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Manual classification of functional resting state networks (RSNs) derived from Independent Component Analysis (ICA) decomposition can be labor intensive and requires expertise, particularly in large multi-subject analyses. Hence, a fully automatic algorithm that can reliably classify these RSNs is desirable. In this paper, we present a deep learning approach based on a Siamese Network to learn a discriminative feature representation for single-subject ICA component classification. Advantages of this supervised framework are that it requires relatively few training data examples and it does not require the number of ICA components to be specified. In addition, our approach permits one-shot learning, which allows generalization to new classes not seen in the training set with only one example of each new class. The proposed method is shown to out-perform traditional convolutional neural network (CNN) and template matching methods in identifying eleven subject-specific RSNs, achieving 100% accuracy on a holdout data set and over 99% accuracy on an outside data set. We also demonstrate that the method is robust to scan-rescan variation. Finally, we show that the functional connectivity of default mode and salience networks identified by the proposed technique is altered in a group analysis of mild traumatic brain injury (TBI), severe TBI, and healthy subjects.
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INTRODUCTION

Examining the human brain as an integrative network of functionally interacting brain regions can provide new insights about large-scale neuronal communication in the human brain. It also provides a platform to examine how functional connectivity and information integration relates to human behavior and how this organization may be altered in neurodegenerative diseases. Independent component analysis (ICA) is a powerful mathematical tool for simultaneously extracting a variety of coherent functional networks (Beckmann and Smith, 2004; Calhoun and Adali, 2006), while separating them from different sources of noise induced by head motion or physiological confounds (Salimi-Khorshidi et al., 2014). It decomposes resting-state functional magnetic resonance imaging (rsfMRI) data into distinct networks that are temporally correlated but maximally independent in the spatial domain. ICA has been successfully used to study a wide variety of neurological conditions such as Alzheimer’s disease (Dennis and Thompson, 2014), multiple sclerosis (Castellazzi et al., 2018), and traumatic brain injury (Iraji et al., 2015; Li et al., 2020).

There are two significant challenges in the application of ICA for functional connectivity analysis. First, the output of ICA decomposition depends on a fundamental parameter: the total number of independent components. The optimal choice of this parameter, related to determining the effective data dimension, remains an open question. Choosing too small a value for the effective data dimension might under-decompose the signal and generate “fused components.” At the same time, choosing too high a value might over-decompose the data and lead to splitting of meaningful components (Li et al., 2007; Hui et al., 2013). The other major challenge is that ICA does not provide any labeling or ordering of its components, and the user must therefore determine how the functional network corresponds to each component. When dealing with large data sets, this manual process can be labor intensive and requires expertise. One possible way to deal with these challenges is by running ICA with different numbers of components and selecting the one that extracts the best-fitted result for each desired functional network (Kairov et al., 2017). Therefore, a fully automatic algorithm that can reliably classify ICA components into various types of functional brain networks while also generating a goodness-of-fit or confidence metric would provide a unified solution to these two challenges.

One approach to mitigate the burden of identifying resting state networks (RSNs) in large data sets is to focus on group analyses. However, there is an increasing need for subject-specific analyses, such as for surgical planning (Catalino et al., 2020), brain stimulation (Jung et al., 2020), and in studies where group bias may be a concern (Michael et al., 2014). For these situations (or analyses), one can apply an automated approach for identifying particular networks from subject-specific ICA decompositions. Template matching has been the most commonly used method for automatic ICA identification in the last two decades. In (Demertzi et al., 2014), a Pearson correlation was computed between the template and each ICA component, and the network corresponding to the template yielding the highest correlation was selected as the identified network. In (Greicius et al., 2004, 2007), a linear template-matching procedure was applied, which involves taking the average z-score of voxels falling within the template minus the average z-score of voxels outside the template and selecting the component in which this difference (the goodness-of-fit) was the greatest.

Deep learning using Convolutional Neural Networks (CNNs) has become the state-of-the-art for image segmentation, classification, detection and retrieval related tasks (Khan et al., 2020). Recent work (Zhao et al., 2018) has demonstrated the capability of CNNs for automatic recognition of spatial resting-state network maps, although this and other machine learning approaches for subject-specific identification of RSNs (Hacker et al., 2013; Lv et al., 2015) were not designed to work with ICA. In Vergun et al., 2016, several machine learning approaches, including a one layer neural network, were used to label ICA components in epilepsy, achieving up to 90% accuracy. In Nozais et al., 2021, a multilayer perceptron deep neural network approach for identifying 45 RSNs based on ICA was implemented using two databases of over 250 subjects for training and over 1,900 subjects for testing, achieving an accuracy of 92%. In our previous study (Chou et al., 2018), we proposed a fully automatic deep 3D 2-channel CNN method based on stacks of inception modules (denoted as inception CNN) that can reliably identify ICA components corresponding to eight major functional networks with 98% accuracy rate over 108 testing samples.

Convolutional Neural Networks can be prone to erroneously giving high-confidence predictions to out-of-distribution examples– i.e., inputs that are markedly different from any samples in the data used to train the CNN, and that do not correspond to any particular class the CNN was trained to predict (Wang et al., 2017). A seemingly straightforward approach to handle this issue is to enlarge the training set of both in- and out-of-distribution examples. However, the number of out-of-distribution examples can be infinitely many, making training computationally expensive and intractable, since its underlying space is unbounded. Moreover, ensuring accurate classification of in-distribution samples and correct detection out-of-distribution samples may require exceedingly large architectures, further complicating the training process (Liang et al., 2018). To handle these issues, we (Chou et al., 2019) explored a semi-supervised Generative Adversarial Network (denoted as sGAN) (Augustus, 2016) for the classification on ICA components by using a shared discriminator/multi-class classifier that discriminates real data from synthetic while also predicting the class label. The sGAN achieved a high accuracy rate (98.7%) for eight functional networks without requiring additional labeled images during training or access to out-of-distribution examples. The trained generator could also be used to synthesize realistic functional networks as a source of data augmentation. However, obtaining a large enough training set for the sGAN was challenging, requiring 501 ICA manually labeled components. To extend the sGAN to classify RSNs beyond the 8 components would require a substantial number of additional components to be labeled for training.

Poor performance on a limited labeled data set is a common problem with CNNs (O’Mahony et al., 2019). In medical imaging applications, collecting this much data may not always be feasible. Furthermore, there are situations in which a user is interested in an additional (new) classification label outside the set of original labels. Standard approaches require that the network be completely retrained in order to add a new label. To circumvent these limitations, we propose to use a metric learning approach based on a deep Siamese Network (called SiameseICA) for the classification of ICA components with a relatively small amount of training data. Siamese networks provide a framework to learn metric embeddings that provide a discriminative distance function between classes. The yielded distance metric is able to enlarge the separability of samples from different classes and reduce the variations of samples from the same class simultaneously. By learning distance functions rather than explicitly learning classification, metric learning approaches have successfully been used for classification yielding state-of-the-art performance on problems with small numbers of labeled samples without overfitting (Hoffer and Ailon, 2014; Cao et al., 2020). Siamese Networks have been applied to various problems, including image recognition and verification, visual tracking, novelty and anomaly detection, one-shot and few-shot learning (Bromley et al., 1994; Koch et al., 2015; Schroff et al., 2015; Bertinetto et al., 2016; Snell et al., 2017; Rana and Kisku, 2020). They are useful in cases where there are large numbers of classes with small numbers of observations of each because they avoid the problem of directly classifying an image. Rather, they take two images as inputs and compute feature vectors in a low-dimensional space to measure the similarity between the images. We show how this can be used to address the issues of labeling ICA components and determining the number of components. Although SiameseICA can be applied for group ICA analysis, we focus our evaluation primarily on single subject ICA because this leads to noisier components that are typically more difficult to identify.

This paper makes the following contributions: (1) we propose a novel technique for ICA classification with low training samples that outperformed CNN based deep learning methods and traditional template matching methods; (2) we demonstrate that the model can generalize to new categories, unseen in the training process; (3) we show that the best-fit ICA components representing the functional networks can be effectively identified by the proposed technique, thereby removing the requirement to know the number of ICA components a priori; (4) we show that our technique is robust to the scan-rescan variation, demonstrating high reproducibility on classifying ICA components; (5) we perform an analysis on mild TBI, severe TBI and healthy subjects using networks identified by the proposed technique and show significant group differences. The source code of SiameseICA, as well as a trained model, is available on Github: http://github.com/chouyiyu/deepICAclassifier.



MATERIALS

Four sets of data were used to train and evaluate the proposed method. The first dataset, denoted as CNRM, consisted of 179 scans including 41 healthy, 93 mild-TBI and 45 severe-TBI subjects enrolled in a natural history study of TBI and scanned on a Siemens Biograph mMR 3T scanner. The rsfMRI images (TR = 2,000 ms, TE = 27 ms, flip angle = 90 degrees, voxel size = 3.43 mm × 3.43 mm × 3 mm, dimensions = 64 × 64 × 36, Time points = 206) were used for training, testing (sections “Classification Performance,” “One-Shot Classification for the Caudate Network”) and TBI group analysis (section “Group comparison between mild TBI, severe TBI and healthy subjects”). T1-weighted MPRAGE images (TR = 2,530 ms, TE = 3 ms, flip angle = 7 degrees, TI = 1,100 ms, voxel size = 1 mm × 1 mm × 1mm, dimensions = 256 × 256 × 176) were also used for registration purposes. Participants in the study were enrolled under a protocol approved by the institutional review board at the National Institutes of Health and consented to research use of their imaging data. Training data were used for optimizing the SiameseICA network parameters, and the test data were used to examine the accuracy of identifying a single ICA component. For training and testing data, 30 ICA components were extracted from each subject using MELODIC (Multivariate Exploratory Linear Optimized Decomposition into Independent Components) (Beckmann and Smith, 2004) and manually identified via visual inspection as being one of eleven resting-state networks (RSNs): default mode, medial visual, occipital visual, lateral visual, motor, cerebellum, auditory, executive, salience, left dorsal attention and right dorsal attention. RSNs were only selected when they were identified with high confidence. Since some components may represent split or merged networks, all 11 RSNs were not necessarily identified for each subject. In addition to individual subject ICA components, group ICA processing was performed by creating random subsets of n subjects to generate additional training and testing image sets with more reproducible and fully-formed network representations (Zuo et al., 2010). The final sizes of the training set and testing set were 20 and 50, respectively, for each of the eleven RSNs considered.

The second dataset consisted of rsfMRI from 10 healthy subjects acquired using a GE Signa 3T scanner (TR = 2,000 ms, voxel size = 3.75 mm × 3.75 mm × 4 mm, dimensions = 64 × 64 × 36, Time points = 175), denoted as Milwaukee-b, obtained from the 1,000 Functional Connectomes Project (FCP) at http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html, Biswal et al. (2010). A T1-weighted MPRAGE image (voxel size = 0.938 mm × 0.938 mm × 1 mm, dimensions = 256 × 256 × 144; detailed information not available) was also acquired for each subject. This dataset was used for demonstrating the generalizability and separability between classes of the proposed SiameseICA method (section “Generalizability, separability and reproducibility”).

The third dataset (section “Classification Performance”), denoted as BeijingFCP, was also obtained from FCP and includes 198 healthy subjects with 621 independent components manually labeled for the validation. MRI was acquired using a Siemens Trio 3T scanner. Specifically, an echo-planar imaging (TR = 2,000 ms, voxel size = 3.125 mm × 3.125 mm × 3.6 mm, dimensions = 64 × 64 × 33, Time points = 225) sequence was performed to obtain resting state fMRI images. A T1-weighted MPRAGE (voxel size = 1.0 mm × 1.0 mm × 1.0 mm, dimensions = 256 × 256 × 176; detailed information not available) was carried out to acquire a high-resolution anatomical image of the brain structure.

The fourth dataset, denoted as MMRR-21 (section “Group Comparison Between Mild TBI, Severe TBI and Healthy Subjects”) consists of scan-rescan image sessions performed on a Philips Achieva 3T (TR = 2,000 ms, TE = 30 ms, flip angle = 75 degrees, voxel size = 3 mm × 3 mm × 3.973 mm, dimensions = 80 × 80 × 37, Time points = 210) on 21 healthy volunteers1. This dataset was intended to be a resource for statisticians and imaging scientists to be able to quantify the reproducibility of their imaging methods. Each subject from this dataset also had a T1-weighted MPRAGE image (TR = 6.7 ms, TE = 3.1 ms, TI = 842 ms, flip angle = 8 degrees, voxel size = 1 mm × 1 mm × 1.2 mm, dimensions = 256 × 256 × 170).



METHODS

This section provides details on the proposed method for identifying RSNs from the output of an ICA algorithm. The method comprises four major stages: (1) pre-processing; (2) application of ICA; (3) training the SiameseICA with a triplet loss function; and (4) finding the most likely class for a test image using the trained model.


Image Preprocessing

Functional and structural T1-weighted MRI data were pre-processed using AFNI (Cox, 1996). The first five volumes were discarded, and the remaining images underwent de-spiking, slice timing correction, and finally motion correction using volume registration. The rsfMRI images were then rigidly co-registered to the subject’s own T1-weighted MPRAGE image and non-linearly warped into a standard (MNI) anatomical space. Gaussian smoothing with an 8mm full-width-half-magnitude (FWHM) kernel was then performed to spatially smooth the rsfMRI data and the final resolution of all images was resampled to 4 mm × 4 mm × 4 mm.



Independent Component Analysis Extraction of Networks

The pre-processed rsfMRI data were decomposed into multiple components using MELODIC from the FMRIB Software Library (FSL) to extract spatial maps of functional brain networks. MELODIC models the data as a linear mixture of spatiotemporal processes corrupted by noise and estimates maximally independent spatial sources that potentially represent functional networks. For each subject, multiple components were extracted and scaled to represent a spatial z-score map. In each spatial map, the z-score value associated with a given voxel reflects the weight of the independent component time course with respect to the relative measured BOLD data, thereby providing an indirect measure of functional connectivity. An example of a single subject ICA decomposition with 20 outputs is shown in Figure 1. Resting state networks in this output include the medial visual network (row 1, column 2); the occipital visual network (1.4); the executive network (2.1); the motor network (2.4); the default mode network (3.4); and the salience network (3.5).


[image: image]

FIGURE 1. An example of a single subject ICA decomposition with 20 outputs showing rsfMRI signals and noise components. ICA does not provide any labeling of the components.




Siamese Network Architectures

Siamese Networks are a type of deep learning network composed of at least two parallel, identical Neural Networks (encoders). The parallel network architecture allows for the model to learn similarity, which can be used instead of a direct classification. This is the primary difference between the Siamese Network and a more traditional CNN architecture. At inference time, it takes two or more input images (or image sets) and computes a distance between those images. The computation of distance is learned from the training data by specifying which images are from the same RSN (small distance), and which images are from different RSNs (large distance). Each encoder that forms a part of the Siamese Network is designed to produce an embedding or a reduced dimensional representation of the input. These embeddings can then be used to optimize a ranking loss and, at inference time, used to compute distance. By comparing an unknown image against samples of labeled images, the classification is determined by the image with the smallest distance. This provides Siamese networks with the ability to learn classification tasks with low training samples, as well as to generalize to new, unseen data. In the following, the network structure of the encoder and triplet loss function are introduced for training Siamese Networks.


Encoder Network

The encoder network learns how to interpret the input image and compresses it into a vector as an embedded representation in a reduced dimensional space. These vectors encode the information and features that represent the input. In this study, the network architecture (Figure 2) of the encoder was defined with an input layer of the same shape as the input image (40 × 48 × 38), two fully connected layers with ReLU activation functions and dropout connections that randomly set input elements to zero with a 10% probability during training help prevent the network from overfitting (Srivastava et al., 2014). An output layer of 64 nodes produced our embedded representation. A learning rate of 0.0001 with the Adam optimizer was used and the model was trained with different epoch numbers and validated on a subset of the training set to determine that training for 500 epochs was sufficient. Since the location of the RSN activation is critical for classifying the ICA components, fully-connected layers were implemented instead of convolutional layers to avoid translation-invariance.


[image: image]

FIGURE 2. Network architecture of a single encoder.




Triplet Loss Function

The triplet loss aims to learn relative distances between samples, thereby defining an appropriate embedded representation for each class, a task often called metric learning (Hoffer and Ailon, 2014). In the embedding space, images from the same class should be close together and different classes should form well separated clusters. As illustrated in Figure 3, in each iteration of training, the input triplet (a, p, n) is sampled from the training set, where a baseline (anchor) input image volume a is compared to a positive input p (same class as the anchor) and a negative input n (a different class from the anchor). Then the triplet (a, p, n) is fed into the encoder network simultaneously to obtain the latent embeddings f(a),f(p)andf(n), where f defines a parametric function denoting the neural network encoder that maps high dimensional inputs (images a, p, and n) to a low-dimensional space. The loss for a triplet (a, p, n) can be formulated as (Wang et al., 2014):


[image: image]

FIGURE 3. The architecture of the Siamese network with triplet loss function during training. As input, a triplet of images (Anchor, Positive and Negative) is given to three identical encoder networks. The embedded vectors of three input images are used to calculate the triplet loss.
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Where f(x,y) = ||f(x)−f(y)||2 is the Euclidean distance between the latent vectors of image x and image y; m is the hyperparameter that controls the separation between similar and dissimilar vectors in the latent embedding. The triplet loss function encourages large distances between anchor and negative images while minimizing the distances between anchor and positive images, thereby learning to differentiate similar images from non-similar ones. With the triplet loss function, not only are inter-class feature differences enlarged, but also the intra-class features variations are reduced, allowing the discriminative power of the deeply learned features to be enhanced. In addition, these features are sufficiently generalized so as to distinguish new unseen classes. Training on triplets is beneficial since it produces more examples to train the model on, improving robustness to overfitting and the performance of the model.




Using Siamese Network at Inference Time

As illustrated in Figure 4, at inference time, the input image (or query) of an unknown class is processed by the encoder to compute a vector in the latent space. This embedding is then compared with other vectors in the latent space representing different RSN clusters, known as the support set. This provides us with similarity scores or relative distances (equivalent by computing a multiplicative inverse) between the image with an unknown RSN and all of the existing clusters. To obtain a classification result, the RSN with the highest similarity (shortest distance) can be selected. If the input image does not belong to any of the clusters, the distances will be large between all image pairs.


[image: image]

FIGURE 4. Finding the most likely class for the test image (query). First, the encoder embeds the query using the embedding function learned during training. Next, it compares this embedding with the support set to select the most likely class for the query (ICA components were overlaid with TT-N27 template for illustration purposes in this figure; the template is not incorporated into the data submitted to the CNN during training or inference).


Automated identification of the RSN can be used to surmount the challenge of determining the number of components when performing ICA to avoid split or merged RSNs. To identify the one ICA component that best represents each of the 11 desired RSNs, multiple runs of ICA with different numbers of components (from 20 to 99) were applied. The resulting components were then ordered based on the distances calculated by the proposed Siamese Network with the support set. The final neural network label was chosen as the one with the shortest distance for a specific support set.




RESULTS


Classification Performance

SiameseICA was implemented on a Linux server using Keras (Chollet, 2016) with sixteen 32GB NVIDIA Tesla V100 graphics processing units and trained for 500 epochs with a batch size of 32. To stabilize the training process, the Adam optimizer was used with a learning rate 0.0001. The total training time was approximately 10 min with 20 training samples per ICA class and run time was 0.1 s. To demonstrate the effectiveness of the proposed model and parameter selection, different numbers of training samples (N = 2, 3, 4, 5, 10 and 20 for each class) were evaluated and compared with our previously proposed inception CNN (Chou et al., 2018) and sGAN (Chou et al., 2019) methods. Here the support set used at inference time to obtain the final classification results was selected from the group ICA training data of each RSN.

Using the CNRM dataset, we applied three deep learning approaches to the test data after training with different amounts of data. From Figure 5, it can be observed clearly that the proposed model achieved 100% classification accuracy on 50 testing samples for each RSN class when there are more than 5 training samples for each class. Even with two samples per class, SiameseICA can still perform well in these tasks. On the other hand, inception CNN and sGAN methods were not able to achieve 100% classification accuracy even on 20 training samples. SiameseICA helped alleviate training data collection as fewer labeled examples were required to attain reasonable performance.
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FIGURE 5. Plots of classification accuracy with different number of training examples for the inception CNN, sGAN and the proposed SiameseICA models.


For data visualization, all the embedded vectors were projected into a 2-dimentional space using PCA with each color representing a distinct RSN class as shown by the legend (Figure 6). We can see the embeddings of different RSN classes are mixing before training (top left plot) since the model has not learned to separate the classes out. After training with different numbers of training examples (N), we can see clear clustering of the intra-class RSNs and better separation of the inter-class RSNs. These plots indicate the model has learned to cluster the ICA images for all eleven RSNs even after reducing the dimensionality of the image features.
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FIGURE 6. Plots of the embedding vectors projected down to 2-dimensions using PCA before and after the training with different numbers of training samples (N = 2, 3, 4, 5, 10, and 20). With each color representing a distinct class of the RSNs as shown by the legend.


The proposed SiameseICA method was also compared against three different template matching methods including Pearson correlation, mean squared error and goodness-of-fit by using majority voting with different numbers of reference samples for each RSN class. The SiameseICA method still used a single image as an exemplar for each class but used different numbers of training samples. As observed in Figure 7, SiameseICA outperforms the template matching methods with majority voting when trained with at least five samples for each RSN class on the CNRM dataset.
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FIGURE 7. Plots of classification accuracy on the CNRM dataset with different number of examples trained for the proposed SiameseICA model and majority voting over different number of reference samples for Pearson correlation, goodness-of-fit and mean-squared error methods. Our method obtains 100% classification with five training samples.


The same evaluation was performed on an outside dataset (BeijingFCP) and the plots of classification accuracy are shown in Figure 8. The training samples for SiameseICA and reference samples for the template matching methods were from the CNRM dataset. Our method was as good or better than the template matching methods using majority voting when trained with more than 5 training samples.
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FIGURE 8. Plots of classification accuracy on the BeijingFCP dataset with different number of examples trained for the proposed SiameseICA model and majority voting over different number of reference samples for Pearson correlation, goodness-of-fit and mean-squared error methods.




Generalizability, Separability, and Reproducibility

For the second phase of the evaluation, we characterized the properties of SiamaseICA aside from classification accuracy. We first examined 10 subjects from another external dataset (Milwaukee-b) acquired with a scanner and acquisition protocol different from the training data, and applied our method to extract the optimal RSNs across multiple ICA runs with varying numbers of components (20 to 99). The results for the eleven RSNs are shown in the Supplementary Material, demonstrating the feasibility of the proposed SiameseICA method for ICA classification using an input data set that is completely independent of the training data.

A limitation of the testing set is that the selected ICA components were manually labeled with high confidence, providing a very clean data set for evaluation. However, unlike the proposed approached, template matching uses a metric that is not optimized to differentiate different networks. For example, results with noisy, split or merged ICA components can still show high Pearson Correlation. Figure 9 shows ICA components from the CNRM and Milwaukee-b datasets correctly labeled by SiameseICA but not correctly identified by Pearson Correlation.
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FIGURE 9. Four examples from the CNRM and Milwaukee-b datasets showing the ICA component that best represents the desired RSN labeled by SiameseICA (top row) but not correctly identified by Pearson correlation with five references per class (bottom row). Values above each image represent the metric derived by SiameseICA (left, denoted D) and Pearson correlation (right, denoted r).


SiameseICA learns a representation space equipped with a metric that encourages intra-class compactness and inter-class separability. Hence, similar ICA components are assigned small distances and dissimilar components yield large distances. To examine the separability properties of the RSN classification, 10 ICA components representing the default mode network and 100 ICA components representing other, non-default mode networks from the Milwaukee-b dataset were identified by SiameseICA (trained with five samples per class) and Pearson correlation methods (with five references per class) independently. The distribution of distances for default mode components and other components using the default mode template in SiameseICA is shown in Figure 10A. Similarly, the distribution for PC is shown in Figure 10B. To expand the range of the Pearson Correlation, a logit operation was applied. As expected, the two distributions are better separated using SiameseICA than using Pearson Correlation.
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FIGURE 10. The two distributions of ICA components representing default mode and non-default mode network are visually more fully separated by (A) SiameseICA than (B) Pearson Correlation.


Deep learning techniques are complex and can have a high range of variability, calling the reproducibility of the results into question (Renard et al., 2020). In particular, they have been shown in the literature to potentially be unstable to small variations in the input (Heaven, 2019). To quantify scan-rescan relibility of the measurements within subjects for the proposed SiameseICA model, the default mode networks of 21 subjects (each subject was scanned on two visits) from the MMRR-21 dataset were identified. A voxel-wise intraclass correlation (ICC) analysis was performed (Shrout and Fleiss, 1979) using 3dICC (Chen et al., 2018). The interpretation of ICC values typically follows the guidelines presented in Fleiss (1986), where ICCs less than 0.4 are considered poor, ICCs between 0.4 and 0.59 are considered fair, ICCs between 0.60 and 0.74 are considered good, and ICCs greater than or equal to 0.75 are considered excellent. Results of the voxel-wise ICC analysis exceeding the pre-determined reliability threshold ICC ≥ 0.40 (McDermott et al., 2018) are shown and compared with the Pearson correlation template matching method (with five reference samples per class) (Demertzi et al., 2014) over the 11 RSNs in Figure 11. Most RSNs exhibited similar reproducibility across the two approaches. Despite being a simpler approach, Pearson correlation showed lower ICCs in some regions, such as the medial prefrontal cortex (mPFC) of the default mode network, and the frontal cortex of the executive network. Mean and standard deviation of the ICC values for 11 RSNs using the proposed SiameseICA model and Pearson correlation method were reported in Table 1. Overall, these results demonstrate that SiameseICA, despite being a deep learning approach, provides reproducibility that is at least comparable to the Pearson Correlation template-based approach (p = 0.57).
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FIGURE 11. Voxel-wise intraclass correlation (ICC) values (≥0.4) showing the scan-rescan reproducibility on classifying 11 RSNs using the proposed SiameseICA model and template matching method.



TABLE 1. Mean and standard deviation of the ICC values for 11 RSNs using the proposed SiameseICA model and Pearson Correlation (with five samples per class).

[image: Table 1]


One-Shot Classification for the Caudate Network

Once SiameseICA has been trained for the classification task, the model can learn to discern a new class given only a single example without re-training the model. Experiments on one-shot classification are usually referred to as N-way 1-shot learning, where N is the number of classes (Fei-Fei et al., 2006; Vinyals et al., 2016). Given a set of support images with one image per class and a query image, the goal of one-shot classification is to be able to identify which support image the query image is most similar to. To demonstrate the discriminative potential of the learned feature mappings at one-shot classification, 21 caudate networks were manually identified from the group ICA components. One served as the reference image in the support set and the rest of the 20 images were used for the evaluation. The Siamese model was trained with 11 RSNs (without the caudate network) with five training samples. Figure 12 shows the distance metric (similarity scores) in color black and Pearson Correlation in color red calculated between the support set and the three queries for the caudate networks. Figure 13 shows the well-clustered embedding vectors of the caudate network (orange triangles) projected down to 2-dimensions using PCA in the embedding space.
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FIGURE 12. One-Shot classification of the caudate RSN using 12-way 1-shot classification. 12-way includes the 11 RSN classes of Figure 8 (DMN; MVN; OVN; LVN; AN; EN; MN, CN, SN; LDAN; and RDAN) and the additional caudate network (last column). The values represent the distance metric (color black) and Pearson correlation (color red) calculated between the support set and the queries. Distances resulting from querying the network using three examples of ICA components matching the Caudate Network (left column) are small and provide the correct classification, as does Pearson Correlation.
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FIGURE 13. Visualization of the embedding vectors projected down to 2-dimensions using PCA for One-Shot classification.




Group Comparison Between Mild TBI, Severe TBI and Healthy Subjects

As a demonstration of how this approach can be used for investigating changes in functional connectivity due to disease, we performed a small, preliminary study in data acquired from subjects with TBI. TBI can result in abnormalities of functional connectivity within key cognitive networks (Millis et al., 2001; Dikmen et al., 2009; Medaglia, 2017). We studied patients with mild TBI (49 males, 33 females, mean age: 45.3 ± 15.1 years) and severe TBI (nine males, nine females, mean age: 35.1 ± 18.0 years) compared with 35 healthy control subjects (24 males, 11 females, mean age: 41.6 ± 11.5 years) using the default mode and salience networks that were identified by the SiameseICA method with different numbers of components (n = 20 to 99).

Two-sample t tests were implemented with age and gender as covariates to the images of the default mode and salience networks made up of ICA components from the three participant groups to generate statistical maps (Figure 14). An integrated threshold was used at a significance level of p < 0.05 and a cluster size of at least 15 voxels to remove false-positive error and maintain true-positive sensitivity.


[image: image]

FIGURE 14. Group comparison between mild TBI, severe TBI and healthy subjects. Both mild and severe TBI groups showed significantly decreased connectivity in the ventromedial prefrontal cortex (p < 0.05) of the default mode network and decreased connectivity in the insular cortex (p < 0.05) of the salience network.


When compared with the control subjects, there was significantly reduced connectivity around the ventromedial prefrontal cortex of the default mode network in patients with mild and severe TBI (p < 0.05; cluster size > 15) and decreased connectivity in the insular cortex of the salience network (p < 0.05; cluster size > 15). The results showed abnormal default mode and salience network connectivity patterns in patients with mild and severe TBI, which may provide insight into how neuronal communication and information integration are disrupted among certain key structures after brain injury. Similar findings of decreased functional connectivity within the default mode and salience network in patients with mild TBI have previously been observed (Vanhaudenhuyse et al., 2009; Mayer et al., 2011; Jackson et al., 2019; Lu et al., 2020).




DISCUSSION AND CONCLUSION

In this study, we present a deep learning approach to ICA component classification based on a Siamese Network that is trained from a small dataset and still demonstrates superior performance. The architecture creates a low-dimensional embedding space for RSNs by mapping images with the same class to nearby points in a low-dimensional space using a triplet loss function. The reduced-feature representation is then used to identify images from the dataset that are most similar to a test image. We found that five examples of each RSN were sufficient to achieve accurate performance. An advantage of our approach is that it obviates the need for estimating the number of components required when applying ICA.

SiameseICA can be generalized to classify new categories without the need for additional retraining. We showed that given sufficient initial training data to define an embedding space for the support set, only one sample was required as a reference for a completely new RSN class. This approach is referred to as one-shot classification, drastically reducing the need for labeled datasets. In addition, we expect the model is more robust to class imbalance as it can be used on a dataset where very few examples exist for some classes.

The identification of the best ICA components for each RSN on different datasets showed good qualitative performance and reproducibility on independent test data, confirming the feasibility of the proposed method in research studies that may involve heterogeneous data. We also demonstrated the value of the approach in an example research study of traumatic brain injury. Using SiameseICA, we found that the default mode and salience networks were altered in mild and severe traumatic brain injury patients compared to healthy controls.

Several avenues will be explored in future work. Currently, the network outputs relative distances between the input and all of the reference images. Converting these distances into probabilities will be more intuitive as similarity scores. In addition, further optimization of the model, such as choices of hyperparameter tuning, the number of layers, number of nodes for each layer, and the learning rate of the network may yield higher performance.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found here: http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html and http://www.nitrc.org/projects/multimodal. TBI imaging data is not yet publicly available but will be made available upon request to LC, chanle@cc.nih.gov.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by National Institutes of Health IRB. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

YC and DP contributed to conception and design of the study and wrote sections of the manuscript. LC provided data for the study. YC labeled data for this study with guidance from CC and JB. SR helped the analysis of data. YC wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



FUNDING

This work was supported by the Department of Defense in the Center for Neuroscience and Regenerative Medicine, NIH grant K22ES028048, and the Intramural Research Program of the National Institutes of Health Clinical Center.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2022.768634/full#supplementary-material


FOOTNOTES

1http://www.nitrc.org/projects/multimodal


REFERENCES

Augustus, O. (2016). Semi-supervised learning with generative adversarial networks. arXiv [Preprint]. 1606.01583,

Beckmann, C. F., and Smith, S. M. (2004). Probabilistic independent component analysis for functional magnetic resonance imaging. IEEE Trans. Med. Imaging 230, 137–152. doi: 10.1109/TMI.2003.822821

Bertinetto, L., Valmadre, J., Henriques, J. F., Vedaldi, A., and Torr, P. H. S. (2016). “Fully-convolutional siamese networks for object tracking,” in Proceedings of the Computer Vision – ECCV 2016 Workshops. ECCV 2016. Lecture Notes in Computer Science, Vol. 9914, eds G. Hua and H. Jégou (Cham: Springer), 850–865.

Biswal, B. B., Meennes, M., Zuo, X. N., Gohel, S., Kelly, C., Smith, S. M., et al. (2010). Toward discovery science of human brain function. Proc. Natl. Acad. Sci. U.S.A. 107, 4734–4739. doi: 10.1073/pnas.0911855107

Bromley, J., Guyon, I., LeCun, Y., Sackinger, E., and Shah, R. (1994). “Signature verification using a “Siamese” time delay neural network,” in Proceedings of the Advances in Neural Information Processing Systems, Denver, CO, 737–744.

Calhoun, V. D., and Adali, T. (2006). Unmixing fMRI with independent component analysis. IEEE Eng. Med. Biol. Mag. 25, 75–90.

Cao, Y., Wang, Y., Peng, J., Zhang, L., Xu, L., Yan, K., et al. (2020). “DML-GANR: deep metric learning with generative adversarial network regularization for high spatial resolution remote sensing image retrieval,” in Proceedings of the IEEE Transactions on Geoscience and Remote Sensing, Vol. 58, (Piscataway, NJ: IEEE).

Castellazzi, G., Debernard, L., Melzer, T. R., Dalrymple-Alford, J. C., D’Angelo, E., Miller, D. H., et al. (2018). Functional connectivity alterations reveal complex mechanisms based on clinical and radiological status in mild relapsing remitting multiple scelerosis. Front. Neurol. 20:690. doi: 10.3389/fneur.2018.00690

Catalino, M. P., Yao, S., Green, D. L., Laws, E. R., Globy, A., and Tie, Y. (2020). Mapping cognitive and emotional networks in neurosurgical patients using resting-state functional magnetic resonance imaging. Neurosurg. Focus 48:E9. doi: 10.3171/2019.11.FOCUS19773

Chen, G., Taylor, P. A., Haller, S. P., Kircanski, K., Stoddard, J., Pine, D. S., et al. (2018). Intraclass correlation: improved modeling approaches and applications for neuroimaging. Hum. Brain Mapp. 39, 1187–1206. doi: 10.1002/hbm.23909

Chollet, F. (2016). Keras. Available online at: https://github.com/fchollet/keras

Chou, Y., Roy, S., Chang, C., Butman, J. A., and Pham, D. L. (2018). “Deep learning of resting state networks from independent component analysis,” in Proceedings of the 2018 IEEE 15th International Symposium on Biomedical Imaging (ISBI 2018), Washington, DC.

Chou, Y., Roy, S., Chang, C., Butman, J. A., and Pham, D. L. (2019). Automatic Identification of ICA Components using A Generative Adversarial Network. Concord, CA: ISMRM.

Cox, R. A. (1996). Software for analysis and visualization of functional magnetic resonance neuroimages. Comput. Biomed. Res. 29, 162–173. doi: 10.1006/cbmr.1996.0014

Demertzi, A., Gomez, F., Crone, F. S., Vanhaudenhuyse, A., Tshibanda, L., Noirhomme, Q., et al. (2014). Multiple fMRI system-level baseline connectivity is disrupted in patients with consciousness alterations. Cortex 52, 35–46. doi: 10.1016/j.cortex.2013.11.005

Dennis, E. L., and Thompson, P. M. (2014). Functional brain connectivity using fMRI in aging and Alzheimer’s disease. Neuropsychol. Rev. 24, 49–62. doi: 10.1007/s11065-014-9249-6

Dikmen, S. S., Corrigan, J. D., Levin, H. S., Machamer, J., Stiers, W., and Weisskopf, M. G. (2009). Cognitive outcome following traumatic brain injury. J. Head Trauma Rehabil. 24, 430–438.

Fei-Fei, L., Fergus, R., and Perona, P. (2006). One-shot learning of object categories. IEEE Trans. Pattern Anal. Mach. Intell. 28, 594–611. doi: 10.1109/TPAMI.2006.79

Fleiss, J. L. (1986). Analysis of data from multiclinic trials. Control. Clin. Trials 7, 267–275. doi: 10.1016/0197-2456(86)90034-6

Greicius, M. D., Flores, B. H., Menon, V., Glover, G. H., Solvason, H. B., Kenna, H., et al. (2007). Resting-state functional connectivity in major depression: abnormally increased contributions from subgenual cingulate cortex and thalamus. Biol. Psychiatry. 62, 429–437. doi: 10.1016/j.biopsych.2006.09.020

Greicius, M. D., Srivastava, G., Reiss, A. L., and Menon, V. (2004). Default-mode network activity distinguishes Alzheimer’s disease from healthy aging: evidence from functional MRI. Proc. Natl. Acad. Sci. U.S.A. 101, 4637–4642. doi: 10.1073/pnas.0308627101

Hacker, C. D., Laumann, T. O., Szrama, N. P., Baldassarre, A., Snyder, A. Z., Leuthardt, E. C., et al. (2013). Resting state network estimation in individual subjects. Neuroimage. 82, 616–633. doi: 10.1016/j.neuroimage.2013.05.108

Heaven, D. (2019). Why deep-learning AIs are so easy to fool. Nature 574, 163–166. doi: 10.1038/d41586-019-03013-5

Hoffer, E., and Ailon, N. (2014). Deep metric learning using triplet network. arXiv [Preprint]. 1412.6622,

Hui, M., Li, R., Chen, K., Jin, Z., Yao, L., and Long, Z. (2013). Improved estimation of the number of independent components for functional magnetic resonance data by a whitening filter. IEEE J. Biomed. Heal. Inf. 17, 629–641. doi: 10.1109/jbhi.2013.2253560

Iraji, A., Benson, R. R., Welch, R. D., O’Neil, B. J., Woodard, J. L., Ayaz, S. I., et al. (2015). Resting state functional connectivity in mild brain injury at the acute stage: independent component and seed-based analyses. J. Neurotrauma 32, 1031–1045. doi: 10.1089/neu.2014.3610

Jackson, G. D., Makdissi, M., Pedersen, M., Parker, D. M., Curwood, E. K., Fraquharson, S., et al. (2019). Functional brain effects of acute concussion in Australian rules football players. J. Concus. 3, 1–6.

Jung, J., Bungert, A., Bowtell, R., and Jackson, S. R. (2020). Modulating brain networks with transcranial magnetic stimulation over the primary motor cortex: a concurrent TMS/fMRI study. Front. Hum. Neurosci. 14:31. doi: 10.3389/fnhum.2020.00031

Kairov, U., Cantini, L., Greco, A., Molkenov, A., Czerwinska, U., Barillot, E., et al. (2017). Determining the optimal number of independent components for reproducible transcriptomic data analysis. BMC Genomics 18:712. doi: 10.1186/s12864-017-4112-9

Khan, A., Sohail, A., Zahoora, U., and Qureshi, A. S. (2020). A survey of the recent architectures of deep convolutional neural networks. Artif. Intel. Rev. 53, 5455–5516. doi: 10.1007/s10462-020-09825-6

Koch, G., Zemel, R., and Salakhutdinov, R. (2015). “Siamese neural networks for one-shot image recognition,” in Proceedings of the 32 nd International Conference on Machine Learning, Lille.

Li, F., Lu, L., Shang, S., Hu, L., Chen, H., Wang, P., et al. (2020). Disrupted functional network connectivity predicts cognitive impairment after acute mild traumatic brain injury. CNS Neurosci. Ther. 26, 1083–1091. doi: 10.1111/cns.13430

Li, Y., Adali, T., and Calhoun, V. D. (2007). Estimating the number independent components for functional magnetic resonance imaging data. Hum. Brain Mapp. 28, 1251–1266.

Liang, S., Li, Y., and Srikant, R. (2018). “Enhancing the reliability of out-of-distribution image detection in neural networks,” in Proceedings of the 6th International Conference on Learning Representations (ICLR), Vancouver, BC.

Lu, L., Li, F., Chen, H., Wang, P., Zhang, H., Chen, Y. C., et al. (2020). Functional connectivity dysfunction of insular subdivisions on cognitive impairment after acute mild traumatic brain injury. Brain Imaging Behav. 14, 941–948. doi: 10.1007/s11682-020-00288-5

Lv, J., Jiang, X., Li, X., Zhu, D., Chen, H., Zhang, T., et al. (2015). Sparse representation of whole-brain fMRI signals for identification of functional networks. Med. Image Anal. 20, 112–134. doi: 10.1016/j.media.2014.10.011

Mayer, A. R., Mannell, M. V., Ling, J., Gasparovic, C., and Yeo, R. A. (2011). Functional connectivity in mild traumatic injury. Hum. Brain Mapp. 32, 1825–1835.

McDermott, T. J., Kirlic, N., and Aupperle, R. L. (2018). Roadmap for optimizing the clinical utility of emotional stress paradigms in human neuroimaging research. Neurobiol. Stress 8, 134–146. doi: 10.1016/j.ynstr.2018.05.001

Medaglia, J. D. (2017). Functional neuroimaging in traumatic brain injury: from nodes to networks. Front. Neurol. 8:407. doi: 10.3389/fneur.2017.00407

Michael, A. M., Anderson, M., Miller, R. L., Adali, T., and Calhoun, V. D. (2014). Preserving subject variability in group fMRI analysis: performance evaluation of GICA vs. IVA. Front. Syst. Neurosci. 26:106. doi: 10.3389/fnsys.2014.00106

Millis, S. R., Rosenthal, M., Novack, T. A., Sherer, M., Nick, T. G., and Kreutzer, J. S. (2001). Long-term neuropsychological outcome after traumatic brain injury. J. Head Trauma Rehabil. 16, 343–355.

Nozais, V., Boutinaud, P., Verrecchia, V., Gueye, M. F., Hervé, P. Y., Tzourio, C., et al. (2021). Deep Learning-based classification of resting-state fMRI independent-component analysis. Neuroinformatics 19, 619–637.

O’Mahony, N., Campbell, S., Carvalho, A., Krpalkova, L., Hernandez, G. V., Harapanahalli, S., et al. (2019). One-shot learning for custom identification tasks; a review. Proc. Manuf. 38, 186–193.

Rana, S., and Kisku, D. R. (2020). “Face Recognition Using Siamese Network,” in Proceedings of International Conference on Frontiers in Computing and Systems. Advances in Intelligent Systems and Computing, Vol. 1255, eds D. Bhattacharjee, D. K. Kole, N. Dey, S. Basu, and D. Plewczynski (Singapore: Springer), 369–376. doi: 10.1007/978-981-15-7834-2_35

Renard, F., Guedria, S., Palma, N. D., and Vuillerme, N. (2020). Variability and reproducibility in deep learning for medical image segmentation. Sci. Rep. 10:13724. doi: 10.1038/s41598-020-69920-0

Salimi-Khorshidi, G., Douaud, G., Beckmann, C. F., Glasser, M. F., Griffanti, L., and Smith, S. M. (2014). Automatic denoising of functional MRI data: combining independent component analysis and hierarchical fusion of classifiers. NeuroImage. 90, 449–468. doi: 10.1016/j.neuroimage.2013.11.046

Schroff, D., Kalenichenko, D., and Philbin, J. (2015). “FaceNet: a unified embedding for face recognition and clustering,” in Proceedings of the 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA.

Shrout, P. E., and Fleiss, J. L. (1979). Intraclass correlations: uses in assessing rater reliability. Psychol. Bull. 86, 420–428. doi: 10.1037//0033-2909.86.2.420

Snell, J., Swersky, K., and Zemel, R. (2017). “Prototypical networks for few-shot learning,” in Proceedings of the 31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. (2014). “Dropout: a simple way to prevent neural networks from overfitting. J. Mach. Learn. Res. 15, 1929–1958.

Vanhaudenhuyse, A., Noirhomme, Q., Tshibanda, L. J.-F., Bruno, M.-A., Boveroux, P., Schnakers, C., et al. (2009). Default network connectivity reflects the level of consciousness in non-communicative brain-damaged patients. Brain 133, 161–171. doi: 10.1093/brain/awp313

Vergun, S., Gaggl, W., Nair, V. A., Suhonen, J. I., Birn, R. M., Ahmed, A. S., et al. (2016). Classification and Extraction of resting state networks using healthy and epilepsy fMRI Data. Front. Neurosci. 10:440. doi: 10.3389/fnins.2016.00440

Vinyals, O., Blundell, C., Lillicrap, T., and Wierstra, D. (2016). “Matching networks for one shot learning,” in Proceedings of the 30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, 3630–3638.

Wang, J., Song, Y., Leung, T., Rosenberg, C., Wang, J., Philbin, J., et al. (2014). “Learning fine-grained image similarity with deep ranking,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Columbus, OH, 1386–1393. doi: 10.1109/TPAMI.2021.3068449

Wang, W., Wang, A., Tamar, A., Chen, X., and Abbeel, P. (2017). Safer classification by synthesis. Proceedings of the NeurIPS 2017 Workshop on Aligned Artificial Intelligence.

Zhao, Y., Dong, Q., Zhang, S., Zhang, W., Chen, H., Jiang, X., et al. (2018). Automatic recognition of fMRI-derived functional networks using 3D convolutional neural networks. IEEE Trans. Biomed. Imaging. 65, 1975–1984.

Zuo, X. N., Kelly, C., Adelstein, J. S., Klein, D. F., Castellanos, F. X., and Milham, M. P. (2010). Reliable intrinsic connectivity networks: test-retest evaluation using ICA and dual regression approach. NeuroImage 49, 2163–2177. doi: 10.1016/j.neuroimage.2009.10.080


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.

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.

Copyright © 2022 Chou, Chang, Remedios, Butman, Chan and Pham. 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-16-768634-t001.jpg
RSNs Default Medial Occipital Lateral Motor Auditory Cerebellum Executive Salience L dorsal
mode visual Visual Visual attention

R dorsal Overall
attention average

Mean/  SiameselCA  0.36/0.18 0.31/0.19 0.25/0.17 0.23/0.17 0.34/0.21 0.38/0.20 0.32/0.19  0.15/0.17 0.40/0.19 0.36/0.17
std

Pearson 0.36/0.19 0.32/0.21 0.29/0.15 0.34/0.19 0.29/0.19 0.36/0.19 0.27/0.19  0.17/0.14 0.36/0.19 0.47/0.17
correlation

0.85/0.19 0.31/0.07

0.33/0.19 0.32/0.07





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Automated Classification of Resting-State fMRI ICA Components Using a Deep Siamese Network



		INTRODUCTION



		MATERIALS



		METHODS



		Image Preprocessing



		Independent Component Analysis Extraction of Networks



		Siamese Network Architectures



		Encoder Network



		Triplet Loss Function







		Using Siamese Network at Inference Time







		RESULTS



		Classification Performance



		Generalizability, Separability, and Reproducibility



		One-Shot Classification for the Caudate Network



		Group Comparison Between Mild TBI, Severe TBI and Healthy Subjects







		DISCUSSION AND CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fnins-16-768634-g009.jpg
D=1.3/r=0.59 D=2.9/r=0.36 D=1.0/r=0.43 D=5.7/r=0.30

occipital visual lateral visual salience executive





OPS/images/fnins-16-768634-g013.jpg
o default mode
® medial visual
10.0 - ® occipital visual
® |ateral visual
® motor
® auditory
7.3 ‘.. © cerebellum
° ‘ ® executive
» salience
5.0 - * Ldorsal attention
% R dorsal attention
A caudate
r R
0.0 +
-2.5 4 °
_50 e
-7.5 4
-10.0 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0






OPS/images/cover.jpg
, frontiers
In Neuroscience

Automated
Classificationof Resting-State
fMRI ICA Components Using

a Deep Siamese Network





OPS/images/fnins-16-768634-g012.jpg
support set

D=57
r=0.03

D=2.5
r=0.59

D=61
r=0.01

D=1.6
r=0.73

D=59
r=-0.02

D=2.4
r=0.67







OPS/images/fnins-16-768634-g014.jpg
default mode network salience network

mild TBI vs HV

severe TBl vs HV

P-map (p<0.05)








OPS/images/logo.jpg
' frontiers

in Neuroscience





OPS/images/fnins-16-768634-g011.jpg
SiameselCA

Pearson Correlation

wﬁ@ﬁﬁ

VisM VisO VisL Motor  Auditory Cerebellum Executive Salience L Dan R Dan
ICC .
04 B 1.0





OPS/images/fnins-16-768634-g010.jpg
10 A

Number of components

@
1

(o))
1

Py
1

N
1

B default mode

" non-default mode

il |

60 80
distance

100

E

120

7

12..

10 -

P default mode
2 non-default mode

L]

nm
-7 -6

-5

L)

gl

I‘.I
3 -2

-] 0

logit-transformed Pearson Correlation






OPS/images/cross.jpg
3,

i





OPS/images/fnins-16-768634-g002.jpg
flattened

input layer 2 Fully connected layer: output layer
40 x 48 x 38 @ 128 + RelLU activation + @ 64
10% dropout





OPS/images/fnins-16-768634-g001.jpg





OPS/images/fnins-16-768634-e000.jpg
L(a,p.n) = max{0,d (a,p) —d(a,n) + m},





OPS/images/fnins-16-768634-g004.jpg
encoder

support set embedded space





OPS/images/fnins-16-768634-g003.jpg
Encoder

/

Positive

5 Output

Anchor

y
ss07 19|duL

-
2

Negative






OPS/images/fnins-16-768634-g006.jpg
® default mode
® medial visual

® occipital visual
lateral visual

cerebellum
® executive

salience
+ L dorsal attention

% R dorsal attention

>

ot
\0‘!.0. Oenneno~ass
L . R R R R
M - ~ o 4

.23

. Ounmrvronmne
0 h: L B BB B N
1 - ~
e
N .0’.
: .. » "N
.. -
.
- . oycoo
";‘. .- xx . .
= J ™
§ el f “reta it .
. > o2 s ©
= % .
o. Wo ”
Sk 8
(32
CQummnenonnosl m a1 =
LI I N R N
< - ~ ° ~ - w n w
OmmAaTnoraoe N O=nmvThno~ae
o
Cs 000N x CIE I I I .-0
4k
s s R
= -
B "
. . e »
° r’l__ >,
: Io ‘O.‘. .0\\.
ot e ¢ . 0-#
prls 2.0 "%
' é’. “...
2 ; . }
Z .
= - . Y ? : "BEIE . K 2
Ol?‘al\a.’.’w @+ 1 == 1 KOS NAYA "..w -
. o
L B B B L B B : L. L B I I B B P
. = ~
e o
oofoo e . E
" . 5
e * ., P
ooo\.o .
¢ iy
At vl
.
N o
. & * -~
B
?
s
S
L0 ana m v
. . 5
- ° - - ~ " - a - o - B - - "
o o o o o 4 4 2 - - ~ © \.n \.- n.'





OPS/images/fnins-16-768634-g005.jpg
= ] (o]
o o o

Classification Accuracy Rate

N
o

-=— |nception CNN

37.4 37.1
-+ SiameselCA

-+ SGAN

2 3 4 5 10 20
Number of Training Examples For Each Class





OPS/images/fnins-16-768634-g008.jpg
classification accuracy

100
99
98
97
96
95
94
93
92

7 SiameselCA

. goOdness-of-fit

W— Pearson correlation

1

- mean-squared error

3 5 7 10 15
Number of samples for each class

20





OPS/images/fnins-16-768634-g007.jpg
classification accuracy

100
99
98
97
96
95
94
93
92

/ - SiameselCA

- Pearson correlation
v goOdness-of-fit
~ mean-squared error

1 3 = ' 10 15 20

Number of samples for each class





