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Abstract

3D medical image classification is crucial for improving diagnostic accuracy and treatment planning, but it encounters
challenges due to the complexity and variability of volumetric data. While 3D Convolutional Neural Networks offer poten-
tial solutions, designing effective architectures is complex and resource-intensive. Neural Architecture Search automates
this process, optimizing network designs for specific tasks, thereby improving model performance. This study introduces a
novel extension of the PBC-NAS method for 3D medical image classification, aiming to balance prediction accuracy and
model complexity. We focus on optimizing neural network architectures using Neural Architecture Search for six different
3D datasets from MedMNIST3D, including OrganMNIST3D, NoduleMNIST3D, FractureMNIST3D, Adrenal MNIST3D,
VesseIMNIST3D, and SynapseMNIST3D, which are derived from real-world clinical imaging datasets. We have compared
our method with state-of-the-art handcrafted networks, AutoML frameworks and recent NAS studies in terms of prediction
performance and model complexity. The proposed NAS methods demonstrate superior performance compared to state-of-
the-art handcrafted networks and AutoML frameworks. Our proposed model (Ours #37) achieves the highest average Area
Under the Curve (AUC) of 0.915 and accuracy (ACC) of 0.847 (best result across three independent runs), outperforming
all handcrafted networks and AutoML frameworks. Compared to other NAS-based methods, all proposed models achieve
higher average AUC scores, and it is important to note that they do not rely on data augmentation, pre-processing, or
feature selection, unlike the competing NAS methods which do use data augmentation during training. The study also
highlights significant reductions in computational complexity, with FLOPs reduced by up to 45.51 times and parameters
by up to 211 times compared to ResNet models. An ablation study reveals that while fine-tuning a model optimized for
one dataset can achieve competitive results on other datasets, dataset-specific NAS is crucial for optimal performance.
Despite this, the ablation results still outperform ResNets and AutoML frameworks in terms of average AUC and ACC.
The study concludes that the proposed NAS approach effectively optimizes neural network architectures for complex 3D
medical image classification tasks, achieving state-of-the-art performance without data augmentation.
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1 Introduction

3D medical image classification is an important area in
healthcare that uses advanced computer techniques to
improve diagnosis accuracy. It primarily uses 3D convo-
lutional neural networks (3D CNNs), which are powerful
tools for analyzing medical images [1-4]. These networks
can capture detailed spatial information and patterns that 2D
methods might miss [5, 6]. Ilesanmi et al. [6] emphasize the
increasing importance of 3D CNNs in medical image seg-
mentation and classification, highlighting their capability to
identify organs and detect anomalies precisely. Furthermore,
the development of large-scale datasets like MedMNISTv2
[7] provides a standardized benchmark for evaluating the
performance of machine learning algorithms in both 2D and
3D biomedical image classification tasks.

In recent literature, several studies have introduced
handcrafted networks for biomedical image classification
[7-14]. Gao Shen et al. [8] presents a novel approach to
automate tooth classification using a deep learning model
that combines Convolutional Neural Networks (CNNs) and
Transformer architectures. This model is designed to handle
3D medical images efficiently, overcoming the high com-
putational demands and large dataset requirements. The
authors have validated their approach using both a clinical
dataset and the MedMNIST3D dataset. Yang et al. introduce
MedMNISTvV2 [7], a benchmark dataset collection for 2D
and 3D biomedical image classification. It includes six 3D
datasets with 9,998 images, covering modalities such as CT
scans and electron microscopy for binary and multi-class
classification tasks. The authors benchmark deep learning
methods (ResNets) and AutoML tools (auto-sklearn [15],
AutoKeras [16], Google AutoML Vision) on six different
3D medical image classification datasets. Kiechle et al. [11]
explore the potential of Graph Neural Networks (GNNs)
as an alternative to the traditional Multi-Layer Perceptrons
(MLPs) for classifying 3D medical images. Their study
compares the performance of GNNs and MLPs using the
MedMNIST3D datasets, demonstrating that GNNs enhance
classification performance and significantly improve run-
time efficiency. Shin et al. [10] compare AutoML frame-
works with handcrafted models for 2D and 3D medical
image classification and signal data. They use XGBoost
for structured data and EfficientNet with transfer learn-
ing for medical image classification. Liu et al. [17] intro-
duce the Feature Pyramid Vision Transformer (FPViT),
which combines the ResNet and Vision Transformer (ViT)
architectures to address generalization and feature learn-
ing challenges in the MedMNIST dataset. By leveraging
a feature pyramid structure, FPVIT integrates multi-scale
feature maps from the layers of ResNet to enhance adapt-
ability and classification accuracy [18]. Schafer et al. [19]
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propose a novel approach to address the challenge of limited
data in biomedical imaging. The authors introduce a multi-
task learning strategy that decouples the number of train-
ing tasks from memory requirements, allowing for efficient
training of a universal biomedical pre-trained model. Lai et
al. [20] presents a novel framework that leverages frozen
transformer blocks from pre-trained large language models
(LLMs) as residual-based encoders for biomedical imag-
ing tasks, achieving significant performance improvements
across 2D and 3D datasets. This approach, independent of
language-based inputs, performs well on MedMNIST data-
sets and demonstrates the adaptability of LLMs to visual
domains. In MedMNISTv2 [7], the authors have also pre-
sented results of AutoML frameworks such as auto-sklearn,
AutoKeras, Google AutoML Vision for 3D medical image
classification datasets. Shin et al. [10] have extended these
frameworks with two additional AutoML frameworks:
TPOT [21] and AutoGluon [22]. AutoML frameworks and
handcrafted networks often fail to optimize for the unique
characteristics of individual datasets, leading to subopti-
mal performance. Handcrafted networks, while effective in
some cases, require significant manual effort and expertise
to design, and their fixed architectures may not general-
ize well across diverse datasets. Furthermore, handcrafted
networks and transformer-based models often require sig-
nificantly more parameters and FLOPs, making them less
efficient in resource-constrained medical environments.
Additionally, transformer-based models frequently rely on
pre-trained architectures, which may not generalize well to
3D medical image classification tasks.

Traditionally, hand-crafted networks require significant
expertise and manual effort. Researchers have to try out dif-
ferent configurations to improve performance for specific
tasks. Neural architecture search (NAS) is a subfield of
AutoML studies that addresses this challenge by using algo-
rithms to explore a wide range of potential architectures for
specific tasks [23-25]. NAS studies mainly consist of three
key components: the search space, the search method, and
the evaluation function. Different search methods are used
to automatically explore deep neural network architectures
within the predefined search space of a given problem. The
main goal is to efficiently identify network architectures
that achieve optimal results based on the chosen evalua-
tion function and also reduce the computational complexity
within the search space. There are limited studies proposed
in the literature for neural architecture search (NAS) in 3D
medical image classification [26, 27]. MedPipe [26] pres-
ents a novel framework, which integrates the joint search
of data augmentation (DA) and NAS for 3D medical image
classification. They propose a compact search space that
unifies DA and NAS, allowing for their simultaneous explo-
ration and optimization, and evaluated on MedMNIST 3D
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datasets. While this joint optimization can enhance perfor-
mance, it also adds complexity to the search process and
restricts the flexibility of the search space, as it must con-
sider both augmentation strategies and network architec-
tures. Additionally, the reliance on data augmentation may
not generalize well to datasets with limited variability or
where augmentation is less effective. Ali et al. [27] presents
an evolutionary approach to NAS for medical image clas-
sification, addressing both 2D and 3D datasets. The study
introduces a novel method that uses zero-cost proxies to
evaluate deep neural networks, significantly reducing the
computational cost of the search process. Additionally, it
proposes a genetic algorithm-based automatic data augmen-
tation strategy to enhance model generalization and pre-
vent overfitting. The use of zero-cost proxies significantly
reduces the computational cost of evaluating architectures,
making the method more efficient, although the accuracy of
these proxies in estimating performance may be a limita-
tion. Also, the reliance on data augmentation may limit the
applicability of the method to datasets where augmentation
is less effective.

In our study, we have extended PBC-NAS [28] for 3D
medical image classification tasks. In contrast to these
methods, our proposed NAS approach focuses solely on
optimizing the architecture for 3D medical image classifi-
cation tasks, without relying on data augmentation or pre-
trained models. The MedMNIST3D datasets used in our
study are derived from real-world clinical imaging datasets,
as referenced in the MedMNISTv2 benchmark paper [7],
and encompass various imaging modalities. These include
CT scans (e.g., OrganMNIST3D [29], NoduleMNIST3D
[30], AdrenalMNIST3D, FractureMNIST3D [31]), MRA
(e.g., VesseIMNIST3D [32]), and electron microscopy (e.g.,
SynapseMNIST3D), representing common diagnostic tech-
niques in clinical practice. They cover multiple anatomical
regions and conditions, including organ classification, lung
nodule detection, rib fracture identification, adrenal gland
abnormalities, brain vessel classification, and synapse clas-
sification. This diversity ensures that our method has been
evaluated on datasets with varying levels of complexity,
resolution, and pathological variability, making it a robust
benchmark for assessing the performance of machine learn-
ing methods. We have arranged our search space to bal-
ance prediction accuracy and model complexity for 3D
tasks. The proposed NAS study is compared with state-of-
the-art handcrafted networks, recent AutoML frameworks
and NAS studies in terms of Area under the curve (AUC)
and accuracy (ACC). The proposed NAS-based meth-
ods, particularly Ours #3f, demonstrate superior perfor-
mance. It achieves the highest average AUC of 0.915 and
ACC of 0.847 (best result across three independent runs),
outperforming all handcrafted networks. Additionally, all

proposed networks (Ours #1, #2, and #3) outperform hand-
crafted networks in average AUC and ACC, and they show
superior performance for all individual datasets in terms
of ACC. When compared to AutoML frameworks, our
NAS-based methods consistently show better results. Ours
#3 surpasses the best AutoML framework, auto-sklearn,
which has an average AUC of 0.815 and ACC of 0.765. In
comparisons with other NAS-based methods, all proposed
methods T show superior performance in average AUC.
They achieve the best ACC scores for 4 out of 6 datasets
and the best AUC scores for 5 out of 6 datasets without per-
forming data augmentation, unlike other studies. We have
also performed an ablation study to evaluate cross-dataset
performance of the proposed method with fine-tuning. We
have selected the best-performing model from the NAS on
the VesseIMNIST3D dataset and trained it from scratch on
five other datasets. The findings reveal a consistent decrease
in both AUC and ACC across all datasets when compared
to the best results achieved through dataset-specific NAS.
The average differences are 0.019 for AUC and 0.028 for
ACC, indicating a noticeable drop in performance. Despite
this decline, the ablation results still outperform ResNets in
terms of average AUC and ACC, showing superiority in 4
out of 5 datasets. Similarly, the ablation results are signifi-
cantly better than those of AutoML frameworks in terms of
average AUC and ACC, except for the Nodule3D dataset.
In terms of computational complexity, our proposed meth-
ods significantly reduced complexity compared to ResNet
models, with FLOPs reduced by up to 45.51 times and
parameters by up to 211 times. Additionally, these meth-
ods outperform ResNet models in terms of AUC and ACC
across most datasets, demonstrating both efficiency and
superior performance. The main contributions of our study
are as follows:

e We have extended the PBC-NAS method for 3D medi-
cal image classification tasks to ensure a balance be-
tween prediction accuracy and model complexity.

e We have performed an ablation study to evaluate the
cross-dataset performance of the proposed methods with
fine-tuning. We have demonstrated that we can achieve
highly competitive results without individually per-
forming NAS for each dataset.

e We have publicly shared the source code of this study
and the best-performing model weights for each dataset.

Section 2 presents the detail of the proposed NAS method,
search space and encoding steps. The Experimental Details
(Sect. 3) provides information about the six different 3D
datasets from MedMNIST3D and describes the training
and evaluation process. The results and ablation studies are
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provided and discussed in Sect. 4. Lastly, Sect. 5 presents
the conclusion and future works.

2 Materials and methods

In this study, we explore the further enhancements of the
PBC-NAS proposed in [28] for 3D medical image classi-
fication problems. The architectural structure used in PBC-
NAS is derived from the cell-based network architecture
introduced in [33, 34]. It is composed of multiple sequential
stacks for feature extraction from the input image, followed
by global average pooling and classifier. The stacks contain
a number of modules, each of which has a cell-based net-
work structure, denoted by a directed acyclic graph (DAG).
The proposed architecture is illustrated in Fig. 1. The pro-
posed method introduces several key modifications to the
original PBC-NAS framework [28]. First, the operation
set O is entirely replaced with 3D convolution operations
to capture volumetric spatial relationships inherent in 3D
medical images, whereas the original PBC-NAS employs
2D convolution operations designed for 2D peripheral blood
cell images. Second, the search space is adjusted to account
for the higher computational cost of 3D convolutions: the
number of stacks (ng) and modules (n,s) are reduced
from {1,2,3} to {1,2}, and the number of initial feature
maps (n’"") is reduced from {32,64,128} to {8,16,32}.
These adjustments ensure that the generated architectures
remain computationally feasible while preserving sufficient
representational capacity. Unlike the original PBC-NAS,
which is evaluated on a single 2D dataset, the proposed
method is evaluated on six diverse 3D datasets from Med-
MNIST3D [7], demonstrating its generalizability across
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different medical imaging modalities and classification
tasks. Detailed information on the extended architecture
from PBC-NAS, including the search space, the encod-
ing, and the search algorithm, is presented in the following
subsections.

2.1 Search space

The proposed method uses a DAG, consisting of a set of
nodes (V) and a set of edges (E), to represent the cell struc-
tures within each module. In the graph, each node corre-
sponds to a 3D convolution operation to be picked, and the
edges depict the flow of information between these opera-
tions. Additionally, we consider some constraints to reduce
the model complexity of the generated networks and avoid
increasing the search space size: (1) the maximum number
of nodes (|V]) is set to 7, comprising an input node, an output
node, and 5 intermediate nodes. It should be noted that the
input and output nodes are fixed. (2) the maximum number
of edges (|E]) is set to 9. An edge exists between the input
and output nodes, ensuring that input information is consis-
tently relayed to the output layer to minimize information
loss. The limits for the number of nodes (| N| = 7) and edges
(|E| = 9) are adopted from the NAS-Bench-101 benchmark
[33], which defines a widely used cell-based search space
for reproducible NAS research. This configuration has been
validated in prior NAS studies for biomedical image clas-
sification [41]. These studies demonstrate that it provides
sufficient representational capacity while keeping the search
space tractable. These constraints also prevent the genera-
tion of excessively complex architectures, which is particu-
larly important in the 3D medical imaging setting due to
the high computational cost of volumetric convolutions. (3)

Classifier

———=» Information flow
3D Operation

Fig. 1 Overview of the extended architecture from PBC-NAS. It comprises #Stacks that contain modules, and each module includes the structure
of the cell. Each cell is used for feature extraction. Each stack is followed by a Global Average Pooling operation and classifier
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Table 1 3D operations in the set of O. IN indicates the Instance nor-
malization; Mish and ReLU indicate the Activation functions

3D operation
3x3x3—IN — ReLU
5x5x5—IN— ReLU
TXx7xT7T—IN— ReLU
3x3x3—IN — Mish
5x5x5—IN — Mish
TXT7TxT7T—IN — Mish
IN — Mish -3 x3x3
IN — Mish -5x5x5
IN —- Mish —7x7x7
ReLU —+ 3 x3x3
ReLU - 5x5x5
ReLU — 7x7x7
Mish -3 x3x3

Mish —-5x5x%x5

15 Mish —T7Tx7x7

O 00 9 O U kA W N = H®

—_— e e = =
AW NN = O

the number of 3D operations, which constitute the set O, is
set to 15. Table 1 lists these 3D operations on the set O that
are reported to be successful in [35]. We have selected and
updated the 3D operations utilized in this study based on
[35].

In our method, the number of stacks (ng), the number
of modules (nys), and the number of initial feature maps
(njcmt) are defined as decision variables. These variables are

incorporated into the search space for the dynamic network
structure generation and effective complexity control. We
have adjusted the search space size for these three deci-
sion variables to reduce model complexity: ng and n,s are
reduced from {1, 2, 3} to {1, 2}, and nj}"“ from {32, 64,
128} to {8, 16, 32}.
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2.2 Encoding

In the proposed method, a real-valued array of length 29
is used as a solution representation, encoding the compo-
nents of a network architecture. Each entry in the array is
in the range [0, 1]. Therefore, a mapping scheme is applied
before evaluating the network architecture. The encoding
process follows the methodology proposed by Awad et al.
[36]. Fig. 2 demonstrates an example of the 5-step mapping
scheme: (1) create the DAG; (2) pick the appropriate 3D
operation for each node; (3) configure the value for the rel-
evant parameters; (4) create the cell structures within each
module; (5) build the modules for each stack, organize them
within the stacks, and construct the complete architecture.
The first 26 elements in the array are used to construct the
cell structure, while the last 3 elements indicate the decision

variables, ng, nas, and njc”“. We use the first 21 elements in

the array to determine the connection between nodes, repre-
sented by an upper triangular (0, 1)-matrix (0 means no edge
between nodes, while 1 denotes an edge). The first element
indicates if there is a connection between Node 1 and Node
2. If the value in the first element of the array is in [0, 0.5),
an edge is placed between these two nodes. On the other
hand, the remaining 5 elements show the 3D convolution
operators (o € O) associated with the nodes. The interval
[0, 1] is split into 15 equal sub-intervals since there are 15
possible operations, each with a width of 1/15 ~ 0.067.
The right-open interval [0, 0.067) corresponds to the first
operation given in the first row of Table 1. In other words,
if the corresponding element falls within [0, 0.067), the
first operation is selected for that node. The next right-open
interval [0.067, 0.133) corresponds to the second operation,

N
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and this uniform partitioning continues for all 15 operations
up to the interval [0.933, 1]. Similarly, the interval ([0, 1])
is divided into 2 sub-intervals for the decision variables,
ng € {1,2}, npy € {1,2}, and is divided into 3 for the

nirit € {8,16,32}.
2.3 Search method

This study uses the Opposition-based Differential Evolu-
tion (ODE) algorithm as the search strategy. As described
by Rahnamayan et al. [37], ODE is a refined version of
the Differential Evolution (DE) algorithm. It incorporates
opposition-based learning (OBL) into the steps of popula-
tion initialization and generation jumping. OBL evaluates
both candidate solutions and their opposites, offering addi-
tional insights into the search space, potentially enhancing
exploration and accelerating convergence.

We have followed the ODE steps proposed in recent
NAS studies [38]. This ODE involves these steps: (1) oppo-
sition-based initialization; (2) execution of DE operators,
including mutation, crossover, and selection; (3) a probabi-
listic opposition-based generation jumping step. The search
begins with a random population initialization (P) similar
to traditional DE, followed by computing the opposites of
these initial solutions (OP). Both candidate solutions and

their opposites are assessed and combined. The best solu-
tions from this combined group (P U OP) are chosen to
form the initial population (P < best(P U OP)), repre-
senting the opposition-based initialization in ODE. Follow-
ing this, the operators from the standard DE variant(DE/
rand/1/bin) [39] are performed, and new mutated solutions
are generated and evaluated for the selection to the next
population. Additionally, it includes a probabilistic oppo-
sition-based generation jumping step, where opposites of
current candidate solutions (O P*) are calculated and evalu-
ated in the current population (P). The P and opposites of it
(OP*) are combined, and superior solutions are chosen to
update the P.

Figure 3 presents the general steps of the ODE. The NAS
process begins by randomly creating the initial population
(P), and then calculating the opposite of each solution (OP).
Subsequently, each generated candidate solutionin P U OP
is evaluated by following the encoding steps explained in
Sect. 2.2. The best NP solutions are then selected to form
a parent population (P). Mutation and crossover operations
are applied to the solutions in P to create mutated solu-
tions, and a selection process is used to form an offspring
population. Generation jumping steps are executed based
on a probability condition (Rnd < JR). These steps are
repeated until the termination condition, as described in
Sect. 3, is met.

0.2

5’ Dataset From ~ a0

MedMNIST » =
Datasets .

Solution
Vector to

Network Structure

Stack 1

Cell
Structure

7 ‘

Module N

output

i

Stack N

®
~

®
©
®
N

./

Neural Architecture o
Search (NAS) 6.6 04| |
0.8
i Populatlon I

v

Best 3 Architecture
for
each dataset

Opposite

Initialize Evaluate

1

Population

2 ; G

o 9]
=} > w =1
It L c~ vy
3 = a5 .
@ k) 0 Fitness
35 ¥ @ Calculation
= c] bs]

(@)

Network Structure

Select
Best NP

Mutation &
Crossover

Parent
Populatlcn

Offspring
Population

$ No

Run until termination
Condition is met

|
|
I 1 Yes
|
|

Fig. 3 The proposed NAS method steps from the dataset input to the
selection of the best three architectures. Key components include pop-
ulation initialization based on opposition, evaluation of candidate net-
work structures, and the standard DE operators: mutation, crossover,
and selection. A probabilistic opposition-based generation jumping
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step is also incorporated, in which the opposites of current candidate
solutions are computed and evaluated to enhance exploration of the
search space. The process iterates until the termination condition is
met, optimising cell structures and network configurations to maxi-
mise classification performance
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3 Experimental details
3.1 Dataset

In this study, we have evaluated generated architectures
on six different 3D datasets from MedMNIST3D [7].
OrganMNIST3D uses 3D bounding boxes derived from
abdominal CT scans to classify 11 body organs. It con-
tains 971 train, 161 validation, and 610 test images. Nod-
uleMNIST3D consists of 3D CT scans, where each scan is
labeled to indicate the presence or absence of lung nodules,
which are small masses of tissue in the lungs that can be
benign or malignant. The dataset comprises 1158 trains, 165
validation, and 310 test images. AdrenalMNIST3D includes
images from CT scans labeled to assist in identifying and
analyzing conditions related to the adrenal glands, such as
tumors or other abnormalities. It comprises 1188 train, 98
validation, and 298 test images. FractureMNIST3D com-
prises CT scans from three different rib fractures and has
1027 training, 103 validation, and 240 test images. Ves-
seIMNIST3D provides 3D medical images for binary clas-
sification, typically derived from brain MRA. It includes
1335 train, 191 validation, and 382 test images. SynapseM-
NIST3D utilizes 3D image volumes of an adult rat using a
multi-beam scanning electron microscope. It is specifically
designed to classify synapses as either excitatory or inhibi-
tory and comprises 1230 training, 177 validation, and 352
test images. We have used officially published train, valida-
tion, and test splits to evaluate generated models.

3.2 Experimental setup

The NAS process generates numerous candidate architec-
tures, initially trained on the training set and evaluated on
the validation set. The actual performance of these archi-
tectures is then evaluated on the test set. However, due to
the large number of samples in the training and evaluation
sets, it is computationally infeasible to train each candidate
architecture on the entire dataset. Therefore, we randomly
chose only a quarter of the training and validation sets for
the training and evaluation of each candidate architecture
during the NAS process. This approach follows the widely
adopted low-fidelity or downscaled dataset evaluation strat-
egy in the NAS literature [23, 40, 42—44], in which a reduced
data subset is used to efficiently rank candidate architec-
tures rather than to determine their final performance. The
FABOLAS supports the claim that small subsets are quite
representative for finding good parameters [44]. In order
to improve the search process, we use early stopping tech-
niques. Each candidate architecture is trained for a maxi-
mum of 50 epochs. However, if a candidate’s validation loss
does not improve for five consecutive epochs, the training

is terminated at that epoch. The NAS process stops after
evaluating 200 candidate architectures [38]. Following the
NAS phase, the top three architectures are selected based
on their validation accuracy. These architectures are then
trained on the entire training set and evaluated on the test
set, which is not included in the NAS phase, to report their
actual performance. For both the training and evaluation
phases, we use the following common hyper-parameters:
the Adam optimizer with a learning rate of le-3, a batch
size of 128, and BCELoss for binary classification tasks and
CrossEntropyLoss for multi-class tasks. All experiments are
conducted on the following setup: RTX 4090 GPU, 128GB
of RAM, and Intel i9 processor. We have not performed
any pre-processing, data augmentation, or feature selection
techniques. We have analyzed the computational cost of the
NAS process and the resource requirements of the result-
ing models to demonstrate the feasibility of our approach
in resource-constrained environments. The reported NAS
training times reflect the full search cost, encompassing the
evaluation of all 200 candidate architectures. Each architec-
ture is trained for a maximum of 50 epochs on one quarter of
the training and validation sets, with early stopping applied.
The required NAS search times for the six MedMNIST3D
datasets (AdrenalMNIST3D, FractureMNIST3D, Nod-
uleMNIST3D, OrganMNIST3D, SynapseMNIST3D, and
VesseIMNIST3D) are 88, 60, 105, 115, 63, and 124 min,
respectively, on an NVIDIA RTX 4090 GPU with a maxi-
mum GPU memory usage of 4GB. Following the NAS
phase, the top three selected architectures are trained on the
full training set for each dataset. The training time for these
final architectures ranges from approximately 30 to 120 min
per run, depending on the dataset size and the architectural
complexity of the selected model. The source code and best-
performing model weights are shared on Github.

4 Results

We compare the performances of various methods on
six different 3D medical image classification datasets.
The methods are categorized into handcrafted networks,
AutoML frameworks, and NAS studies. Table 2 shows the
results for each dataset and also the average AUC and ACC
scores. The reported average results from MedMNIST are
used for ResNet-18, ResNet-50, auto-sklearn, and Auto-
Keras. Other studies ([10, 26, 27]) have not explicitly stated
whether the reported results are average or best. Therefore,
we have reported the best and average results from three dif-
ferent runs for a fair comparison. Additionally, some studies
perform data augmentation and neural architecture search,
which we indicated with the abbreviations DA and NAS.

@ Springer
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In Table 2, #Ours 1, 2, and 3 indicate the top three models
obtained from the NAS process.

The handcrafted networks, which include variations of
ResNet-18 and ResNet-50, generally show competitive
performance across the datasets. For instance, ResNet-18 +
3D achieves a high AUC of 0.996 on the Organ3D dataset,
among the best results for handcrafted networks. However,
the average performance across all datasets for these net-
works tends to be lower than the NAS-based methods. The
average AUC and ACC for the best-performing handcrafted
network, ResNet-50 + 3D, are 0.863 and 0.780, respectively.
In contrast, our NAS-based methods demonstrate supe-
rior performance, especially Ours #3. Ours #3' achieves
the highest average AUC of 0.915 and ACC of 0.847 (best
result across three independent runs), outperforming all
handcrafted networks. The average-run result, Ours #3*,
achieves an average AUC 0f 0.906 and ACC of 0.838, which
also surpasses all handcrafted networks. Additionally, all
proposed networks (Ours #1, #2, and #3) outperform hand-
crafted networks in average AUC and ACC, and they show
superior performance for all individual datasets in terms
of ACC. We have conducted a comparison of our method
with vision-transformer-based architectures [17, 20]. Our
method demonstrates significant performance improve-
ments over FPVIT across all six MedMNIST3D datasets.
The best-performing model (Ours #3") surpasses FPViT by
achieving an average AUC that is 16.9% higher (0.915 com-
pared to 0.746) and an average accuracy that is 12% higher
(0.847 compared to 0.727). Significant improvements are
observed on Organ3D (0.998 versus 0.923 AUC) and Syn-
apse3D (0.934 versus 0.530 AUC). Regarding ViT-3D [20],
results are available for only four of the six datasets, namely
NoduleMNIST3D, FractureMNIST3D, AdrenalMNIST3D,
and VesselMNIST3D, as the original authors did not report
results for OrganMNIST3D and SynapseMNIST3D. There-
fore, the comparison with ViT-3D is limited to these four
datasets. Among these, the proposed method outperforms
ViT-3D on FractureMNIST3D (0.768 versus 0.651 AUC),
AdrenalMNIST3D (0.892 versus 0.838 AUC), and Ves-
selMNIST3D (0.987 versus 0.837 AUC). On NoduleM-
NIST3D, ViT-3D achieves a slightly higher AUC (0.923
versus 0.911); however, the proposed method remains com-
petitive on this dataset. No comparison with ViT-3D is made
for OrganMNIST3D and SynapseMNIST3D, as results for
these datasets are not reported in the original publication
[20].

In summary, the results demonstrate the effectiveness
of our NAS-based approaches over traditional handcrafted
networks.

The comparison between AutoML frameworks and our
NAS-based methods reveals a clear performance advantage
for our approaches across average scores and individual

datasets. In terms of average performance, our methods
consistently outperform the AutoML frameworks. Ours
#3 achieves the highest average AUC of 0.906 and ACC
of 0.838, surpassing the best AutoML framework, auto-
sklearn, which gives an average AUC of 0.815 and ACC
of 0.765. Similarly, Ours #1 and Ours #2 also outperform
the AutoML frameworks, with average AUCs of 0.877 and
0.893 and ACCs of 0.821 and 0.831, respectively. Fur-
thermore, our methods consistently outperform AutoML
frameworks across all datasets. For the Organ3D, Ours #3
achieves an AUC of 0.998 and ACC of 0.938, significantly
better than AutoML’s best of 0.979 AUC and 0.814 ACC. In
the Fracture3D and Adrenal3D datasets, all proposed mod-
els demonstrate superior AUC and ACC scores compared
to the AutoML frameworks. The Vessel3D and Synapse3D
show a similar trend; all proposed methods give signifi-
cantly better performance than AutoML frameworks. These
notable differences highlight the effectiveness of our NAS-
based methods in optimizing network architectures for com-
plex 3D medical image classification tasks. In conclusion,
our NAS-based methods, particularly Ours #3, consistently
outperform the AutoML frameworks across all datasets and
metrics.

The comparative analysis of the methods Ali et al. [27],
MedPipe [26], and the proposed methods on the MedM-
NIST3D datasets reveals distinct performance character-
istics across various metrics. It is important to note that
among the compared methods, Ali et al. [27] and MedPipe
[26] employ data augmentation techniques during training.
In both cases, augmentation is applied solely to the training
data, and the test dataset remains unchanged. All methods,
including the proposed approach, are evaluated on the same
publicly shared test split from MedMNIST [7]. Therefore,
the comparison is conducted under consistent evaluation
conditions. To ensure transparency, methods that utilize data
augmentation are explicitly marked with the abbreviation
DA in Table 2. Ali et al. demonstrate strong performance by
employing both data augmentation and neural architecture
search, achieving an average AUC of 0.869 and an ACC of
0.844. They perform well in the Fracture3D dataset, achiev-
ing the highest ACC of 0.690 among the compared methods.
MedPipe also uses data augmentation and neural architec-
ture search, achieving a remarkable ACC of 0.963 on the
Organ3D dataset, marking the highest accuracy in that data-
set. Additionally, MedPipe shows competitive results in the
Nodule3D dataset, with an AUC of 0.913 and an ACC of
0.918. In contrast, the proposed methods, Ours #1, #2, and
#3, do not employ data augmentation but perform neural
architecture search. Despite this, they demonstrate superior
performance across several metrics.

Ours #3' achieves the best average AUC and ACC
scores, and it gives the highest AUC scores for Fracture3D,
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Adrenal3D, Vessel3D, and Synapse3D. Furthermore, Ours
#31 gives better ACC scores than other methods in Vessel3D
and achieves second-bests ACC scores for the Organ3D,
Fracture3D, Adrenal3D, and Synapse3D datasets. Over-
all, all proposed methods’ show superior performance in
average AUC. They achieve the best ACC scores for 4 out
of 6 datasets and the best AUC scores for 5 out of 6 data-
sets. The single exception in AUC is the Nodule3D data-
set, where ViT-3D [20] achieves a marginally higher AUC
of 0.923 compared to 0.911 for Ours #3'. This difference
may be attributed to the use of a pre-trained transformer-
based architecture in ViT-3D, which benefits from large-
scale pre-training not employed in the proposed method.
Regarding ACC, the proposed method does not achieve the
best result on Organ3D, Nodule3D, and Fracture3D. On
Organ3D and Nodule3D, MedPipe [26] achieves higher
ACC scores of 0.963 and 0.918, respectively, compared to
0.944 and 0.874 for Ours #37. On Fracture3D, Ali et al. [27]
achieve the highest ACC of 0.690, compared to 0.608 for
Ours #3'. Notably, both MedPipe and Ali et al. employ data
augmentation during training, which provides an additional
performance advantage on these datasets. Additionally, all
proposed methods™ provide the best average AUC scores
compared to others and achieve highly competitive results
for the average ACC and individual datasets. These achieve-
ments highlight the effectiveness of the proposed NAS
approach, demonstrating that even without data augmenta-
tion, the methods can achieve state-of-the-art performance.
This highlights the potential of NAS to optimize neural net-
work architectures effectively, achieving high performance
across diverse datasets.

Additionally, all proposed methods* provide the best
average AUC scores compared to others and achieve highly
competitive results for the average ACC and individual
datasets. These results highlight the effectiveness of the pro-
posed NAS approach in optimising neural network architec-
tures for 3D medical image classification without relying on
data augmentation.

We have also conducted a Wilcoxon signed-rank test
(p = 0.05) to validate the statistical significance of the

performance improvements achieved by our proposed mod-
els (see Table 3). This test uses the ACC and AUC values
obtained from three independent runs of the best-reported
models across six datasets (18 data points per comparison -
Model x three runs X six datasets). The analysis included
comparisons with ResNet18, ResNet50, Auto-sklearn, and
AutoKeras, as these methods provide publicly available
results for multiple runs. The results demonstrate that our
models (Ours #1*, Ours #2*, and Ours #3*) significantly
outperform the baseline methods, with p-values consistently
below 0.05 for both ACC and AUC metrics. For instance,
Ours #3* achieves p = 1.52 x 10~°. for ACC and p = 7.62
x 1076, for AUC when compared to ResNet18 (2.5D), and
similarly significant results against AutoML frameworks
such as AutoKeras. These findings provide strong statistical
evidence for the robustness of our NAS-based models.

4.1 Cross-dataset performance with fine-tuning

The ablation study evaluates the cross-dataset performance
of a model optimized for the VesseIMNIST3D through
NAS. VesseIMNIST3D is selected as the source dataset
because it contains the largest number of training samples
(1,335) among the six MedMNIST3D datasets. However, it
should be noted that the margin over the next largest data-
sets, SynapseMNIST3D (1,230) and AdrenalMNIST3D
(1,188), is relatively small. Therefore, the choice of Ves-
seIMNIST3D as the source dataset is to some extent arbi-
trary, and the cross-dataset fine-tuning results may vary if a
different source dataset is selected. This constitutes a limi-
tation of the ablation study, and future work may consider
repeating the experiment with alternative source datasets to
assess the sensitivity of the findings to this choice. The main
objective is determining whether this model can achieve
similar results when fine-tuned on other datasets without
dataset-specific NAS. We select the best-performing model
as a result of NAS on the VesseIMNIST3D dataset and then
train it from scratch on five other datasets: Organ3D, Nod-
ule3D, Fracture3D, Adrenal3D, and Synapse3D. The results
are compared with the best results obtained through NAS

Table 3 The p-values from the Wilcoxon signed-rank test (p = 0.05) comparing the ACC and AUC values of the proposed models (Ours #1*, Ours
#2*, and Ours #3*) with baseline methods (ResNet18, ResNet50, Auto-sklearn, and AutoKeras) across six datasets and three independent runs

ResNet-18 +  ResNet-18 ResNet-18 +  ResNet-50 +  ResNet-50 ResNet-50 +  AutoKeras auto-
2.5D +3D ACS 2.5D +3D ACS sklearn
ACC
Ours #1* 7.62e—06 1.90e—04 3.28e—04 1.52e—05 2.28¢—05 1.06e—04 7.62e—06 7.62e—05
Ours #2* 7.62e—06 6.71e—04 2.33e-04 7.62e—06 1.38e—02 3.81e—05 7.62e—06 3.81e—05
Ours #3* 1.52e—-05 3.81e—05 1.52e-05 1.52e—05 5.34e—05 2.28e—05 1.52¢—-05 1.06e—04
AUC
Ours #1* 7.62e—06 1.57e-04 2.33e-04 7.62e—06 8.96e—04 5.59¢—04 7.62e—06 5.34e—-05
Ours #2* 7.62e—06 2.68e—04 5.34¢—04 7.62¢—06 1.65¢—02 1.20e—02 7.62¢—06 5.34¢—05
Ours #3* 7.62e—06 7.62e—06 7.62¢e—06 7.62e—06 4.19¢—04 1.57¢—03 7.62e—06 3.28¢—04

Values below 0.05 indicate statistically significant differences
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Table 4 The results of the cross-dataset performance with fine-tuning. The difference indicates the difference between the best result and the ablation result

Methods

Comparison withOurs*

Organ3D
AUC

Average
AUC

0.871

Synapse3D
AUC

Adrenal3D
AUC

Fracture3D

AUC

Nodule3D
AUC

ACC

ACC

ACC

ACC

ACC

ACC

0.791

0.820
0.851

0.865

0.888

0.822
0.840
0.018

0.564 0.873

0.593
0.029

0.892 0.893 0.855 0.736

0.938

0.990
0.998

Ablation Result
Best results

0.819

0.891

0.891

0.764
0.028

0.873

0913

0.031 0.019 0.028

0.023

0.018

0.046 0.020 0.018

0.008

Difference
Methods

Comparison withOurs'

Organ3D
AUC

Average

AUC

Synapse3D
AUC

Adrenal3D
AUC

Fracture3D

AUC

Nodule3D
AUC

ACC

ACC

ACC

ACC

ACC

ACC

0.804
0.831

0.830 0.888

0.872
0.042

0.893

0.826
0.842
0.016

0.912 0.908 0.868 0.768 0.583 0.879
0.892
0.013

0.994
0.998

Ablation result
Best results

0.901

0.934
0.041

0.608
0.025

0.768
0.0

0.890
0.022

0.911

0.944
0.032

0.027

0.012

0.003

0.004
The Bold Italic represents the decreasing performance as a result of ablation

Difference

Comparison with Ours™ covers Ours #1*, 2*, 3* results in Table 2

Comparison with Ours' covers the Ours #1T, 2T, 3T results in Table 2

for each dataset, with differences highlighted in red to indi-
cate performance degradation due to the ablation. Table 4
provides a detailed comparison of the ablation results
with the best results for each dataset (see Table 2). In the
comparison with Qurs®, the ablation results show a con-
sistent decrease in both AUC and ACC across all datasets,
with average differences of 0.019 for AUC and 0.028 for
ACC. This indicates that while the model trained on Ves-
seIMNIST3D performs well when fine-tuned on other data-
sets, its performance drops noticeably compared to the best
results obtained through dataset-specific NAS. Similarly,
in the comparison with Ours', the ablation results show a
decrease in performance, with the differences being slightly
smaller. The average differences are 0.012 for AUC and
0.027 for ACC. The Fracture3D dataset shows no difference
in AUC, suggesting that the model’s architecture may be
well-suited to this particular dataset, even without dataset-
specific NAS. Furthermore, the ablation results outperform
ResNets in terms of average AUC and ACC, and are also
superior in 4 out of 5 datasets in terms of AUC and ACC (see
Table 2). Similar results are obtained for AutoML frame-
works; ablation results are significantly better than AutoML
frameworks in terms of average AUC and ACC. In addition,
ablation results are better compared to AutoML frameworks
in terms of AUC and ACC in all datasets (except Nod-
ule3D). Overall, the ablation study demonstrates that while
fine-tuning a model optimized for one dataset can achieve
competitive results on other datasets, there is a trade-off in
performance. The differences highlighted in red underscore
the importance of dataset-specific NAS. These findings sug-
gest that fine-tuning is a useful strategy for cross-dataset
experiments, especially when resources are limited, but it
may not fully substitute the benefits of conducting NAS for
each dataset individually.

4.2 Comparison of model complexity

This section presents a detailed computational complexity
comparison of various network models in terms of the num-
ber of trainable parameters (#Params) and floating point
operations per second (FLOPs). We choose reported models
in MedMNIST [7], and calculate #Params and FLOPs for
these models. The primary focus of this analysis is to iden-
tify models with lower #Params and FLOPs, which indicate
more efficient and potentially more effective models.

Table 5 shows a detailed comparison of ResNets models
and proposed methods (Ours #) in terms of #Params and
FLOPs. The ResNet models, particularly ResNet-18 and
ResNet-50, show a consistent pattern in their parameter and
FLOP counts across all tasks. For example, ResNet-18 +
2.5D and ResNet-18 + ACS have 11.168 million parameters
and 5.94 giga FLOPs, while ResNet-18 + 3D significantly
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17.75G
594G

33.140 M
11.168 M
23.503 M
46.138 M
23.503 M
1.719 M
0.218 M
1.016 M

17.75G
594G

33.140 M
11.168 M
23.503 M
46.138 M
23.503 M
0.237M
0.509 M
1.200 M

17.75G
594G

33.140 M
11.168 M
23.503 M
46.138 M
23.503 M
0.018 M
3.040 M
1.283 M

17.75G
594 G

33.140 M

17.75G
594G

33.140 M
11.168 M
23.503 M
46.138 M
23.503 M
0317 M
0.255M
0.315M

17.75G
594G

33.140 M
11.168 M
23.503 M
46.138 M
23.503 M
0.157M

0.240 M

ResNet-18 + 3D

11.168 M
23.503 M
46.138 M
23.503 M
2349 M
0.731 M

ResNet-18 + ACS
ResNet-50 + 2.5D
ResNet-50 + 3D

12.49 G
2394 G

1249 G 1249 G 12.49 G 1249 G
2394 G 2394 G 2394 G

2394 G

1249 G
2394 G

12.49 G

12.49 G
157G
336G
791G

1249 G
039G

12.49 G

12.49 G
2.09G
1.68 G
2.05G

12.49 G
344 G

ResNet-50 + ACS

Ours #1

37.70 G
4.78 G

15.81G

20.02 G
8.46 G

16.05 G
791 G

527G

Ours #2

22.28 G

1.200 M

18.86 G

0.859 M
The table lists the number of trainable parameters (#Params) and floating point operations per second (FLOPs) for different network architectures

Ours #3

The bold values indicate the best results for the corresponding measure

#Params are reported in megabyte, and FLOPs are reported in gigabyte

increases these metrics to 33.140 million and 17.75 giga
FLOPs. Similarly, ResNet-50 variants significantly increase
complexity, with the 3D version reaching 46.138 million
parameters and 23.94 giga FLOPs. In contrast, our meth-
ods ("Ours") demonstrate a remarkable reduction in both
#Params and FLOPs, suggesting a more efficient design.
For example, Ours #1 achieves the lowest parameter count
0f 0.157 million and 3.44 giga FLOPs for the Organ3D task
and even lower metrics for Adrenal3D with 0.018 million
parameters and 0.39 giga FLOPs. Ours #2 and Ours #3 also
show competitive performance, with Ours #2 achieving the
lowest FLOPs for Nodule3D at 1.68 giga. For the Organ3D
dataset, Ours #1 achieves a remarkable reduction in compu-
tational complexity, with FLOPs approximately 1.73 times
lower than the ResNet-18 + 2.5D and ACS models and about
5.16 times lower than the ResNet-18 + 3D model. This effi-
ciency is followed in the Nodule3D dataset, where Ours #2
demonstrates a reduction in FLOPs by approximately 3.54
times compared to the ResNet-18 + 2.5D and ACS models
and 10.57 times compared to the ResNet-18 + 3D model.
In the Fracture3D dataset, Ours #2 again shows a signifi-
cant advantage, with FLOPs about 1.49 times lower than the
ResNet-18 + 2.5D and ACS models and 1.49 times lower
than the ResNet-18 + 3D model. For the Adrenal3D data-
set, Ours #1 achieves an impressive reduction, with FLOPs
approximately 15.23 times lower than the ResNet-18 +2.5D
and ACS models and 45.51 times lower than the ResNet-18
+ 3D model. The same patterns are observed for #Params;
our methods consistently demonstrate a significant reduc-
tion compared to ResNet models across all datasets. Ours
# reduce the number of trainable parameters by up to 211
times. Furthermore, in addition to achieving significant
reductions in computational complexity, the "Ours" meth-
ods also demonstrate superior performance compared to
traditional ResNet models in terms of AUC and ACC across
most datasets (see Table 2). This dual advantage of reduced
complexity and enhanced performance underscores the
effectiveness of the proposed methods.

5 Conclusion

In this study, we have successfully extended the PBC-NAS
method for 3D medical image classification tasks, achieving
a balance between prediction accuracy and model complex-
ity. Our NAS-based method, specifically Ours #3, has shown
superior performance compared to state-of-the-art hand-
crafted networks, recent AutoML frameworks, and other NAS
studies in terms of Area under the curve (AUC) and accu-
racy (ACC). The proposed method has achieved the highest
average AUC of 0.915 and ACC of 0.847, outperforming all
handcrafted networks and AutoML frameworks. Compared to
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other NAS-based methods, all the proposed methods' exhibit
superior performance in terms of average AUC, achieving the
highest AUC scores in 5 out of 6 datasets and the best ACC
scores in 4 out of 6 datasets. It should be noted that the compet-
ing NAS-based methods, namely Ali et al. [27] and MedPipe
[26], employ data augmentation as an additional component
of their pipelines. In contrast, the proposed methods achieve
these results without utilizing any data augmentation, pre-
processing, or feature selection, which underscores the effec-
tiveness of the proposed NAS approach in optimizing neural
network architectures under more constrained conditions.
Additionally, our methods have shown significant reductions
in computational complexity, with FLOPs reduced by up to
45.51 times and parameters by up to 211 times compared to
ResNet models while still maintaining superior performance.
The ablation study has revealed that while fine-tuning a model
optimized for one dataset can achieve competitive results on
other datasets, there is a noticeable drop in performance com-
pared to dataset-specific NAS. This highlights the importance
of performing NAS for each dataset individually to achieve
optimal results. Despite this, the ablation results still outper-
formed ResNets and AutoML frameworks in terms of average
AUC and ACC. Overall, our study demonstrates the effec-
tiveness of the proposed NAS approach in optimizing neural
network architectures for complex 3D medical image classi-
fication tasks, achieving state-of-the-art performance without
the need for data augmentation. The source code and best-
performing model weights for each dataset have been publicly
shared, contributing to the advancement of research in this
field. Future work will focus on further improving the search
process and exploring additional datasets to validate the gen-
eralizability of the proposed methods.
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