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Many common neurological and neurodegenerative disorders, such as Alzheimer's disease, Parkinson's disease, or autism have been linked with anomalous patterns of biological aging of the brain. Discovering which brain regions are related to specific neurological disorders or cognitive stimuli became an essential field of neuroimaging research. Diffusion Tensor Images (DTI) can be used to reveal the biological underlying patterns behind the aging process, holds an individual's signs for various brain disorders, and propose new personalizedtreatment approaches. In this work, we used the brain network graph representations of 998 patients. The nodes represent the brain regions and the edges are described as interactions between the regions. We trained a Graph Neural Network to predict four brain age classes [22-25, 26-30, 31-35, 36+]. To increase the accuracy of the model we propose a topological graph data augmentation method. We used the Mapper algorithm to convert brain graphs into the topological complex where each feature of the complex represents brain activations between regions. Based on our quantitative results, the GNN gained a 0.64 test accuracy using only raw graphs, and 0.776 test accuracy using both raw graphs and topological augmented graphs. Using topological graph representations of the brain helped to reveal the functional connectivity of the brain and increased the model performance.

Introduction and Related Work

The relation between the neurological and neurodegenerative disorders and deviational brain aging pathways has inspired a great number of research topics in brain age prediction using neuroimaging data [START_REF] Kaufmann | Common brain disorders are associated with heritable patterns of apparent aging of the brain[END_REF][START_REF] Bonacich | Power and centrality: A family of measures[END_REF][START_REF] Franke | Ten years of brainage as a neuroimaging biomarker of brain aging: what insights have we gained?[END_REF]. The estimations of brain age gaps, described as the difference between the estimated brain age and the true biological age, have been related to brain diseases such as dementia and autism, Alzheimer's disease, Parkinson's, or Epilepsy [START_REF] Michael A Nalls | A multicenter study of glucocerebrosidase mutations in dementia with lewy bodies[END_REF][START_REF] Tunç | Early predictors of functional disability in guillain-barré syndrome[END_REF], and therefore could be beneficial in monitoring and treatment of disease.

Various studies used machine learning in brain age prediction, mostly using genetic information and magnetic resonance imaging(MRI) [START_REF] Franke | Ten years of brainage as a neuroimaging biomarker of brain aging: what insights have we gained?[END_REF]. These studies mostly do not include other brain imaging modalities such as time-series data of functional MRI(fMRI), clinical test results, or the expertise of psychiatrists, or neuroscientists. Still, different modalities show improvement in the results [START_REF] Kaufmann | Common brain disorders are associated with heritable patterns of apparent aging of the brain[END_REF][START_REF] Besteher | Machine-learning based brain age estimation in major depression showing no evidence of accelerated aging[END_REF][START_REF] Baecker | Machine learning for brain age prediction: Introduction to methods and clinical applications[END_REF].

To estimate brain age in a clinically applied fashion, we used Graph Neural networks(GNN). GNN provides a deeper way of learning of brain mapped as a graph structure and it is rapidly becoming the state-of-the-art approach in various network neuroscience problems. The brain is an exceptionally complex system and understanding its functional organization is the goal of understanding various diseases. The motivation behind brain age estimation is to have a GNN network to predict human age by using the brain regions as nodes whose features will reveal brain activation in such patients.

Here we used Diffusion Tensor Images (DTI) of patients represented as a connectivity matrix of the brain. The connectivity matrix has been converted to a graph where the nodes in the graph are characterized as brain regions and edges as the functional connectivity between brain regions, computed as the pairwise interactions of DTI. We analyzed the effectiveness of GNN for brain age prediction by training Graph Convolutional Network [START_REF] Van Den | Graph convolutional matrix completion[END_REF] between four age groups. We additionally investigate adding topological graph representation of the brain networks as a data augmentation method to increase prediction accuracy.

Methods

In this section, we describe the dataset and the task description as well as the topological data augmentation method applied to brain networks.

Dataset

The data includes 998 patients belonging to Human Connectome Project (HCP) [START_REF]Human Connectome dataset[END_REF]. Each patient has a DTI scan represented as brain network activation during a period. The brain networks consist of brain regions and their interactions with each other. Each patient has a brain network scan represented as a connectivity matrix in which rows and columns are described as brain regions, the values represent the interactions between two regions. Connectivity matrices measure the number of fibers from one region to another region of the brain.

In addition, there are other clinical variables for the 998 patients in the dataset such as age, gender, diseases, past injuries, disease history, brain regions' volume, surface area, thickness, grey matter volume as well as cognitive test scores, motor skills, sensory, and emotion. The dataset includes very different clinical information for each patient. If we understand their brain network functioning, we could be able to understand specific cases for example an Alzheimer patient's brain functioning. Age prediction is important since age is the most effective and relatable parameter in such diseases [START_REF] Kaufmann | Common brain disorders are associated with heritable patterns of apparent aging of the brain[END_REF]. Building a Graph network that can predict a patient's age correctly will contribute to disease analysis in neurological research.

Task Description

In this work, we represented the brain networks as connectivity matrices shape (116, 116) meaning that rows and columns are 116 brain regions. There is one matrix for each patient and each represents a weighted undirected graph. The elements of the matrix are the number of fibers in between the regions after normalization. The connectivity matrices are converted to undirect graphs using the Networkx library [START_REF]Networkx library Python[END_REF] where nodes represent the 116 regions, and edges represent interactions. Figure 1 shows an example of a connectivity matrices of a patient with its graph visualization. The different brain regions are shown in the matrice such as P recentral L as the left Precentral gyrus, F rontal Sup L as the left Superior frontal gyrus-dorsolateral, and F rontal Sup Orb L as left Superior frontal gyrus-orbital.

The patient's age differs from four categories [22-25, 26-30, 31-35, 36+] and the class ratio of the ages in the dataset are 17%, 35%, 25%, and 23%, respectively. The problem, therefore, turns into a multi-class graph classification problem with four different classes. 

Dataset Preparetion

GNNs for graph classification have been used in network neuroscience [START_REF] Bessadok | Graph neural networks in network neuroscience[END_REF], drug discovery to classify molecules as toxic or non-toxic [START_REF] Wieder | A compact review of molecular property prediction with graph neural networks[END_REF], or in text classification [START_REF] Huang | Text level graph neural network for text classification[END_REF]. To use our dataset in the GNN network we need to use the torch.geometric Data type. In our task, each brain network is represented as a graph with node and edge features. The edge attributes are assigned as interaction values and the node features are assigned as the eigenvector centrality of the nodes.

Eigenvector Centrality

The eigenvector centrality for node i is the i th entry of the vector characterized by the equation

Ax = λx,
where A is the adjacency matrix of the graph G with eigenvalue λ. By the Perron-Frobenius theorem [START_REF] Bonacich | Power and centrality: A family of measures[END_REF], one can conclude that there exists a unique solution x. If λ is the largest eigenvalue of the adjacency matrix A, we can say that the unique solution x has positive values in all of the entries [START_REF] Brede | Networks-an introduction. mark ej newman[END_REF]. As a result, the eigenvector centrality of each of the nodes is calculated G and assigned as the node attribute.

Graph Convolutional Network

The GNN model was adopted from the 'Semi-supervised Classification with Graph Convolutional Networks' [START_REF] Thomas | Semi-supervised classification with graph convolutional networks[END_REF] that uses the graph convolutional operator. In this network, three graph convolutional layers (GCNConv [START_REF]Graph convolutional networks[END_REF]) were used followed by a linear layer. The Relu activation function is added as an activation function. To overcome the over-fitting, dropout is used before the last linear layer. In addition, Pytorch geometric provides a pooling layer called global mean pool located before the dropout which returns batch-wise and graph-level outputs by taking the average of node features across the node dimensions [START_REF]Graph convolutional networks[END_REF]. The GNN model is shown in the Appendix section. To increase the number of graphs in the dataset and represent the brain networks in a better way, we propose the topological graph augmentation method. 

Data Augmentation Using Topological Complex

Understanding the shape of data brings us to topology, which is a branch of mathematics. Over the last 20 years, topological techniques have been used in various applied problems, one of these fields is called Topological Data Analysis (TDA). TDA provides detailed information about the characteristics of the data by providing some topological, statistical, and geometrical methods to infer complex topological structures such as connected components, holes, branches, or loops. This analysis method is very robust to outliers and noise where the data is usually represented as point clouds or distance matrices in a Euclidean metric space.

Each brain network graph is converted to a topological complex called the Mapper complex using the GUDHI Python library [19]. Mapper is a computational method for complex datasets to extract the simplest information in the form of simplicial -complexes that preserve the underlying topological structures from the original data. It uses metrics and lenses to convert data into a topological network where nodes represent similar data points and edges represent topological relations. The key idea of the Mapper algorithm is to map data points into a metric space using some filters defined on data points while capturing topological and geometric information at a specified resolution and gain. The filter function (also called a lens) is the metric that allows us to map our data points. The choice of the filter is an important factor for achieving a good result in the Mapper. The results of different filter functions are shown in Figure 2. In the figure, three different filters (horizontal, vertical, and radial) are applied to the same data. It can be seen that different filter functions have different results. Therefore, selecting the filter functions for the Mapper algorithm plays a critical role.

The most commonly used filters are Singular Value Decomposition (SVD) and L-Infinity centrality based on their quantitative performances in topological data analysis [START_REF] Jessica L Nielson | Topological data analysis for discovery in preclinical spinal cord injury and traumatic brain injury[END_REF][START_REF] Pek Y Lum | Extracting insights from the shape of complex data using topology[END_REF][START_REF] Banerjee | Microbial signatures associated with oropharyngeal and oral squamous cell carcinomas[END_REF]. The two filter functions are also selected as L-Infinity and SVD as the first and second filters, respectively. Linfinity centrality assigns a value to each data point which is the furthest distance from itself to another data point. Basically, for each data point y, it amounts to finding the maximum distance from y to any other point in the dataset. Large values of this filter put points that are far away from the center of the dataset. On the other hand, SVD is a linear dimension reduction technique that does not center the data points before the actual computation, meaning that it efficiently works with sparse data. We used the first component of the SVD in the Scikit-learn library [START_REF]Svd -sklearn[END_REF] The other parameters in the Mapper are the resolution and the gain. Resolution is the number of intervals required to cover each filtered image. If the resolution is increased, then the number of communities in the resulting graph will also increase. The communities refer to the nodes clustered together in the Mapper. This parameter is tested in the range and selected as 20. The gain parameter is the percentage of overlaps between the intervals covering each filtered image. It should be between 0 and 1 and selected as 0.25. In addition, the clustering algorithm is selected as DBSCAN . Parameter selection was done based on a literature search and we choose the parameters that give the highest accuracy in the GNN model. The Mapper algorithm is applied for each brain network graph and achieved a Mapper complex representation of the graphs. The Mapper complex is another Networkx graph with fewer nodes as edges since similar brain activations clustered together during the complex computation. The result of the same patient after the Mapper is shown in Figure 3. The nodes in the Mapper complex represent clustered brain regions and edges represent high-order interactions of the brain regions.

The colors in both graphs do not mean anything and are used only for visualization. More Mapper results can be found in the Appendix section.

Training

Two different datasets were created for the GNN model. The first one consists of only 998 raw brain network graphs. The second dataset contains both raw brain network graphs(998) and topological graphs(998) resulting in 1996 graphs in total. The dataset was split into training(70%) and testing(30%). To obtain objective results, the test set included only raw graphs, and the testing data was only used in the testing phase. To achieve a better validation of the experiments, 4-fold cross-validation was performed. The models were trained with 150 epochs with a learning rate = 0.0005 using the cross-entropy loss function.

Results

The task is the multi-class graph classification with four different age groups in terms of [22-25, 26-30, 31-35, 36+]. It is a so-called balanced dataset that represents mostly the younger and mature phases of humans. The performance of the Graph Convolutional Network will be tested on both the raw graph dataset and the raw + topological graph dataset. The accuracy results are shown in Table 1. When we use only the raw brain graphs we achieve 0.634 training and 0.640 test accuracy. If we add the topological complex representations of the brain networks the age prediction accuracy achieved 0.782 in the training set and 0.776 in the testing set. The topological data augmentation not only increased the number of graphs in the dataset but also gave a chance to GNN to learn better from topological brain networks. The Mapper complex is the topological structure of the brain networks and its topological features represent brain activation. A topological feature can be a connected component, a 1D hole/loop, a 2D cavity, or more generally a d-dimensional "void" which preserves the interactions between different brain regions.

The proposed model could be used for the prediction of age in humans. The proposed graph representations capture informative features of the brain by linking the interaction among different brain regions.

Conclusion

The human brain is an enormously complex system and discovering its functional connectivity is the goal of neuroscience research. Many diseases can be related to brain age such as Epilepsy, stroke, Amyotrophic Lateral Sclerosis (ALS), or trauma. Understanding aging and its effects on various disorders can reveal much information about brain functioning. Diffusion Tensor Imaging is a novel imaging method that can reveal unique information about white matter within the brain regions. In this work, we presented brain networks of 998 patients as graphs created from DTI connectivity matrices. We used a Graph Convolutional Network to predict the brain age of patients in four different age categories. Also, we propose topological graph augmentation methods to analyze brain activation using the Mapper complex. The proposed method increased the GNN performance.

Perspectives

For the future of this study, we can different directions to understand complex brain structure and functioning. Each sample in the dataset was a DTI scan of a patient and it is represented by a graph. Significantly, the nodes are described as brain regions and edges are the functional connectivity between them. The Graph Convolution layers can be analyzed with some feature engineering to understand which brain regions(nodes) were more effective for age prediction. Can we relate these regions with the patient's specific disease(Alzheimer, autism, etc)? Do these regions have anomalies in brain thickness, surface area, or (less) gray matter volume? We also used Topological data augmentation where we convert the brain network graphs into a topological complex called the Mapper complex. In the Mapper complex, the nodes were mapped by two filter functions and followed by clustering. Which brain regions are clustered and why? How to improve the classification accuracy by using different filters in Mapper. The subgroup analysis on brain regions to understand the interaction between brain regions [START_REF] Vallarta | Topological data analysis to identify subgroups of type-2 diabetes mellitus patients[END_REF][START_REF] Nicolau | Topology based data analysis identifies a subgroup of breast cancers with a unique mutational profile and excellent survival[END_REF]. 

Fig. 1 :

 1 Fig. 1: ((Left) An example of a brain connectivity matrix of size 116 × 116 that belongs to a male patient with age 36+. The rows and columns represent brain regions. (Right) The graph visualization of the same patient's connectivity matrix where nodes represent brain regions.

Fig. 2 :

 2 Fig. 2: Three different lenses(filters) on the same point cloud data. The rows show the horizontal, vertical, and radial filter selection results, respectively. The data, the cover intervals(gain and resolution parameters), and the Mapper result are shown in the left, middle, and right columns respectively. The image is taken from [18].

Fig. 3 :

 3 Fig. 3: (Left) The brain network is displayed as a Networkx graph. (Right) The result of the Mapper algorithm.

Fig. 5 :

 5 Fig. 5: The GCN model for the graph classification task.

  

Table 1 :

 1 The training and testing accuracy results of multi-class classification of the network.

	Training datasets	Train accuracy	Test accuracy
	Raw graphs	0.634 ± 0.15	0.640 ± 0.32
	Raw + Topological graphs 0.782 ± 0.12	0.776 ± 0.20
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Appendix

In this section, we will demonstrate some visualizations of the Mapper complex. In Figure 4, four different patients' brain maps before and after the Mapper complex computation on the left and right columns, respectively. The age of the patients belongs to the following ranges respectively: [22-25, 26-30, 31-35, 36+].

Fig. 4:

In Figure 5, the Graph Convolutional model that is used in this work is shown. There are three convolutional layers followed by a dropout and a linear layer.