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1.  INTRODUCTION

The task-fMRI activation detection problem aims to iden-
tify activation regions associated with a particular task 
design. From a methodological perspective, there are 
two primary ways to categorize existing methods. First, 
based on the input dimensionality, the methods can be 
classified as either local or global. Local methods, such 
as the General Linear Model (GLM) combined with a 
Gaussian Smoothing (GS) filter (Friman et  al., 2003) or 
local Canonical Correlation Analysis (CCA) (Cordes et al., 
2012; Friman et al., 2001; Yang et al., 2025; Zhuang et al., 
2020), are computed in each local neighborhood around 
a voxel of interest. Global methods, such as Kernel 
Canonical Correlation Analysis (KCCA) and other tech-
niques, detect activation in the entire brain in a single 
step (Han et al., 2025; Hardoon et al., 2004; Yang et al., 

2018). Another classification considers whether the 
approach is linear or nonlinear. Linear methods, including 
GLM with GS (Friman et  al., 2003), local CCA (Friman 
et al., 2001), and the linear KCCA (Hardoon et al., 2004; 
Yang et  al., 2018), only capture linear relationships 
between the fMRI signal of the neural response and the 
hypothetical Hemodynamic Response Function (HRF), 
which is insufficient for HRF variability across different 
subjects or different voxel regions within a subject 
(Glover, 1999; Lindquist et  al., 2009). Nonlinear 
approaches, such as local CCA with constraints (Cordes 
et al., 2012; Zhuang et al., 2020), deep CCA (Yang et al., 
2025), or nonlinear KCCA (Han et al., 2025), can accom-
modate more general types of relationships.

One major challenge for global methods is the high 
dimensionality of unknowns relative to the available 
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supervisory signals. Traditional task-fMRI data have a 
spatial dimension on the order of 106, a time dimension 
on the order of 102, and a limited number of subjects on 
the order of 102. Nonlinear KCCA or classification prob-
lems involve estimating millions of unknowns with very 
few reference points. This imbalance can cause insta-
bility and overfitting in nonlinear methods. For example, 
in classification tasks, prior studies have shown that 
Support Vector Machines perform well with linear ker-
nels, while nonlinear kernels are rarely used (Wang, 
2009; Wang et  al., 2007). Similar issues have been 
observed in decision tree-based models (Langs et al., 
2011) and deep CCA (Xifra-Porxas et al., 2021). For the 
activation detection problem, when the activation pat-
tern is treated as an unknown parameter with dimen-
sionality equal to the number of voxels, even linear 
kernel methods without adequate regularization tend to 
overfit (Yang et al., 2018). Likewise, prior analyses indi-
cate that certain nonlinear kernels can underperform 
compared with baseline methods in specific cases (Han 
et al., 2025).

To address overfitting, traditional methods often rely 
on additional datasets for supervision. For instance, 
some studies use task-fMRI data supplemented with 
simulated or pseudo-human data (Sorenson & Wang, 
1996). Other approaches leverage resampled resting-
state fMRI data (R. R. Nandy & Cordes, 2003, 2004), a 
technique also extended to linear KCCA, where the regu-
larization parameter is chosen to maximize the difference 
between correlations in the task and resampled resting-
state fMRI data (Laird et  al., 2004; Yang et  al., 2018). 
However, maximizing this difference does not yield opti-
mal results as model complexity grows. Another disad-
vantage is that external datasets can be time consuming, 
and performance may depend on the choice of reference 
data. The second strategy is data augmentation. For 
example, a voxel-based shuffling method was employed 
in constrained local CCA to select the best parameter by 
maximizing robustness (Zhuang et  al., 2017). However, 
this augmentation approach has only been applied to 
local methods.

Instead of relying on an external dataset for supervi-
sion, this study addresses the problem by focusing on 
the robustness of the activation patterns generated by 
nonlinear mappings. Similar approaches have been pro-
posed in computer vision and medical imaging. A nota-
ble example is contrastive learning (T. Chen et al., 2020), 
introduced for pretraining Convolutional Neural Net-
works (CNNs). In this framework, augmented data are 
paired with original samples to form positive pairs (simi-
lar features) and negative pairs (dissimilar features). The 
CNN is then trained to maximize similarity within positive 
pairs and minimize similarity within negative pairs. Typi-

cally, augmented and original data are fed into the model 
simultaneously (T. Chen et al., 2020), forming a one-step 
approach. However, augmentation techniques such as 
cropping may inadvertently remove essential informa-
tion. Another drawback is that blind augmentation with-
out considering the underlying structure can introduce 
large randomness. As a result, contrastive learning often 
requires a very large batch size. To address this issue, 
augmentation methods based on previous outputs have 
been developed (Mo et al., 2021). This two-step approach 
is more closely related to the method we propose. Con-
trastive learning has also been extended to 3D medical 
imaging (Z. Zhou et al., 2021). Another self-supervised 
learning example is the vision transformer (Dosovitskiy 
et  al., 2020), which divides images into patches and 
applies patch-wise augmentation. Further improve-
ments, such as the pyramid structure in the Swin trans-
former, enhance segmentation performance by capturing 
fine details (Liu et al., 2021). These methods have been 
successfully adapted to medical image segmentation  
(J. Li et  al., 2023; Tang et  al., 2022) and connectivity 
detection (Bedel et al., 2023; B.-H. Kim et al., 2021; Yu 
et al., 2022).

In this study, we adopt the principle that an effective 
method should preserve prediction results under appro-
priate data augmentation. Building on this idea, we pro-
pose a novel augmentation technique that reshuffles 
voxel locations while preserving spatial correlations. We 
further validate this framework through analyses using 
both simulated and task-fMRI. Our results not only 
demonstrate that self-supervised learning works for fMRI 
activation detection problem but also explore the rea-
sons behind its effectiveness (Zhang & Ma, 2022).

The second contribution of this study is a new back-
reconstruction method. Because nonlinear kernels can-
not be directly inverted (Wang et al., 2007; Yang et al., 
2018), prior studies have estimated voxel importance to 
compute sensitivity maps in classification tasks using 
information calculated by the derivative. This approach 
originates from computer vision, where it is widely used 
for assessing pixel importance in image classification 
(Rasmussen et  al., 2011; Selvaraju et  al., 2017; 
Simonyan et  al., 2013; Smilkov et  al., 2017; B. Zhou 
et al., 2016). More recently, voxel-importance methods 
have been adapted for nonlinear KCCA in fMRI activa-
tion detection (Han et al., 2024, 2025). While effective 
across-subject average, this previous derivative-based 
method has several drawbacks: it often produces high 
subject-level variance, is computationally expensive for 
complex kernels, and relies on approximate derivatives, 
which limits accuracy. To overcome these limitations, 
we propose a more general inverse-mapping method 
that improves interpretability and computational 
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efficiency, while reducing naturally to linear KCCA in 
special cases.

Finally, we address the problem of selecting appropri-
ate kernel functions for fMRI analysis. While a strict math-
ematical proof is difficult to establish, several empirical 
approaches have been proposed. One approach is based 
on the convergence properties of kernel functions, with the 
general observation that bounded kernels often outper-
form unbounded ones. For example, unbounded kernels 
have been shown to cause failures in kernel principal com-
ponent analysis (S. Y. Huang et  al., 2009), whereas 
bounded kernels demonstrate greater robustness to noise 
and outliers in KCCA (Alam, 2014). Another promising 
direction is the use of multiple kernels. Prior work has 
demonstrated that mixed kernels, which combine bounded 
and unbounded functions, outperform single-kernel 
approaches in KCCA (Zhu et al., 2012). Similar strategies 
are widely used in computer vision, including architectures 
such as residual and densely connected networks (He 
et al., 2016; G. Huang et al., 2017). In nonlinear KCCA, a 
mixed hyperbolic tangent kernel—integrating linear, non-
linear, and bounded mappings—achieves state-of-the-art 
accuracy (Han et al., 2025). In this study, we further vali-
date the effectiveness of these strategies from different 
perspectives. First, from a performance point of view, the 
mixed hyperbolic tangent kernel consistently achieves the 
highest performance across different datasets. Second, 
through independent data augmentation tests, such as 
noise contamination (Alam, 2014) or shuffling robustness, 
this kernel also demonstrates superior performance. Third, 
we analyze the eigendecomposition and find that bounded 
kernels, in general, capture more relevant features than 
unbounded ones.

This study is arranged as follows. In Section  2, we 
present two task-fMRI datasets and two simulated data-
sets used to cross-validate the method. Section  3 
describes the pipeline for the nonlinear KCCA method, 
the self-supervised learning scheme, and the evaluation 
metrics. Section 4.1 summarizes the subject-level activa-
tion pattern and performance across-subject average for 
the two simulated and two task-fMRI datasets. Following 
the results, we further discuss the three main contribu-
tions of this study. The first, in Section 4.2, is the valida-
tion of our proposed self-supervised learning approach in 
several directions. The second, in Section 4.3, is a com-
parison of our newly proposed back-reconstruction 
method with previously published methods, as well as 
across different evaluation metrics. The third, in Sec-
tion  4.4, compares the eigendecomposition results as 
further validation of the kernel selection. Section 4.5 dis-
cusses the activation overlays with regions-of-interest 
(ROI), which is more closely related to the neurological 
implications. Finally, in Section  5, we discuss the 

strengths of our method, comparisons with previous 
methods, and its limitations.

2.  DATA AND SIMULATIONS

2.1.  HCP dataset

Structural and functional MRI data were obtained from 
the Human Connectome Project (HCP) database (Van 
Essen et  al., 2012), which includes 3T MRI data. We 
focus on the working memory task-fMRI study. Ninety-
two male subjects aged 26–30  years were randomly 
selected, and the sample size is sufficient to test differ-
ences between methods. Five subjects were dropped 
during preprocessing due to missing information, yield-
ing a final sample of 87 subjects. The task-fMRI data 
were acquired using a multiband factor of 8, TR/TE = 
720/33.1 ms, FA = 52 degrees, 72 slices, spatial resolu-
tion = 2mm× 2mm× 2mm, and in-plane size = 104 × 90. 
The first 15 timeframes were removed to avoid an unsat-
urated T1 signal.

The HCP working memory task (an n-back paradigm) 
includes three trial types: targets, non-targets, and lures. 
A target is a stimulus that satisfies the task-specific 
memory rule—for example, matching the item presented 
two trials earlier in the 2-back condition or matching the 
predefined cue in the 0-back condition. A non-target is a 
stimulus that does not meet this rule and, therefore, 
should not elicit a match response. A lure is a special 
type of non-target that closely resembles a target because 
it matches a nearby item in the sequence (e.g., the 1-back 
or 3-back item in a 2-back block), and thus has a higher 
likelihood of inducing a false-positive response.

As this study focuses on methodological develop-
ment for activation analysis, we do not focus on gender-
related activation patterns. Furthermore, since activation 
is evaluated at the subject level, we expect that even if 
such differences exist, they will not change the main 
results.

2.2.  In-house scans

Eighteen subjects were originally consented and recruited. 
Two subjects with amnestic Mild Cognitive Impairment 
(aMCI) were excluded from the study due to incidental 
imaging abnormalities (meningioma and arachnoid cyst), 
yielding a final sample of 16 subjects. This dataset con-
sists of eight subjects diagnosed with aMCI and eight 
cognitively normal controls (NC). Data acquisition was 
conducted with institutional review board approval using a 
3T GE HDx MRI scanner equipped with an 8-channel head 
coil (Jin et  al., 2012). The subjects in both groups were 
matched for age, education, and right-handedness. The 
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detailed age and gender information are shown in Table 1. 
The acquisition parameters for the echo-planar imaging 
(EPI) sequence were: TR/TE  =  2000  ms/30  ms, parallel 
imaging factor = 2, slices = 25 (coronal oblique, perpen-
dicular to the long axis of the hippocampus), slice thick-
ness/gap = 4.0 mm/1.0 mm, in-plane resolution 96 × 96  
interpolated to 128 ×128, yielding a voxel size of 
1.72×1.72× 5mm3. High-resolution structural images 
were also acquired including a standard T1-weighted 
image (0.43× 0.43×1mm3) and a coplanar standard T2-
weighted image (0.43× 0.43× 2.5mm3).

Each subject completed two episodic-memory tasks 
based on human faces and common objects, referred to 
as faces and pictures, respectively. Each episodic-
memory paradigm included six periods. Each period 
comprised four phases: encoding, distraction, recogni-
tion, and a short instruction prompt reminding partici-
pants of the upcoming task. During the encoding phase, 
participants viewed seven face–occupation pairs pre-
sented sequentially, each for 3  seconds (21  seconds 
total), and were asked to memorize them. This was fol-
lowed by an 11-second distraction phase, during which 
participants were instructed to respond as quickly as 
possible by pressing the right button when the letter “Y” 
appeared and the left button when the letter “N” appeared 
on the screen. The recognition phase then presented 14 
items—7 repeats from the encoding phase and 7 novel 
face–occupation pairs. Participants responded with the 
right button if the stimulus had been seen previously and 
the left button if it was new. For each episodic-memory 
task, the total scan duration was 9 minutes and 36 sec-
onds, yielding 288 volumes. The first 10 seconds (5 time-
frames) were removed to avoid an unsaturated T1 signal.

2.3.  Contrast and effective design signal

The HCP working memory task includes three different 
trial types: targets, non-targets, and lures. Each is 
encoded as a binary time series, which is then convolved 
with a canonical HRF to generate a design matrix repre-
sented as X ∈R 390×3. This study uses the contrast targets 
minus non-targets C = 1,−1, 0[ ]T . This contrast isolates 

neural activity specifically related to working memory 
matching and decision processes by subtracting base-
line perceptual and response-related effects that are 
common to both trial types.

For the in-house episodic memory scans, the para-
digm includes four trial types: instruction, control, encod-
ing, and recognition. Each event type is encoded as a 
binary time series and convolved with a canonical HRF, 
yielding a design matrix X ∈R 283×4. Two contrasts are then 
defined: Encoding minus Control (EC, C = 0,−1, 1, 0[ ]T )  
and Recognition minus Control (RC, C = 0,−1,0,1[ ]T). The 
EC contrast isolates neural activity specifically related to 
memory formation by removing low-level perceptual and 
motor components shared with the control condition, 
while the RC contrast highlights retrieval-related activity 
after similar removal of baseline task demands (Jin et al., 
2012).

For a specific contrast C, the effective design signal 
X eff is generated according to the method described in 
Cordes et al. (2012)

	
X eff = X X TX( )−1C CT X TX( )−1C⎡

⎣⎢
⎤
⎦⎥
−1

.
	

(1)

Next, we map X eff  into the linear kernel space using the 
equation KX = X effX eff

T . Subsequently, we focus on the 
effective design signal.

2.4.  General framework for simulated data 
generation

Besides task-fMRI, simulated fMRI also provides valu-
able information for the activation detection problem as 
the ground truth is given. We generate simulated data 
using

	

Ysimulated = Ynoise + ρYsignal,

Ysignal( )
q
=
  X add,   for  q ∈M
0,   for  q ∉M

⎧
⎨
⎪

⎩⎪

,

	

(2)

where T  denotes the length of time, Q represents the 
number of voxels, M  is a mask that contains all activated 
voxels, Ysignal( )

q
∈RT×1 is equal to the added signal X add 

if voxel q is activated, Ynoise is the noise considered inde-
pendent to X add, and ρ is the signal strength. Numerically, 
Ynoise and X add are normalized in time with a mean of 0 
and a variance of 1. The choice for these parameters is 
dataset specific as listed in the following sections. A con-
sistent feature across all simulations is that M includes 
approximately 10% of the total number of voxels in the 
brain.

Table 1.  Age and gender information for task-fMRI 
dataset.

HCP dataset 
(NC)

In-house 
scans (NC)

In-house 
scans (MCI)

Number of  
subjects

87 8 8

Female 0 4 (50%) 3 (37.5%)
Age range 
in years

26–30 43–68 56–66
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2.5.  fMRI simulation 1

The key components for the first simulated fMRI dataset 
are listed below:

	 1.	� Mask M: The activation mask is selected for spe-
cific brain regions. We focus on six  bilateral Auto-
mated Anatomical Labelling (AAL) regions 
(Tzourio-Mazoyer et al., 2002), including the ante-
rior cingulate cortex, precentral gyrus, inferior 
frontal gyrus, insula, middle frontal gyrus, and mid-
dle temporal gyrus, which are treated as active. In 
total, approximately 10% of voxels in the brain (or 
around 19% of voxels in the gray matter) are acti-
vated. Let M ∈R1×Q be the mask that equals 1 for 
voxels belonging to chosen AAL regions and 0 
otherwise (Tzourio-Mazoyer et  al., 2002). An 
example of the activation is shown in Figure 1a.

	 2.	� Noise Ynoise: The resampled resting-state fMRI 
data are considered noise, as it does not contain 
task-related information. Since the time dimension 
for the resampled resting-state fMRI data in the 
HCP dataset is higher than that for the working 
memory task, we select the timeframes between 
301 and 690 to match the time dimension.

	 3.	� Effective design signal X eff : Given three different 
event types: targets, non-targets, and lures con-
trasts, we use the contrast targets minus non-
targets C = 1,−1, 0[ ]T  to generate the effective 
design signal.

	 4.	� Added signal X add: We assume that the real  
signal does not exactly match the effective design 
signal. In other words, X add  is not exactly the 
same as X eff . It is generated based on the  
following: first perturb the original contrast by 

′C = 1,−1, 0[ ]T + 0.1N 0,I( ), then use Eq. (1) 

X add = X X TX( )−1 ′C ′C( )T X TX( )−1 ′C⎡
⎣⎢

⎤
⎦⎥
−1

. Here, 

N 0,I( ) refers to the normal distribution.
	 5.	� Signal strength ρ: Along with the noise, activation 

mask, added signal, and effective design signal, 
the simulated data and ground truth are gener-
ated using Eq. (2). The signal strength ρ is com-
puted using Algorithm 1. Specifically, starting 
from ρ = 0.1, the algorithm will evaluate the per-
formance from the General Linear Model with 
Gaussian smoothing (GLM+GS) method 
described in Section  3.3 and compute the 
Receiver Operating Characteristic (ROC) curve. 
The value of ρ is adjusted—either increased or 
decreased—such that the Area Under the Curve 
(AUC) for False Positive Ratio (FPR) smaller than 
0.1 falls within the range of 0.035 to 0.05. This 
algorithm ensures that the signal strength is nei-
ther too high nor too low. Similar methods have 
been adopted in Yang et al. (2020) to reduce the 
type 1 error in fMRI data analysis. The exact 
value is shown in Table 2.

	 6.	� Spatial smoothing: For the baseline model 
GLM+GS, a Gaussian smoothing filter with fixed 
Full Width at Half Maximum (FWHM) of 4 mm is 
applied to Ysimulated (Yang et al., 2018). The correla-
tion is computed between X eff  and Ysimulated after 
the smoothing. For the kernel method, seven 
steerable filters generated from FWHM = 4 mm are 
applied to the dataset (Yang et al., 2018). Detailed 
information about the smoothing kernels is pro-
vided in Appendix A.1.

Compared with previous simulation methods, our 
approach introduces several key differences. In contrast 
to Yang et  al. (2020), where different contrasts were 
applied to different brain regions, we use a single con-
trast with relatively small perturbations. While this sacri-
fices spatial heterogeneity, it ensures that each cluster 
receives the same signal strength, making it easier to 
assess the effects of kernel-based activation detection 
methods in a controlled setting. Compared with Han 
et al. (2025), we retain the sign of α to be consistent in 
this study. Our practical experience suggests that for 
relatively small nonlinear effects, preserving the sign 
leads to more accurate results under the same signal 
strength. Another important difference is that since sev-
eral kernels exhibit nearly identical performance, we 
increase the number of simulated subjects from 20 to 50 
to obtain more stable results and reduce variance in 
performance evaluation.

Algorithm 1.  Procedure for determining the signal 
strength ρ with baseline-consistent performance

Generate Ysignal, Ynoise, and X eff. Start with ρ = 0.1  
while True do 
 � Compute the receiver operating characteristic based 

on the general linear model with Gaussian smoothing 
(Section 3.3)  
Compute the Area Under the Curve (AUC) for a false pos-
itive rate (FPR) smaller than 0.1  
if AUCFPR<0.1 < 0.035 then 

ρ = ρ+ 0.005  
  else if AUCFPR<0.1 > 0.05 then

ρ = ρ− 0.005
  else
      break
  end if
end while
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2.6.  fMRI simulation 2

The simulation method is discussed in Section 2.5 and 
still includes specific signals that are manually added. 
One concern is that the added signal may differ from 
real signals. We consider an alternative approach for 
adding the signal. We still treat the noise as resampled 
resting-state fMRI data, which is assumed to be unre-
lated to the task, but modify the way the signal is added. 
Specifically, for the task-fMRI data, a uniform Gaussian 
smoothing filter with FWHM = 4 mm is applied, and con-
trasts using targets minus non-targets C = 1,−1, 0[ ]T( ) 
are used to generate X eff. After the smoothing filter, vox-
els with the top 1% correlation to X eff are assumed to 
be most likely activated. Task-fMRI data from these 
voxels are extracted, their signals are randomly shuf-
fled, and the shuffled signals are added to regions with 
the top 10% of correlations (Cordes et al., 2012). This 
approach aims to generate a more realistic added signal 
rather than one derived solely from the hypothetical 
HRF.

	 1.	� Mask M: For task-fMRI, find voxels with top 10% 
of correlations to the effective design signal after 
GLM+GS as the mask. An example of the activa-
tion is shown in Figure 5a.

	 2.	� Noise Ynoise: Choose resampled resting-state fMRI 
data with a timeframe between 301 and 690.

	 3.	� Effective design signal X eff: Use contrast targets 
minus non-targets C = 1,−1, 0[ ]T  from the HCP 
working memory task to generate the effective 
design signal.

	 4.	� Added signal X add: Choose task-fMRI from voxels 
with top 1% of correlations to the effective design 
signal after GLM+GS. As a note, the smoothing is 
only used to compute correlation, so the added 
signal is not smoothed.

	 5.	� Signal strength ρ: The signal strength ρ is com-
puted using Algorithm 1. The exact value is shown 
in Table 2.

	 6.	� Spatial smoothing: Following the setup of the first 
simulation, GLM with GS (FWHM = 4 mm) serves 
as the baseline. The kernel method employs seven 
steerable filters constructed with FWHM = 4 mm 
and applied to Ysimulate.

For a similar simulation, we compare our approach 
with Cordes et al. (2012). In the previous work, the “true 
activation” was defined using voxels with a statistical 
threshold of p = 10−6. In contrast, we define activation 
based on the top 1% of voxels with the highest activation 
values. Regarding the mask selection, we use the top 
10% of voxels that exhibit the strongest correlation with 
the design signal. This choice ensures that the number of 
activated voxels is roughly the same as in our first simu-
lation. In contrast, Cordes et  al. (2012) used a two-
dimensional grid structure for the mask.

2.7.  One-dimensional simulation

Consider a one-dimensional (1D) system where q rep-
resents a specific location, Q = 104  is the total spatial 
length, and T = 100 is the total number of time points.

	 1.	� Mask M: Randomly choose 10% of locations 
q ∈M.

	 2.	� Noise Ynoise: Choose Gaussian white noise with 
mean 0 and standard deviation 1.

	 3.	� Effective design signal X eff : Define X eff = sin t + φ( ) 
with t ∈ 0, 2π[ ] and φ is a uniform random number 
with φ ∈ −π / 4, π / 4( ).

	 4.	� Added signal X add: X add = sin t( ).
	 5.	� Signal strength ρ: ρ = 0.3. Under the given signal 

strength, the AUC with FPR < 0.1 typically ranges 
from 0.04 to 0.06.

	 6.	� Spatial smoothing: No smoothing is performed.

3.  METHODS

3.1.  fMRI preprocessing

The fMRI data were minimally preprocessed using the 
SPM12 package (Ashburner, 2009), including realign-
ment, slice-timing correction, coregistration, and normal-
ization to MNI atlas (Glasser et  al., 2013). A high-pass 
filter with a cutoff frequency of 1/ 120 Hz was then applied 
to remove temporal drift, as commonly recommended by 
fMRI preprocessing software such as SPM or fMRIPrep 
(Esteban et al., 2019; Frackowiak et al., 2004). No spatial 
smoothing was performed in this stage. Finally, the data 

Table 2.  Summary of noise, signal strength, and mask for the simulation data.

Ynoise
ρ M

fMRI simulation 1 Resting-fMRI data 0.0446 ± 0.0123 Six selected AAL regions
fMRI simulation 2 Resting-fMRI data 0.2624 ± 0.1279 10% of voxels with high correlation to X eff
1D simulation Gaussian white noise 0.3 Randomly chosen 10% of all voxels
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were normalized to have a temporal mean of 0 and a vari-
ance of 1. We represent the preprocessed task-fMRI data 
as Y ∈RT×Q, where T  denotes the length of time and Q 
represents the number of voxels. Although realignment 
(which internally performs motion correction) was applied, 
motion parameters were not used as regressor (Behzadi 
et  al., 2007), as we aimed to avoid introducing high-
frequency artifacts (J. E. Chen et al., 2017; Yakupov et al., 
2017).

3.2.  Steerable filters

To reduce spatial blurring, steerable filters are employed 
for all kernel-related analyses. Specifically, seven steer-
able filters generated from a Gaussian kernel with FWHM 
of 4 mm are used (Yang et al., 2018). The equally weighted 
summation of these seven filters is equivalent to a single 
Gaussian filter with FWHM = 4 mm. A detailed descrip-
tion of the steerable filters is provided in Appendix A.1.

3.3.  General linear model with Gaussian smoothing 
filter

We use the General Linear Model (GLM) with a Gaussian 
Smoothing (GS) filter as a baseline model for all kernel 
methods. The Gaussian filter is selected to achieve the 
same level of smoothing as the steerable filters. The cor-
relation is then evaluated between the smoothed fMRI 
data and X eff .

3.4.  Linear and nonlinear kernels

For the fMRI signal, we first implement a linear mapping 
of the data from Y to the feature space !Y  by !Y = YA ∈RT×P, 
where A ∈RQ×P is the spatial transformation matrix, T  is 
the number of time points, Q is the number of voxels, and 
P is the number of voxels after spatial transformation. For 
example, standard GS can be done by one isotropic 
Gaussian filter function so that P = Q (Friman et al., 2003). 

Fig. 1.   Ground truth or desired activation location overlaid on the T1 image. (a) Illustration of the ground truth mask 
for the first simulated fMRI dataset. Activations are shown in the precentral gyrus (upper) and the middle temporal gyrus 
(lower). (b) Illustration of the gray matter; the subject is the same as in (a). (c) Illustration of the working memory regions of 
interest (ROI), with a spherical center located at MNI coordinates −44, 14, 29( ) in the left prefrontal cortex and a radius of 
6 mm, overlaid on the T1 image from one subject in the HCP dataset. (d) Illustration of the episodic memory ROI, with two 
spheres centered at MNI coordinates 24,−12,−20( ) and −24,−12,−20( ) in the hippocampus, each with a radius of 6 mm, 
overlaid on the T1 image from one subject in the in-house scans.
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More recent work uses 7 3D steerable filters such that 
P = 7Q (Yang et al., 2018). After smoothing, !Y is input to 
eight different kernels, as shown in Table 3, to map the 
data from the original space to the kernel spaces.

KCCA represents fMRI data through a matrix  
KY ∈RT×T. The traditionally used linear kernel can be 
written as KY

!Yi,
!Y j( ) = !Yi

!Y j
T , where !Yi represents the 

smoothed fMRI data at time i , with the diagonal element 
KY( )

ii
= ∑q

!Yiq
!Yiq (Hardoon et al., 2004). In fMRI analysis, 

where noise levels are much higher than signal strengths, 
this operation generates large diagonal elements due to 
the noise self-correlation effect. This issue cannot be mit-
igated by centralized methods (Bengio et  al., 2004;  
B. Chen et al., 2017). Instead of self-correlation, previous 
fMRI data have shown that noise correlation effects can 
occur at different times (Cordes & Nandy, 2007; X. Li, 
2014). The noise correlation in fMRI (including self-
correlation) can produce large matrix elements with no 
relationship to the signal, potentially making KCCA 
unstable.

We consider two approaches to mitigate noise cor-
relation effects. The first approach involves computing 
the difference. If we define KY

!Yi,
!Y j( ) =! "Yi −

!Y j !
2, the 

diagonal components are entirely removed by this opera-
tion. The second approach avoids high values through 
nonlinear mappings, such as a bounded linear function or 
a hyperbolic tangent function. These two approaches 
can be combined using a mixed hyperbolic tangent ker-
nel. An additional advantage of the hyperbolic tangent 
function is its ability to revert to a linear kernel. We later 
observe that this property enhances stability across dif-
ferent tasks and datasets, making it a more robust choice 
for fMRI analysis.

We also examine the effect of increasing the noise 
self-correlation effect in matrix elements, such as intro-
ducing a parabolic kernel constructed by taking another 

square over a linear kernel. This further increases the dif-
ference between the diagonal and off-diagonal elements.

For other kernels, such as Gaussian or inverse square 
root (Fasshauer, 2007; Salazar et al., 2024), which map 
the matrix elements inversely, our findings indicate that 
although they roughly maintain the matrix elements within 
a similar range and their mapping functions can mitigate 
the large positive values generated by noise self-
correlation, they generally do not yield significant 
improvements over the linear kernel.

In summary, we choose eight different kernels as 
defined in Table  3. We divide these kernels into four  
groups based on the function convergence and correla-
tion properties with respect to the input. Group 1: Linear 
and parabolic kernels. Both are unbounded for positive 
and negative infinity. Group 2: Gaussian kernel and 
inverse square root kernel. Both are bounded in the pos-
itive region but cannot be approximated by the linear 
kernel. In the latter, we will abbreviate the inverse square 
root kernel as the inverse kernel. Group 3: Bounded lin-
ear and square kernels. These are not fully bounded 
functions but are designed specifically to mitigate the 
noise self-correlation effect. Group 4: Hyperbolic tangent 
and mixed hyperbolic tangent kernels. These are fully 
bounded functions for both positive and negative 
regions. We abbreviate them as tanh and mixed tanh in 
the latter.

All kernels in Table 3 can be generated using linear and 
square kernels. For these two kernels, the data are nor-
malized to their mean absolute values to ensure consis-
tent data ranges. A detailed formula is shown in Appendix 
A.2. After nonlinear mapping, the matrix value range can 
change, particularly the parabolic kernel or hyperbolic 
tangent kernel when b is small. We perform an additional 
normalization to ensure consistent data ranges, which 
improves numerical stability when computing correlations 

Table 3.  Summary of eight kernels, parameter constraints, and optimization steps.

Kernels Expression Parameters Steps

Linear KY
!Yi,
!Y j( ) = !Yi

!Y j
T γ ∈ 0.1, 104( ) 15

Parabolic KY
!Yi,
!Y j( ) = !Yi

!Y j
T + b2( )2 b2 ∈ 0, 1( ) and γ ∈ 0.1, 104( ) 30

Gaussian KY
!Yi,
!Y j( ) = exp − ! "Yi −

!Y j !
2 /σ 2( ) σ 2 ∈ 0.1, 10( ) and γ ∈ 0.1, 104( ) 30

Inverse KY
!Yi,
!Y j( ) = 1/ ! "Yi −

!Y j !
2 +b2 b2 ∈ 0.1, 1( ) and γ ∈ 0.1, 104( ) 30

Bounded Linear KY
!Yi,
!Y j( ) =min C, !Yi

!Y j
T( ) C ∈ 0.1, 10( ) and γ ∈ 0.1, 104( ) 30

Square KY
!Yi,
!Y j( ) =! "Yi −

!Y j !
2 γ ∈ 0.1, 104( ) 15

Tanh KY
!Yi,
!Y j( ) = tanh b !Yi

!Y j
T + c( ) b,c∈ −1, 1( ), and γ ∈ 0.1, 104( ) 60

Mixed Tanh KY
!Yi,
!Y j( ) = tanh b1

!Yi
!Y j
T + b2 !

"Yi −
!Y j !

2 +c( ) b1,b2,c{ } ∈ −1, 1( )  and γ ∈ 0.1, 104( ) 200
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in the kernel space. We can show that the hyperbolic tan-
gent can approximate a linear function when b is small 
and c = 0, and the mixed hyperbolic tangent can approxi-
mate a linear or square function when b1 or b2 is small and 
c = 0. Theoretically, a bounded linear kernel can also 
approximate a linear function when C is large, but due to 
the highly unbalanced matrix elements, this relationship is 
hard to observe in our numerical study.

In nonlinear KCCA, we keep KX  as a linear kernel for 
two reasons. First, the nonlinear mapping can in principle 
be applied either to the observed fMRI data or to the 
hypothesized HRF regressors. In this study, we apply the 
nonlinear transformation only to the data side while keep-
ing the HRF regressors linear. This choice follows a com-
mon practice in machine learning, where nonlinear feature 
mappings are typically applied to the input data rather 
than to the target variables. For example, in neural net-
work models such as CNNs, nonlinear transformations 
are introduced to the data features, whereas the labels 

remain unchanged. Second, from a mathematical per-
spective, applying nonlinear mappings to both sides is 
often equivalent to applying a single nonlinear transfor-
mation while keeping the other side linear. Therefore, fol-
lowing the conventional practice, we introduce the 
nonlinear mapping only to the data in the present study.

3.5.  Compute correlation in the kernel space

The flow map for the fMRI signal is shown in Figure 2a. 
Using KCCA, the eigenvectors vX and vY  are found to 
maximize the canonical correlation r = corr(KXvX , KYv Y ) 
in the feature space. To avoid overfitting, we use

	
r =max

vX ,vY

v X
T KXKYv Y

vX
T KX

2 + γKX( )vX v Y
T KY

2 + γKY( )vY

,
	

(3)

where γ  is a regularization parameter.

Fig. 2.   (a) Flowchart for nonlinear kernel-based fMRI activation detection: The fMRI data (upper row) are mapped into 
kernel space using the kernels listed in Table 3. The design signal (lower row) is mapped into kernel space using a linear 
kernel. Correlation is computed using KCCA. Once the relationship is established in the kernel space, back-reconstruction 
methods, as defined in Section 3.6, are applied to extract the activation pattern. (b) Self-supervised learning framework: 
The original data Y is input into KCCA to obtain the activation map α. After voxel shuffling, the augmented data are 
labeled as ′Y , corresponding to an activation map ′α . The ROC curve, shown on the right, is used to measure the 
similarity between α and ′α , with similarity quantified as the area under the curve (AUC) for a false positive ratio smaller 
than 0.1. (c, d) Illustration of voxel shuffling: (c) Distribution of α , computed using the linear kernel from the HCP dataset 
described in Section 4.1.3. The distributions are similar across different subjects, kernels, and back-reconstruction 
methods. (d) Visualization of the voxel shuffling process. The top 10% of voxels are labeled as activated. With QNon and 
Q+ representing the number of non-activated and activated voxels, respectively, two clusters with voxel counts Q1 and Q2 
are selected near the decision boundary. Shuffling is then performed within each cluster following the method outlined in 
Section 3.7.
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3.6.  Back-reconstruction methods

KCCA maximizes the correlation in the kernel space, but 
what we want is the activation in the original space 
α ∈RQ×1. From dimension matching, we assume

	 Yα ≡ sKYv Y , 	 (4)

where s = sign corr X eff,KYv Y( )⎡
⎣

⎤
⎦ measures the sign of the 

correlation between X eff  and the fMRI signal in kernel 
space.

The intuition behind this assumption is as follows: the 
correlation in the original space is written as the scalar 
product Yα | Xβ . On the left, the fMRI data are modu-
lated by the activation pattern α  and summed over spa-
tial dimensions, while on the right, the design signal is 
modulated by a contrast-dependent vector β. In the ker-
nel space, this relationship is represented by 
KYv Y | KXvX . By linking the representations in the orig-

inal and kernel spaces, we directly arrive at Eq. (4). We 
propose two solutions for the above equation.

First, we insert an identity matrix I = !Y !Y T !Y !Y T( )† on the 
right-hand side of Eq. (4) and use the relation !Y = YA.  
After canceling Y on both sides, we obtain

	
BC 1  This study( ) :α = sA !Y T !Y !Y T( )†KYv Y .	

(5)

The complete derivation of this formula is provided in 
Appendix A.3.

Second, following the approach of Han et al. (2025), 
we define Yt  as the fMRI data at time t and take the der-
ivation of Eq. (4) with respect to Yt. This yields the follow-
ing expression for α:

BC 2
 
((Han et al., 2025)):

	
 α = s

t1t2

∑
∂ KY( )

t1t2

∂Yt1

vY( )
t2
,
	

(6)

where the definition of s is consistent with BC 1. The 
detailed derivation is shown in Appendix A.4. In the pre-
vious work (Han et al., 2025), this formulation is referred 
to as the heat map or sensitivity map, which measures 
the contribution of each voxel to the signal in kernel 
space. Here, we treat v Y  as a constant vector so that the 
back-reconstruction method reduces to the results of the 
linear kernel in this special case.

For the special case of the linear kernel, as proven in 
Appendix A.5, both methods reduce to the previously 
published result up to a constant factor, α ∝ AATY TvY  
(Hardoon et  al., 2004; Yang et  al., 2022). For nonlinear 
kernels, the two different BC methods will yield different 
results.

For the activation analysis as shown in Section 4.1, we 
focus on the new proposed BC 1 method. In the mean-

time, we compare the two methods under the same con-
dition in Section  4.3. Further discussion for the 
comparison between the two BC methods is shown in 
Section 5.2.

3.7.  The self-supervised learning framework

The self-supervised learning framework uses augmenta-
tion methods to generate positive pairs as supervisory 
examples and then constructs a loss function to maxi-
mize their similarity. From the augmentation perspective, 
this process can be categorized as a one-step or two-
step method. The one-step method applies augmenta-
tion directly to the data without considering the underlying 
structure, whereas the two-step method uses the model 
output to guide data shuffling.

3.7.1.  One-step augmentation

The first idea examines the activation robustness under 
noise injection (Alam, 2014). This method generates aug-
mented examples from the original data with added 
noise. Specifically, we define ′Y = Y + 0.1##, where ## is 
Gaussian white noise. Using ′Y , we compute a new ′α  for 
both GLM and kernel methods. The distance between α 
and ′α  is defined as their mean square error (MSE), lead-
ing to the formulation of the objective function as follows:

	

min
parameters

MSE =!α − ′α !2

subject to parameters∈Table 3. 	 (7)

For practical implementation, first, when computing 
the loss, both α and ′α  are evaluated using the same 
kernel with the same parameters, and an additional 
KCCA is performed to determine ′α . Second, because 
the process of generating ′α  involves random variables, 
statistical averaging is required. Otherwise, the optimiza-
tion may become trapped in false minima caused by ran-
domness. The results for one-step augmentation are 
shown in Section  4.2.4. Due to the high randomness, 
which introduces large statistical variance, this approach 
incurs a high computational burden for high-dimensional 
data such as fMRI. Therefore, the one-step augmentation 
is limited to one-dimensional simulations.

3.7.2.  Two-step augmentation

A two-step approach with information-guided augmenta-
tion can reduce the randomness introduced during shuf-
fling (Mo et al., 2021). The idea is that isolated activated 
voxels are rare, so a good method will try to maintain the 
prediction results even after the voxel location has 
changed. Specifically, the framework contains data 
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augmentation techniques to shuffle the voxels based on 
their α value and a way to measure the similarity between 
the original result and the result after voxel shuffling. The 
flow map for this method is shown in Figure 2b.

Starting with a specific kernel and given parameters, 
we use KCCA to obtain the activation pattern α . The dis-
tribution of α is shown in Figure 2c. Assume that the top 
10% of voxels with large α values are active, and the 
other 90% are inactive. We denote the number of acti-
vated and non-activated voxels as Q+ and QNon, respec-
tively. Near the decision boundary, we select two clusters: 
Q1 and Q2 , each with Q1 and Q2 number of voxels from 
the non-activated regions and activated regions, respec-
tively, where the blackboard bold name is for the name of 
the cluster. We then reverse the order within each cluster 
based on their α values. For instance, for all voxels in Q1,  
we switch the location of the voxel with the largest α with 
that of the smallest α . The same switches are performed 
on the voxels with the second largest/smallest α, and so 
on. This shuffling is repeated for cluster Q2 . The entire 
process is depicted in Figure 2d. Note that shuffling is 
performed before smoothing.

After shuffling, we obtain a new configuration labeled ′Y  
and compute the activation pattern ′α  using the same ker-
nel and parameters, and we implement the KCCA again to 
get a new ′vY. By applying different thresholds to ′α , we 
define true positive (voxels still activated after shuffling) 
and false positive (inactive voxels becoming activated after 
shuffling) to generate a Receiver Operating Characteristic 
(ROC) curve. An example ROC curve is shown in Figure 2b. 
This curve, also known as the apparent ROC curve in pre-
vious studies (Zhuang et  al., 2017), measures shuffling 
robustness. In prior fMRI neuroscience research, the metric 
was designed to minimize type 1 errors to reduce the num-
ber of false positives (Skudlarski et al., 1999). Similarly, we 
focus on the voxels that the model strongly predicts as 
activated, specifically those with relatively large ′α . We use 
the Area Under the ROC Curve (AUC) computed with a 
False Positive Rate (FPR) of less than 0.1 to measure the 
robustness. We repeat this process to find the best param-
eters that maximize the AUC.

Even though the two-step augmentation is based on 
previous outputs and the randomness is reduced, the 
specific design may not necessarily yield better repre-
sentations of the data. In other words, activation patterns 
that exhibit high shuffling robustness may not overlap 
with gray matter well, particularly for relatively compli-
cated kernel mappings. This problem is later referred to 
as reduced cross-task performance. Practically, we 
found that using multiple shuffling methods and averag-
ing the results enhance the robustness of self-supervised 
learning. Consequently, we implement two shuffling 
methods. The first shuffling method permutes voxels 
across the entire region by setting Q1 = QNon and Q2 = Q+ , 

while the second shuffling method permutes voxels near 
the decision boundary by setting Q1 = Q2 = 0.5Q+. The 
AUC values obtained from the two shuffling methods are 
combined with equal weights. Following the convention 
of minimizing the objective function, a negative sign is 
applied to define the final objective.

	

min
parameters

L = −AUCFPR<0.1 Shuffling 1( ) − AUCFPR<0.1

Shuffling 2( ),subject to parameters∈Table 3.
	

(8)

We use the MATLAB Surrogate Optimizer to minimize L 
(Gutmann, 2001). This optimization is generally a nonlin-
ear problem. Because we employ a surrogate-based 
derivative-free solver, we adopt a fixed number of optimi-
zation steps for each kernel, as summarized in Table 3.

For the bounded linear, hyperbolic tangent, and mixed 
hyperbolic tangent kernels, we initialize the optimization 
using the parameters obtained from the linear kernel. For 
other kernels, we use randomly selected initial conditions 
as specified in Table 3. Once the optimal parameter com-
bination is identified, we evaluate the activation using the 
method described in Section 3.8.

The rationale for the self-supervised learning is further 
validated in Section 4.2. In brief, Section 4.2.1 shows that 
spatial correlation is preserved after voxel shuffling, while 
Sections  4.2.2 and 4.2.3 further validate the self-
supervised learning assumptions at the subject level. 
Section 4.2.4 presents results for one-dimensional simu-
lated data with one-step augmentation. Section  4.2.5 
compares performance obtained using a single shuffling 
method—specifically, the first shuffling method, corre-
sponding to including only the first term in Eq. (8)—with 
performance obtained using both shuffling methods, in 
which the first and second shuffling methods are com-
bined and both terms in Eq. (8) are incorporated. Sec-
tion 4.2.6 further evaluates the convergence stability of 
the proposed surrogate-based optimization. By examin-
ing the relative change in the objective function under 
extended optimization steps, we provide empirical evi-
dence that the selected optimization budgets are suffi-
cient and that the optimization procedure achieves stable 
solutions across different kernel configurations.

3.8.  Model validation

We propose five different metrics to characterize the per-
formance of various kernels.

3.8.1.  Metric 1: Ground truth

For simulated data described in Section 2.5, Section 2.6 
and Section 2.7, where active voxels are known, we 
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generate a ROC curve by setting different thresholds for 
α. We use the AUC to characterize performance. In fMRI 
data analysis, minimizing false positives is crucial. The 
area for the False Positives Ratio (FPR) smaller than 0.1 is 
commonly used in previous fMRI publications (Skudlarski 
et  al., 1999). We define the final accuracy as the ratio 
between the kernel method and the baseline model 
(GLM+GS):

	
rTruth =

AUC(kernel)FPR<0.1
AUC(GLM+GS)FPR<0.1

.
	

(9)

This ratio is evaluated for two simulated datasets. It 
does not depend on the number of voxels chosen to be 
activated. A value rTruth > 1 indicates that the kernel 
method generates better results than GLM+GS, and sim-
ilarly when rTruth < 1 shows worse performance.

3.8.2.  Metric 2: Activation in gray matter vs non-
gray matter

For task-fMRI data, where the ground truth is unknown, 
we assume that Blood-Oxygen-Level-Dependent (BOLD) 
activations occur primarily in gray matter (Logothetis & 
Wandell, 2004). The rationale includes: first, it has been 
shown that gray matter has three to four times the cere-
bral blood flow and volume compared with white matter 
(Gawryluk et al., 2014). Second, the BOLD signal in gray 
matter is three to six times larger than in white matter, 
with the latter also showing time delays or even negative 
correlations with stimulation (Schilling et al., 2023). The 
standard choice for HRF may not be suitable for white 
matter; as a result, this increases the rationale for treating 
white matter as false activation. Third, unlike surface-
based methods, which require anatomical structures 
(Brodoehl et al., 2020; Mejia et al., 2020), or task denois-
ing methods (Yang et  al., 2020), our volume-based 
approach does not require such information, making gray 
matter suitable for independent testing. Fourth, this met-
ric is consistent with earlier investigations that examined 
whether identified activations align with detailed gray 
matter profiles (Han et al., 2025; Yang et al., 2018, 2025).

Following the same idea in Metric 1, we define true 
positive activation in gray matter and false positive acti-
vation not in gray matter to generate the ROC curve. Gray 
matter is generated from the SPM package segmentation 
with a probability threshold set as greater than 0.5. One 
of the examples is shown in Figure  1b. Note that the 
number of voxels in gray matter is significantly larger than 
the number of activated voxels, which results in the AUC 
being close to 0.5.

Similarly, we aim to minimize false positives and 
reduce activation in non-gray matter, particularly in vox-

els that the method strongly predicts as active. We define 
the objective ratio for gray matter activation as follows:

	
rGray =

AUC(kernel)FPR<0.1
AUC(GLM+GS)FPR<0.1

.
	

(10)

This ratio, rGray , is evaluated for the HCP dataset and 
in-house scans. A large ratio indicates that the activation 
is more concentrated in gray matter than in other areas. 
This ratio does not depend on the activation threshold 
but does depend on the threshold for gray matter. How-
ever, we examined the output probabilities from segmen-
tation using the SPM package, and they are concentrated 
around 1 or 0, leaving a few voxels on the margin.

3.8.3.  Metric 3: Shuffling robustness

Similar to training accuracy in traditional machine learn-
ing, we introduce a factor to characterize shuffling robust-
ness. As a note, we can also compute the shuffling based 
on GLM+GS, even if it does not have any parameters. We 
use L defined in Eq. (8) to characterize the relative accu-
racy between kernel and baseline model

	
rShuffling =

L kernel( )
L GLM+GS( ) . 	

(11)

This metric measures the robustness of certain activa-
tion patterns under voxel shuffling. It serves two pur-
poses: characterizing our self-supervised learning 
method and providing an additional cross-validation of 
our results, especially for task-fMRI when the ground 
truth is not available.

3.8.4.  Metric 4: Activations in regions of interest

While activation in gray matter is generally desired, as 
BOLD signal strength is typically higher there, it is not 
sufficiently specific for different tasks. This section intro-
duces a more task-related mask to further characterize 
model performance.

For the working memory task, previous studies on the 
HCP and other working memory task-fMRI focus on acti-
vation in the left prefrontal cortex region with MNI coordi-
nates −44, 14, 29( ) (Cole et al., 2012; Lamichhane et al., 
2020). The regions-of-interest (ROI) mask MROI is then 
defined as a spherical region with a 6 mm radius cen-
tered at this location, which also covers the left inferior 
frontal gyrus pars opercularis at −46, 10, 26( ) (Rottschy 
et al., 2012). The mask is shown in Figure 1c.

For the episodic memory task, previous publications 
usually focus on hippocampal activation (Jin et al., 2012). 
The hippocampus plays a central role in episodic memory 



13

C. Han, Z. Yang, X. Zhuang et al.	 Imaging Neuroscience, Volume 4, 2026

encoding and retrieval, particularly through its well-
established functions in associative binding, novelty 
detection, and pattern separation. During encoding, hip-
pocampal circuits integrate perceptual and contextual 
features into conjunctive memory traces, while during 
recognition, they support the reinstatement and discrimi-
nation of stored representations from similar inputs. The 
centers of the hippocampus are defined using MNI coor-
dinates 24,−12,−20( ) and −24,−12,−20( ) (Tzourio-Mazoyer 
et al., 2002). For each center, we define the mask by plac-
ing a sphere with a 6 mm radius. The ROI mask MROI is 
shown in Figure 1d.

Because this region is very small, we do not use the 
ROC analysis proposed previously and instead compute 
a direct summation of the activation within this region 
(Lamichhane et al., 2020)

	
rROI = ∑MROIα, 	

(12)

where α is α  normalized by the standard deviation, and 
MROI is the ROI mask.

3.8.5.  Metric 5: Eigendecomposition

Previous analyses focused on final performance rather 
than the kernel itself. To characterize the information 
encoded in the kernel matrix, we note that all kernels 
listed in Table  3 are symmetric and, therefore, admit a 
valid eigendecomposition KY = ∑ i λ iν iν i

T, where λ i  is the 
eigenvalue and ν i ∈R

T×1 is the corresponding eigenvec-
tor. Each eigenvector ν i  defines a direction in the implicit 
feature space that captures a distinct mode of data vari-
ation, with its importance measured by λ i  (Shawe-Taylor 
& Cristianini, 2004). In the principal component analysis 
problem, eigenvectors corresponding to larger eigenval-
ues are selected as features along the dominant direc-
tions. In real fMRI data, due to the high noise level, we 
find that selecting all eigenvectors, rather than examining 
only the ν i  associated with the largest eigenvalues, pro-
vides more stable performance across all kernels. To 
characterize the similarity between ν i and X eff, we define

	
rCorr = max

parameters,i
corr ν i,X eff( ) .

	
(13)

We propose this metric for several reasons. First, for a 
linear problem without noise, matrix KY is rank 1 with 
ν i = X eff , yielding rCorr = 1. Second, for a linear problem 
with noise or for a nonlinear kernel, a rigorous formulation 
is difficult to derive. A large rCorr can indicate a high over-
lap with X eff . Although a rigorous connection to KCCA is 
implicit, a large value still indicates high flexibility of the 
kernel mapping. Third, we use the absolute value because 
the eigenvalue problem in KCCA contains squared terms 

for KY (Yang et al., 2018). As a result, sign differences do 
not affect the outcome.

Based on these observations, we assume that a high 
rCorr computed with a given kernel for a specific subject 
indicates that the kernel encodes more relevant informa-
tion, reflecting this property primarily through the kernel 
function itself. Practically, for a nonlinear kernel with 
unknown parameters listed in Table 3, we implement a 
grid search to find rCorr across all possible mappings. As 
a result, it is expected that a more complicated kernel, 
such as the mixed hyperbolic tangent, yields a higher rCorr 
than the hyperbolic tangent kernel. As noted, the grid 
search is not implemented in γ , as that is the regulariza-
tion parameter for KCCA.

3.9.  Statistical test

All evaluation metrics have the following properties: first, 
each metric yields a scalar value for each subject, with 
larger values indicating better performance (e.g., higher 
normalized activation in gray matter or ROIs). Second, 
the metric is normalized at the subject level, making 
cross-subject comparisons valid. Given two vectors of 
such performance scores obtained from different meth-
ods, the t-test evaluates whether the observed difference 
in their averages is unlikely to have occurred by chance. 
The null hypothesis is that the first set does not perform 
better than the second set. Rejecting this null hypothesis 
indicates statistically significant evidence that the first 
method achieves higher performance.

For all statistical tests listed in the study, statistical 
significance between the two methods was evaluated 
using a paired t-test across subjects. Since the analysis 
involved a single hypothesis test comparing the average 
performance of the two methods, correction for multiple 
comparisons was not required.

3.10.  Activation threshold

Since the activation represents continuous values, we 
need criteria to establish the activation threshold. A com-
monly used approach is to resample resting-state fMRI 
data to compute the correlation and treat this correlation 
as the null distribution to define the FPR (Bullmore et al., 
2001; Laird et al., 2004; R. R. Nandy & Cordes, 2003).

However, due to kernel mapping, tracking the exact 
values during the computation pipeline is challenging, 
especially when the method involves several normaliza-
tion steps. In this study, we compute the null distribution 
by shuffling vY. Specifically, we apply random time shuf-
fling to vY( )

null
 and then use the randomly shuffled vY( )

null
 

as a constant to compute αnull. The threshold is then 
gradually decreased until the false activation rate reaches 
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Fig. 3.  Ground truth, activation map, and ROC curve for the first simulated fMRI data. (a) The ground truth, with the 
activation area highlighted in blue, in the T1 image at the corresponding location for reference. (b) Result from GLM+GS. 
The color indicates the voxel with p < 0.05, with a brighter color (yellow) for the larger α value. (c) Activation pattern for 
eight different kernels using KCCA. (d) ROC curve for different kernels. The gray shading area indicates the AUC obtained 
from GLM+GS. (e) A focused view of (d) for FPR < 0.1. Nonlinear kernels generate better performance than the linear 
kernel.

0.05, analogous to the commonly used p value in previ-
ous publications. For GLM+GS, we randomly shuffle X eff  
to compute αnull.

Compared with the previous studies, this study exhib-
its a relatively high FPR, because we have not changed 
the spatial domain, with shuffling performed only in the 
kernel dimension. Consequently, the computed αnull may 
yield relatively high values, necessitating a higher FPR. 
Nevertheless, the specific threshold value does not affect 
the accuracy.

4.  RESULTS

4.1.  Activation analysis for task-fMRI

4.1.1.  fMRI simulation 1

Figure 3 shows an example of the first simulation. The 
activation threshold is given using p < 0.05. The ground-
truth activated regions in Figure 3a (blue) consist of acti-
vations in both the mid-temporal gyrus (lower) and the 

precentral gyrus (upper). The activation pattern detected 
using GLM+GS is relatively small, and the linear kernel 
slightly improves the results but not by much. However, 
for all the nonlinear kernels, two clusters can be clearly 
seen with fine detail.

In Figure 3d and e, we present the AUC values for all 
the different kernels, with the gray-shaded area indicat-
ing the range for GLM+GS. For this subject, all kernels 
outperform GLM+GS by a relatively large margin. Specif-
ically, for AUC with FPR < 0.1, GLM+GS achieves a value 
of 0.0432, which is selected between 0.035 and 0.05 to 
maintain consistent signal strength in the same region. 
The linear kernel achieves an AUC of 0.0587, while the 
hyperbolic tangent kernel reaches 0.0792. The other six 
kernels yield similar values, ranging between 0.0840 and 
0.0845, indicating that these kernels provide stable and 
improved performance compared with GLM+GS.

Figure  4 presents the subject-wise average for this 
simulated dataset. In Figure 4a, the swarm plot displays 
the performance of all eight kernels, with exact values 
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provided in Table  5. The linear kernel shows a perfor-
mance increase of approximately 20%. In contrast, all 
other kernels—except the square kernel—achieve per-
formance improvements of more than 80%. The square 
kernel performs poorly, as indicated by its large variance. 
Our empirical analysis suggests that, for this problem, 
the signal is added in a relatively uniform manner. As 
shown in Table 2, the signal strength is relatively low, yet 
the method still achieves a decent AUC value, indicating 
that the problem is relatively easy to learn but still requires 
a proper mapping function. Neither the linear nor the 
square kernels have parameters to tune for the mapping; 
their fixed mappings prevent them from adapting effec-
tively. In contrast, the other kernels can capture the 
underlying structure more effectively and achieve rela-
tively high accuracy. Another way to interpret this result is 
that nonlinear kernels can effectively identify optimal 
parameters that exhibit strong shuffling robustness. As 
shown in Figure 13a, with proper nonlinear kernel map-
ping, most subjects reach −L  values, defined in Eq. (8), 
exceeding 0.18, which is close to the maximum value of 
0.2 and is the highest among all datasets. Consequently, 
the large difference in shuffling robustness between lin-
ear and nonlinear kernels also leads to a substantial dif-
ference in accuracy.

Figure 4b presents the subject-wise average result for 
shuffling robustness and accuracy. We observe that the 
linear kernel exhibits the lowest shuffling robustness, and 
its average accuracy is also relatively low. In contrast, all 
nonlinear kernels, except for the square kernel, achieve 
both high accuracy and strong shuffling robustness. This 
result supports our assumption that the self-supervised 
learning approach can effectively identify the optimal 

parameters for nonlinear kernel mapping, ensuring both 
robustness and accuracy in activation detection.

4.1.2.  fMRI simulation 2

Figure 5a presents an example from 1 of the 20 simulated 
subjects from the second simulated dataset. In this case, 
the ground-truth activation consists of relatively small 
clusters compared with the first simulation shown in this 
study. Figure  5b and c compares the performance of 
GLM+GS with eight different kernels. Except for the par-
abolic kernel, all other kernels produce activation pat-
terns that closely resemble those of GLM+GS. The main 
difference is that most kernels generate relatively larger 
activation clusters than the ground truth. In contrast, the 
mixed hyperbolic tangent kernel, under the same thresh-
olds method, produces smaller cluster sizes, effectively 
reducing false activations while maintaining accurate 
detection.

In Figure 5c and d, we present the AUC values with 
FPR < 0.1 for all methods. The baseline GLM+GS achieves 
an AUC of 0.0366, while the linear kernel improves slightly 
to 0.0428. The best-performing method for this subject is 
the mixed hyperbolic tangent kernel, which achieves an 
AUC of 0.0564. In contrast, the worst-performing method 
is the parabolic kernel, with an AUC of 0.0228. The other 
kernels fall within a narrow range between 0.0417 and 
0.0447.

Figure  6 presents the subject-wise average for the 
second simulated fMRI data. In Figure 6a, the swarm plot 
illustrates the performance distribution across different 
kernels. Compared with the first simulation, the perfor-
mance differences between kernels are more pro-

Fig. 4.  Subject-wise average performance on the first simulated fMRI dataset. (a) Swarm plot of the AUC ratio evaluated 
using the ground truth. Results are based on 50 subjects from the first simulated dataset. Each dot represents one 
subject. The horizontal line and rectangle bar indicate each method’s mean and variance. (b) Relationship between 
shuffling robustness rShuffling and accuracy rTruth for different kernels. Each dot represents the average over 50 subjects. 
In general, activations with greater robustness to shuffling also exhibit higher accuracy. Except for the square kernel, 
nonlinear kernels outperform linear kernels in both robustness and accuracy.
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Fig. 5.  Ground truth, activation map, and ROC curve for the second simulated fMRI data. (a) The ground truth, with the 
activation area highlighted in blue, in the T1 image at the corresponding location for reference. (b) Result from GLM+GS. 
The color indicates the voxel with p < 0.05, with a brighter color (yellow) for the larger α value. (c) Activation pattern for 
eight different kernels using KCCA. (d) ROC curve for different kernels. The gray shading area indicates the AUC obtained 
from GLM+GS. (e) A focused view of (d) for FPR < 0.1. The mixed hyperbolic tangent kernel demonstrates the highest 
performance, achieving the largest AUC. 

Fig. 6.  Subject-wise average performance on the second simulated fMRI dataset. (a) Swarm plot for the AUC ratio 
evaluated using ground truth. Results based on 20 subjects taken from the second simulated fMRI dataset. Each 
dot represents the result from one subject. The horizontal line and the rectangle bar indicate each method’s mean 
and variance. (b) Relationship between shuffling robustness rShuffling and accuracy rTruth for different kernels. Each dot 
represents the average over 20 subjects. In general, activation with robust shuffling also has higher accuracy. The mixed 
hyperbolic tangent has the maximum performance for both shuffling and accuracy.



17

C. Han, Z. Yang, X. Zhuang et al.	 Imaging Neuroscience, Volume 4, 2026

nounced. Specifically, the linear kernel exhibits very small 
variance, indicating highly stable performance that 
closely tracks the baseline model. The Gaussian and 
inverse kernels show nearly identical behavior to the lin-
ear kernel. Similar to the first simulation, the square ker-
nel performs poorly, exhibiting substantially larger 
variance, with many subjects falling below the baseline.

Figure  6b presents the subject-wise average ratio 
between shuffling robustness and accuracy. A strong lin-
ear relationship is observed between these two metrics. 
The mixed hyperbolic tangent kernel achieves the high-
est performance in both shuffling robustness and accu-
racy, whereas the parabolic kernel performs the worst in 
both cases.

4.1.3.  HCP dataset

Figure 7 presents one of the selected examples, with Fig-
ure 7a showing that the gray matter serves as the refer-

ence. The results from GLM+GS are shown in Figure 7b. 
Results for the eight kernels resulting from the back-
reconstruction methods are displayed in Figure 7c.

The activation patterns obtained from the eight ker-
nels are approximately categorized into three groups. 
The first group consists of the parabolic kernel, which 
produces many small clusters within the brain, indicating 
an unreliable activation pattern. The linear, Gaussian, and 
inverse kernels exhibit structures that closely resemble 
the baseline GLM+GS model, with the primary difference 
being that the baseline model appears more smoothed. 
The bounded linear, square, hyperbolic tangent, and 
mixed hyperbolic tangent kernels share a similar activa-
tion structure.

Figure 7d and e displays ROC curves for the different 
kernels, using the gray matter as the ground truth. Since 
most voxels in the gray matter are inactive, the AUC val-
ues are close to 0.5. Compared with GLM+GS, indicated 
by the gray-shaded area, the mixed hyperbolic tangent 

Fig. 7.  Gray matter, activation map, and ROC curve for task-fMRI data (HCP dataset). (a) The gray matter (shown in blue) 
was determined using segmentation probabilities larger than 0.5, overlaid on the T1-weighted image. (b) Activation map 
obtained using GLM+GS. Voxels with p < 0.05 are color coded, where brighter colors (yellow) indicate larger α  values; 
the gray matter mask (blue) and T1-weighted image are overlaid for reference. (c) Activation pattern for eight different 
kernels using KCCA. (d) ROC curves for the different kernels, with the gray shading area representing the AUC obtained 
from GLM+GS. (e) A focused view of (d) for FPR < 0.1. The parabolic kernel demonstrates poor performance, as indicated 
by scattered activations and the corresponding curve. In contrast, the bounded kernel such as tanh or mixed tanh 
demonstrates optimal performance in detecting activation in gray matter.
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Table 4.  Statistical tests for gray matter overlap with 
activation for task-based fMRI.

Kernel name HCP dataset In-house scans

Linear < 0.001 0.009
Parabolic < 0.001 0.018
Gaussian < 0.001 0.042
Inverse < 0.001 0.003
Bounded linear < 0.001 0.001
Square < 0.001 0.024
Tanh < 0.001 0.033

One-sided paired t-test p-values comparing the gray-matter 
overlap metric rGray defined in Eq. (10), between the mixed 
hyperbolic tangent kernel and all other kernels.

kernel achieves the highest AUC and identifies a larger 
number of activated voxels within the gray matter. In con-
trast, the parabolic kernel shows poor performance, with 
its curves within the gray-shaded area. Comparing the 
exact AUC values for FPR < 0.1, GLM+GS achieves 
6.89×10−3

, while the linear kernel reaches 7.62×10−3. 
Among nonlinear kernels, the worst performer is the par-
abolic kernel at 5.91×10−3, whereas the best results are 
obtained with the square and hyperbolic tangent kernels, 
both at 8.63×10−3. The mixed hyperbolic tangent kernel 
performs slightly lower at 8.61×10−3. Overall, these 
results suggest that the square, hyperbolic tangent, and 
mixed hyperbolic tangent kernels outperform the others, 
the parabolic kernel performs the worst, and the Gauss-
ian and inverse kernels provide no significant improve-
ment over the linear kernel.

In Figure  8a, we present the subject-wise average 
results for the HCP dataset, where rGray measures the rel-
ative gray matter overlap using GLM+GS as a reference. 
On average, the mixed hyperbolic tangent method per-
forms the best, showing a 25.74% increase compared 
with GLM+GS. In contrast, the linear kernel exhibits a 
10.03% increase, indicating that our nonlinear kernels 
can effectively avoid activations in undesired regions 
compared with traditional methods. Conversely, the par-
abolic kernel performs the worst for the HCP dataset, 
with a ratio of -8.79%, indicating less gray matter overlap 
compared with GLM+GS. To further validate this result, in 
the first column of Table  4, we list the statistical tests 
between the mixed hyperbolic tangent kernel and the 
other kernels. For the HCP dataset, the mixed hyperbolic 
tangent kernel significantly outperforms other kernels.

In Figure 8b, we observe a strong linear relationship 
between rShuffling and rGray, with a correlation coefficient of 
0.96. This indicates that activations with high robustness 
to the shuffling also tend to prefer gray matter. This not 

only validates our assumption that self-supervised learn-
ing based on voxel shuffling is suitable for fMRI activation 
detection but also provides evidence using different met-
rics to characterize activation patterns even without 
knowing the ground truth.

4.1.4.  In-house scans

We utilized in-house scans providing another task-fMRI 
dataset to evaluate the performance of nonlinear kernel 
methods. An example from one subject performing the 
faces task with the EC contrast is shown in Figure 9. For 
the activation pattern, Figure 9b presents the results from 
GLM+GS as a reference, showing some activations in the 
brain stem, which are likely related to cardiac pulsation and 
not memory activations. In contrast, Figure 9c shows that, 
except for the parabolic kernel, brain stem activations dis-
appear when using kernel methods. Another notable effect 
is that hippocampus activations become stronger for the 
hyperbolic tangent and mixed hyperbolic tangent kernels.

Figure 9d and e presents the AUC values measured by 
activation overlays on the gray matter for this subject. As 

Fig. 8.  Subject-wise average performance on the HCP dataset. (a) Swarm plot for the AUC ratio evaluated using ground 
truth. Results based on 87 subjects taken from the HCP dataset. Each dot represents the result from one subject. The 
horizontal line and the rectangle bar indicate each method’s mean and variance. (b) Relationship between shuffling 
robustness rShuffling and accuracy rGray for different kernels. In general, activation with robust shuffling also has higher 
accuracy. The mixed hyperbolic tangent has the maximum performance for both shuffling and accuracy.
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Fig. 9.  Gray matter, activation map, and ROC curve for task-fMRI data (In-house scans). (a) The gray matter (shown in blue) 
was determined using segmentation probabilities larger than 0.5, overlaid on the T1-weighted image. (b) Activation map 
obtained using GLM+GS. Voxels with p < 0.05 are color coded, where brighter colors (yellow) indicate larger α values; the 
gray matter mask (blue) and T1-weighted image are overlaid for reference. (c) Activation pattern for eight different kernels 
using KCCA. (d) ROC curves for the different kernels, with the gray shading area representing the AUC obtained from 
GLM+GS. (e) A focused view of (d) for FPR < 0.1. GLM+GS and the parabolic kernel show some activations in the brain stem. 
In contrast, the mixed hyperbolic tangent kernel demonstrates optimal performance in detecting activation in gray matter.

a reference, GLM+GS achieves a value of 0.75×10−2, 
while the linear kernel reaches 0.96 ×10

−2. The top two 
performing kernels are the mixed hyperbolic tangent and 
hyperbolic tangent, with values of 1.05×10−2 and 
1.03×10−2

, respectively. The bounded linear and square 
kernels perform similarly, both achieving 1.00 ×10

−2. The 
Gaussian and inverse kernels also show similar perfor-
mance to the linear kernel, both with values of 0.94 ×10

−3. 
The parabolic kernel performs the worst, with a value of 
0.61×10−2.

Figure 10 presents the subject-wise average for all 16 
subjects across 2 tasks and 2 contrasts. In Figure 10a, 
we show a swarm plot of the averages across all 64 
cases., along with the mean and variance for each kernel 
method. The specific improvement ratios for AUC with 
FPR < 0.1 are reported in Table 5. This dataset exhibits 
relatively larger variance than HCP dataset. Several fac-
tors may contribute to this variance. First, we observe 
that GLM+GS does not perform well, usually because 

these subjects involve relatively large head movements 
or because low signal strength leads to a higher propor-
tion of voxels exhibiting negative correlation with the 
effective design signal, which causes the baseline model 
to have relatively low gray matter overlap with activa-
tions. Further validation of this result is shown in Fig-
ure 13d for the non-normalized values. Second, part of 
the variance comes from the metric definition, with the 
baseline used as the denominator. An alternative defini-
tion is to use subtraction between the kernel and the 
baseline to reduce variance. However, the ratio provides 
a clearer interpretation of improvement, whereas sub-
traction only yields an area difference that does not serve 
a practical meaning.

To further validate the results, in the second column of 
Table  5, we list the statistical tests between the mixed 
hyperbolic tangent kernel and the other kernels for the 
in-house scans. We still observe a significant perfor-
mance improvement measured by gray matter overlap 
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with activations. However, this dataset is less robust 
compared with the HCP dataset.

4.2.  Validation for self-supervised learning

Beyond subject-wise average accuracy, in this section, 
we further validate the self-supervised learning in three 
different directions. In Section  4.2.1, we numerically 
show that this method preserves the spatial correlation 
between voxels, unlike randomly shuffling that totally 
destroys it. In Section 4.2.2 we show an example from 
HCP dataset, and the detail process for the parameter 
optimization. In Section 4.2.3 we show the accuracy in 
subject-level analysis without normalization. In Sec-
tion 4.2.4 we present a one-step argumentation tech-
nique, with application to 1D simulation. The one-step 
method has a major drawback that requires a large sta-
tistical average, which is difficult for high dimensional 
data like fMRI. Section  4.2.5 compares the perfor-
mance using single shuffling (shuffling method 1) ver-
sus combined shuffling (shuffling method 1 and 
shuffling method 2). Section 4.2.6 further evaluates the 
convergence stability of the proposed surrogate-based 
optimization.

4.2.1.  Preservation of spatial correlation

We plot the joint probability of α between certain voxels 
and their neighbors. Consider a voxel labeled with α1 in 
Figure 11a, and its neighbor, labeled with α 2. In Figure 11b, 
we show the probability density for different value pairs. 
The distribution is computed using one selected example 
from the HCP dataset using the linear kernel. We randomly 
generated 106 pairs inside the brain to compute this map. 
The contour map is concentrated on a diagonal as the 
majority of voxels with similar α values tend to be neigh-

borhoods. In other words, activated voxels tend to be a 
neighborhood with activated voxels, and similarly for non-
activated voxels (Zhuang et al., 2017).

To characterize the distribution difference, we intro-
duce the Kullback–Leibler (KL) divergence. Let Pori denote 
the original distribution shown in Figure  11b, and let  
Pshuffle

 denote the distribution after shuffling. The KL diver
gence is then defined as

	
DKL = Pshuffle∑  log

Pshuffle

Pori

.
	

(14)

Practically, a small number 10−6 is added in the denomi-
nator to avoid numerical overflow.

In Figure 11c, we plot the same distribution based on 
its new locations after shuffling. Compared with Fig-
ure  11a, the joint distribution does not change signifi-
cantly, with DKL = 0.6266, which proves that this shuffling 
does not destroy the spatial correlation between voxels. 
Finally, in Figure 11d, we plot the same distribution if we 
randomly shuffle the voxels in each cluster. The distribu-
tion looks totally different with DKL = 1.6159. Moreover, 
our numerical results suggest that randomly shuffling the 
objective function is not deterministic, so the computa-
tional efficiency is not as good as with the current shuf-
fling method.

4.2.2.  Consistency during optimization

The basic assumption is that, as optimization proceeds, 
activations with higher robustness exhibit better accu-
racy. This section aims to prove this consistency during 
optimization.

Figure 12 shows the parameter optimization for one of 
the selected subjects from the HCP dataset for the mixed 

Fig. 10.  Subject-wise average performance on the In-house scans. (a) Swarm plot for the AUC ratio evaluated using 
ground truth for the in-house scans. Each dot represents the result from one case. The horizontal line and the rectangle 
bar indicate each method’s mean and variance. (b) Relationship between shuffling robustness rShuffling and accuracy rGray 
for different kernels. In general, activation with robust shuffling also has higher accuracy. The mixed hyperbolic tangent 
has the maximum performance for both shuffling and accuracy.
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hyperbolic tangent kernel. A brief overview of our data 
processing pipeline is as follows:

	 1.	� Perform fMRI preprocessing without applying 
smoothing.

	 2.	� Select the smoothing method and kernel mapping 
function. We use the steerable filters in Appendix 
A.1, generated with FWHM = 4 mm.

	 3.	� Initialize certain parameters and run KCCA to obtain 
α. The initial parameters are chosen based on the 
results from the linear kernel: b1 = 10

−3, b2 = 0, c = 0,  
and γ = γ Linear , where γ Linear  is the optimal regular-
ization parameter found for the linear method. A 
small b1  ensures that optimization starts from the 
linear kernel.

	 4.	� Apply voxel shuffling twice based on α  to generate 
′Y  and ′′Y . The voxel shuffling is performed before 

smoothing, with the second method modifying a 
relatively small number of voxels.

	 5.	� For each ′Y  and ′′Y , map the data to the kernel 
space using the same kernel and parameters. 

Apply the KCCA algorithm again to establish the 
relationship in the kernel space, then use BC 1 to 
obtain activation maps ′α  and α″ .

	 6.	� Evaluate Eq. (8) by comparing the augmented acti-
vation patterns with the original activation pattern.

	 7.	� Run an optimization algorithm to find the best 
parameters that minimize Eq. (8).

	 8.	� Once optimal parameters are found, evaluate the 
activation maps using the method described in 
Section 3.8.2.

	 9.	� Repeat the same computations for the GLM+GS 
model to generate the baseline results.

In Figure 12a, we present the loss defined in Eq. (8) as 
a function of the optimization step. The loss curve is not 
guaranteed to decrease smoothly because the optimiza-
tion is performed using MATLAB’s surrogate optimizer 
rather than a gradient-based local solver. The surrogate 
method is a global derivative-free algorithm that alter-
nates between constructing a surrogate model and eval-
uating candidate points within the bounded parameter 

Fig. 11.  Nearest neighbor distributions for α before and after voxel shuffling. The results are taken from the HCP dataset 
using the linear kernel. There are no significant differences between distributions across different subjects, kernels, or BC 
methods. (a) Illustration of the center voxel α1 and its six neighbors α2. (b) Original nearest neighbor distribution. A large 
number of voxels located on the diagonal indicate that most neighboring voxels tend to have similar α  values. (c) Nearest 
neighbor distribution after voxel shuffling, with the dashed line indicating the decision boundary. The majority of voxels 
remain on the diagonal, showing that the spatial correlation structure is preserved. (d) Random shuffling with the same 
cluster size for comparison, where the spatial correlation structure is destroyed.
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Fig. 12.  Example of parameter optimization for a selected subject from the HCP dataset using the mixed hyperbolic 
tangent kernel. For the same subject, Figure 6 presents the performance of other kernels. (a) Relationship between 
optimization steps and loss defined in Eq. (8). Since the optimization is not gradient based, significant fluctuations are 
observed. However, the loss stabilizes after approximately 170 steps. Four different points are highlighted by blue, 
orange, green, and red circles, corresponding to the linear kernel, an intermediate stage with improved performance, 
another intermediate stage with poor performance, and the mixed hyperbolic tangent kernel achieving the minimum loss, 
respectively. (b) Activation pattern visualization, with bright colors indicating the top 10% of voxels with high α values, 
overlaid on the gray-matter mask (blue) and the T1-weighted image. α represents the original activation pattern, while 
′α  and α″  indicate activation patterns after the first and second shuffling methods, respectively. The second shuffling 

method tends to produce more similar results since only voxels near the decision boundary are modified. (c) AUC curve 
comparison between α  and ′α  to evaluate the effect of the first shuffling method. (d) AUC curve comparison between α 
and α″  to evaluate the effect of the second shuffling method. Inset: a focused view in the top-left corner. (e) AUC curve 
for activation in gray matter. The results clearly show that activation patterns that are more robust to shuffling also exhibit 
greater overlap with gray matter, confirming the assumption for self-supervised learning during the optimization process.

space. As a result, the reported objective values can fluc-
tuate during the search, even when the algorithm is pro-
gressing toward a better solution. By monitoring the best 
loss, the algorithm generally converges well after 170 
steps. During optimization, we select four points, indi-
cated by blue, orange, green, and red circles, represent-
ing the initial result from the linear kernel, an intermediate 
stage with improved performance, an intermediate stage 
with poor performance, and the best result found by the 
optimization algorithm.

Figure  12b displays the original activation pattern α 
alongside the augmented activation patterns obtained 
from two different shuffling processes. The arrows on the 

top indicate the locations where the activation pattern is 
extracted. To ensure consistency and comparability, we 
plot the voxels with the top 10% of α values. Comparing 
the results before and after shuffling, we observe that the 
second shuffling method preserves more activation 
structure since only voxels near the decision boundary 
are modified. Comparing different optimization stages, 
we observe an increase in robustness from the linear ker-
nel to the mixed hyperbolic tangent kernel. However, at 
the green-labeled location, the spreading cluster-like 
activation does not correspond to meaningful results, 
leading to low similarity between the original and aug-
mented activation patterns.
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Figure 12c and d shows the ROC curves computed 
using activation patterns before and after shuffling. Spe-
cifically, Figure 12c compares α and ′α , generated using 
the first shuffling method, while Figure 12d compares α 
and α″ , generated using the second shuffling method. 
This type of curve has been referred to as the “apparent 
ROC” in previous studies (Zhuang et al., 2017). Similar to 
the observations in Figure  12b, the second shuffling 
method results in a relatively high AUC, with the lowest 
AUC observed at the green-labeled location and the 
highest AUC at the red-labeled location.

Figure  12e presents the gray matter overlap of acti-
vated voxels at each optimization stage. The results align 
with the shuffling robustness observations, confirming 
that our method successfully identifies the optimal param-
eter combination without requiring additional datasets.

4.2.3.  Subject-level validation

For the relationship between shuffling robustness and 
accuracy, Figures 4, 6, 8, and 10 demonstrate that this 
assumption holds at the subject-wise average. Here, we 
examine whether it also holds at the subject level. To clar-
ify the results, we do not apply normalization and include 
GLM+GS for comparison.

Figure 13 presents subject-level results for all four data-
sets analyzed in this study. Four kernels are selected: the 
linear kernel, the commonly used parabolic and Gaussian 
kernels, and the mixed hyperbolic tangent kernel pro-
posed in this study. Figure 13a and b shows results for the 
two simulated datasets, measuring both shuffling robust-
ness and accuracy, while Figure 13c and d displays results 
for the two task-fMRI datasets, evaluating shuffling robust-
ness and activation overlays on gray matter. All methods 
are presented together with their mean and variance.

Figure 13a shows that in the first simulation, except for 
the linear kernel, all other kernels successfully capture the 
relationship with high accuracy and shuffling robustness. 
This observation aligns with Table 5, which reports normal-
ized accuracy. In Figure 13b and c, a clearer separation 
between different kernels is observed, with an approxi-
mately monotonic relationship. Figure 13d presents results 
for the in-house scans, where GLM+GS does not perform 
well. Although the relationship is less pronounced, the 
trend remains consistent at the subject-wise average.

From a performance point of view, when comparing 
the two simulated datasets, it can be seen that the first 
simulated dataset with a nonlinear kernel performs much 
better than with a linear kernel. As shown in Figure 13a, 
the shuffling robustness −L defined in Eq. (8) exceeds 
0.18, which is very close to the maximum value of 0.2, 
indicating that the nonlinear kernel can effectively cap-
ture the relationship in this case. Overall, this simulation 

is relatively simple, and the task remains easy to learn. 
Fixed mappings such as linear and square kernels lack 
tunable parameters and, therefore, adapt poorly, whereas 
nonlinear kernels better capture the underlying structure.

For the two task-fMRI datasets, minimal preprocess-
ing was applied and explicit motion regression was not 
performed to avoid introducing high-frequency artifacts. 
To further evaluate its effect, we regressed out the six 
motion parameters provided in the HCP dataset and ana-
lyzed the resulting power spectra. As described in Appen-
dix A.6, motion regression reduces power below 0.05 Hz 
but increases power at higher frequencies. Therefore, a 
trade-off exists: while motion regression can suppress 
motion-related components, it may also alter the spectral 
distribution by increasing high-frequency artifacts.

4.2.4.  Comparison between one-step and two-step 
data augmentation

In Tables 5 and 6, we show that, in general, bounded ker-
nels outperform unbounded kernels. Following previous 
work on noise contamination (Alam, 2014), we introduce 
an alternative augmentation approach based on noise 
robustness that does not require smoothing, to further 
provide evidence for this observation.

Using 1D simulation shown in Section  2.7, once all 
data are generated, the baseline model is chosen to be 
the GLM. Specifically, it computes the correlation at each 
location, represented by α ∈RQ×1, and then compares it 
with the ground truth to generate the ROC curve. Similar 
to fMRI data, we conduct kernel analysis without smooth-
ing. To simplify our results, we consider only the linear, 
parabolic, Gaussian, and mixed hyperbolic tangent ker-
nels. For kernel methods without smoothing, the trans-
formation can be interpreted as treating A as an identity 
matrix in Eq. (5).

Figure 14 presents subject-level performance for four 
selected kernels: linear, parabolic, Gaussian, and the 
mixed hyperbolic tangent. Each dot represents the result 
for an individual subject, with the mean and variance for 
each method also displayed. The 1, 1( ) point indicates 
performance equivalent to that of GLM.

Figure  14 shows that for the linear kernel, nearly all 
results fall close to the 1,1( ) point, indicating that in the 
absence of smoothing, the linear kernel behaves similarly 
to GLM. In contrast, the mixed hyperbolic tangent kernel 
has most of its points in the upper-right corner, suggest-
ing that it improves both accuracy and robustness to 
noise contamination. However, unbounded kernels such 
as the parabolic kernel perform poorly, with most points 
located in the bottom-left corner.

These empirical results demonstrate that the mixed 
hyperbolic tangent kernel is more resilient to noise con-
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tamination than the linear kernel, consistent with previ-
ous analyses on bounded kernels (Alam, 2014). This 
finding provides an alternative perspective on the kernel 
selection problem. However, applying this method to 
task-fMRI data is challenging, as it requires extensive 
statistical averaging during the optimization process, 
making it impractical for large-scale fMRI datasets.

4.2.5.  Comparison of single and combined shuffling 
methods

We additionally report results obtained using only the first 
shuffling method. Due to computational constraints, this 
comparison is conducted on a subset of 40 subjects from 
the HCP dataset with smaller subject IDs, corresponding 
to approximately 50%  of the full dataset, under the first 
back-reconstruction method.

We compare the performance of using a single shuf-
fling method with that of using two shuffling methods. 
For the linear kernel, the first shuffling method achieves 
an accuracy of 9.86%, while two shuffling methods yield 

9.84%, indicating nearly identical performance. For the 
mixed hyperbolic tangent kernel, using one shuffling 
method results in an accuracy of 24.64%, whereas using 
two shuffling methods improves the accuracy to 25.21%.

The primary motivation for adopting two shuffling 
methods is robustness. When only the first shuffling 
method is used, we observe two subjects whose perfor-
mance drops below the GLM+GS baseline; in contrast, 
when both shuffling methods are employed, all subjects 
perform above the baseline. This suggests that incorpo-
rating multiple shuffling methods can benefit more com-
plex kernels, such as the mixed hyperbolic tangent 
kernel, and improve cross-task generalization.

4.2.6.  Optimization stability analysis

We further evaluate the stability of the surrogate-based opti-
mization procedure. This analysis is conducted on a subset 
of 40 subjects from the HCP dataset with smaller subject 
IDs, using the first back-reconstruction method, to remain 
consistent with the experimental setup in Section 4.2.5.

Fig. 13.  Subject-level results for accuracy versus shuffling robustness, where both metrics are unnormalized. The 
horizontal axis represents −L, which is the summation of two different shufflings as defined in Eq. (8). The vertical axis 
represents unnormalized accuracy. The values correspond to the ground truth for (a) the first simulated fMRI dataset 
described in Section 4.1.1 and (b) the second simulated fMRI dataset in Section 4.1.2. For (c) the HCP dataset and (d) the 
in-house scans, the values correspond to activation overlapping with gray matter. Error bars are included for each method.
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Fig. 14.  Results for the 1D simulated data. The 
robustness to noise contamination and the accuracy of 
four selected kernels are evaluated without applying any 
smoothing. Shuffling robustness (x-axis) is quantified 
using Eq. (7), while accuracy is measured by the AUC 
under the constraint FPR < 0.1. Both metrics are 
normalized relative to the GLM to obtain relative ratios. 
Since a lower MSE indicates higher robustness, a negative 
sign is applied to the x-axis. Overall, increased robustness 
is generally associated with higher accuracy. Among the 
kernels considered, the mixed hyperbolic tangent kernel 
exhibits both the highest robustness and the highest 
accuracy.

To assess convergence behavior, we extend the num-
ber of optimization steps by 50% beyond the values 
reported in Table 3, and compute the relative change in 
the objective function L. For the linear kernel (15 to 22 
steps), the relative change in L is approximately 0.3%. 
For the mixed hyperbolic tangent kernel (200 to 300 
steps), the relative change is approximately 0.7%.

These changes are substantially smaller than the per-
formance differences observed across kernels (greater 
than 20%), indicating that the selected optimization bud-
gets are effectively stable. This empirical evaluation sup-
ports the use of fixed optimization steps in our 
surrogate-based framework.

4.3.  Comparison between BC methods

In this section, we compare the new BC method (denoted 
by BC 1) proposed in this study with the previous method, 
denoted as BC 2 (Han et al., 2025). For a fair comparison, 
both methods are applied to the same fMRI data after 
preprocessing. During the optimization process, each 
kernel in both methods utilizes the same parameter 
ranges specified in Table 3 and follows the same optimi-
zation steps. For the linear kernel, both BC methods pro-
duce identical results, with differences appearing only for 
nonlinear kernels.

Table 5 presents a comparison of accuracy with FPR 
< 0.1 across the four datasets analyzed in this study. For 
each dataset column, the best-performing kernel is high-
lighted in bold, while the second-best method is under-
lined. Overall, the BC 1 outperforms BC 2 for all the 
datasets, the increased ratio is more obvious for simu-
lated dataset than for the task-fMRI dataset.

In particular, for the first simulated dataset, the new 
method achieves better results compared with the previ-
ous one, with performance improvements ranging from 
approximately 86% to 89%. Although the mixed hyper-
bolic tangent kernel is not numerically the best in this case, 
its improvement is very close to that of the best-performing 
kernel. For the second simulation and the two task-fMRI 
datasets, performance differences across kernels are 
more pronounced, with the mixed hyperbolic tangent ker-
nel together with BC 1 emerging as the best method.

We also report the total AUC obtained in this study, as 
summarized in Table 6. In general, three observations can 
be made. First, the improvement rate for the overall AUC 
is relatively small. Second, except for the in-house scans, 
kernels that perform well for FPR < 0.1 also tend to show 
better performance for the overall AUC. Third, BC 1 still 
outperforms BC 2. This further demonstrates the superi-
ority of BC 1, regardless of the activation threshold or 
other considerations during evaluation.

4.4.  Activations within a region of interest

Activation in gray matter characterizes the overall perfor-
mance, but it is not sufficiently specific for a given task. 
Here, we examine activation overlap with the ROI, whose 
definition is shown in Section 3.8.4. Because the mask is 
relatively small and induces a large variance, we report 
only the t-test results aggregated across all subjects.

In Table 7, we list four types of comparisons: kernel-
based methods versus GLM+GS, as well as the mixed 
hyperbolic tangent kernel versus the linear kernel. We 
find that, except for the in-house scans comparing the 
linear kernel with GLM+GS, all other comparisons show 
statistical significance, indicating that the proposed 
method increases activation within the desired region.

4.5.  Eigendecomposition

While the results from Section 4.1, Section 4.3, and Sec-
tion 4.4 indicate the superior performance of the mixed 
hyperbolic tangent kernel, these metrics focus more on 
performance, not the kernel itself. We propose using the 
rCorr defined in Eq. (13). The advantage is that this quan-
tity is purely determined by the kernel and is independent 
of back-reconstruction or parameter optimization, which 
makes the comparison clearer. To narrow down our com-
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Table 6.  Comparison between different back-reconstruction methods.

fMRI simulation 1 fMRI simulation 2

Kernel name BC 1 (This study) BC 2 (Han et al., 2025) BC 1 (This study) BC 2 (Han et al., 2025)

Linear 5.25% 5.25% 1.09% 1.09%
Parabolic 15.17% 2.92% −18.57% 2.51%
Gaussian 15.20% 3.42% 0.49% 1.65%
Inverse 15.19% 3.41% 0.15% 1.35%
Bounded linear 15.06% 3.19% 3.11% 1.18%
Square −6.88% −1.34% −5.99% −0.03%
Tanh 14.89% 9.79% 3.32% −14.82%
Mixed tanh 15.14% 11.90% 4.78% 1.10%

HCP dataset In-house scans

Kernel name BC 1 (This study) BC 2 (Han et al., 2025) BC 1 (This study) BC 2 (Han et al., 2025)

Linear 0.55% 0.55% 4.47% 4.47%
Parabolic −4.21% 0.57% 9.39% 3.24%
Gaussian 0.46% 1.06% 5.51% 3.95%
Inverse 0.35% 0.66% 5.72% 4.01%
Bounded linear 2.99% 0.70% 3.60% 6.38%
Square 3.62% 3.86% 3.53% 1.89%
Tanh 4.54% 1.21% 4.78% 2.41%
Mixed tanh 6.50% 5.34% 5.67% 2.93%

The performance improvement ratios are defined using Eq. (9) or Eq. (10) for the total ROC. For each dataset and each back-
reconstruction method, the best-performing method is shown in bold, and the second-best method is shown as underlined.

Table 5.  Comparison of different back-reconstruction methods.

fMRI simulation 1 fMRI simulation 2

Kernel name BC 1 (This study) BC 2 (Han et al., 2025) BC 1 (This study) BC 2 (Han et al., 2025)

Linear 22.86% 22.86% 8.00% 8.00%
Parabolic 88.69% 9.65% −36.19% 13.40%
Gaussian 88.91% 12.66% 7.56% 9.94%
Inverse 88.86% 12.34% 6.22% 8.72%
Bounded linear 87.54% 11.52% 37.04% 8.31%
Square 15.32% −6.20% −4.16% 2.98%
Tanh 86.20% 58.64% 30.11% −16.29%
Mixed tanh 88.10% 66.24% 45.19% 6.20%

HCP dataset In-house scans

Kernel name BC 1 (This study) BC 2 (Han et al., 2025) BC 1 (This study) BC 2 (Han et al., 2025)

Linear 10.03% 10.03% 20.10% 20.10%
Parabolic −8.79% 10.01% 25.23% 20.32%
Gaussian 9.41% 12.68% 23.79% 22.14%
Inverse 9.09% 10.12% 22.42% 22.35%
Bounded linear 16.87% 10.26% 16.85% 30.85%
Square 16.37% 16.96% 21.93% 22.84%
Tanh 20.55% 11.27% 27.95% 23.41%
Mixed tanh 25.74% 24.27% 37.14% 31.14%

The performance improvement ratios for the partial ROC with FPR < 0.1 are reported. For each dataset and each back-reconstruction 
method, the best-performing method is shown in bold, and the second-best method is shown as underlined.
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parison, we examine rCorr  in two ways: kernels with the 
same complexity but different convergence properties 
and kernels with the same convergence properties but 
different complexity.

We compare results among kernel mappings with the 
same complexity (one unknown parameter). Several 
details are listed as follows. First, we note that the hyper-
bolic tangent kernel proposed in Table 3 has two param-
eters. To address this, we propose a reduced tanh with 
only one parameter by removing the constant term: 

KY
!Yi,
!Y j( ) = tanh b !Yi

!Y j
T( ). Second, the maximization in 

Eq. (13) is performed via grid search with 200 discretiza-
tions in each dimension using equal spacing. Third, for 
comparison, we also include the linear kernel. In conclu-
sion, from a complexity perspective, both the parabolic 
kernel and the reduced tanh have one parameter, whereas 
the linear kernel has no tunable parameter. The reduced 
tanh is bounded, the linear kernel is unbounded but first 
order, and the parabolic kernel exhibits quadratic diver-
gence.

Table  8 shows the statistical significance of the 
reduced hyperbolic tangent kernel over unbounded ker-
nels such as the linear and parabolic kernels. We also 
observe that, in three of the five tasks, the linear kernel 
outperforms the parabolic kernel. Moreover, across all 
five tasks, the reduced hyperbolic tangent kernel shows 
better performance than both the linear and parabolic 
kernels. This indicates that the bounded kernel encodes 
richer information compared with unbounded kernels.

Next, we examine the effect of unknown parameters 
under the same boundedness property. This type of anal-
ysis is motivated by previous studies of mixed kernels 
(Zhu et  al., 2012). We compute rCorr  among reduced 
hyperbolic tangent, hyperbolic tangent, and mixed hyper-
bolic tangent. Since increasing the parameters under this 
setup always increases the maximum value in Eq. (13), 
the corresponding t-test does not provide additional 
insight. Therefore, we instead compare the raw values to 
assess this effect.

Table 9 reports the rCorr  values for different kernels. In 
the 1D simulation, rCorr  is substantially higher, likely 

reflecting the relatively simple structure of this problem 
compared with fMRI simulations or task-fMRI data; in 
more complex settings, kernels with additional terms can 
encode richer information and thus yield higher rCorr. 
However, whether increasing kernel complexity—and 
consequently rCorr—consistently translates into improved 
activation accuracy remains unclear. This issue is further 
discussed in Section 5.1.4 and Section 5.3.1.

5.  DISCUSSION

5.1.  Self-supervised learning

5.1.1.  Comparison with computer vision

Compared with the contrastive learning framework pro-
posed in T. Chen et al. (2020), a commonality is that both 
methods use data augmentation techniques to generate 
supervisory examples. However, there are also several 
key differences.

First, in CNN-based classification problems, class labels 
are treated as the ground truth. Self-supervised learning 
primarily focuses on pre-training, followed by a fine-tuning 
stage to determine the model parameters. In contrast, our 
work utilizes self-supervised learning to determine 
unknown parameters, as the KCCA algorithm maximizes 
correlation in the kernel space, which is equivalent to the 
supervised learning approach used in previous work.

Second, in computer vision, a one-step approach—
data augmentation without using model outputs—is 

Table 7.  Statistical test for activation within the region of 
interest.

Method Comparison HCP dataset In-house scans

Linear vs GLM+GS < 0.001 0.1030
Tanh vs GLM+GS < 0.001 0.0358
Mixed tanh vs GLM+GS < 0.001 < 0.001
Mixed tanh vs linear < 0.001 0.0089

One-sided paired t-test p-values comparing the rROI, defined in Eq. 
(12), among the GLM+GS, linear kernel, hyperbolic tangent kernel, 
and mixed hyperbolic tangent kernel.

Table 8.  Statistical tests for eigendecomposition under 
fixed mapping complexity.

Linear vs 
Parabolic

Reduced Tanh 
vs Linear

Reduced Tanh 
vs Parabolic

1D simulation < 0.001 < 0.001 < 0.001
fMRI simulation 1 < 0.001 < 0.001 < 0.001
fMRI simulation 2 0.239 0.002 0.005
HCP dataset < 0.001 < 0.001 0.002
In-house scans 0.532 < 0.001 < 0.001

One-sided paired t-test p-values comparing the kernel 
decomposition measure rCorr, defined in Eq. (13), ` hyperbolic 
tangent kernels.

Table 9.  List of the average rCorr among different kernels.

Reduced Tanh Tanh Mixed Tanh

1D simulation 0.8921 0.8933 0.8936
fMRI simulation 1 0.4008 0.4715 0.4886
fMRI simulation 2 0.3197 0.3836 0.4212
HCP dataset 0.2932 0.3492 0.3622
In-house scans 0.4443 0.4775 0.4947

List of the average rCorr, defined in Eq. (13), among the reduced 
hyperbolic tangent, hyperbolic tangent, and mixed hyperbolic 
tangent kernel.
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usually adopted (Mo et al., 2021). In our study, we primar-
ily focus on a two-step voxel shuffling. The trade-off is 
that one-step augmentation is much more efficient for 
GPU parallelization, whereas the two-step approach 
avoids randomness and requires fewer statistical aver-
ages. Due to practical computational considerations, we 
only use the two-step method for fMRI.

Third, in computer vision, both positive and negative 
pairs are used (T. Chen et al., 2020). In our study, how-
ever, only positive pairs are considered, where we maxi-
mize the similarity between the original data and the 
augmented data. While it is possible to generate negative 
pairs in fMRI data, such as by shuffling the time domain 
vY to determine the activation threshold, we found this 
process requires extensive statistical averaging. As a 
result, we did not implement negative pairs.

Another related topic is adversarial training (Goodfellow 
et al., 2014), where adversarial examples are intentionally 
introduced during training to enhance robustness. Some 
adversarial examples are generated using similar aug-
mentation techniques compared with contrastive learn-
ing (Cohen et al., 2019; Liu et al., 2019; Prakash et al., 
2018). However, the current adversarial training still 
requires labeling examples. In other words, the loss func-
tion is evaluated using ground truth and the output from 
adversarial examples. In our study, we observe that max-
imizing the similarity between the original and augmented 
output is already enough for the model to generate accu-
rate activation. Therefore, we call the method self-
supervised instead of adversarial training.

5.1.2.  Comparison with previous optimization 
techniques in an fMRI study

Compared with the voxel shuffling method used previ-
ously (Zhuang et al., 2017), our method can shuffle the 
entire fMRI dataset at once, making it suitable for global 
methods such as KCCA.

Compared with previous work that used resampled 
resting-state fMRI data as a reference (R. R. Nandy & 
Cordes, 2003, 2004; Yang et  al., 2018), we found that 
maximizing the difference between task-fMRI and resam-
pled resting-state fMRI data does not yield stable results 
for nonlinear cases. One possible reason is that nonlinear 
kernels introduce too many opportunities to create differ-
ences between task and resampled resting-state fMRI 
data, making purely numerical comparisons unstable. 
Our self-supervised learning approach also reduces the 
data used during the optimization extraction process.

An alternative approach for task-fMRI is to define the 
objective function based on activation overlapping with 
gray matter, a method similar to that used in deep CCA 
studies (Yang et  al., 2025). However, we find that for 

global methods such as KCCA, maximizing activation 
within gray matter may yield better numerical values but 
does not consistently align with the expected results 
observed with the linear kernel. Instead, optimizing based 
on voxel shuffling provides a more reliable solution. 
Moreover, optimization via voxel shuffling is more conve-
nient, as it does not depend on gray matter labels. The 
success of simulated data also indicates its broad appli-
cability to the nonlinear KCCA problem.

5.1.3.  Assumption validation

The first assumption is that we aim to create positive 
pairs. Therefore, we want to maintain the spatial relation-
ship after shuffling. As shown in Figure 11, the nature of 
fMRI analysis is that voxels with similar activation tend to 
be spatially close to each other. As a result, when we 
shuffle the voxel locations, the order is reversed, the 
assumption remains valid, and the spatial correlation is 
maintained after shuffling.

The second assumption in self-supervised learning is 
that activation patterns with high robustness to shuffling 
also exhibit high accuracy. In other words, the assump-
tion is about the cross-task generalization problem. From 
Figures  4, 6, 8, and 10, subject-wise average shows a 
monotonic relationship between the shuffling robustness 
and gray matter overlap. A similar relationship also 
appears in Figures 12 and 13.

We also note that the performance of self-supervised 
learning is closely related to the back-reconstruction 
method. For example, when we compute the same rela-
tionship using BC 2, the association is weaker than that 
observed with BC 1.

5.1.4.  Strengths, limitations, and further work

The advantages of the proposed self-supervised learning 
method are as follows. First, from a computational per-
spective, it does not require an additional dataset, such 
as resting-state fMRI data or simulated data. Second, the 
method prevents overfitting across multiple simulated 
and task-fMRI datasets and demonstrates robustness at 
the subject level. Third, we show that the method is valid 
across different directions, offering insights into its inter-
nal mechanisms based on voxel shuffling, beyond simple 
accuracy improvements, which is an important aspect of 
self-supervised learning in computer vision (Tamkin et al., 
2023).

We also note that several aspects remain unresolved. 
In particular, what constitutes the optimal shuffling 
method is still an open question. Identifying such a 
method is challenging due to the substantial computa-
tional cost involved. Based on our empirical observations, 
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we summarize several heuristic findings below. First, 
combining statistical averages across different shuffling 
methods can improve performance. Second, from a gen-
eral complexity analysis, more complicated kernels ben-
efit more from statistical averaging during shuffling. Third, 
we only tested combinations of different shuffling meth-
ods with equal weights, following a common first-step 
strategy in many self-supervised learning frameworks 
(e.g., Swin Transformer (Tang et  al., 2022)). Although 
shuffling along boundaries results in smaller voxel dis-
placements than shuffling all voxels and typically yields a 
slightly higher AUC, the variation in AUC across kernel 
mappings is small, as the optimization primarily depends 
on relative changes rather than absolute values. Two 
shuffling methods are combined with equal weights.

Second, it remains unclear whether one-step shuffling 
exists for the activation detection problem. For example, 
in Section 4.2.4, we find that augmentation without using 
model output exists, but it is generally hard to implement 
for task-fMRI due to computational limitations. One pos-
sible direction is to apply augmentation at the level of 
image patches (Tang et al., 2022).

Third, it is worth considering whether the current self-
supervised learning approach can be extended to other 
problems. For example, in a typical classification-based 
problem, one could compute a heat map defined by 
voxel importance to generate supervisory examples, 
encouraging the model to produce consistent predictions 
(Rasmussen et  al., 2011; Simonyan et  al., 2013). This 
approach could also be combined with resampling tech-
niques (Laird et  al., 2004), which are typically used to 
break spatial correlations and generate negative pairs.

5.2.  Back-reconstruction methods

5.2.1.  Comparison with deep learning-based 
methods

Compared with deep learning methods, our approach 
relies on a more mathematically grounded back-
reconstruction framework. Deep learning-based models, 
such as the Swin Transformer, also employ self-
supervised learning for training (P. Kim et al., 2023; Kwon 
et al., 2025; Tang et al., 2022) and have the capacity to 
generalize across multiple tasks as foundation models 
(Karimi, 2024). Here, we summarize several advantages 
and disadvantages in comparison with deep learning.

First, in terms of design complexity, the primary source 
of complexity in our nonlinear KCCA framework lies in the 
mathematical design of the kernel map and the back-
reconstruction method. Each kernel and back-
reconstruction scheme has a well-defined but distinct 
mathematical form, and the overall performance depends 

strongly on these modeling choices. By contrast, in deep 
learning, the functional form of the model is typically 
fixed, while variability mainly arises from the network 
architecture and training configuration (e.g., network 
depth, width, normalization layers, learning schedules, 
and regularization strategies), which inevitably increases 
the tuning burden and may complicate interpretation.

Second, in terms of computational speed, the training 
phase for deep-learning-based methods typically 
requires expensive computational resources, such as 
GPUs, especially for high-dimensional fMRI data. Deep 
learning is also usually based on very large datasets. An 
advantage is that deep learning often provides faster 
inference once the model is trained, as no parameters 
need to be re-estimated. For nonlinear KCCA, a disad-
vantage is that parameters need to be evaluated for 
each subject. However, its advantages are that it requires 
fewer computational resources, as computation can be 
performed at the subject level and only CPUs are 
needed.

Third, while deep learning models are often equipped 
with post hoc interpretability tools such as saliency maps 
or heat maps (Selvaraju et al., 2017; Smilkov et al., 2017; 
B. Zhou et al., 2016), which are conceptually similar to 
the second back-reconstruction strategy in nonlinear 
KCCA, their interpretability remains limited because the 
relationship between the learned representation and the 
design signal is implicitly encoded within a complicated 
network architecture. In contrast, KCCA explicitly models 
the relationship between two domains through well-
defined mathematical structures, enabling direct inter-
pretation of how information is shared across modalities 
in both linear and nonlinear settings.

Another way to view interpretability is that, while deep 
learning demonstrates strong performance for many 
problems, it often suffers from issues such as covariance 
shift across domains, overfitting when the number of 
subjects is limited, or dimensionality shift. In contrast, our 
nonlinear KCCA maintains a clearly defined mathemati-
cal structure, making it more flexible for different prob-
lems without requiring substantial changes to the model.

5.2.2.  Comparison with a previous  
back-reconstruction method

We give further analysis of the new proposed back-
reconstruction method and the previous method (Han 
et al., 2025). First, for the mathematical properties, both 
methods can reduce to linear kernel results, as proven by 
Appendix A.5. Both formulas can be derived from Eq. (4), 
as shown in Appendices A.3 and A.4. BC 2 has more 
assumptions, which are less rigorous compared with the 
method proposed in this study.
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Second, both methods preserve the sign of the activa-
tion. This means that α obtained from the BC method can 
be treated as the effective correlation by the kernel 
method, making it generally suitable for a wide range of 
tasks with activated or de-activated regions. This equiva-
lence is further supported by the similarity of activation 
patterns.

Third, for the computational speed, both BC methods 
can be converted to matrix operations with given vY. The 
time complexity for both methods is O QT( ), but BC 1 is 
more efficient due to its simpler formula, especially for 
complicated kernels. Practically, other operations such 
as reshaping could minimize their differences. We 
observe approximately twice the efficiency for BC 1 in 
computation time in the back-reconstruction.

From a performance point of view, this method offers 
several advantages. First, subject-wise average results 
indicate that this method improves accuracy compared 
with voxel importance, as demonstrated across multiple 
simulated and task-fMRI datasets. Second, it exhibits 
lower variance than previous methods. Using the mixed 
hyperbolic tangent kernel on task-fMRI data as an exam-
ple, in the HCP dataset, we observed only one subject 
with performance lower than the baseline, whereas this 
number was five with the previous method. For the in-
house scan, the current method resulted in 12 cases 
below the baseline, compared with 20 with the previous 
method.

There are also general limitations of the new back- 
reconstruction method together with the global method. 
First, similar to Han et  al. (2025), local information is 
missing, making the p value typically used for fMRI acti-
vation analysis difficult to define. Second, global meth-
ods such as KCCA extract relationships across the whole 
brain, and it is unclear how spatial diversity may affect 
the results, such as regional differences in hemodynamic 
response function (HRF) characteristics (Erhardt et  al., 
2012; Glover, 1999; Lindquist et al., 2009). Developing an 
optimal approach to address this spatial heterogeneity 
problem is still an open question.

5.3.  Kernel selection strategies

One of the key questions is which kernel is most efficient 
for extracting information from fMRI data. A rigorous 
answer is difficult because this process involves multiple 
steps, including kernel selection, parameter estimation, 
and back reconstruction. We attempt to address this 
question from three perspectives: performance on simu-
lated and task-fMRI data, augmentation robustness, 
eigendecomposition viewpoint on which kernels capture 
information related to the target signal, and insights from 
prior work.

5.3.1.  Bounded vs unbounded kernel

The first property we observe is the distinction between 
bounded and unbounded kernels. Among the eight ker-
nels analyzed in this study, the parabolic kernel performs 
poorly, showing the lowest accuracy in half of the tasks. 
The linear, Gaussian, and inverse kernels perform simi-
larly. The bounded linear and square kernels exhibit 
inconsistent results. Finally, the best-performing group 
consists of the hyperbolic tangent and mixed hyperbolic 
tangent kernels. Moreover, robustness to data augmenta-
tion further supports this finding, as the activation pat-
terns from the mixed hyperbolic tangent kernel exhibit the 
highest robustness across multiple datasets, regardless 
of whether one-step or two-step augmentation is used.

In the eigendecomposition, we found that the para-
bolic kernel is usually hard to encode information from 
the data. Specifically, under the same model complexity 
with one parameter, across all datasets, the parabolic 
kernel is composed of eigenvectors that have small cor-
relations with the target signal. In contrast, the hyperbolic 
tangent kernel contains more information, exceeding the 
linear and parabolic kernels with statistical significance.

One possible explanation is that bounded kernels 
reduce the effect of noise self-correlation. In KCCA applied 
to fMRI, kernel mapping embeds the spatial dimension, 
where large diagonal elements often arise due to noise 
self-correlation. A bounded kernel mitigates these large 
elements through continuous mapping, leading to a more 
balanced matrix structure that facilitates information 
extraction. Another perspective supporting this explana-
tion is that bounded kernels are generally more robust to 
noise contamination. As demonstrated in Section  4.2.4, 
using an alternative data augmentation technique in 1D 
without smoothing, the results indicate that bounded ker-
nels, such as the mixed hyperbolic tangent, yield consis-
tent performance in the presence of noise contamination. 
This noise-robustness property is consistent with previous 
studies (Alam, 2014; S.-Y. Huang et al., 2009).

5.3.2.  Single vs mixed kernel

Another observation relates to the unique properties of 
the mixed hyperbolic tangent kernel. This kernel com-
bines both linear and nonlinear terms and, in certain spe-
cial cases, can reduce to a purely linear form. Under 
similar bounded mappings, having more terms generally 
leads to greater representational flexibility. The first simu-
lated dataset clearly shows that, when flexibility is lack-
ing, the kernel mapping may not be able to fit the data, 
which in turn leads to poor performance for mappings 
that cannot capture the underlying structure, such as the 
linear or square kernels.
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From the eigendecomposition perspective, the mixed 
kernel generally leads to larger rCorr values than single 
kernels. Because this relationship is evident, we do not 
perform additional statistical tests.

Our observations partially align with previous research 
on mixed-kernel analysis (Zhu et al., 2012), with the dif-
ference that, in prior studies, “mixed” referred to combi-
nations of bounded and unbounded kernels.

5.4.  Computational cost

The computational costs for this study can be divided into 
two parts. One is from original fMRI to kernel space, which 
takes O T 2Q( ) time complexity. Back-reconstruction pro-
cess, transferring the data from the kernel space to the 
original space, takes O TQ( ) time complexity. Even though 
the new back-reconstruction method is much more effi-
cient in the second step, it does not totally avoid the time 
complexity generated by the mapping. Another difficulty 
is that the total problem is relatively large, as it contains 
four datasets, two methods, and eight different kernels.

As a practical example, one subject from the HCP 
dataset has dimensions 7× 390 × 91×109× 91. Here, the 
first dimension 7 represents the number of spatial filters, 
the second corresponds to the time length, and the last 
three dimensions denote the spatial coordinates in MNI 
space. Storing these data in float32 precision requires 
approximately 10 GB of memory when using seven steer-
able filters. A typical commercial GPU, such as the 
NVIDIA GeForce RTX 3090 with 24 GB of memory, there-
fore, usually requires more than one GPU card to enable 
parallel processing, which in turn requires compatible 
hardware to operate them.

Due to the high dimensionality of fMRI data, a two-
step approach may be preferable. These methods usu-
ally incorporate information from previous outputs, 
thereby introducing less randomness. The advantage is 
that less parallelism is needed; for example, we show 
that with only one or two shuffling, decent accuracy can 
be achieved. The disadvantage is that multi-step meth-
ods require a relatively complex design. In practice, on 
our workstation with an Intel Xeon w9-3475X CPU and 
128 GB of memory, two subjects can be processed con-
currently, so the mixed hyperbolic tangent kernel using 
the first back-reconstruction method requires approxi-
mately 6 hours of effective computation per subject.

5.5.  Hyperparameter used in this study and 
validation

In Table 10, we list all the hyperparameters used, and their 
validation is described below. Thresholds used for simu-
lated data generation are displayed in Table 2. For Simula-

tion 1, similar activation patterns are adopted as those in 
Yang et al. (2020). Based on our practical experience, there 
is considerable flexibility in the choice of simulated data.

The threshold appearing in Method 3.2 specifies 
FWHM = 4  mm with seven steerable filters. Except for 
the 1D simulation in Section 2.7, all fMRI data, including 
both task-based and simulated data, use a 4 mm smooth-
ing filter. The same smoothing level and steerable filters 
are reported in Yang et al. (2018), and a similar smoothing 
level is used in Cordes et al. (2012).

For nonlinear kernel parameters shown in Section 3.4, 
since both the linear and square kernels are normalized 
to have unit standard deviation, the mapping magnitude 
is chosen to match this scale. The selected range of γ  
covers a relatively large region. As stated in Section 3.7.2, 
optimization stability was assessed empirically by 
extending the optimization steps by 50%; the resulting 
relative change in L was below 1%, much smaller than 
the typical difference between kernels (greater than 20%).

The threshold appearing in Method 3.8 is based on the 
assumption that activation occupies approximately 10%  
of the total voxels within the brain. A similar metric is 
used in Yang et al. (2020). Another related consideration 
is reducing false positives in activation analysis. While a 
commonly used threshold of FPR < 0.1 is adopted, this 
criterion indicates that we expect the activation to remain 
relatively small (Skudlarski et al., 1999). As a result, we 
choose this value as the shuffling threshold. Two further 
validations are provided. First, for the first simulated 
dataset, the activation proportion is not exactly 10%, but 
typically ranges from 9% to 11%. Nevertheless, the per-
formance improvement is evident. Second, even when 
shuffling is performed using 10% of the voxels, perfor-
mance evaluated using entirely different metrics—AUC 
with FPR < 0.1 or the total AUC—shows clear improve-
ment across different datasets.

The two shuffling thresholds are based on the activa-
tion thresholds described above. As stated in Sec-
tion  5.1.4, this choice is mainly empirical due to high 
computational cost.

Table 10.  List of hyperparameters in nonlinear KCCA, with 
detailed explanation and validation shown in Section 5.5.

Name Value

fMRI simulation Listed on Table 2
Smoothing level FWHM = 4 mm
Kernel mapping Listed on Table 3
Activation (voxel shuffling) Top 10%
Reduce false positive FPR < 0.1
Shuffling method 1 Q1 = QNon, Q2 = Q+
Shuffling method 2 Q1 = Q2 = 0.5Q+
Gray matter Probability > 0.5
Activation (plotting) p < 0.05
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The threshold for gray matter is set to 0.5. We find that 
when this threshold is perturbed by 10%, from 0.45 to 
0.55, the relative change in the number of voxels is less 
than 3%. Therefore, we believe that this threshold selec-
tion does not have a major influence on the results.

One related issue is the use of p < 0.05 to determine 
activation for plotting. This value is chosen solely for 
visualization purposes and does not affect the accuracy.

5.6.  Subject- and group-level activation pattern

This section compares our subject-level analysis with  
the previous group-level analysis. First, all parameter 
optimization in this study is performed at the subject level 
without data separation. Here, “overfitting” refers to the 
case where parameters learned from nonlinear mappings 
focus solely on producing artificially large correlation val-
ues, while failing to recover biologically meaningful acti-
vation patterns.

Second, because activation is computed only at the 
subject level, the averages reported in this study are 
subject-wise averages. This differs from previous group-
level analyses, in which fMRI data from the same group 
are concatenated along the time domain and activation is 
then computed at the group level. Notably, although the 
nonlinear KCCA algorithm has the capacity to perform 
such group-level computations, concatenating all data 
would require a very large amount of memory.

Compared with traditional group-level analysis, hippo-
campal and medial temporal lobe (MTL) activation in MCI 
shows a non-monotonic pattern rather than a simple 
reduction relative to normal aging. Several studies report 
reduced MTL or hippocampal activation in MCI during 
encoding or retrieval, consistent with neurodegenerative 
dysfunction (Johnson et al., 2004; Machulda et al., 2003; 
Petrella et al., 2006). In contrast, other studies demon-
strate paradoxical hyperactivation in early or less impaired 
MCI, particularly during associative encoding tasks, 
despite minimal volumetric loss (Celone et  al., 2006; 
Dickerson et al., 2005; Hämäläinen et al., 2007).

By simply comparing hippocampal activation using the 
ROI defined in Section  3.8.4 and evaluating the t-test 
between normal and MCI groups, both groups are consid-
ered across two tasks and two contrasts, leading to an 
effective sample size of 32 cases per group. The hypothe-
sis is that hippocampal activation in the normal group is 
larger than that in the MCI group. The p-value for the linear 
kernel is 0.120, while it is 0.204 for the mixed hyperbolic 
tangent kernel, with neither reaching statistical signifi-
cance. Therefore, our conclusion is that, in this study, we 
did not identify statistically significant differences between 
groups. Note that these results are based on subject-wise 
averages rather than a traditional group-level analysis.

For the HCP dataset, a similar analysis could be 
applied to examine gender-related differences in activa-
tion (Schmidt et al., 2009). However, as our study primar-
ily focuses on methodological development, with 
activation extracted at the subject level, even if such dif-
ferences were present, we would not expect them to 
affect our overall conclusions.

5.7.  Sign effect in activation analysis

A critical question is whether to retain the sign of α  during 
activation analysis. In previous GLM studies (Friman et al., 
2003), the sign is preserved to indicate that only signals 
positively correlated with the effective design signal are 
selected. Conversely, earlier local CCA studies (Zhuang 
et al., 2017) adjusted weights to ensure positive correlation 
are used, resulting in activation patterns that may include 
both positive and negative components. In a previous pub-
lication, both cases are considered (Han et al., 2025).

In this study, we proposed a self-supervised learning 
method. The method presented here is specific to sign 
statistics, but we note that the method could also be 
extended to α . In that scenario, the top 10% of voxels 
with the largest α  values could be assumed to be acti-
vated, yielding two decision boundaries in the positive 
and negative regions. Similar shuffling along these 
boundaries could then be performed.

5.8.  Neurological implications

Our findings suggest several neuroscience-relevant 
implications. First, the activations identified using the 
proposed nonlinear kernel framework showed substan-
tially greater spatial overlap with gray-matter regions than 
with the linear model. Because BOLD task activation is 
physiologically expected to arise predominantly from 
gray-matter tissue, this improved alignment indicates 
that the method enhances detection of biologically mean-
ingful activation rather than noise-driven fluctuations. 
Second, the nonlinear kernels, particularly the mixed 
hyperbolic tangent kernel, appear better able to model 
subject-specific variability and nonlinear relationships 
between neural responses and task conditions. This may 
be especially important in populations where functional 
organization is altered or less stereotyped across individ-
uals. Finally, when examining canonical task-related 
regions of interest, the nonlinear model yielded activation 
patterns that were more localized to expected functional 
networks than the linear approach. Together, these results 
suggest that the proposed method may provide a more 
neurobiologically faithful representation of task-evoked 
functional activation and improve sensitivity to subtle but 
meaningful neural responses.
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6.  CONCLUSION

In this study, we extend the nonlinear KCCA method from 
previous work with several key contributions. First, we pro-
pose a self-supervised learning method that extracts ker-
nel mappings purely by maximizing shuffling robustness. 
This method is more efficient, as it does not rely on addi-
tional datasets such as resting-state fMRI data, and it pro-
vides an alternative way to evaluate performance in the 
absence of ground truth. Second, we introduce a new 
back-reconstruction method, which is faster and more 
accurate than the previous version. In addition, the new 
method is more robust, with fewer subjects performing 
below the baseline. Third, we further investigate the kernel 
selection problem. By evaluating accuracy in fMRI activa-
tion detection, augmentation robustness, and eigende-
composition, we show that bounded kernels combining 
both linear and nonlinear terms outperform other kernels. 
Empirically, this improvement is attributed to the high noise 
self-correlation present in traditional kernel methods.

DATA AND CODE AVAILABILITY
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-adult​/data​-releases. All the codes used in this study will 
be publicly available after acceptance at https://github​
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APPENDIX A

A.1.  Steerable filters

Suppose Forig is the Gaussian filter with FWHM = 4 mm 
used in GLM, and Giso is defined as a Gaussian function 
with FWHM equal to half of Forig (FWHM = 2 mm). Let Gi 
(i = 1,…,6) denote
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(A1)

Seven steerable filters, Fiso and Fi ( i = 1,…,6), are 
defined as

Fiso x( ) = Giso x( ),Fi x( ) = Gi x( )Forig x( )  for i = 1,!,6.
	

(A2)

We can transform those filters to a matrix form A and 
decompose it to A 0,!,6( ). After expanding the smooth ker-
nel to a 7×7×7 grid, we plotted the result in Appendix 
Figure A1.

A.2.  Normalization for the kernel method

In Table 3 all the kernels can be generated using the lin-
ear or square kernel. We introduce two normalization 
constants
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Appendix Fig. A1.  (a) Seven 7×7×7 steerable filters are used for 3D fMRI data with grid size 2 mm. The equal weight 
sum is equal to a single Gaussian smoothing filter with FWHM = 4 mm. (b) The same as (a) but projected on the x-axis.

To simplify notation, we substitute KY in the main article 
by K (Kernel name) as there is no ambiguity in this context. 
Together with the normalization, eight kernels are  
defined as
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A.3.  Proof of Eq. (5)

In Eq. (4), we insert the identity matrix I = Y!Y!
T
Y!Y!

T( )†  on 
the right.
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Let the bracket be equal to 0, then we have

	
α = AY!

T
Y!Y!

T( )† KYv Y .
	

(A6)

One practical difficulty is that the eigenvector vY con-
tains the uncertainty for the sign. Note that the X eff  is 
represented by the kernel space term KXvX , then in the 
kernel space the relationship between KXvX  and KYvY is 
maximized. To make the sign consistent, we introduce 
s = sign corr X eff,KYv Y( )⎡

⎣
⎤
⎦. Finally,

	 α = sAY!
T

Y!Y!
T( )† KYv Y . 	 (A7)

As the maximum rank for Y is T , removing Y outside 
the bracket introduces other constraints for the solution. 
From the relationship between the unknown and the num-
ber of equations, the original Eq. (4) only has T  constraints. 
By removing Y we increase the constraints to Q.
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Appendix Fig. A2.  Average power spectral density versus 
frequency before and after motion correction. Results are 
averaged across 87 subjects from the HCP dataset.

A.4.  Proof of Eq. (6)

Starting from Eq. (4), both sides are represented by a 
vector with length t. For any t  we have

	
Ytα − KYv Y( )

t
= 0.

	
(A8)

Taken the derivative for Yt on both sides yields

	
α =

∂ KYv Y( )
t

∂Yt

.
	

(A9)

Practically evaluating this equation has two difficul-
ties. α  should satisfy this equation for all times t, and vY 
is the eigenvector corresponding to the largest eigenval-
ues and it is not differentiable. We take an approximation 
for this problem by using summation from different times 
and treat vY as a constant during differentiation. Similar 
to the analyses shown in Section 7.2, we add the sign to 
remove the uncertainty so that
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∑
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.

	

(A10)

From the relationship between the unknown and the 
number of equations, the original Eq. (4) only has T  con-
straints. By taking derivative, we increased the number of 
constraints to Q ×T . Note that Eq. (A9) is defined for 
each time t . Finally we reduce the constraints to Q by 
taking an average of all time points.

A.5.  Proof of equivalence for the linear kernel

For BC 1, we insert KY = Y!Y!
T
 so that
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(A11)

For BC 2, we use the equation from Han et al. (2025) 
and obtain
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Then,
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Then, for BC 2 we obtain

	
α = T +1
N linear

AY!
T
vY = T +1

N linear

AATY TvY .
	

(A14)

A.6.  Power analysis before and after motion  
correction

Six motion parameters from the HCP dataset are denoted 
as zmotion ∈R

T×6  (Van Essen et al., 2012). A linear regres-
sion model is applied to remove motion-related  
components:

	
Ycorrection = Y − zmotione, 	

(A15)

where e = zmotion( )† Y ∈R 6×Q .

Power spectral analysis based on the discrete Fourier 
transform is then performed on both Y and Ycorrection for 
comparison. Prior to the analysis, each voxel time series 
is normalized to zero mean and unit variance in the time 
domain. The resulting Fourier power spectra are shown in 
Appendix Figure A2, averaged across all 87 subjects in 
the HCP dataset.

The results show that motion correction reduces 
power density in the low-frequency range, while 
increasing power at higher frequencies (> 0.05 Hz). This 
suggests that including motion regressors may intro-
duce additional high-frequency artifacts in the HCP 
dataset.


