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Abstract

Medical datasets often have a skewed class
distribution and a lack of high-quality annotated
images. However, deep learning methods
require a large amount of labelled data for
classification. In this study, we present a few-
shot learning approach for the classification of
ultrasound breast cancer images using meta-
learning methods. We used prototypical
networks and model-agnostic meta-learning
(MAML) algorithms as meta-learning methods.
The breast ultrasound images (BUSI) dataset,
which has three classes and is difficult to use in
meta-learning, was used for meta-testing in a
cross-domain approach along with other
datasets for meta-training. Our proposed
approach yielded an accuracy range of 0.882—
0.889, achieved by implementing the ResNet50
backbone with ProtoNet in a 10-shot setting.
These results represent a  significant
improvement ranging from 6.27 to 7.10% over
the baseline accuracy of 0.831. The results
showed that ProtoNet outperformed the MAML
method for all k-shot settings. In addition, the
use of ResNet models as the backbone network
for feature extraction was found to be more
successful than the use of a four-layer
convolutional model. Our proposed method is

the first attempt to apply meta-learning for few-
shot classification in the BUSI dataset while
providing higher accuracy compared to deep
learning methods for medical images with
small-scale datasets and few classes. The
methodology used in this study can be adapted
to other datasets with similar problems.

Keywords: Few-shot classification, meta
learning, MAML, breast cancer.

1. Introduction

Accurately classifying diseases from limited
data is a major challenge in medical imaging.
However, this task is challenged by limited data
availability, a common issue in medical settings.
Medical datasets are often constrained by
privacy concerns, data acquisition costs, and the
difficulty of obtaining labelled samples,
resulting in small-scale datasets [1]. This
scarcity of data presents a significant obstacle to
traditional machine learning and deep learning
methods, which typically require large volumes
of labelled data for effective model training [2].
The problem of few shot classification, where
the goal is to classify with minimal examples,
becomes particularly pertinent in this context.
Breast cancer detection is a formidable
challenge due to the scarcity of comprehensive
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and diverse datasets, which hinders the
development of accurate classification models.
Traditional machine learning and deep learning
approaches rely heavily on abundant labelled
data for effective model training. However, the
paucity of labelled samples in medical imaging,
particularly in breast cancer datasets, limits the
effectiveness of these methods. This limitation,
compounded by class imbalance within the data,
prompts the exploration of innovative strategies
such as few-shot learning. The few-shot
learning paradigm offers a promising solution
[3, 4] by facilitating accurate classification even
with  minimally labelled samples, thus
addressing the pressing need for robust and
adaptive models in breast cancer diagnosis.

Metastatic cancers, particularly breast cancer,
pose a substantial threat. Arising in mammary
ducts or glands, it swiftly spreads [5],
emphasising the need for early detection, which
has proven effective in reducing related deaths
by 40% [6]. Ultrasound (US) imaging, a
painless and comfortable real-time technique, is
employed in breast cancer diagnosis [7]. It is a
widely favoured method in the initial
assessment of breast cancer, surpassing
alternatives like mammography and biopsy.

Meta-learning has emerged as a compelling
approach to address the constraints of small
datasets. This technique equips models with the
ability to rapidly adapt to new tasks with
minimal training samples, making it a
promising tool for enhancing classification
accuracy. In this paper, we delve into the
application of meta-learning in the specific
domain of breast cancer classification using
medical images, aiming to leverage this
approach to not only enhance classification
accuracy but also contribute to more efficient
and reliable early detection of metastatic breast
cancers, thereby improving patient outcomes.

Computer-aided diagnosis systems (CADx) are
frequently used in the early diagnosis of breast
cancer as well as in the early diagnosis of many
cancers. In recent years, deep learning-based
CAD systems have given promising results in
the diagnosis of many cancers. Previous CAD
systems often included classical machine

learning approaches, but these approaches
lacked the ability to generalize. As deep
learning-based approaches overcome  this
problem, studies are presented in the diagnosis
of breast cancer from US images. Since there is
only one public dataset in the literature
containing US images (BUSI) [8], a competent
CAD system has not been presented. Deep
learning approaches offer more effective results
when trained with large-scale data [9].

Meta-learning is a machine learning subfield
that equips models with the ability to quickly
adapt to new tasks based on prior experience,
even with limited data. In other words, meta-
learning aims to improve the ability of a model
to learn new skills or adapt to new
environments, by using the knowledge it has
acquired from previous tasks.

Meta-learning finds applications across various
domains, including image and speech
recognition, natural language processing,
robotics, and healthcare [10]. It enhances
machine learning models for tasks like disease
diagnosis, treatment planning, and drug
discovery [11].

Meta-learning in cancer diagnosis helps to
optimize  model  performance  through
hyperparameter tuning or by exploiting prior
experience [12]. Ouyang et al. [12] introduced
SSL-ALPNet, a self-supervised framework for
medical images that uses superpixel-based
pseudo-labels for annotation-free training. They
improved the segmentation accuracy by
incorporating an adaptive local prototype
pooling module into the prototype networks.
Sun et al. [13] proposed a fast learning model
for medical image segmentation, using episodic
training with a global correlation module. This
method focuses on capturing spatial
consistency, which is crucial in medical images,
and shows improved discriminative ability with
few training images.

Feng et al. [14] introduced interactive few-shot
learning  (IFSL) for medical image
segmentation, easing annotation burdens. Their
medical prior-based few-shot learning network
(MPrNet) uses a minimal set of annotated
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support images to guide query image
segmentation  without  pretraining.  The
interactive learning-based test time
optimization algorithm (IL-TTOA) optimizes
and fortifies MPrNet interactively, a pioneering
aspect in few-shot segmentation. Singh et al.
[15] proposed “MetaMed,” leveraging meta-
learning for rare disease adaptation in medical
image classification. Validated on Pap smear,
BreakHis, and ISIC 2018 datasets, they used
advanced augmentation techniques to combat
overfitting, aiming to enhance few-shot
learning. Hansen et al. [16] offered a novel
approach  for few-shot medical image
segmentation, focusing on anomaly detection
instead of background modelling. Their method,
using a single foreground prototype and self-
supervision with 3D structures, surpassed prior
segmentation methods, tested on MRI datasets
for abdominal organ and cardiac segmentation.

In a recent study [17], researchers developed a
breast cancer classification model using meta-
learning and multiple convolutional neural
networks (CNNs). They improved accuracy by
incorporating meta-learning, transfer learning,
and data augmentation while focusing on the
BUSI dataset. Within a meta-learning
framework, various CNN models like Inception
V3, ResNet50, and DenseNetl21 were
employed. The study evaluated both individual
CNN models and their proposed meta-model’s
performance in classifying benign and
malignant breast lesions, achieving an accuracy
0f 0.90.

In literature, it has been observed that there are
many studies in the field of meta-learning for
medical image analysis, particularly for cancer
diagnosis, and these studies have yielded
successful results. In particular, the use of
ultrasound imaging for breast cancer diagnosis
is a noninvasive and cost-effective tool for early
diagnosis. However, the limited availability of
publicly available datasets of ultrasound images
of breast cancer and the insufficiency of the
BUSI dataset for deep learning techniques
necessitate the exploration of alternative
methods. In this regard, meta-learning has
emerged as a popular method that offers more

effective and successful results. In this study, we
used meta-learning algorithms that require less
data than deep learning architectures for the
diagnosis of breast cancer using ultrasound
images, which is one of the deadliest types of
cancer. The novel aspects of our study that
differentiate it from other studies are as follows:

This study presents an approach for medical
image classification using meta-learning in
situations with limited data. The standard few-
shot classification with meta learning approach
involves using two datasets with the same
distribution as the source (base classes) and
target (novel classes) domains, with a portion of
the dataset being designated as base classes for
training and the rest as novel classes. In simpler
terms, base classes represent the categories of
data used for initial model training, while novel
classes are categories introduced during testing,
which the model has not encountered during its
initial training. However, the challenge arose
when working with the breast ultrasound
images (BUSI) dataset in this study, as it
consisted of only three classes, making it
unsuitable for the standard  few-shot
classification approach. To overcome this
limitation, we devised a cross-domain strategy.
In this approach, we leveraged other datasets for
the meta-training phase, where the model
learned to perform few-shot classification tasks.
Meanwhile, we reserved the BUSI dataset
exclusively for the meta-testing phase, where
we evaluated the model’s performance on the
specific medical image classification task at
hand.

This innovative cross-domain  approach
effectively tackled the twin challenges of
limited data and the low-class problem in the
BUSI dataset. The term ’low-class problem’
pertains to situations where the dataset contains
a restricted number of distinct classes. As far as
our knowledge extends, this marks the
pioneering attempt to apply meta-learning for
few-shot classification on the BUSI dataset,
employing a cross-domain methodology to
address its unique characteristics and
challenges.
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2. Few-shot classification scheme

In conventional classification tasks, training and
test sets comprise distinct samples from
identical classes. The classes used for testing are
those previously encountered during training.
Conversely, in few-shot learning during testing,
instances from new, unseen classes are
classified [18]. There’s a clear demarcation
between the classes in the training and test sets.
During the test or inference phase, there exist
only a limited number of labelled data points for
each class. Few-shot learning consists of two
main phases: an initial training phase, which
aims to make a model adaptable to new tasks,
and a subsequent adaptation phase, where the
already trained model is fine-tuned to perform
these new tasks. This learning method focuses
mainly on classifying rare classes during the
meta-testing phase, while the meta-training
phase involves training the model to achieve
adaptability.

The objective of few-shot classification is to
train a model that can promptly adapt to a new
classification task using a limited number of
observations. During the training stage, a model
fo 1s learned using a training algorithm on a
train _ |ptrain|

dataset D = {(x,¥i)}i=1 Each
element (xi,yi) in the D" represents the ith
example with its corresponding label, where x;
€RP, and the label yi are both drawn from a set
of N¢ classes. During the subsequent adaptation
stage, a set of tasks T for few-shot classification
is formulated using the test dataset D*¢5¢  where
the classes differ from those in D%™

Every task Tiis made up of a support set S,
which is employed for adapting the model, and
a query set Q, which is employed for evaluating
the model, and has identical label categories as
that of S. When there are N categories in the

support set S, and each category has K
examples, Tiis known as an N-way K-shot task.
The query set Q has N categories and each
category contains q samples. The objective is to
categorize all N X q samples in Q into their
respective N categories [18, 19]. The support
and query sets are defined in Egs. 1 and 2
formulas, respectively.

S={(x,y)}Z, ,m=NxK (1)
Q={(x;,y)}i=1,2=NXxgq (2)

where x € RP is the D-dimensional input vector,
y is the class label of the input sample and q is
the number of queries from each class. During
training, the model’s predictions on the query
sets are compared with the ground truth labels
and loss is calculated. In the testing phase,
metrics such as accuracy and precision of the
model are calculated on the query set with the
information obtained from the support set.

The aim of few-shot learning is to learn a
generalizable classification model fy for K
samples from N unseen classes. Transfer
learning and data augmentation techniques are
also generally used for few-shot learning [19].
While these methods have their merits, our
study specifically employs meta-learning
algorithms for few-shot classification on breast
images to address the challenges posed by
limited data conditions in medical image
classification scenarios. The distinct advantages
of meta-learning, including rapid adaptation to
new tasks with limited data and learning from
related tasks, are exploited to develop a robust
and generalizable few-shot classification model.
The results obtained by our meta-learning
approach are systematically compared with
those obtained by the conventional transfer
learning technique.
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Fig. 1 For few-shot classification, the dataset is partitioned into meta training and meta-testing and the classes in these parts do not overlap. Meta-training
and meta-testing should have the same conditions. In both parts, the examples are organized into many tasks (episodes) and put into the classification
process. Base classes generally refer to datasets with many examples, while novel classes refer to datasets with few and unseen examples to be classified.
In ProtoNet, the embedding space (f8) is learnt from meta-training tasks according to the distance metric. In meta-testing, the embedding vector of the
instances is obtained using f@and the query set is classified based on the distance metric. In MAML, the parameter space learnt in metatraining is updated
in meta-testing and the query set is classified accordingly. Thus, it can be said that ProtoNet learns to compare and MAML learns to fine-tune. Conv-4,
ResNet18, ResNet34, and ResNet50 networks were used to obtain the embedding space. Figure adapted from [31]

2.1. Meta-learning approaches

The goal of meta-learning is to develop models
that can learn from a small amount of data and
generalize to new tasks with similar
characteristics. Meta-learning, akin to transfer
learning, optimizes models for multiple sub-
tasks during training. Instead of fine-tuning a
single sub-task, meta-learning optimizes the
model for success across numerous sub-tasks by
segmenting the training phase into multiple
subsets, referred to as episodes or tasks. This
type of training is called episodic training [20—
22] (Fig. 1).

In the episodic training process, the test process
1s mimicked with the query set used. Because
the instances of the query set in each episode are
different from the support instances. In each
episode, the few-shot learning model performs
N-way K-shot classification using distinct
support and query sets. Each episode consists of

new support and query sets and contains K and
q randomly selected exam ples from N classes
for these sets, respectively. In the test phase, the
performance of the examples in the query set is
measured using the knowledge of the support
set. There are generally 3 different approaches
in_meta learning: metric-based [20, 23-25],
model-based [26, 27], and optimization-based
[28-30]. In our study, we employed two
prominent meta-learning techniques, proto
typical networks (ProtoNets) [24] and model
agnostic meta-learning (MAML) [29], to
enhance the accuracy of medical image
classification, particularly in the context of
breast cancer diagnosis. We chose ProtoNets
and MAML for their effectiveness in few-shot
learning scenarios. ProtoNets uses metric-based
meta-learning to generate proto types for each
class, which facilitates fast classification.
Meanwhile, MAML, an optimization-based
approach, enables rapid adaptation to new tasks
by fine-tuning model parameters. Both

IJCRT2505144 ‘ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ‘ b280


http://www.ijcrt.org/

www.ijcrt.org

© 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882

techniques excel in scenarios with limited
labelled data.

2.2. Prototypical networks (ProtoNet)

Prototypical networks are a metric-based meta-
learning algorithm that works similarly to the
nearest neighbour method. In metric-based
approaches, an embedding space (feature
vectors) is learnt in which instances belonging
to the same class are close to each other
according to certain metrics. This approach is
based on similarity or distance metrics. Using
these metrics, the similarity or distance of the
instances in the query set to the instances in the
support set is calculated. Accordingly, the mean

of the feature vectors of all instances in the
support set is computed. Given a new query
instance X is classified according to its distance
or similarity to these means (Fig. 2). Here,
differentiable distance functions such as
Euclidean distance [24] or cosine distance [20]
can be used to calculate distances (d). In the
ProtoNet approach, a neural network model
(fg), known as the backbone, transforms
support set samples into feature vectors. These
feature vectors are used to calculate prototypes,
which represent the mean feature vectors of
instances within the same class (c¢) (Eq. 3). In
Eq. 3, Sc denotes the instances of class ¢ in the
support set and vc denotes the prototype of class
c (Fig. 2).

Fig. 2 The instances of the support set (S) and the instance x (query) are mapped into the embedding space by passing through the backbone model fh.
The prototype of each class (v¢) is calculated and the instance x is assigned to one of the support set prototypes according to the distance metric d

The examples in the query set can be classified
according to the prototypes calculated using the
support set. For this purpose, the feature vectors
of the instances in the query set (x) should be
extracted with the embedding function f6. Then,
these feature vectors and the prototype of each
class (vc) are passed through the distance
function (d) and probability distributions are
calculated. A small distance between the two
(i.e. high similarity) means that the probability
value is high. The softmax function used for
probability distributions is given in Eq. 4.
1

=15 Xxpese fo(xi) (3)
p(y = clx) = softmax (-d (fo(x), v¢))

Ve

— exP(_d(fQ(x)rvc)) (4)
Zcrec exp(—=d(f g (x),vcr))

Here, training is performed based on the cross-
entropy error of the query set instances in meta-
training. The parameters of the fh backbone
network are updated to minimize the loss
values. Briefly, ProtoNets work by learning a
prototype representation for each class in a way
that minimizes the distance between the
prototype and support examples (training
images). In our application, ProtoNets were
adapted to the medical image classification task
by utilising them to generate compact and
discriminative representations of breast cancer
lesions. These representations were then used to
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classify new, previously unseen lesions as
normal, benign, or malignant.

2.3 Model agnostic meta-learning (MAML)

MAML, one of the optimisation-based
approaches, allows the 6 parameters of the
model to adapt quickly and easily to new tasks
(classes). The initial 8 parameters of the model
are adapted to new tasks with only a few
examples in one or a few gradient steps. The
difference from ProtoNet is that the model is
fine-tuned for each episode in training and
prediction is made by repeating the same
process in testing. A diagram of the MAML
algorithm is given in Fig. 3. The meta-training
and meta-testing phases consist of episodes
(tasks). The dataset for meta-training consists of
episodes in the form of Diygin =
{E1, E,, ..., E, }and each episode consists of a
support and query set in the form of E; =
{Si, @;}. The MAML algorithm shown in Fig. 3
basically performs the computations for each
episode in two stages:

fo(S) = 77, 6; = 6 —aVeL(S,77)  (5)

f0,(Q) = ¥2.0 = 0 — BVeL(Qi,72)  (6)

— meta-learning
---- |earning/adaptation

VLs

1./ \. 0;

Initially, the parameters 6 are random values. «

and [ are hyperparameters indicating the step
size. In the first stage, the 6 values for each
episode are fine-tuned with the samples of the
support set (Eq. 5). In the second stage, the h
parameters are updated using the samples of the
query set (Eq. 6). These stages are repeated for
each episode and the 8 parameters are updated
by the stochastic gradient descent (SGD)
method according to the derivative of the total
Loss (L) value. Here, L is calculated by
comparing the model predictions (y) with the
ground truth. At meta-testing stage, the learnt h
parameters are used as a starting point for the
given support and query sets. The fine-tuning
process in training with new tasks is repeated
here and new parameters (6..5;) are obtained.
Predictions are made using the new parameters.
In our context, MAML was applied to fine-tune
the CNNs used for image classification. By
initializing the CNNs with parameters
optimized for rapid adaptation to the task of
breast cancer classification, MAML enabled our
models to perform effectively even with limited
training data.

Fig. 3 MAML algorithm: The initial parameters of the model (8) are fine-tuned for three different tasks(81, 82,83 ) and adapted to the new tasks. Thus,

the few-shot process (meta-testing) is actually imitated in the meta-training phase

By incorporating these  meta-learning
techniques into our methodology, we effectively
addressed the challenges posed by small
medical datasets, ultimately leading to
improved classification accuracy. In the
following sections, we provide further details on
our experimental setup, datasets, and evaluation

metrics, shedding light on how these techniques
were applied in the context of our study.

3. Experiments

3.1. Datasets
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Three datasets were used in this study: mini-
ImageNet [19], BreakHis [32], and BUSI [8].
Of these, mini-ImageNet and BreakHis were
used to obtain the few-shot model in the meta-
training stage, while BUSI was used for few-
shot classification in the meta-testing stage.

3.1.1. Mini-ImageNet

The mini-ImageNet dataset was proposed by
Vinyals et al. [19] for few-shot learning. It is a
dataset consisting of 100 ImageNet [33] classes
and each class contains 600 images of size 84 X
84. Base, validation and novel sets contain 64,
16 and 20 classes, respectively. In this study, the
mini ImageNet dataset was used in the meta-
training stage to obtain the M(.|S;) model.
Therefore, 80 classes (base + validation) were
used as the base and the remaining 20 classes
(novel) as the validation set. Since this dataset
is lightweight, it was possible to quickly obtain
the results of many experiments.

3.1.2. BreakHis

The BreakHis dataset is a collection of 9109
microscopic images of breast tumor tissue taken
from 82 individuals at different magnification
levels (40 x, 100 x, 200 x, and 400 x). The
images have dimensions of 700 pixels (height)
and 460 pixels (width). The dataset has 8
different sub-classes of two main classes
(malignant, benign), and examples are shown in
Fig. 4. Here, as in mini-ImageNet, the BreakHis
dataset was used in the meta-training stage to
obtain the M(.|S,) model. For this, 5 classes
were used as the base and 3 classes as validation
purposes.

3.1.3. BUSI

The breast ultrasound images dataset (BUSI),
which contains 780 images collected from 600
female patients between the ages of 25 and 75
in 2018, with a resolution of 500 500 pixels.
These images are divided into three categories:

normal (133), malignant (210), and benign
(437). Ground truth images are also available
for use in image segmentation or detection. The
BUSI dataset is an important tool for the
classification of breast cancer in deep learning.
Figure 5 illustrates some examples from the
BUSI dataset. The BUSI dataset was used in the
meta testing stage to test the performance of the
M(.|S;,) model obtained by fast adaptation. For
this purpose, all 3 classes were used as the novel
set. In the context of meta-learning, splitting
datasets into training and testing sets becomes
challenging when dealing with datasets like
BUSI, which have a small number of classes
(normal, benign, and malignant). In
conventional machine learning, we typically
split the data into training and testing sets based
on individual examples within each class, but in
meta-learning, we need to allocate entire classes
for training and testing, which can be
problematic when dealing with a small number
of classes. The BUSI dataset, with its three
classes, presents this challenge. To address it,
we employed a cross-domain strategy that
involved leveraging two distinct datasets for our
meta-learning task. We used the BreakHis and
minilmageNet datasets during the meta-training
phase. In the meta-testing phase, we then
applied our trained model to the actual BUSI
dataset to evaluate its performance on the
specific breast image analysis task we were
interested in.

3.2. Used backbones

In few-shot learning models, backbone
networks are wused for feature-extracting
functions. In this study, two back bone networks
are used.

3.2.1. Conv-4

The configuration in [19, 23] was used for this
backbone. There are four conv blocks in this
architecture. Each conv block has 3*3 conv
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layers with 64 filters, batch normalisation,
ReLU nonlinearity, and 2*2 max-pooling.

3.2.2. ResNet architectures

ResNet (Residual Network) architectures were
proposed by He et al. [34]. In this study, the

- "‘..'»‘ 2 . ". > o7

Adenosis

Fibroadenoma

Fig. 4 Examples from 8 classes in the BreakHis dataset (images from [15])

Lobular Carcinoma

proposed ResNetl8, ResNet34, and ResNet50
architectures were used. These architectures
differ from each other in terms of the number of
layers, the number of conv layers in each
residual block, and filter size. ResNet18 is the
simplest version of ResNet, and it consists of 18
layers, including the input and output layers.

SRR

Tubular Adenoma

Fig. 5 Sample images from the breast ultrasound images (BUSI) dataset showing instances from each of the three classes: benign, malignant, and normal.
““Benign” indicates an image displaying a tumor, but one that is not caused by cancerous cells. “Malignant” describes an image showing a tumor with
cancerous cells. “Normal” refers to an image that does not show any cancerous cells
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It has 11.69 million parameters. This
architecture is relatively lightweight and fast to
train, making it a good choice for tasks where
computational resources are limited. ResNet34
is slightly more complex than ResNet18, and it
has 34 layers, including the input and output
layers. It has 21.8 million parameters. ResNet34
is more powerful and can learn more complex

Table 1 Input image sizes of backbone networks

Backbone Input
image size
Conv-4 84 x 84

ResNet18, 34, 50

224 x 224

features than ResNetl8. ResNet50 is the more
complex version of ResNet, and it consists of 50
layers, including the input and output layers. It
has 25.56 million parameters. ResNet50 is the
most powerful of the three ResNet architectures
and can learn the most complex features. In
Table 1, the input sizes of the used backbones
are given.

tumor, but one that is not caused by cancerous cells. “Malignant” describes an image showing a tumor with cancerous cells. “Normal” refers to an image

that does not show any cancerous cells

ResNet has a deeper network structure than
Conv-4. With skip connections, ResNet
prevents gradient vanishing, allowing for
smoother training and hierarchical feature
learning. Its depth improves performance on
limited datasets by capturing finer patterns. In
addition, ResNet’s regularization effect
minimizes overfitting, ideal for medical
imaging tasks with limited data.

3.3 Experimental setup

In this study, all experiments were carried out
on a personal computer with specific hardware
specifications. The most recent version of Linux
operating system, Ubuntu 22.04, which is well-
suited for deep learning platforms, was used.
The computer was equipped with an Intel
CoreTM 17 12700 K Processor, 64 GB of DDRS5
RAM, and a NVIDIA RTX3090 graphics card.
The NVIDIA RTX 3090 graphics card has
10,496 CUDA cores, 328 tensor cores, and a
384-bit memory interface with 24 GB of
GDDR6X memory. The programming language

used was Python, and the PyTorch and NVIDIA
CUDA Toolkit 11.7 frameworks were
employed.

3.4 Evaluation

Evaluation or performance metrics are used to
determine the generalization performance of the
deep learning model. These metrics are
commonly used in measuring the performance
of the model and its ability to generalize. In this
study, we employ a set of performance metrics
including accuracy, sensitivity, specificity, and
the F1-score for evaluating model performance.
Accuracy signifies the proportion of accurate
predictions among the total predictions made.
Sensitivity measures the model’s proficiency in
detecting positive samples among the actual
positive instances. Specificity quantifies the
model’s aptitude in recognizing negative
samples within the entire pool of actual
negatives. The F1-score serves as a consolidated
metric, taking into account the model’s capacity
to accu rately identify positive samples while
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also minimizing the occurrence of false
positives (Eq. 7). In Egs. 7-10, we use the
following abbreviations to denote prediction
outcomes: TP represents true positives, TN
stands for true negatives, FP indicates false
positives, and FN represents false negatives.

_ TP+TN

Accuracy = o )

Sensitivity(Recall) = —— (8)

Specificity = prev 9)

Fl-score = ————— (10)
2TP+FP+FN

3.5 Experimental details

All experiments were performed using
PyTorch [35] in combination with the torch-
meta [36] library. The torch meta library is a
collection of data loaders for few-shot learning
tasks. The MAML algorithm requires a second-
order derivative to calculate the gradients of
the h parameters. Due to the high input size
and time problems of second-order derivative
calculations, the first-order MAML
(FOMAML) algorithm was proposed by Finn
et al. [28]. The performance of the proposed
algorithm on the Mini-ImageNet dataset was
very close to the MAML algorithm. The
FOMAML algorithm was utilized in this study
due to its faster nature.

Four different convolutional network
architectures are utilized as the basis for the
feature extraction function (fy) in the
evaluation of our methods: Conv-4, ResNet18,
ResNet34, and ResNet50. All networks are
trained for 100 epochs using stochastic
gradient descent, with an initial learning rate of
0.01 and a batch size of 16. The learning rate is
scaled by 0.1 after every 20 epochs. In this
study, the algorithm followed for few-shot
classification of the three class BUSI dataset
using meta-learning has four steps:

1. Defining the set of meta-training tasks:
These tasks represent different 3-way
classification problems. In this step, mini-
ImageNet and BreakHis datasets were used.
The separation of the datasets into base,
validation, and novel sets is described in
Sect. 3.1.

2. Training the meta-learner: A meta-learner
was trained on the meta-training tasks. The
goal of the meta-learner is to predict the best
combination for a given task. In this step,
ProtoNet and FOMAML were trained as
meta-learner.

3. Evaluating the meta-learner on the set of
meta validation tasks: The meta-learner was
evaluated on a set of validation tasks to
assess its performance and to get the
hyperparameters that work best. In this case,
the optimal number of episodes for the best
accuracy was determined through the use of
the validation set. The hyperparameters of
ProtoNet and FOMAML networks are given
in Tables 2 and 3, respectively.

4. Using the meta-learner to solve the novel
task: Given a new few-shot classification
task, the meta-learner was used to predict the
best .combination of model architecture,
optimizer, and hyperparameters. A model
was then trained using these predictions and
used to make predictions on the new task. In
this step, the BUSI dataset was fine-tuned
for 3-way classification.

For N-way classification in meta-training, N
was chosen as 3 in all experiments. There are 3
classes in each episode. For the number of
samples in the support set (K-shot), K=3 and
for the query set g=15. In the meta-testing
stage, the BUSI dataset was used as novel
classes. In the meta-testing, N was chosen as 3
and experiments were performed separately for
K values 1, 2, 5, and 10. To be clear, basically
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two experiments were conducted: (i) mini-
ImageNet in meta-training stage and BUSI in
meta-testing (mini-ImageNet — BUSI), (i1)
Table 2 Prototypical networks hyperparameters

BreakHis in meta-training stage and BUSI in
meta-testing (BreakHis — BUSI).

Hyperparameter Options
Backbone ResNets, Conv-4
Learning rate (LR) 0.0001

LR decay rate 0.9

Adapted from [37]

Table 3 FOMAML hyperparameters

Hyperparameter Options
Backbone ResNets, Conv-4
Outer loop LR 0.0004
Outer loop LR decay rate 0.65
Inner loop LR 0.005
Inner loop steps 10

Adapted from [37]

4. Results

In addition to experiments with meta-learning
algorithms, transfer learning was also used as a
baseline model. Transfer learning is a machine
learning approach that allows a pre-trained
model to be reused for another task [38].
Transferring information from learned tasks to
new tasks with few examples increases
classification performance [39]. Here, a
pretrained ResNetl8 network with ImageNet
dataset was used. Then, the obtained model was

fine-tuned on the BUSI dataset with the transfer
learning approach. For this, the images were
converted to the input size of the ResNetl8
network. The hyperparameters are as follows:
learning rate 0.001, mini batch size 16 and 300
epochs. This model was used as a baseline for
comparison purposes and achieved an accuracy
of 0.831. Tables 4 and 5 present the accuracy
achieved in the 3-way classification of the BUSI
dataset using different backbones and two meta-
learning algorithms for various shot values
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during meta-training with the mini-ImageNet
and BreakHis datasets, respectively.

Table 4 Accuracy rates for the 3-way classification of BUSI using

Backbone  ProtoNet FOMAML

I-shot 2-shot 5_shot 10-shot 1-shot 2-shot 5-shot 10-shot
Conv-4 0.801 0.804 0.824 0.841 0.750 0.755 0.782 0.812
ResNetl8  0.815 0.821 0.835 0.866 0.758 0.766 0.789 0.825
ResNet34  0.815 0.825 0.842 0.880 0.762 0.781 0.789 0.834
ResNet50  0.820 0.829 0.850 0.882 0.769 0.795 0.810 0.845

mini-ImageNet dataset in meta-training

Table 5 Accuracy rates for the 3-way classification of BUSIusing

Backbone  ProtoNet FOMAML

she 2-shot 5-shot 10-shot 1-shot 2-shot 5-shot 10-shot
Conv-4 0.790 0.798 0.812 0.848 0.741 0.755 0.784 0.820
ResNet18  0.802 0.810 0.837 0.870 0.745 0.771 0.801 0.825
ResNet34  0.805 0.814 0.845 0.883 0.754 0.786 0.815 0.842
ResNet50  0.808 0.814 0.858 0.889 0.756 0.801 0.821 0.854

BreakHis dataset in meta-training

performance. ProtoNet consistently
outperforms FOMAML in terms of
accuracy across all shot wvalues and

When examining the results, we can
observe that across both ProtoNet and
FOMAML, the choice of backbone

architecture significantly impacts accuracy.
As we move froml-shot to 10-shot,
accuracy consistently improves for all
backbones and algorithms. This suggests
that having more labelled examples(shots)
for each class results in better classification

backbones. This indicates that, in this
context, ProtoNet is more effective in
learning a generalizable classification
model for the BUSI dataset. The highest
accuracy achieved in these experiments are
0.882 and 0.889, respectively, which
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corresponds to using
theResNet50backbonewith

ProtoNetandal0-shot setting. This
configuration results in the most accurate
classification of breast ultrasound images in
the 3-way classification task. To provide a
clearer overview of the results, we have
computed the average accuracy values for
the different methods, and these
consolidated results are presented in Fig.6.
It appears that ProtoNet outperforms
FOMAML in accuracy, especially as seen in
(Fig.7, top). The implementation simplicity
and remarkable performance of ProtoNet
indicate its potential for accurately
classifying the BUSI dataset with few
examples. During the meta-training stage,
both methods utilized mini-ImageNet and
BreakHis datasets. In ProtoNet, the
performance obtained with the BreakHis
dataset  outperforms  mini-ImageNet,
especially after 5-shots. This is observed in
the FOMAML method after 2-shots (Fig.7,
left).As the number of K increases, the
BreakHis dataset becomes more successful
than mini-ImageNet after a certain value.
This may be due to the fact that the
BreakHis And BUSI datasets are similar
and at the same time fine grained. It has
been established that a high degree of
similarity between the source and target
datasets enhances the accuracy of few-shot
classification [23, 28, 30]. In general,
deeper and more complex backbones, such
as ResNet models, tend to yield higher
accuracy compared to Conv-4, indicating
that deeper models are better at capturing

the underlying patterns and features in the
BUSI dataset. The improved performance
of ResNet models with higher complexity
has led to longer training times and greater
computational resource requirements. Thus,
there needs to be a trade-off between
performance and cost. Efforts should be
made to make these networks more efficient
for low powered devices, such as mobile
phones. Since accuracy consistently
increases with higher K values, we
calculated sensitivity (recall), specificity,
and the Fl-score using the maximum K
value (10-shot) in Tables 6 and 7. Also,
according to these tables, ProtoNet
performs better than FOMAML in terms of
sensitivity, specificity, and F1 score in the
3-way 10-shot classification of the BUSI
dataset, regardless of the backbone and
dataset used.

The comparison between meta-learning
methods and the transfer learning approach
utilising pre-trained ResNet18 is evident in
Fig. 7. For low values of K, transfer learning
outperforms the other methods. It also
generally outperformed the FOMAML
method. However, when K is larger than 10,
the meta-learning methods begin to surpass
the transfer learning approach. If stronger
models are used in place of ResNetl8,
transfer learning may perform better than
certain meta-learning setups. Nevertheless,
in the absence of pre-trained models
required in transfer learning, meta-learning
is a viable option [40].
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0.86 0.834

0.83
0.8 0.788
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0.68
0.65
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0.56
0:53
0.5

mini-lmageNet

m ProtoNet

Fig. 6 Average accuracy scores of the methods across the datasets

0.83
I :

BreakHis
=mFOMAML

Fig. 7 The effectiveness of meta-learning methods with various configurations improves as the number of examples increases. Additionally, in some
cases, the transfer learning approach outperforms metalearning

ProtoNet + mini ImageNet

—8=Conv-4 =#=ResNet18
—o-—ResNet34 ResNet50

FOMAML + mini ImageNet

—@=Conv-4 =—a=ResNet18
—o—ResNet34 ResNet50

0.88 0.88
0.86 0.86
0.84 Transfer 0.84 Transfer
0.82 s 3 Learning 082 3 Learning
08 08
0.78 0.78
0.76 0.76
0.74 0.74
1 2 5 10 shots 2 5 10 shots
ProtoNet + BreakHis FOMAML + BreakHis
0.88 0.88
0.86 0.86
0.84 Transfer 0.84 Transfer
0.82 Leaming g2 2" Learning
08 08
0.78 0.78
0.76 0.76
0.74 0.74
1 2 5 10 shots 2 5 10 shots
Backbone ProtoNet FOMAML
. t. . t
Sensitivity Sensitivity  Specificity  Fl-
Specificity Fl1-score score
Conv-4 0.820 0.855 0.838 0.781 0.840 0.825
ResNet18 0.832 0.850 0.855 0.790 0.840 0.832
ResNet34 0.875 0.889 0.861 0.810 0.855 0.846
ResNet50 0.880 0.899 0.872 0.815 0.872 0.855
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Backbone ProtoNet FOMAML
Sensitivity Sensitivity  Specificity  Fl-
Specificity Fl-score score
Conv-4 0.835 0.855 0.848 0.815 0.840 0.829
ResNet18 0.842 0.855 0.855 0.825 0.845 0.845
ResNet34 0.885 0.898 0.877 0.825 0.865 0.850
ResNet50 0.888 0.910 0.892 0.845 0.879 0.870

Table 6 The sensitivity, specificity, and F1-score for the 3-way 10-shot classification of BUSI
Table 7 The sensitivity, specificity, and F1-score for the 3-way 10-shot classification of the BUSI
using the BreakHis dataset during meta-training
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5. Discussions

In the realm of medical applications, the
integration of meta-learning techniques has
witnessed significant traction, particularly in the
domain of medical image segmentation.
Noteworthy studies conducted by Sun et al. [13],
Feng et al. [14], and Hansen et al. [16]
exemplify the burgeoning interest in harnessing
the potential of meta-learning to bolster the
accuracy and efficacy of medical image
segmentation  tasks.  These  pioneering
investigations have illuminated the promising
prospects of employing meta learning in
medical image analysis.

Specifically, Singh et al. [I5] made
substantial strides by introducing a gradient-
based Reptile meta-learning  algorithm,
thoughtfully coupled with innovative image
augmentation strategies. Their meticulously
crafted approach was synergistically fused with
the Conv-4 backbone architecture, rendering
impressive outcomes. Their diligent efforts
resulted in an outstanding accuracy rate of
86.12% when confronted with the formidable
challenges posed by the BreakHis dataset, a
benchmark  task that entails  10-shot
classification. This accomplishment
underscores the capability of meta-learning in
substantially enhancing medical image analysis
tasks, exemplifying its potential to excel in
complex and demanding contexts.

In a parallel vein, Ali et al. [17] embarked on
a mission to tackle breast cancer classification,
particularly the binary discrimination between
benign and malignant cases, using the BUSI
dataset. Their strategy hinged upon the
utilization of ensemble learning, a technique that
amalgamates the outputs of multiple
convolutional neural networks (CNNs). The
outcome of their collective endeavor yielded an
impressive accuracy rate of 90%, underscoring
the proficiency of ensemble learning in
enhancing the classification accuracy of breast
cancer lesions.

However, it is imperative to discern the
nuanced distinctions between these laudable
endeavors and our present study. While Ali et al.
[17] focused on a binary classification task, our
research takes a more intricate route by
addressing the three-class classification
problem. In doing so, we not only differentiate

between benign and malignant lesions but also
incorporate  a ’normal’ class into the
classification schema. This augmentation of
complexity necessitates a more nuanced
evaluation, and direct comparisons between
these studies may not be entirely equitable due
to the inherent differences in the classification
tasks.

In summary, our study reaffirms the
promising  potential of  meta-learning
techniques, mirroring the strides made in
medical image analysis by researchers such as
Singh et al. [15] and Ali et al. [17]. However, it
distinguishes itself by undertaking a more
intricate and challenging three-class
classification task, further contributing to the
growing body of knowledge in the field of
medical image analysis.

6. Conclusion

An approach that utilizes meta-learning for
medical image classification under limited data
conditions as a few-shot learning task was
presented in this research. The few-shot
classification with meta-learning - approach
typically involves using two datasets from the
same distribution as the source and target
domains. For training, a portion of the same
dataset is used as the base classes while the
remaining part is designated as the novel
classes. -However,  in this study, the BUSI
dataset, which has only three classes, could not
be divided into base and novel sets. To
overcome this issue, we used other datasets
(mini-ImageNet and BreakHis) for meta-
training and the BUSI dataset for metatesting in
a cross-domain approach. This not only
addressed the problem of data scarcity but also
solved the low-class problem of the BUSI
dataset. The similarity between the BreakHis
and BUSI datasets also contributed to the
success of the few-shot classification. To the
best of our knowledge, this study is the first
attempt to apply few-shot classification using
meta-learning on the BUSI dataset. The
methodology we used can be adapted to other
datasets with similar problems.

In the study, two meta-learning algorithms
were used: metric-based prototypical networks
(ProtoNet) and optimization-based first-order
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model agnostic meta-learning (FOMAML). The
results of the experiments showed that ProtoNet
outperformed FOMAML. Furthermore, the use
of ResNet models as the backbone networks for
feature extraction was more successful than
using a four-layer convolutional model.

In our upcoming efforts, our focus extends to
an indepth exploration of various meta-learning
methods and datasets to strengthen the
adaptability and robustness of our approach.
This includes an investigation of prominent
meta-learning algorithms such as relation
networks, matching networks, and gradient-
based meta-learning. Our rationale lies in the
search for more nuanced strategies to effectively
navigate the intricacies of limited medical
datasets. By exploring these alternative
methodologies, we aim to fine-tune our
approach and uncover innovative ways to
address the inherent challenges posed by limited
data availability in medical imaging. At the
same time, our plan includes an extensive
evaluation of various datasets that offer
distinctive complexities and reflect different
medical imaging scenarios.

In addition, our future endeavours include an
in-depth exploration of data augmentation
strategies to mitigate overfitting risks and
enhance learning capabilities from sparse
datasets. We aim to explore techniques such as
Mixup, CutMix, and Random Erasing, among
others, to increase the robustness of our models,
especially in the face of highly imbalanced or
limited data scenarios. This research seeks to
exploit the potential of augmentation strategies
to enrich the model’s learning patterns, promote
generalization, and mitigate the risks of
overfitting. Additionally, within metric-based
models, the exploration of various distance
metrics such as cosine similarity, Euclidean
distance, and Mahala Nobis distance is critical.
This strategic exploration aims to enhance the
discriminative power of our models and
potentially guide advances in classification
accuracy by optimizing the model’s ability to
decipher intricate patterns within medical
images.

Data availability The datasets analyzed during
the current study are available in their own
Kaggle repositories.
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