., Feng, J., and Shoemaker, C. (2017). “Efficient hyperparameter optimization for deep learning algorithms using deterministic rbf surrogates” in Proceedings of the AAAI conference on artificial intelligence.

 Iraji, A., Faghiri, A., Lewis, N., Fu, Z., Rachakonda, S., and Calhoun, V. D. (2020). Tools of the trade: estimating time-varying connectivity patterns from fMRI data. Soc. Cogn. Affect. Neurosci. 16, 849–874. doi: 10.1093/scan/nsaa114 

 Iraji, A., Fu, Z., Damaraju, E., DeRamus, T., Lewis, N., Bustillo, J. R., et al. (2019). Spatial dynamics within and between brain functional domains: a hierarchical approach to study time-varying brain function. Hum. Brain Mapp. 40, 1969–1986. doi: 10.1002/hbm.24505 

 Jain, P., Netrapalli, P., and Sanghavi, S. (2013). “Low-rank matrix completion using alternating minimization” in Proceedings of the forty-fifth annual ACM symposium on theory of computing, 665–674.

 Jilka, S. R., Scott, G., Ham, T., Pickering, A., Bonnelle, V., Braga, R. M., et al. (2014). Damage to the salience network and interactions with the default mode network. J. Neurosci. 34, 10798–107807. doi: 10.1523/JNEUROSCI.0518-14.2014

 Kaefer, K., Stella, F., McNaughton, B. L., and Battaglia, F. P. (2022). Replay, the default mode network and the cascaded memory systems model. Nat. Rev. Neurosci. 23, 628–640. doi: 10.1038/s41583-022-00620-6 

 Kaufmann, T., Alnæs, D., Doan, N. T., Brandt, C. L., Andreassen, O. A., and Westlye, L. T. (2017). Delayed stabilization and individualization in connectome development are related to psychiatric disorders. Nat. Neurosci. 20, 513–515. doi: 10.1038/nn.4511 

 Kebets, V., Holmes, A. J., Orban, C., Tang, S., Li, J., Sun, N., et al. (2019). Somatosensory-motor dysconnectivity spans multiple transdiagnostic dimensions of psychopathology. Biol. Psychiatry 86, 779–791. doi: 10.1016/j.biopsych.2019.06.013 

 Kundu, P., Inati, S. J., Evans, J. W., Luh, W. M., and Bandettini, P. A. (2012). Differentiating BOLD and non-BOLD signals in fMRI time series using multi-echo EPI. NeuroImage 60, 1759–1770. doi: 10.1016/j.neuroimage.2011.12.028 

 LeCun, Y., Bengio, Y., and Hinton, G. (2015). Deep learning. Nature 521, 436–444. doi: 10.1038/nature14539 

 Lee, Y.-B., Lee, J., Tak, S., Lee, K., Na, D. L., Seo, S. W., et al. (2016). Sparse SPM: group sparse-dictionary learning in SPM framework for resting-state functional connectivity MRI analysis. Neuroimage 125, 1032–1045. doi: 10.1016/j.neuroimage.2015.10.081 

 Lee, D. D., and Seung, H. S. (1999). Learning the parts of objects by non-negative matrix factorization. Nature 401, 788–791 

 Lee, K., Tak, S., and Ye, J. C. (2011). A data-driven sparse GLM for fMRI analysis using sparse dictionary learning with MDL criterion. IEEE Trans. Med. Imaging 30, 1076–1089. doi: 10.1109/TMI.2010.2097275 

 Li, L. M., Violante, I. R., Zimmerman, K., Leech, R., Hampshire, A., Patel, M., et al. (2019). Traumatic axonal injury influences the cognitive effect of non-invasive brain stimulation. Brain 142, 3280–3293. doi: 10.1093/brain/awz252 

 Ling, X., Bui, A., and Brooks, P. (2023). Kernel ℓ 1-norm principal component analysis for denoising. Optim. Lett. 18, 2133–2148. doi: 10.1007/s11590-023-02051-3

 Liu, J., Yuan, L., and Ye, J. (2010). “An efficient algorithm for a class of fused lasso problems” in Proceedings of the 16th ACM SIGKDD international conference on knowledge discovery and data mining. (eds) B. Rao, B. Krishnapuram, A. Tomkins, and Q. Yang (Washington, D.C., USA: ACM), 323–332.

 Lv, J., Jiang, X., Li, X., Zhu, D., Zhang, S., Zhao, S., et al. (2015a). Holistic atlases of functional networks and interactions reveal reciprocal organizational architecture of cortical function. Biomed. Eng. IEEE Trans. 62, 1120–1131. doi: 10.1109/TBME.2014.2369495

 Lv, J., Lin, B., Li, Q., Zhang, W., Zhao, Y., Jiang, X., et al. (2017). Task fMRI data analysis based on supervised stochastic coordinate coding. Med. Image Anal. 38, 1–16. doi: 10.1016/j.media.2016.12.003 

 Lv, J., Lin, B., Zhang, W., Jiang, X., Hu, X., Han, J., et al. (2015b). “Modeling task FMRI data via supervised stochastic coordinate coding” in International conference on medical image computing and computer-assisted intervention (eds) N. Navab, J. Hornegger, W. M. Wells, and A. Frangi. (Cham: Springer), 239–246.

 Mairal, J., Bach, F., Ponce, J., and Sapiro, G. (2010). Online learning for matrix factorization and sparse coding. J. Mach. Learn. Res. 11, 19–60.

 Markett, S., Nothdurfter, D., Focsa, A., Reuter, M., and Jawinski, P. (2022). Attention networks and the intrinsic network structure of the human brain. Hum. Brain Mapp. 43, 1431–1448. doi: 10.1002/hbm.25734 

 Mckeown, M. J., and Sejnowski, T. J. (1998). Independent component analysis of fMRI data: examining the assumptions. Hum. Brain Mapp. 6, 368–372. doi: 10.1002/(SICI)1097-0193(1998)6:5/6<368::AID-HBM7>3.0.CO;2-E 

 Menon, V., Cerri, D., Lee, B., Yuan, R., Lee, S. H., and Shih, Y. Y. I. (2023). Optogenetic stimulation of anterior insular cortex neurons in male rats reveals causal mechanisms underlying suppression of the default mode network by the salience network. Nature Communications, 14:866.

 Nishihara, R., Lessard, L., Recht, B., Packard, A., and Jordan, M. (2015). “A general analysis of the convergence of ADMM” in International conference on machine learning (eds) F. Bach and D Blei. (Lille, France: PMLR), 343–352.

 Oathes, D. J., Zimmerman, J. P., Duprat, R., Japp, S. S., Scully, M., Rosenberg, B. M., et al. (2021). Resting fMRI-guided TMS results in subcortical and brain network modulation indexed by interleaved TMS/fMRI. Exp. Brain Res. 239, 1165–1178. doi: 10.1007/s00221-021-06036-5 

 Olafsson, V., Kundu, P., Wong, E. C., Bandettini, P. A., and Liu, T. T. (2015). Enhanced identifi- cation of BOLD-like components with multi-echo simultaneous multi-slice (MESMS) fMRI and multi-echo ICA. Neuroimage 112, 43–51. doi: 10.1016/j.neuroimage.2015.02.052 

 Palacios, E. M., Yuh, E. L., Chang, Y. S., Yue, J. K., Schnyer, D. M., Okonkwo, D. O., et al. (2017). Resting-state functional connectivity alterations associated with six-month outcomes in mild traumatic brain injury. J. Neurotrauma 34, 1546–1557. doi: 10.1089/neu.2016.4752 

 Parkes, L., Satterthwaite, T. D., and Bassett, D. S. (2020). Towards precise resting-state fMRI biomarkers in psychiatry: synthesizing developments in transdiagnostic research, dimensional models of psychopathology, and normative neurodevelopment. Curr. Opin. Neurobiol. 65, 120–128. doi: 10.1016/j.conb.2020.10.016 

 Peng, L., Luo, Z., Zeng, L. L., Hou, C., Shen, H., Zhou, Z., et al. (2023). Parcellating the human brain using resting-state dynamic functional connectivity. Cereb. Cortex 33, 3575–3590. doi: 10.1093/cercor/bhac293 

 Pfob, A., Lu, S. C., and Sidey-Gibbons, C. (2022). Machine learning in medicine: a practical introduction to techniques for data pre-processing, hyperparameter tuning, and model comparison. BMC Med. Res. Methodol. 22:282. doi: 10.1186/s12874-022-01758-8 

 Plis, S. M., Hjelm, D. R., Salakhutdinov, R., Allen, E. A., Bockholt, H. J., Long, J. D., et al. (2014). Deep learning for neuroimaging: a validation study. Front. Neurosci. 8:229. doi: 10.3389/fnins.2014.00229

 Posse, S., Wiese, S., Gembris, D., Mathiak, K., Kessler, C., Grosse-Ruyken, M., et al. (1999). Enhancement of BOLD-contrast sensitivity by single-shot multi-echo functional MR imaging. Magn. Reson. Med. 42, 87–97. doi: 10.1002/(SICI)1522-2594(199907)42:1<87::AID-MRM13>3.0.CO;2-O 

 Power, J. D., Cohen, A. L., Nelson, S. M., Wig, G. S., Barnes, K. A., Church, J. A., et al. (2011). Functional network organization of the human brain. Neuron 72, 665–678. doi: 10.1016/j.neuron.2011.09.006 

 Qiao, C., Yang, L., Calhoun, V. D., Xu, Z. B., and Wang, Y. P. (2021). Sparse deep dictionary learning identifies differences of time-varying functional connectivity in brain neuro-developmental study. Neural Netw. 135, 91–104. doi: 10.1016/j.neunet.2020.12.007 

 Satterthwaite, T. D., Ciric, R., Roalf, D. R., Davatzikos, C., Bassett, D. S., and Wolf, D. H. (2019). Motion artifact in studies of functional connectivity: Characteristics and mitigation strategies. Human Brain Mapping, 40, 2033–2051.

 Schmidhuber, J. (2015). Deep learning in neural networks: an overview. Neural Netw. 61, 85–117. doi: 10.1016/j.neunet.2014.09.003 

 Seo, J. D. (2018). Deep independent component analysis in Tensorflow. Available online at: https://towardsdatascience.com/deep-independent-component-analysis-in-tensorflow-manual-back-prop-in-tf-94602a08b13f

 Shen, Y., Wen, Z., and Zhang, Y. (2014). Augmented Lagrangian alternating direction method for matrix separation based on low-rank factorization. Optimization Methods Softw. 29, 239–263.

 Shoham, A., Grosbard, I. D., Patashnik, O., Cohen-Or, D., and Yovel, G. (2024). Using deep neural networks to disentangle visual and semantic information in human perception and memory. Nat. Hum. Behav. 8, 702–717. doi: 10.1038/s41562-024-01816-9

 Smith, S. M., Beckmann, C. F., Andersson, J., Auerbach, E. J., Bijsterbosch, J., Douaud, G., et al. (2013). Resting-state fMRI in the human connectome project. Neuroimage 80, 144–168. doi: 10.1016/j.neuroimage.2013.05.039

 Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C., Fox, P. M., Mackay, C. E., et al. (2009). Correspondence of the brain's functional architecture during activation and rest. Proc. Natl. Acad. Sci. 106, 13040–13045. doi: 10.1073/pnas.0905267106

 Sporns, O., Chialvo, D. R., Kaiser, M., and Hilgetag, C. C. (2004). Organization, development and function of complex brain networks. Trends Cogn. Sci. 8, 418–425. doi: 10.1016/j.tics.2004.07.008 

 Stam, C. J. (2014). Modern network science of neurological disorders. Nat. Rev. Neurosci. 15:683. doi: 10.1038/nrn3801

 Suk, H.-I., Lee, S.-W., and Shen, D., Alzheimer’s Disease Neuroimaging Initiative (2014). Hierarchical feature representation and multimodal fusion with deep learning for AD/MCI diagnosis. Neuroimage 101, 569–582. doi: 10.1016/j.neuroimage.2014.06.077

 Suk, H.-I., Wee, C.-Y., Lee, S.-W., and Shen, D. (2016). State-space model with deep learning for functional dynamics estimation in resting-state fMRI. Neuroimage 129, 292–307. doi: 10.1016/j.neuroimage.2016.01.005 

 Topol, E. J. (2019). High-performance medicine: the convergence of human and artificial intelligence. Nat. Med. 25, 44–56. doi: 10.1038/s41591-018-0300-7 

 Trigeorgis, G., Bousmalis, K., Zafeiriou, S., and Schuller, B. W. (2014). A deep matrix factorization method for learning attribute representations. IEEE Trans. Pattern Anal. Mach. Intell. (1692–1700). PMLR.

 Trigeorgis, G., Bousmalis, K., Zafeiriou, S., and Schuller, B. W. (2016). A deep matrix factorization method for learning attribute representations. IEEE Trans. Pattern Anal. Mach. Intell. 39, 417–429.

 Vossel, S., Geng, J. J., and Fink, G. R. (2014). Dorsal and ventral attention systems: distinct neural circuits but collaborative roles. Neuroscientist 20, 150–159. doi: 10.1177/1073858413494269 

 Vu, A. T., Beckett, A., Setsompop, K., and Feinberg, D. A. (2018). Evaluation of SLIce dithered enhanced resolution simultaneous MultiSlice (SLIDER-SMS) for human fMRI. Neuroimage 164, 164–171. doi: 10.1016/j.neuroimage.2017.02.001

 Wang, M., Huang, J., Liu, M., and Zhang, D. (2021). Modeling dynamic characteristics of brain functional connectivity networks using resting-state functional MRI. Med. Image Anal. 71:102063. doi: 10.1016/j.media.2021.102063

 Wen, Z., Yin, W., and Zhang, Y. (2012). Solving a low-rank factorization model for matrix completion by a nonlinear successive over-relaxation algorithm. Math. Program. Comput. 4, 333–361. doi: 10.1007/s12532-012-0044-1

 Wingrove, J., Makaronidis, J., Prados, F., Kanber, B., Yiannakas, M. C., Magee, C., et al. (2023). Aberrant olfactory network functional connectivity in people with olfactory dysfunction following COVID-19 infection: an exploratory, observational study. EClinicalMedicine 58:625737. doi: 10.1016/j.eclinm.2023.101883

 Wylie, K. P., Kronberg, E., Legget, K. T., Sutton, B., and Tregellas, J. R. (2021). Stable Meta-networks, noise, and artifacts in the human connectome: low-to high-dimensional independent components analysis as a hierarchy of intrinsic connectivity networks. Front. Neurosci. 15. doi: 10.3389/fnins.2021.625737 

 Zhang, W., and Bao, Y. (2022). DELMAR: deep linear matrix approximately reconstruction to extract hierarchical functional connectivity in the human brain. arXiv [Preprint].

 Zhang, W., Jiang, X., Zhang, S., Howell, B. R., Zhao, Y., Zhang, T., et al. (2017). Connectome-scale functional intrinsic connectivity networks in macaques. Neuroscience 364, 1–14. doi: 10.1016/j.neuroscience.2017.08.022 

 Zhang, W., Jiang, X., Zhao, S., Qiang, N., Bao, Y., and Lv, J. (2024). “Deep linear matrix approximate reconstruction reveals reproducible large-scale functional connectivity networks in the human brain” in Proceedings of the 1st international workshop on multimedia computing for health and medicine, 59–63.

 Zhang, W., Lv, J., Zhang, S., Zhao, Y., and Liu, T. (2018a). “Modeling resting state fMRI data via longitudinal supervised stochastic coordinate coding” in Biomedical imaging (ISBI 2018), IEEE 15th international symposium on (IEEE), 127–131. doi: 10.1109/ISBI.2018.8363538

 Zhang, W., Lv, J., Li, X., Zhu, D., Jiang, X., Zhang, S., et al. (2018b). Experimental comparisons of sparse dictionary learning and independent component analysis for brain network inference from fMRI data. IEEE Trans. Biomed. Eng. 66, 289–299. doi: 10.1109/TBME.2018.2831186

 Zhang, W., Palacios, E., and Mukherjee, M. (2020b). Deep linear modeling of hierarchical functional connectivity in the human brain. bioarxiv [Preprint]. doi: 10.1101/2020.12.13.422538v2

 Zhang, W., Zhao, S., Hu, X., Dong, Q., Huang, H., Zhang, S., et al. (2020a). Hierarchical Organization of Functional Brain Networks Revealed by hybrid spatiotemporal deep learning. Brain Connect. 10, 72–82. doi: 10.1089/brain.2019.0701 

 Zhang, W., Zhao, L., Li, Q., Zhao, S., Dong, Q., Jiang, X., et al. (2019). “Identify hierarchical structures from task-based fMRI data via hybrid spatiotemporal neural architecture search net” in Medical image computing and computer assisted intervention–MICCAI 2019: 22nd international conference, Shenzhen, China, October 13–17, 2019, proceedings, part III, (eds) J. Cai, M. Kankanhalli, B. Prabhakaran, S. Boll, R. Subramanian, and L. Zheng, et al. vol. 22 (New York, United States: Springer International Publishing), 745–753.

 Zhao, Y., Chen, H., Li, Y., Lv, J., Jiang, X., Ge, F., et al. (2016). Connectome-scale group-wise consistent resting-state network analysis in autism spectrum disorder. NeuroImage: Clinical, 12, 23–33.


Copyright
 © 2025 Zhang, Cohen, McCrea, Mukherjee and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnins-19-1577029-e035.jpg
ZM1





OPS/images/fnins-19-1577029-e034.jpg
M-1
[Txivm
iy





OPS/images/fnins-19-1577029-e037.jpg





OPS/images/fnins-19-1577029-e036.jpg
B |





OPS/images/fnins-19-1577029-e031.jpg





OPS/images/fnins-19-1577029-e030.jpg





OPS/images/fnins-19-1577029-e033.jpg
SG





OPS/images/fnins-19-1577029-e032.jpg





OPS/images/cover.jpg
& frontiers | Frontiers in Neuroscience

Deep linear matrix approximate
reconstruction with integrated
BOLD signal denoising reveals
reproducible hierarchical brain
connectivity networks from
multiband multi-echo fMRI








OPS/images/fnins-19-1577029-e028.jpg






OPS/images/fnins-19-1577029-e027.jpg
{Yi}i:l







OPS/images/fnins-19-1577029-e029.jpg








OPS/images/fnins-19-1577029-e024.jpg
{Yi}i:l





OPS/images/fnins-19-1577029-e023.jpg





OPS/images/fnins-19-1577029-e026.jpg





OPS/images/fnins-19-1577029-e025.jpg





OPS/images/fnins-19-1577029-e020.jpg





OPS/images/fnins-19-1577029-e022.jpg
{Yi}i:l





OPS/images/fnins-19-1577029-e021.jpg





OPS/images/fnins-19-1577029-e017.jpg
fy





OPS/images/fnins-19-1577029-e016.jpg
fy





OPS/images/fnins-19-1577029-e019.jpg





OPS/images/fnins-19-1577029-e018.jpg
M

ming e ( JZin

M
st[[XYm+Zu=8 ()
i=1
XiY; « R(Yiny),V2<i<M






OPS/images/fnins-19-1577029-e093.jpg





OPS/images/fnins-19-1577029-e092.jpg





OPS/images/fnins-19-1577029-g002.jpg
sTemplates MB (Test) MB (Retest) MBME (Test) MBME (Retest)

(a) Qualitative comparison of randomly selected third-layer BCNs identified via DELMAR from

test-retest MB and MBME
0.8 0.8
0.4 0.4
i 0.0 i 0.0
(b1) Spatial correlation of all test vs. retest (b2) Spatial correlation of All test vs. retest
components at 3 layer from MB components at 3 layer from MBME

= MB Test

08

o8 BN VB Retest

04 B MBME Test

0.2 EE MBME Retest
9 12t layer 2nd fayer 379 layer

() ICCs of all test vs. retest components of MB and MBME at three layers





OPS/images/fnins-19-1577029-g001.jpg
(1) 2)

-r-—1 v—————lr- i
MBMEfMRI | I
i 1t Echo Time I; Ix,componemsu |
i l/"-w-«i EA I L

s
/' s v
3
() —

M (g) Hierarchical Decomposition using DELMAR

1% TE
9{(\%“; Mﬁ |:> (g) Hierarchical Decomposition using DELMAR

2 TE
27 Echo Time

3¢ TE

(e ; (CZ) @n (@2)

— ME-ICA _— DELMAR

1st layer of DELMAR

Noise @ ————- 279 layer of DELMAR





OPS/images/fnins-19-1577029-e091.jpg





OPS/images/fnins-19-1577029-e090.jpg





OPS/images/fnins-19-1577029-e013.jpg





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Deep linear matrix approximate reconstruction with integrated BOLD signal denoising reveals reproducible hierarchical brain connectivity networks from multiband multi-echo fMRI



		1 Introduction



		2 Materials and methods



		2.1 ME-ICA & DELMAR verses DELMAR/Denoise/Mapping for deriving hierarchical brain connectivity networks



		2.2 Multi-echo independent component analysis for denoising



		2.3 DELMAR for denoising and mapping hierarchical BCNs



		2.4 Pre-processing of resting-state MB and MBME fMRI data, ground truth templates and methodological hyperparameters tuning



		2.5 Introduction of intensity, spatial and hausdorff metrics









		3 Results



		3.1 Investigating the multi-layer reconstructions of BCNs and their reproducibility from MB and MBME fMRI using DELMAR



		3.2 Investigating lower-level reconstructions of BCNs via integrated deep linear denoising method and their reproducibility from MBME fMRI



		3.3 Investigating the highest-level reconstructions of BCNs via integrated deep linear denoising method and their reproducibility from MBME fMRI









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher’s note



		Supplementary material



		References



















OPS/images/fnins-19-1577029-e012.jpg
V, xnTE





OPS/images/fnins-19-1577029-e015.jpg





OPS/images/fnins-19-1577029-e014.jpg
fy





OPS/images/fnins-19-1577029-g004.jpg
AUD ECN FP-L FP-R DAN SN
0000|0000]0000]66606]0000|5638
0000]0000]0000]0000|3222]8864

2nd Laver BCNs using DELMAR/Denoise/Mapping (Test]
0000)1000010000]160006]0000)2588
0000]0000|0000]j0000|2222]|8868
2nd Layer BCNs using DELMAR/Denoise/Mapping (Retest]
8880|00006|0000]|0000|00RB|BEES
0000]0000]|0000J006060)2222]18866
1st Layer BCNs using ME-ICA & DELMAR (Test)

S

1st Layer BCNs using ME-ICA & DELMAR (Retest)

10.0

0.10
10.0

-

10

-
>

=

.10





OPS/images/fnins-19-1577029-g003.jpg
VIS-1 VIS-2 VIS-3

0000]0000]0000]0000]:>5©|08080
0000]0000]0000]0000]580808]0000 )
2nd Layer BCNs using DELMAR/Denoise/M
6006010000]0000]160060
0000joooojescelosoe

s using DELMAR/Denoise/Ma

2nd Layer BCN:
6600]000010000
esooolooocfecee
1st Layer BCNs using
0800|6000]6000
860¢j0000|2000

DMN

B/C SM

lapping (Test
22010880
808060j8c00
pping (Retest)
3500000
68088j880¢0

ME-ICA & DELMAR (Test

cuu0l8880
8800jssce

ME-ICA & DELMAR (Retest

15t Layer BCNs using
0000]6600100600
geeejb000j0RRO

R R

0.10





OPS/images/fnins-19-1577029-e011.jpg





OPS/images/fnins-19-1577029-g006.jpg
VIs-1 VIS-2 VIS-3 DMN B/IC SM

0000]0000]0000|0000]+=:+|00060]
0000joooojoocclocoe]ssssjecs ol
"? Layer BCNs using D AR/Denoise/Mapping (Test) '

0000]0000]0000(0000]+=+9]000 O
0000]0000]0000/0000]880608]ocso o]}

10

3rd Layer BCNs using DELMAR/Denoise/Mapping (Retest)
0000]0000]0000|60000]::52]0000
0000]0000]0000]0000]88088]0o0o o))
ME-ICA & DELMAR (Test Mo

2" Layer BCNs using
000010000]0000|0000]:x20]|0080
X0 000X 0000 00 O e |

2nd Layer BCNs using ME-ICA & DELMAR (Retest] ’
0000j|0600]0000/00001:2=0]8880)
LX) XXX CXXXO CXX X XX EXXXS |

5





OPS/images/fnins-19-1577029-e010.jpg





OPS/images/fnins-19-1577029-g005.jpg
0.

3 am-a-
0.25
0.2
0.15
0.1
0.05
0

il i

1234567 89101112 12345678 9101112
(a) Comparison of Intensity Similarity of 19& 2" (b) Comparison of Hausdorff Distance of 15t &
layer BCNs and Ground Truth Templates 2ndjayer BCNs and Ground Truth Templates

0.2 =psezeupessrvmeazes 2nd layer

2 - starfthad - 1%t layer ME-
DELAMR/De-
PP ] I W= cAsDELMAR mm  EOURER
(Test)
041 I (Test)
0 mm ICAZDELMAR  mm >

12345678 911112 (Retest) noise/Mapping

(c) Comparison of Spatial Similarity of 15t & 2nd (Retest)
laver BCNs and Ground Truth Temblates





OPS/images/crossmark.jpg
©

2

i

|





OPS/images/fnins-19-1577029-e005.jpg





OPS/images/fnins-19-1577029-e082.jpg
|Component A Template|
Similarity spatial = —————————— (10)
| Template|





OPS/images/fnins-19-1577029-e006.jpg





OPS/images/fnins-19-1577029-e081.jpg





OPS/images/fnins-19-1577029-e003.jpg





OPS/images/fnins-19-1577029-e084.jpg
(11)

Similarity igensity = [Z





OPS/images/fnins-19-1577029-e004.jpg





OPS/images/fnins-19-1577029-e083.jpg





OPS/images/fnins-19-1577029-e009.jpg
| T,Vye x Vy,V, xnTE |





OPS/images/fnins-19-1577029-e007.jpg





OPS/images/fnins-19-1577029-e080.jpg
rank([a])=1





OPS/images/fnins-19-1577029-e008.jpg





OPS/images/fnins-19-1577029-e089.jpg
X:z:\ilemin(xi,}’x),if X yi €CAT

Y:Zzlx,+y.,iﬁc.,y,ECuT (12)

up=X
Y





OPS/images/fnins-19-1577029-e001.jpg
4] T,V x Vy x V,,nTE ]

ICA
§ > [TIC]x[IC,Vy x Vy x V,,nTE |





OPS/images/fnins-19-1577029-e086.jpg
X;





OPS/images/fnins-19-1577029-e002.jpg





OPS/images/fnins-19-1577029-e085.jpg





OPS/images/fnins-19-1577029-e088.jpg





OPS/images/fnins-19-1577029-e087.jpg
Yi





OPS/images/fnins-19-1577029-g007.jpg
AUD ECN FP-L FP-R DAN SN

8660 0000]106606]0000|560 0
0000 voo0olecoee|essslaass]|i
314 Layer BCNs using DELMAR/Denoise/Mapping (Test ’
88080 0000]606606]0000]|665 0
0000 DooojoboO|BR22)8866
3rd Layer BCNs using DELMAR/Denoise/Mapping (Retest) o

8880 0000]66606|0000|530
0000 XXX XXX CEEED LXK

21 Layer BCNs using ME-ICA & DELMAR (Test) e

8880]0000/0000160606/0000]168006%
0000jovee|ooosjesce|ecos]esss

2" Layer BCNs using ME-ICA & DELMAR (Retest) 0:10

S
>

0.10





OPS/images/fnins-19-1577029-g008.jpg
0.25

0.2 1, - T e 0.2 -Jysqr- - Ciec
0.15 0.15 -
0.1 - 0.1 ;
0.05 ) 0.05 i
0 0
123 4567 8 9101112 123 4567 8 9101112
(a) Comparison of Intensity Similarity of 274 & 31 (b) Comparison of Hausdorff Distance of 2n4 &
0.3 Iay_e[ fl_(zrj§_a_r|_d_t_3_r?l_.1[\g_1:ry_tlj_'I'_e_n!r_sl_a!gs_ . 3rd layer BCNs and Ground Truth Templates
025 -4j- =s rd
31 layer
2nd Jayer ME-
0.2 - b e o m DELAMR/De-
0.15 | | 8 - ICAS(.;:E‘L'MAR - noise/Mapping
(Test)
0.1 |I
0.05
34 layer
2nd Jayer ME-
® 12345678 91111 "M ICASDEMAR  mm notseMapping
(c) Comparison of Spatial Similarity of 24 & 31 (Retest) (Retest)

layer BCNs and Ground Truth Templates





OPS/images/fnins-19-1577029-g011.jpg
4th Jayer components (6)

. 3 layer components (6) —
il 0.8 2 0.8
©
3
o
2
T°
£
0.4 > 0.4
£ — | ey
o o
o o
-y )
a 0.0 a 0.0
(a) Test-retest correlation (b) Test-retest correlation matrix of

matrix of ME-ICA & DELMAR DELMAR/Denoise/Mapping





OPS/images/fnins-19-1577029-g012.jpg
VIS-1 VIS-2 VIS-3 DMN B/C AUD SM ECN FP-L FP-R DAN SN
o = =1

Meta #1

Meta #2

Meta #3

Meta #4

Meta #5

Meta #6 a0
(a) Correlation of 4t layer BCNs extracted via DELMAR/Denoise/Mapping and twelve ground truth templates,

based on test MBME fMRI
VIS-1_VIS-2 VIS-3 DMN _B/C__ AUD *SM“ ECN

FP-L FP-R DAN SN

Meta #1 30

Meta #2
Meta #3

Meta #4

Meta #5

Meta #6
0.10
(b) Correlation of 4" layer BCNs extracted via DELMAR/Denoise/Mapping and twelve ground truth templates,
based on retest MBME fMRI





OPS/images/fnins-19-1577029-g009.jpg
0.8

0 @
s =
3 3
= >
T T
£ ] 0.4
2 e
2 z
g g
a @
3 0.0 a 0.0
(a) Test-retest correlation matrix of ME- (c) Test-retest correlation matrix of DELMAR/De-
ICA & DELMAR noise/Mapping
2nd lJayer components (24 rd layer components (18)
@
®
5
-]
= .
2 2
@ o
g 2
i :
2 ey
3
@ 0.0 @ !
(b) Test-retest correlation matrix of ME- (d) Test-retest correlation matrix of LMARIDe-

ICA & DELAMR noise/Mapping





OPS/images/fnins-19-1577029-g010.jpg
sTemplate1 sTemplate2 sTemplate3 sTemplate4 sTemplate5 sTemplate6

0006]|8820]|8200](0000]0088]0000).
LX) CEEE) (X XX (X X T CXXX] |

4t Layer BCNs using DELMAR/Denoise/Mapping (Test)

YL BEEE) EEEL) CEEL CXXE] G
LXK 2880 o
4t Layer BCNs using DELMAR/Denoise/Mapping (Retest)

CEXY] EEEE) EEX L] CEEE) OYYE] ELLT] -

LX) CEXX (XK CEXX EX YY) CXXX)
3rd Layer BCNs using MEICA & DELMAR (Test = "
8860]6020]6880]0000]0068]|000 0
20080]0000]0000]000010080 ,
3rd Layer BCNs using MEICA & DELMAR (Retest o
00600]0800]0880]|6600]06068]0000
doscjecccjocsslensslannnjesss

3
>

0.0

0.10





OPS/images/fnins-19-1577029-e071.jpg
ie[lm-2]





OPS/images/fnins-19-1577029-e070.jpg





OPS/images/fnins-19-1577029-e073.jpg
Wr;





OPS/images/fnins-19-1577029-e072.jpg
corr ()





OPS/images/fnins-19-1577029-e079.jpg
RX[a1,a2,+an |=[4]





OPS/images/fnins-19-1577029-e078.jpg





OPS/images/fnins-19-1577029-e075.jpg
WC;





OPS/images/fnins-19-1577029-e074.jpg
wd;





OPS/images/fnins-19-1577029-e077.jpg





OPS/images/fnins-19-1577029-e076.jpg
a a
R| ay |=| ) |RY| o
a1 | a0 an-1
ap (1) a,

)





OPS/images/logo.jpg
, frontiers Frontiers in Neuroscience





OPS/images/fnins-19-1577029-e060.jpg





OPS/images/fnins-19-1577029-e062.jpg
- |di —dia|
=)

Yo

k=1

@)





OPS/images/fnins-19-1577029-e061.jpg
Wr;





OPS/images/fnins-19-1577029-e068.jpg





OPS/images/fnins-19-1577029-e067.jpg





OPS/images/fnins-19-1577029-e069.jpg





OPS/images/fnins-19-1577029-e064.jpg





OPS/images/fnins-19-1577029-e063.jpg
wej

|corr (Di12,Di11) - corr(Dy1,D5)]

i-1
|
a

(8)





OPS/images/fnins-19-1577029-e066.jpg





OPS/images/fnins-19-1577029-e065.jpg





OPS/images/fnins-19-1577029-e051.jpg
gi





OPS/images/fnins-19-1577029-e050.jpg





OPS/images/fnins-19-1577029-e057.jpg
deRrk





OPS/images/fnins-19-1577029-e056.jpg
deRF





OPS/images/fnins-19-1577029-e059.jpg





OPS/images/fnins-19-1577029-e058.jpg
re -1,
Rl e RK!





OPS/images/fnins-19-1577029-e053.jpg





OPS/images/fnins-19-1577029-e052.jpg





OPS/images/fnins-19-1577029-e055.jpg





OPS/images/fnins-19-1577029-e054.jpg





OPS/images/fnins-19-1577029-e049.jpg
{Dk}kM=1





OPS/images/fnins-19-1577029-e040.jpg





OPS/images/fnins-19-1577029-e046.jpg
DELMAR
S~ — [T,y Jx[ Dy,Vy x Vy x V,.nTE]

)





OPS/images/fnins-19-1577029-e045.jpg
71





OPS/images/fnins-19-1577029-e048.jpg
[ERAR A xTE] [D, D, ]%[ D,V x Vy x V,,nTE |

DELMAR
[D2Vex V.V, xTE] > [Dy,D3]x[ Dy, Vi x Vy xV,nTE]  (5)

DELMAR
[DrcisViex VgV, xTE] = [Di1sDy Jx[ DisVi x Vy x V,nTE |





OPS/images/fnins-19-1577029-e047.jpg
D,





OPS/images/fnins-19-1577029-e042.jpg





OPS/images/fnins-19-1577029-e041.jpg
" P

[Txi¥i -]

=

+<1'[x Yy - Siey) *—I\ZuH 3)

e

X
[HX”Yka ek],u/ﬁ

=1





OPS/images/fnins-19-1577029-e044.jpg
fy





OPS/images/fnins-19-1577029-e043.jpg
el





OPS/images/fnins-19-1577029-e039.jpg
fy





OPS/images/fnins-19-1577029-e038.jpg





