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Abstract

The construction of brain graphs from functional Magnetic Resonance Imaging (fMRI)
data plays a crucial role in enabling graph machine learning for neuroimaging. However,
current practices often rely on rigid pipelines that overlook critical data-centric choices
in how brain graphs are constructed. In this work, we adopt a Data-Centric Al per-
spective and systematically define and benchmark a data-centric design space for brain
graph construction, constrasting with primarily model-centric prior work. We organize
this design space into three stages: temporal signal processing, topology extraction, and
graph featurization. Our contributions lie less in novel components and more in evaluat-
ing how combinations of existing and modified techniques influence downstream perfor-
mance. Specifically, we study high-amplitude BOLD signal filtering, sparsification and
unification strategies for connectivity, alternative correlation metrics, and multi-view node
and edge features, such as incorporating lagged dynamics. Experiments on the HCP1200
and ABIDE datasets show that systematic, validation-guided exploration of data-centric
configurations yields substantial accuracy gains over a standard fixed pipeline, while the
best-performing construction varies across datasets and settings. These findings highlight
the critical role of upstream data decisions and underscore the importance of systemati-
cally exploring the data-centric design space for graph-based neuroimaging. Our code is
available at https://github.com/GeQinwen/DataCentricBrainGraphs.
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1 Introduction

The human brain, as a complex network, can be effectively modeled as a graph to study
neural activation patterns using neuroimaging. Functional Magnetic Resonance Imaging
(fMRI) captures blood-oxygen-level-dependent (BOLD) signals over time, allowing analy-
sis of brain activity via functional connectivity (FC). In these graphs, nodes correspond
to regions of interest (ROIs) from a brain parcellation, and edges represent co-activation
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Figure 1: (a) Comparison between model-centric and data-centric design spaces. Tradi-
tional approaches focus on model configurations, while our work emphasizes upstream data
decisions. (b) Overview of our proposed data-centric design space for brain graph construc-
tion. Instead of relying on a fixed pipeline, we systematically explore signal preprocessing,
topology extraction, and graph featurization choices, transforming raw fMRI signals into
optimized graph representations for GNNs.

relationships (Smith et al., 2013). This formulation has led to widespread adoption of
graph-based approaches in neuroimaging (Luo et al., 2024; Du et al., 2024).

Graph machine learning has shown strong promise in analyzing brain graphs for tasks
such as disease prediction, cognitive state decoding, and biomarker discovery (Wu et al.,
2020; Kim et al., 2021; Said et al., 2023; Gadgil et al., 2020; Dahan et al., 2021; Li et al.,
2021; Sivgin et al., 2024). However, most prior work focuses on model architectures and
training objectives, while the upstream graph construction process—from raw fMRI signals
to brain networks—remains underexplored within the graph machine learning community.
These graphs are typically built using a fixed pipeline based on instantaneous correlations
(e.g., Pearson), with limited attention to how preprocessing, connectivity definitions, or
feature choices affect downstream performance.

Recent studies have shown that even modest variations in graph construction—such as
incorporating dynamic correlations—can significantly impact predictive accuracy (Sivgin
et al., 2024). This motivates a shift from model-centric innovation toward systematic study
of data-centric decisions. In line with principles of Data-Centric Al (Zha et al., 2025;
Jakubik et al., 2024; Jarrahi et al., 2022), we argue that the structure and quality of input
graphs deserve closer scrutiny. This view is supported by broader Al research showing
that improving data representations can yield better performance and faster development
than tuning models alone (Ng, 2023). In graph-based neuroimaging, data-centric learning
emphasizes how choices in signal processing, connectivity, and feature design—made during
graph construction from raw fMRI—directly influence downstream model performance.

In this work, we reframe brain graph construction as the exploration of a structured
data-centric design space, which organizes key decisions across three stages: (1) temporal
signal processing, (2) topology extraction, and (3) graph featurization. As illustrated in
Figure 1, this design space provides a flexible and structured alternative to the standard
fixed pipeline, enabling systematic evaluation of data-centric choices between raw fMRI
signals and graph learning models. Thus, rather than proposing new model architectures,
we systematically benchmark individual and combined data-centric configurations of exist-
ing/modified techniques to assess their impact on neuroimaging graph classification.
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We conduct extensive experiments on the HCP1200 and ABIDE datasets and show that
systematic exploration of design choices—such as filtering high-amplitude BOLD fluctua-
tions, applying alternative correlation metrics, unifying connectivity topologies, and encod-
ing lagged dynamics—yields substantial classification gains over standard pipelines, with
the best choices varying across datasets and settings. These findings highlight the role of
upstream data decisions in shaping brain graph representations. Our benchmark and de-
composition of brain graph construction offer a practical toolkit and conceptual foundation
for future research in Auto-Data-Centric Al—where data construction pipelines, like model
architectures, can be automatically explored and optimized.

Our contributions, framed around the proposed data-centric design space, advance un-
derstanding of how upstream data decisions influence graph-based neuroimaging:

e We define and benchmark a representative data-centric design space for brain graph
construction, organized into three stages: temporal signal processing, topology extrac-
tion, and graph featurization. This framework highlights how upstream data-centric
choices shape brain graphs for downstream learning.

e For temporal signal processing, we evaluate multiple high-amplitude signal retention
strategies to assess their impact on co-activation patterns and connectivity formation.

e For topology extraction, we explore both subject-specific and globally unified topology
frameworks, and systematically compare correlation metrics (e.g., Pearson, Kendall)
for their robustness to outliers and nonlinear dependencies.

e For graph featurization, we incorporate not only static correlations but also dynamic
lagged correlations into node features, and explore edge feature encodings to consoli-
date multiple functional interactions within a single graph representation.

The rest of the paper is organized as follows. Section 2 reviews related work. Sec-
tion 3 presents preliminaries, including notations and datasets. Sections 4-6 explore the
data-centric design space across temporal signal processing, topology extraction, and graph
featurization. Section 7 presents results, and Section 8 concludes. Also, we assess the re-
liability of each data-centric choice by measuring how often it outperforms the standard
pipeline across datasets and ROI settings. We observe that no single design choice domi-
nates across all settings, motivating a modular design space perspective where practitioners
can systematically compare and compose data-centric options.

2 Related Work

2.1 Deep Learning for Neuroimaging

Deep learning’s ability to learn highly complex and non-linear patterns from neuroimaging
data has enabled learning individualized representations with more predictive power (Arbab-
shirani et al., 2017; Plis et al., 2014). Given its ability to detect abstract and complex
patterns, DL has been applied in neuroimaging studies of psychiatric and neurological dis-
orders, which are characterized by subtle and diffuse alterations (Vieira et al., 2017). Com-
pared to standard machine learning methods, deep learning can learn more representative
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information from the data (LeCun et al., 2015) to model the brain activity. Despite the
advancements in deep learning for neuroimaging, these models heavily depend on the qual-
ity and structure of input data (Yan et al., 2022). This motivates our study to investigate
data-centric Al approaches for optimizing neuroimaging data for improving downstream
prediction performance.

2.2 Data-Centric AI on Graphs

Data-Centric Al focuses on systematically diagnosing and addressing real-world data issues
through Al-driven methods (Zha et al., 2023). While AI research has primarily advanced
model development, the growing demand for Data-Centric Al (Singh, 2023) arises from the
fact that even state-of-the-art models underperform on noisy, uncurated data—illustrated
by the "garbage in, garbage out” phenomenon.

Graph data, which models entities and relationships, requires a distinct approach due
to its manually abstracted nature. Research in Data-Centric Graph Learning has explored
how graph data and models interact (Yang et al., 2023; Wang et al., 2022). Given graph
data’s unique characteristics, we can analyze different stages of graph learning through
a Data-Centric Al lens. This involves addressing key questions: how to construct, when
and where to modify, and how to refine a graph. In this work, we adapt the principles
of data-centric graph learning to the neuroimaging domain by analyzing how temporal 3D
signals preprocessing, topology extraction, and graph featurization affect the construction
of functional brain graphs from fMRI data.

2.3 Model-Centric Design Space for Graph Machine Learning

The high-impact design space paradigm introduced by GraphGym (You et al., 2020) en-
hances GNN development by systematically exploring architectural hyperparameters to
identify optimal configurations across diverse tasks. Their work establishes a principled ap-
proach to model-centric optimization, ensuring generalizable performance. Inspired by this
framework, we extend this paradigm into the realm of data-centric Al. Instead of tuning
model hyperparameters, we conceptualize data-centric “hyperparameters”—a structured
set of preprocessing strategies and feature engineering choices that critically shape model
performance. By integrating the most effective proposed methods, we construct a general-
izable and empirically robust data-centric workflow, optimizing the entire pipeline of deep
learning in neuroimaging rather than just the model architecture. In addition to many
other experiments, we ultimately empirically showcase the strength of data-centric design
space exploration against fixed baselines in Figure 6.

3 Preliminaries

We first outline fMRI-to-graph preprocessing, then formally define the resulting brain graph.

Standard fMRI to Graph Construction. Constructing brain graphs from fMRI
data typically follows a fixed pipeline that transforms voxel-level signals into region-level
functional connectivity graphs. This pipeline involves preprocessing the fMRI signals, sum-
marizing them within regions of interest (ROIs), computing pairwise correlations to obtain
a functional connectivity (FC) matrix, and applying thresholding to define graph edges. A
more detailed description of the standard pipeline is provided in Appendix B.
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Table 1: Notations and corresponding descriptions.

Description Description
N Number of samples T, (Zr) Temporal (Normalized) BOLD signal for ROI r
T Number of fMRI time points g, (o) Mean (Std. dev.) of the BOLD signal for ROI r
n Number of nodes/ROIs v €V (ri €ER) Node (ROI) ¢ in the node (ROI) set V(R)
V (£) Node (Edge) set O(t; Zr;0,7) High-amplitude signal thresholding function
d/d’ Node/edge feature dimension A Adjacency matrix, A = [a;;] € {0, 1}VIXIVI
E Edge feature matrix, RIEIxd  x Node feature matrix, RIVI*d

0(v) Threshold (Binarization) parameter for high-amplitude retention function ©

Notations and Definitions. Here we formally define the functional brain graph cre-
ated from the standard fMRI to graph pipeline; Table 1 constains a summary of all notation.

Definition 1 The brain functional connectomics graph is defined as G = (V,€,X,E),
where the node setV = {v1,va,...,v,} corresponds to regions of interest (ROIs) defined by a
parcellation atlas, and the edge set £ C 'V XV represents functional connectivity (FC) above
a defined threshold between pairs of ROIs. The matriz X € R"*? denotes the node feature
matriz, where n is the number of ROIs and d is the feature dimension. The adjacency matriz
A € {0,1}™*" encodes the graph structure, with A;; = 1 indicating an edge between nodes
v; and vj;, signifying a strong co-activation relationship between the corresponding ROIs.
The edge feature matriz B € RIEX encodes additional multi-view connectivity information
across multiple correlation measures.

4 Temporal Signal Preprocessing

fMRI is a powerful non-invasive tool for studying brain function, widely used in Neuro-
science, Psychology, and Psychiatry (Smith, 2004). However, fMRI data, derived from
the BOLD signal, may be influenced by non-neural sources of variability (Power et al.,
2017), necessitating careful preprocessing to optimize the quality of extracted features. Nu-
merous techniques are available for denoising fMRI data (Caballero-Gaudes and Reynolds,
2017), which are crucial for further analysis in neuroimaging. For brain network analy-
sis using fMRI data, such extensive preprocessing is essential before any analysis can be
conducted (Smith et al., 2013). Nevertheless, even after common preprocessing steps, the
BOLD signal often remains noisy, which can affect the accuracy of correlation calculations,
a key step in graph construction.

Motivating High-Amplitude Signal Retention. We observed that the approach for calcu-
lating functional connectivity can be influenced by both high- and low-amplitude fluctua-
tions. Motivated by this, previous neuroimaging studies have also explored related questions
from a domain knowledge perspective. Previous studies on resting-state fMRI data have
demonstrated that high-amplitude BOLD fluctuations may play a crucial role in defining
brain functional connectivity, as they often correspond to meaningful co-activation patterns.
Retaining primarily high-amplitude fluctuations has been shown to reduce data volume by
up to 94% (Tagliazucchi et al., 2012), while preserving key functional networks (Liu and
Duyn, 2013). Additionally, other work has shown that functional networks are driven by
activity at only a few critical time points, using just 15% of the data to accurately replicate
a resting-state functional network (Liu and Duyn, 2013). To investigate this, we explore
several variants of high-amplitude signal retention as a preprocessing design choice.
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Figure 2: High-Amplitude Signal Retention Process.

4.1 High-Amplitude Signal Retention Process

Let R be the set of ROIs and 7 = {1,2,...,T} be the set of time points. For each ROI
r € R, we define its temporal BOLD signal as T, = [T,(1),T-(2),...,T-(T)] € RT, where
T, (t) represents the BOLD signal value at time ¢ for ROI r.

We define the high-amplitude signal retention process as: fhigh-amplitude : RT — RT,
which consists of two steps: normalization and thresholding.

The normalization begins with classical Z-score normalization, defined as follows:

2 = (2:(1), . Z:(T)), where Z,(t) = "0t )
W_;Zﬂ®7m—dézmm—mp Q

where p, and o, are the mean and standard deviation of ROI r’s signal T, respectively.
After normalizing we apply a thresholding function, (¢, Z,;6,~), that allows for mul-
tiple variants based on the threshold 6 and a parameter ~, as follows:

Zy(t), if Z.(t)>6and y=0
O(t,Zr;0,v) =11, if Z.(t) >0 and vy =1 (3)

0, otherwise

This function allows for two distinct behaviors. When v = 0, the function retains val-
ues greater than or equal to 6, while setting all values below the threshold to zero. This
is referred to as thresholding with retention and allows a continuous representation while
emphasizing stronger signals. This setting ensures that high-magnitude fluctuations are
preserved without introducing artificial saturation effects. On the other hand, when v =1,
the function converts values greater than or equal to 8 to 1, and all values below the thresh-
old to 0 (i.e., a binarization based on #). This variant is called binary thresholding and
enforces a strict thresholding mechanism that highlights only the most significant fluctua-
tions. Notably, v = 1 emphasizes positive high-amplitude events while preventing extreme
values from disproportionately influencing the connectivity, but it discards differences in
their original amplitudes.

We explore two common strategies to determine the threshold 6. The first approach is
the percentile-based method, where 6 is defined as the a-th percentile of Z,, denoted by
Qu(Z,), with a € (0,1). The second way is the standard deviation-based method, where 6
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is computed as So, with ¢ representing the global standard deviation of Z, across all ROI
r and 8 > 0 as a scaling factor.

The High-Amplitude Signal Retention process is visualized in Figure 2. In summary,
this flexible thresholding framework allows for both continuous and binary transformations
of the data, depending on the desired outcome. In this work, we fixed o = 30 and § =1
(i.e., top 30 percentile and 1 standard deviation, respectively). Thus, we can summarize
our four high-amplitude signal retention variants as ©g 015 O0,30705 O0,0170> Ob,a171 -

5 Topology Extraction

Given our Data-Centric Al perspective, we treat the topology of the brain graph—mnot as
a fixed byproduct of fMRI processing—but as a tunable design choice. While traditional
pipelines extract topology from a correlation matrix using default heuristics, we investigate
how alternative design decisions can shape the connectivity structure to better support
graph-based learning. In this section, we explore two complementary directions: (1) mod-
ifying the correlation-based construction of subject-specific topologies, and (2) exploring a
globally unified graph topology shared across subjects. These reflect different points in the
design space and highlight how edge-level decisions impact downstream performance.

After extracting the signal data and averaging the time courses of ROIs based on a
predefined atlas, correlation analysis is the most widely used approach for functional con-
nectivity construction (i.e., topology extraction) (Du et al., 2024). This allows for the simple
and direct computation of a subject-specific n x n correlation matrix (Smith et al., 2013).

However, a fixed correlation method may not always be optimal, and vary in ability to
handle low-amplitude signal fluctuations (Smith et al., 2013) or oversimplify the complex
patterns of brain activity (Ahmadi et al., 2023). Furthermore, subject-specific brain graph
structures exhibit variability, as edges are determined individually for each subject. This
motivates exploration of alternative topological designs within a data-centric framework.

5.1 Subject-Specific Brain Graph Topology

Here for each individual subject-specific brain we explore alternative correlation measures
as design choices for defining functional connectivity, evaluating their potential to offer
complementary perspectives in extracting topology for functional brain connectivity graphs.

5.1.1 MOTIVATION

Pearson Correlation Coefficient (PCC), while widely used in functional connectivity analy-
sis for its simplicity, has notable limitations. It assumes linear relationships between time
series, which may not capture the complex dependencies in brain activity (Ahmadi et al.,
2023). Moreover, PCC’s lack of robustness means outliers can introduce false correlations
or mask existing ones (Wilcox and Rousselet, 2023). When dealing with non-normal distri-
butions and outliers, researchers have suggested alternative measures like Spearman’s rank
correlation and Kendall’s tau (Rousselet and Pernet, 2012). These metrics may offer advan-
tages in handling non-linear dependencies and are shown to improve predictive performance
(Ahmadi et al., 2023).
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5.1.2 CORRELATION-BASED EDGE CONSTRUCTION

Based on the above, we first formally define the traditionally used Pearson Correlation Co-
efficient, and then also Spearman Correlation and Kendall’s tau that we propose exploring
to investigate their potential as being more robust (e.g., against outliers). The detailed
definitions of three correlation coefficient can be found in Appendix A

We examined subject-specific topology through different correlation measures as design
choices. While Pearson is most widely used, Spearman and Kendall offer robustness to
nonlinearity and outliers, highlighting how simple substitutions in edge construction can
affect brain graph quality.

5.2 Globally Unified Brain Graph Topology

The typical approach in brain graph construction is to define topology separately for
each subject by thresholding their correlation matrix to retain only the strongest func-
tional connections. This results in individualized graphs that vary across subjects. While
widely adopted, the implications of such subject-specific variability for GNN-based learn-
ing—especially from a data-centric perspective—remain insufficiently understood.

5.2.1 MOTIVATION.

From a data-centric perspective, subject-specific brain graphs may underutilize GNN ag-
gregation, as each node already encodes global connectivity through its features. Unlike
typical graph tasks where neighborhoods carry new information, brain graphs derived from
fMRI embed full co-activation profiles at the node level. While prior work has explored
learning-based strategies to adapt graph structure during training (Cui et al., 2022b; Li
et al., 2023), we instead consider a simple, data-driven alternative: constructing a shared,
stable topology by identifying edges that consistently appear across subjects.

5.2.2 GLOBAL FUNCTIONAL CO-ACTIVATION FILTERING.

We explore a data-driven design choice for constructing a globally consistent graph topology.
This configuration assigns a shared graph topology to all subjects in the dataset by assign-
ing a consistent adjacency matrix. The high-level idea of Global Functional Co-activation
Filtering is visualized in Figure 3. Specifically, for each split, we define the set of training-
subject brain graphs as G = {G1,Ga,...,Gn}, where N is the number of training subjects.
Then, to construct a globally unified topology, we define a function F' that aggregates the
adjacency matrices of these training-subject brain graphs and outputs a unified adjacency
matrix: F(G) — Aunified- This adjacency matrix is fixed within each split and shared by
training, validation, and test subjects.

The entries of A nified are determined by retaining the most frequently occurring edges
across subjects. Specifically, we set a threshold Kipreshold to include only the top proportion
(e.g., 5%) of the most consistently present connections:

. N
L, if Y 7.0, Aiij 2> Kihreshold
0, otherwise

Auniﬁcd,ij = { (4)
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Figure 3: Globally unified brain graph topology process.

where Kihreshold 1S chosen such that the total number of edges in Aynigeq does not exceed
the desired proportion of possible connections. Thus, the final unified graph is: Gunifieq =
(V, A unified; X), where X represents the node features of individual subjects, and all subjects
share the same unified adjacency matrix A nified-

This design choice emphasizes broadly co-activated regions to reduce variability and
promote a more stable functional connectivity for GNNs. Consequently, it supports a mean-
ingful aggregation mechanism in GNNs by focusing on generalized connectivity patterns;
our findings show that even simple group-level topologies can deliver strong performance.

6 Advanced Graph Featurization

Featurization determines how functional connectivity is encoded in brain graphs and directly
impacts what information GNNs can leverage. While prior work often treats static and
dynamic functional connectivity separately, we view them as complementary design choices
in a unified featurization space. We explore incorporating lagged temporal correlations
into node features and propose edge feature encodings that capture multi-view functional
relationships beyond the static Pearson graph.

6.1 Correlation of Dynamic Properties

The common approach to calculating functional connectivity (FC) relies on computing
correlations between the time series of each pair of nodes (Said et al., 2023; Cui et al., 2022a;
Li et al., 2021; Luo et al., 2024). As discussed in Section 5.1, previous studies typically use
this n x n correlation matrix as the node features. While this approach is straightforward,
using only the instantaneous (i.e., zero-lag) correlation may fail to capture temporally offset
dependencies between regional BOLD signals (Marrelec et al., 2006), prompting work on
dynamic properties of fMRI data and recent work has developed GNNs to model dynamic
brain graphs (Kim et al., 2021; Gadgil et al., 2020; Zhu et al., 2024). Although advanced
models enhance the ability of GNNs to capture temporal properties, they also introduce
increased complexity, and can sometimes degrade performance (Said et al., 2023). Here we
explore a data-centric design choice that incorporates lagged correlations into brain graph
construction, aiming to improve sensitivity to temporal dependencies in fMRI signals.
From a data-centric perspective, the common approach of calculating only the instan-
taneous correlation may fail to capture crucial temporal dynamics, overlooking time-lagged
interactions between brain regions. For example, two ROIs may show strong overall corre-
lation, but if the activation of one lags behind the other, PCC would inaccurately suggest
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Figure 4: An illustration of lagged correlation computation.

a weak connection, missing valuable information about neural processes. By incorporat-
ing dynamic properties, we can enable brain graphs to better capture temporally offset
dependencies between regional BOLD signals.

From a neuroimaging perspective,researchers have investigated temporal dependencies
between brain regions (Smith et al., 2013; Du et al., 2024; Smith et al., 2011). Previous
studies have demonstrated that dynamic inter-regional interactions can be captured by
lagged correlation (Sivgin et al., 2024). Also, researchers have investigated the idea of
Cross-Correlation (Fiecas et al., 2013; Hyde and Jesmanowicz, 2012), formalized as:

_ Zt (TM, (t) - /‘H)(TU (t + 5) - ,urj)
\/Zt(Tri (t) - Nn)Q\/Zt(TU‘ (t+0) — pr;)?

where T, (t) and T, (t + &) represent the BOLD signal values at time ¢ and ¢ + ¢ for ROIs
ri and r;, respectively, and pu,, and p,, denote their corresponding mean BOLD signals.
Observed temporal offsets may also reflect hemodynamic variability, acquisition timing,
and preprocessing effects.

As illustrated in Figure 4, we explore constructing brain graphs with lagged correlations
as a design choice to capture leading/lagging relationships between regions. Specifically, we
operationalize the cross-correlation in Eq. 5 by explicitly shifting the BOLD time series of
one ROI relative to another and computing correlations at multiple temporal offsets. The
left panel shows example time series from two ROIs, where one signal is shifted by a lag ¢ to
align past or future activity across regions. As shown in Eq. 5, if § is positive, it means that
T;,(t) leads T, (t), indicating that changes in ROI 7; precede those in ROI r;. Similarly,
if § is negative, it means T, (t) lags T,,(t), i.e., changes in ROI r; follow those in r;.
This is repeated for all ROI pairs in the graph and enables the model to capture whether
fluctuations in one ROI systematically precede or follow those in another, rather than
assuming instantaneous synchronization. The resulting visualized feature matrix in the right
panel is then the concatenation of the three correlation matrices. This procedure results
in a graph representation that augments traditional functional connectivity with enhanced
temporal features while remaining agnostic to the downstream GNN model architecture.

(5)

RM‘H‘j (6)

6.2 Comprehensive Node & Edge Featurization

The previous sections introduced multiple design dimensions for brain graph construction,
each targeting different aspects of the data. Here, we investigate how combining these design
choices—on signal selection, correlation measures, and temporal sensitivity—can improve
node and edge featurization. These strategies represent different axes in the data-centric
design space, and combining them allows us to evaluate richer representations through

10
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expanded node and edge features. Since each of these strategies targets a different stage of
brain network construction, here we can combine them to investigate a more comprehensive
node/edge featurization. More specifically, we define the node and edges features as follows:

Node features are enriched by concatenating correlation matrices. Specifically, we construct
the new node feature matrix as: X = [R(l), R®, ... ,R(d/)} e R™4" where R represents
the correlation matrix computed using the i-th correlation measure, including Pearson,
Spearman, Kendall, and lagged correlations.

Edge features are typically not included in standard brain graph representations, or per-
haps sometimes weights according to the correlation values. However, here we investigate
whether encoding the multiple correlations as edge features can provide benefits beyond
their contribution as node features. Specifically, here we retain the adjacency matrix from
the Pearson correlation graph, which serves as the primary graph structure and then con-
struct an edge feature matrix as: E € {0, 1}#xd E(j)ke = ]I(Rg?) > p), with d’ correlation
measures and p representing the correlation threshold to determine if edge (i,j) in correla-
tion matrix R%) is encoded as 1 /0 in E(; j)r according to the indicator function, I. These
binary edge attributes are used by the GNN layers in the edge-feature experiments.

7 Experiments

In this section, we systematically evaluate how different data-centric design choices affect
downstream GNN performance on neuroimaging tasks. We conduct controlled experiments
across our three dimensions—temporal signal processing, topology extraction, and graph
featurization—to assess their individual and combined impact. Our findings demonstrate
that structured exploration of this design space yields significant performance gains over
standard fixed-pipeline approaches.

7.1 Experiment Settings

We implemented a unified GNN architecture across all datasets to maintain a consistent
data-centric approach. For the HCP dataset, we used a three-layer GNN, while for the
ABIDE dataset, we used a two-layer GNN, and both used sort pooling (Zhang et al., 2018)
followed by a two-layer Multi-Layer Perceptron (MLP) (Said et al., 2023).

For the main result tables, we split the data into 70% training, 20% testing, and 10%
validation. HCP-Task uses participant-disjoint partitions, with all scans from each par-
ticipant assigned to the same partition and identical participant splits across ROI reso-
lutions. Main-table accuracies are reported as means and standard deviations over five
matched model seeds on a fixed data split; the separate robustness analyses use ten matched
train/validation/test splits. Statistical comparisons use GCN results from the matched
splits, with paired two-sided t-tests and 95% confidence intervals for mean paired accuracy
differences. We apply Benjamini-Hochberg correction within each comparison family and
assess significance at ¢ < 0.05. Each model was trained for 100 epochs with a learning rate
of 0.0005 for classification tasks. Throughout all experiments, we applied a dropout rate of
0.5, weight decay of 0.0005, and used 32 hidden dimensions for the GNN convolution layers
and 64 hidden dimensions for the MLP layers. Cross-entropy was used as the loss function
for all classification tasks.
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Table 2: Average accuracy ranking of representative data-centric design-space components.
Within each dataset-ROI-GNN setting, methods are ranked by mean test accuracy, with
rank 1 denoting the highest accuracy and ties assigned the same minimum rank. To ensure
common support when configurations are unavailable, rankings for each dataset are com-
puted only over ROI-GNN settings completed by all methods shown in the table, yielding
8 settings for HCP-Rest, 6 for HCP-Task, and 6 for ABIDE. The reported value is the
average rank across these settings.

Temporal Signal Processing Topology Extraction Graph Featurization

w/ Edge E.F. E.F.

Dataset Baseline Og, 5+, ©6,30v1 ©6,4170 ©0,0171 SpPearman Kendall Lag=1 Lag=5 Feat. Lag=1 Lag=5

Rest 8.6 74 5.6 9.2 5.0 8.0 4.4 10.1 2.5 9.4 5.1 2.2
Task 7.0 10.0 8.8 12.0 11.0 5.0 5.0 4.8 1.3 5.2 4.8 2.3
ABIDE 4.8 6.8 7.8 7.0 5.0 4.8 4.3 3.5 4.7 6.5 10.3 11.8

Datasets. Human Connectome Project (HCP) S1200 (Van Essen et al., 2013) and
Autism Brain Imaging Data Exchange (ABIDE) dataset (Di Martino et al., 2014). For
HCP, we use both resting-state (1,078 subjects) and task-based fMRI scans (>7,000 scans
across 7 task types), framing the problems as gender classification (2-class) and task-type
classification (7-class), respectively. For ABIDE, we use resting-state scans from 1,009
subjects with binary autism diagnosis labels. HCP and ABIDE were parcellated using the
Schaefer and Craddock (CC200 and CC400) atlases, respectively, and underwent standard
preprocessing pipelines; full details are provided in Appendix C.

7.2 Overall Results: Data-Centric Design Space

In this section, we synthesize empirical findings from our exploration of the data-centric
design space, assessing how design dimensions—temporal signal preprocessing, topology
extraction, and graph featurization—affect performance across datasets, models, and ROI
settings. For comparisons affected by unavailable configurations, we average each compo-
nent and its baseline over the same ROI-GNN settings completed by both within each
dataset (common support). Next, we summarize key findings from these results:

e Table 7.2 compares the performances of each individual proposed component. We observe
incorporating lagged correlation and advanced featurization generally achieve top ranks.

e Figure 5 provides an overall perspective of the benefits of our data-centric design space.
Specifically, we present how often the different dimensions are able to outperform the
baseline, i.e., just using the standard fixed fMRI to brain graph pipeline. These results are
aggregated over all dataset and ROI settings. This experiment captures how consistently
each design leverages data to gain improvements, offering additional insight into the
reliability of specific strategies across contexts.

e For Figure 6, the baseline GNN and the complete data-centric configuration (graph con-
struction and GNN architecture) are selected exclusively by mean validation accuracy
over five matched model seeds. We report the test accuracy of the selected configu-
rations. For HCP-Task, although the baseline already achieves high performance, the
proposed data-centric strategies further enhance the results, confirming their comple-
mentary value. The validation-selected configurations improve test accuracy in seven of

12
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Figure 5: Outperformance rate of data-centric design choices across eight dataset—ROI
settings: HCP-Rest and HCP-Task at 100/400/1000 ROIs, and ABIDE at 200/400 ROIs.
For each design category and GNN, the rate is the fraction of available component—dataset—
ROI comparisons in which mean test accuracy exceeds the baseline under the same dataset,

ROI resolution, and GNN. Unavailable configurations are excluded from the denominator.
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Figure 6: A comparison of the best baseline model using the fixed standard fMRI to graph
construction pipeline (blue) as compared to systematic exploration within a data-centric
design space (orange). Both the baseline GNN and the data-centric configuration are se-
lected by mean validation accuracy, and their mean test accuracies are reported.

the eight evaluated settings, with a mean gain of 1.49 percentage points across all eight
settings and a maximum gain of 4.17 percentage points.

e Lastly, we observe that no single strategy dominates across all datasets. This reinforces
the value of a modular and flexible data-centric design space framework that enables
systematic comparison and selection.

In the ten-split GCN robustness analyses, lag-5 improves over Pearson on HCP-Rest by
4.03 and 3.70 percentage points at 100 and 400 ROIs, respectively (95% CIs [1.30, 6.76] and
[1.55, 5.86]; BH-adjusted ¢ = 0.039 and ¢ = 0.033). Under participant-disjoint HCP-Task
evaluation, the corresponding gains are 0.86 and 1.21 percentage points (95% CIs [0.62,
1.10] and [0.62, 1.80]; ¢ = 0.0002 and ¢ = 0.0036). At 1000 ROIs, the corresponding HCP-
Task gain is 0.64 percentage points (95% CI [0.13, 1.14]; BH-adjusted ¢ = 0.034). Five of
the nine HCP-Task comparisons are significant after BH correction (Table 13).
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Table 3: Classification results on HCP-Rest and HCP-Task for various high-amplitude signal
retention strategies.

ROI 100 ROI 400 ROI 1000 Overall Avg.
GNN GNN GNN across
Dataset Strategy GCN GAT SAGE Avg. GCN GAT SAGE Avg. GCN GAT SAGE Avg. ROIs & GNNs

Baseline 74.07+1.13 74.35£2.56 71.11£3.76  73.18 74.63+£0.68 76.02+0.80 75.37+2.08 75.34 81.39+£2.81 78.33+£3.43 81.48+1.80 80.40 76.31

- 96,3070 71.39+3.05 73.15£2.65 74.44+1.35 7299 77.414£2.51 75.5642.04 76.76+£1.42 76.58 82.78+0.68 81.85%2.75 83.61£1.12 82.75 77.44
& 0,507 72.3142.74  73.52+£1.74 T71.02+£1.39 72.28 78.06+1.98 76.76+3.15 77.96+£1.19 77.59 84.35+1.29 84.63+1.72 85.09+£0.80 84.69 78.19
~ 90,4170 69.91+1.01 72.41+£1.62 72.13+£1.81 7148 76.30+1.15 75.37+£1.72 76.57+£2.35 76.08 81.39+1.07 82.96+1.53 81.85+£2.18 82.07 76.54
[CT I 74.26+1.59 T1.67£3.48 72.2243.70 72,72 78.43+2.76 77.22+1.50 T77.2242.44 77.62 84.44+1.77 84.07+£1.26 83.89+1.45 84.13 78.16
Baseline  93.29+0.65 93.3240.60 93.54+0.58 93.38  94.97+0.15 96.17+0.34 96.18+0.12 95.77 96.18+0.49 96.46+0.33 96.52+0.66  96.39 95.18

.& 09,5070 89.60+0.71  89.09+£0.20 89.87+0.32 89.52  93.90+0.28 94.274+0.43 94.59+0.89 94.26 94.97+0.34 95.554+0.32 96.10+£0.72  95.54 93.11
E} O6,3071 90.29+0.60  90.2840.68 90.76+0.61  90.44 93.89+0.32 94.83+0.47 95.89+0.62 94.87 94.73+£0.54 95.59+0.46 97.23+0.32  95.85 93.72
= 90,4170 89.454+0.56 88.97+£0.62 89.68+0.57 89.37 93.70£0.64 94.21£0.70 95.13+£0.24 94.35 94.55+0.32 94.71+1.40 95.94£0.54 95.07 92.93
0, 01m 90.004£0.88  89.83+£0.16 90.84+0.59 90.22 94.15+0.27 94.614£0.36 95.77+£0.30 94.84 95.17+0.18 95.584+0.52 96.62+£0.64 95.79 93.62

Table 4: ABIDE Classification results for various high-amplitude signal retention strategies.

ROI 200 ROI 400 Avg. across
GCN GAT SAGE GCN GAT SAGE ROIs & GNNs

Baseline 60.00 62.13 62.32 62.32 64.06 63.86 62.45
©0,,3070 61.74  62.13 62.22 61.64  63.09 57.87 61.45
©0,3071 58.94  61.45 61.35 62.13 63.96 60.00 61.31
90, 4170 62.02 62.32 61.72 60.77  62.73 61.53 61.85
90, 11 65.86 63.03 63.84 61.64 61.75 62.08 63.03

We also evaluated sensitivity to nominal graph densities of 2.5%, 5%, and 10%. For
GCN on HCP-Rest at 400 ROIs, lag-5 achieves accuracies of 80.74%, 81.20%, and 80.74%,
respectively, showing limited sensitivity to graph density in this setting.

7.3 Temporal Signal Processing

As discussed in Section 4, we treat high-amplitude signal retention as one axis of the
data-centric design space for brain graph construction. Here, we examine multiple thresh-
olding strategies—including percentile-based 6 = Q,(Z,) and standard deviation-based
0 = po—to evaluate whether selectively retaining signal peaks improves the informative-
ness of functional connectivity patterns.

As shown in Table 3, this particular data-centric design choice, retaining only the top
30% of positive signal amplitudes, improves performance in several HCP-Rest settings but
not consistently in HCP-Task. Another strategy we investigated involved setting the thresh-
old at one standard deviation (¢ = o), applying the function Oy, ,, to the z-normalized
BOLD signal. Additionally, we experimented where the thresholded signal was transformed
using ©g ,—1, mapping values above ¢ to 1 and otherwise 0. In this binary representation, 0
corresponds to sub-threshold signal components, while 1 represents high-amplitude peaks,
further refining the feature selection process. Additional observations are as follows:

e In HCP-Rest, the data-centric choice of high-amplitude signal retention notably improves
performance, especially at higher ROI resolutions (400 and 1000), where ©g,—; yields
substantial gains. Performance benefits align with prior work suggesting high-resolution
brain graphs capture finer-grained patterns (Said et al., 2023). Our signal retention
further boosts this by focusing on positive high-amplitude fluctuations.
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Figure 7: Comparing subject-specific and unified brain topologies on HCP-Rest and ABIDE.

e In HCP-Task, minimal improvement is observed, likely due to already strong task-driven
co-activation patterns (Van Essen et al., 2013), suggesting limited room for further signal-
level optimization.

e On ABIDE (Table 4), applying ©y,,,~, improves overall GNN accuracy at ROI 200, with
GON rising from 60.00% to 65.86%, showing a gain in this evaluated setting.

Table 5: Classification results on HCP-Rest and HCP-Task datasets under different corre-
lation strategies and ROI settings.

ROI 100 ROI 400 ROI 1000 Overall Avg.
GNN GNN GNN across
Dataset GCN GAT SAGE Avg. GCN SAGE Avg. GCN GAT SAGE Avg. ROIs & GNNs

- Baseline 74.07 £ 1.13  74.35 £2.56 71.11 £ 3.76 73.18 74.63 & 0.68 75.37 £ 2.08 75.34 81.39 4 2.81 7833 £ 3.43 81.48 £1.80 80.4 76.31
8 Spearman 73.06 + 1.48 72.69 £ 2.57 73.43 £ 2.69 73.06 77.69 £ 1.93 76.20 £ 2.30 76.61 82.13 £ 1.23 79.17 £ 5.08 80.74 £ 1.19  80.68 76.78
= Kendall T4.54 £ 3.10 73.70 £3.02 75.09 £ 1.72 7444 7852 £ 1.42 76.85 + 223 775 84.07 £0.86 81.02+ 3.60 82.31 £ 1.53 82.47 78.14
- Baseline 9329 £ 0.65 93.32 £ 0.60 93.54 £ 0.58 93.38 9497 £ 0.15 96. 4 96.18 £ 0.12 95.77  96.18 £ 0.49 96.46 £ 0.33 96.52 + 0.66  96.39 95.18
E Spearman  93.08 +£ 0.72  93.01 £ 0.39 93.99 + 0.31  93.36  95.62 &+ 0.61 96.82 £ 0.18  96.23 95.41 £ 0.74 96.83 £ 0.40 96.66 + 0.55 96.30 95.30
= Kendall 93.64 £ 1.10  93.64 £ 0.29 93.53 £ 0.54 93.60 9551 £ 0.46 96.48 +£ 0.31 96.47 £ 0.53 96.16 96.13 & 0.48 96.60 + 0.36 97.22 £ 0.31  96.65 95.47

7.4 Topology Extraction

In Section 5.1, we explore the use of alternative correlation measures as data-centric design
choices for brain graph topology construction. These rank-based metrics aim to better
capture non-linear dependencies and reduce sensitivity to outliers compared to Pearson
correlation. As shown in Table 5, the effect of replacing Pearson with Spearman or Kendall
varies across datasets, ROI resolutions, and GNN architectures. We summarizes the findings
here as:

e On HCP-Task, using alternative correlation coefficients yields overall improvements over
Pearson, demonstrating the value of selecting appropriate correlation metrics as a data-
centric design choice.

e In HCP-Rest, Kendall achieves the strongest GNN-averaged performance at 400 ROIs,
suggesting its effectiveness in capturing informative patterns for functional connectivity in
this setting. Spearman also outperforms Pearson at this resolution in the GNN-averaged
results. Results on HCP-Task (Table 5) and ABIDE (Table 6) further show that the
preferred correlation measure depends on the dataset and setting.

In addition, we explore a unified graph topology as a data-centric design choice aimed at
enhancing the consistency of brain network representations across subjects. We construct
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Table 6: Classification accuracy of GNNs on ABIDE dataset under different correlation
strategies and ROI settings.

ROI 200 ROI 400 Avg. across
GCN GAT SAGE GCN GAT SAGE ROIs & GNNs
Baseline 60.00 62.13 62.32 62.32 64.06 63.86 62.45
Spearman  61.93 65.22 60.87 63.00 63.29 63.48 62.97
Kendall 62.13 63.09 61.06 63.77  63.77 63.38 62.87
N o = rerieo =
" Ly AR
SR el
) 1 2 3 4 L:g 6 7 8 9 10
(a) HCP-Rest (b) HCP—TaSk ABIDE

Figure 8: Performance comparison using varying lag/lead correlations across the datasets
HCP-Rest, HCP-Task, and ABIDE. HCP-Task results use participant-disjoint evaluation.

global unified graphs as discussed in Section 5.2 and then to evaluate its impact, we strat-
ify test samples into bins based on the overlap between their subject-specific and unified
graphs, using edge similarity scores. Due to data imbalance, the lower-similarity bins are
combined for analysis. Since task-based fMRI reflects condition-specific co-activation pat-
terns (Van Essen et al., 2013), we apply the unified graph only to resting-state datasets.
FEmpirical results, shown in Figure 7, illustrate the effects of this design choice on down-
stream performance. We observe that in the HCP-Rest and ABIDE datasets, the unified
topology yields performance gains particularly for samples with high structural similarity to
the aggregated graph. This highlights that even simple data-centric strategies for enforcing
structural consistency, e.g., shared topology aggregation, can enhance GNN performance.

7.5 Advanced Graph Featurization

As discussed in Section 6.1, we explore lagged correlation as a data-centric design choice to
incorporate dynamic properties into brain graphs. Rather than relying solely on instanta-
neous co-activation between ROIs, we augment the node feature matrix by concatenating
leading and lagging correlations, capturing temporal dependencies in functional connectiv-
ity. As shown in Figure 8, this strategy consistently improves classification performance
across datasets. Additional details are provided in Appendix Tables 9 and 10, with further
analysis of lag effects discussed below.

e The performance gains observed on HCP-Rest and HCP-Task suggest that temporal off-
sets capture temporally offset BOLD dependencies beyond what instantaneous correlation
provides.
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e In HCP-Rest and HCP-Task, lag values between 3 and 8 time points provide the most
benefit across mental states, especially at higher ROI resolutions where finer-grained
dynamics are better captured.

e In ABIDE, a lag of 1 yields the most improvement, likely due to its longer repetition time
(TR = 2s) (Di Martino et al., 2014) compared to HCP (TR = 0.72s) (Van Essen et al.,
2013). These findings support evaluating lag as a data-centric design parameter.

We also evaluate balanced accuracy and AUROC on ABIDE; balanced accuracy closely
tracks raw accuracy, and full AUROC results are reported in Appendix Table 14. Addi-
tionally, for edge features, we encode multi-perspective connectivity by assigning each edge
a binary vector indicating its presence in the Pearson, Spearman, or Kendall correlation
graphs, resulting in an edge feature matrix of shape |E| x 3. Incorporating these edge-level
signals into the standard GNN pipeline yields performance improvements in several set-
tings, as shown in Tables 11 and 12 in the Appendix D. To further expand the data-centric
design space, we augment node features by concatenating correlation matrices computed
from multiple correlation types (Pearson, Spearman, Kendall) and multiple temporal offsets
(lag/lead), yielding an enriched node feature matrix of shape nx 5n. These wider multi-view
representations increase memory requirements and can cause out-of-memory failures at high
ROI resolutions. These strategies systematically introduce diverse functional connectivity
cues into the graph representation. As detailed in Appendix D, we observe that when com-
bined with lagged correlation, the most beneficial lag window for HCP lies between 3 and
8 time points, reinforcing its value as a meaningful data-centric hyperparameter.

Limitations. Our evaluation is limited to HCP and ABIDE, so the preferred graph con-
struction may differ for other populations, scanners, acquisition protocols, preprocessing
pipelines, and atlases. HCP family relationships are not controlled, and the ABIDE eval-
uation is not site-disjoint. High-ROI configurations can be computationally demanding,
and data-centric optimization may amplify dataset-specific structure. Further design-space
exploration can consider graph density, negative edges, partial/precision correlation, at-
las choice, nuisance regression, frequency filtering, and alternative dynamic-connectivity
constructions.

8 Conclusion

In this work, we introduced a data-centric Al framework that systematically explores rep-
resentative choices within the design space of brain graph construction from fMRI data.
By disentangling and evaluating the effects of feature selection, topology extraction, and
graph featurization, we demonstrate gains in downstream GNN classification, with the most
effective choices varying across datasets and model settings. Rather than proposing a fixed
method, our findings underscore the critical role of data processing choices in shaping brain
graph quality and highlight the importance of incorporating these design decisions into the
development of effective neuroimaging pipelines.
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Broader Impact Statement

This work systematizes brain-graph construction from fMRI as a data-centric design space
and benchmarks how upstream choices affect downstream graph learning. Potential positive
impacts include improving transparency and reproducibility in neuroimaging graph machine
learning by making graph-construction decisions explicit and systematically comparable,
which may help researchers build more reliable pipelines and reduce trial-and-error model
tuning. Such improvements can support scientific studies on brain-state decoding and
disease-related modeling, but this paper does not constitute a clinical diagnostic tool.

Potential negative impacts stem from misuse or overgeneralization. Because our bench-
marks are conducted on specific public datasets and preprocessing assumptions, applying
the same configurations to different populations, scanners, or acquisition protocols without
validation could lead to unreliable conclusions, or encourage over-interpretation of correla-
tional findings as individualized clinical or causal claims. Moreover, dataset demographic
imbalances may cause certain data-centric choices to perform unevenly across subgroups,
raising fairness concerns if adapted for high-stakes decisions. As brain imaging is sensitive
human-derived data, stronger modeling pipelines may also amplify risks of privacy-invasive
or discriminatory downstream uses.

To mitigate these risks, we emphasize clear scope limitations (research benchmarking
rather than clinical deployment), transparent reporting of all design choices and selection
procedures, and evaluation on held-out test sets. We release code and implementation
details to facilitate auditing and replication, and we encourage future work to test cross-site
generalization and subgroup robustness before any real-world adoption.
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Appendix A. Correlation-based Edge Construction Details

Here we formally define Pearson Correlation Coefficient, Spearman Correlation, and Kendall’s
Tau, in the context of fMRI neuroimaging data, i.e., signal relations between ROIs.

Pearson Correlation Coefficient between ROI r; and r; is defined as:

cov(T,,, T;)
Priry = — (6)

OrOr;

where o, and o, correspond respectively to the standard deviation of signal T, and T,
respectively, and defined in Equation 2. We note for simplicity here we use T,, to denote
the temporal BOLD signal of ROI r;, but is similarly defined if combining with the high-
amplitude signal retention process defined in Section 4.

Spearman Correlation is a non-parametric rank correlation that measures the strength and
direction of a monotonic relationship between two variables (Ahmadi et al., 2023). It first
ranks the data and is then calculated thereafter following the same method in Equation 6.

Kendall’s Tau is another widely used non-parametric method for computing the correlation
between two variables (Ahmadi et al., 2023). It evaluates the probability a randomly chosen
pair of observations will have the same order in both variables. When applied to two signals,
Ty, and T, (for regions r; and r;), Kendall’s Tau quantifies the degree of ordinal association
between them. Specifically, for each pair of time points (t,,t5), where a < b, the pair is
considered concordant if the relative ordering of the signals T;.,(ta), T}, (tq) is the same as
that of T, (ty), T (ty). Conversely, the pair is discordant if the order is reversed. This
ensures that it captures the consistency of rank ordering between the signals T;, and T,
over time, making it a robust and interpretable alternative to Pearson’s and Spearman’s
correlation coefficients. Kendall’s Tau is calculated as follows:

ne(ri, ri) —ng(ri, ri)
Trir; = l;L(TL — 1) : (7)
2

where n.(r;, ;) and ng(r;, ;) correspond to the number of concordant and discordant pairs
between r; and r;, having n pairs.

Appendix B. Additional Details on fMRI to Graph Construction

The most common approach for constructing a brain graph from fMRI data is visualized
in Figure 1 and involves the following steps: First, the fMRI data must be carefully pre-
processed to remove known artifacts and noise. After preprocessing, the fMRI signals are
extracted and averaged within the same ROIs, which are pre-defined based on a brain atlas
template. Next, pairwise correlation coefficients are calculated for each pair of ROIs to con-
struct a functional connectivity (FC) matrix based on their representive z-normalized time
series. The Pearson correlation coefficient is the most commonly used measure in previous
research. This FC matrix is often used as the node feature in the graph. Finally, edges
are defined by applying a threshold to the FC matrix, representing strong FC in the brain
graph while avoiding an undesired fully connected graph (Said et al., 2023); we take top 5%
positive correlation value in the functional connectivity matrix as the edges in the graph.
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Appendix C. Dataset Details

Human Connectome Project (HCP) S1200 (Van Essen et al., 2013): This publicly
available neuroimaging dataset was collected from healthy young adult participants and
includes both resting-state and task-based fMRI data. For the resting-state dataset, partic-
ipants remained at rest during the scan, and their demographics served as labels for graph
classification. We used resting-state fMRI data from 1,078 subjects, excluding those with
fewer than 1,200 frames. Our methods were applied to the task of gender classification,
where each subject’s gender served as the label (2 classes). For the task dataset, partic-
ipants performed specific cognitive or motor tasks during the scan. The dataset includes
over 7,000 scans, covering seven task types: working memory, social cognition, relational
processing, motor function, language, gambling, and emotion. The type of task performed
served as the label for graph classification (7 classes). For preprocessing, we used the Mini-
mally Preprocessed HCP Pipeline for all scans (Glasser et al., 2013), followed by additional
steps to enhance data quality. We applied brain parcellation using the Schaefer atlas (Schae-
fer et al., 2018) to extract the mean fMRI timeseries for each region of interest (ROI). To
reduce instrumental noise, we removed scanner drifts by regressing out linear and quadratic
trends. Motion artifacts were mitigated using rigid-body motion regression, removing six
motion parameters and their derivatives before graph construction.

The HCP-Task experiments in the main tables use split seed 123 and model seeds 123-
127. The ten participant-disjoint robustness splits use split seeds 123, 124, 125, 126, 127,
128, 129, 221, 223, and 224.

Autism Brain Imaging Data Exchange (ABIDE) (Di Martino et al., 2014): A
collaborative initiative involving 17 international research sites, aimed at enhancing our un-
derstanding of Autism Spectrum Disorder (ASD). ABIDE provides resting-state fMRI data
from individuals with and without ASD. We used data from 1,009 subjects, with binary
labels indicating ASD diagnosis. For preprocessing, we applied the C-PAC pipeline (Crad-
dock et al., 2012), including brain parcellation, slice timing correction, motion correction,
and spatial normalization to the MINI152 template before graph construction.

Appendix D. Detailed Result Tables

In Tables 7 and 8 we report the more detailed results of Tables 4 and 6, respectively.
We also provide the full detailed results tables for selected lagged correlation experiments,
specifically Tables 9 and 10. Finally, the detailed results for the edge featurization are
provided in Tables 11 and 12.

Table 7: Classification performance of GNNs on ABIDE dataset under different feature
selection strategies and ROI settings.

ROI 200 ROI 400 Avg. across ROIs & GNNs
GCN GAT SAGE Avg. across GNNs GCN GAT SAGE Avg. across GNNs
Baseline 60.00 4 2.94 62.13 + 2.69 62.32 £+ 1.67 61.48 62.32 + 3.25 64.06 = 1.61 63.86 & 2.15 63.41 62.45
96,307 61.74 &+ 3.14 62.13 £ 1.58 62.22 & 2.19 62.03 61.64 £ 2.84 63.09 = 2.49 57.87 & 4.30 60.87 61.45
0,507 58.94 £+ 6.11 61.45 +4.19 61.35 + 2.63 60.58 62.13 +£ 1.82  63.96 = 1.13  60.00 £ 5.29 62.03 61.31
90,1170 62.02 £ 2.22  62.32 £ 6.70 61.72 & 3.28 62.02 60.77 £ 4.24 62.73 £ 1.17 61.53 & 4.05 61.68 61.85
©9,4171 65.86 = 2.11  63.03 = 4.86 63.84 & 2.36 64.24 61.64 £ 1.27 61.75 = 0.91 62.08 £ 2.71 61.82 63.03

24



DEFINING AND BENCHMARKING A DATA-CENTRIC DESIGN SPACE FOR BRAIN GRAPH CONSTRUCTION

Table 8: Classification performance of GNNs on ABIDE dataset under different correlation
strategies and ROI settings.

ROI 200 ROI 400 Avg. across ROIs & GNNs
GCN GAT SAGE Avg. across GNNs GCN GAT SAGE Avg. across GNNs
Baseline 60.00 £2.94 62.13 £2.69 62.32 £ 1.67 61.48 62.32 £3.25 64.06 £ 1.61 63.86 £ 2.15 63.41 62.45
Spearman 61.93 £ 1.77 65.22 £ 2.66 60.87 £ 2.03 62.67 63.00 £ 3. 63.29 £ 1.53 418 + 2.83 63.26 62.97
Kendall 62.13 £ 3.03 63.09 £ 1.48 61.06 £+ 1.87 62.09 63.77 £ 1.76  63.77 £ 1.65 63.38 £ 2.13 63.64 62.87

Table 9: Classification performance of GNNs on HCP-Rest dataset under different lagged
correlation values and ROI settings.

ROI 100 ROI 400 ROI 1000 Avg. ROIs & GNNs
GCN GAT SAGE  Avg. GNNs GCN GAT SAGE  Avg. GNNs GCN GAT SAGE Avg. GNNs
Baseline 74.07 + 1.13 74.35 £ 2.56 71.11 + 3.76 73.18 74.63 £ 0.68 76.02 £ 0.80 75.37 &+ 2.08 81.39 £ 2.81 78.33 £ 3.43 81.48 + 1.80 80.4 76.31
Lag =1 72.13 +3.43 71.30 £ 2.21 72.69 + 1.17 72.04 75.56 £ 2.22 91 + 3.67 19 £ 1.12 78.33 £8.95 80.09 £ 2.41 OOM 79.21 75.03
Lag = 2 76.39 + 2,57 73.06 + 2.86 73.15 + 2.01 74.2 76.94 £ 1.26 76.48 + 2.58 76.30 + 0.99 78.15 £ 10.90 80.56 + 1.94 OOM 79.36 76.38
Lag =3 74.17 + 3.42 73.89 £+ 1.96 74.07 £+ 1.80 74.04 77.96 £ 1.57 56 + 1.26 78.43 £ 2.10 84.91 £ 1.65 82.69 £ 0.86 OOM 83.8 .71
Lag =4 73.06 + 1.81 + 1.42 73.21 79.81 £ 2.32 78.89 + 1.54 78.70 + 0.97 84.72 £ 0.65 83.24 + 3.23 OOM 83.98 78.13

7
+ 1.79 T4.44 81.85 4 1.74 79.26 + 0.90 80.46 + 1.35

Lag =5 7537 +1.29 T. 84.07 £ 1.48 85.28 + 2.04 OOM 79.28
Lag =6 73.80 £ 3.77 7444 £1.72 74.38 80.00 £ 2.24 80.46 + 2.51 79.07 + 0.80 83.24 £ 3.25 82.78 + 2.06 OOM 78.59
Lag =7 73.52+ 1.79 75.46 + 1.52 73.33 + 2.51 74.1 78.80 + 2.18 81.11 + 1.64 79.07 + 1.50 85.09 £ 1.45 84.26 £ 1.13 OOM 78.83
Lag = 8 73.80 £ 1.62 75.46 & 1.99 73.89 £ 0.81 74.38 79.91 £ 1.33 7824 £ 1.28 77.96 + 1.45 84.26 £ 1.37 84.44 £ 1.51 OOM 78.5
Lag =9 74.26 + 2.39 72.69 + 1.68 73.80 + 2.04 73.58 7741 £ 1.84 77.78 + 1.40 76.02 £+ 0.61 81.85 + 2.24 84.54 + 1.36 OOM 77.29
Lag = 10 72,96 + 1.67 75.19 + 1.93 71.85 + 2.24 73.33 75.83 £ 0.54 77.41 + 1.07 76.30 & 3.59 82.41 + 1.40 83.43 + 1.07 OOM 76.92

Table 10: Classification performance of GNNs on ABIDE dataset under different lagged
correlation values and ROI settings.

ROI 200 ROI 400 Avg. ROIs & GNNs
GCN GAT SAGE Avg. GNNs GCN GAT SAGE  Avg. GNNs
Baseline 60.00 £+ 2.94 62.13 + 2.69 62.32 £ 1.67 61.48 62.32 &+ 3.25 64.06 + 1.61 63.86 £ 2.15 63.41 62.45
Lag =1 63.96 = 1.58 64.64 + 1.20 62.13 £ 2.04 63.58 65.51 &+ 2.97 61.16 + 2.74 65.89 £ 4.09 64.19 63.88
Lag = 2 61.35 & 1.88 57.39 + 2.49 58.45 + 2.57 59.06 61.55 + 3.17 60.77 £ 5.12 66.67 + 5.37 63.00 61.03
Lag = 3 59.52 £ 3.58 57.29 4 3.66 58.94 £ 4.12 58.58 61.74 4+ 4.43 63.19 £ 7.18 65.12 + 4.69 63.35 60.97
Lag = 4 58.26 £ 5.01 57.78 4+ 2.78 60.68 £ 2.71 58.91 63.96 + 3.45 63.29 £ 4.39 64.15 + 4.44 63.80 61.35
Lag = 5 60.68 £+ 2.47 61.84 4+ 2.57 62.13 £ 1.95 61.55 64.64 + 2.67 67.15 £ 4.81 62.51 + 3.85 64.77 63.16

Table 11: Classification results on HCP-Rest and HCP-Task with and without edge features.

Dataset ROI 100 ROI 400 ROI 1000 Avg. across
GCN GAT SAGE  Avg. GNNs GCN GAT SAGE Avg. GNNs GCN GAT SAGE Avg. GNNs ROIs & GNNs
Rest Baseline 74.07 4+ 1.13 74.35 + 2.56 T1.11 + 3.76 73.18 74.63 £ 0.68 76.02 £ 0.80 75.37 + 2.08 75.34 81.39 4 2.81 78.33 + 3.43 81.48 + 1.80 80.40 76.31
w/ Edge Feat. 70.22 + 1.33 29 + 1.43 71.30 £ 0.38 70.27 75.46 £ 2.27 77.62 £ 2.28 75.00 = 2.7: 76.03 80.56 + 1.31 83.64 + 3.86 81.64 + 1.22 81.95 76.08
Task Baseline 91.05 4+ 0.29 91.93 + 0.50 71 £ 0.30 91.56 94.57 £ 0.60 95.08 £+ 0.51 95.51 = 95.05 96.06 + 0.36 96.26 + 0.62 96.49 + 0.28 96.27 94.30
w/ Edge Feat. 91.22 + 0.98 92.05 + 1.6: 93 £ 0.43 92.07 94.09 £ 0.58 95.46 £ 0.28 95.90 £ 0.33 95.15 OOM OOM OOM / 93.61

Table 12: Classification results on ABIDE with and without edge features.

ROI 200 ROI 400 Avg. ROIs & GNNs
GCN GAT SAGE Avg. GNNs GCN GAT SAGE Avg. GNNs
Baseline 60.00 £ 2.94 62.13 £ 2.69 62.32 £+ 1.67 61.48 62.32 £ 3.25 64.06 £ 1.61 63.86 & 2.15 63.41 62.45
w/ Edge Feat 61.84 £ 0.79 61.03 + 2.28 60.39 £ 2.20 61.09 63.29 £ 3.88 64.09 £ 0.46 61.67 & 2.41 63.02 62.05
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Table 13: GCN paired accuracy differences relative to Pearson over ten participant-disjoint
HCP-Task splits. Differences and 95% confidence intervals are in percentage points. BH
correction covers all nine comparisons. At 100 ROIs, split-level accuracies average replicates
from two compute environments.

ROI Method A (pp) 95% CI q
100 Spearman  +0.69 [0.24,1.14] 0.016
Kendall 4079  [0.45,1.13]  0.0024
Lag=5 +0.86 [0.62,1.10] 0.0002
400  Spearman  +0.49 [0.04,0.94] 0.0555
Kendall +0.17  [-0.16,0.51] 0.31
Lag=5 +1.21 [0.62,1.80] 0.0036
1000 Spearman  +0.16 [—0.25,0.58] 0.40
Kendall +0.33 [—0.20, 0.86] 0.25
Lag=5 +0.64  [0.13,1.14]  0.034

Table 14: Additional evaluation metrics on ABIDE at the default 5% graph density. Accu-
racy is reported as mean =+ standard deviation over five model seeds. AUROC provides an
additional assessment of discriminative performance.

ROI Method Accuracy (%) AUROC
Pearson 60.00 £ 2.94 0.648 £ 0.015
200 Spearman 61.93 + 1.77 0.633 £+ 0.014
Kendall 62.13 + 3.03 0.647 4+ 0.013
Lag-5 60.68 + 2.47 0.609 £+ 0.049
Pearson 62.32 + 3.25 0.668 4+ 0.007
400 Spearman 63.00 £ 3.37 0.654 £ 0.024
Kendall 63.77 + 1.76 0.668 4+ 0.016
Lag-5 64.64 + 2.67 0.604 £+ 0.023
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