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Abstract: For brain diseases, e.g., autism spectrum disorder (ASD), with unclear biological characteris-
tics, the detection of imaging-based biomarkers is a critical task for diagnosis. Several landmark-based
categorization approaches have been developed for the computer-aided diagnosis of brain diseases,
such as Alzheimer’s disease (AD), utilizing structural magnetic resonance imaging (sMRI). With the
automatic detection of the landmarks of brain disease, more detailed brain features were identified
for clinical diagnosis. Multi-instance learning is an effective technique for classifying brain diseases
based on landmarks. The multiple-instance learning approach relies on the assumption of indepen-
dent distribution hypotheses and is mostly focused on local information, thus the correlation among
different brain regions may be ignored. However, according to previous research on ASD and AD,
the abnormal development of different brain regions is highly correlated. Vision Transformers, with
self-attention modules to capture the relationship between embedded patches from a whole image,
have recently demonstrated superior performances in many computer vision tasks. Nevertheless,
the utilization of 3D brain MRIs imposes a substantial computational load, especially while training
with Vision Transformer. To address the challenges mentioned above, in this research, we proposed
a landmark-based multi-instance Conv-Transformer (LD-MILCT) framework as a solution to the
aforementioned issues in brain disease diagnosis. In this network, a two-stage multi-instance learning
strategy was proposed to explore both spatial and morphological information between different brain
regions; the Vision Transformer utilizes a multi-instance learning head (MIL head) to fully utilize the
features that are not involved in the ultimate classification. We assessed our proposed framework
using T1-weighted MRI images from both AD and ASD databases. Our method outperformed
existing deep learning and landmark-based methods in terms of brain MRI classification tasks.

Keywords: brain disease diagnose; autism spectrum disorder; Alzheimer’s disease; vision
transformer; multi-instance learning; landmark

1. Introduction

Structural Magnetic Resonance Imaging (sMRI) allows clinicians and researchers to
noninvasively study the anatomy of the brain in many areas of brain disease diagnosis,
e.g., Alzheimer’s disease (AD) and autism spectrum disorder (ASD) [1–3]. The classifi-
cation of brain disease by MRI has been a crucial factor in the development of novel
treatments as well as the enhancement of patient outcomes. Furthermore, the diagnosis
of ASD is mainly based on behaviors, and so the biomarkers of brain development are
rarely known. Therefore, detecting biomarkers from within the brain is of great significance
for better intervention. Diagnosis based on MRI has also been an essential contributor
to the creation of novel treatments. Many neuroscience studies of children and young
adults with ASD have shown patterns of structural and developmental abnormalities in the
amygdala [4], hippocampus [4–6], precentral gyrus [7,8], and anterior cingulate gyrus [6].
The detection of the abnormal development of local brain regions may aid in the diagnosis
of ASD [7,9]. Thus, utilizing local information details from MRI in anomalous regions could
help improve the classification accuracy.
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In recent years, the development of deep learning has brought new technical ap-
proaches to image-based computer-aided diagnosis, e.g., breast cancer, COVID-19 [10–12].
The 3D Convolutional Neural Network (CNN) with auto-encoder technologies was used
to diagnose brain disease in an Alzheimer’s dataset [13]. However, features defined at
the whole-brain level do not effectively characterize abnormal aspects of brain structure,
such as a small size or complex limbic systems in clinical brain regions (i.e., amygdala
and hippocampus).

To make more effective use of the local features of brain MRI for brain disease diagnosis,
Zhang et al. proposed an image patch-level (intermediate scale between the voxel-level
and the region of interest (ROI)) feature detection method for brain disease diagnosis based
on brain MRI [14]. Multi-instance learning is an efficient way to exploit the patch-level
features of images [12,15,16]. An image is equally divided into N patches, and each image
is considered as a bag of patches, with patches considered as instances [12,17]. End-to-end
landmark-based deep multi-instance learning (LDMIL) was proposed by Liu et al. for
Alzheimer’s disease classification/detection [17,18], which converts the classification task
into multi-instance learning based on feature landmarks from within the brain, and the
full connection layer integrates local structure information to obtain classification results.
To address the small datasets issue of early ASD detection, Li et al. proposed a multi-
channel convolutional neural network (DE-MC) based on a patch-level data expansion
strategy to diagnose infants who are at risk of early ASD. In these MIL-based classification
methods, discriminating patches from MR images based on anatomical landmarks were
selected, and then the joint learning of the feature representations of the input patches
and the subsequent classifier were conducted in a multi-instance convolutional neural
network model. However, feature maps in multi-instance learning are captured under the
independent identically distributed hypothesis, and the correlation between feature maps
is ignored. The independence of different instances may overlook the interconnections
between distinct brain regions. However, in the clinical diagnosis of brain diseases, it is
critical to observe correlations between abnormal patterns in various regions. For example,
there may be a correlation between abnormal cortical thickness and ventricular size in
the diagnosis of Alzheimer’s disease (AD). Hence, it is crucial to develop a module that
links local brain region features together to enhance the accuracy of classification in the
MIL-based diagnosis task [19].

The Transformer architecture, introduced by Vaswani et al. [20,21], is now the most
prominent model in the domain of natural language processing (NLP). The Transformer
model utilizes the attention mechanism, in which tokens attend to each other, enabling the
model to capture long-range dependencies more effectively [22,23]. Inspired by the success
of the Transformer model in NLP, Dosovitskiy et al. [24] introduced the Vision Transformer
(ViT) architecture for image classification applications. Vit has other appealing features; for
example, it scales up easily [25] and is robust against corruption [26]. The first stage of the
ViT training process is dividing the input image into image patches; each patch is regarded
as a word token in the natural language processing task. Unlike the CNN-based network,
ViT uses a self-attention mechanism to learn about relationships between patches and
performs out-of-stage natural image classification tasks. The self-attention mechanism of
ViT effectively captures the relevant features in the image classification while suppressing
the disruptive features [19]. However, traditional Transformer sequences are limited by
their computational complexity and can only tackle shorter sequences (e.g., less than
1000) [27]. Furthermore, ViT is confronted with the issue of relying on extensive datasets.
To enhance the efficiency of ViT on limited data sets, Touvron et al. [28] proposed a data-
efficient image Transformer (DeiT). This approach incorporates a convolutional neural
network (CNN) to aid in feature extraction. The retrieved features are subsequently fed into
the Transformer block. The ViT approach commonly utilizes a solitary class token to deliver
the ultimate result for image categorization, whereas the feature tokens derived from
patches are often disregarded, Yu et al. [16] proposed an MIL-VT framework for fundus
image classification with a multi-instance learning head to make full use of the feature
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representations extracted from patches. While ViT-based image classification models excel
in various image classification tasks, traditional ViT models are often used for 2D image
classification tasks (e.g., ViT [29], TranMIL [19]). However, when it comes to 3D image
classification tasks, the computational complexity grows exponentially. However, the
majority of brain MRIs are three-dimensional renditions that accurately depict the anatomy
of the brain.

To tackle the aforementioned issues, we proposed a landmark-based multi-instance
Conv-Transformer (LD-MILCT) framework for brain disease MRI classification. Unlike the
conventional ViT model, which divides the input into patches extracted from the entire
image, we employ a data-driven approach to extract image patches via landmark extraction.
The process of extracting patches that exhibit inter-group variations is capable of capturing
local regions that are significant for the classification of brain diseases. A network with
two-stage multi-instance learning before/after ViT (LD-MILCT) was proposed for the
categorization of brain MRIs. The network employs a multi-instance CNN to capture the
local brain structure information provided by patches identified from landmarks. Addition-
ally, a Transformer structure is applied to collect the correlations between local structural
and global structural information obtained from all detected landmarks. To optimize the
patch instance functionality, the ViT module is equipped with the multi-instance learning
head (MIL Head). Compared to the typical full-size patch extraction Transformer-based
model, our model is more efficient and successful in capturing global information in brain
MRIs. This strategy also reduces computational complexity. Experiments were conducted
on datasets of Alzheimer’s disease (AD) and Autism Spectrum Disorder (ASD). The ex-
perimental results demonstrate that the proposed method exhibits superior performance
compared to other ASD classification methods based on MRI.

2. Methods

Our method’s schematic diagram is displayed in Figure 1. Anatomical landmarks
were identified from MR images using a data-driven approach [14]. Subsequently, patches
were retrieved using a patch-level data expansion technique depending on the recognized
landmarks. The proposed multi-instance CNN-Transformer framework was used for brain
MRI classification.

Figure 1. The proposed 3D MRI-based multi-instance Conv-Transformer (LD-MILCT) framework.
As for other landmark-based methods, MRI preprocessing and landmarks (shown as the red bullets)
detection were necessary; then, landmark-based patches were extracted (an image was donated by a
bag of selected feature patches) as inputs for the multi-instance Conv-Transformer network for MRI
classification and disease diagnosis.
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The preparatory stage is crucial for the ensuing stages of analysis. Skull stripping
and histogram matching for T1 MR images were performed using in-house technolo-
gies. To adjust for intensity inhomogeneity, each image was resampled to a resolution of
256 × 256 × 256. An artefact often seen in MRIs is that the signal intensity varies smoothly
across an image. Variously referred to as RF inhomogeneity, shading artefact, or intensity
non-uniformity, it is usually attributed to such factors as poor radio frequency (RF) field
uniformity, eddy currents driven by the switching of field gradients, and patient anatomy
both inside and outside the field of view. The N3 method (Non-parametric Non-uniformity
Normalization) [30] was then applied. To make sure that the dura and skull were removed
completely, additional procedures including hand editing and skull stripping were carried
out. Ultimately, each skull-stripped image is warped to eliminate the cerebellum using a
designated template.

2.1. Data-Driven Anatomical Landmark Identification and Patch Extraction

In clinical diagnosis, brain MRI showed similar overall structure but there were
differences in local structures. Previous studies have shown that, in the early stages of AD,
there are only small local changes, while the overall structure of the brain changes very
little. For ASD diagnosis, the MRI-based biomarker is unclear.

To lighten the load of the MRI-based deep learning classification network as well as
capture local features, we first extracted image patches from MRIs using a data-driven
landmark detection algorithm [17,31], which identifies and detects brain disease-related
landmarks locations [4,17] by looking for statistically significant group differences in train-
ing samples. The first step of extracting feature landmarks from the training sample is
image registration. We initially chose a T1-weighted image of superior quality to serve as a
template. It should be noted that there are many choices of templates, such as Colin27 [32]
which refers to the average of 27 registered scans for a single subject. During the preprocess-
ing stage, all training MRIs were aligned with a template by rotation and translation. This
ensures that all training pictures are in the same spatial position. The relationship between
voxels was established through the process of nonlinear registration. The study utilized the
histogram of oriented gradients (HOGs) properties of local brain areas as morphological fea-
tures to find statistically significant variations between groups [33]. Hoteling’s T2 statistic
was employed for the statistical comparison. After group comparison, a p-value map was
created with each voxel in the template being assigned a significance index p-value. Any
voxel in the template with a p-value less than 0.001 is considered a significant landmark.

In practice, a plurality of voxels with p-values less than 0.001 may be concentrated in a
small area, so only local minima (whose p-values are also less than 0.001) are defined as
landmarks of brain disease in the template.

In the patch extraction stage, for each MRI image, to reduce the influence of registration
errors while increasing training samples, a plurality of image patches (as an instances/bag)
were randomly extracted within a vicinity around the top L landmarks with the largest
group differences, centering on each specific feature landmark. For example, by randomly
extracting image patches within a 5× 5× 5 cube, 125L bags/instance can be, hypothetically,
generated for each MRI as samples. Each sample is represented by a packet of L image
patches as inputs to the sub-CNN in the network structure.

For testing images, we automatically detect landmarks in a new testing image using
a shape-constrained regression-forest-based landmark detection method proposed by
Zhang et al. [14] using existing landmark information in the training images.

2.2. Multi-Instance Conv-Transformer Neural Networks

The multi-instance Conv-Transformer network was proposed for brain MRI classifica-
tion as shown in Figure 2a. The input data are L patches taken from L landmarks given
a subject. We first ran numerous sub-Conv architectures to reduce the complexity of 3D
computations while learning representations of specific patches in each group. The network
receives an input MR picture as well as a bag containing L patches, or instances, that were
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taken at L landmark points. More precisely, we used a sequence of convolution layers with
stride size of 1 and 0-padding to embed L parallel sub-Conv architectures.

Figure 2. (a) Landmark-based multi-instance Conv-Transformer network (LD-MILCT). The blue
dots on the brain diagram represent landmarks on which patch extraction is applied. (b) The 3D
convolution block. The class token is shown as *. (c) The Vision Transformer block. (d) The Multiple
Instance Learning head (MIL) block.

2.2.1. Vision Transformer

The Transformer employs a self-attention method to represent the relationships among
tokens in a sequence. Additionally, the inclusion of positional information enhances
the utilization of sequential order information. Hence, it is advisable to incorporate the
Transformer model into the connected Multiple Instance Learning (MIL) problem [19].

Due to the nuanced nature of structural alterations resulting from brain disease, which
can affect several regions of the brain, relying on a single or a few patches is insufficient
to accurately depict the overall structural changes occurring in the brain. This differs
from typical Multiple Instance Learning, where the picture class can be determined by the
estimated label of the most distinguishing patch [17]. The output of the sub-Conv module
is transformed into a one-dimensional format and then sent through a linear layer to be
injected into D dimensions. The data format is compatible with Transformer networks,
as depicted in Figure 2c [24]. The Transformer encoder is composed of alternating layers
of multi-headed self-attention (MSA) and MLP blocks [34]. Layer normalization (LN) is
implemented before each block, while residual connections are implemented after each
block, as depicted in Figure 2c [35].

Location embedding is crucial for encoding spatial location information, as patch
embedding alone does not encompass the position of landmarks [24]. As for landmark-
based methods, with the nonlinearly aligned MRI processing (with cross-subject voxel-wise
correspondence), registration errors may cause interference on the corresponding landmark
location of each subject which causes the relative position to not be reliable. Thus, we used
standard learnable absolute positional encodings of the landmark position [24]. Previous
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studies on ViT show there are no significant performance gains from using more advanced
2D-aware position embeddings [24]. In our method, the patches extracted from landmarks
were treated as a sequence. A one-dimensional learnable matrix was employed and we let
the network learn the positional information on its own.

The input vector of the standard Transformer is one-dimensional. One possible
approach for 3D brain MRI is to extract patches and convert them into one-dimensional
representations. The relationship between the bag (as an image) and the instances (as
patches) in each MRI can be expressed as Xn = xn,1, xn,2, . . . , xn,L, representing L patches.
The dimensions of the MRI patch xn,i, extracted using feature landmark, were M × M × M.
After feature extraction by the sub-CNN layers, the dimensions were reduced to be smaller,
m × m × m, and then the outputs of sub-CNNs were used as inputs for the transformer
module. It was then mapped to a D-dimensional vector through the Patch Embedding
Layer as shown in Figure 2a. The size of this feature vector is given by (L + 1)× D, where
L indicates the number of landmarks chosen from a single MRI (equivalent to the instance
number). Both the MLP layer and Muti-attention layer in the Transformer module undergo
layer normalization, and there are residual connections between each layer.

2.2.2. Two-Stage Multi-Instance Learning Module

As shown in Figure 2a, the Transformer block has L + 1 input vectors, which include
L feature vectors of L patches and an additional class token. The final classification result is
determined only by the output of the class token via a multi-layer perceptron (MLP head),
disregarding additional patch feature properties. Nevertheless, a single picture block might
include significant localized information about the brain area. Hence, it is essential to develop
a two-stage multi-instance learning module. This is particularly relevant when considering
brain diseases, as their pathology may be distributed in different positions, resulting in varying
contributions from different patches. In the MIL scheme, an image is considered as a collection
of instances, represented either as pixels or image patches [16,36,37]. The bag–instance
relationship depicted in MIL bears a striking resemblance to the image-patch relationship
observed in ViT.

The MIL head for the ViT network, as illustrated in Figure 2d and discussed in [16],
follows a three-step process. Firstly, it constructs a low-dimensional embedding of ViT
output features from a single patch instance. Secondly, it employs an aggregation function
to obtain an instance representation. Lastly, it utilizes an image-class (bag-class) classifier
to determine the final bag-class probability. The traditional MIL formula is encapsulated
and organized within a classification framework, as depicted by the MIL head in Figure 2a.

Patch Feature Embedding. After being processed by the ViT, an instance (image
patch) xn,i is transformed into a feature vector vn,i with a dimension of D, represented as
vn,i = T(xn,i). The feature vectors vn,i are transformed into lower-dimensional embeddings
by Linear Layers, Linear Norm, and ReLU activation as shown in Figure 3a.

Attention Aggregation. To enhance the standardization of concealed characteristics
and mitigate overfitting issues, in the MIL head, there is an attention module consisting
of two linear layers for patch embedding as shown in Figure 3b. The absence of attention
aggregation in the model does not exhibit any apparent drawbacks when the input vector
is small and the classification problem is straightforward. However, when dealing with
a lengthy input feature vector (such as more than 30 local region patches as discussed
in this paper), all features are condensed into an intermediate feature vector, resulting in
the ineffective transfer of patches’ specific features. Consequently, a significant amount
of local brain information may be lost. This is another crucial factor that necessitates the
introduction of attention aggregation.
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Figure 3. Illustration of the MIL embedding and attention aggregation block. (a) Patch feature
embedding block. (b) Multi-head attention block.

Image-level Classification. The combined patch representation is then inputted into
the linear classifier to calculate the ultimate image-level probability.

p = wT R (1)

where p represents the prediction probability of the MIL head, w ∈ RL×C represents the
parameters of the image-level classifier, and C represents the number of groups.

2.2.3. Loss Function

The MLP head and MIL head both utilize the cross entropy loss function to supervise
the classification label.

Loss(P1, P2, W) = −λ ∑
Xn∈X

log(P1(yn|Xn; W))− (1 − λ) ∑
Xn∈X

log(P2(yn|Xn; W)) (2)

The variable Xn represents a collection of patches in one MRI. The probabilities
P1(yn|Xn; W) indicate the likelihood of successfully classifying Xn as class yn using the
class token of ViT or P2(yn|Xn; W) for MIL head. These probabilities are determined by
the weight parameters W of the network. The variable C represents the number of groups
(i.e., ASD/TD) in the MRI classification, while λ is a weight parameter that determines
the relative importance of the two classification output heads from ViT and the two-stage
multi-instance learning. In practice, λ is typically set at 0.5. During the training phase,
the final prediction is obtained by taking a weighted average of the outputs from the two
heads, with the weight factor denoted as λ. The network of LD-MILCT is optimized via
the Adam optimizer with a batch size of 10 and maximum training epochs of 30, with a
learning rate of 10−3.

The Landmark-based multi-instance Conv-Transformer (LD-MILCT) network archi-
tecture is an image classification model that operates on patches of 3D MRIs. It is designed
to learn both local and global feature representations for 3D MRIs. Specifically, patch-level
representations are initially acquired by training numerous sub-Conv structures that cor-
relate to various landmarks in order to capture local structural information situated in
distinct regions of the brain. The Visual Transformer layer is used to model the global
information represented by various landmarks. The Vision Transformer block enhances
the representation of brain structure at the image level by incorporating a multi-instance
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learning head (MIL head). Hence, the classifier’s learning process can integrate both local
and global characteristics of brain MRI.

3. Experiments
3.1. Dataset

Autism Spectrum Disorder datasets The T1-weighted MRIs used for the ASD clas-
sification study were obtained from the Autism Brain Imaging Data Exchange (ABIDE),
an open-access data repository. These MRIs were collected from 17 international sites
without any prior coordination. T1-weighted magnetic resonance images were obtained
using 160 sagittal slices. The imaging parameters used were TR/TE = 2400/3.16 ms, and
the size was 1 × 1 × 1 mm3. In this study, we utilized the structural magnetic resonance
imaging (MRI) scans of 213 individuals diagnosed with Autism Spectrum Disorder (ASD)
and 342 typically developing controls (TD) who were matched in age (ranging from 7 to
49 years, with a median age of 14.4 years across both groups). The experiment included
ten-fold cross-validation.

Alzheimer’s Disease datasets For the Alzheimer’s Disease classification study, we
obtained T1-weighted MRIs from the Alzheimer’s Disease Neuroimaging Initiative (ADNI),
which is an open-access datasets. In this study, we utilized structural magnetic resonance
imaging (MRI) scans from a total of 308 patients with Alzheimer’s disease (AD) and 399 in-
dividuals without AD (typical controls or TD subjects). The age range of the participants
was between 62 and 85 years, with a median age of 74.9 years across both groups. The
experiment included ten-fold cross-validation. To maintain consistency with the classifica-
tion of Autism Spectrum Disorder (ASD) into two classes, this study did not include the
analysis of conversions from mild cognitive impairment (MCI).

3.2. Evaluation

The performance metrics evaluated in this study were accuracy, sensitivity, specificity,
and F-score.

Accuracy (ACC): Accuracy is the measure of correctly classified 3D MRIs divided
by the total number of images in the database. This metric is crucial for assessing the
effectiveness and performance of our suggested work. It is characterized by,

ACC =
TP + TN

TP + TN + FP + FN
(3)

where TP represents the True Positives (number of samples correctly identified), TN repre-
sents True Negatives (samples correctly rejected), FP represents false positives (samples
incorrectly identified for a given input), and FN represents False Negatives (samples that
are incorrectly rejected for a given input).

Sensitivity (SEN): Sensitivity is a term that can also be referred to as the True Positive
Rate (TPR). It represents the ratio of correctly identified positive images to the total number
of genuine positive images. The expression for sensitivity is given by the following equa-
tion:

SEN =
TP

TP + FN
(4)

Specificity (SPE): Specificity, also known as the True Negative Rate (TNR), refers to
the accurate classification of True Negative samples. Specificity and sensitivity are two
contrasting concepts. Specificity is expressed by the following equation:

SPE =
TN

FP + TN
(5)

F-score: The F-score, also known as the F1 score or F-measure, is an evaluation criterion
used to quantify the correctness of a test. The term can instead be described as the calculated
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average that takes into account the relative importance of a test’s sensitivity and specificity.
The F-score can be calculated using the following formula:

F-score =
2 × TP

2 × TP + FP + FN
(6)

3.3. Parameter Analysis

According to the previous studies on landmark-based methods (i.e., LDMIL [17],
DE-MC [38]), it is justifiable to select the number of landmarks within the range of 30 to
50. In our experiments, we have chosen to use 40 landmarks. It is important to note that
using a larger number of landmarks will increase the number of parameters that need to be
optimized in landmark-based methods.

To examine the effects of patch size in the LD-MILCT approach, a group of experiments
was performed on the AD datasets by varying the patch size in the set
16 × 16 × 16, 20 × 20 × 20, 24 × 24 × 24, 30 × 30 × 30. By limiting the Vision Transformer
block to 1D expansion, we adjusted the convolution kernel size in the sub-Conv block to
make the input size of the following Vision Transformer block 10× 10× 10 regardless of the
input patch size of the sub-Conv. The comparative performance of different patch sizes on
AD (Alzheimer’s Disease) and TD (Typical Development) classification tasks is presented
in Table 1. The most optimal outcomes were achieved using LD-MILCT when utilizing
a patch size ranging from 20 to 25. When employing small patches with dimensions of
16 × 16 × 16, the classification performance, as measured by the ACC value of 0.802, is
deemed unsatisfactory. This implies that using minute localized areas is insufficient when
capturing comprehensive information regarding brain structure. Using big patches in the
3D-Conv block leads to suboptimal outcomes because of the loss of information. Moreover,
the utilization of extensive patches would create a substantial computational load.

Table 1. Performance comparison of different patch sizes on AD dataset.

Patch Size ACC SEN SPE F-Score

16 × 16 × 16 0.802 0.764 0.851 0.784
20 × 20 × 20 0.867 0.792 0.786 0.796
24 × 24 × 24 0.905 0.831 0.940 0.809
30 × 30 × 30 0.910 0.829 0.947 0.810

3.4. Ablation Studies and Comparison with State-of-the-Art Methods

First, we conducted a comparison between the landmark-based approaches and the
CNN-based methods (3D CNN, 3D ResNet [39]). The 3D CNN takes the entire linearly
aligned T1-MRI as its input. The network consists of fifteen convolutional layers and three
fully connected layers. We have tuned all parameters to provide a fair comparison. The
other three landmark-based approaches (LDMIL, and the two variants of the proposed
LD-MILCT) use the same sized patch with dimensions of 24 × 24 × 24 and include
L = 40 landmarks.

The classification performances of the models on the datasets for Alzheimer’s Disease
(AD) and Autism Spectrum Disorder (ASD) are presented in Table 2. The other three
landmark-based methods exhibit a much higher accuracy in both AD and ASD classification
when compared to the conventional 3D CNN-based method (ResNet).The reason for
this may be that the landmark-based method prioritizes the analysis of local patch-level
structural information in the brain.The LD-MILCT algorithm outperformed LDMIL in
ASD classification, achieving a significant improvement in accuracy (ACC) of 8.6% The
potential cause of this may be that the Vision Transformer block acquires knowledge
about the correlation among different brain regions. Given the observable differences in
structural abnormalities between individuals with Alzheimer’s disease (AD) and typically
developing (TD) individuals, just a small number of markers are necessary to differentiate
AD participants from TD ones. For the classification of ASD, it is challenging to predict
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whether an individual with ASD would transition to typical development (TD) based on
just a few indicators, despite the fact that anatomical abnormalities in the ASD brain may
be modest and present in several brain regions.

We also conducted a comparative analysis of LD-MILCT and its two variations:
(1) LD-MILCT with the MIL head, and (2) LD-MILCT without the MIL head. The ex-
perimental results show that the two-stage multi-instance learning module has a 0.3% and
1.5% improvement in classification accuracy on the AD and ASD datasets, respectively,
following ViT. The LD-MILCT model demonstrated superior performance in ASD clas-
sification, with a notable improvement in accuracy (ACC) of 1.5%. The utilization of an
MIL head may enhance the acquisition of relevant local data and enhance the accuracy of
categorization. The experimental findings demonstrate that a Transformer block followed
by a two-stage multi-instance learning of patch tokens may allow us to efficiently acquire
the specifics of nearby brain areas and enhance the categorization outcomes.

Table 2. MRI Classification results with different methods on AD and ASD dataset

Dataset Model Combination ACC SEN SPE F-Score

AD datasets

3D CNN \ 0.680 0.622 0.692 0.664
ResNet \ 0.830 0.833 0.783 0.726
LDMIL \ 0.906 0.874 0.930 0.891

LD-MILCT \ 0.905 0.831 0.940 0.894
LD-MILCT with MIL head 0.910 0.903 0.957 0.903

ASD datasets

3D CNN \ 0.562 0.438 0.692 0.611
ResNet \ 0.575 0.474 0.599 0.211
LDMIL \ 0.623 0.486 0.601 0.252

LD-MILCT \ 0.692 0.495 0.686 0.331
LD-MILCT with MIL head 0.701 0.508 0.695 0.333

4. Discussion

The proposed LD-MILCT technique shares similarities with, but also exhibits dif-
ferences from, the multi-instance learning (MIL) methods. The MIL is grounded in the
assumption of independent distributions and primarily emphasizes local information, per-
haps disregarding the link between multiple brain regions. The LD-MILCT method, unlike
the traditional landmark-based brain disease classification method, utilizes the ViT block
to learn the relationship between features. This allows it to capture both local and global
information from 3D MRIs. As a result, the LD-MILCT method demonstrates improved
performance in classifying brain diseases.

The experiment carried out in this paper compared the influence of patch size on the
classification effect. The results show that when, the patch size is less than 24 × 24 × 24, the
classification result is not ideal. This may be because smaller patch sizes cannot contain
enough detailed information. A larger patch size may bring a better classification effect,
but it will also bring about an increase in computational complexity. From a comprehensive
point of view, It is of great importance to select an appropriate patch size for landmark-
based brain disease classification.

Compared to the performance of classifying the AD datasets based on MRI, the
proposed framework significantly enhances the accuracy of the classification of the ASD
datasets. One possible reason for this is that individuals with Autism Spectrum ASD have
more undetectable anomalies in their small brain structure compared to individuals with
AD. The utilization of the Transformer module allows the classification model to obtain
relevant information about brain regions.

Limitations

There are several limitations to this study. First, in our research, the training sample
was limited (i.e., hundreds) for the nature image recognition tasks in which the Vision
Transformer demonstrated superior performance on the larger data sets. As far as we
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know some physiological traits such as age, gender, height, weight, nutritional status,
and education could impact the brain’s anatomy and structure [40–42]; this study does
not this include additional information or correlations between physiological traits.The
image patches were consistently sized across all brain sites, despite the fact that anatomical
changes resulting from brain disease can differ across various areas. In the current imple-
mentation of our after the 3D-Conv block, the input size of the Vision Transformer block
was fixed to a relatively small size, limited by the calculation hardware. This could have
had a detrimental impact on the network’s generalizing ability.

5. Conclusions

A novel framework for brain 3D MRI classification was proposed in this research,
which is based on landmarks and utilizes a multi-instance Conv-Transformer model.

The main contributions of this paper are as follows: Firstly, instead of dividing the en-
tire image into patches, this paper proposes a method of detecting brain disease landmarks
in advance. This approach reduces the computational burden of the Transformer module
without sacrificing important biomarker information, thereby enhancing the generaliza-
tion capability of the Transformer model on 3D medical images. Furthermore, this work
addresses the inadequacy of multi-instance learning in capturing the link between brain
regions by using a Transformer. This allows for the extraction of the feature relationships
between brain regions. Thirdly, the implementation of two-stage multi-instance learning
after the Transformer module allowed us to capture local information from the patch tokens,
which is usually ignored in standard ViT. The proposed technique for classifying 3D brain
MRI incorporates the concept that illness signs are interconnected in clinical diagnosis.
Our experiments demonstrates that this strategy significantly enhances the accuracy of
classifying brain MRI scans.
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