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A B S T R A C T

MRI-derived brain networks have been widely used to understand functional and structural interactions among
brain regions, and factors that affect them, such as brain development and diseases. Graph mining on brain
networks can facilitate the discovery of novel biomarkers for clinical phenotypes and neurodegenerative
diseases. Since brain functional and structural networks describe the brain topology from different perspec-
tives, exploring a representation that combines these cross-modality brain networks has significant clinical
implications. Most current studies aim to extract a fused representation by projecting the structural network
to the functional counterpart. Since the functional network is dynamic and the structural network is static,
mapping a static object to a dynamic object may not be optimal. However, mapping in the opposite direction
(i.e., from functional to structural networks) are suffered from the challenges introduced by negative links
within signed graphs. Here, we propose a novel graph learning framework, named as Deep Signed Brain Graph
Mining or DSBGM, with a signed graph encoder that, from an opposite perspective, learns the cross-modality
representations by projecting the functional network to the structural counterpart. We validate our framework
on clinical phenotype and neurodegenerative disease prediction tasks using two independent, publicly available
datasets (HCP and OASIS). Our experimental results clearly demonstrate the advantages of our model compared
to several state-of-the-art methods.
1. Introduction

Recent years have witnessed great progress in applying graph theory
to study MRI-derived brain networks, to discover novel biomarkers for
clinical phenotypes or neurodegenerative diseases (e.g., Alzheimer’s
disease or AD) (Hao et al., 2013; Uludağ and Roebroeck, 2014;
alhoun and Sui, 2016; Rusinek et al., 2003). Different MRI techniques
can be used to reconstruct brain networks corresponding to different
aspects of the brain organization or dynamics (Qi et al., 2015; Wierenga
t al., 2016; Fornito et al., 2016). For example, functional MRI-derived
functional networks provide measures of BOLD signals’ relationships
over time between brain regions but cannot guarantee the existence
of physical neuronal links among those regions (Bathelt et al., 2013;
Fischer et al., 2014). By contrast, diffusion MRI-derived structural
network describes white matter tracts between brain regions, yet does
not inform us about whether this tract, or the regions it connects,
are ‘‘activated’’ or ‘‘not activated’’ in a specific state (Sotiropoulos

∗ Corresponding authors.
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and Zalesky, 2019; Yeh et al., 2021; Soares et al., 2013; Tang et al.,
2022a). Therefore, different types of brain networks provide distinct
but complementary information, and separately analyzing each of these
networks may be suboptimal.

Graph neural networks (GNNs) (Kipf and Welling, 2016a; Veličković
et al., 2017) have gained enormous attentions recently. Although many
progresses (Kawahara et al., 2017; Ktena et al., 2018; Sserwadda and
Rekik, 2021; Zhang et al., 2020b; Bessadok et al., 2019b,a; Zhang and
Huang, 2019; Yan et al., 2019; Tang et al., 2021) have been made
by applying GNNs to brain networks, most existing techniques are
developed based on single-modality brain networks. It is well known
that a high-level dependency, based on network communications, exists
between brain structural and functional networks (Ajilore et al., 2013;
Rusinek et al., 2003; Bullmore and Sporns, 2012; Korthauer et al., 2018;
Calamante, 2017; Ge et al., 2013; Lv et al., 2010, 2011; Huang et al.,
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2019), which has motivated many studies (Zhang et al., 2020b; Huang
nd Ding, 2016; Finger et al., 2016; Zhu et al., 2021; Dsouza et al.,
021; Zhang et al., 2021) to integrate multimodal brain networks by
onstructing a projection between them using GNNs (e.g., Zhang et al.,
020b). However, most existing studies aim to reconstruct functional
etworks from brain structural counterparts (Zhang et al., 2020b; Bao
t al., 2020; Huang and Ding, 2016; Finger et al., 2016). Mapping a
tatic object (i.e., structural network) to a dynamic one (i.e., functional
etwork) may not be an optimal solution since the static object is
etter served as the template. Very few studies have been conducted
or the opposite mapping (i.e., from functional to structural networks),
hich mainly due to that current GNNs focus on unsigned graphs
i.e., structural networks in which all edge weights are non-negative)
hile brain functional network is a signed graph by definition (includ-
ng entries that denote negative correlations); as such, these negative
etwork edges may undermine the mechanism of information aggre-
ation in current GNNs (Derr et al., 2018). Some pioneering studies
e.g., Zhang et al., 2022, 2020a) convert signed functional networks
o non-negative networks using absolute or threshold operations and
uccessfully applied GNNs to embed those non-negative functional
etworks to reconstruct structural networks. However, those negative
dges contains important information to explore the dynamics in brain
unctional networks and several studies have demonstrated the pos-
ibility that negative edges are related to large-scale modulation and
nhibition (Liang et al., 2012; Gopinath et al., 2015; Zhan et al., 2017;
onrin et al., 2018; Derr et al., 2018; Gu et al., 2019; Fortel et al., 2020;
ang et al., 2022b). Therefore, these negative edges are of significant
iological meanings and removing them will completely alter brain
unctional network’s topological structure, which leads to suboptimal
utcomes. We demonstrate this in Section 5.5.
To tackle this, we propose a new framework to encode the signed

raphs, and apply this framework to encode brain functional networks
o corresponding structural networks. Our results on two publicly avail-
ble data demonstrate that the extracted latent network representations
rom our model can be used for different clinical tasks (regression
nd classification) with better performances, compared with baseline
ethods. Our contributions are three-fold:

• We propose an end-to-end network representation learning frame-
work to model brain structural networks from brain functional
networks.

• We propose a signed graph encoder to embed the functional brain
networks.

• We draw graph saliency maps for clinical tasks, to enable phe-
notypic and disease-related biomarker detection and aid in the
biological interpretation.

. Data description and preprocessing

Two publicly available datasets were used to evaluate our frame-
ork. The first includes data from 1206 young healthy subjects (mean
ge 28.19 ± 7.15, 657 women) from the Human Connectome Project
Van Essen et al., 2013) (HCP). The second includes 1326 subjects
mean age = 70.42 ± 8.95, 738 women) from the Open Access Series
f Imaging Studies (OASIS) dataset (LaMontagne et al., 2019). Details
f each dataset may be found on their official websites.12 Functional
etwork was reconstructed using the standard pipeline in CONN tool-
ox (Whitfield-Gabrieli and Nieto-Castanon, 2012). In brief, raw EPI
mages were realigned, co-registered, normalized, and smoothed before
nalyses. Confound effects from motion artifact, white matter, and
SF were regressed out of the signal. Functional networks were then
efined using Pearson Correlations of BOLD sequences between pair of
OIs. Structural network was reconstructed using FSL Probtrackx and

1 https://www.oasis-brains.org
2 https://wiki.humanconnectome.org
2

𝑣

Bedpostx functions (Behrens et al., 2007). In our study, up to three
fibers were modeled per voxel. We chose all voxels with 𝐹𝐴 ≥ 0.2 as the
seeds. Probtrackx was run on each individual seed voxel and repeatedly
samples from the voxel-wise principal diffusion directions. This builds
a distribution on the likely tract location and path, given the data.
1000 iterations were run to ensure convergence of the Markov chains,
from which the posterior distributions of the local estimate of the fiber
orientation distribution were sampled. For the HCP data, both networks
have a dimension of 82 × 82 based on Destrieux atlas (Destrieux
et al., 2010). For the OASIS data, both networks have a dimension of
132 × 132 based on the Harvard-Oxford Atlas (Desikan et al., 2006)
and AAL Atlas (Tzourio-Mazoyer et al., 2002). We deliberately chose
different network resolutions for HCP and OASIS, to evaluate whether
the performance of our new framework is affected by the network
dimension or atlas. Both network reconstruction procedures have been
comprehensively verified in our previous studies (Zhan et al., 2015;
orthauer et al., 2018).

. Preliminaries of signed brain networks

A brain network is an attributed and weighted graph 𝐺 = {𝑉 ,𝐸} =
𝐴,𝑋) with 𝑁 nodes, where 𝑉 = {𝑣𝑖}𝑁𝑖=1 is the set of graph nodes
epresenting brain regions, and 𝐸 = {𝑒𝑖,𝑗} is the edge set. 𝑋 ∈ 𝑁×𝑑

s the node feature matrix where 𝑥𝑖 ∈ R1×𝑑 is the 𝑖−th row of 𝑋
epresenting the node feature of 𝑣𝑖. 𝐴 ∈ R𝑁×𝑁 is the adjacency
atrix where 𝑎𝑖,𝑗 ∈ R represents the weights of the edge between
𝑖 and 𝑣𝑗 . In signed brain networks (i.e., brain functional networks),
𝑖,𝑗 ∈ (−∞,+∞), while in unsigned brain networks (i.e., brain structural
etworks), 𝑎𝑖,𝑗 ∈ [0,+∞). We use 𝐺𝐹 = (𝐴𝐹 , 𝑋𝐹 ) and 𝐺𝑆 = (𝐴𝑆 , 𝑋𝑆 ) to
epresent brain functional and structural networks, respectively. Given
specific node 𝑣𝑖 in a signed network, we define their positive and
egative neighbors set as +

𝑖 and −
𝑖 , respectively. Following the

alance theory (Cartwright and Harary, 1956; Derr et al., 2018; Heider,
1946; Li et al., 2020), any node 𝑣𝑗 belongs to the balanced set (denoted
as Γ) of 𝑣𝑖 if the path between 𝑣𝑖 and 𝑣𝑖 contains even number of
negative edges. Otherwise, 𝑣𝑗 belongs to the unbalanced set (denoted
as Υ) of 𝑣𝑖.

4. Methodology

In this section, we first introduce the proposed multi-head signed
graph encoder (SGE). Then, we present an end-to-end framework with
the proposed encoder to reconstruct structural networks from func-
tional networks and perform downstream tasks.

4.1. Signed graph encoder (SGE)

Our SGE consists of a balanced–unbalanced encoder (BUE) head
and a positive–negative encoder (PNE) head. Motivated by the balance
theory in Section 3, the BUE head encodes the graph node to the
latent features with balanced and unbalanced components. Meanwhile,
we split the signed graph into a positive sub-graph and a negative
counterpart. The PNE head encodes these two sub-graphs to generate
the node latent features with positive and negative components. The
yellow and blue boxes in Fig. 1 illustrate the BUE and PNE, respectively.

4.1.1. Balanced-unbalanced encoder (BUE)
We use 𝑇 to denote the encoder layer number and the 𝑇 − 𝑡ℎ layer

of the encoder focuses on aggregating the 𝑇 − 𝑡ℎ hop neighbors of node
𝑣𝑖.3 To improve the generalization of local information aggregation in
brain networks, a dynamic and fluctuating adjustment of aggregation
weights (i.e., brain network edge weights) is arguably more reasonable

3 Hop is a jump describing the node connection in graph. To a target node
, 𝑇 − 𝑡ℎ hop neighbors are the nodes connected to 𝑣 via a path with 𝑇 edges.
𝑖 𝑖

https://www.oasis-brains.org
https://wiki.humanconnectome.org
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Fig. 1. Pipeline of the DSBGM framework, including a signed graph encoder (in red dash blox) scheme with two branches (BUE and PNE encoder heads in yellow and blue box)
for functional network embedding, an inner-product decoder for structural network reconstruction and a downstream task branch for classification and regression.
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and has been advocated during graph learning (Zhang et al., 2020b).
o this end, our BUE is designed based on the concept of graph
ttention (Veličković et al., 2017).
nitial Layer (𝑇 = 1). We initialize balanced and unbalanced node
atent feature components by:
Γ(1)
𝑖 = 𝜎(

∑

𝑗∈+
𝑖

𝛼Γ(1)
𝑖,𝑗 𝑥(0)𝑗 𝑊 Γ(1)), 𝑥Υ(1)

𝑖 = 𝜎(
∑

𝑗∈−
𝑖

𝛼Υ(1)
𝑖,𝑗 𝑥(0)𝑗 𝑊 Υ(1)), (1)

here 𝜎 is a nonlinear activation function (i.e., 𝜎 = 𝑅𝑒𝐿𝑈 (⋅)). We use
(0)
𝑖 to denote the input feature of node 𝑣𝑖 for the first layer and 𝑥(0)𝑖
s initialized by the graph original node features, 𝑥𝑖. 𝑊 Γ(1) and 𝑊 Υ(1)

re trainable weights to generate two latent feature components. 𝛼Γ(1)
𝑖,𝑗

nd 𝛼Υ(1)
𝑖,𝑗 are attention scores of brain nodes from the balanced and

nbalanced set respectively. Following the work in Veličković et al.
2017), we first compute the attention coefficients by:
Γ(1)
𝑖,𝑗 = 𝑎[𝑥(0)𝑖 𝑊 Γ(1), 𝑥(0)𝑗 𝑊 Γ(1)], 𝑒Υ(1)

𝑖,𝑗 = 𝑎[𝑥(0)𝑖 𝑊 Υ(1), 𝑥(0)𝑗 𝑊 Υ(1)] (2)

here 𝑎 is a trainable attentional weight vector and [, ] is a concate-
ation operator. Based on the attention coefficients, we derive the
ttention scores by:

Γ(1)
𝑖,𝑗 =

𝑒𝑥𝑝(𝑒Γ(1)
𝑖,𝑗 )

∑

𝑛∈+
𝑖
𝑒𝑥𝑝(𝑒Γ(1)

𝑖,𝑛 )
, 𝛼Υ(1)

𝑖,𝑗 =
𝑒𝑥𝑝(𝑒Υ(1)

𝑖,𝑗 )
∑

𝑛∈−
𝑖
𝑒𝑥𝑝(𝑒Υ(1)

𝑖,𝑛 )
(3)

ollowing Layers (𝑇 > 1). In the subsequent layers (𝑇 > 1), 𝑥Γ(𝑇 )
𝑖 and

Υ(𝑇 )
𝑖 is generated by:

𝑥Γ(𝑇 )
𝑖 = 𝜎(

∑

𝑗∈+
𝑖 ,𝑘∈−

𝑖

𝛼Γ(𝑇 )
𝑖,𝑗 𝑥Γ(𝑇−1)

𝑗 𝑊 Γ(𝑇 ) + 𝛼Γ(𝑇−1)
𝑖,𝑘 𝑥Υ(𝑇−1)

𝑘 𝑊 Γ(𝑇 ))

Υ(𝑇 )
𝑖 = 𝜎(

∑

𝑗∈+
𝑖 ,𝑘∈−

𝑖

𝛼Υ(𝑇 )
𝑖,𝑗 𝑥Υ(𝑇−1)

𝑗 𝑊 Υ(𝑇 ) + 𝛼Υ(𝑇−1)
𝑖,𝑘 𝑥Γ(𝑇−1)

𝑘 𝑊 Υ(𝑇 )) (4)

here 𝜎 = 𝑅𝑒𝐿𝑈 (⋅). Similarly, we compute 4 attention coefficients as

𝑒Γ(𝑇 )
𝑖,𝑗 = 𝑎[𝑥Γ(𝑇−1)

𝑖 𝑊 Γ(𝑇 ), 𝑥Γ(𝑇−1)
𝑗 𝑊 Γ(𝑇 )]

𝑒Γ(𝑇 )
𝑖,𝑘 = 𝑎[𝑥Υ(𝑇−1)

𝑖 𝑊 Γ(𝑇 ), 𝑥Υ(𝑇−1)
𝑘 𝑊 Γ(𝑇 )]

Υ(𝑇 ) Υ(𝑇−1) Υ(𝑇 ) Υ(𝑇−1) Υ(𝑇 )
3

𝑖,𝑗 = 𝑎[𝑥𝑖 𝑊 ,𝑥𝑗 𝑊 ] t
Υ(𝑇 )
𝑖,𝑘 = 𝑎[𝑥Γ(𝑇−1)

𝑖 𝑊 Υ(𝑇 ), 𝑥Γ(𝑇−1)
𝑘 𝑊 Υ(𝑇 )] (5)

ased on these 4 attention coefficients, we compute 4 attention scores
y:

𝛼Γ(𝑇 )
𝑖,𝑗 =

𝑒𝑥𝑝(𝑒Γ(𝑇 )
𝑖,𝑗 )

∑

Γ(𝑇 )
, 𝛼Γ(𝑇 )

𝑖,𝑘 =
𝑒𝑥𝑝(𝑒Γ(𝑇 )

𝑖,𝑘 )
∑

Γ(𝑇 )
,

Υ(𝑇 )
𝑖,𝑗 =

𝑒𝑥𝑝(𝑒Υ(𝑇 )
𝑖,𝑗 )

∑

Υ(𝑇 )
, 𝛼Υ(𝑇 )

𝑖,𝑘 =
𝑒𝑥𝑝(𝑒Υ(𝑇 )

𝑖,𝑘 )
∑

Υ(𝑇 )
(6)

After we obtain the two latent components, we concatenate them as
the latent features generated by the BUE head by: 𝑥𝐵𝑈𝐸

𝑖 = [𝑥Γ𝑖 , 𝑥
Υ
𝑖 ].

4.1.2. Positive-negative encoder (PNE)
We split the adjacency matrix of the functional network into positive

and negative sub-network pairs (i.e., 𝐺+𝐹 = (𝐴+𝐹 , 𝑋) and 𝐺−𝐹 =
(𝐴−𝐹 , 𝑋)). For each sub-network, we forward it into 𝑇 graph attention
layers (Veličković et al., 2017) to generate the positive and negative
latent feature components (i.e., 𝑥+𝑖 and 𝑥−𝑖 ). As a result, the latent
feature generated by the PNE head can be computed by 𝑥𝑃𝑁𝐸

𝑖 =
[𝑥+𝑖 , 𝑥

−
𝑖 ]. The final fused latent features generated by our SGE can be

computed by: 𝑥𝑖 = [𝑥𝐵𝑈𝐸
𝑖 𝑊 ,𝑥𝑃𝑁𝐸

𝑖 𝑊 ], where 𝑊 is a set of trainable
parameters to control feature dimensions.

4.2. Deep signed brain networks model (DSBGM)

Our DSBGM framework is illustrated in Fig. 1, which includes (1) a
signed graph encoder (SGE) to generate the latent node features from
brain functional networks, (2) a decoder to reconstruct brain structural
networks from latent node features, and (3) Multilayer Perceptrons
(MLP) for downstream tasks.

4.2.1. Structural network reconstruction and downstream tasks
The structural network edges can be reconstructed by an inner-

product decoder (Kipf and Welling, 2016b) as: 𝑎̂𝑆𝑖,𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥⊤𝑖 ⋅ 𝑥𝑗 ),
here the ⋅ is an inner-product operator, ⊤ is vector transpose.
We use a sum function as a global readout operator to obtain

he whole graph representation (i.e., 𝑋 =
∑𝑁 𝑥 ). Then, MLP are
𝐺 𝑖=1 𝑖
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Fig. 2. Cross-modality learning results on the OASIS and HCP data. (A) are the averaged functional networks, (B) and (C) are the mean reconstructed and ground-truth structural
networks. (D) demonstrate that edge weights in the predicted structural network are significantly correlated with the ground truth data (𝑟 = 0.917 with 𝑝 = 0.0129 for OASIS data,
and 𝑟 = 0.945 with 𝑝 = 0.0086 for HCP data.).
d
d
h

used to generate the final classification or regression output (i.e., 𝑦̂ =
𝑀𝐿𝑃 (𝑋𝐺)). Moreover, we use parameters in the last MLP layer and
node latent features 𝑥𝑖 to generate the brain network saliency map
using the Class Activation Mapping (CAM) approach (Pope et al., 2019;
Arslan et al., 2018) for the classification task. Particularly, assume that
he fused latent feature 𝑥𝑖 generated by SGE is in the dimension of
1×𝐷, and the parameters in the last MLP layer (i.e., 𝑊𝑀𝐿𝑃 ) are in
he dimension of 𝐷×𝐶 where 𝐶 is the output dimension. The saliency
alue for node 𝑣𝑖 with respect to each class is computed by: 𝑥𝑖 ⋅𝑊𝑀𝐿𝑃
hich is in the dimension of 1×𝐶 . We compute a saliency value for
ach brain node (i.e., 𝑣𝑖 for 𝑖 ∈ {1, 2,… , 𝑁}) with respect to each
lass to generate a saliency map for the whole brain network. The
enerated saliency map highlights important brain regions based on
aliency values for each class.

.2.2. Loss functions
We summarize the loss functions here for our framework.
Reconstruction Loss. The ground-truth brain structural network is

parse while the reconstructed structural network is fully connected.
o facilitate network reconstruction, in the training stage, we add a
mall perturbation value (𝛿) to the edge weights of the ground-truth
tructural networks (i.e., 𝑎̄𝑆𝑖,𝑗 = 𝑎𝑆𝑖,𝑗 + 𝛿) and build up the reconstruction
oss as 𝑟𝑒𝑐𝑜𝑛 =

1
|𝐸|

∑

𝑖,𝑗 (𝑎̂
𝑆
𝑖,𝑗 − 𝑎̄𝑆𝑖,𝑗 )

2, where |𝐸| is the number of edges.
Supervised Loss. We deploy our framework on both regression and

lassification tasks. For the classification task, we use the negative log
ikelihood loss where 𝑠𝑢𝑝𝑒𝑟 = 𝑁𝐿𝐿𝐿𝑜𝑠𝑠(𝑦̂, 𝑦). For the regression task,
e use 𝐿1 loss where 𝑠𝑢𝑝𝑒𝑟 = 𝐿1𝐿𝑜𝑠𝑠(𝑦̂, 𝑦). In summary, the overall loss

function of the DSBGM is 𝑎𝑙𝑙 = 𝜂1𝑟𝑒𝑐𝑜𝑛+𝜂2𝑠𝑢𝑝𝑒𝑟, where 𝜂1, 𝜂2 are loss
weights.

5. Experiments

5.1. Implementation details

The edge weights of the functional networks and structural net-
works were first normalized to the range of [−1, 1] and [0, 1], respec-
tively. The node features are initialized as the min, 25%, median, 75%,
max values of the mean fMRI bold signal in that node (or brain region).
We randomly split each dataset into 5 disjoint sets for 5-fold cross-
validations in the following experiments. The model is trained using
the Adam optimizer with a batch size of 128. The initial learning rate
is set to 0.001 and decayed by (1− 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑒𝑝𝑜𝑐ℎ

𝑚𝑎𝑥 𝑒𝑝𝑜𝑐ℎ )0.9. We also regularize the
training with an 𝐿 weight decay of 1𝑒−5. We stop the training if the
4

2

validation loss does not improve for 100 epochs in an epoch termination
condition with a maximum of 500 epochs, as was done in Lee et al.
(2019), Shchur et al. (2018). The experiments are deployed on NVIDIA
TITAN RTX GPU.

5.2. Brain structural network reconstruction using DSBGM

To show the performance of our DSBGM on the reconstruction of
brain structural networks, we train the model in a task-free manner
where no task-specific supervised loss is involved. Since the 𝛿 value is
set to 0.05 when we train the model, we set the reconstructed edge
weights to 0 if the predicted weights are less than 0.05. The mean
absolute error (MAE) values between the edge weights in the ground-
truth and reconstructed networks are 0.074 ± 0.016 and 0.039 ± 0.058
under 5-fold cross-validation on the OASIS and HCP data, respectively.
The reconstruction results on OASIS data are visualized in Fig. 2 and
the correlation between the predicted structural network and ground
truth is 0.917 with 𝑝 value = 0.0129.

5.3. Disease and sex classification tasks

Experimental Setup. 7 baseline methods were used for comparison.
The baseline methods include 2 traditional graph embedding models
(i.e., t-BNE (Cao et al., 2017) and MK-SVM (Dyrba et al., 2015)), 2
eep graph convolution models designed for brain network embed-
ing (i.e., BrainChey (Ktena et al., 2018) and BrainNet-CNN (Kawa-
ara et al., 2017)) and 2 hierarchical graph neural networks with
graph pooling strategies (i.e., DIFFPOOL (Ying et al., 2018) and SAG-
POOL (Lee et al., 2019)). We also introduce variational graph auto-
encoders (VGAE) (Kipf and Welling, 2016b) with GCN as graph en-
coders to our baseline methods to integrate multimodal brain networks
by reconstructing the structural networks from functional networks.

As mentioned above, baseline methods can only embed unsigned
graphs, we therefore adopt two different strategies to convert signed
functional networks to unsigned networks as the input of baseline
methods. On the one hand, we compute the absolute values of the
functional network edge weights; on the other hand, we only preserve
positive edges and drop negative ones to yield unsigned networks. 3
variant models of our DSBGM, including DSBGM w/o BUE encoder,
DSBGM w/o PNE encoder and DSBGM w/o reconstruction decoder, are
evaluated for ablation studies. The number of BUE and PNE encoder
layers is set to 3. We search the loss weights (see details in Fig. 3) 𝜂1
and 𝜂 in the range of [0.01, 0.1, 0.5, 1] and [0.1, 1, 5] respectively, and
2
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Fig. 3. Loss weights analysis. For the AD classification (A), the best 𝜂1 = 0.5, 𝜂2 = 1. For the gender classification (B), the best 𝜂1 = 0.1, 𝜂2 = 1. For the MMSE regression on OASIS
(C) and HCP (D) data, the best 𝜂1 = 0.5, 𝜂2 = 1.
Table 1a
Classification accuracy, precision, and F1-scores, with their standard deviation values under 5-fold cross-validation. Signed functional networks
are converted to unsigned networks as inputs of all baseline methods by computing the absolute values of the edge weights. The best results
are highlighted in bold font.
Method OASIS (Disease) HCP (Gender)

Acc. Prec. F1 Acc. Prec. F1

t-BNE 57.84 ± 2.14 52.26 ± 2.39 55.17 ± 3.15 59.84 ± 2.05 57.77 ± 2.21 55.89 ± 1.96
MK-SVM 54.62 ± 3.33 49.86 ± 3.11 55.27 ± 4.15 58.21 ± 3.75 51.51 ± 2.84 59.19 ± 2.40

DIFFPOOL 66.29 ± 2.60 63.87 ± 2.14 69.91 ± 2.37 72.12 ± 1.81 68.84 ± 1.97 74.01 ± 2.16
SAGPOOL 64.53 ± 2.06 61.76 ± 2.99 68.97 ± 3.07 69.29 ± 1.84 70.18 ± 1.49 67.38 ± 1.12
BrainChey 69.26 ± 1.47 71.22 ± 1.95 70.46 ± 2.81 74.11 ± 2.05 76.26 ± 1.77 75.08 ± 2.60
BrainNet-CNN 73.37 ± 2.14 74.06 ± 1.59 73.27 ± 1.85 71.88 ± 1.69 70.18 ± 2.21 70.29 ± 2.10
VGAE 72.11 ± 2.66 70.08 ± 1.30 71.55 ± 0.96 73.59 ± 2.44 73.43 ± 1.80 72.77 ± 1.03

DSBGM w/o BUE 73.04 ± 3.03 74.74 ± 1.96 73.53 ± 2.23 78.15 ± 2.96 79.01 ± 1.68 80.47 ± 2.02
DSBGM w/o PNE 75.38 ± 2.52 76.26 ± 2.96 78.68 ± 3.02 80.78 ± 2.44 81.16 ± 1.74 82.98 ± 2.01
DSBGM w/o Recon. 75.94 ± 2.73 77.09 ± 2.52 75.46 ± 2.17 79.12 ± 2.06 80.55 ± 2.18 81.19 ± 1.96
DSBGM 𝟕𝟖.𝟗𝟐 ± 𝟏.𝟑𝟖 𝟕𝟗.𝟖𝟏 ± 𝟏.𝟒𝟏 𝟖𝟎.𝟐𝟐 ± 𝟐.𝟐𝟓 𝟖𝟐.𝟏𝟗 ± 𝟐.𝟎𝟏 𝟖𝟓.𝟑𝟓 ± 𝟏.𝟗𝟗 𝟖𝟒.𝟕𝟏 ± 𝟐.𝟑𝟕
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determine the loss weights as 𝜂1 = 0.1, 𝜂2 = 1 for AD classification,
𝜂1 = 0.1, 𝜂2 = 1 for sex classification. The results are reported in terms
of classification accuracy, precision and F1-scores, with their std.

Results. Classification results for AD on OASIS and sex on HCP are
summarized in Table 1a and 1b, where Table 1a presents the results
ith the absolute edge weights as inputs of baseline methods and
able 1b presents the results with the positive-only edges as inputs of
aseline methods. These results demonstrate that our model achieves
he best accuracy, comparing with all baseline methods using two
ifferent input settings, on both classification tasks. For example, in
he AD classification, our model outperforms baselines with at least
.6%, 7.8% and 9.4% increases in accuracy, precision and F1 scores
espectively when using absolute edge weights as inputs of baseline
ethods. And it outperforms baselines with at least 8.47%, 11.90%
nd 11.08% increases in accuracy, precision and F1 scores respectively
hen using positive-only edges as inputs of baseline methods. Either
5

p

omputing absolute edge weights or dropping negative edges leads to
n information deficiency of signed functional networks, which may
artially account for performance decreases on baseline methods. More-
ver, results from baseline methods with two input strategies are not
onsistent. For example, using absolute edge weights outperforms using
nly-positive edges for DIFFPOOL on gender classification, however,
sing only-positive edges is better for SAGPOOL on the same task.
herefore, no recommendation can be made between these two input
trategies for baseline methods. In general, deep graph models perform
etter than traditional graph embedding methods (i.e., t-BNE and MK-
VM). When we abandon the cross-modality learning (i.e., DSBGM
/o Recon.), the performance, though comparable to baselines, de-
reases significantly. This shows the effectiveness of the cross-modality
earning. The performance will also decrease when we remove BUE
ncoder or PNE encoder, which indicates that both balance and polarity
roperties are essential for embedding signed graphs (e.g., functional
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Fig. 4. Saliency maps to identify top 10 regions associated with AD (from OASIS) and with each sex (from HCP), respectively.
Table 1b
Classification accuracy, precision, and F1-scores, with their standard deviation values under 5-fold cross-validation. Signed functional networks
are converted to unsigned networks as inputs of all baseline methods by dropping all negative edges. The best results are highlighted in bold
font.
Method OASIS (Disease) HCP (Gender)

Acc. Prec. F1 Acc. Prec. F1

t-BNE 56.26 ± 2.98 56.03 ± 2.48 57.71 ± 2.41 61.26 ± 1.91 60.17 ± 2.49 62.29 ± 3.57
MK-SVM 55.29 ± 3.02 50.34 ± 2.83 57.27 ± 1.73 57.97 ± 3.78 53.12 ± 2.31 58.82 ± 2.82

DIFFPOOL 68.97 ± 1.34 66.03 ± 3.36 69.24 ± 1.83 67.77 ± 3.56 65.25 ± 2.65 68.82 ± 1.72
SAGPOOL 65.65 ± 2.01 63.33 ± 1.95 67.27 ± 2.09 70.95 ± 2.88 69.83 ± 1.85 71.44 ± 1.29
BrainChey 72.76 ± 2.20 71.27 ± 2.58 72.21 ± 3.55 75.01 ± 1.82 75.70 ± 1.51 74.22 ± 2.72
BrainNet-CNN 69.54 ± 2.97 70.03 ± 1.24 68.22 ± 1.40 70.92 ± 1.79 70.41 ± 2.19 71.11 ± 1.71
VGAE 64.68 ± 2.49 62.57 ± 2.19 65.85 ± 1.91 73.59 ± 2.42 74.43 ± 1.84 76.25 ± 1.49

DSBGM w/o BUE 73.04 ± 3.03 74.74 ± 1.96 73.53 ± 2.23 78.15 ± 2.96 79.01 ± 1.68 80.47 ± 2.02
DSBGM w/o PNE 75.38 ± 2.52 76.26 ± 2.96 78.68 ± 3.02 80.78 ± 2.44 81.16 ± 1.74 82.98 ± 2.01
DSBGM w/o Recon. 75.94 ± 2.73 77.09 ± 2.52 75.46 ± 2.17 79.12 ± 2.06 80.55 ± 2.18 81.19 ± 1.96
DSBGM 𝟕𝟖.𝟗𝟐 ± 𝟏.𝟑𝟖 𝟕𝟗.𝟖𝟏 ± 𝟏.𝟒𝟏 𝟖𝟎.𝟐𝟐 ± 𝟐.𝟐𝟓 𝟖𝟐.𝟏𝟗 ± 𝟐.𝟎𝟏 𝟖𝟓.𝟑𝟓 ± 𝟏.𝟗𝟗 𝟖𝟒.𝟕𝟏 ± 𝟐.𝟑𝟕
brain networks). Although VGAE and our DSBGM integrate multimodal
brain networks in a reconstruction manner, our model takes signed
functional networks as the input while VGAE can only take unsigned
ones as the input. Our model outperforms VGAE in both classification
tasks. This suggests that negative edges contain important information
6

for network’s topological structure, which is essential for network
representation learning. Ignoring or removing these negative edges
may lead to significant information loss. The same conclusion is also
demonstrated in regression tasks in next section.

The brain saliency map is shown in Fig. 4 where 10 key brain
regions associated with AD (from OASIS data) and with each sex (from

HCP data) are identified, respectively. The salient regions for females
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Table 2a
Regression Mean Absolute Error (MAE) ± std under 5-fold cross-validation. Signed
functional networks are converted to unsigned networks as the input of all baseline
methods by computing the absolute values of the edge weights. Lower MAE values
indicate better results. The best results are highlighted in bold font.

OASIS (MMSE) ↓ HCP (MMSE) ↓

tBNE 2.39 ± 0.74 2.17 ± 0.48
SAGPOOL 1.86 ± 0.27 1.55 ± 0.33
DIFFPOOL 1.69 ± 0.36 1.63 ± 0.14
BrainNet-CNN 1.40 ± 0.20 1.29 ± 0.06
BrainChey 1.12 ± 0.19 1.14 ± 0.25
VGAE 1.27 ± 0.25 1.31 ± 0.20

DSBGM w/o BUE 1.17 ± 0.22 1.11 ± 0.17
DSBGM w/o PNE 1.06 ± 0.24 0.86 ± 0.34
DSBGM w/o Recon. 0.97 ± 0.11 1.03 ± 0.19
DSBGM 𝟎.𝟖𝟕 ± 𝟎.𝟏𝟖 𝟎.𝟔𝟗 ± 𝟎.𝟐𝟏

Table 2b
Regression Mean Absolute Error (MAE) ± std under 5-fold cross-validation. Signed
functional networks are converted to unsigned networks as the input of all baseline
methods by dropping all negative edges. Lower MAE values indicate better results. The
best results are highlighted in bold font.

OASIS (MMSE) ↓ HCP (MMSE) ↓

tBNE 2.51 ± 0.21 2.02 ± 0.93
SAGPOOL 1.73 ± 0.79 1.46 ± 0.29
DIFFPOOL 1.77 ± 0.56 1.39 ± 0.15
BrainNet-CNN 1.39 ± 0.42 1.44 ± 0.09
BrainChey 1.19 ± 0.67 1.06 ± 0.49
VGAE 1.11 ± 0.16 1.21 ± 0.28

DSBGM w/o BUE 1.17 ± 0.22 1.11 ± 0.17
DSBGM w/o PNE 1.06 ± 0.24 0.86 ± 0.34
DSBGM w/o Recon. 0.97 ± 0.11 1.03 ± 0.19
DSBGM 𝟎.𝟖𝟕 ± 𝟎.𝟏𝟖 𝟎.𝟔𝟗 ± 𝟎.𝟐𝟏

are concentrated in frontal regions of the brain while males have a
different trend, consistent with the finding in (Carlo et al., 1999) that
women are typically less aggressive than men, and, on average, less
physically strong. For AD, most of the salient regions are located in
subcortical structures, as well as the bilateral intracalcarine region, the
caudate, and planum polare, which have been implicated as potential
AD biomarkers in the literature (Amoroso et al., 2017). The name of
these brain regions are summarized in Table 3

5.4. MMSE regression

Experimental Setup. Mini-Mental State Exam (MMSE) is a quanti-
tative measure of cognitive status in adults. In the MMSE regression
task, the selected baselines for comparison (except for MK-SVM which
is designed only for classification problems) and the structure of our
DSBGM remain unchanged. The loss weights are set to 𝜂1 = 0.5 and 𝜂2 =
for both datasets. Details of hyperparameter analysis are provided
n Fig. 3. The regression results are reported as average Mean Absolute
rrors (MAE) with their std.
Results. MMSE regression results on the HCP and OASIS data are

ummarized in Table 2a and 2b, where Table 2a presents the results
ith the absolute edge weights as inputs for baseline methods and
able 2b presents the results with the positive-only edges as inputs for
aseline methods. Our results show that the DSBGM outperforms all
aselines using any of two input settings. And this clearly demonstrates
he same three conclusions as those in classification tasks in the above
ection, which are (1) the superiority of the cross-modality learning; (2)
he essential of negative edges in the signed graph (i.e., brain functional
etwork); and (3) the importance of both BUE and PNE encoders.
oreover, our results indicate that the regression performance on HCP
ataset is better than on OASIS dataset, which may be attributed to the
ange of original data (i.e., data std). The original mean ± std of MMSE
re 28.38 ± 2.84 and 28.99 ± 2.26 for OASIS and HCP, respectively. And
lower deviation value of original data may result in a more precise
egression result.
7

.5. Group analysis on B-U set and P-N set

To further demonstrate that the balanced–unbalanced (B-U) node
ets and positive–negative (P-N) node sets are important signed graph
opological structures, we compare these two node sets between disease
roups (i.e., AD vs. NC groups) on OASIS dataset. Specifically, we
earch B-U sets and P-N sets on functional brain networks and compute
wo ratios (𝑟𝐵−𝑈 and 𝑟𝑃−𝑁 ) for each subject.

𝐵−𝑈 =
# 𝑜𝑓 𝐵 𝑠𝑒𝑡𝑠
# 𝑜𝑓 𝑈 𝑠𝑒𝑡𝑠

, 𝑟𝑃−𝑁 =
# 𝑜𝑓 𝑃 𝑠𝑒𝑡𝑠
# 𝑜𝑓 𝑁 𝑠𝑒𝑡𝑠

. (7)

𝑟𝐵−𝑈 value will change with the order (i.e., 1st, 2nd and 3rd order) so
that each subject will have multiple 𝑟𝐵−𝑈 values. While for P-N sets,
nly the 1st order is meaningful and there is no higher order for P-N
ets, so there is only one 𝑟𝑃−𝑁 value for each subject.
We conduct student t test on these 𝑟𝐵−𝑈 and 𝑟𝑃−𝑁 values between

AD and NC groups. The p values of B-U sets in 1st, 2nd and 3rd order
are 3.2 × 10−4, 6.9 × 10−5 and 2.7 × 10−5, respectively. The p value of
the 1st order P-N set is 3.2 × 10−4. These results suggest that there
exist significant groups differences in both balanced–unbalanced node
sets and positive–negative node sets, and these node sets are important
topological features to distinguish the patterns of functional networks.

6. Conclusion

We propose a novel multimodal brain network representation learn-
ing framework with a signed functional network encoder. The cross-
modality network embedding is generated by mapping a functional
brain network to its structural counterpart. Our results indicate neg-
ative edges are essential for graph topological representation learning,
which is consistent with the literature (Zhan et al., 2017). Moreover, we
showed that BUE and PNE encoders are both necessary for the signed
graph learning. The embedded network representations contribute to
important clinical prediction tasks and the brain saliency map may
assist with disease-related biomarker identification. We will explore the
bijection mapping between these two brain networks in the future.
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Table 3
The names of top 10 brain regions in the saliency map.
HCP OASIS

Female Male AD

R-Superior frontal cortex L-Precuneus L-Planum Polare

R-Accumbens-area R-Superior parietal cortex R-Intracalcarine Cortex

R-Caudal
middle frontal cortex

R-Hippocampus L-Supracalcarine
Cortex

L-Parsorbitalis R-Parahippocampal R-Superior Temporal
Gyrus, anterior division

R-Amygdala R-fusiform cortex R-Supramarginal
Gyrus, anterior division

R-Paracentral
cortex

L-Pericalcarine L-Caudate

L-Precentral
cortex

L-transverse
temporal cortex

R-Middle Temporal
Gyrus,
anterior division

L-isthmus
cingulate

R-transverse
temporal cortex

L-Superior Temporal
Gyrus, posterior division

R-isthmus cingulate R-Lateral orbitofrontal L-Heschl’s Gyrus

L-Caudal
anterior cingulate

L-Temporal pole L-Intracalcarine
Cortex
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