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ABSTRACT

An unprecedented amount of existing functional Magnetic Resonance Imaging
(fMRI) data provides a new opportunity to understand the relationship between
functional fluctuation and human cognition/behavior using a data-driven approach.
To that end, tremendous efforts have been made in machine learning to predict
cognitive states from evolving volumetric images of blood-oxygen-level-dependent
(BOLD) signals. Due to the complex nature of brain function, however, the evalua-
tion on learning performance and discoveries are not often consistent across current
state-of-the-arts (SOTA). By capitalizing on large-scale existing neuroimaging data
(39,784 data samples from seven databases), we seek to establish a well-founded
empirical guideline for designing deep models for functional neuroimages by link-
ing the methodology underpinning with knowledge from the neuroscience domain.
Specifically, we put the spotlight on (1) What is the current SOTA performance
in cognitive task recognition and disease diagnosis using fMRI? (2) What are the
limitations of current deep models? and (3) What is the general guideline for
selecting the suitable machine learning backbone for new neuroimaging applica-
tions? We have conducted a comprehensive evaluation and statistical analysis,
in various settings, to answer the above outstanding questions. In addition, we
explore a novel attention learning mechanism to provide meaningful spatial pattern
of brain activation that is associated with various cognitive tasks and neurological
conditions.

1 INTRODUCTION

Functional magnetic resonance imaging (fMRI) is a popular non-invasive neuroimaging technology
extensively used to investigate brain activity (Smith et al., |2004; Van Dijk et al., [2004; [Fox et al.,
2005) and diagnosis neurological disorders (Kloppel et al., [2008; |Zhou et al.,|2008; Khazaee et al.,
2015; Deshpande et al., [2013;|Calhoun et al.| 2004). Monitoring alterations in blood oxygen level-
dependent (BOLD) signal, an indicator of local blood flow and oxygenation changes in response
to neural activity, offers a window into the functional activity of the brain in-vivo (Biswal et al.|
2010). During fMRI scans, subjects typically engage in either task-related activities to measure neural
activity associated with specific cognitive tasks, or resting states to measure spontaneous fluctuations
supported by intrinsic neural activity.

Glance of deep learning on fMRI. As shown in Fig. |l|left, an fMRI scan consists of a set of
evolving volumetric brain mapping of BOLD signal over time (i.e., 3D + t). Instead of using 4D
image directly, it is a common practice to partition the whole brain into a set of parcellations (by
following a pre-defined atlas (Evans et al.,2001)) and analyze the mean-time course of BOLD signals.
In this regard, sequential models such as Recurrent Neural Networks (RNNs)(Yan et al.,[2019) and
Transformer architectures(Bedel et al., [2023} Thomas et al., [2022)) have been adapted to map time
series to the phenotypic traits such as cognitive status or diagnostic label.

Meanwhile, synchronized functional fluctuations between distinct brain regions, a.k.a. functional
connectivity (FC), has been discovered in many neuroscience studies (Biswal et al., [1995} [Friston
et al.l |1994; Sporns et al., 2005} |Greicius et al.l 2003). This discovery shifted research focus to
investigating region-to-region interactions, giving rise to a new interdisciplinary field — network
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neuroscience, which conceptualizes the brain as a connectome: an interactive network map where
distinct brain regions synchronize their neural activities through myriad interconnecting nerve bers
and functional co-activations (Bassett & Spofns, 2017; Park & Friston,| 2013; Bassett & Bullmore,
2006). Since connectome is often encoded in a graph structure, graph neural networks (GNNs) come
to the stage for capturing putative graph representations for nodes and edges in the FC brain network
(Han et al.| 2020; Wang et al., 2021; Zhu et al., 2021). In contrast to conventional GNNSs, current
deep models for FC predominantly focus on graph classi cation tasks, that is, assigning a label to a
graph using integrated feature representations of the brain network.

For simplicity, many deep models for FC assume that brain connectivities do not change while
scanning a resting-state fMRI. However, there is a growing consensus in the neuroimaging eld that
spontaneous uctuations and correlations of signals between two distinct brain regions change with
correspondence to cognitive states, even in a task-free environment (Allen et al., 2014; Bassett et al.,
2011; Calhoun et al., 2014; Hutchison et al., 2013). Thus, it is natural to perform graph inference in
the temporal domain by combining time series modeling and graph representation learning techniques.
For example, as FC is a symmetric and positive-de nite (SPD) matrix on the Riemannian manifold
(Dan et al., 2022b), a manifold-based deep model is trained to capture graph spatial features while
the evolution of FC matrices is jointly modeled by an RNN.

Challenges for enhancing the ap-

plicability of current deep models.

Despite tremendous efforts that have

been made to develop state-of-the-

art deep models for fMRI, there is a

signi cant gap between the general

model design and diverse application

scenarios in both neuroscience and

routine clinical practice, due to the fol-

lowing challengesFirst, most deep Figure 1:Various data representations in fMRI studies (in time
models are evaluated in the limitederies or graph) and machine learning models for fMRI analyses.
(in-house) datasets only. Such gross

simpli cation is responsible for lacking comprehensive and trustful benchmarks across various deep
models.Secondllittle attention has been paid to enhancing model interpretability despite the high
demand for an in-depth understanding of how anatomical structures support brain function and how
self-organized functional uctuations give rise to cognition and behaibird, current works mainly
focus on “one-size- ts-all” solution for all fMRI studies. Considering the complex nature of brain
functions in different environments, we hypothesize that the best practice for real-world problems
is to deploy the most suitable models tailored to speci c characteristic of data and applications. To
that end, it is critical to examine this hypothesis and further gain conclusive insights through existing
large-scale public fMRI benchmarks.

Our contributions. The researchers in this eld proposed a number of deep learning approaches
for graph feature representation learning (Sim et al., 2024; Park et al., 2023; Baek et al., 2023;
Choi et al., 2022; Ma et al., 2021; Gan et al., 2020; Dan et al., 2023), dynamic network analysis
(Cho et al., 2023; Turja et al., 2023; Dan et al., 2022d; Huang et al., 2021; Yang et al., 2021; Zhen
et al.,, 2021; Ma et al., 2020; Dan et al., 2022b), and computer-assisted disease early diagnosis
(Cho et al., 2024; Shi et al., 2024; Dan et al., 2022a; Xiao et al., 2022; Yang et al., 2022) using
human connectome data. By capitalizing on the extensive experience of developing machine learning
techniques for neuroimaging studies and unprecedented amount of existing high-quality public
functional neuroimages (summarized in Table 1), we seek to provide a comprehensive report on
model performancandmodel explainabilityof various contemporary solutions across different fMRI
scenarios (covering both task-evoked fMRI and disease-related resting-state fMRI). The speci c
contributions of this paper are as follows:

1. We have constructed, pre-processed and released a diverse set of datasets for the fMRI-
based benchmark (see Table 1), including the Human Connectome Project (HCP-YA and
HCP-Aging) (Van Essen et al., 2013) dataset for task classi cation, the ADNI (Mueller
et al., 2005) and OASIS clamontagne2019oasis datasets for Alzheimer's disease diagnosis,
the PPMI dataset for Parkinson's disease diagnosis, and the ABIDE dataset for Autism
diagnosis (Xu et al., 2024) (PPMI and ABIDE are from (Xu et al., 2024)).
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2. We have trained and evaluated an inclusive set of popular spatial models (using topological
heuristics from functional connectivity) and sequential models (using temporal dynamics
from BOLD signal) for fMRI classi cation across all datasets. We thoroughly discussed the
model performances in different fMRI learning scenarios and investigated the underlying rea-
sons for their performance differences in the neuroscience perspective by in-depth remarks,
which would be bene cial for engineering suitable deep models for new applications.

3. We have particularly investigated a post-hoc method to generate task-speci ¢ attention maps
of models and evaluated neural activation patterns across different tasks. This exploration
aims to uncover the neurobiological mechanism using data-driven approaches, which is
pivotal for promoting machine learning techniques in computational neuroscience and
clinical applications.

2 RELATED BENCHMARK ON COMPUTATIONAL FMRI ANALYSIS

Several benchmark studies have been conducted on fMRI data. For instance, ElGazzar et al. (2022)
evaluated the performance of various GNNs on the UK Biobank database, discussing different node
features and adjacency matrices for different GNNs, and conducted experiments on both static and
dynamic FCs. Similarly, Said et al. (2023) provided a more comprehensive discussion including
node feature types, the number of ROIs, and adjacency matrix sparsity, as well as identi ed optimal
settings for these parameters. They evaluated 12 models but on the HCP dataset only. Xu et al. (2024)
curated and released six disease-based datasets and assessed 13 various machine learning methods on
these datasets.

Despite these efforts, to the best of our knowledge, no benchmark work focuses on the general
principle of designing/tailoring suitable models for various fMRI studies. To address this, our
work includes a detailed analysis of the HCP dataset, which features both single-domain and multi-
domain cognitive tasks, as well as the ADNI, OASIS, and PPMI datasets for neurodegenerative
diseases, and the ABIDE dataset for neuropsychiatric disorders. Additionally, recent works (Bedel
et al., 2023; Thomas et al., 2022) have demonstrated the ef ciency of sequential models, such as
Transformers, in fMRI analysis. Therefore, our study not only examines spatial models based on FC
but also extensively evaluates sequential models leveraging temporal information, offering a more
comprehensive benchmark in the eld.

3 DATASETS

As shownin Table 1, we uses a diverse Taple 1: The Summarization of Benchmarking Datasets.
array of datasets (a total of 39,784

Dataset  # of samples # of class mean of length # of ROIs # of edges

fMRI images), including the Human ~“HCP-Task 14,860 7 278 360 12,960
Connectome Project (HCP-YA and HHCCPPXNM 1}82576 i 33394 31% 112§fg
. . . -Aging s s
HCP.-Aglng) dataset (Wlth vallrlogs ADNI 55 5 177 176 1346
cognitive tasks), the Alzheimer's Dis- —oasis 1,247 2 390 160 2,560
ease Neuroimaging Initiative (ADNI), __PPMI 209 4 198 116 1,346

the Open Access Series of Imaging—22"°E 1,025 2 200 116 1346

Studies (OASIS), the Parkinson's Progression Markers Initiative (PPMI), and the Autism Brain
Imaging Data Exchange (ABIDE). The description about MRI scanner and imaging protocol is
summarized in Appendix A.1.1.

4 BENCHMARKING MODELS

The selection of models for benchmarking in fMRI analysis, as shown in Fig. 2, is driven by the
need to represent the multivariate nature of fMRI. They fall into two main categories: spatial models
and sequential models, offering advantages in analyzing brain connectivity and temporal dynamics,
respectively.

Spatial modelsare crucial for understanding the brain functional connectivity patterns. Traditional
GNN s like Graph Convolutional Network (GCN) (Kipf & Welling, 2016) and Graph Isomorphism
Network (GIN) (Xu et al., 2018) are selected because they effectively represent the diffusion pattern
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Figure 2:Selected deep models for the benchmark, which include spatial (left) and sequential models (right).

and isomorphism encoding for brain connectivity. Subgraph-based GNNs, such as Moment-GNN
(Kanatsoulis & Ribeiro, 2023), focus on subgraph structures within the brain network. This allows for
the identi cation of localized patterns that might be missed by traditional GNNs. Expressive GNNs,
including Graph Substructure Network (GSN) (Bouritsas et al., 2022) and GNNAsKernel (GNN-AK)
(zZhao et al., 2021), are chosen for their enhanced expressivity by incorporating the counting of
subgraph isomorphisms and local subgraph encoding respectively, which may be bene cial for
distinguishing subtle differences in FC. A manifold-based model like Symmetric Positive De nite
Network (SPDNet) (Dan et al., 2022c) is adopted for its capability to handle high-dimensional
manifold data, making it effective for high-resolution fMRI. A traditional Multi-Layer Perceptron
(MLP) serves as a baseline model for its high ef ciency and versatility.

Sequential modelsare selected for analyzing the temporal dynamics of BOLD signals. 1D-CNN is
selected for its strength in capturing temporal patterns through convolutional operations. Recurrent
Neural Network (RNN) (Rumelhart et al., 1986) and Long Short-Term Memory (LSTM) (Hochreiter

& Schmidhuber, 1997) are included for their pro ciency in modeling sequential BOLD signal and
capturing long-range dependencies. MLP-Mixer (Tolstikhin et al., 2021) is chosen for mixing
spatial and temporal features, offering a comprehensive view of BOLD by integrating information
across different dimensions. Transformer (Vaswani et al., 2017) is selected for its powerful attention
mechanisms, which enable it to capture global dependencies in the BOLD signals. Finally, State-
Space Model (SSM) represented by Mamba (Gu & Dao, 2023) is selected for its advanced state-space
modeling capabilities that capture the dynamics of brain activity over time.

5 EVALUATE THE MODEL PERFORMANCE ON IMRI DATA

We seek to examine the following hypotheses through a total of 13 benchmark deep models on 39,784
fMRI images from seven data cohorts. (The work ow of fMRI image pre-processing is summarized
in Appendix A.1.2.)

(H1) Are there any deep models that consistently perform well across all fMRI studies?
(H2) Is there a connection between the design of deep models and the underlying biological question?

(H3) What is the general guideline for developing fMRI-based deep models for new neuroscience and
clinical applications?

(H4) What is the clinical value of fMRI-based deep models in disease diagnosis?

In the following experiments, we focus on an analysis of the relationship between the learning
mechanisms of model backbones and their application scenarios in a neuroscience context. To that
end, we assume that other confounding variables, such as the choice ofaatthmulti-site issue$

have been professionally addressed.

5.1 EXPERIMENTAL SETUP

Suppose the whole brain BOLD signals are representetl 8RN T, whereN andT denote
the number of brain parcellations and time points. Wet= [w; Iff -; 2 RN N be a FC matrix

1The effect of atlas parcellations on model performance has been evaluated in (Said et al., 2023). The general
conclusion is that ne-grained brain parcellation often leads to higher prediction accuracy of phenotypical traits
using fMRI data. Thus, we use the Human Connectome Project (HCP) multi-modal parcellation of the human
cerebral cortex (Glasser et al., 2016) which is a popular ne-grained atlas with 360 distinct regions based on a
combination of anatomical, functional, and connectivity data.

2Multi-site issue refers to the external variations (related to scanner and imaging protocol) that arise when
data are collected from multiple research sites or centers. Thus, data harmonization has been applied to the fMRI
data in our work.
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Figure 3: Signi cant tests between spatial moda@sgnd sequential modelm) for various datasets.
The rst and third plots for the HCP dataset are "Separated Scan 1 & Scan 2" experiment (marked as
“###-1"), and the second and fourth plots are "Mixed Scan 1 & Scan 2 setting” (marked as "###-2").

constructed using Pearson's correlatioas= XX | . As suggested in (Bedel et al., 2023), we
retain the top 10% of values in FC mathi¥ based on the degree of FC and truncate the re&tdo
enhance the sparsity in the brain network.

For spatial models, the input includes (1) FC mathixthat determines the graph diffusion process

and (2) the node embedding vectors that describe the local topology at each node. Following the
optimal settings described in (Bedel et al., 2023), we use the vector of FC connectivity degree
Wi = [ W ]J-N:1 jgi as the initial feature embedding for the nogle

For sequential models, it is important to standardize the input BOLD skjnaith varying time
length to uniform dimensions. In datasets where BOLD signals are recorded with varying time points,
we employ zero-padding to achieve this alignment (see Appendix A.2 for details).

Each participant in HCP-Task has two scans, Scan 1 (i.e., test fMRI) and Scan 2 (i.e., re-test fMRI)
3, which have same task events in different orders. To ensure the replicability of the experiment,
we implemented two distinct experimental settings accordingly. For "Separated Scan 1 & Scan 2”
scenario, models were trained on Scan 1 only and validated and tested on Scan 2. This setting not only
evaluates the classi cation performance but also assesses the model's replicability across different
scans representing the same task. For "Mixed Scan 1 & Scan 2" scenario, we mixed both scans, using
half for training and the remaining half for validation and testing.

5.2 ANALYSIS ON TASK-EVOKED FMRI

First, we benchmark on task recognition for seven cognitive tasks (denoted by HCP-Task): emotion,
relational, gambling, language, social, motor, and working memory. The scan duration of each task
is ranging from 176 to 405 time point®:{2 176 127seconds 0:72 405 292seconds).
Secondwe test the task recognition accuracy for HCP-Working Memory (HCP-WM) data where each
fMRI scan consists of eight short-term tasks: Obk-(place, tools, face, body) and 2bk-(place, tools, face,
body). The scan duration in HCP-WM is relatively short with only 39 time poix83 39 285s).

Last, we benchmark on the task recognition for three PsychoPy tasks covered in the HCP-A dataset
include VisMotor Task, CARIT (Conditioned Approach Response Inhibition) Task and Facename
Task.

Sequential vs. spatial model comparison in HCP-TaskAs shown in Table 2, both spatial and
sequential models demonstrate a wide variety in task recognition accuracy, with sequential models
generally achieving higher accuracy levels. Additionally, the statistical analysis of boxplots in Figure

3 reveals that sequential models tend to have higher accuracy scores, as evidenced by their distribution
towards the upper end of the scale. Notably, there is a signi cant differgred(01) between the

two types of models in the Mixed Scan setting.

Sequential vs. spatial model comparison in HCP-WMIn Table 2, sequential models not only
outperform spatial models but do so by a considerable margin, showcasing a performance advantage
of up to30% in accuracy across both settings. This performance gain is further supported by a
t-statistic of 13:3and 8:54at a signi cance level op < 10 “ in two settings, indicating that the
performance difference in this task is both substantial and statistically signi cant.

Sequential vs. spatial model comparison in HCP-Agingln Table 2 bottom, most of the sequential

models can achieve higher accuracy than the spatial models, especially 1D-CNN and Mamba, which
have exceeded 99% in Acc, precision and F1. This indicates that the sequential models' effectiveness
on this dataset. However, as illustrated in Fig.3, while sequential models demonstrate better perfor-

%In many fMRI studies, test-retest fMRI scans involve acquiring multiple sessions of fMRI from the same
individuals, allowing researchers to assess the reliability and reproducibility of brain activation patterns.
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mance on this dataset, the variability in accuracy among these models is higher. Consequently, the
advantage of sequential models over spatial models is not statistically signi cant, as evidenced by the
broader range of Acc differences.

Remarks 1.1.0ne possible explanation, frothe perspective of machine learnirfgr the enhanced
performance of sequential models compared to spatial models could be attributed to a stronger
correlation between the dynamic characteristics of BOLD signals and cognitive tasks, as opposed
to the correlation with (static) wiring topology of functional connectivities in healthy brains. The
evidence for supporting this statement becomes particularly more apparent in HCP-WM experiment.
Thebiological basisfor the differences in performance between sequential and spatial models lies
in the nature of task-evoked experiments. These experiments are designed to elicit speci ¢ brain
responses related to cognitive processes such as attention, memory, language, or emotion through
simple cognitive tasks or stimuli. In this context, some portion of the brain exhibits higher activity
levels, as evidenced by the uctuation dynamics in BOLD signals, to support the targeted cognitive
tasks. Meanwhile, the human brain exhibits limited possibility to recon gure the topology of whole-
brain functional connectivities as mounting evidence shows that network organization remains stable
regardless of brain states switching from task to task (Buckner et al., 2009; 2013; Power et al., 2011).

Remarks 1.2. Sequential models are more effective in task fMRI classi cation, and there exist
signi cant variations of learning performance within spatial and sequential models. The evidence
supporting this remark is discussed method-to-method in Appendix A.4.1.

Table 2: Performance on task-evoked fMRI. Blue is best performance in spatial models, and
is best performance in sequential models.

(%) |GCN| GIN | GSN|MGNN |GNN-AK |SPDNet MLP 1D-CNN‘

Sequential Models

RNN[LSTM [Mixer | TF |Mamba

HCP-Task (Separated Scan 1 & Scan 2)

|

Acc|84.7284.5088.78 74.18 | 73.01 | 93.76 |93.54 79.54 82.35| 96.48|91.57| 95.60
Pre [85.3084.6088.921 76.30| 73.00 | 93.74 |93.96 78.32 84.07| 96.54|92.11] 95.69
F1 |84.8284.4688.79 73.98| 72.99 | 93.70 [93.52 78.79 80.07| 96.37|90.80 95.58
HCP-Task (Mixed Scan 1 & Scan 2)
Acc|87.86(86.5992.54 86.00 | 72.19 | 96.23 |94.62] 98.74 |92.51 99.51 99.60 99.06
Pre |87.9586.8992.75 86.14 | 73.13 | 96.26 (94.63 98.75 |92.56 99.51 99.60 99.06
F1 |87.8786.5992.58 85.96 | 72.87 | 96.28 (94.60 98.74 |92.51] 99.51 99.60 99.06
HCP-Working Memory (Separated Scan 1 & Scan 2)
Acc|26.8327.2330.06 24.05| 24.07 | 29.54 |27.60 49.94 61.46 | 54.38/50.38 55.58
Pre |23.5423.9229.68 18.40| 18.56 | 29.86 |25.77 48.13 62.94|52.59|49.62 57.09
F1 |23.55/23.4627.43 19.41| 19.66 26.42 [25.71 48.14 60.83| 52.52|48.69 54.45
HCP-Working Memory (Mixed Scan 1 & Scan 2)
Acc|68.97/62.07/71.18 65.72 | 60.31 | 67.26 |76.91] 89.90 |90.67| 84.87 | 87.88/87.90
Pre |69.1363.1671.35 67.46| 61.25 | 67.35 |76.87 89.90 |90.70 85.00|87.93|87.94
F1 |68.9862.1071.16 65.93| 60.33 | 67.34 |76.86 89.89 |90.68 84.89 | 87.88|87.88
HCP-Aging
Acc|93.8593.4096.45 93.26 | 86.93 | 96.77 | 97.2 78.44) 83.79| 97.92|95.61] 99.14
Pre [93.9593.4296.53 93.29 | 86.44 | 96.80 |97.25 78.79 84.82|97.93|95.90 99.15
F1 |93.8593.37/96.46 93.23| 85.96 | 96.77 [97.21 77.54 83.49|97.91|95.66 99.14

5.3 ANALYSIS ON EARLY DIAGNOSIS OFNEURODEGENERATIVEDISEASESUSING
RESTING-STATE FMRI

Early diagnosis for neurodegenerative diseasediVe take AD and PD as examples due to the
abundance of disease-related public data cohorts. In the following, we examine the classi cation
performance between cognitive normal (CN) and subjects with neurodegenerative disease (ND) using
resting-state fMRI data.
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AD classi cation on ADNI. In Table 3, we show the accuracy, precision, and F1-score for CN vs.
AD classi cation by spatial models (left) and sequential models (righ) is shown that the spatial
models perform slightly better than the sequential models across the most of evaluation metrics.
Furthermore, as shown in Figure 3, at a signi cance lgvel 0:37, spatial models exhibit no

signi cant performance improvement over sequential models in a two-saniplt -statistic: 0.93).
Therefore, the overall performance of spatial models exceeds that of sequential models, there are still
some variations within spatial models.

AD classi cation on OASIS. The CN vs. AD classi cation results in Table 3 indicate a comparable
performance between sequential models and spatial models, as the accuracy distribution for both
types of models is relatively tight around the 0.873 to 0.886 range. Both types of model show
a consistent performance across different metrics. In addition, there is no statistically signi cant
difference in accuracy between the two model types.

PD classi cation on PPMI Table 3 presents a comprehensive performance evaluation on identifying
CN, SWEDD (scans without evidence of dopaminergic de cit), Prodromal, and PD subjects (four-
class classi cation) across multiple models. In general, spatial models' performance is slightly better
than sequential models as only four of seven spatial models are generally higher than those of their
sequential counterparts except for Transformer. Also, there is no statistical difference in accuracy
between sequential and spatial models (visually con rmed by the box plot in Fig. 3).

Table 3: Performance on neurodegenerative disease fMRI. Blue is best performance in spatial models,

and is best performance in sequential models.
Sequential Models

(%) | GCN | GIN | GSN [MGNN | GNN-AK | SPDNet MLP [1D-CNN| RNN [LSTM [Mixer | TF [Mamba

\ ADNI \

Acc| 74.40 76.40] 79.20| 76.80 | 77.20 | 78.50 |80.40| 76.00 |75.20| 77.60]77.20 73.60
3:67 6:05 4:66 3:92 6:21 5:73 4:54 6:45 6:14 6:25 5:95 5:12

Pre|67.12 69.75/82.37| 76.80 | 75.52 | 65.04 [81.38| 72.92 |69.66| 76.11|77.87 71.53
12:30 16:55 4:81 9:67 13:41 9:01 5:55 14:98 13:88 13:32 12:76 12:23

F1 [67.52/69.61| 75.75| 72.49| 71.46 | 61.91 |78.46| 68.99 |68.90| 72.48|72.09 67.85
5:87 9:92 4:92 6:08 9:81 13:62 4:99 9:60 8:94 9:05 9:56 8:80

OASIS

Acc|88.13]87.49|87.33| 87.41 | 87.73 | 88.29 |87.33 87.07| 87.07]| 87.15/ 88.03| 87.95
1:04 0:93 1:27 0:79 1:64 0:88 1:27 1:06 1:06 0:95 1:49 2:77

Pre|87.44(84.90| 78.08| 84.28 | 89.27 | 55.84 | 77.93 75.82| 75.82| 77.69| 85.58| 87.51
2:56 4:75 5:21 5:37 1:21 4:51 4:92 1:85 1:85 2:74 5:17 2:91

F1 [84.26(82.40/81.73| 81.84| 8258 | 56.47 [81.83 81.05| 81.05(81.71| 83.61| 83.92
1:40 1:03 2:22 0:89 2:31 7:42 2:37 1:51 1:51 1:08 2:90 4:02

PPMI

Acc| 68.02] 70.33] 70.40| 69.45| 68.83 | 66.02 |58.98| 68.02 |56.55| 64.21|66.12 67.93
11:57 8:72 12:48 10:37 7:70 10:10 10:94 10:75 7:21 10:56 11:03 10:69

Pre | 60.28| 66.64| 70.63| 63.10 | 63.26 | 42.92 |62.43| 65.33 |45.15| 57.86| 63.27 66.40
18:09 11:05 14:00 15:32 11:75 15:25 13:15 13:50 15:34 18:23 16:97 11:44

F1 | 61.56|64.84| 66.95| 63.23| 63.76 | 40.14 |57.84| 61.41 |43.14| 56.25|58.64 59.11
15:25 10:62 13:64 13:29 9:01 17:60 11:82 13:42 8:46 15:00 14:44 8:87

Remarks 2.1.1n contrast to task-evoked fMRI, which captures brain activity triggered by speci ¢
tasks, resting-state fMRI re ects spontaneous brain activity in the absence of tasks, with BOLD
signals indicating intrinsic functional connectivity between brain regions. Due to such signi cant
differences in biological mechanisms, spatial models exhibit higher classi cation accuracy than
sequential models. Meanwhile, some neurological impairment may re ect dysfunction rather than
loss of neurons in neurodegenerative diseases (Palop et al., 2006; Pievani et al., 2014; Matthews
et al., 2013). In this regard, ND can be understood as a disconnection syndrome where the large-scale
brain network is progressively disrupted by neuropathological processes (Chiesa et al., 2017). The
evidence supporting this remark shown in Table 3 and Fig. 3 is discussed in Appendix A.4.2.

Remarks 2.2. For diagnosing ND using resting-state fMRI, spatial models are more effective
than sequential models. On ADNI and PPMI dataset, GSN and MLP outperform other spatial
models, suggesting the superior isomorphism representation of GSN and the effectiveness of MLP
for functional connectivity of this type of data. Among sequential models, Transformers yield good
results across all three datasets, likely due to the self-attention mechanism, which can simultaneously

“Multi-class classi cation is shown in Appendix A.3.2
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consider relationships between all elements in a sequence, particularly in longer sequences (such as
those with up to 946 time points in ADNI)

5.4 ANALYSIS ON NEUROPSYCHIATRICDISORDERSUSING RESTING-STATE FMRI

Neuropsychiatric disorders are conditions that involve both neurological and psychiatric symptoms.
Common neuropsychiatric disorders include Autism, Bipolar Disorder, Schizophrenia, Obsessive-
Compulsive Disorder (OCD), and Attention-De cit/Hyperactivity Disorder (ADHD). The following
benchmark focuses on Autism classi cation using ABIDE data cohort. The comprehensive analysis
of the ABIDE dataset is shown in Table 4. It indicates there is a performance difference between
spatial and sequential models, where sequential models exhibit a slight performance advantage over
spatial models in terms of better consistency in accuracy, precision and F1 score.

Table 4: Model performance on Neurodevelopmental Disease fMRI.

ABIDE
Sequential Models

(%) | GCN | GIN | GSN [MGNN |GNN-AK |SPDNet MLP |1D-CNN|RNN|LSTM|Mixer| TF |Mamba
Acc| 62.93|55.61 54.93| 55.71| 53.56 | 68.20 |58.83 54.15 57.66|57.37/62.93 66.62
6:65 1:85 4:89 3:01 2:63 2:87 0:90 0:98 1:67 3:24 2:20 1:09
Pre|58.18/63.49 35.07| 60.94| 33.76 | 68.05 |59.01 56.05 58.65|57.81|63.21] 67.53
16:75 6:03 14:67 8:11 12:08 2:65 1:01 4:96 1:04 2:98 2:23 1:46
F1 |59.37/45.64/ 41.88| 50.31| 40.24 | 68.03 |57.72 44.84 55.12|154.91/61.78 66.47
13:19 7:24 11:21 6:21 8:03 2:72 1:88 1:93 3:72 5:34 3:10 2:20

However, it is important to underscore SPDNet, which consistently stays on the top of all evaluation
metrics. We conducted a correlation analysis to examine the relationship between the accuracy of
SPDNet and that of other models, with the results presented in Figure 4. The analysis shows that
SPDNet's performance exhibits statistically signi cant differences from 9 of the other 12 models.
The methodology innovations in SPDNet include two standout features: (1) maintaining the geometry
of FC matrice through manifold-based feature representation learning, and (2) employing a spatial-
temporal framework to capture dynamic patterns within evolving FC matrices. The top performance
by SPDNet implies that the gateway to diagnose neuropsychiatric disorders might be a good spatial-
temporal feature representation with great mathematical insight, which is supported by the biological
evidence below.

Remarks 3.1. Autism and other neuropsychiatric disorders
involve atypical neural connectivity (both increased and de-
creased variability in BOLD signals) and dynamics (alteration
in the timing and coordination of neural activity) that affect
social and cognitive processing (Mer & Fishman, 2011; Uher

et al., 2014; Rudie & Dapretto, 2013; Menon, 2011; Just et al.,
2012). Since the progression of autism impacts both network
topology and neural activities, a spatial-temporal approach is
more favorable for achieving promising diagnostic results.

Remarks 3.2.In Section 5.3, we conclude that spatial models

outperform sequential models in early diagnosis of ND since

the cognitive decline in ND is often associated with widespread

neurodegeneration and impaired network functionality. Along

with Remarks 3.1, converging evidence suggests that incorpigure 4:SPDNet exhibits signi cant
rating domain knowledge of the disease-speci ¢ pathophyseformance gain over all other spatial
ological mechanisms is crucial for method development amddels except for GCN.
interpretation.

6 EVALUATE MODEL EXPLAINABILITY ON F MRI DATA

Here, we are interested in whether these models are interpretable in the neuroscienti ¢ sense. Speci -
cally, we aim to determine whether the features considered critical by these models for prediction
hold signi cance in the context of neuroscience. To achieve this, we conducted post-hoc analyses to
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Figure 5:Brain mapping of global attention weights for features derived from spatial and models.
Black and red circles denote Motor and Language-related brain areas, respectively.

highlight the most salient features across different tasks and subsequently visualized these analysis on
brain surface maps. This approach aims to validate whether the attention maps derived from different
models are consistent with established neuroscience ndings regarding task-speci ¢ brain activation
patterns.

To generate an attention map that re ects the importance of speci ¢ regions-of-interest (ROIs), we
introduce a learnable global attention assigned to each ROI. This attention is applied by multiplying

it with the dimension of ROI of the initial input data, ensuring that the attention is directly associated
with the input features. By applying attention prior to the data entering the models, we maintain

a strict spatial correspondence between the attention map and the ROIs, preventing the possible
misalignment caused by the non-linear operation in feature representation learning. The global
attention vector is initialized with ones, andigmoidfunction is applied to constrain the attention
weights between 0 and 1, representing the attention score for each ROI.

Evaluation of brain attention maps on HCP task-speci ¢ data.For brain mapping, we selected

the top (critical) 30 brain regions with the highest corresponding weights. In Fig. 5, we present
the brain mapping results from various deep models, including both spatial models (in blue) and
sequential models (in orange). Black circles denote Motor-related regions, while red circles denote
Language-related regionB spatial modelsGCN effectively identi es most motor-related brain
regions, with the corresponding weights are relatively high (indicated by colors). GCN also identi es
some language-related regions, though less comprehensively. Notably, MGNN selects more language-
related regions by high probabilities, with the red circles indicating auditory association cortex areas.
Among sequential modelkie Transformer identi es more Motor-related brain regions, whereas the
1D-CNN identi es almost all the Language-related areas with relatively higher weights, indicating its
emphasis on these regions.

Remarks 4.1. Figure 5 shows that while some models, such as GCN, can identify brain regions
corresponding to speci c tasks, they do not entirely align with the brain activation patterns established
by neuroscience, and the selected brain regions appear relatively dispersed. We speculate that this is
likely attributable to the following reasons:

1. Our analysis of the global attention weights revealed that their values were quite similar,
leading to weak discrimination across ROIs. This may result in the failure to highlight the
correct brain regions, even though it performs well in classi cation. This issue could be
related to our initialization of global attention with all ones. When the input features exhibit
inherent discriminability, the attention values tend to balance out, preserving the original
discriminative relationships. To explore this further, we tried initializing attention weights
randomly in the range [0, 1). While this approach promotes stability from initial randomness,
the values remained fairly close, so the improvement in discrimination was limited.

2. Although the different models t the data well and achieved high accuracy, the global
attention maps generated by various models vary. This raises the question of whether the
features highlighted by deep learning models align with those identi ed by neuroscience for
speci ¢ tasks. Because the models may have learned task-speci c patterns that are effective
for classi cation but lack biological relevance. Reasons for this issue include (1) substantial
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