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Abstract: Localizing the brain regions affected by tasks is crucial to understanding the mechanisms
of brain function. However, traditional statistical analysis does not accurately identify the brain
regions of interest due to factors such as sample size, task design, and statistical effects. Here, we
propose a hypergraph-based multitask feature selection framework, referred to as HMTFS, which
we apply to a functional magnetic resonance imaging (fMRI) dataset to extract task-related brain
regions. HMTFS is characterized by its ability to construct a hypergraph through correlations between
subjects, treating each subject as a node to preserve high-order information of time-varying signals.
Additionally, it manages feature selection across different time windows in fMRI data as multiple
tasks, facilitating time-constrained group sparse learning with a smoothness constraint. We utilize
a large fMRI dataset from the Human Connectome Project (HCP) to validate the performance of
HMTFS in feature selection. Experimental results demonstrate that brain regions selected by HMTFS
can provide higher accuracy for downstream classification tasks compared to other competing feature
selection methods and align with findings from previous neuroscience studies.

Keywords: hypergraph; multitask learning; feature selection; fMRI

MSC: 92C50

1. Introduction

Neuroscientists have long been interested in uncovering the relationship between ex-
ternal stimuli (e.g., task stimuli, neuromodulation) and neural activity. Localizing stimulus-
related brain regions is critical for understanding the functional mechanisms of the brain.
Feature selection helps in this process by identifying relevant features and eliminating
irrelevant ones from the original feature space, which is widely used in multitask learning
(MTL) [1]. Since tasks in most MTL applications are related, it is natural to consider ap-
plying specific regularization terms to find subsets of tasks that share the same features,
for instance, adding group lasso regularization [2] with an `2,1 norm penalty to predict dis-
ease progression [3,4]. Therefore, designing appropriate regularization is crucial to model
performance, which often relies on prior knowledge of the nature of the data [5–8]. To
accurately localize stimulus-related brain regions, it is essential to develop feature selection
methodologies that consider the spatiotemporal characteristics of the neural data.

Functional magnetic resonance imaging (fMRI) is a noninvasive imaging technique to
measure time-varying blood oxygenation level-dependent (BOLD) dynamics in 3D brain
voxels [9]. fMRI studies often segment brain regions according to atlases (e.g., automatic
anatomical labeling (AAL) atlas [10] or multimodal parcellation (MMP) atlas [11]), then
average the BOLD signals over voxels in different regions, calculate the correlation of
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neural signals in regions of interest (ROIs), and obtain an adjacency matrix, in other words,
the brain functional connectivity [12–14]. To better leverage the temporal information in
neural dynamics, we integrate multitask learning into fMRI feature selection. Specifically,
we segment the entire fMRI time series into multiple parts, each treated as a distinct task,
thereby enabling a multitask feature selection approach. Consistent with the group lasso
regularized multitask feature selection method, we employ the `2,1 norm regularization
to enhance the group sparsity. Additionally, we introduce smoothness regularization to
accommodate the temporal correlations in fMRI data, addressing the higher similarity
between close time points.

Data samples in neuroimaging datasets are limited compared to the large datasets
required for deep learning. Therefore, preserving the locality and similarity between
instances is crucial to make better use of the data. The hypergraph structure utilizes
higher-order relationships, overcoming the limitation of the traditional graph structure that
expresses data dependencies only in a pairwise manner [15–17]. A method is proposed to
incorporate a hypergraph into multitask learning, which treats multiple data modalities
(T1 and PET) as multiple tasks for finding biomarkers for Alzheimer’s disease [15]. Instead
of using multimodal neural images, we treat different time periods in unimodal time
series data (e.g., fMRI) as multiple tasks to capture time-varying information in the brain.
We constructed a hypergraph structure to represent the high-order relationships among
subjects, allowing us to fully utilize the limited data samples in neuroimaging. In this
study, we introduced a hypergraph regularization term to enhance consistency among
subjects connected by hyperedges. By integrating hypergraph regularization with multitask
learning, we enhanced the effectiveness of feature selection.

To fully exploit the temporal information and high-order correlations of data samples,
we propose a hypergraph-based multitask feature selection (HMTFS) method for fMRI
data and apply it to reveal task-related brain regions, as illustrated in Figure 1. To validate
the effectiveness of feature selection using HMTFS, we conduct classification and t-SNE vi-
sualization experiments with comprehensive ablation tests using a large HCP fMRI dataset.
Additionally, we employ the HMTFS method to visualize task-related brain regions across
23 cognitive tasks in the HCP dataset and predicted the difficulty of language tasks. Our
main contributions are summarized as follows: (1) by integrating the hypergraph structure
and multitask learning, HMTFS effectively utilizes the temporal information between
tasks and the high-order correlation between subjects to select features that enhance the
downstream classification tasks; (2) a threshold-based method is proposed to construct a
hypergraph, and comparative experimental results show that the threshold-based hyper-
graph construction method is superior to the k-nearest neighbors (kNN) method; (3) by
incorporating the temporally constrained group sparsity and smoothness regularizations,
HMTFS effectively captures the time-varying information in the brain; (4) as a feature
selection tool, HMTFS not only efficiently identifies task-related brain regions but also
performs well in challenging scenarios such as predicting task difficulty.
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Figure 1. The Hypergraph-based multitask feature selection (HMTFS) framework for fMRI data analy-
sis. (a) Data preprocessing: preprocessing fMRI data and parcellating brain with atlas. (b) hypergraph
construction: employing the threshold-based method to construct a hypergraph based on intersub-
ject distances. (c) Multitask definition: dividing he entire fMRI into multiple tasks by time slicing.
(d) HMTFS: applying HMTFS to locate task-related brain regions. (e) Validation: using support vector
machine (SVM)-based classification and t-SNE visualization to test the effectiveness of HMTFS on
feature selection.

2. Related Work
2.1. Multitask Feature Selection Models

Multitask learning (MTL) is an inductive transfer mechanism aimed at enhancing
generalization performance through the utilization of knowledge gained across various
tasks [1,18]. MTL improves performance by leveraging the information shared among
related tasks. In recent years, MTL has been widely applied across a diverse range of fields,
such as medicine and computer vision [19–22].

Suppose we have m learning tasks {Ti}m
i=1; the training data of task i is Di consisting

of ni training samples, i.e., Di =
{

xi
j, yi

j

}ni

j=1
, where xi

j ∈ Rdi is the jth training instance in

Ti and yi
j is its label. The training data matrix Xi = [xi

1, xi
2, . . . , xi

ni
]T ∈ Rni×di for Ti. The

weight matrix W = [w1, w2, . . . , wm], where wi ∈ Rd denotes the feature weight vector
in task i. In the homogeneous MTL, all tasks share the same feature space dimension,
ensuring that the training data matrices for all tasks have consistent feature dimensions d,
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i.e., di = dj for i 6= j. The simplest approach to defining a loss function is to use the squared
`2 norm. For homogeneous MTL objectives, this can be formulated as follows:

min
W

1
2

m

∑
i=1
‖Yi − Xiwi‖2

2. (1)

In multitask learning, regularization norms can be applied to the matrix W for feature
selection. The pioneering research on multitask feature selection employed the `2,1 norm
within W, promoting row sparsity to aid in identifying crucial features [23]. Further studies
have expanded on this approach by employing various types of norms, such as `∞,1, for
feature selection [5,24]. The `p,q norm can be utilized to address problems for multitask
feature selection problems, with the objective function formulated as follows:

min
W

1
2

m

∑
i=1
‖Yi − Xiwi‖2

2 + λ‖W‖p,q, (2)

where the parameter λ balances the importance of the loss function and the regularization
term, ‖W‖p,q ≡ ‖(‖w1‖p, ‖w2‖p, . . . , ‖wd‖p)‖q, and wi represents the ith row of W and
‖ · ‖p denotes the `p norm applied to a vector.

2.2. Laplacian Sparse Coding

Neuroscience research focused on the visual cortex has demonstrated that the brain
processes visual stimuli following the principles of sparse coding [25,26]. This approach
utilizes a limited set of basis vectors in a linear combination to maximally retain information
from the original high-dimensional data. Sparse coding effectively compresses data and
has been widely adopted in fields such as image reconstruction, image denoising, and face
recognition [27–30].

Given a set of signals S = [s1, s2, . . . , sn] ∈ Rd×n and codebook C = [c1, c2, . . . , ck] ∈
Rd×k, the purpose of sparse coding is to find a sparse representation R = [r1, r2, . . . , rn] ∈
Rk×n that minimizes the reconstruction error, expressed as ‖S − CR‖2

F. The simplest
approach to enhancing the sparsity of R involves incorporating the `0 norm. However,
the minimization problem becomes nonconvex due to the `0 norm, leading to NP-hard
computational challenges. Recent research address the sparse coding challenge by adding
the `1 norm to ensure the sparsity of R [31,32]. Thus, the problem can be formulated
as follows:

min ‖S− CR‖2
F + λ‖R‖1,1, (3)

where ‖ · ‖F is the Frobenius norm of a matrix, the parameter λ governs the trade-off
between sparsity and minimization error, and ‖R‖1,1 = ∑k

i=1 ∑n
j=1 |rij|.

Sparse coding independently encodes features, which may overlook similar features
in the signal, leading to a loss of local information in the encoded features. To preserve the
local relationships and information among features, introducing a graph structure can be
an effective solution. In such a graph structure, similarity matrix A captures the similarities
between vertices, where Aij represents the similarity between vertex i and vertex j. The
degree matrix D is a diagonal matrix whose diagonal entries Dii sum up all the similarities
connected to vertex i. The Laplacian matrix L is defined as L = D − A. To effectively
preserve the inherent structure and interrelationships within the data, the graph-based
Laplacian sparse coding can be formulated as follows:

min ‖S− CR‖2
F + λ‖R‖1,1 + γTr(RLRT), (4)

where Tr(·) denotes the trace of a matrix, and the parameter γ quantifies the strength of
locality preservation among the features to be encoded.

In ordinary graph structures, each edge connects two vertices. In contrast, edges in
a hypergraph can connect any number of vertices, allowing it to capture complex higher-
order relationships that cannot be represented by simple pairwise connections. This feature
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makes hypergraphs a powerful tool for modeling complex interactions and relationships.
Hypergraphs have been widely applied in fields such as machine learning, bioinformatics,
and social networks [16,33,34].

Let G(V, E) denote a hypergraph, where V represents the set of vertices and E denotes
the set of hyperedges. Each hyperedge e is considered a subset of V, and the weight of each
hyperedge e is a(e). A diagonal edge weight matrix A ∈ R|E|×|E| contains these weights,
with Aii = a(ei) for each hyperedge a(ei). The incident matrix H ∈ R|V|×|E| is defined
such that entry h(vi, ej) = 1 if vi ∈ ej, and h(vi, ej) = 0 otherwise. The vertex degree
matrix, Dv ∈ R|V|×|V|, has diagonal entries corresponding to the degrees of the vertices.
The degree of vertex vi is calculated as ∑ej∈E a(ej)h(vi, ej). Similarly, the hyperedge degree

matrix, De ∈ R|E|×|E|, contains diagonal entries that reflect the degrees of each hyperedge.
The degree of hyperedge ej is determined by ∑vi∈V h(vi, ej). The unnormalized hypergraph
Laplacian matrix [35,36] can be defined as Lh = Dv −HAD−1

e HT . The hypergraph-based
Laplacian sparse coding can be formulated as follows [17]:

min ‖S− CR‖2
F + λ‖R‖1,1 + γTr(RLhRT). (5)

3. Materials and Methods
3.1. Hypergraph

As previously defined, the hypergraph G(V, E) comprises a set of vertices V and a set
of hyperedges E, with the weights of each hyperedge represented in the diagonal matrix
A. The incidence matrix H indicates the relationship between vertices and hyperedges,
explicitly mapping which vertices are included in each hyperedge. Adopted from the
method in [35], the normalized hypergraph Laplacian matrix is defined as follows:

∆ = I−D−1/2
v HAD−1

e HTD−1/2
v , (6)

where Dv and De are diagonal matrices of vertex degrees and hyperedge degrees, respec-
tively; I is an identity matrix.

In this study, each vertex in the hypergraph represents a subject rather than a brain
region. A crucial step in hypergraph construction is to assemble hyperedges according
to the distance between vertices. The k-nearest neighbors (kNN) method can be applied
to select a fixed-size subset of adjacent vertices, specifically k vertices, as hyperedges for
each vertex [16,35]. We propose a threshold-based hypergraph construction method where
a vertex is connected to a set of neighbors if their distance from the vertex is below a
predefined threshold. Consequently, given N vertices in total, the corresponding incidence
matrix H ∈ RN×N has N hyperedges, each connecting a flexible-sized subset of vertices, in
contrast to the fixed size of k + 1 vertices in the kNN-based method.

3.2. Hypergraph-Based Multitask Feature Selection Method

The proposed hypergraph-based multitask feature selection (HMTFS) method em-
ploys temporally constrained group sparsity regularization to encourage the intrinsic time
correlation in fMRI and select a subset of shared features across multiple tasks. Addition-
ally, hypergraph regularization in HMTFS captures the high-order information among
subjects. After the preprocessing of the fMRI data, the BOLD signals are formatted into
two-dimensional matrices representing brain regions across time. Each task represents a
specific temporal segment, with brain regions serving as the feature dimensions. The m
frames contained within the BOLD signals are defined as m learning tasks. For each task i,
the training data Di = {Xi, Yi}m

i=1. The training data matrix Xi = [xi
1, xi

2, . . . , xi
N ]

T ∈ RN×d

consists of training samples from N subjects for task i, where xi
j ∈ Rd represents the signals

from d brain regions for subject j at time i. Yi ∈ RN represents the class labels, which



Mathematics 2024, 12, 1733 6 of 16

indicate whether subjects are in a resting state or engaged in specific task states. The
objective function of HMTFS can be formulated as follows:

min
W

1
2

m

∑
i=1

∥∥∥Yi − Xiwi
∥∥∥2

2
+ λ1‖W‖2,1 + λ2

m

∑
i=2

∥∥∥wi −wi−1
∥∥∥

2
+ λ3Ω, (7)

where wi ∈ Rd is the feature weight vector in the ith time period or equivalent task i,
W = [w1, w2, . . . , wm] ∈ Rd×m, and ‖W‖2,1 = ∑d

i=1‖wi‖2 denotes the `2,1 norm of W
with wi denoting the ith row of W. The hypergraph regularization term is defined as
Ω = ∑m

i=1 wiT
XiT

∆Xiwi. Equation (7) consists of four terms: the first term indicates the
averaged training loss across m tasks; the second term encourages the clustering of weights
in W across multiple time periods, resulting an implicit feature selection for all tasks; the
third term smoothes the difference between the weight vectors of successive time points;
and the fourth term regularizes the smoothness among different vertices in the hypergraph
based on hypergraph Laplacian ∆. Three hyperparameters λ1, λ2, and λ3 balance the
relative contribution of the corresponding regularization terms. The learnable parameter
is W, representing the importance of features corresponding to each brain region. The
problem (7) is a convex optimization problem with respect to W, ensuring the uniqueness
of the solution. This learning problem can be easily solved by Adam optimizer. Once the
problem (7) is solved, we can select the features by sorting the weight matrix W. To be
noted, feature selection with HMTFS is unattached to the downstream classification tasks.

3.3. Evaluation Datasets and Implementation Settings

In this study, we utilize fMRI data from 1075 subjects in the public large-scale Human
Connectome Project (HCP) S1200 dataset [37]. For HCP dataset, the resting-state fMRI
(rs-fMRI) and task fMRI are preprocessed using the standard HCP pipeline [38], followed
by brain parcellation into 360 regions using the MMP atlas [11]. To ensure robust validation,
we employ a 5-fold cross-validation strategy to evaluate the proposed HMTFS method.
For the training data, we first calculate the Euclidean distance between BOLD signals as
intersubject distances, then apply the threshold-based method to construct the hypergraph,
with each hyperedge weight set to 1. Figure 2f,g illustrate the classification accuracy under
identical conditions using two different hypergraph construction methods. The threshold-
based method has a clear peak at k = 45, whereas the kNN-based method plateaus. We test
the sensitivity of three hyperparameters for regularization (λ1, λ2, and λ3 in Equation (7))
on the classification performance, with λ1, λ2, and λ3 ∈ {102, 101, 100, 10−1, 10−2}. The
performance peaks at λ1 = 10, λ2 = 1, and λ3 = 10, as shown in Figure 2h. Thus,
parameters are set with a threshold k = 45, and λ1 = 10, λ2 = 10, λ3 = 1 in Equation (7).
The HMTFS model is trained using an Adam optimizer [39] with a fixed learning rate
of 0.001 and parameters β1 = 0.9, β2 = 0.999 for 50 epochs. To further investigate the
effectiveness of the selected brain regions, a support vector machine (SVM) classifier is
employed to differentiate between resting and task states using the BOLD signals of the
top 10 selected brain regions. The effectiveness of the selected features is quantified by
classification accuracy (ACC), sensitivity (SEN), specificity (SPE), and area under receiver
operating characteristic curve (AUC).
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Figure 2. Validation of the hypergraph-based multitask feature selection method. (a) Visualization
of brain regions weight obtained by group lasso method for motor tasks. (b) Visualization of
brain region weights obtained by HMTFS method for motor tasks. (c) ROC curves comparing the
classification effectiveness of HMTFS (shown in red) against other competing methods. (d) t-SNE
visualization of the original data for rest and motor states. (e) t-SNE visualization of rest and
motor states after feature selection. (f) Classification accuracy variation with k using the kNN-
based hypergraph construction method. (g) Classification accuracy variation with k using the
threshold-based hypergraph construction method. (h) Sensitivity test of three hyperparameters for
regularization where λ1, λ2, and λ3 ∈ {10−2, 10−1, 100, 101, 102}. The color of the dots indicates the
classification accuracy with different hyperparameters.

4. Results
4.1. Validation of the HMTFS Method

To validate the effectiveness of the HMTFS method in feature selection, we test its
ability to identify task-related brain regions using resting-state and motor task fMRI data
from the large-scale HCP dataset. We compare the HMTFS method with other multitask
feature selection methods, including multitask group lasso (i.e., group lasso), multilevel
lasso for MTL (i.e., multilevel lasso) [8], multitask exclusive lasso (i.e., exclusive lasso) [7],
multitask simultaneous lasso (i.e., simultaneous lasso) [6], and `1−2 norm multitask feature
selection method (i.e., `12-FS) [40]. Additionally, we evaluate the impact of our hypergraph
method against a traditional graph method, graph-based feature selection (Graph-FS),
which utilizes graph structures to preserve locality and similarity among subjects. Motor
task-related brain regions selected by group lasso and HMTFS methods are shown in
Figure 2a,b, suggesting that the brain regions selected by HMTFS are more clustered in
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the motor network. We utilize a linear SVM classifier to categorize the resting state versus
motor state based on the top 10 brain regions most relevant to motor tasks, as identified by
different feature selection methods. The ROC curves indicate that the HMTFS method can
select the most informative features compared to other competing methods, as shown in
Figure 2c. We visualize the fMRI data by t-SNE (Figure 2d,e), indicating that while whole-
brain fMRI signals do not effectively distinguish between motor and resting states, clear
differentiation is observed following feature selection using the HMTFS method. Table 1
presents a comparison of four metrics (accuracy, sensitivity, specificity, and AUC) between
the proposed HMTFS method and other feature selection methods. The HMTFS method
achieves a remarkable accuracy of 96.70%, clearly outperforming alternative methods in
classifying between resting state and motor state. This superior accuracy highlights the
effectiveness of the feature selection capabilities of the HMTFS method. We conduct an
ablation study to validate the effectiveness of the regularization components within the
HMTFS method, specifically the multitask smooth regularization and hypergraph regular-
ization, which correspond to the third and fourth terms in Equation (7), respectively. For
simplicity, we denote the hypergraph regularization term with the kNN-based method, the
threshold-based hypergraph construction method, and the multitask smooth regularization
term as K-H, T-H, and M, respectively. The results of the ablation study are shown in
Table 2, confirming the necessity of threshold-based hypergraph construction and multitask
smooth regularization.

Table 1. Classification performance (mean ± std) of different feature selection methods for distin-
guishing between resting state and motor state in the HCP dataset. The best results are displayed
with bold font.

Method Accuracy Sensitivity Specificity AUC

Group lasso 93.25 ± 1.28 98.07 ± 0.78 88.34 ± 3.14 96.22 ± 1.46
Multilevel lasso 92.97 ± 1.41 96.91 ± 0.76 88.90 ± 3.17 96.38 ± 0.80
Exclusive lasso 93.53 ± 1.45 98.05 ± 0.75 89.05 ± 2.92 96.68 ± 0.57
Simultaneous lasso 92.32 ± 2.13 96.83 ± 2.67 87.86 ± 3.01 96.80 ± 0.63
`12-FS 95.30 ± 1.36 97.92 ± 1.08 92.71 ± 2.36 98.03 ± 0.74
Graph-FS 95.76 ± 1.00 98.88 ± 0.64 92.66 ± 1.76 98.12 ± 0.52
HMTFS 96.70 ± 0.17 99.34 ± 0.37 94.03 ± 0.50 98.75 ± 0.59

Table 2. Ablation study of hypergraph and multitask modules in HMTFS.

Method Accuracy Sensitivity Specificity AUC

Baseline (group lasso) 93.25 ± 1.28 98.07 ± 0.78 88.34 ± 3.14 96.22 ± 1.46
Baseline + K-H 95.95 ± 0.52 99.07 ± 0.28 92.80 ± 1.11 98.11 ± 0.55
Baseline + T-H 96.46 ± 0.93 99.45 ± 0.34 93.56 ± 1.69 98.71 ± 0.30
Baseline + T-H + M 96.70 ± 0.17 99.34 ± 0.37 94.03 ± 0.50 98.75 ± 0.59

4.2. The Application of HMTFS Method for Cognitive Tasks

The cognitive tasks included in the HCP dataset are designed to target a broad range
of brain functions, such as working memory, language processing, emotion processing, and
social cognition. We applied the HMTFS method to select and visualize brain regions across
18 cognitive tasks in the HCP dataset. Figure 3a demonstrates that HMTFS effectively
identified task-related brain regions with the results of brain region weights. Figure 3b,c
further validate the effectiveness of HMTFS in selecting task-related brain regions by t-SNE
visualization. The t-SNE visualization reveals that the original data from various cognitive
tasks are intermingled, making it difficult to distinguish between them. However, the
data corresponding to different tasks are clearly separable after feature selection using the
HMTFS method.
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Figure 3. Results of the hypergraph-based multitask feature selection model applied to 18 cognitive
tasks. (a) Visualization of brain region weights for the 18 cognitive tasks. (b) t-SNE visualization of
the original data for the 18 cognitive tasks. (c) t-SNE visualization for the 18 cognitive tasks after
feature selection.

In the validation process, we identified brain regions associated with motor tasks
using the HMTFS method (Figure 2). To delve deeper into specific motor tasks within the
HCP dataset, we applied the HMTFS method to identify brain regions associated with
movements of the right hand, left hand, right foot, left foot, and tongue. The visualization
of brain region weights is shown in Figure 4. The results clearly demonstrate the lateral-
ization of brain function, with tasks involving the right side of the body activating the left
hemisphere of the motor cortex and vice versa. Furthermore, the movements from the feet
through the hands to the tongue correspond with the motor cortex’s topographical layout
from top to bottom. To further validate the effectiveness of selecting brain regions for
specific motor tasks, we employed the hemodynamic response function (HRF) to generate
BOLD signals corresponding to task stimuli, allowing us to compare the selected brain
regions with visual regions. Figure 5 displays the HRF (shown in black), which outlines
the designed structure of the specific motor tasks, with each task being performed twice
during the entire motor task test. The results demonstrate that the motor-related brain
regions selected by the HMTFS method (shown in red) achieve a better fit compared to
those related to visual regions (shown in blue). The brain region weight matrix obtained
from all cognitive tasks in the HCP dataset illustrates the overall mapping of brain re-
gions associated with cognitive tasks, as shown in Figure 6. The visualization of the top
50 brain regions for each task reveals distinct differences between motor tasks and other
cognitive tasks.



Mathematics 2024, 12, 1733 10 of 16

Figure 4. Visualization of brain region weights obtained by HMTFS method for motor tasks.
(a) Visualization of brain region weights for the right-hand motor task. (b) Visualization of brain
region weights for the left-hand motor task. (c) Visualization of brain region weights for the right-foot
motor task. (d) Visualization of brain region weights for the left-foot motor task. (e) Visualization
of brain region weights for the tongue motor task. (f) Visualization of motor-related brain regions
according to the MMP atlas.

In addition to selecting brain regions related to different cognitive tasks based on task
states, the HMTFS method also provides a significant advantage by not requiring prior
knowledge of the experimental task structure. HMTFS can predict task performance of
subjects that are not predefined. Within the HCP dataset, the language tasks are divided
into story and math tasks. In the story task, participants listen to a brief story followed by
responding to questions using a two-alternatives forced-choice format. Similarly, in the
math task, participants solve addition or subtraction problems and select their answers
from two provided options. We segmented the task trials into high and low difficulty
levels for training the HMTFS method. The brain regions related to task difficulty selected
by HMTFS are effective in predicting the level of task difficulty, as shown in Figure 7.
Furthermore, as the tasks progress, both the story and math tasks show an increasing
trend in predicted difficulty. This trend corresponds with the actual task design, where the
specific question-answering component is positioned towards the end of the task, and the
beginning of the task is not directly related to task difficulty.
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Figure 5. Hemodynamic response function (HRF) fitting results for motor tasks using brain regions
selected by HMTFS method compared to visual-related brain regions. (a) Right-hand motor task
HRF fitting results show that brain regions achieved an R2 = 0.6749, compared to R2 = 0.4270 for
visual regions. (b) Left-hand motor task HRF fitting results show that brain regions achieved an
R2 = 0.6554, compared to R2 = 0.4069 for visual regions. (c) Right-foot motor task HRF fitting
results show that brain regions achieved an R2 = 0.6197, compared to R2 = 0.3687 for visual
regions. (d) Left-foot motor task HRF fitting results show that brain regions achieved an R2 = 0.6133,
compared to R2 = 0.4104 for visual regions. (e) Tongue motor task HRF fitting results show that
brain regions achieved an R2 = 0.7356, compared to R2 = 0.5566 for visual regions.
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Figure 6. Cognitive task brain region mapping: Visualization of the top 50 brain regions for each task
based on their weights determined by the HMTFS method. Each row represents the top 50 brain
regions associated with a cognitive task, and colored cells indicate the brain regions involved in the
task. The brain regions are organized according to the following brain network sequence: visual net-
work (VIS), somatomotor network (SOM), dorsal attention network (DAN), ventral attention network
(VAN), limbic network (LIM), frontoparietal network (FPN), and default mode network (DMN).

Figure 7. Task difficulty prediction results for language task, including story and math tasks. (a) Task
difficulty prediction results for story task. The left panel illustrates the correlation between the task
difficulty predicted by the HMTFS method and the actual task difficulty, showing a correlation with
r = 0.251 and p < 0.001. The right panel shows the variations in predicted task difficulty at different
times during the story task. (b) Task difficulty prediction results for math task. The left panel displays
the correlation between the task difficulty predicted by the HMTFS method and the actual task
difficulty, showing a correlation with r = 0.278 and p < 0.001. The right panel shows the variations
in predicted task difficulty at different times during the math task.
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5. Discussion

In this study, we proposed a hypergraph-based multitask feature selection framework
with a threshold-based hypergraph construction method. By bridging the hypergraph
structure for mining high-order correlation between subjects and multitask learning for
preserving temporally constrained group sparsity, HMTFS allows us to select the most
informative subset of fMRI features [35,41]. As demonstrated in Figure 2a, brain regions
selected by HMTFS are more stable and clustered than by group lasso method. Additionally,
HMTFS outperforms other multitask feature selection models and traditional graph-based
methods in classifying resting state and motor state by effectively identifying task-related
brain regions. These results demonstrate that the hypergraph structure effectively models
the data, thereby further enhancing the performance of multitask feature selection. To
further analyze the effectiveness of each component within HMTFS, the ablation study
results presented in Table 2 highlight the importance of the multitask smooth regularization
and hypergraph regularization components for feature selection. Hypergraph construction
methods directly affect the quality of hypergraph learning [41–43]. As shown in Figure 2f,g,
the threshold-based method achieves better feature selection results than the kNN-based
method. Technically, kNN constructs a hypergraph by picking the nearest k neighbors; in
contrast, the threshold-based method does not fix the number of neighbors, which provides
flexibility to better capture higher-order correlations between subjects. In line with previous
studies [15,44], the hypergraph exhibits a sweet-spot threshold, and the selected features of
the hypergraph constructed at this sweet spot achieve the best classification performance.
These findings highlight the benefits of using a threshold-based method for hypergraph
construction and the importance of choosing an appropriate threshold, which both impact
the quality of data modeling. Consequently, additional research is necessary to develop
more effective hypergraph construction techniques for diverse datasets. Such advancements
will improve the generalizability and robustness of hypergraph-based models in capturing
the inherent complex relationships within the data.

The HMTFS method has the potential to be a valuable interpretive tool in neuroscience.
We utilized well-known motor tasks to assess the efficacy of the HMTFS method. During
motor tasks, participants responded to visual cues by tapping their fingers, squeezing
their toes, or moving their tongues [45]. HMTFS more effectively select motor-related
brain regions compared to other feature selection models, as show in Figures 2 and 4.
These regions include the premotor, primary motor, and primary somatosensory cortexes,
aligning well with the expected locations identified in prior neuroscience research [46,47].
The visualization of brain regions for motor tasks clearly illustrates the lateralization of
brain function [48]. Specifically, the left motor cortex controls movements on the right side
of the body and vice versa. Additionally, the motor cortex is organized into a continuous
somatotopic homunculus, which controls body movements from the feet to the face [47,49].
The brain regions selected by the HMTFS method for each motor task correspond well
with the somatotopic homunculus. The task-related brain regions identified by the HMTFS
method effectively reflect and characterize the structure of tasks, as shown in Figure 5.
The motor-related brain regions selected by HMTFS demonstrate an excellent fit to the
corresponding task structures, with R2 values consistently exceeding 0.6, surpassing those
of visual-related regions. The visual-related brain regions also achieve R2 values around
0.4, likely influenced by the visual stimuli presented during motor tasks. The visualization
of brain region weights and t-SNE validation demonstrate the effectiveness of the HMTFS
method in selecting task-related brain regions for various cognitive tasks in the HCP
dataset, as shown in Figure 3. For instance, the working memory task involves sustained
activity in the prefrontal cortex, which aligns with the brain regions selected by the HMTFS
method [50]. Similarly, both the story and math tasks involve auditory processing of sounds
and comprehension of speech, which is managed by the superior temporal gyrus [51,52].
The brain regions selected by the HMTFS method are consistent with this area. These
results indicate that HMTFS effectively localizes task-related brain regions, which not only
aids in understanding the functional mechanisms of the brain under various cognitive
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tasks but also demonstrates the potential of HMTFS to identify brain regions associated
with specific diseases.

Figure 6 demonstrates that different cognitive tasks engage distinct brain regions,
exhibiting a distributed pattern. During complex cognitive tasks, multiple brain regions are
activated simultaneously, rather than a single area working in isolation. This highlights the
distributed processing of brain, particularly evident in functions related to working memory
and semantic cognition [53,54]. Additionally, the mapping of cognitive tasks to brain
regions illustrates the overlap among different tasks, which reflects the similarity between
cognitive tasks. Tasks that perform similar functions often show overlapping activation
in brain regions [55,56]. To further explore the applicability of the HMTFS method in
neuroscience, we used the difficulty of language tasks as a test case. Figure 7 illustrates that
the brain regions related to task difficulty identified by the HMTFS method not only predict
the difficulty of the task but also reflect the progression of task difficulty over time. As
the language tasks progress, both the story and math tasks exhibit an increase in difficulty,
peaking during the question-answering phase at the end of the tasks. In summary, HMTFS
can serve as a valuable interpretative tool in neuroimaging, capable of selecting task-related
brain regions and applicable to more complex feature selections related to dynamic task
challenges. The limitations of the HMTFS method include the necessity of constructing
a hypergraph in advance, which introduces additional computational overhead as well.
This could pose challenges when dealing with large-scale datasets. Furthermore, different
settings in hypergraph construction affect its ability to model the data, thereby influencing
the performance of HMTFS. This study primarily explored the efficacy of HMTFS in fMRI
data. Future research should investigate its applicability in other neuroimaging modalities.
In addition to localizing task-related brain regions, it is also crucial to explore the potential
of HMTFS in identifying disease-related brain regions.

6. Conclusions

In conclusion, we proposed the HMTFS framework, which allows us to make full
use of temporal information as well as high-order correlations between data samples. We
verified that HMTFS can better capture task-related brain regions compared to other feature
selection methods. In future, HMTFS has great potential as a feature selection tool in
neuroscience to deepen our understanding of brain function.
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