
Graphical Abstract
NeuroDetour : A Neural Pathway Transformer for Uncovering
Structural-Functional Coupling Mechanisms in Human Connec-
tome

Ziquan Wei, Tingting Dan, Jiaqi Ding, Paul J. Laurienti, Guorong Wu

#1

#2

#3

#5#4

#1

#2

#3

#5
#4

#1

#2

#3

#5
#4

Structural 
Connectivity

(SC)  
Functional 

Connectivity (FC)

#1

#1

#1

#2

#2

#2

SC-FC 
Coupling

RoI SC linkFC link
Neural pathway (detour)Legends

t-test: 
task-state (n=716) 

versus 
resting-state (n=716)

Standard deviation 
(n=716)

0.80.0

Detour

In
te

r-
su

bj
ec

t 
va

ria
tio

n

Inter-state 
variation

0.40.0

FC

In
te

r-
su

bj
ec

t 
va

ria
tio

n

Inter-state 
variation

versus…versus versus

𝑝-value0 0.05

Non-significant

#1

#2

#3

#5#4



Highlights
NeuroDetour : A Neural Pathway Transformer for Uncovering
Structural-Functional Coupling Mechanisms in Human Connec-
tome

Ziquan Wei, Tingting Dan, Jiaqi Ding, Paul J. Laurienti, Guorong Wu

• A novel multivariate SC-FC coupling allows us to develop an explainable
deep model based on neural detour.

• A Transformer model that can learn path in human connectome without
preprocessing.

• Validate NeuroDetour on large-scale public datasets with a total of
10,886 fMRI scans.
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Abstract

Although modern imaging methods enable in-vivo examination of connections
between distinct brain areas, we still lack a comprehensive understanding
of how anatomical structure underpins brain function and how spontaneous
fluctuations in neural activity give rise to cognition. At the same time, many
efforts in machine learning have focused on modeling the complex, nonlinear
relationships between neuroimaging signals and observable traits. Yet, current
machine learning techniques often overlook fundamental neuroscience insights,
making it difficult to interpret transient neural dynamics in terms of cognitive
behavior. To bridge this gap, we turn our attention to the interplay between
structural connectivity (SC) and functional connectivity (FC), reframing this
open question in network neuroscience as a graph representation learning
task centered on neural pathways. In particular, we introduce the notion of
a “topological detour” to describe how a given instance of FC (i.e., a direct
functional connection) is physically supported by underlying SC pathways
(the detour), forming a feedback loop between brain structure and function.
By considering these multi-hop detour routes that mediate SC-FC coupling,
we design a novel multi-head self-attention mechanism within a Transformer
architecture. Building on these ideas, we present a biologically inspired
deep-learning framework, NeuroDetour , that extracts connectomic feature
representations from large-scale neuroimaging datasets and can be applied
to downstream tasks such as task classification and disease prediction. We
validated NeuroDetour on extensive public cohorts, including the Human
Connectome Project (HCP) and UK Biobank (UKB), using both supervised
learning and zero-shot settings. In all scenarios, NeuroDetour achieves state-



of-the-art results.

Keywords: Functional MRI, Network Neuroscience, Structure-function
Coupling, Deep Learning, Graph Transformer, Neural Circuits

1. Introduction

The human brain, comprised of intricate networks of white matter �bers,
forms a complex system [1]. Along with these structural connections are
neuronal oscillations, which orchestrate functional variations across widespread
neural circuits, crucial for various cognitive functions essential to daily life [2].
As neuroimaging techniques become increasingly prevalent in neuroscience
research, striking e�orts have been made to understand the role of structural
connectivity (SC) and functional connectivity (FC) from a holistic perspective,
recognizing that the dynamic nature of the human brain drives spontaneous
functional �uctuations [ 3]. SC is a static graph and physically wired by
neuronal �bers extracted from Di�usion Weighted Imaging (DWI), and FC
from functional Magnetic Resonance Imaging (fMRI) of the brain is a dynamic
graph representing the correlation between regional Blood-Oxygen-Level-
Dependent (BOLD) signals [1].

Multiple neuroscience studies indicate that high-level cognition and behav-
ior emerge from a close coupling between structural and functional neuroimag-
ing. Consequently, understanding how SC and FC interplay has become
a crucial step toward reverse engineering the human mind from the brain
connectome [5]. Over the past decade, researchers have proposed various
computational models to characterize this relationship, including graph har-
monic approaches [6, 7], network communication frameworks [8], multivariate
statistical methods [9], and deep learning techniques for structure-function
mapping [10, 11, 12, 13, 14]. Despite these advances, the precise link between
SC and FC remains elusive [15]. In particular, many pairs of regions that
show strong functional connectivity (FC, green box in Fig. 1) lack a direct
structural pathway (orange box in Fig. 1) [16, 17, 18]. Although SC and FC
topologies do not always align, there is a growing consensus that each FC
connection is in fact supported by a subgraph of SC. In other words, when two
regions exhibit a functional link (red link in Fig. 1), the SC network contains
an indirect path (blue links in the orange box) that physically underlies that
FC. Therefore, developing high-order topological representation is essential
for decoding the SC-FC coupling mechanism in the human brain.
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Figure 1: Embedding a novel multivariate SC�FC coupling mechanism into an interpretable
deep model. Orange box: Structural connectivity (SC), illustrated by gray edges, re�ects the
anatomical strength of white-matter �bers linking two brain regions. Because anatomical
wiring changes slowly, SC can be treated as a relatively static substrate. Green box:
Functional connectivity (FC), in contrast, captures the dynamic coordination of neural
activity and is often regarded as the brain's time-varying network topology [4]. Overlap
(Orange Ö Green): Our multivariate SC�FC coupling mechanism. Instead of assuming
a one-to-one correspondence between SC and FC, we model each functional connection
as being supported by multiple interacting structural pathways (i.e., detour) that jointly
facilitate information �ow even when the direct SC between two regions is weak/absent.
The comparison between inter-subject (purple box) and inter-cognitive state (blue box)
variations of FC and detour adjacency (see Sec. 3) matrices.

Previous work has explored how to derive meaningful representations for
subgraph topology, enabling a range of downstream applications. In knowledge
graphs, such representations have supported reasoning-path discovery [19]
and cycle-basis extraction [20]. In molecular modeling, subgraph encoding has
been advanced through neural �ngerprints [21], junction-tree autoencoders
[22], and cellular Weisfeiler�Leman (WL) tests [23], each capturing distinct
aspects of local structural organization. Especially, graph data in the realm
of neuroscience research provides additional insight that underlines particular
neurobiological mechanisms of interest, such as substructure [24, 25] and
snapshot embeddings [26, 27] in SC. Nevertheless, learning the representation
of physical neural pathways by combining SC and FC is not yet considered.
Despite reviews [28, 29] of Graph Neural Networks (GNN) for neuroimaging
showing various methods for SC-FC mapping, the downstream application
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has not been extended to disease diagnosis or cognition recognition.
On the other hand, it is not straightforward to apply a generic method that

learns paths in a graph to our topic. Although network path is an important
substructure, unfortunately, �nding all paths is an NP-hard (Nondeterministic
Polynomial time-hard) problem. Recently, Path Neural Networks (PathNN)
[30] �rst proposed to learn the representation of every existing simple path
with limited length using a Multi-Layer Perceptron (MLP), and [31] brings
the same idea to the WL algorithm, demonstrating the theoretical power
of PathNN-like models distinguishing topology. Although they achieved
state-of-the-art (SOTA) performance on chemical and molecule datasets to
distinguish graphs of small size, the need for a larger graph, like a brain
network, cannot be ful�lled. To address the computational costs, existing
works extract structural representatives from all paths, e.g., the shortest
path distance encoded in various graph transformers and message-passing
neural networks [32, 33, 34, 35, 36]. There is still a preprocessing step that
cannot be skipped. The gateway to applying the above methods to the
human connectome is the dense connectivity resulting in unavoidable verbose
preprocessing as listed in Table 1, whereH denotes the limited length of the
path. Even though the superior performance demonstrated in previous studies
cannot be directly applied to network neuroscience due to seconds or minutes
of preprocessing per graph, while our NeuroDetour is designed to model paths
without calculating or processing any type of distance, path, or handcrafted
topological transformations beyond the standard SC/FC matrices produced
by fMRIPrep [37] and QSIPrep [38].

Table 1: Preprocessing by GNNs for network paths of the SC network (Nnode = 116)
extracted from a single UKB subject.

Type Time

PathNN [30] All simple paths 5.23s (H = 4), 650s (H = 5)
Graphormer [34] Shortest distance 270ms (H = 7)
NeuroDetour None -

To overcome the above challenges and advance our understanding of SC-FC
coupling, we move beyond the traditional notion of univariate coupling, which
focuses solely on the one-to-one correspondence between a direct structural
link and a direct functional link, and introduce a multivariate framework.
In this new paradigm, each observed FC connection is associated not just
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with its immediate SC counterpart, but with an entire �detour� pathway
through the SC network. For example, in the green box of Fig. 1, the red
line marks a direct functional link between regions #1 and #2, while the
series of blue lines traces the indirect structural route that supports that
functional interaction. Although the overall SC topology remains �xed, the
FC patterns can arise from di�erent multi-hop SC pathways over time and
only the shortest pathway and SC absence have been studied in the previous
works [16, 39]. Importantly, the direct FC link and its SC detour together form
a cyclic loop that re�ects both structural and functional organization [40, 41].
This perspective of indirect SC, derived from neuroscience studies, shows
that synchronized activity between two regions depends on the underlying
structural circuitry, rather than on a single, direct �ber bundle.

From the perspective of machine learning, the primary objective is to learn
a mapping from SC-FC to cognitive and clinical outcomes. We propose a novel
deep model, coined NeuroDetour, to (1) enhance predictive performance in
cognitive status classi�cation by incorporating both SC and FC information,
and (2) elucidate the underlying SC-FC coupling mechanism. To achieve the
goals, we posit that a comprehensive understanding of cognitive neuroscience
necessitates explicit modeling of how functional �uctuations are supported by
structural pathways. Concretely, NeuroDetour exposes the SC-FC relationship
by linking each observed FC to its candidates of SC detour and then a weighted-
sum detour representation for phenotypic prediction. This design leads to
a combined feature representation of all multi-hop detours (Sec. 3.1) and
an association between the detour representation and cognitive (Sec. 2) or
clinical outcomes (Sec. 4.7). To embed this conceptual framework within
an end-to-end deep architecture, we focus on designing a new multi-head
self-attention (MHSA) module that is explicitly informed by our multivariate
SC�FC coupling paradigm. Within each attention layer, NeuroDetour learns
multiple �detour� paths in the SC graph that are associated with individual
FC links. Instead of learns from FC with smoothed inter-subject variation, as
shown in Fig. 1 purple box, each attention head processes one of the detour
paths with a more sparse inter-subject di�erence. Thereby, NeuroDetour
enables learning how the neural pathway (aka. SC detour) of varying lengths
jointly underpin functional interactions under less noisy subject-wise bias (see
Fig. 1 blue box). Following the methodology presentation in the conference
version [42], we applied it to the experiments (1) testing the associations
between detour pathways and brain disordering and aging among two datasets,
and (2) twelve challenging cognitive tests among UKB phenotypic �elds.
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Multiple signi�cant di�erences regarding detour length and passing-by brain
regions of our new �ndings further enhance our work. In summary, our
contribution is threefold.

1. Multivariate SC-FC coupling framework. We extend the con-
ventional univariate concept of structure-function correspondence to a
multivariate formulation in which each functional link is supported by
a subgraph of SC. This approach is grounded in both neuroscienti�c
evidence and graph theoretic principles, thus yielding an interpretable
model architecture.

2. Transformer-based path representation learning. By embedding
the SC-FC coupling mechanism within a Transformer, NeuroDetour is
capable of learning path level representations directly from connectome
graphs, obviating the need for handcrafted preprocessing, and scaling
e�ectively to large neuroimaging cohorts.

3. Large-scale validation across public datasets. We evaluate Neu-
roDetour on a total of 10,886 fMRI sessions drawn from the Human
Connectome Project (HCP), UK Biobank (UKB), Alzheimer's Disease
Neuroimaging Initiative (ADNI), and Open Access Series of Imaging
Studies (OASIS). Experimental results demonstrate (i) superior accu-
racy in predicting healthy cognitive states, disease risk of Alzheimer's
and ICD10, and cognitive tests prediction; (ii) enhanced interpretability,
as evidenced by the identi�cation of latent neural pathways from SC-FC
coupling associated with disordering and aging; and (iii) clinical utility
through robust performance and successful zero-shot learning across
distinct datasets.

2. Inter-subject Variability in Human Connectome Project

Inter-subject variability in functional connectivity (FC) frequently ob-
scures task-speci�c activation patterns. FC patterns naturally di�er across
individuals due to factors such as aging, vascular di�erences, and baseline
neural dynamics, causing FC degree to �uctuate widely even within the same
cognitive condition. As a result, the variability across subjects can be as large
as, or larger than, the task-evoked modulation itself, making it di�cult to
isolate changes driven by the cognitive status rather than by undesired indi-
vidual di�erences. Even in the Human Connectome Project Aging (HCPA)
cohort, where image acquisition is standardized to minimize heterogeneity,
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Figure 2: Top: Brain regions showing signi�cant di�erences between resting-state and
VISMOTOR task state are identi�ed using both detour degree and FC degree. The color
scale indicates the correspondingp-values (0 � p � 0:05) from a paired t-test. Bottom:
The bar plot displays the overlap ratio (y-axis) between the number of signi�cant regions
identi�ed and the total number of regions within each prede�ned subnetwork (x-axis)
among the Gordon333 atlas. The default mode (red circle/box), visual (orange circle/box),
and sensorimotor (green circle/box) networks are highlighted due to their well-established
involvement in di�erentiating resting-state and VISMOTOR.

this challenge remains evident. To illustrate, Fig. 2 highlights regions that
di�er signi�cantly between resting-state and VISMOTOR task conditions, as
assessed by both detour degree and FC degree. Here, �detour degree� for a
node is de�ned as the number of distinct topological detour pathways (with a
maximum radius 6) that end at that node. Such pathways in a SC graph are
identi�ed using a depth-�rst search algorithm1 between each pair of nodes
that are connected by an FC edge.

Speci�cally, we calculated detour degree for each of the Gordon333 parcel-
lation regions in both resting and VISMOTOR states, across all 716 HCPA
subjects. For each parcel, we then constructed two paired samples, one from
the resting state and one from the task state, by aligning detour degree values
from the same subject under di�erent states. A paired t-test was then applied
to these paired detour degree vectors to identify parcels with signi�cant task-

1We used the NetworkX implementation, networkx.all_simple_paths
(https://networkx.org/documentation/stable/reference/algorithms/generated/
networkx.algorithms.simple_paths.all_simple_paths.html ), where input graph is
the SC, source and target nodes are every node pair that has an FC connection.
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related changes (threshold:p < 0:05). In parallel, we calculated FC degree for
each parcel. They were similarly subjected to a paired t-test between resting
and task conditions, with the same signi�cance threshold. To quantify the
signi�cance level in functional subnets, we proposed an overlap ratio within
each prede�ned subnetwork of the Gordon333 atlas. For each subnetwork
i , the overlap ratio is de�ned asNsign i =Nnet i , whereNsign i is the number of
parcels ofi -th community have p � 0:05 and Nnet i is the total number of
parcels ini -th subnetwork. This overlap ratio quanti�es the extent to which
each functional subnetwork is implicated in task-related reorganization, as
detected by detour and FC degree metrics.

In Fig. 2, signi�cant parcels are overlaid on cortical surfaces and colored
according to their p-values. Each of these parcels is then assigned to one of
12 functional subnetworks, which are prede�ned by the Gordon333 atlas. The
overlap ratios are displayed as bar plots beneath the cortical renders (x-axis:
subnetwork identity; y-axis: overlap ratio). Previous studies indicate that
resting-state activity primarily involves the default mode network [43] (high-
lighted by the red circle), whereas the VISMOTOR task engages both visual
(orange circle) and sensorimotor [44] (green circle) regions. In this context,
detour degree demonstrates superior discrimination relative to FC degree:
most signi�cant parcels identi�ed by detour degree align with the expected
subnetworks (default mode, visual, and sensorimotor), while producing fewer
false positives in unrelated subnetworks.

Aside from the t-test on the entire HCPA dataset, t-tests on diverse
populations by gender are shown in Fig. 2, indicating the observation in
the entire population is not biased by diversity in terms of inter-subject
variation. Speci�cally, both groups show statistical signi�cance solely on
brain sub-networks related to functions instead of every region by FC degree.
Note that the female group shows the most similar overlap ratio to the entire
dataset because its sample size (n = 404) is closest to the total sample size
(n = 716), reducing sampling variability relative to the male and youngest
groups..

The results in Fig. 2 highlight the critical role of SC detours in identifying
putative functional biomarkers, motivating us to embed the SC�FC coupling
mechanism directly into the design of NeuroDetour .
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3. Methods

Our goal is to couple neuroscience insight with deep learning capacity by
explicitly encoding topological detours, multi-hop SC pathways that support
functional interactions, within a graph-transformer framework.

Notations. Suppose SC and FC are denoted by adjacency matricesA S 2
RN�N and A F 2 RN�N , respectively, whereA (�)

ij is the connectivity between
i th and j th region (i; j = 1; :::; N ). In practice, SC and FC are calculated by
subject-wise normalized white matter (WM) �ber counts and the Pearson
correlation coe�cient of hemodynamic signals, respectively. Furthermore,
we useÂ (�) to denote the binary adjacency matrix after high-pass �ltering
and adding self-loop for either SC or FC. The high-pass �lter removes edges
with weights below a �xed threshold. Speci�cally, for FC we retained only
correlations with absolute value� 0.5, and for SC we retained streamline-
normalized weights� 0.1. This thresholding procedure removes weak or noisy
edges and functions as a high-pass �lter on the weighted graph. Node attribute
is denoted by X 2 RN�C , where C is the feature dimension.

To capture multi-scale topological structure, we perform random walks on
the SC graph, generating a sequence of multi-hop detour adjacency matrices
as follows:

De�nition 3.1 (Detour adjacency matrix). D h, a binary matrix of shape
N �N and stores whether a link of FC is associated with anh-hop topological
detour, where a 1-hop detour is equivalent to an edge. It is obtained by
element-wise production between binary matrices Dh :=

�
(Â S)h > 0

�
�
�

Â F
�

,
where 1 � h � H, and H is the maximum length of detour.

Note that D h avoids �nding all simple paths by our model, it signi�-
cantly reduces computational costs with su�cient modeling power for neural
pathways as discussed in Sec. 3.1.

NeuroDetour adopts a twin-branch architecture as a proof-of-concept
design [42]. Each branch implements an identical MHSA) module based
on the Transformer encoder [45]. The twin-branch setup enables aligned
feature representations, allowing the model to jointly encode SC-derived
detour information and FC link patterns.

Given a set of learnable parameters�W; Ŵ 2 R (HC)�C and �� h; �� h; �
 h; ^� h; �̂ h; 
̂ h 2
RC�C whereh = 1; : : : ; H , H is head number of MHSA, andC denotes feature
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dimension, the branch TD-MHSA is then de�ned as

f T D (X) = Concat
� �X 1; : : : ; �X H

� �W;
�X h = Softmax

�
(X �� h)(X �� h)T + f mask (D h)

�
(X�
 h) :

(1)

Similarly, the FC-MHSA branch is de�ned as

f F C (X) = Concat
�

X̂ 1; : : : ; X̂ H

�
Ŵ;

X̂ h = Softmax
�

(X^� h)(X �̂ h)T + f mask (Â F )
�

(X
̂ h) :
(2)

Applying masks to attention maps o�ers a principled way to restrict self-
attention to the nodes of interest. To implement this, we de�nef mask as an
operation that assigns negative in�nity to the false entries and zero to the
true entries of a binary adjacency matrix. This ensures that theSoftmax
function e�ectively ignores the masked (false) positions in both branches.

The training loss integrates the downstream task objective and a consis-
tency term LT D , de�ned as

L T D = jjf T D (X) � f F C (X)jj 2: (3)

Taking classi�cation as an example, the �nal lossL = CELoss (label; Y)+ L T D ,
where the logits Y = � � 1

2 Â F � � 1
2 f T D (X)� with learnable parameters � 2

RC�n , n is class number and� is degree of brain network adjacencŷA F . This
consistency constraint is designed to follow the SC-FC coupling insight of
neuroscience by restricting the di�erence of representations from FC and
TD branches so that the mapping between NeuroDetour representations and
functional states of the human connectome is not a one-to-many scheme as
mentioned in Section 1.

3.1. Path Representation
TD-MHSA strictly follows the pathway of topological detour after SC-FC

coupling to produce node features hop-by-hop corresponding to each head of
self-attention. Then, the following fact can be announced after expanding Eq.
1.

Fact 3.1. The top-1 path is obtained by pathway weightsarg maxj;h

�
1
h

P
j2p Sij �
 h

�W i�j

�
,

where S denotes the value of softmax self-attention, p� PH
i is a set of node

index of a path and PHi is the node collection of neural pathways withinH -hop
starting at i-th node.
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In plain words, we seek the top-ranked neural pathways by sorting weights
for all �ltered node indexes in TD-MHSA of NeuroDetour . The proof of the
above Fact can be found in the Appendix. Taken together, NeuroDetour
aggregates the representation of simple paths to recognize a brain graph with
O(N 2) computational complexity while being free of any pre-processing as
listed in Table 1.

4. Results

We test NeuroDetour with three evaluations: (1) Clinical utility for
Alzheimer's disease and International Classi�cation of Diseases (ICD) classi-
�cation, (2) cognitive state classi�cation, and (3) cognitive tests prediction.
Note that the second task serves as a fundamental benchmark for evaluating
whether a model can capture meaningful functional recon�guration of the
brain. Task-evoked neural activity produces robust, well-characterized changes
in functional connectivity compared to resting-state. Therefore, successful
classi�cation of task-related versus resting-state indicates that the model is
sensitive to state-dependent FC patterns and can detect network-level shifts
driven by cognitive engagement. This provides a controlled setting in which
to assess the model's ability to leverage SC�FC coupling before applying it
to more heterogeneous and clinically complex datasets such as ADNI and
OASIS.

4.1. Datasets

Four public datasets are used in our experiments as listed in Table 2 with
the pro�le of the functional connectivity (FC). The static data refers to FC
being extracted from the entire session of fMRI. Dynamic data is split from
the full scan of fMRI into 100-length slices, causing more graphs and di�erent
connectivity.

Table 2: Data pro�les, where jGj denotes the number of graphs,jCj denotes the number of
classes, and avg(D) denotes the average degree of brain networks.

HCPA UKB ADNI OASIS
static dynamic static dynamic static dynamic static dynamic

jGj 4,863 18,306 5,890 22,600 138 294 402 1,678
jCj 4 4 2 2 2 2 2 2
avg(D) 6.53 13.52 12.85 36.07 44.44 43.89 56.47 59.36
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The Lifespan Human Connectome Project Aging (HCPA) dataset [46]
o�ers a rich resource for investigating task-related brain activity across the
adult lifespan. It comprises 717 participants, with 4,863 fMRI sessions and
716 DWI scans. Imaging includes three task paradigms targeting memory and
sensorimotor processes�VISMOTOR, CARIT, and FACENAME, as well as
resting-state acquisitions. In our framework, these four states are treated as a
four-class classi�cation and (for zero-shot learning) as a binary classi�cation
between resting and task states. For most experiments, brain regions are
parcellated using the AAL atlas [47], while the Gordon atlas [48] is reserved
for ablation analyses.

The United Kingdom Biobank (UKB) dataset provides a large-scale collec-
tion of MRI data, processed through the same pipeline applied to HCPA. It
contains 5,483 fMRI and 3,162 DWI scans, all of which include a single task
engaging both cognitive and sensorimotor domains [49, 50]. In our studies,
we formulate this as a two-class classi�cation and use the Gordon atlas [48]
for parcellation.

The Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset [51]
o�ers preprocessed imaging from 138 fMRI and 135 DWI sessions, with AAL
parcellation applied. Participants carry clinical labels across �ve categories:
cognitively normal (CN), subjective memory complaints (SMC), early-stage
mild cognitive impairment (EMCI), late-stage mild cognitive impairment
(LMCI), and Alzheimer's disease (AD). To mitigate class imbalance, we merge
CN, SMC, and EMCI into a single �CN� category, while LMCI and AD are
grouped as the �AD� category, enabling a binary classi�cation setup. Noted
that although this subject dichotomization is intended to facilitate a binary
classi�cation framework for our analysis, it may introduce confounds, including
increased heterogeneity within combined classes and obscured transitional
patterns (e.g., EMCI! LMCI). Since the merged groups span multiple disease
stages with di�ering degrees of pathology, atrophy, and connectivity disruption
[52, 53], there is a potential for reducing class separability in both SC and
FC features [54]. Nonetheless, binary grouping makes our cross-dataset
application between di�erent datasets available while mitigating severe class
imbalance.

The Open Access Series of Imaging Studies (OASIS) dataset [55] encom-
passes data from 924 individuals, totaling 3,322 fMRI sessions. For our
analysis, we select 402 fMRI and 362 DWI scans that have been processed
with the Destrieux parcellation [56]. We conduct a binary classi�cation task
by assigning subjects in preclinical or dementia-related stages to the �AD�
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group, and those who remain cognitively unimpaired to the �CN� group.
All datasets are split using 5-fold cross-validation based on subject indices

to prevent data leakage across training and validation sets. For all experiments,
FC is computed using the Pearson correlation coe�cient with a threshold
of 0.5 by default, while SC is derived from normalized white-matter �ber
counts, thresholded at 0.1. In constructing brain networks, node attributes
can be de�ned using either the raw Blood-Oxygen-Level-Dependent (BOLD)
signals (inRN�T ) or the pairwise correlation (CORR) between BOLD signals
(in RN�N ). Prior work has shown that the e�ectiveness of these choices
varies across datasets [4]. Additionally, the temporal resolution of the BOLD
signal, whether full-length (static network) or short-length segments (T = 100,
dynamic network), also signi�cantly in�uences deep model performance [4].
To ensure a comprehensive evaluation of NeuroDetour across diverse brain
network representations, we test all four combinations of node features (BOLD
vs. CORR) and temporal settings (static vs. dynamic) in our experiments.

4.2. Baseline Setting

For comparison, we evaluate NeuroDetour against a range of competitive
methods, including two baseline models (MLP and GCN), three state-of-
the-art brain network models (BrainGNN [24], BNT [25], and BolT [27]),
and two state-of-the-art generic graph transformers (Graphormer [34] and
NAGphormer [33]). The MLP and GCN baselines each consist of a single
vanilla layer followed by batch normalization and an activation function for
feature extraction, and one graph convolution layer for prediction. All training
and validation con�gurations, including random seeds, learning rates, and
other hyperparameters, are kept identical across methods. Codes can be
acquired via this GitHub repository2.

4.3. Performance of Neural Activity Classi�cation

Performance on datasets HCPA and UKB is illustrated in Figure 3 �rst row.
Except for UKB BOLD dynamic, our NeuroDetour is ranked in the top two
places under all data settings in terms of accuracy and the weighted F1 score.
Our NeuroDetour achieves the highest neural activity classi�cation accuracy
across all UKB settings at 99.59%. In comparison, the best performance by
other models is 99.31%, achieved by the GCN. In the HCP-A dataset, SOTA

2https://github.com/Chrisa142857/neuro_detour
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Figure 3: Performance comparison on four datasets. Experimental settings are abbrevated
as S, D, C, and B denoting Static, Dynamic, CORR, and BOLD, respectively. �� and �
indicates p � 10 �3 and 10�3 < p � 0:05, respectively.

brain models use more than twice the number of parameters compared to our
model. Nonetheless, our NeuroDetour secures at least the second place across
all data settings in HCP-A, largely due to the explicit formulation of physical
neural pathways in model design. In contrast, generic graph transformers,
lacking neuroscience knowledge, perform even worse than vanilla MLP and
GCN models.

4.4. Performance on Disease Diagnosis

Fig. 3 second row shows AD vs CN classi�cation in the ADNI and OASIS
cohorts under four distinct data modalities (static BOLD, static FC, dynamic
BOLD, and dynamic FC). Across these eight experiments, NeuroDetour
consistently ranks among the top three methods, with the sole exception
of the F1 score on dynamic OASIS BOLD data (D-B-F1 in Fig. 3). In
particular, the incorporation of our multivariate SC-FC coupling mechanism
enables NeuroDetour to attain the highest classi�cation accuracy in �ve out
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of eight cases and the highest F1 score in three out of eight cases. Notably,
NeuroDetour is the only model to exceed 90% accuracy in any of these
experiments. Although class imbalance within ADNI and OASIS leads to F1
scores that are lower than their corresponding accuracy values, NeuroDetour
still achieves the best F1 performance across both datasets, with scores of
83.29% (ADNI) and 87.02% (OASIS) under all data settings. As expected,
performance declines slightly on dynamic graphs, where the increased number
of neural pathways yields a higher graph degree, yet NeuroDetour remains
competitive with, or superior to, existing SOTA approaches. In summary,
NeuroDetour demonstrates clear advantages over alternative methods when
applied to static graph representations, a bene�t that we attribute directly
to its principled modeling of multivariate SC-FC coupling.

4.5. Performance on Cognitive Tests and ICD
To further evaluate, we demonstrate 12 more di�cult tasks of UKB

cognitive tests and ICD10 labels3. Note that the evaluation is measured by
Mean Squared Error (MSE), Pearson correlation (r) and Accuracy (Acc), F1
score for continuous and discrete value, respectively. [Min, max] denotes the
value range, and the number denotes the number of classes in the last column
in the table below. ICD10 is the medical history of a subject and therefore is
a multiclass classi�cation. We simply convert ICD10 evaluation into binary
classi�cation on multiple selected codes and chapters with su�cient positive
samples (>10%). Area Under the receiver operating characteristic Curve
(AUC) is used to measure ICD10 with an 80%:20% train:test setting, and
others are all 5-fold cross-validation. Table 4 shows results. Across
a broad suite of cognitive, behavioral, and health-related prediction tasks,
NeuroDetour consistently outperforms all competing baselines, often by very
large margins. Traditional models (MLP, GCN, BrainGNN) and SOTA
brain/graph models (BolT, BNT, Graphormer, NAGphormer) show highly
unstable or near-chance performance across many tasks, with several models
producing negative or near-zero feature importances or negligible predictive
power. In contrast, NeuroDetour delivers substantially higher and far more
stable scores across nearly every task, including FI, Trail, Puzzle, Tgame,
Sleep, ICD-Ch, and ICD-top, where it signi�cantly surpasses all baselines

3Fill the Field_ID of this url from Table 3:
https://biobank.ndph.ox.ac.uk/ukb/�eld.cgi?id={Field_ID}, to access the detailed
description of tests and labels
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Table 3: Classi�cation and regression tasks on cognitive tests and ICD labels in UKB.

Abbr. Full name of test Field_ID fMRI-DWI pair # Class # Value range

Nmem Numeric memory 4259 7101 - [0, 2]
FI Fluid intelligence 20016 7234 13 -
Trail Trail making 6351 6933 10
Puzzle Matrix pattern completion 6373 6869 13 -
SymSub Symbol digit substitution 23324 6865 - [0, 35]
Vocab Vocab level 26302 6357 - [0.1084, 0.6161]
Tgame Tower game 21004 6800 - [0, 18]
Wmatch Word matching 20197 6933 - [0, 10]
Alcohol Alcohol frequency 1558 7886 6 -
Sleep Sleeplessness 1200 7886 3 -
ICD-Ch ICD10 � Chapter level 41270 7927 22�binary -
ICD-top ICD10 � A00 to Z99 with > 10% cases 41270 7927 4�binary -

with minimal variance. Its dominance is especially pronounced in tasks with
strong cognitive or behavioral relevance (e.g., FI, Trail, Puzzle), where it
improves performance by 30 to 60 plus points relative to the best alternative.
Overall, these results demonstrate that incorporating multi-hop SC detours
provides a robust, interpretable, and consistently superior predictive signal
across diverse domains compared to both conventional and SOTA models.

Fig. 4 below show ROC curves for Hypertension binary classi�cation
in ICD-top and Chapter VI - Diseases of the nervous system in ICD-Ch,
respectively. Across both clinical prediction tasks, NeuroDetour demon-
strates competitive or superior performance relative to existing graph- and
transformer-based baselines, though the overall classi�cation di�culty di�ers
substantially between conditions. For Hypertension, all models show only
modest discriminative ability, as re�ected by AUC values hovering near chance,
but NeuroDetour (AUC = 60.80) outperforms all baselines, indicating that
its detour-based features provide performance boost. In contrast, prediction
of past diseases of the nervous system proves even more challenging: all
methods perform close to random (AUC ranges from 45 to 50), and the ROC
curves of all models, including NeuroDetour (AUC = 50.19), cluster tightly
around the diagonal. This pattern suggests that nervous-system disorders in
UKB exhibit limited correspondence with resting-state connectivity patterns,
whereas systemic traits like hypertension may retain modest but detectable
neurofunctional signatures that NeuroDetour captures more e�ectively than
existing architectures.
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Table 4: Performance comparison on 12 classi�cation/regression tasks on cognitive tests
and ICD in UKB CORR. Each cell has two rows of scores corresponding to the Metric in
Table 3, where � indicates p � 0:05.

Metric MLP GCN BrainGNN BolT BNT Graphormer NAGphormer NeuroDetour

Nmem
MSE#

r"
0.313� 0:210

0.013� 0:023

0.039� 0:013

0.037� 0:013

0.164� 0:251

-0.014� 0:025

0.030� 0:012

0.020� 0:015

0.011� 0:002

0.039� 0:025

0.018� 0:002

0.004� 0:017

0.014� 0:003

0.014� 0:011

0.012� 0:002

-0.008� 0:016

FI
Acc"
F1"

66.97� 3:14

67.26� 2:88

20.60� 0:92

8.11� 0:62

24.27� 12:01

18.45� 13:11

20.55� 0:63

9.38� 1:29

25.73� 2:79

16.56� 3:02

19.54� 1:19

14.29� 1:22

20.46� 0:97

7.07� 0:73

87.60� 0:43*
87.60� 0:42*

Trail
Acc"
F1"

58.37� 3:39

63.83� 2:88

57.46� 1:39

41.96� 1:66

50.63� 14:83

39.57� 6:60

57.47� 1:39

41.96� 1:66

57.47� 1:39

41.96� 1:66

46.53� 11:08

38.94� 4:63

57.48� 1:39

41.98� 1:66

92.04� 0:30*
91.83� 0:32*

Puzzle
Acc"
F1"

56.28� 23:65

56.18� 24:44

20.47� 1:18

8.98� 1:30

24.83� 5:36

17.48� 9:92

19.89� 0:68

9.58� 1:85

23.96� 1:03

15.58� 2:04

18.16� 0:68

13.44� 1:33

20.18� 1:14

7.15� 0:44

87.61� 0:40*
87.61� 0:40*

SymSub
MSE#

r"
380.482� 19:297

-0.005� 0:036

53.636� 10:801

0.083� 0:014

91.259� 81:809

0.012� 0:025

31.086� 2:423

0.003� 0:018

28.781� 1:058

0.116� 0:012

60.121� 36:967

-0.007� 0:046

68.521� 6:051

-0.015� 0:015

28.626� 0:755

0.004� 0:020

Vocab
MSE#

r"
0.105� 0:075

0.011� 0:014

0.013� 0:003

0.007� 0:022

0.029� 0:009

-0.005� 0:026

0.013� 0:003

-0.015� 0:030

0.007� 0:000

0.031� 0:021

0.024� 0:007

0.002� 0:010

0.008� 0:001

0.017� 0:021

0.008� 0:001

0.017� 0:018

Tgame
MSE#

r"
111.103� 4:398

-0.006� 0:030

18.206� 2:630

0.029� 0:024

13.211� 2:547

0.004� 0:030

11.357� 0:914

0.007� 0:020

10.163� 0:460

0.096� 0:024

23.417� 9:972

-0.014� 0:022

13.040� 1:059

-0.004� 0:024

10.024� 0:161*
0.012� 0:016

Wmatch
MSE#

r"
54.281� 3:946

-0.001� 0:013

8.935� 1:258

0.049� 0:028

8.301� 0:806

0.023� 0:032

7.354� 0:187

0.007� 0:032

6.890� 0:262

0.093� 0:018

10.313� 5:235

0.005� 0:027

8.482� 0:399

-0.002� 0:011

6.731� 0:075*
0.021� 0:021

Alcohol
Acc"
F1"

66.17� 26:56

65.65� 27:81

31.87� 0:54

23.16� 0:61

34.67� 6:23

24.59� 8:93

29.73� 1:40

21.42� 1:58

36.24� 1:45

27.38� 0:97

29.67� 0:71

22.77� 0:83

30.20� 0:74

20.80� 1:34

88.96� 0:52*
88.94� 0:53*

Sleep
Acc"
F1"

76.55� 22:50

75.25� 25:15

45.71� 1:26

28.80� 1:41

51.03� 8:55

39.00� 13:49

45.60� 1:29

28.92� 1:26

47.23� 2:09

34.59� 6:32

42.65� 2:52

35.84� 2:66

45.71� 1:26

28.69� 1:34

91.11� 0:66*
91.10� 0:67*

ICD-Ch AUC" 52.48� 8:47 48.75� 4:01 50.82� 2:62 47.51� 8:20 51.64� 5:62 49.63� 1:78 47.84� 7:60 53.41� 10:14*
ICD-top AUC" 56.17� 2:46 51.69� 2:69 53.00� 1:83 50.05� 2:31 55.63� 4:36 52.13� 1:66 54.81� 3:34 57.63� 5:63*

Table 5: Zero-shot learning between four datasets using BOLD as node attributes, where
F1 scores are listed, resting/tasking classi�cation is tested for HCPA and UKB, and `bold'
and `underline' denote the �rst and the second rank, respectively.

HCPA!UKB UKB!HCPA OASIS!ADNI ADNI!OASIS

static dynamic static dynamic static dynamic static dynamic

Graphormer 39.09�28:14 50.97�4:01 57.78�14:50 64.36�7:90 77.63�2:89 77.24�7:34 79.69�7:71 83.55 �6:90

NAGphormer 74.49�4:01 70.17�1:31 89.77�0:94 73.44�0:70 73.11�5:90 78.09�7:24 69.63�10:99 78.09�7:08

NeuroDetour 91.29�2:10 72.08 �2:15 90.61 �3:65 75.62 �2:98 79.78 �3:53 81.57 �7:24 80.03 �8:50 79.65�6:35

4.6. Zero-shot Learning

Although neural activity classi�cation and cognitive disorder diagnosis
are common tasks in computational neuroscience, applying zero-shot learn-
ing, where a model is trained and validated on one dataset and then tested
on another, remains rare. Zero-shot learning is evaluated for HCPA/UKB
(resting-versus-task classi�cation) and ADNI/OASIS (AD-versus-CN classi�-
cation), demonstrating the clinical generalizability. Speci�cally, we adhere
to the same protocol described above: use �ve-fold cross-validation on the
train-validation split of one dataset to select the best model parameters, then
evaluate performance on the corresponding fold of the other dataset.
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Figure 4: Receiver Operating Characteristic (ROC) curves comparing the True Positive
Rate (Sensitivity) versus the False Positive Rate (1� Speci�city ) across models, where
Hypertension is ICD10 code I10, and Chapter-VI is ICD10 code chapter of diseases of the
nervous system.

Given that the three SOTA brain models are all sensitive to the node num-
ber of the graph, they are not included in this zero-shot learning experiment.
Therefore, F1 scores are listed in Table 5 in comparison against two generic
graph transformers, which are designed for various vertex-cardinality. It is
worth highlighting that our model outperforms all competitors under di�erent
data settings except for ADNI! OASIS dynamic. Speci�cally, NeuroDetour
can surpass the best of others with a 16.8 score for HCPA! UKB static.
Although the performance of zero-shot learning by NeuroDetour still has an
observable gap to the fully supervised version shown in Fig. 3, results indicate
that the neural pathway pattern learned by NeuroDetour is more consistent
than the FC pattern across datasets.

Herein, we focus on the patterns of neural pathways that contribute to
prediction in our NeuroDetour . As we introduced in Sec. 3.1, NeuroDetour is
in fact weighting neural pathways to obtain the feature representation of the
brain network. Therefore, the neural pathways can be sorted by their weights
produced by our model. In this section, the top detour that has the top-1
weight (see Fact 3.1) per FC connection in ADNI and OASIS is analyzed with
a signi�cance score and visualized.
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4.7. Detour Path Statistics

Figure 5: Circular connectograms connect two brain nodes, one of which is the endpoint of
a detour path, and another has detours passing through, where link color indicates the
normalized frequency and only the top-10 are displayed.

Per dataset, there are various groups of subjects depending on the label,
sex, age, or phenotype. In Fig. 5, the di�erences in length of detour pathway
are analyzed using the independentt-test on subjects with di�erent labels
or sex. Fig. 5 shows the histogram of the top detours used by NeuroDetour
starting at a node and passing through another node. The color of the
connection denotes the normalized frequency2 [0; 1] of the transmission node,
and only the top 10 connections are displayed. It is clear that the top detours
in both datasets (160k detours in ADNI and 943k detours in OASIS) share
similar transmission lobes between di�erent labels and sex, even though the
frequency rank is di�erent. For example, NeuroDetour consistently learns
from detours connecting the temporal, parietal, occipital, and limbic lobes to
classify AD in ADNI. While in OASIS, detours in all cortical lobes except
the frontal lobe are contributing for AD prediction.

In Fig. 6 (b) and (e), the relationship between age or Mini-Mental State
Examination (MMSE) and the length of the detour is analyzed using linear
regression for ADNI, where the average and standard deviation of the y-axis
is displayed with the Pearson correlationR, t-test p-value, andn the number
of detours starting at a lobe. It is clear that age is predominantly positively
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