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 A B S T R A C T

Magnetic Resonance Imaging (MRI) plays a key role in detecting physiological abnormalities. However, neu-
rological disorders like Attention deficit hyperactivity disorder (ADHD) often lack clearly defined lesion areas, 
challenging traditional supervised learning approaches. Furthermore, the direct end-to-end output mechanism 
of traditional neural networks makes obtaining interpretable 3D features difficult, limiting clinical attribution 
analysis. To address these issues, we propose a topological feature-based anomaly detection framework that 
achieves high classification accuracy while enabling spatial recovery. Our method constructs a 3D topological 
space via pixel-wise pathology assessment, employs topological data analysis (TDA) to amplify subtle structural 
anomalies, and projects these abstract features back to the original image space using consistent positional 
mapping. This not only improves anomaly localization but also enhances clinical interpretability. Experiments 
on the ADHD-200 dataset, including site-wise and demographic subgroup evaluations, demonstrate that the 
proposed framework achieves strong and stable performance across multiple settings. The model also identifies 
lesion regions that are predominantly distributed in the prefrontal–striatal–cerebellar circuitry and further 
reveals biologically meaningful age- and sex-related spatial differences. This study establishes a topology-driven 
deep learning framework for detecting subtle anomalies and recovering their spatial distribution from 3D MRI 
data, offering robust data-driven support for clinical analysis.
. Introduction

Attention deficit hyperactivity disorder (ADHD) is a prevalent neu-
odevelopmental disorder characterized by persistent patterns of inat-
ention, hyperactivity, and impulsivity [1]. It affects approximately 
%–7% of children and adolescents worldwide, and its symptoms often 
ersist into adulthood, leading to long-term impairments in academic 
erformance, social functioning, and quality of life [2]. Despite ex-
ensive interdisciplinary research, the pathophysiological mechanisms 
nderlying ADHD remain incompletely understood, particularly with 
espect to subtle abnormalities in neuroanatomical structures and brain 
ircuits [3]. In this context, ADHD-related brain alterations can be 
ormalized as an anomaly detection problem, where the brain repre-
entations of ADHD subjects deviate from those of healthy controls. 
his perspective provides a natural basis for automatic identification 
nd localization of ADHD-related lesion regions.

I This article is part of a Special issue entitled: ‘PR_Anomaly Detection, Reasoning, and Recovery’ published in Pattern Recognition.
∗ Corresponding authors.
E-mail addresses: charles-hu@sjtu.edu.cn (S. Hu), taowang2021@tju.edu.cn (T. Wang).

Such abnormalities are often subtle, spatially distributed, and het-
erogeneous, making reliable detection strongly dependent on high-
quality neuroimaging data. Magnetic Resonance Imaging (MRI) is 
widely used in neuropsychiatric research because of its non-invasive 
nature, high spatial resolution, and multimodal imaging capability [4]. 
MRI, therefore, provides an appropriate foundation for ADHD classi-
fication and lesion-region analysis [5]. However, conventional MRI-
based studies often rely on predefined regions of interest, manually 
designed structural or functional features, or strategies based on 2D 
slices. These approaches are constrained by prior assumptions and 
expert knowledge, which limits their ability to capture complex and 
heterogeneous brain alterations in a unified manner.

Deep learning has recently shown promising performance in MRI-
based ADHD classification by learning discriminative representations 
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directly from imaging data [6]. Nevertheless, two limitations remain. 
First, most existing models behave as black boxes, providing subject-
level predictions without explicitly identifying the lesion regions that 
drive the final decision [7]. This limits clinical interpretability and 
weakens confidence in model predictions [8]. Second, conventional 
neural networks mainly emphasize local spatiotemporal dependencies 
and are less effective at characterizing three-dimensional (3D) struc-
tural organization [9,10], such as whether abnormal responses form 
spatially coherent lesion regions. Such information is important for 
understanding the circuit-level abnormalities associated with ADHD.

These limitations motivate the introduction of Topological Data 
Analysis (TDA). TDA provides a principled way to characterize the 
global organization of high-dimensional data through connectedness 
and structural evolution across multiple scales [11]. Its representa-
tive technique, persistent homology (PH), captures the emergence and 
disappearance of topological features such as connected components 
during filtration, thereby yielding stable and interpretable descriptions 
of global data structure [12]. Owing to its robustness to noise and 
weak dependence on prior assumptions, TDA is particularly suitable for 
anomaly detection tasks that require characterization of the number, 
aggregation pattern, and spatial distribution of lesion regions [13]. In 
this paper, we utilize 3D features extracted via TDA to perform two 
downstream tasks: supervised classification and unsupervised detec-
tion, respectively.

Motivated by the need for both interpretability and 3D structural 
modeling, we propose an explainable MRI-based ADHD classification 
framework that integrates deep learning with topological data analysis. 
Specifically, a 3D MRI volume is first sliced along the sagittal, coronal, 
and axial directions, and a ResNet is used to classify the resulting 2D 
slices. The slice-level predictions from the three directions are then 
reorganized according to their original spatial coordinates to form a 
new 3D representation. On this basis, PH is applied to characterize the 
topological structure of abnormal responses through the Vietoris–Rips 
filtration and persistence barcode, and the resulting topological features 
are used for subject-level classification and lesion localization. Through 
this design, local slice-level predictions are transformed into a topologi-
cal space in which PH-based features, including the number of diseased 
slices and the aggregation pattern of lesion regions under filtration, can 
be explicitly analyzed for unified subject-level classification and lesion 
localization.

Extensive experiments are conducted on the ADHD-200 dataset 
from three perspectives: full-cohort classification, site-wise evaluation, 
and subgroup analysis by age and sex. The proposed method achieves 
the best reported accuracies on five benchmark settings, namely PKU, 
KKI, NI, NYU, and ADHD-5, while remaining competitive on the full 
multi-site ADHD-200 cohort. In addition, the detected lesion regions 
are mainly distributed in the prefrontal–striatal–cerebellar circuitry and 
reveal biologically meaningful age- and sex-related spatial differences. 
These results indicate that the proposed framework provides both ef-
fective classification performance and interpretable lesion localization 
for ADHD MRI analysis. The main contributions of this work are 
summarized as follows:

• We propose an interpretable framework that integrates TDA with 
deep learning for subject-level ADHD classification and lesion 
region localization in 3D MRI data without relying on manually 
defined priors.

• We construct a unified 3D sample representation from multi-view 
slice predictions, and use PH-based topological features together 
with a volume threshold to characterize lesion-region aggregation 
and support subject-level diagnosis.

• We validate the proposed method on ADHD-200 through full-
cohort, site-wise, and cross group experiments, and show that the 
identified lesion regions are consistent with known ADHD-related 
circuits and subgroup heterogeneity.
2 
The remainder of this paper is organized as follows. Section 2 
reviews related studies. Sections 3 and 4 introduce the preliminary 
concepts and the proposed methodology. Sections 5 and 6 present 
the experimental setup and results, respectively. Finally, Section 7 
concludes the paper.

2. Related work

2.1. Attention deficit hyperactivity disorder

Attention deficit hyperactivity disorder (ADHD) is one of the most 
common neurodevelopmental disorders in children and adolescents. 
Polanczyk et al. [14] reported that the worldwide prevalence of ADHD 
in children and adolescents is approximately 5.29%. Li et al. [15] 
conducted a large-scale survey of 73,992 participants aged 6–16 in 
China and reported a prevalence of approximately 6.4% among Chinese 
children and adolescents. ADHD can impair learning ability, social 
functioning, and emotional well-being, and these effects often per-
sist into adulthood. However, current diagnosis still mainly depends 
on clinical interviews, psychiatric manuals, and psychological testing, 
which are time-consuming and heavily reliant on expert judgment. 
Therefore, objective and efficient MRI-based diagnostic approaches are 
of considerable interest.

Deep learning has provided new tools for MRI-based ADHD anal-
ysis by enabling automatic feature extraction and classification from 
imaging data. Liu et al. [16] proposed an attention-based deep learn-
ing framework for resting-state functional Magnetic Resonance Imag-
ing (rs-fMRI) classification. Zhang et al. [17] proposed the SC-CNN-
Attention model to identify ADHD using multi-site rs-fMRI data. Arad-
hya et al. [18] developed a discriminative spatial filtering method to 
identify abnormal brain activity patterns and improve class separabil-
ity. Lohani et al. [19] conducted a multimodal ADHD diagnosis study 
by combining features derived from structural magnetic resonance 
imaging (sMRI) with personal characteristics, achieving strong classi-
fication performance. Although these methods have shown promising 
results, most of them either rely on multimodal information or behave 
as black-box predictors, making it difficult to directly interpret the 
spatial basis of classification decisions from MRI data alone.

2.2. Topological data analysis

Topological Data Analysis (TDA) provides a mathematical frame-
work for characterizing the global structure of data through topolog-
ical invariants. Zomorodian et al. [12] established the computational 
foundations of PH and its use in topological analysis. Edelsbrunner 
et al. [20] introduced topological persistence for describing feature 
evolution across filtrations. Carlsson et al. [21] further developed per-
sistence barcodes for topological characterization of high-dimensional 
data. These developments make HP particularly suitable for describing 
whether local responses remain isolated or form spatially aggregated 
structures.

TDA has been applied in a variety of fields, including biophar-
maceuticals, finance, and image analysis. Cang et al. [13] proposed 
TopologyNet to integrate topological priors into image segmentation. 
In medical applications, Bukkuri et al. [22] reviewed the use of TDA 
for identifying lesion regions in medical images. Pitsik et al. [23] 
constructed topological disease networks to explore disease mecha-
nisms and biomarkers. Zhang et al. [24] used persistence barcodes 
to characterize changes in functional-connectivity circuits in Parkin-
son’s disease. François et al. [25] incorporated homology and rep-
resentative cycles into brain MRI segmentation. However, applying 
TDA to MRI-based diagnosis of neurological disorders with subtle and 
heterogeneous abnormalities remains challenging.

Compared with the above studies, our work focuses on building an 
interpretable ADHD classification framework that integrates MRI-based 
deep learning with HP. Without relying on manually defined priors, 
the proposed method uses PH to characterize the aggregation pattern 
of lesion regions and to support both subject-level classification and 
lesion localization.
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3. Preliminary

This section introduces the theoretical foundations of TDA, includ-
ing basic definitions and notations. It also details the procedures for 
dataset preprocessing, as well as the construction of the discriminative 
space.

3.1. PH of simplicial complex

Let 𝑆 = {𝑠0,… , 𝑠𝑛} be the set of 𝑛 + 1 affinely independent points 
in the Euclidean space 𝑅𝑛+1, the 𝑛-simplex spanned by 𝑆 is defined as a 
convex hull {∑𝑛

𝑖=0 𝜆𝑖𝑠𝑖} that satisfies 
∑𝑛

𝑖=0 𝜆𝑖 = 1, 𝜆𝑖 ≥ 0. Specifically, a 
single point is a 0-simplex, a line segment is a 1-simplex, a solid triangle 
is a 2-simplex, and a solid tetrahedron is a 3-simplex. Let 𝐾 be a family 
of nonempty finite subsets of a point set, if 𝐾 satisfies: 𝜏 ∈ 𝐾 and 𝜎 ⊆ 𝜏, 
implies 𝜎 ∈ 𝐾, then we say 𝐾 is an abstract simplicial complex [26].

For a real positive number 𝑑, the Vietoris–Rips complex is an 
abstract simplicial complex defined by 

𝑅(𝑆, 𝑑) =
{

𝜎 ⊆ 𝑆 |

|

|

diameter(𝜎) ≤ 𝑑
}

, (1)

and is referred to as the Rips complex [11]. Here, 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 𝜎 denotes 
the maximum distance between two vertices in a simplex. Each vertex 
of a simplex in the Rips complex is a point, and the distance between 
any two vertices in the simplex does not exceed 𝑑. Given a finite 
point set 𝑆, we denote 𝑑1,… , 𝑑𝑚 as a set of increasing non-negative 
real numbers, then a series of complex {𝑅(𝑆, 𝑑1),… , 𝑅(𝑆, 𝑑𝑚)} can be 
constructed from 𝑆, it is called a filtration complex [11] if it satisfies 
𝑅
(

𝑆, 𝑑1
)

⊆ ⋯ ⊆ 𝑅
(

𝑆, 𝑑𝑚
)

.
Given an inclusion map 𝑓 𝑖,𝑗 ∶ 𝑅(𝑆, 𝑑𝑖) → 𝑅(𝑆, 𝑑𝑗 )(𝑗 > 𝑖), it 

can induce a group homomorphism between homology groups 𝑓 𝑖,𝑗
𝑝 ∶

𝐻𝑝(𝑅(𝑆, 𝑑𝑖)) → 𝐻𝑝(𝑅(𝑆, 𝑑𝑗 )). The image of the map 𝑓 𝑖,𝑗
𝑝  is called 𝑝th PH 

group, denoted as 𝐻 𝑖,𝑗
𝑝 . The 𝑝th Betti number 𝛽𝑖,𝑗𝑝  is the dimension of 

group 𝐻 𝑖,𝑗
𝑝 , in other words, the rank of group 𝐻 𝑖,𝑗

𝑝 . Let 𝛾 be a homology 
class of 𝐻𝑝(𝑅(𝑆, 𝑑𝑖)), we call 𝛾 is born in 𝑅(𝑆, 𝑑𝑖) if 𝛾 ∉ 𝐻 𝑖−1,𝑖

𝑝 ; If 𝛾 is born 
in 𝑅(𝑆, 𝑑𝑖), we call it dies entering 𝑅(𝑆, 𝑑𝑗 ) if 𝑓 𝑖,𝑗−1

𝑝 (𝛾) ∉ 𝐻 𝑖−1,𝑗−1
𝑝  and 

𝑓 𝑖,𝑗
𝑝 (𝛾) ∈ 𝐻 𝑖−1,𝑗

𝑝 . If class 𝛾 is born in 𝑅(𝑆, 𝑑𝑖) and dies entering 𝑅(𝑆, 𝑑𝑗 ), 
then 𝛾 is said to have a persistence of 𝑑𝑗−𝑑𝑖. PH can be visually described 
by persistence barcode (PB), where the horizontal axis indicates the 
filtration parameter, the vertical axis signifies the Betti number of the 
complex at a given parameter, and the left and right ends of each bar 
correspond to the birthtime and deathtime of each homology class, 
respectively. For a dataset, the number of 𝑛-dimensional persistence 
bars at a fixed filtration parameter 𝑑 is equal to the 𝑛th 𝐵𝑒𝑡𝑡𝑖 number 
of the simplicial complex generated by the dataset at parameter 𝑑.

Fig.  1(a)–(e) depict the process of generating 𝑅𝑖𝑝𝑠 complex based on 
a 2D dataset containing 7 points at filtration parameter 𝑑 = 0, 2, 4, 6, 8, 
respectively. Intuitively, 𝑑 also denotes the diameter of the 2D closed 
yellow circles. Fig.  1(f) illustrates the persistence barcode generated 
from these 2D points, with red and blue bars representing 0D and 
1D homology, respectively. Seven cyan bars represent 7 0D homology 
classes and one red bar represents a 1D homology class. As the filtration 
parameter 𝑑 increases, the number of 0D bars gradually decreases and 
finally only one remains; When 𝑑 = 6, a 1D bar starts to emerge, which 
means a ‘‘loop’’ in the complex is generated by the point set under the 
filtration parameter. However, as 𝑑 further increases, the ‘‘loop’’ soon 
disappears.

3.2. Data splitting and local discrimination

For a 3D MRI dataset with sample size 𝑁 , we denote it as
{(𝑋, 𝑦)𝑖}𝑁𝑖=1, where 𝑋 ∈ 𝑅𝑚×𝑛×𝑡 is the feature, 𝑚, 𝑛, 𝑡 ∈ + represents 
the number of slices along sagittal, coronal, and transverse plane in 𝑋
respectively, and 𝑦 ∈ {0, 1} is the corresponding label. For convenience, 
let 𝑋𝑗

𝑘 denote the 𝑗th position after the cuts along the 𝑘th cutting 
section(𝑗 ∈ +, 𝑘 = 1, 2, 3). Besides, let 𝑦𝑗  be the label of 𝑋𝑗 ; it accords 
𝑘 𝑘

3 
with the label of the 𝑋, i.e., all slices from the same MRI volume 
share the same label, which corresponds to a weakly supervised setting. 
According to the above slicing, we carry out the same process for all the 
samples in the MRI dataset. Thus, we obtain subdatasets {(𝑋𝑗

𝑘, 𝑦
𝑗
𝑘)𝑖}

𝑁
𝑖=1

for each position with size 𝑁 , which consist of the slices from the same 
position. Each slice in the above datasets corresponds to a 2D image, 
for instance, 𝑋𝑗

1 ∈ 𝑅𝑛×𝑡.
Based on the above 2D grayscale image datasets, we train the 

ResNet for classification, and the output is notated as 𝑦̂𝑗𝑘 ∈ {0, 1}. 
We join together all the classification results on the 𝑘th cutting sec-
tion in order of position, denoted by the discriminant vector 𝑦̂𝑘 =
(𝑦̂1𝑘, 𝑦̂

2
𝑘,… , 𝑦̂𝑗𝑘𝑘 ), where 𝑗1 = 𝑚, 𝑗2 = 𝑛, and 𝑗3 = 𝑡. Thus, we combine three 

discriminant vectors and represent them in a 3D Cartesian coordinate 
system, referring to the resulting structure as the discriminant tensor 
𝑌 ∈ 𝑅𝑚×𝑛×𝑡 of 𝑋. And the pixel value at any spatial position and 
direction within the original feature 𝑋 can be encoded as a binary value 
{0, 1} that contains decision information.

3.3. Discriminant space

Next, we analyze the ADHD data for PH characteristics. We define 
the 1D discriminant space 1P𝑘 ⊆ 𝑅 to be the set of all 1D points 
𝑗 satisfying 𝑦̂𝑗𝑘 = 1 at the 𝑘th cutting section in an MRI sample. 
Additionally, we introduce 𝐿𝑗 (𝑑) to represent the line segment centered 
at site 𝑗 ∈1 P𝑘 with length equal to 𝑑(𝑑 ≥ 0). Then, the union of these 
line segments is denoted as 

𝑈1P𝑘 (𝑑) =
⋃

𝑗∈1P𝑘

𝐿𝑗 (𝑑). (2)

In fact, 𝑈1P𝑘 (𝑑) is a topological space under the Euclidean topology, and 
we can divide it into several connected components {𝑈1,… , 𝑈𝑚}, 𝑚 ∈
+. Considering practical scenarios, when 𝑑 < 1, the number of 
connected components in 𝑈1P𝑘 (𝑑) is the number of points in 1P𝑘, which 
can represent the number of slices judged to be diseased in the 𝑘th 
cutting section of a sample. Based on the above, we define the 3D 
discriminant space as the product space 
3P =1 P1 ×1 P2 ×1 P3. (3)

As we can see, the 3D discriminant space 3P is a set of 3D points 
satisfying (𝑦̂𝑗1, 𝑦̂

𝑗
2, 𝑦̂

𝑗
3) = (1, 1, 1), which denotes the component values of 

the 𝑗th position in three directions are all 1. In practical applications, 
each point in 3P describes an intersection position of three diseased 
slices of different cutting sections in the MRI data. In other words, this 
location is identified as diseased in all three directions. Subsequently, 
we compute the topological persistence of discrete points in the dis-
criminant space 3P by constructing the 𝑅𝑖𝑝𝑠 complex and obtaining 
persistence barcodes of these points.

4. Methodology

This model comprises two main components: (1) local discrim-
ination achieved through 3D slicing and the generation of a new 
topological space, and (2) the application of TDA within this space, 
enabling localization and classification based on extracted topological 
features, as illustrated in Fig.  2. In the first part, we slice the 3D 
MRI images into 2D images along the sagittal, coronal, and transverse 
planes. Then, we classify them using ResNet [27] to construct a stable 
and unambiguous discriminant, which preserves the original spatial 
information and facilitates the extraction of topological features in 
subsequent analyses. Following that, PH is leveraged to analyze and 
obtain interpretable topological features that can differentiate between 
normal and diseased samples. Finally, we introduce an algorithm based 
on topological features for classification tasks and use it to detect 
lesions. In the following subsection, we will describe each part in detail.
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Fig. 1. (a)–(e) show the 𝑅𝑖𝑝𝑠 complex generated by a 2D dataset containing 7 points at filtration parameter 𝑑 = 0, 2, 4, 6, 8 respectively; the complex at 𝑑 = 8 has 
become a full complex, by continuing to increase the filtration parameter, the homology of the generated complex is no longer changing. (f) shows the persistence 
barcode generated by these 7 points, with red and cyan bars representing 0D and 1D homology, respectively.  (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.)
Fig. 2. The overall pipeline of the model, including two steps. For an input 3D MRI data, firstly it is sliced and locally discriminated by the ResNet to form 
a new data space 3P, 𝑈3P(𝑑) represent the union of closed spheres with radius 𝑑∕2 centered on all points in 3P𝑘. Then TDA is employed to capture topological 
characteristics within 𝑈3P(𝑑), finally the algorithm based on topological features outputs classification results and is capable of recognizing lesions.
4.1. Topological data analysis

In the previous section, we transform 2D gray images of 𝑋 into 
binary signals with discriminative information for local determina-
tion. This section will look for topological features to identify positive 
and negative samples in discriminant spaces utilizing topological data 
analysis (TDA), where PH is mainly used. PH studies the change of 
topological features in the filtration process by building complexes with 
different parameters of discrete datasets. It can be depicted by the 
persistence barcode [28], from which we can obtain the duration of 
topological features as parameters continuously change. Subsequently, 
these identified features are employed for subsequent downstream 
tasks.

4.1.1. Topological features
We have identified two topological features based on PH: the num-

ber of diseased slices and the distance between diseased slices in MRI 
data. In light of this, we describe the difference between the two fea-
tures using the persistence barcode of a diseased sample and a normal 
sample in Fig.  3. It shows the 0D PH features of diseased and normal 
samples in the sagittal 1D discriminant space and 3D discriminant 
4 
space, respectively, where red and orange horizontal bars describe the 
0D PH of the diseased and normal samples, respectively.

In the picture, the diseased sample generates significantly more bars 
than the normal sample. Specifically, in Fig.  3(a), when 𝑑 = 0, the 
number of red and orange bars is 13 and 3, respectively, indicating 
that 13 and 3 slices in the sagittal section of the diseased and nor-
mal samples are identified to be diseased respectively; When 𝑑 = 1, 
although the three red bars disappear, orange bars continue to exist, 
and the difference of number between the two remains significant. This 
phenomenon becomes even more pronounced in 3D space. In Fig.  3(b), 
at 𝑑 = 0, the top red bar has a y-coordinate of 4576, while the top 
orange bar’s y-coordinate is 45. Due to the limitation of space, we 
collapse part of the information on the 𝑦-axis. When transitioning to 
𝑑 = 1, although 2886 red bars vanish, a notable disparity persists in the 
number of remaining bars between the normal and diseased samples, 
specifically 1690 versus 45.

Besides, when 𝑑 changes continuously, there is a significant change 
in 0D homology classes of diseased samples, whereas that of normal 
samples remains insensitive to the change. This indicates that it is 
easier to form blocks of close points in the discriminant space in the 
diseased sample while the normal sample exhibits discrete points. More 
specifically, the disappearance of the three red bars in Fig.  3(a) as 𝑑
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Fig. 3. (a) shows topological distinctions between a normal sample and a diseased sample in the sagittal (space 1P1) . (b) depicts the overall topological differences 
in the 3D discriminant space 3P between them. The horizontal coordinate represents the filtration parameter 𝑑 and the vertical coordinate represents the number 
of 0D bars generated in the filtration process.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.)
goes from 0 to 1 implies that there are slices that are judged to be 
diseased at all neighboring locations and that these slices can form 
the area considered to be diseased. In contrast, the first orange bar 
disappears until 𝑑 = 21, which indicates that the minimum distance 
between diseased slices in the sample is 21, which prevents them from 
forming connected regions. Fig.  3(b) shows the same phenomenon 
in 3D space. Let 𝑑𝑚𝑖𝑛 represent the smallest distance between the 
intersection locations of diseased slices that are judged as diseased in all 
three directions within the sample. Although 𝑑𝑚𝑖𝑛 in the normal sample 
decreases to 5, 2886 red bars in the diseased sample disappear when 
𝑑 = 1, implying that larger connected regions appear in the diseased 
sample.

In summary, the above two topological features describe the pos-
sibility of a sample being diseased and the existence of connected 
diseased regions, respectively, and they can basically distinguish dis-
eased samples from normal ones. We further consider the size of a 
connected region to achieve a more precise distinction. For example, 
when 𝑑 = 1, the homology classes represented by ‘‘11’’ and ‘‘111’’ 
(where a ‘‘1’’ indicates a position identified as diseased) are equivalent. 
However, the connected regions that they form exhibit differences in 
size. Therefore, we introduce 𝐶 as an additional feature to represent 
the number of adjacent slices identified as diseased. If the distance 
between two points in the discriminant space is equal to 1, we call the 
two points adjacent. Based on this, we set a classification criterion in a 
single direction to show the role of 𝐶: for the 𝑘th section of a sample, 
if the length 𝐿(𝑈𝑚) of the connected component 𝑈𝑚 in the topological 
space 𝑈1P𝑘 (𝑑) satisfies 𝐿(𝑈𝑚) ≥ 𝐶, the sample is classified as diseased; 
otherwise, it is classified as normal.

4.2. Classification algorithm based on topological features

To construct algorithms based on the above topological features to 
complete the final classification, we further focus on the change in 
the generated 3D topological space as parameter 𝑑 changes from 0 
to 1. This is because we have experimentally verified that 𝑑 = 1 is 
the optimal parameter for a single direction (see Table  5). Let 𝑈3P(𝑑)
represent the union of closed spheres with radius 𝑑

2  centered on all 
points in 3P, i.e., 𝑈3P(𝑑) =

⋃

𝑥∈3P 𝐵(𝑥,
𝑑
2 ), where 𝐵(𝑥,

𝑑
2 ) = {𝑥′ ∈3

P | distance(𝑥′, 𝑥) ≤ 𝑑}.
When 0 ≤ 𝑑 < 1, the topological space formed by all points 

consists of a union of isolated solid spheres; When 𝑑 = 1, spheres 
clinging closely with each other in 3P lie in a common connected 
component topologically. In other words, all adjacent points are con-
tained in this connected region. This corresponds to whether there is 
5 
an observable blocky lesion in the sample, which is also the key point 
for our determination of whether the sample is normal. Therefore, this 
setting captures local spatial continuity while avoiding the connection 
of distant and potentially unrelated positive responses. This provides a 
natural criterion for identifying contiguous lesion-region candidates in 
the reconstructed 3D space.

As shown in Fig.  3(b), space 𝑈3P(1) may contain multiple connected 
components 𝑈𝑚, 𝑚 ∈ +. We target the connected components with 
the largest size and set the threshold 𝑉0 = 𝜋

∏3
𝑘=1 𝐶𝑘
6 , where 𝑘 =

1, 2, 3, and 𝐶𝑘 is the threshold in the 𝑘th direction(as the 𝐶 we set 
before). We use this to set the criterion for determining: if there exists 
connected component 𝑈𝑚 in the topological space 𝑈3P(1) satisfying 
𝑉 (𝑈𝑚) ≥ 𝑉0, the sample is classified as diseased; otherwise, it is classi-
fied as normal. Thus, 𝑉0 represents the minimum spatial extent required 
for a connected component to be regarded as a lesion region. This 
threshold prevents small isolated clusters from directly determining the 
subject-level diagnosis. Finally, we provide the classification algorithm 
1.

Algorithm 1 Classification algorithm based on topological features
Input: 𝑈3P(𝑑) generated by discriminant tensor 𝑌 ;
Output: Sample classification result 𝑦̂;
1: Initialize: 𝑑 = 1, 𝐶𝑘 = 2(𝑘 = 1, 2, 3)
2: for 𝑈𝑚 ∈ 𝑈3P(1), 𝑚 = 1, 2,…  do
3:  if 𝑉 (𝑈𝑚) ≥

𝜋
∏3

𝑘=1 𝐶𝑘
6  then

4:  𝑦̂ = 1
5:  break
6:  else
7:  𝑦̂ = 0
8:  end if
9: end for
10: return 𝑦̂

In the algorithm, 𝑈𝑚 represents the 𝑚th connected component of 
𝑈3P(𝑑), and 𝑉 (𝑈𝑚) denotes the volume of the geometric realization of 
𝑈𝑚 in the 3D Euclidean space R3. In fact, algorithm 1 classifies the 
samples by determining whether there are lesion regions of larger size 
in the space, where the judgment is based on volume threshold 𝑉0. In 
addition, we consider 𝐶𝑘 as the hyperparameter to control the size of 
the threshold 𝑉 , i.e., the size of the lesion region, by tuning 𝐶 .
0 𝑘
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Table 1
Summary of the ADHD-200 dataset used in this study, including the overall 
cohort, site-wise subsets, and demographic subgroup partitions. The ADHD-5 
dataset consists of the PKU, KKI, NI, NYU, and OHSU sub-datasets.
 Category Subset ADHD TD Total 
 

Site

PKU 101 143 244  
 KKI 25 69 94  
 NI 36 37 73  
 NYU 151 108 259  
 OHSU 42 69 111  
 UPit 4 94 98  
 WashU 0 59 59  
 Age Child 215 329 544  
 Adolescent 144 250 394  
 Gender Female 77 277 354  
 Male 281 302 583  
 Overall ADHD-200 359 579 938  

5. Experiment

5.1. Datasets

We evaluate the proposed framework on the ADHD-200 dataset 
from three perspectives: full-cohort classification, site-wise evaluation 
on PKU, KKI, NI, NYU, and ADHD-5, and subgroup analysis by age and 
gender. The ADHD-200 dataset consists of sub-datasets from eight dif-
ferent research institutions, including 579 controls (TD, typically devel-
oping) and 359 ADHD patients, which are delineated and available at 
http://fcon_1000.projects.nitrc.org/indi/adhd200/, together with phe-
notypic annotations such as diagnosis, age, and gender [29]. The 
ADHD-5 dataset consists of the PKU, KKI, NI, NYU, and OHSU sub-
datasets. The task is a binary classification of healthy controls and 
ADHD patients, and the size of each MRI sample is 121 × 145 × 121. 
The detailed data distribution is summarized in Table  1.

To further investigate demographic heterogeneity, we addition-
ally conduct subgroup analyses with respect to gender and age. After 
excluding one subject with missing gender annotation, the gender-
stratified experiments are conducted on 937 subjects, including 354 
females (77 ADHD and 277 TD) and 583 males (281 ADHD and 302 
TD). For age-stratified experiments, we follow the clinical relevance 
of early-onset ADHD and define a Child group covering ages 6–12 
years [30] and merge all subjects older than 12 years into a single older 
group, denoted as Adolescent in the following experiments. This results 
in 544 Child subjects (215 ADHD and 329 TD) and 394 Adolescent 
subjects (144 ADHD and 250 TD), as also summarized in Table  1.

5.2. Implementation details

For 2D slice classification, we use an ImageNet-pretrained ResNet34 
as the backbone to train on the 2D image dataset {(𝑋𝑗

𝑘, 𝑦
𝑗
𝑘)𝑖}

𝑁
𝑖=1. Before 

slice-level training, uninformative boundary regions are removed to 
reduce background interference. Each 2D slice is center-cropped to 
120 × 120, and intensity normalization is applied to reduce inter-
subject intensity variation. These preprocessing steps ensure that the 
input slices have consistent spatial dimensions and comparable in-
tensity distributions before being fed into the ResNet classifier. As 
summarized in Table  2, the model is trained using the Adam optimizer 
and cross-entropy loss, with a learning rate of 4 × 10−3 and a weight 
decay of 1×10−8. Early stopping with a patience of 20 epochs is adopted 
to alleviate overfitting.

For 3D sample-level classification, we optimize the topological pa-
rameters 𝐶𝑘 together with the filtration parameter 𝑑 to determine the 
volume threshold 𝑉0 for lesion-region detection. In all experiments, the 
best performance is achieved with 𝑑 = 1, while the optimal choices of 
𝐶  are reported in Section 6.3. Lesion regions identified by the model 
𝑘
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Table 2
Summary of hyperparameters.
 Parameter Value Parameter Value 
 Loss function Cross Entropy Early Stop Steps 20  
 Optimizer Adam Weight Decay 1e−8  
 Learning rate 4e−3 Dropout 0.1  
 Batch size 64 Epochs 50  

are visualized using BrainNet Viewer [31]. Accuracy, sensitivity, and 
specificity are used as the evaluation metrics. The entire framework is 
assessed under a stratified five-fold cross-validation scheme, with final 
performance reported as the average across the five folds.

All experiments were implemented on a single NVIDIA RTX 4090 
GPU (40 GB). For the full ADHD-200 cohort, the training stage required 
approximately 5–15 GPU-hours in total, with a peak device memory 
of 4–8 GB; this offline cost is amortized over the cohort. In the test 
stage, end-to-end processing of one subject required approximately 
0.3–1.2 s per subject, of which ResNet34 forward passes accounted for 
approximately 0.2–0.8 s and Algorithm 1 for less than 0.1 s, with peak 
memory below 2 GB. Scoring the full cohort of 938 subjects required 
approximately 5–20 min on GPU; per-fold storage of discriminant 
outputs was under 1 MB.1

6. Results

In this section, we report the experimental results from three per-
spectives: comparison with existing methods, the effect of topological 
parameters, and explainability analysis of lesion-region localization.

6.1. Comparison with different methods

Table  3 compares the proposed method with representative previous 
studies on the ADHD-200 dataset and its commonly used subsets. 
Accuracy is adopted as the primary metric for comparison, and dashes 
indicate that the corresponding result was not reported. It should be 
noted that existing methods may differ in preprocessing strategies, 
input modalities, data splits, and validation protocols. Therefore, the 
results in Table  3 are intended to demonstrate the competitiveness of 
the proposed framework rather than to claim absolute superiority under 
identical experimental conditions.

Overall, the proposed framework shows strong competitiveness 
across different evaluation settings, particularly on the independent 
site-specific subsets, namely PKU, KKI, NI, NYU, and ADHD-5. Al-
though it does not surpass the best previously reported result on the 
full ADHD-200 benchmark, it remains competitive under substantially 
stronger inter-site heterogeneity. Compared with single-site subsets, 
the complete ADHD-200 cohort involves broader variations in acquisi-
tion protocols, scanner characteristics, demographic composition, and 
clinical distributions, making classification considerably more challeng-
ing. Therefore, the site-wise experiments are important for evaluating 
whether the proposed framework can maintain stable performance 
under different data distributions, which will be reported in Section 6.3.

Another notable advantage is that most previous studies reported 
results on only a limited number of subsets, whereas the proposed 
framework provides a unified evaluation across all six settings in Table 
3. This suggests better adaptability to datasets with different sample 
sizes and distribution characteristics. In particular, the strong perfor-
mance on relatively small subsets indicates favorable data efficiency, 
which is important for neuroimaging studies where large-scale labeled 
MRI data are difficult to obtain.

1 Interested readers can contact the authors for access to the code, and we 
will be happy to provide the necessary resources.

http://fcon_1000.projects.nitrc.org/indi/adhd200/
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Table 3
Classification accuracy (%) of different methods on the ADHD-200 dataset and its five sub-datasets. Our work is 
compared with previous state-of-the-art methods using the same datasets. The dash ‘–’ in the table indicates that 
the corresponding result was not reported. Bold indicates the best performance for each dataset.
 Research Method PKU KKI NI NYU ADHD-5 ADHD-200 
 Farzi et al. [32] DBN – – 69.83 63.68 – –  
 Zou et al. [33] 3DCNN 62.95 72.82 – 70.50 – 69.15  
 Riaz et al. [34] DeepFMRI 62.70 – 67.90 73.10 – –  
 Zhang et al. [17] SC-CNN 65.20 77.70 75.30 60.40 68.60 –  
 Aradhya et al. [18] DSFM – – – – – 73.83  
 Khan et al. [35] KD-FS 60.00 72.00 70.00 73.00 – –  
 Wang et al. [36] Slice-RF – 81.82 – 70.73 – 75.46  
 Liu et al. [16] ConvGRU – – – – 72.44 –  
 Li et al. [37] BNPTT – – – – – 71.14  
 Ours ResNet-TDA 66.67 83.33 76.18 75.61 74.07 74.53  
Table 4
Performance comparison between majority voting baselines and the proposed 
ResNet-TDA.
 ResNet-TDA (Ours) MVC, 𝑋 = 0 𝑋 = 10 𝑋 = 15 𝑋 = 20 𝑋 = 25 
 74.53 37.97 54.01 65.24 71.66 71.66  

These results also highlight the contribution of the PH-based
subject-level decision stage beyond slice-level classification. By reorga-
nizing multi-directional slice predictions into a new sample space and 
analyzing their topological evolution under the Vietoris–Rips filtration, 
the proposed method suppresses isolated noisy slice responses and 
improves the reliability of subject-level diagnosis. This property is par-
ticularly beneficial for relatively small or homogeneous subsets, while 
still maintaining competitive performance on the more challenging 
multi-site ADHD-200 benchmark.

6.2. Ablation study for the TDA decision module

To thoroughly evaluate the necessity and effectiveness of the pro-
posed TDA module, we conduct an ablation study comparing it with 
a majority voting classifier (MVC). The MVC baseline aggregates slice-
level predictions from the three orthogonal planes and determines the 
subject-level diagnosis based on the proportion of positively predicted 
slices, defined as 

𝑦̂ =

{

1 (ADHD), if 𝑟 ≥ 𝑋%
0 (Control), otherwise,

(4)

where 𝑟 =
∑121

𝑗=1 𝑦
𝑗
1+

∑145
𝑗=1 𝑦

𝑗
2+

∑121
𝑗=1 𝑦

𝑗
3

121+145+121  denotes the proportion of positively 
classified slices after aggregating predictions from the three planes. A 
subject is classified as ADHD if the proportion 𝑟 exceeds the predefined 
threshold 𝑋%.

Table  4 summarizes the classification performance of the proposed 
ResNet-TDA framework and the MVC baselines under different thresh-
old settings. As shown in Table  4, the MVC achieves its best perfor-
mance at 𝑋 = 20%, reaching an accuracy of 71.66%. Nevertheless, the 
proposed ResNet-TDA consistently outperforms all MVC configurations, 
achieving a superior accuracy of 74.53%.

The performance gain primarily arises from the fundamental dif-
ference in the decision mechanisms of the two approaches. The MVC 
baseline relies solely on the scalar ratio 𝑟 of positively predicted slices, 
resulting in a one-dimensional threshold-based decision rule. Conse-
quently, it is sensitive to spurious consistency, where isolated false-
positive slices may accumulate numerically despite lacking meaningful 
spatial continuity. In contrast, the proposed TDA module explicitly 
models the three-dimensional adjacency relationships within the deci-
sion tensor by capturing spatially connected topological components. 
This enables ResNet-TDA to suppress scattered, non-cohesive false pos-
itives while preserving physically contiguous abnormal regions. There-
fore, replacing a simple slice-ratio criterion with a topology-aware clus-
ter evaluation substantially improves robustness and interpretability at 
the subject level.
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Table 5
Classification accuracy (%) of different 𝐶 under different filtration parameters 
along the sagittal direction.
 C = 1 C = 2 C = 3 C = 4 C = 5 
 d = 1 45.03 52.63 65.50 71.35 70.76  
 d = 2 45.03 49.71 54.97 64.91 70.18  
 d = 4 45.03 60.23 60.23 60.23 60.23  

6.3. Effect of topological parameters

This subsection analyzes the influence of the topological parameters 
on classification performance, with particular emphasis on the thresh-
old parameter 𝐶 (or 𝐶𝑘 in 3D) and the filtration parameter 𝑑. We first 
consider a simplified 1D setting along the sagittal direction to illustrate 
how different combinations of 𝐶 and 𝑑 affect the PH-based decision 
process. We then extend the analysis to the topological space con-
structed from the new sample space and report the optimal parameter 
configurations for both site-wise and subgroup-level evaluations.

Table  5 reports the average classification accuracy under five-fold 
cross-validation for different values of 𝐶 and 𝑑 along the sagittal 
direction. At one extreme, when 𝐶 = 1, a sample is predicted as 
diseased once at least one slice is predicted as positive. In this case, 
all samples are assigned to the positive class, and the accuracy remains 
45.03% regardless of 𝑑. When 𝑑 = 1, increasing 𝐶 imposes a stricter 
continuity requirement on positive slices. The best performance is 
obtained at 𝐶 = 4, corresponding to the condition 𝐿(𝑈𝑚) ≥ 4, where 
the connected component must span at least four consecutive positive 
slices. In contrast, when 𝑑 = 4, the spatial constraint becomes more 
relaxed and the accuracy stabilizes at 60.23%. These results indicate 
that the choice of 𝐶 and 𝑑 directly controls the trade-off between 
sensitivity to local lesion clusters and robustness against isolated false 
positives.

We next tune the parameters 𝐶𝑘 in the topological space derived 
from the new sample space. Table  6 summarizes the optimal configura-
tions of 𝐶1, 𝐶2, and 𝐶3 for each dataset, together with the corresponding 
mean classification results. Different datasets favor different topological 
thresholds: relatively larger configurations are selected for NI and NYU, 
whereas more compact settings are preferred for KKI and ADHD-5. This 
indicates that the proposed PH-based topological analysis can adapt to 
different levels of heterogeneity and lesion-region aggregation patterns.

As shown in Table  6, the optimized parameters yield competi-
tive and generally well-balanced performance across all datasets. In 
particular, sensitivity and specificity remain closely matched in most 
settings, suggesting that the proposed criterion does not strongly bias 
the classifier toward either class. This trend is also reflected in the F1-
scores reported in Table  6, which confirm that the proposed framework 
maintains a balanced trade-off between precision and recall for the 
ADHD class across different datasets. This observation supports the role 
of the topological decision stage in improving subject-level robustness 
beyond slice-level predictions.
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Table 6
Experimental settings and classification performance for the ADHD classifica-
tion task. 𝐶1, 𝐶2, and 𝐶3 denote the thresholds applied to the sagittal, coronal, 
and axial directions, respectively. For each dataset, we report the optimal 
topological thresholds and the corresponding mean classification results.
 PKU KKI NI NYU ADHD-5 ADHD-200 
 𝐶1 × 𝐶2 × 𝐶3 5 × 6 × 2 2 × 2 × 3 5 × 5 × 5 6 × 4 × 6 2 × 2 × 3 3 × 3 × 3  
 Accuracy (%) 66.67 83.33 76.18 75.61 74.07 74.53  
 Sensitivity (%) 67.33 84.00 76.20 76.16 74.08 74.60  
 Specificity (%) 66.43 82.61 76.16 75.00 73.94 74.49  
 F1-score (%) 62.67 72.41 75.93 78.50 72.15 69.16  

Table 7
Experimental settings and classification performance for the subgroup analysis 
of the ADHD classification task. 𝐶1, 𝐶2, and 𝐶3 denote the thresholds applied 
to the sagittal, coronal, and axial directions, respectively. For each subgroup, 
we report the optimal topological thresholds and the corresponding mean 
classification results.
 Child Adolescent Female Male  
 𝐶1 × 𝐶2 × 𝐶3 4 × 3 × 4 2 × 3 × 4 3 × 3 × 3 5 × 3 × 3 
 Accuracy (%) 73.47 64.62 78.69 64.38  
 Sensitivity (%) 73.35 64.58 78.65 64.41  
 Specificity (%) 73.55 64.80 78.70 64.24  
 F1-score (%) 68.61 57.23 61.62 63.51  

We further apply the same analysis to demographic subgroups. Ta-
ble  7 reports the optimal configurations of 𝐶1, 𝐶2, and 𝐶3 for the Child, 
Adolescent, Female, and Male subgroups, together with the correspond-
ing mean classification results. Again, different subgroups favor dif-
ferent threshold combinations, indicating that the spatial aggregation 
pattern of lesion regions varies across demographic partitions.

As shown in Table  7, the subgroup results are also generally bal-
anced in terms of sensitivity and specificity. The Female and Child 
subgroups achieve relatively stronger performance, whereas the Ado-
lescent and Male subgroups are more challenging. Nevertheless, the 
comparable sensitivity and specificity values across subgroups indicate 
that the proposed topological criterion preserves balanced discrim-
ination under different demographic settings. This trend is further 
supported by the F1-scores, which remain relatively stable across sub-
groups and confirm that the proposed framework maintains a balanced 
trade-off between precision and recall for the ADHD class.

Overall, the results from the sagittal analysis to the full 3D setting 
show that the topological parameters play a key role in balancing local 
sensitivity and global robustness. Small thresholds tend to overem-
phasize isolated positive slices, whereas overly large thresholds may 
suppress genuinely discriminative local structures. By selecting dataset-
specific combinations of 𝐶1, 𝐶2, and 𝐶3, the proposed framework 
achieves stable and balanced classification performance across multiple 
datasets.

6.4. Computational complexity analysis

On an NVIDIA RTX 4090 GPU, during the training phase, complet-
ing five-fold cross-validation and generating decision tensors requires 
a total of 5–15 h, with a peak GPU memory footprint of 4–8 GB. This 
offline computational overhead is amortized over the entire cohort. 
During the inference (testing) phase, processing a single subject re-
quires only 0.3–1.2 s (comprising 0.2–0.8 s for the ResNet34 forward 
pass and less than 0.1 s for the decision-making process in Algorithm 
1), with a peak memory consumption of less than 2 GB. Scoring and 
inference for the entire cohort of 938 subjects takes merely 5–20 min, 
requiring a storage footprint of less than 1 MB per fold. These computa-
tional specifications fully satisfy the practical deployment requirements 
for offline clinical screening assistance.

The primary computational cost during training consists of discrim-
inative tensor generation (387 ResNet34 forward passes per subject, 
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taking approximately 0.8 s on an RTX 4090) and five-fold slice-level 
training (roughly 12 GPU-hours on the ADHD-200 cohort, 𝑁 = 938). 
Tuning the topological threshold on precomputed predictions 𝑌  re-
quires only nearly 3.5 min for the complete five-fold grid search (125
candidate configurations of (𝐶1, 𝐶2, 𝐶3) per fold across around 150 
validation subjects), representing approximately 0.5% of the training 
runtime. At inference, Algorithm 1 introduces minimal overhead (about 
4 ms per subject) compared to the slice-level CNN passes (roughly 
800 ms), constituting merely 0.5% of the total per-subject latency.

6.5. Explainability analysis

This subsection investigates the interpretability of the proposed 
framework, with the aim of clarifying the decision basis for ADHD 
identification and exploring the neurobiological significance of the 
lesion regions detected by the model. The analysis is conducted from 
three perspectives: lesion-region distributions in different sub-datasets, 
probability distributions in the full ADHD-200 cohort, and age- and 
sex-related subgroup comparisons. Together, these analyses provide 
further insight into the PH-based decision mechanism and the spatial 
distribution patterns of ADHD-related lesion regions.

6.5.1. Analysis of lesion regions in sub-datasets
We first examine four representative sub-datasets of ADHD-200, 

namely PKU, KKI, NI, and ADHD-5, to determine whether the lesion 
regions identified by the model exhibit subset-specific spatial patterns. 
For each subset, we construct a subgroup-level lesion probability map 
and retain lesion regions with occurrence probability greater than 50%. 
The corresponding visualizations are shown in Fig.  4.

As shown in Fig.  4(a)–(c), the lesion regions identified in PKU, 
KKI, and NI are mainly distributed in the frontal lobe, particularly 
around the dorsolateral prefrontal cortex, ventromedial prefrontal cor-
tex, and anterior cingulate cortex. These regions are closely related to 
executive control, emotion regulation, and conflict monitoring [38]. 
Their involvement is consistent with previous studies reporting frontal 
structural and functional abnormalities in ADHD [39].

In addition, Fig.  4(b)–(d) shows that frontal lesion regions are 
predominantly concentrated in the left prefrontal cortex, suggesting 
a degree of hemispheric asymmetry. This observation is in line with 
previous findings of altered lateralization in ADHD [40]. As shown in 
Fig.  4(b) and (d), lesion regions in ADHD-5 are also prominently dis-
tributed in the striatum and cerebellum. This finding agrees with prior 
evidence highlighting the involvement of these regions in ADHD [41]. 
Abnormalities in these regions may underlie reward-processing deficits, 
attentional instability, and impulsive behavior in ADHD [42].

6.5.2. Probability distribution of lesion regions in the ADHD-200 dataset
To further investigate the population-level characteristics of lesion 

regions, we analyze their probability distribution across the entire 
ADHD-200 dataset. Specifically, we compute the occurrence probabil-
ity of each detected lesion coordinate across all ADHD subjects and 
visualize the resulting probability map in Fig.  5.

As shown in Fig.  5, the dominant lesion regions are concentrated 
in the left prefrontal cortex, striatum, and cerebellum. Among them, 
the striatum and cerebellum exhibit higher occurrence probabilities, 
whereas prefrontal lesion regions appear less frequently but remain 
clearly detectable. This pattern is consistent with the sub-dataset analy-
sis and further supports the prefrontal–striatal–cerebellar circuit model 
of ADHD [43]. Abnormal communication within this circuit has been 
widely regarded as a core neural mechanism underlying deficits in 
attention, reward processing, and executive control in ADHD [44].
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Fig. 4. Visualization of lesion regions detected by the proposed model in different sub-datasets: (a) PKU, (b) KKI, (c) NI, and (d) ADHD-5.
Fig. 5. Probability distribution of lesion regions in the ADHD-200 dataset.

6.5.3. Cross-group discussion
The subgroup visualizations indicate that the lesion regions identi-

fied by the proposed framework are modulated by both age and sex. 
As shown in Fig.  6, the Child subgroup exhibits more concentrated and 
reproducible lesion regions in frontal, ventral, and deep-brain areas, 
whereas the Adolescent subgroup shows a more diffuse pattern with 
persistent ventral frontal and limbic-related involvement. This suggests 
that ADHD-related abnormalities in younger subjects are more strongly 
anchored in fronto-striatal and attention-related systems, while in the 
older subgroup the lesion regions become relatively more distributed 
and more closely associated with default mode network (DMN)-limbic 
interactions.

This age-related dissociation is consistent with prior neuroimaging 
findings. Guo et al. reported that childhood ADHD is more strongly 
characterized by abnormal coupling between the somatomotor and 
dorsal attention networks, whereas older subjects show more distinct 
DMN-limbic abnormalities [45]. Hoogman et al. further showed that 
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subcortical alterations in ADHD are more pronounced in children and 
attenuate with age [46].

A comparable dissociation is observed in the sex-based comparison. 
As shown in Fig.  7, the Female subgroup presents broader lesion regions 
in ventral and medial frontal areas, especially around orbitofrontal and 
ventromedial prefrontal territories, whereas the Male subgroup shows a 
more focal pattern in dorsal and lateral frontal regions, with additional 
involvement of inferior frontal, premotor, and striatal-related areas. 
These findings suggest that female ADHD is more ventral-frontal and 
limbic-oriented, whereas male ADHD is more strongly linked to frontal 
inhibitory-control and motor-related circuitry.

This interpretation is also supported by previous studies. Jacob-
son et al. reported a sex-by-diagnosis dissociation in white matter 
microstructure, showing reduced fractional anisotropy in bilateral pri-
mary motor regions in boys with ADHD, but higher fractional
anisotropy in bilateral medial orbitofrontal cortex in girls with ADHD 
[47]. Rosch et al. further showed that girls with ADHD exhibit more 
pronounced fronto-subcortical intrinsic connectivity abnormalities,
whereas boys present a pattern more compatible with classical
inhibitory-control dysfunction [48].

Overall, the cross-group results suggest that the proposed PH-based 
framework captures not only shared ADHD-related abnormalities, but 
also biologically meaningful subgroup specific variations. In particu-
lar, childhood ADHD appears more strongly linked to fronto-striatal, 
sensorimotor, and attention-control abnormalities, whereas the older 
subgroup shows relatively greater DMN-limbic involvement. Similarly, 
female ADHD is more ventral-frontal and limbic-oriented, whereas 
male ADHD is more dominated by frontal inhibitory-control and motor-
related systems.

It is worth noting that although the identified lesion regions are 
consistent with previously reported ADHD-related circuits, the cur-
rent localization analysis remains mainly qualitative. Since voxel-level 
ground-truth lesion annotations are generally unavailable for ADHD, 
direct quantitative validation is challenging. Therefore, the detected 
lesion regions should be interpreted as model-derived discriminative 
regions rather than confirmed pathological lesions. Future work will 
incorporate atlas-based regional mapping, bootstrap stability analysis, 
and statistical testing to further validate the reliability of localization 
results.
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Fig. 6. BrainNet visualizations of subgroup-level ADHD probability decision matrices for the age-based analysis. Warmer colors indicate higher occurrence 
probabilities of lesion regions among ADHD subjects. (a) Child subgroup. (b) Adolescent subgroup.  (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
Fig. 7. BrainNet visualizations of subgroup-level ADHD probability decision matrices for the sex-based analysis. Warmer colors indicate higher occurrence 
probabilities of lesion regions among ADHD subjects. (a) Male subgroup. (b) Female subgroup.  (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
7. Conclusion

This study proposes an explainable MRI-based framework for ADHD 
classification that integrates deep learning with PH to enable diagno-
sis with explicit spatial interpretability. Evaluated on the ADHD-200 
dataset, the framework achieves competitive performance and identi-
fies discriminative lesion regions mainly distributed in the prefrontal–
striatal–cerebellar circuitry. It also reveals potentially meaningful spa-
tial heterogeneity across age and sex subgroups. Although the current 
implementation uses a ResNet-based slice classifier, the framework is 
readily compatible with foundation-model-based medical image en-
coders. In future work, self-supervised MRI foundation models could 
provide stronger slice-level representations, while the PH-based stage 
could serve as an interpretable reasoning and spatial recovery module. 
In this sense, the proposed method offers a topology-driven framework 
that can be naturally extended to future medical foundation models.

However, existing studies still face several challenges. First, cur-
rent frameworks primarily rely on traditional ResNet backbones and 
single-modal slice-level processing, which may limit the comprehensive 
exploration of complex 3D anatomical structures and brain connectiv-
ity. To address this, future research will focus on upgrading the feature 
extraction module by introducing advanced topological graph neural 
networks. Furthermore, we aim to overcome the current limitation 
of manual hyperparameter tuning for topological features by incor-
porating Differentiable PH. By parameterizing topological descriptors 
and embedding them directly into the neural network’s loss function, 
the model will enable the automated optimization of topological pa-
rameters via backpropagation. This shift towards an end-to-end joint 
10 
training framework will effectively bridge slice-level feature learn-
ing with subject-level topological classification, thereby enhancing the 
model’s generalization and adaptability across diverse clinical cohorts.
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