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Abstract	
A	plethora	of	neuroscience	 studies	 find	 that	 connector	hub	nodes	play	 a	key	 role	 in	
regulating	multiple	modules	and	supporting	brain	functions	such	as	consciousness	and	
cognition,	due	 to	 its	 critical	 topological	 location	 in	 the	network.	Current	approaches	
mainly	rely	on	the	hand‐crafted	attributes	(aka.	graph	embedding	at	each	node)	from	the	
domain	knowledge	of	network	neuroscience	such	as	high	connectivity	degree	to	identify	
connector	 hub	 nodes.	 However,	 simple	 ranking	 heuristic	 based	 on	 the	 pre‐defined	
attributes	has	limited	power	to	characterize	the	complex	network	topology,	which	often	
results	 in	 less	accurate	hub	 identification	results.	Although	graph	 theory	allows	us	 to	
find	connector	hubs	with	a	greater	mathematical	insight,	the	large	scale	of	brain	network	
often	compromises	the	well‐defined	optimization	into	a	local	and	sub‐optimal	solution.	
To	 overcome	 these	 limitations,	 we	 propose	 a	 joint	 graph	 embedding	 and	 hub	
identification	 solution	 in	 a	 reinforcement	 learning	 framework	 to	 discover	 the	
unprecedented	heuristics	 from	 the	 existing	knowledge	of	network	neuroscience	 and	
graph	 theory,	 which	 allows	 us	 to	 outperform	 the	 current	 state‐of‐the‐art	 hub	
identification	 methods.	 We	 have	 achieved	 more	 reliable	 and	 replicable	 hub	
identification	results	on	both	simulated	and	real	brain	network	data,	suggesting	the	high	
applicability	 to	 various	 network	 analysis	 studies	 in	 neuroscience	 and	 neuroimaging	
fields.	
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1. Introduction	

Human brain is a complex and economic system where large portion of brain functions are 
supported by a small number of hub nodes [1, 2]. For example, a recent study [3] shows that 
densely connected hub nodes play an important role in integrating and exchanging the global 
information from different parts of the brain. In light of this, investigation on network 
organization becomes the key to understand brain function as well as the emerging behavior. 
Since connector hubs usually link multiple network modules (communities), many efforts have 
been investigated into the accurate identification of connector hubs since last decade [2, 4-6].  
In network neuroscience field, hand-crafted nodal attributes such as connectivity degree are 
widely used to rank the likelihood of being connector hub nodes, based on the intuition that 
hub nodes are usually densely connected to non-hub nodes in the network as well as the 
statistical principles such as small-worldness. In general, the idea is to separate the hub nodes 
and non-hub nodes based on the embedding vectors (e.g., a set of nodal attributes) on each node 
that characterizes the topological difference between hub and non-hub nodes. However, it is 
very difficult to find a universal attribute that works well for all brain networks since provincial 
hub nodes have similar nodal attributes except most of the links are presented within the same 
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module [7, 8]. Since the heuristic of selecting connector hub nodes is simply by ranking, it 
becomes highly empirical to find the cut-off, which undermines replicability. More critically, the 
embedding vector is not adjusted in selecting hub nodes, despite that the removal of selected 
connector hub nodes has significantly changed the network topology. Such gross simplification 
is one of the major reasons for less accurate results of connector hub nodes. In what follows, we 
refer hub as connector hub unless stated otherwise.  
Recently, graph theory has been used to detect network module by clustering the graph 
embeddings that are derived from the network Laplacian matrix. Although it is efficient to find 
the hub nodes based on the network communities, the accuracy of hub identification result 
completely relies on the network community detection which is still computationally 
challenging. A joint hub identification method has been proposed in [9] by examining the break-
down effect after removing a set of hub nodes. Although this approach is supported by the very 
insightful mathematics theory, the global optimization of all possible combinations of hub 
nodes is NP-hard for large-scale brain network. Thus, the authors relax the combinatory 
optimization into a convex and continuous energy function at the expense of sub-optimal 
solution under the framework of ADMM (Alternating Direction Method of Multipliers) [10].  
None of the above state-of-the-art hub identification method uses machine learning technique, 
since the lack of ground truth regarding the hub locations in the network prohibits the classic 
supervised learning scheme. In this context, the alternative solution is reinforcement learning 
of the unprecedented heuristics for hub identification from the insights of the existing 
algorithms. Specifically, we first construct an incremental exemplar container which consists of 
existing brain network data as well as multiple hub identification results by various existing 
algorithms such as sorting-based and module-based methods. Next, we propose a 
reinforcement learning framework to jointly find (1) the conditional graph embedding vector 
for each node which dynamically reflects the topological profile in the context of identified hub 
nodes in the network, and (2) the best heuristic of hub identification to achieve highest reward 
under the current setting of graph embeddings, which is guided by mathematical principles in 
graph theory. As the plot in Fig. 1, our reinforcement learning is initialized from the expert 
heuristics from network neuroscience. As we incrementally augment the exemplar container by 
adding more and more accurate hub identification results (with the latest learned heuristics), 
our reinforcement learning model continues to polish the heuristics of identifying the hub 
nodes, which allows our learning-based method to perform beyond human experts. In the 
testing stage, we sequentially find connector hub nodes by repeating three steps at a time: (1) 
updating conditional graph embeddings based on the current hub selection result, (2) 
calculating the rewards based on the learned heuristics, (3) selecting new node with largest 
reward as the connector hub node.  
In the experiments, we have evaluated our reinforcement learning based hub identification 
method on both simulated and real brain network data. Compared with existing hub 
identification methods, we achieve more accurate results in terms of reliability and replicability, 
which indicates the wide application of our reinforcement learning approach in network 
analyses studies. 
Fig. 1. shows the reinforcement learning scenario is grounded on the fundamental of network 
neuroscience and graph theory. Essentially, we train the neural network to progressively polish 
heuristics for hub identification from an incremental exemplar container which consists of real 
network data and the hub identification results using the latest learned heuristics. Under the 
hood, our proposed neural network architecture has two major components, i.e., graph 
embedding network (in blue box) and reinforcement heuristic learning network (in red box). 
In the testing stage, we sequentially identify a set of hub nodes by dynamically updating the 
graph embeddings (via graph embedding network) and selecting new hub node with largest 
reward (via reinforcement learning network). 
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Fig	1.	The overview of our learning-based hub identification method. 

2. Method	

 
Fig	2.	The network architecture of our learning-based hub identification method. 

 
It is common to encode connectivity information in the brain network (with  nodes) into a graph 
structure   𝒢 ൌ ሺV, Eሻ , where V ൌ ሼv୬|n ൌ 1, … , Nሽ  the node set and E  is a N ൈ N   adjacency 
matrix, respectively. We use vector z୬ denote the embedding vector at each node v୬. Since we 
dynamically update the embedding vector in the sequential hub identification, the z୬ becomes 
a time-dependent embedding vector z୬

୲  where the variable t indicates the stage of identifying 
the t୲୦  hub node. Accordingly, S୲ ൌ ሼz୬

୲ |n ൌ 1, … , Nሽ  is called state since the assemble of 
embedding vectors is related to the current hub identification result. a୲  is a N -length action 



Scientific	Journal	of	Technology																																																																																																																									Volume	8	Issue	8,	2026	

ISSN:	2688‐8645																								

4 

vector, where each element is binary (‘0’ for non-hub and ‘1’ for hub node) and describes the 
action of selecting the t୲୦ hub node based on the existing ሺt െ 1ሻ selected hub nodes.  
The overview of our first-ever learning-based hub identification method is shown in Fig. 2. In 
general, there are three key components: (1) an incremental exemplar container, (2) a graph 
embedding network, and (3) a reinforcement heuristics learning network. We explain each 
component as follows.  
Incremental	 exemplar	 container.	 The exemplar container D୲  consists of a set of duals 
〈S୫

୲ , a୫
୲ 〉 (m ൌ 1, … , M) from total M training network data. In the beginning, we set all zeros to 

each S୫
଴   and a୫

଴  . After selecting the first hub node for all training samples, we update the 
embedding vectors based on the current graph embedding network and check in ሼS୫

ଵ ሽ and ሼa୫
ଵ ሽ 

into the container, and so on. Note, such progressive increment of exemplar container D୲ allow 
us to learn a full spectrum of hub identification heuristics using one neural network even we 
select hub nodes in a sequential manner.  
Graph	embedding	network.	The input to our graph embedding network includes (1) previous 
embedding vector z୬

୲  at each node v୬, (2) the selected or not-selected result at v୬  from previous 
action vector a୲, and (3) the connectivity profile at v୬ from the underlying adjacency matrix E. 
We deploy three multi-layer perception (MLP) network followed by a ReLU unit to learn the 
non-linear mapping which eventually generate a new conditional graph embedding vectors z୬

୲ାଵ. 
To be robust to spurious links in the network, we use the average embedding vector over the 
directly connected nodes as the input to MLP for z୬

୲ , and we only allow top four strongest links 
(instead of N links) at each node as the input to MLP for connectivity profile.  
Reinforcement	heuristics	learning	network.	Our reinforcement learning network consists of 
four key learning elements: (1) state S୲ where we assume the conditional graph embeddings S୲ 
describes the current network topology after t nodes have been identified as hub nodes, (2) 
action a୲ which describes the procedure of selecting a new hub node based on existing ሺt െ 1ሻ 
hubs, (3) reward function R which quantify the reward of identifying one node as the hub node, 
and (4) terminal state where we define the ending point as total K hubs has been found.  
The reward function R steers the reinforcement learning of hub identification heuristics. Here, 
we follow the object function in [6] to quantify the reward by the break-down effect after the 
removal of hub nodes out of the brain network. Specifically, we first turn the action vector a୲ 
into a diagonal matrix A୲ . Then we calculate the degraded adjacency matrix E୲ ൌ ሺA୲ሻ୘EA୲ 
which reflects the removal of hub nodes by zeroing corresponding rows and columns. Since 
each connector hub node links multiple modules, the total Eigenvalue of the underlying 
Laplacian matrix (after removing the connector hub nodes) is expected to smaller than the 
counterpart total Eigenvalue by including any non-hub nodes. Thus, we define reward function 
as RሺS୲, a୲ሻ which returns inverse of total Eigenvalue from the degraded Laplacian matrix.  
In classic reinforcement learning, the best action at state S୲  is taken by the highest return 
QሺS୲, a୲ሻ ∈ ℝ  based on not only the reward RሺS୲, a୲ሻ  but also the future return QሺS୲ାଵ, a୲ାଵሻ , 
which forms a Markov decision process (MDP). Hence, we essentially learn a Q-function 
Q∗ሺS୲, a୲ሻ by maximizing the following statistical expectation in a recursive way as:  

Q∗ሺS୲, a୲ሻ ൌ 𝔼ሾRሺS୲, a୲ሻ ൅ γ max
ୟ౪శభ

Q∗ሺS୲ାଵ, a୲ାଵሻሿ                                              (1) 

where γ is called discount rate[11]. Since the number of brain networks is almost infinite in the 
real application, the infinite stetting of ሼS୲ሽ  prohibits to learn Q∗  using the conventional Q-
learning [12]. Instead, we use deep Q-network (DQN) [13] to establish the mapping Q∗ሺS୲, a୲, Θሻ 
from the given state S୲  and action a୲ , where the solution space is parameterized by network 
parameters Θ. The network architecture is shown in the blue box of Fig. 2, where the input is S୲ 
and output is the value of Q -function QሺS୲, a୲ሻ  for each action a୲ . The loss function LሺΘሻ  is 
designed to minimize the squared difference between the left and right side of Eq. 1. To do so, 
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we first substitute S୲ with S୲ାଵ to train the DQN and update the network parameters from Θି 
(old) to Θ (latest). Since we can track the selected hubs from S୲ to S୲ାଵ for each instance, we can 
obtain the Q-function Q∗ሺS୲, a୲, Θሻ with the latest network parameter Θ, which approximates the 
left side of Eq. 1. Similarly, we calculate the Q-function Q∗ሺS୲ାଵ, a୲ାଵ, Θିሻ using the old network 
parameters Θି, which approximates the third term in Eq. 1, i.e., the future return at state S୲ାଵ. 
Thus, the DQN squared error loss function LሺΘሻ is defined as: 

LሺΘሻ ൌ ቛRሺS୲, a୲ሻ ൅ γ max
ୟ౪శభ

Q∗ሺS୲ାଵ, a୲ାଵ; Θିሻ െ Q∗ሺS୲, a୲, Θሻቛ
ଶ

                       (2) 

Stochastic gradient descent is used to backpropagation in training DQN. We set discount rate 
γ ൌ 1. Mini-batch size is set to 128. We obtain the new network parameter Θ after 1,000 updates 
from the old parameters Θି . Once the training of DQN converges, it is straightforward to 
determine the best action a୲ (selecting t୲୦ hub node) based on stage S୲. Then we check in the 
dual instance ൏ S୲, a୲ ൐  into the exemplar container to keep polishing the heuristics of hub 
identification.  
Testing	stage—hub	identification	for	the	unseen	network. We identify hub nodes for the 
unseen brain network in a sequential manner. In the beginning, we initialize graph embedding 
S଴ with zeros. Thus, the first identified connector hub node is completely based on the reward 
function which is the graph spectrum of the input network. From the second hub node, we first 
update the graph embedding vector at each node based on the selected hub nodes and then take 
the best action (selecting next hub) based on the output of DQN. We repeat these steps until K 
hubs have been identified.  

3. Experiments	

3.1. Simulated	Network	Data	
First, we synthesize 500 networks as the training dataset, each with 34 nodes (same as the 
karate club data [16]), where the each link is the binary result of random guess. Then we apply 
the trained neural network to identify hub nodes on the karate club data which is considered 
having four communities in many network science literatures [17]. Based on the literature 
review, we set . From Fig. 3(a)-(d), we show the hub identification results on karate club data 
by sorting-based method, module-based method, optimization-based method, and our 
learning-based method, respectively. It is clear that our learning-based method achieves the 
most accurate hub identification result since the removal of six hub nodes (as well as their links) 
completely break down into four disconnected communities. 
 

 
Fig	3.	The identification results of four methods on karate club data by sorting-based (a), 

module-based (b), optimization-based (c), and our learning-based method (d). 
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3.2. Evaluating	Hub	Identification	Results	on	Structural	Networks	
The training dataset consists of 502 structural networks constructed from the neuroimaging 
data in ADNI database, where we use Destrieux atlas [18] to parcellate cortical surface into 148 
regions and measure the structural connectivity strength via fiber tractography [19]. In the left 
panel of Fig. 4, we display the whole procedure of hub identification by sorting-based method 
(using human heuristics) and our learning-based method (learning heuristics) on the bottom 
and top, respectively. The curves of reward function show that our learning-based method leads 
to more reasonable result than sorting-based method, which is also manifested by the spatial 
locations of hubs. It is worth noting that the optimization-based method uses the same reward 
function as the energy function. Since it is computational hard to achieve the global optimum, 
the compromised local solution renders the final energy function substantially lower than our 
learning-based method, which lead to sub-optimal hub identification result (designated by the 
black dotted arrow).  
 

 
Fig	4.	Visualization of hub identification process on individual structural network. 

 

Furthermore, we specifically evaluate the replicability of hub identification result. Since it is not 
common to expect significant network difference in such short time period, we evaluate the 
replicability performance of hub identification results between baseline and 6-month follow-
up networks, in a test-retest manner. The top ten most frequently selected hub nodes that are 
both presented in baseline and follow-up networks by above four methods are displayed in Fig. 
5, where the node size reflects the frequency. The average agreement of common hub nodes in 
total 119 test-retest pairs are 35.50% by sorting-based method, 50.42% by module-based 
method, 56.09% by optimization-based method, and 66.39% by our learning-based method, 
respectively. We show the count histogram of each network node being both identified in each 
longitudinal pair in the left panel of Fig.5 (a)-(d). As indicated by the entropy value of the 
histogram, our reinforcement learning based hub identification method achieves most 
consistent (higher replicability) result in the replicability test. 
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Fig	5.	Replicability test by sorting-based method (a), module-based method (b), optimization-

based method (c) and our learning-based method (d). 

 
we did a significance test for cortical thickness(p-value<0.05) for structural networks, The hub 
nodes we detected can also distinguish AD from NC well, as show in Tabel 1. 
 

Table	1.	Specific brain regions used to distinguish between NC and AD 
Learning-based NC/AD Optimization-based NC/AD Sorting-based NC/AD Module-based NC/AD 

15  16  16  3  
16  30  27  10  
24  34  30  30  
30  73  44  35  
73  90  66  66  
89  97  80  77  
90  98  90  83  
98  104  101  84  

104  140  104  104  
147  147  147  140  

4. Conclusion	

In this paper, we propose a first-ever learning-based connector hub identification method for 
network neuroscience. Specifically, we propose to learn the heuristics of hub identification 
under the reinforcement learning framework, where the graph theory is used to steer the 
reinforcement learning. The hub selection procedure is dynamic, that is, we update the 
attribute vector of each node to reflect the topology change due to the removal of hub nodes in 
the network. More accurate and replicable hub identification results have been achieved by our 
novel learning-based method, compared to existing state-of-the-art methods, which shows 
great applicability of our method in neuroscience and neuroimaging field. 
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