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Abstract. Understanding how certain brain regions relate to a spe-
cific neurological disorder or cognitive stimuli has been an important
area of neuroimaging research. We propose BrainGNN, a graph neural
network (GNN) framework to analyze functional magnetic resonance im-
ages (fMRI) and discover neurological biomarkers. In contrast to feedfor-
ward neural networks (FNN) and convolutional neural networks (CNN)
in traditional functional connectivity-based fMRI analysis methods, we
construct weighted graphs from fMRI and apply a GNN to fMRI brain
graphs. Considering the special property of brain graphs, we design novel
brain ROI-aware graph convolutional layers (Ra-GNN) that leverages
the topological and functional information of fMRI. Motivated by the
need for transparency in medical image analysis, our BrainGNN con-
tains ROI-selection pooling layers (R-pool) that highlight salient ROIs
(nodes in the graph), so that we can infer which ROIs are important
for prediction. Furthermore, we propose regularization terms - unit loss,
topK pooling (TPK) loss and group-level consistency (GLC) loss - on
pooling results to encourage reasonable ROI-selection and provide flex-
ibility to preserve either individual- or group-level patterns. We apply
the BrainGNN framework on two independent fMRI datasets: Autism
Spectral Disorder (ASD) fMRI dataset and Human Connectome Project
(HCP) 900 Subject Release. We investigate different choices of the hyper-
parameters and show that BrainGNN outperforms the alternative FNN,
CNN and GNN-based fMRI image analysis methods in terms of classifica-
tion accuracy. The obtained community clustering and salient ROI detec-
tion results show high correspondence with the previous neuroimaging-
derived evidence of biomarkers for ASD and specific task states decoded
in task-fMRI.
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: 1 Introduction

> The brain is an exceptionally complex system and understanding it’s functional
s organization is the goal of modern neuroscience. Using fMRI, large strides in
+ understanding this organization have been made by modeling the brain as a
s graph—a mathematical construct describing the connections or interactions (i.e.
s edges) between different discrete objects (i.e. nodes). To create these graphs,
7 nodes are defined as brain regions of interest (ROIs) and edges are defined as the
s functional connectivity between those ROIs, computed as the pairwise correla-
o tions of functional magnetic resonance imaging (fMRI) time series, as illustrated
10 in Fig.[l] Traditional graph-based analyses for fMRI have focused on using graph
u  theoretical metrics to summarize the functional connectivity for each node into
1 a single number [4623]. However, these methods do not consider higher-order
13 interactions between ROIs, as these interactions cannot be preserved in a sin-
1 gle number. Additionally, due to the high dimensionality of fMRI data, usually
15 ROIs are clustered into highly connected communities to reduce dimensionality.
16 Then, features are extracted from these smaller communities for further analysis
v [B212]. For these two-stage methods, if the results from the first stage are not
18 reliable, significant errors can be induced in the second stage.

19 The past few years have seen the growing prevalence of the use of graph
20 neural networks (GNN) for end-to-end graph learning applications. GNNs are
a1 the state-of-the-art deep learning methods for most graph-structured data anal-
2 ysis problems. They combine node features, edge features, and graph structure
23 by using a neural network to embed node information and pass information
2 through edges in the graph. As such, they can be viewed as a generalization of
s the traditional convolutional neural networks (CNN) for images. Due to their
s high performance and interpretability, GNNs have been a widely applied graph
2 analysis method. [2625/50028/5T]. Most existing GNNs are built on graphs that
28 do not have correspondence between the nodes of different instances, such as
2 social networks and protein networks, limiting interpretability. These methods
s — including the current GNN methods for fMRI analysis — use the same ker-
a1 nel over different nodes, which implicitly assumes brain graphs are translation
» invariant. However, nodes in the same brain graph have distinct locations and
;3 unique identities. Thus, applying the same kernel over all nodes is problematic.
s In addition, few GNN studies have explored both individual-level and group-level
s explanations, which are critical in neuroimaging research.

3 In this work, we propose a graph neural network-based framework for map-
s ping regional and cross-regional functional activation patterns for classification
s tasks, such as classifying neurodisorder patients versus healthy control subjects
3 and performing cognitive task decoding. Our framework jointly learns ROI clus-
w0 tering and the downstream whole-brain fMRI analysis. This not only reduces pre-
s conceived errors, but also learns particular clustering patterns associated with
» the downstream tasks. Specifically, from estimated model parameters, we can
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s retrieve ROI clustering patterns. Also, our GNN design facilitates model inter-
« pretability by regulating intermediate outputs with a novel loss term, which
s provides the flexibility to choose between individual-level and group-level expla-
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Fig. 1: The overview of the pipeline. fMRI images are parcellated by an atlas and
transferred to graphs. Then, the graphs are sent to our proposed BrainGNN,
which gives the prediction of specific tasks. Jointly, BrainGNN selects salient

brain regions that are informative to the prediction task and clusters brain re-
gions into prediction-related communities.

v 2 Methods and Materials

s 2.1 Preliminaries

s Notation and Problem Definition

so  First we parcellate the brain into N regions of interest (ROIs) based on its T1
st structural MRI. We define ROIs as graph nodes V = {vy,...,vn} and the nodes
52 are preordered. As brain ROIs can be aligned by brain parcellation atlases based
53 on their location in the structure space, we define the brain graphs as ordered
s« aligned graphs. We define an undirected weighted graph as G = (V,£), where
ss & is the edge set, i.e., a collection of (v;,v;) linking vertices from v; to v;. In
ss our setting, G has an associated node feature set H = {hy,...,hx}, where h; is
sz the feature vector associated with node v;. For every edge connecting two nodes,
s (vi,v;) € €, we have its strength e;; € R and e;; > 0. We also define e;; = 0
so for (vi,v;) € € and therefore the adjacency matrix E = [e;;] € RVXN is well
e defined.

61 Architecture Overview
e Classification on graphs is achieved by first embedding node features into a low-
63 dimensional space, then grouping nodes and summarizing them. The summarized
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Fig.2: (a) introduces the BrainGNN architecture that we propose in this work.
BrainGNN is composed of Ra-GNN and R-pool blocks. It takes graphs as inputs
and outputs graph-level predictions. (b) shows how the Ra-GNN layer embeds
node features. First, nodes are softly assigned to communities based on their
membership scores to the communities. Each community is associated with a
different basis vector. Each node is embedded by the particular basis vectors
based on the communities that it belongs to. Then, by aggregating a node’s own
embedding and its neighbors’ embedding, the updated representation is assigned
to each node on the graph. (c¢) shows how R-pool selects nodes to keep. First, all
the nodes’ representations are projected to a learnable vector. The nodes with
large projected values are retained with their corresponding connections.

s« vector is then fed into a classifier, such as a multilayer perceptron (MLP), poten-
es tially in an end-to-end fashion. Our proposed network architecture is illustrated
e in Figure It is formed by three different types of layers: graph convolutional
e layers, node pooling layers and a readout layer. Generally speaking, GNNs induc-
¢ tively learn a node representation by recursively transforming and aggregating
e the feature vectors of its neighboring nodes.
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70 A graph convolutional layer is used to probe the graph structure by using
n edge features, which contain important information about graphs. For example,
22 the weights of the edges in brain fMRI graphs can represent the relationship
7z between different ROIs.

74 Following [39], we define hgl) € R?" as the features for the i" node in the
s 1" layer, where d¥) is the dimension of the I*" layer features. The propagation
7 model for the forward-pass update of node representation is calculated as:

b = (W UR 4 S o (W UR T ey) | (1)
JEN(9)

7 where N (i) denotes the set of indices of neighboring nodes of node v; and e;;
s denotes the features associated with the edge from v; to v;, Wy, W1 denote the
7o model’s parameters to be learned, and ¢ is any linear/nonlinear function that
s can be applied on the neighboring nodes’ feature embedding. ¢ is the activation
a1 function.

8 A node pooling layer is used to reduce the size of the graph, either by
& grouping the nodes together or pruning the original graph G to a subgraph G
s by keeping some important nodes only. We will focus on the pruning method,
& as it is more interpretable and can help detect biomarkers.

86 A readout layer is used to summarize the node feature vectors {hz(-l)} into a
&7 single vector z which is finally fed into a classifier for graph classification.

s 2.2 Proposed Approach

s In this section, we provide insights and highlight the innovative design aspects
o of our proposed BrainGNN architecture.

o ROI-aware Graph Convolutional Layer

2 Overview We propose an ROI-aware graph convolutional neural network (Ra-
s GNN) with two insights. First, when computing the node embedding, we allow
o« Ra-GNN to learn different convolutional kernels conditioned on the ROI (geo-
s metric information of the brain), instead of using the same kernel W on all the
o mnodes as it is shown in Eq. . Second, we include edge weights for message
or filtering, as the magnitude of edge weights presents the connection strength be-
e tween two ROIs. We assume more closely connected ROIs have higher impact.
o Design We begin by assuming the graphs have additional regional information
w0 and the nodes of the same region from different graphs have similar properties.
w1 We propose to encode the regional information to the embedding kernel function
w2 for the nodes. Given node ¢’s regional information r;, such as the node’s coor-
103 dinates in a mesh graph, we propose to learn the vectorized embedding kernel
s vec(W;) based on r; on the I*" Ra-GNN:

vee(W ") = farppor (v;) = 0P relu(6r;) + b, (2)
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105 where the MLP network with parameters {@il), QS)} maps r; to a d® . d(—1
ws dimensional vector then reshapes the output to a d¥ x d“~1 matrix Wi(l).

107 Given a brain parcellated into N ROIs, we order the ROIs in the same manner
ws for all the brain graphs. Therefore, the nodes in the graphs of different subjects
w0 are aligned. However, the convolutional embedding should be independent of the
o ordering methods. Given an ROI ordering for all the graphs, we use one-hot en-
m  coding to represent the ROI’s location information, instead of using coordinates,
12 because the nodes in the brain are aligned well. Specifically, for node v;, its ROI
s representation r; is a N —dimensional vector with 1 in the i*” entry and 0 for the

ne other entries. Assume that QEZ) = [agl), ceey a%)(l)], where N is the number of
s ROISs left on the I*" layer, agl) = [agll), . .,agll)((,)]T € RK(”, Vie{l,...,NO},
us  where K can be seen as the number of clusteredl cognrlnunities for the N®
ur ROIs. Assume Qél) = gl), ey ;?m] with ,GJ(-Z) € RAV-d"" ), vie{l,..., KO}
us  Then Eq. can be rewritten as
KO
1 l 1
vee(W") = 3" () *8) + b0 3)
j=1
us  We can view {,85” cj=1,...,K®} as a basis and (oz%))+ as the coordinates.

1o From another perspective, (ag))“‘ can been seen as the non-negative assign-
11 ment score of ROI ¢ to community j. If we train different embedding kernels
2 for different ROIs on I** Ra-GNN, the total parameters to be learned will be
s NWad(l=1), Usually we have K < N, By Eq. (3), we can reduce the
s number of learnable parameters to KWdW (-1 4+ NO KO parameters, while
s still assigning a separate embedding kernel for each ROI. The ROIs in the same
s community will be embedded by the similar kernel so that nodes in different
127 communities are embedded in different ways.

128 As the graph convolution operations in [I7], the node features will be multi-
1o plied by the edge weights, so that neighbors connected with stronger edges have
10 a larger influence. The GNN layer using ROI-aware kernels and edge weights for
wm  filtering can be written as:

h =w Va4 3w Onl Y, (4)
FEN (@)

12 To avoid increasing the scale of output features, the edge features need to be
13 normalized, as in GAT [43] and GNN [27]. Due to the aggregation mechanism,
13+ we normalize the weights by €;; = e;;/ ZjeN(i) €ij-

s ROI-topK Pooling Layer

s Overview To perform graph-level classification, a layer for dimensionality re-
17 duction is needed since the number of nodes and the feature dimension per node
s are both large. Recent findings have shown that some ROIs are more indicative
uo  of predicting neurological disorders than the others [2212], suggesting that they
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1o should be kept in the dimensionality reduction step. Therefore the node (ROI)
w1 pooling layer (R-pool) is designed to keep the most indicative ROIs, thereby
12 reducing dimensionality and removing noisy nodes.

13 Design To make sure that down-sampling layers behave idiomatically with re-
us  spect to different graph sizes and structures, we adopt the approach in [6/15] for
us reducing graph nodes. The choice of which nodes to drop is determined based
us on projecting the node attributes onto a learnable vector w(*=1) e R The
w  nodes receiving lower scores will experience less feature retention. We denote
w HUD = [h(ll_l), .. .,hs\l]?ll,)l)]T, where N(=1 is the number of nodes at the
w (I — 1) layer. Fully written out, the operation of this pooling layer (computing
0 a pooled graph, (VO €W) from an input graph, (V=1 £0-1))) is expressed
151 as follows:

S(l—l) — H(l—l)w(l—l)/llw(l—l)H
é(lfl) _ (s(lfl) . Iu(s(lfl)))/o_(s(lfl))

i = topk(8"Y, k) (5)
HY = (H"Y © sigmoid(81~1));..
EW = gb),
152 Here || - || is the Ly norm, p and o take the input vector and output the mean

153 and standard deviation of its elements. The notation topk finds the indices
s« corresponding to the largest k elements in score vector s, ® is (broadcasted)
155 element-wise multiplication, and (-);; is an indexing operation which takes el-
15 ements at row indices specified by i and column indices specified by j (colon
57 denotes all indices). The pooling operation retains sparsity by requiring only a
158 projection, a point-wise multiplication and a slicing into the original features
15 and adjacency matrix. Different from [6], we induce the constraint [|[w® ||y = 1
o implemented by adding an additional regularization loss Zle(Hw(l)Hg —1)% to
11 avoid identifiability issues. In addition, we added element-wise score normaliza-
e tion () = (s — pu(sW))/o(s®), which is important for calculating the GLC
63 loss and TPK loss (introduced in Section .

1« Readout Layer

15 Lastly, we seek a “flattening” operation to preserve information about the input
166 graph in a fixed-size representation. Concretely, to summarize the output graph
w67 of the Ith conv-pool block, (V®), W) we use

2 = mean H || max # Y, (6)

s where H) = {hl(.l) i =1,..,N (l)}, mean and max operate elementwisely,
1o and || denotes concatenation. To retain information of a graph in a vector, we
o concatenate both mean and max summarization for a more informative graph-
1 level representation. The final summary vector is obtained as the concatenation
12 of all those summaries (i.e. z = 2z || 23 || --- || 2(7)) and it is submitted to a
w3 MLP for obtaining final predictions.
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w 2.3 Putting Layers Together and Loss Functions

ws  All in all, the architecture (as shown in Fig. consists of two kinds of layers.
e The input is the weighted graph with its node attributes constructed from fMRI.
w - We form a two-layer GNN block starting with ROI-aware node embedding by
s the proposed Ra-GNN layer in Section followed by the proposed R-pool
e layer in Section The whole network sequentially concatenates these GNN
1o blocks, and readout layers are added after each GNN block. The final summary
11 vector concatenates all those summaries, and an MLP is applied after that to
12 give final predictions. Now we describe the loss function for the neural network.
183 The classification loss is the cross entropy loss:

1 M
Lee= M Z Zym,c IOg(ym,c)u (7)

m=1c=1

18 where M is the number of instances, C' is the number of classes, Y. is the
15 ground truth label and ¢,,. is the model output.
186 We add several loss terms to regulate the learning process and control the
17 interpretability. First, as we mentioned in Section to avoid the problem of
188 identifiability, we propose unit loss:

Liie = (w2 = 1) (8)
w  Note that () in Eq. is computed from the input H®. Therefore, for different
w inputs H®), the selected entries of §) can be very different. For our application,
1 we want to find the common patterns/biomarkers for a certain neuro-prediction
w2 task. Thus, we add regularization to force the §) vectors to be similar for differ-
193 ent input instances after the first pooling layer and call it group-level consistency
v (GLC). We do not constrain GLC for the second pooling layer because the nodes
15 after the first pooling layer in different graphs might be different.

196 In each training batch, suppose there are M instances, which can be parti-
w  tioned into C' subsets based on the class labels, Z. = {m :m=1,..., M,y =
ws 1}, for ¢ = 1,...,C. And y,, . = 1 indicates the m*" instance belonging to

o class ¢. We form the scoring matrix for the instances belonging to class ¢ as
w0 S = [é(-l) 2 € T)T € RMeXN | where M, = |Z.|. The GLC loss can be

K3
20 expressed as:

C
~(1 ~(1
ose =3 3 14 1

c=11i,j€T,

C
=3 {2m((S1)TDeSD) — 2Tx((S) W)} ©)
c=1

C
=2 Tr((SM)TLSW),

c=1


https://doi.org/10.1101/2020.05.16.100057

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.16.100057; this version posted May 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

BrainGNN: Interpretable Brain Graph Neural Network for fMRI Analysis 9

22 where W, is a M, x M, matrix with all 1s, D, is a M, x M, diagonal matrix with
203 M, as diagonal elements, and L, = D, — W, is a symmetric positive semidefinite
204 matrix [m

205 In addition, we hope the top k selected indicative ROIs should have signifi-
26 cantly different scores than those of the unselected nodes. Ideally, the scores for
207 the selected nodes should be close to 1 and the scores for the unselected nodes
28 should be close to 0. To achieve this, we rank Slgmmd(sg,ll ) for the mth instance
200 in a descending order, denote it as é%) =[s 5,?1, ceey 37(711)1\[”)], and apply a con-

20 straint to all the M training instances to make the values of s more dispersed.

an - We define TPK loss using binary cross-entropy as:

1n 1 NS
L}PK =— Z N— log(s,, Z log(1 — sm zJrk)) (10)
1

m:l =

a2 We show the kernel density estimate plots of normalized node pooling scores

a3 (indication of the importance of the nodes) changing over the training epoch

a4 in Fig. [3| when k = %N(l). It is clear to see that the pooling scores are more

25 dispersed over time, Hence the top 50% selected nodes have significantly higher
importance scores than the unselected ones.

Kernel density distribution plot Kernel density distribution plot
7 —— epoch0 40 —— epoch0
—— epoch5 —— epoch5
6 —— epochl0 35 —— epochl0
—— epoch20 —— epoch20
5 —— epoch50 30 —— epoch50
—— epoch95 —— epoch95

Density

X . 0.0 0.2 0.4 0.6 0.8 10
Normalized pooling scores Normalized pooling scores

(a) The change of the distribution of node (b) The change of the distribution of node
pooling scores § of the 1st R-pool layer pooling scores § of the 2nd R-pool layer
over 100 training epochs. over 100 training epochs.

Fig.3: Effect of TopK pooling (TPK) loss. With the TPK loss regularization,
the node pooling scores of the selected nodes and those of the unselected nodes
become significantly separate.

216
217
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218 Finally, the final loss function is formed as:
L L
Liotar = Lee + 3 ALY + 3 AL + AsLare, (11)
1=1 1=1

20 where \’s are tunable hyper-parameters, [ indicates the I** GNN block and L
20 is the total number of GNN blocks. GLC loss is only calculated based on the
a1 pooling scores of the first pooling layer.

2 2.4 Interpretation from BrainGNN

23 Community Detection from Convolutional Layers The important contri-
24 bution of our proposed ROI-aware convolutional layer is the implied community
»s  clustering patterns in the graph. Discovering brain community patterns is crit-
26 ical to understanding co-activation and interaction in the brain. Revisiting Eq.
227 , ajj provides the membership of ROI i to community j. The community
»s assignment is soft and overlaid. It is similar to tensor decomposition-based com-
2o munity detection methods, such as PARAFAC [7], that decompose the tensor
20 to discover overlapping functional brain networks. Parameter a;" can be seen
2 as the loading vector in PARAFAC that presents the membership of each node
2 to a certain community. Hence, we consider region 7 belongs to community j
s if iy > p(eg) + o(eg) [29]. This gives us a collection of community indices
24 indicating region membership {7; C {1,..., N}:j=1,...,K}.

25 Biomarker Detection from Pooling Layers Without the added TPK loss
2 (Eq. ), the significance of the nodes left after pooling cannot be guaranteed.
2 With TPK loss, pooling scores are more dispersed over time, hence the selected
28 nodes have significantly higher importance scores than the unselected ones. The
20 strength of the GLC loss controls the tradeoff between individual-level interpre-
20 tation and group-level interpretation. On the one hand, for precision medicine,
2 individual-level biomarkers are desired for planning targeted treatment. On the
22 other hand, group-level biomarkers are essential for understanding the common
23 characteristic patterns associated with the disease. We can tune the coefficient
24 Az to control different levels of interpretation. Large A3 encourages selecting
us  similar nodes, while small A3 allows various node selection results for different
26 instances.

«r 2.5 Datasets

2s  Two independent datasets, the Biopoint Autism Study Dataset (Biopoint) [44]
20 and the Human Connectome Project (HCP) 900 Subject Release [42], are used
0 in this work. For the Biopoint dataset, the aim is to classify Autism Spectrum
2 Disorder (ASD) and Healthy Control (HC). For the HCP dataset, the aim is
s to classify 7 task states - gambling, language, motor, relational, social, working
23 memory (WM), emotion.
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¢+  Biopoint Dataset The Biopoint Autism Study Dataset [44] contains 72 ASD
255 children and 43 age-matched (p > 0.124) and IQ-matched (p > 0.122) neurotyp-
26 ical healthy controls (HCs). For the fMRI scans, subjects perform the ”biopoint”
7 task, viewing point-light animations of coherent and scrambled biological motion
2ss in a block design [22] (24s per block).

250 The fMRI data are preprocessed using FSL as follows: 1) motion correction
20 using MCFLIRT, 2) interleaved slice timing correction, 3) BET brain extraction,
21 4) spatial smoothing (FWHM=b5mm), and 5) high-pass temporal filtering. The
»%2 functional and anatomical data are registered to the MNI152 standard brain
23 atlas [44] using FreeSurfer. The first few frames are discarded, resulting in 146
x4 frames for each fMRI sequence.

265 The Desikan-Killiany [I1] atlas is used to parcellate brain images into 84
266 ROIs. The mean time series for each node is extracted from a random 1/3 of
27 voxels in the ROI (given an atlas) by bootstrapping. We augment the data 30
%8 times, resulting in 2160 ASD graphs and 1290 HC graphs separately. Edges are
20 defined by thresholding (top 10% positive) partial correlations to achieve sparse
a0 connections. For node attributes, we concatenate seven handcrafted features: the
an - degree of node, the mean and standard deviation of the task-fMRI time series,
a2 General Linear Model (GLM) coefficients, and Pearson correlation coefficient to
oz node 1 — 84. Pearson correlation and partial correlation are different measures
o of fMRI connectivity. We aggregate them by using one to build edge connec-
s tions and the other to build node features. For the GLM coefficients, they are
s the coefficients of the biological motion matrix, the coefficient of the scramble
a7 motion matrix, and the coeflicients of the previous two matrices’ derivatives in
2z the "biopoint task”. Hence, node feature hgo) e R(7+84),

o HCP Dataset For this dataset, we restrict our analyses to those individuals
20 who participated in all nine fMRI conditions (seven tasks, two rests) with full
s length of scan, whose mean frame-to-frame displacement is less than 0.1 mm
222 and whose maximum frame-to-frame displacement is less than 0.15 mm (n=506;
283 237 males; ages 22-37). This conservative threshold for exclusion due to motion
2 1s used to mitigate the substantial effects of motion on functional connectivity;
25 only left-right (LR) phase encoding run data are considered.

286 fMRI data were processed with standard methods (see [14] for more details)
27 and parcellated into 268 nodes using a whole-brain, functional atlas defined in a
28 separate sample (see [I8] for more details). Task functional connectivity was cal-
29 culated based on the raw task time series: the mean time series of each node pair
20 were used to calculate the Pearson correlation and partial correlation. Matrices
2 were generated for LR phase encoding runs in the HCP data, and these matrices
22 were averaged for each condition, thus generating one 268 x 268 Pearson correla-
23 tion connectivity matrix and partial correlation connectivity matrix per individ-
204 ual per task condition. We define a weighted undirected graph with 268 nodes per
25 individual per task condition resulting in 3542 graphs in total. The same graph
206 construction method as for the Biopoint data was used: nodes represent parcel-
207 lated brain regions, and edges are constructed by thresholding (top 10% positive)
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28 partial correlation. For node attributes, we concatenate three handcrafted fea-
200 tures: degree of node, mean and standard deviation of task-fMRI time series,
w0 and Pearson correlation coefficient to node 1 — 268, as GLM parameters are not
w1 useful for task state classification. Hence, node feature h'®) ¢ R(3+268),

)

w2 2.6 Implementation Details

s We trained and tested the algorithm on Pytorch in the Python environment
s4  using a NVIDIA Geforce GTX 1080Ti with 11GB GPU memory. The model
ss  architecture was implemented with 2 conv layers and 2 pooling layers as shown
ws  in Fig. [2al with parameter N = 84, K1) = K(2) =8 4 = 91,d") = 16,d? =
w  16,C = 2 for the Biopoint dataset and N = 268, K() = K2 = 8 40 =
0 271,dY) = 32,d® = 32,C = 7 for HCP dataset. The pooling ratio is 0.5.
309 /\gl) and /\§2) were fixed to 1. The motivation of K = 8 comes from the eight
s functional networks defined by Finn et al. [14].

311 We will discuss the variation of )\(21), )\52) and Az in Section We randomly
sz split the data into five folds based on subjects, which means that the graphs
a3 from a single subject can only appear in either the training or testing dataset.
su  Four folds were used as training data, and the left-out fold was used for testing.
;s Adam was used as the optimizer. We trained BrainGNN for 100 iterations with
sis  an initial learning rate of 0.001 and annealed to half every 20 epochs. Each
aiv batch contained 400 graphs for Biopoint data and 100 graphs for HCP data.
sis The weight decay parameter was 0.005.

a2 3  Results

20 3.1 Ablation Study and Hyperparameter Discussion

s Ablation studies were performed to investigate the ROI-aware graph convolu-
s tional mechanism. We compared our proposed Ra-GNN layer with the strategy
a3 of directly learning embedding kernels W. We denoted the alternative strat-
2 egy as 'GNN.” We tuned the coefficients (/\él) - /\éQ) — A3) in the loss function

»s  in Eq. . )\él) and )\gz) encouraged more separable node importance scores
a6 for selected and unselected nodes after pooling. A3 controlled the similarity of
a7 the nodes selected by different instances, which could control the level of in-
s terpretability between individual-level and group-level. Small A3 would result
29 in variant individual-specific patterns, while large A3 would force the model to
a0 learn common group-level patterns. As task classification on HCP could achieve
s consistently high accuracy over the parameter variations, we only showed the
s results on the Biopoint dataset in Fig. ] to better examine the effect of model
333 variations.

334 First, we investigated the effects of A3 on the accuracy, as a suitable range
a5 of A3 should be determined in order to not sacrifice model accuracy. In Fig.
336 )\gl) and )\gQ) were fixed to 0. We noticed that the results were stable to the
s variation of A3 in the range 0 - 0.5. When A3 = 1, the accuracy dropped. The
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ss  accuracy reached the peak when A3 = 0.1. As the other deep learning models
10 behaved, BrainGNN was overparameterized. Without regularization (A3 = 0),
s the model was easier to overfit to the training set, while larger regularization
s on consistency might result in underfitting on the training set. Next, we fixed
342 /\gl) = /\52) = 0.1 and varied A3 again. As the results presented in Fig. the
a3 accuracy dropped if we increased Az after 0.2, which followed the same trend
aus  in Fig. However, the accuracy under the setting of A3 = 0 was better than
us  that in Fig. Probably the As terms worked as regularization and mitigated
s6  the overfitting issue. Then, we fixed A3 = 0.1 and varied )\gl) and /\gz) from

a7 0—0.5. As the results shown in Fig. when we increased )\gl) and AéQ) to 0.2,
us  the accuracy slightly dropped, while the accuracy sharply dropped when they
s were increased to 0.5. For the following baseline comparison experiments, we set
s AL = AP A5 to be 0.1 — 0.1 — 0.1. As the results shown in Fig. [l Ra-GNN
s overall outperformed the GNN strategy under all the parameter settings. The
32 reason could be better node embedding from multiple embedding kernels in Ra-
13 GNN, as the traditional GNN strategies treated ROIs (nodes) identically and
s used the same kernel for all the ROIs. Hence, we claim that Ra-GNN can better
s characterize the heterogeneous representations of brain ROlIs.

s 3.2 Comparison with Baseline Methods

s7 First, we compared our method with traditional machine learning (ML) methods
s for fMRI analysis, which took vectorized correlation matrices as inputs. The ML
30 baseline methods included Random Forest (1000 trees), SVM (RBF kernel), and
0 MLP (2 layers with 20 hidden nodes). Second, we compared our method with
s the state-of-the-art deep learning (DL) methods, including BrainNetCNN [24],
s and other GNN methods: 1) replace Ra-GNN layer with the graph convolutional
w3 layers in Li et al. [28], 2) GraphSAGE [19] and 3) GAT (1 head) [43]. It is worth
s« noting that GraphSAGE [19] and GAT [43] did not take edge weights in the ag-
s gregation step of the graph convolutional operation. The inputs of BrainNetCNN
w6 were correlation matrices. We used the parameter settings indicated in the orig-
s7  inal paper [24]. The inputs of the alternative GNN methods were the same as
s the inputs of BrainGNN and the hyper-parameter settings for the graphconv,
w0 pooling and MLP layers were the same as BrainGNN. The comparison results
s are shown in Fig. [f]

371 Our BrainGNN outperformed alternative models. The improvement may re-
sz sult from two causes. First, due to the intrinsic complexity of fMRI, complex
sz models with more parameters are desired, which also explains why CNN and
sn GNN-based methods were better than SVM and random forest. Second, our
a5 model utilized the properties of fMRI and community structure in the brain net-
s work and thus potentially modeled the local integration more effectively. Com-
s pared to alternative machine learning models, BrainGNN achieved significantly
sis  better classification results on two independent task-fMRI datasets. What is
;0 more, BrainGNN does not have the burden of feature selection, which is needed
s0 in traditional machine learning methods. Also, BrainGNN needs only 10 — 30%
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Fig. 4: Ablation study comparison of ROI-aware GNN (Ra-GNN) and GNN with-
out ROI embedding (GNN).
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Fig.5: Comparison of the classification accuracy of different baseline models.
Classification accuracies of a 5-fold cross-validation study are depicted. The num-
ber of trainable parameters (fPar) of the deep learning models are denoted on
the top of each model in red.
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;1 of the number of parameters compared to MLP and less than 3% of the number
sz of parameters compared to BrainNetCNN. Hence, BrainGNN is more suitable
;3 as a deep learning tool for fMRI analysis, as sample size is often limited.

s 3.3 Different Levels of Interpretation On Salient ROIs

;s Our proposed R-pool can prune the uninformative nodes and their connections
s from the brain graph based on the learning tasks. In other words, only the
se7  salient nodes would be kept/selected. We investigated how to control the level
s of interpretation by tuning the coefficient A3 that was associated with GLC loss.
0 As we discussed in Section large A3 led to group-level interpretation and
s small A3 led to individual-level interpretation. As we discussed in Section [3.1
s when A3 is too large, the regularization might hurt the model accuracy. We
s put forth the hypothesis that reliable interpretation can only be guaranteed in
33 terms of a model with high classification accuracy. Hence, the interpretation was
s restricted to models with fixed )\él), )\52) and varying A3 from 0 to 0.5 based on
s our experiments in Section Without losing the generalizability, we showed
w6 the salient ROI detection results of 3 randomly selected ASD instances from
w7 the Biopoint dataset in Fig. []] We showed the remaining 21 ROIs after the
s 2nd R-pool layer (with pooling ratio = 0.5, 25% nodes left) and corresponding
30 pooling scores. As shown in Fig. @(a), when A3 = 0, overlapped areas among
w0 the three instances were rarely to be found. In Fig. @(b—c), we circled the big
s overlapped areas across the three instances. By visually examining the salient
w2 ROIs, we found three overlapped areas in Fig. @(b) and five overlapped areas
w3 in Fig. @(c) As proposed in Section by tuning A3, BrainGNN could achieve
s different levels of interpretation.

w05 3.4 Validating Salient ROIs

ws To summarize the salient ROIs over the five cross-validation folds, we averaged
207 the node pooling scores after the 1st R-pool layer for all subjects across all
w8 folds per class. The top 20 salient ROIs were kept. We did not interpret the
w0 model from the 2nd R-pool layer as we did in Section because the nodes
a0 left after the 1st R-pool layer may not be the same for different graphs. There-
a  fore, it was infeasible to average the pooling scores without padding 0 scores to
a2 the unselected nodes. To validate the neurological significance of the result, we
a3 used Neurosynth [52], a platform for fMRI data analysis. Neurosynth collects
s thousands of neuroscience publications and provides meta-analysis, finding the
a5 keywords and their associated statistical images. The decoding function on the
ss  platform calculates the correlation between the input image and each functional
a7 keyword’s meta-analysis images.

418 In Fig. a—b), we displayed the salient ROIs associated with HC and ASD
a0 separately. Putamen, thalamus, temporal gyrus and insular, occipital lobe were
20 selected for HC; frontal gyrus, temporal lobe, cingulate gyrus, occipital pole, and
w21 angular gyrus were selected for ASD. Hippocampus and temporal pole were im-
22 portant for both groups. The bar-chart in Fig. [7|(c) illustrated the meta-analysis
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Fig.6: The 21 selected salient ROIs of three different ASD individuals with
different weights A3 associated with group-level consistency term Lgrc. The
color bar ranges from 0.1 to 1. The bright-yellow color indicates a high score,
while dark-red color indicates a low score. The common detected salient ROIs
across different individuals are circled in blue.

23 on the functional keywords implied by the top 21 salient regions in HC and
w20 ASD groups using Neurosynth. We selected ‘semantic’, ‘comprehension’; ‘so-
s cial’, ‘memory’, ‘navigating’, ‘default’ and ‘visual’ as the functional keywords,
w26 which were related to the Biopoint task [44]. We named the selected ROIs as the
w7 biomarkers for identifying each group. Recall that these topics reflected unbiased
28 and aggregated findings across the fMRI literature. The functional dimensions
a0 in Fig. EKC) exposed a clear functional distinction between the two groups in task
a0  fMRI decoding results. A higher value indicated a larger correlation to the func-

s tional keywords. Specifically, the biomarkers for HC corresponded to the areas of
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Fig. 7: Interpreting salient ROIs for classifying HC vs. ASD using BrainGNN
(a-b) and decoding correlation scores of ROIs associated with the functional

keywords using Neurosynth (c).
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Fig. 8: Interpreting salient ROIs associated with classifying seven tasks (a-g) and
decoding their correlation scores associated with the functional keywords using
NeuroSynth (h). ‘SELF’ indicates the correlation score to the fMRI’s real task
category, and 'AVG(Others)’ indicates the average of the scores to the other task
categories.

a2 clear deficit in ASD, such as social communication, perception, and execution. In
43 contrast, the biomarkers of ASD mapped to implicated activation-exhibited areas
s in ASD: default mode network [5] and memory [4]. This conclusion is consistent
15 both with behavioral observations when administering the fMRI paradigm and
s with a prevailing theory that ASD includes areas of cognitive strengths amidst
«r the social deficits [37U47121].

438 In Fig. a—g), we listed the salient ROIs associated with the seven tasks for
a0 the HCP dataset. We selected ‘gambling’, ‘language’, ‘motor’, ‘relational’, ‘so-
wo  clal’; ‘working memory’ (WM) and ‘emotion’ as the functional keywords, which
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s were exactly the functional design of the 7 tasks. The bar-chart in Fig. |8 (h) il-
w2 lustrated the meta-analysis on functional keywords implied by the top 21 salient
w3 regions corresponding to the seven tasks using Neurosynth. In all the seven tasks,
ws  salient ROIs corresponding to each task had higher Neurosynth score than the
ws average of other tasks. The finding suggests that our algorithm identified ROIs
ws  that are key to distinguish between the 7 tasks. For example, the anterior tempo-
a7 ral lobe and temporal parietal regions are selected for the social task, which are
us  typically associated with social cognition [3T38]. Our findings also have overlaps
s with the task decoding results in recent works [47].

0 3.5 Node Clustering Patterns in Ra-GNN layer

1 1 P

(b) HCP

Fig.9: ROI clustering learned from 6; parameter from Ra-GNN layer. Different
colors denote different communities.

451 We clustered all the ROIs based on the kernel parameter aj'j (learned in Eq.
w2 (3) of the 1st Ra-GNN layer and showed the node clustering results for Biopoint
s and HCP data in Fig. [9a] and Fig. [9b] respectively. We used t-SNE [30] to visual-
4 ize the raw node features of ASD in each community in Fig. and their latent
ss  space embedded by the first Ra-GNN layer in Fig. The node representa-
s6  tions in different communities were distinguishable, and the difference of node
w7 representations within the same community were magnified, which corroborated
s our assumption in Section [2.2] that different kernels accentuated diversified node
o representations in different communities. Similar patterns were observed in the
w0  HCP dataset.
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Fig. 10: t-SNE embedding for node features of ASD group in different communi-
ties, each color indicates a community. Before Ra-GNN layer, the node features
are not distinguishable, while the nodes in different communities are more dis-
tinguishable after convolution by the Ra-GNN layer. Also, the spurting pattern
in (b) demonstrates that the nodes in the same community have different rep-
resentation that are more distinguishable from the other communities.

w 4 Discussion

2 In this paper, we propose a graph learning model, BrainGNN;, for brain network
w3 analysis, that not only can perform prediction but also can be interpretable.
s We tested the algorithms on two datasets, Biopoint and HCP, to classify brain
ws networks. Our main contributions are summarized as follows: 1) We formulate
w6 an end-to-end framework for fMRI prediction and biomarker interpretation. The
w7 methods can be generalized to general neuroimaging analysis; 2) We propose an
ws  ROI-aware GNN for brain graph node (ROI) embedding, which is parameter-
wo  efficient (Section and interpretable for node clustering. Unlike other fMRI
a0 analysis methods that employ clustering as a preprocessing step to reorder nodes,
m  BrainGNN learns the node grouping and extracts graph features jointly; 3) We
2 modify topK pooling [I5] for informative node selection and introduce a novel
a3 regularization term, topK pooling (TPK) loss (Section , to encourage more
a2 reasonable node selection; 4) By regulating intermediate outputs with a novel
w5 loss term, group-level consistency (GLC) loss, BrainGNN provides the flexibility
as  to choose between individual-level and group-level explanations. To the best of
a7 our knowledge, we have not seen any previous research that provides flexible
ws  individual-level to group-level interpretation in GNN (Section .

w 4.1 Deep Learning Methods for f/MRI Prediction

w0 Deep learning is a promising data-driven tool to automatically learn complex
w1 feature representations in large data. Several deep learning approaches exist to
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w2 understand the human brain network [I3I36/49]. A variety of deep methods have
3 been applied to fMRI connectome data, such as the feedforward neural net-
s works (FNN) [34], long short-term memory (LSTM) recurrent neural networks
w5 [9], and 2D convolutional neural networks (CNN) [24]. However, these exist-
s ing deep learning methods for fMRI analysis usually require around millions of
w7 parameters to learn due to the high dimensionality of fMRI connectome, thus
w8 larger datasets are required to train the models. Compared with the above men-
a0 tioned deep learning methods, GNNs require many fewer parameters and are
w0 designed for graph-structured data analysis. Hammond et al. [20] proposed a
a1 spectral graph convolution which defines convolution for graphs in the spectral
w2 domain. Later, Defferrard et al. [10] simplified spectral graph convolution to a
w3 local form and Kipf et al. introduced the Graph Convolutional Neural Network
s (GCN) [27] which provided an approximated fast computation. Hamilton et al.
ws  [19] proposed another variant of graph convolution in the spatial domain that
a6 improves GCN’s scalability by using sampling-based neighborhood aggregation
w7 and applies GCN to inductive node embedding. Different from the GNN methods
ws  mentioned above, our proposed BrainGNN includes novel ROI-aware Ra-GNN
w0 layers that efficiently assign each ROI an unique kernel, revealing ROI commu-
s0 nity patterns and novel regulation terms (unit loss, GLC loss and TPK loss)
sa for pooling operation that regulate the model to select salient ROIs. BrainGNN
s2  shows superior prediction accuracy for ASD classification and brain states de-
s coding compared to the alternative machine learning, FCN, CNN and GNN
s« methods. As it is shown in Fig [5)), BrainGNN improves average accuracy be-
sos  tween 3% and 20% for ASD classification on Biopoint dataset and achieves an
sis average accuracy of 93.4% on a seven-class task states classification on HCP
sor dataset.

s 4.2 Group-level and Individual-level Biomarker Analysis

so0  Despite the high accuracy achieved by deep learning models, a natural ques-
sio tion that arises is if the decision making process in deep learning models can
su  be interpretable. One common property of linear regression and random forest
sz is their interpretability of feature importance. For example, the coefficient of
si3 linear regression model and the Gini impurity gain associated with each feature
s in random forest can be seen as the importance scores of features. Data fea-
515 ture importance estimation is an important approach to understand both the
si5. - model and the underlying properties of data. From the brain biomarker detec-
si7 - tion perspective, understanding salient ROIs associated with the prediction is
si8 - an important approach to find the biomarkers, where the indicative ROIs could
s be candidate biomarkers.

520 Although deep learning model visualization techniques have been developed
sa for convolution neural networks (CNNs), those methods are not directly appli-
s22  cable to explain weighted graphs with node features for the graph classification
s task. A few works [26/50051] have discussed interpretable GNN models, where
s2  the internal model information such as weights or structural information can be
s»s  accessed and inferred as group-level patterns for training instances only. Other
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s works have been used for explaining GNNs using post-hoc interpretation meth-
s2v ods [35BI53]. These post-hoc methods usually work by analyzing individual fea-
s ture input and output pairs, which limits their explainability to individual-level
s20 only. Few GNN studies have explored both individual-level and group-level ex-
s planations, which are critical in neuroimaging research.

531 Here, we use model interpretability to address the issue of group-level and
s2  individual-level biomarker analysis. In contrast, without additional post-processing
s steps, the existing methods of fMRI analysis can only either perform individual-
s level or group-level functional biomarker detection. For example, general linear
s model (GLM), principal component analysis (PCA) and independent component
s3 analysis (ICA) are group-based analysis methods. Some deterministic models
s like connectome-based predictive modeling (CPM) [40/16] and other machine
ss  learning based methods provide individual level-analysis. However, the model
s39  flexibility for different-levels of biomarkers analysis might be required by dif-
ss0  ferent users. For precision medicine, individual-level biomarkers are desired for
sa planning targeted treatment, whereas group-level biomarkers are essential for
s2  understanding the common characteristic patterns associated with the disease.
s To fill the gap between group-level and individual-level biomarker analysis, we
s introduce a tunable regularization term for our graph pooling function. By ex-
ses  amining the pairs of inputs and intermediate outputs from the pooling layer,
s our method can switch freely between individual-level and group-level explana-
sz tion under the control of the regularization term by end-to-end training. A large
sis  regularization parameter encourages interpreting common biomarkers for all the
se0  instances, while a small regularization parameter allows different interpretation
ss0  for different instances.

551 We believe that BrainGNN is the first work that uses a single framework
ss2 to transition between individual- and group-level analysis, filling the critical
553 interpretation gap in fMRI analysis. The biomarker interpretation results can
s« further help research in ASD and possibly generalize to rare diseases where there
sss  are few patients available, as it provides individual- to group-level biomarker
ss6  associations.

ss7 4.3 BrainGNN as A Tool for Neuroimaging Analysis

sss  Our proposed BrainGNN can be a research tool to identify autism biomarkers
sso  using whole-brain fMRI. Our proposed method will help support efforts to better
sso understand the neural underpinnings of ASD, which is much needed in the field.
ss1 A more precise understanding of the neural underpinnings will guide treatment
ss2 approaches and help with the development of novel treatments, particularly in-
53 novative pharmacological interventions. It will also support the classification of
sse  subjects in research towards more homogeneous samples, which will increase
s6s  power. The proposed method also provides researchers with the opportunity to
s study neural network decisions. The challenge in applying deep models to neu-
ss7 roimaging research is the black box feature of this approach: no one knows what
ss  the deep network is doing. Our proposed method is not only helpful for under-
seo  standing the model mechanism, but also crucial for deciphering the human brain
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s network. The highly accurate results can furthermore help with classification and
sn diagnosis of neuropsychiatric diseases [33].

sz 4.4  Limitation and Future Work

sz The pre-processing procedure performed in Section was one possible way of
sz obtaining graphs from fMRI data, as demonstrated in this work. One meaning-
55 ful next step is to use more powerful local feature extractors to summarize ROI
st information, such as embedding raw fMRI time series. A joint end-to-end train-
s ing procedure that dynamically extracts graph node features from fMRI data
ss 1s challenging, but an interesting direction. Also, in the current work, we only
s tried a single atlas for each dataset. In brain analysis, the reproducibility and
so0 consistency of the methods are important [48/I]. For ROI-based analysis, usu-
s ally different atlases lead to different results [8]. It is worth further investigating
ss2  whether the classification and interpretation results are robust to the choice of
ss3 the atlas. Although we discussed a few variations of hyperparameters in Sec-
ss«  tion 3.1} more variations should be studied, such as pooling ratio, the number
sss  Oof communities, the number of convolutional layers, and different readout op-
ses  erations. In future work, we will explore the connections between the Ra-GNN
ss7  layer and the tensor decomposition-based clustering methods and the patterns
sss of ROI selection and ROI clustering. For better understanding of the algorithm,
ss0  we aim to work on quantitative evaluations and theoretical studies to explain
so  the experimental results.

s« b Conclusions

se2 In this paper, we propose BrainGNN, an interpretable graph neural network for
s3  fMRI analysis. BrainGNN takes graphs built from neuroimages as inputs, and
se  then outputs prediction results together with interpretation results. We applied
s BrainGNN on Biopoint and HCP fMRI datasets. With the built-in interpretabil-
sos  ity, BrainGNN not only performs better on prediction than alternative methods,
s but also detects salient brain regions associated with predictions and discovers
se  brain community patterns. Overall, our model shows superiority over alternative
seo  graph learning and machine learning classification models. By investigating the
eo selected ROIs after R-pool layers, our study reveals the salient ROIs to identify
s autistic disorders from healthy controls and decodes the salient ROIs associated
ez With certain task stimuli. Certainly, our framework is generalizable to analysis of
o3 other neuroimaging modalities. The advantages are essential for developing pre-
eas cision medicine, understanding neurological disorders, and ultimately benefiting
s Tneuroimaging research.
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