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As the core algorithms and underlying infrastructure for artificial intelligence (AI) have become mature, it is critical to integrate
state-of-the-art AI capabilities across various science and engineering disciplines to solve societal problems, particularly
those involving labor-intensive, repetitive tasks with learnable outcomes. One emerging area for AI integration is radiology.
X-ray imaging is a primary tool used in classifying a bone tumor, but the volume and complexity of images can make human
diagnosis inefficient and inaccurate. Even experienced musculoskeletal radiologists achieve only about 83-84% accuracy when
classifying primary bone tumors as benign or malignant on radiographs, making it an ideal use case for AI assistance. In
this paper, we obtained a set of X-ray images of primary bone tumors released in 2025, and developed three AI models to
classify tumors as benign or malignant. In particular, this work developed a multi-layered perceptron (MLP), a convolutional
neural network (CNN), and ConvNext, an enhanced version of CNN developed by Meta. We conducted comprehensive
performance evaluations on Google Colab and studied the impact of various hyperparameters across all three models. Our results
show that AI models can achieve up to 89% accuracy, demonstrating strong potential to support radiologists in a diagnostic
task known to suffer from substantial inter- and intra-observer variability, and to accelerate and improve bone tumor classification.
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Introduction

As the core algorithms and underlying infrastructure for ar-
tificial intelligence (AI) have become increasingly mature, it
is critical to integrate state-of-the-art AI capabilities across
various science and engineering disciplines to solve societal
problems, particularly those involving labor-intensive, repet-
itive tasks with learnable outcomes. This is particularly true
for medicine, where the diagnosis of certain diseases is heav-
ily dependent on local features (e.g., the shape and size of a
tumor), which AI models can be trained with. By identify-
ing these features in the data and using AI models to make
inferences, medical facilities can now use high-performance
computers to rapidly pre-screen patients and recommend po-
tential diagnoses to physicians, thereby greatly improving the
efficiency and quality of healthcare. Particularly in radiology,
X-ray imaging is a primary tool to detect and stage many types
of cancer, including bone, breast, and lung cancer. However,
the volume and complexity of X-ray images in a large medical
facility can make human diagnosis inefficient and error-prone,
especially during a pandemic such as COVID-19. Although
AI models have inherent uncertainties and may not fully re-
place radiologists in the near future, AI recommendations can
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greatly accelerate diagnosis and prioritize treatment for the
most critical patients.
There has been extensive research interest in applying AI

models to interpret X-ray images with mixed clinical results
to date. AI-assisted interpretation has shown diagnostic per-
formance comparable to a radiology resident in emergency
department chest radiographs1,2. However, bone cancer has
far more varieties and higher complexity due to a wide range
of locations where the bone tumor can occur, from the upper
limb to the lower limb, and the pelvis. Bone cancer is usu-
ally suspected through symptoms, such as pain and swelling,
and primarily diagnosed through imaging, such as X-ray or
MRI scans. Bone cancer diagnosis through imaging by radi-
ologists is not always accurate. X-ray is a very labor-intensive
process, and interpretation of bone tumor radiographs is sub-
ject to substantial variability even amongst trained specialists.
A 2025 study found poor agreement amongst orthopedic res-
idents and oncologists when classifying radiolucent bone le-
sions using standard radiographic grading systems3. As such,
there has been strong interest from the radiology community
in leveraging new AI capabilities to assist physicians, not only
to accelerate the diagnostic process but also to increase diag-
nostic accuracy.
Contributions. The primary objective of this study is to eval-

uate and compare the effectiveness of three deep learning ar-
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chitectures: multi-layer perceptron (MLP), convolutional neu-
ral network (CNN), and ConvNext, for classifying primary
bone tumors as benign or malignant using the recently re-
leased BTXRD X-ray dataset. The contributions of this paper
are as follows:

1. This paper uses state-of-the-art neural networks to auto-
matically classify bone tumors from a large volume of tu-
mor images. In particular, we developed a simple MLP,
various CNN architectures, and the recently developed
ConvNext, which has been shown to outperform vision
transformer architectures on medical image classification
tasks4.

2. We conduct comprehensive hyperparameter tuning and
performance evaluations on Google Colab to understand
the effectiveness of the AI models. The results show that
the AI models can achieve up to 89% accuracy, demon-
strating the potential of using AI to assist physicians by
automatically classifying tumors as benign or malignant.

3. We evaluate model performance using a comprehensive
set of metrics beyond overall accuracy, including per-
class precision, recall, F1-score, sensitivity, specificity,
ROC-AUC, and AUPRC, together with repeated strat-
ified k-fold cross-validation and 95% confidence inter-
vals, to account for the class imbalance in the dataset.

4. We provide explainability analysis using Grad-CAM
to verify that model predictions are driven by tumor-
relevant image regions, rather than irrelevant artifacts,
which supports the clinical plausibility of the models.

Literature Review

Beyond the work previously discussed, a growing amount
of research has applied deep learning specifically to pri-
mary bone tumor imaging. Several groups have targeted
radiograph-based classification: Long et al. developed a
model that improved classification of primary bone tumors
even when X-ray, CT, and MRI inputs are incomplete for a
given patient5. Von Schacky et al. proposed a multitask net-
work that segments and classifies primary bone tumors on
plain radiographs6. Dalai et al. built an automated bone
cancer detection pipeline trained on X-ray images7. Wang
et al. trained deep learning models to classify primary bone
tumors and distinguish them from bone infections, which is
a related but unique diagnostic task8. Other works have ex-
tended beyond radiographs to histopathology and CT: Borji et
al. proposed a hybrid deep learning model for evaluating os-
teosarcoma histopathology images9. Walid et al. developed
a voting classifier that combines deep learning models for os-
teosarcoma classification10. Li et al. introduced EENet, a

CNN-based framework for bone tumor pathological diagno-
sis11. Sampath et al. compared several CNN architectures
for early bone cancer diagnosis using CT images12. Aziz et
al. combined deep feature extraction with a multilayer per-
ceptron classifier for osteosarcoma classification, an architec-
tural pairing related to the MLP and CNN models we will
evaluate13. More recently, Song et al. developed an inter-
pretable machine learning and radiomics model to distinguish
osteosarcoma from chondrosarcoma in a multicenter retro-
spective study14, while Anisuzzaman et al. presented an ear-
lier deep learning approach for detecting osteosarcoma from
histological images15. A 2025 narrative review surveys this
broader work on AI in primary malignant bone tumor imag-
ing16. Taken together, this literature shows that bone tumor
classification has been approached through a range of meth-
ods (CNN, MLP, hybrid models), but remains constrained by
small, single-institution, and imbalanced datasets, which mo-
tivates the present study’s use of a larger, recently released
radiograph dataset17,18.

Parallel work in other cancer types offers useful architec-
tural context for the models compared in this paper. For breast
cancer, Setiawan et al. applied the classification19, and Yuan
et al. compared CNN and transformer-based architectures on
breast cancer histopathology images4. Lu et al. combined
multimodal imaging with deep learning radiomics to distin-
guish benign from malignant breast tumors20, a binary classi-
fication task structurally similar to the benign/malignant clas-
sification task we will be addressing for bone tumors. A 2025
study combined CNNs with generative adversarial networks to
classify ovarian tumors as benign, malignant, or borderline21,
and Liu et al. applied a multilayer perceptron-based model to
classify histological subtypes of lung adenocarcinoma22. A
multibranch CNN combined with an MLP-Mixer module has
also been proposed for disease diagnosis more broadly23. Col-
lectively, these studies indicate that CNN, MLP, and hybrid
CNN-MLP designs are actively used across cancer imaging
tasks, with no single architecture established as objectively su-
perior. Our paper aims to address this directly for bone tumors
by benchmarking MLP, CNN, and ConvNext under matched
conditions.

A separate line of research has evaluated how AI performs
when benchmarked against or alongside radiologists in prac-
tice. Guo et al. compared radiologist performance on chest
X-ray diagnosis with and without AI assistance11. Kumar et
al. conducted a service evaluation of an AI diagnostic tool’s
ability to recognize normal chest radiographs in a live clini-
cal workflow24. A 2025 systematic review synthesized agnos-
tic accuracy data from multiple AI-assisted cancer radiology
studies25. These studies display how the growing use of AI-
assisted screening is being actively evaluated as a complement
rather than a replacement to radiologist judgment.

Because the BTXRD dataset used in this study is imbal-
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Table 1 Comparison with previous works.
Study Dataset/Sample Size Imaging Modality Framework/Model Validation Strategy Performance Metrics

Song et al. 2024 5 1,305 patients (internal n=1043; external
n=262), 2 centers, 2010-2022

X-Ray, CT, MRI (incomplete
multimodal)

PBTC- TransNet (transformer based
multimodal fusion)

Internal test set + independent external test set
(retrospective, 2-center)

Micro-avg AUC 0.847 (internal), 0.782
(external); accuracy 84.3% (X-ray only
subgroup, internal)

Von Schacky 2021 6 934 patients internal (667 benign, 267
malignant); 111 patients external test

Radiographs (X-ray) Multi Task deep learning CNN (joint
detection + segmentation + classification)

654 train/ 140 val/ 140 internal test + 111-
patient external test

Accuracy 80.2% sensitivity 62.9%
specificity 88.2%

Dalai et al. 2025 7 Not specified in accessible abstract (healthy vs
cancerous X-rays)

X-ray SqueezeNet feature extraction + Golden
Search + improved cuckoo + LSTM

Train/test split (proportions not specified in
accessible abstract)

Accuracy 95.52% (training), 94.79%
(testing)

Wang et al. 2025 8 Internal: 1044 train/ 354 test/ 171 val;
External: 423 patients; multicenter

Radiographs + clinical features Ensemble of EfficientNet-B3,
EfficientNet-B4, ViT, Swin Transformer +
ML fusion layer

Two step 5 fold cross validation (imaging
models + clinical feature fusion) + indepen-
dent external test set

AUC 0.948 (internal), 0.963 (external);
accuracy 88.1% (external); comparable to
radiologist (83.6%)

Borji et al. 2025 9 TCIA public osteosarcoma histopathology
dataset

Histopathology Hybrid CNN + Vision Transformer (ViT) Train/test split on public dataset (first 4-class
classification reported on dataset)

Accuracy 99.08% precision 99.1%, recall
99.28%, F1-score 99.23%

Walid et al. 2023 10 Public osteosarcoma H&E histology dataset ,
rebalanced via augmentation

Histopathology Custom CNN + heterogeneous ensemble
voting classifier

70%/30% train test split with data augmenta-
tion for class balance

Kappa score 93.09% (proposed CNN
alone); 96.5% (voting ensemble, best)

Li et al. 2024 11 N/A N/A EENet (CNN-based) N/A N/A

Sampath et al. 2024 12 Small CT dataset of 3 bone cancer subtypes Histopathology Multiple pre trained CNNs compared N/A Accuracy 95.52% (training), 94.79%
(testing)

Aziz et al. 2023 13 Public osteosarcoma WSI (whole-slide image)
dataset (TCIA)

Histopathology Hybrid: pretrained CNN deep feature
extraction + MLP classifier

Train/test split; feature selection ,method
chosen by execution time and accuracy

Accuracy 95.2% (3-class: non tu-
mor/necrosis/viable), 99.4% (binary
classification)

Song et al. 2024 14 76 patients, 2 centers (Guizhou Medical
University), Jan 2018-Jan 2024

CT (radiomics: 788
shape/texture/first order
features)

Random Forest, Extra Trees, AdaBoost,
Gradient Boosting, LDA, XGBoost

Multicenter retrospective train/validation with
SHAP based interpretability

Best model (Random Forest): AUC around
1.00; Extra Trees AUC 0.98; AdaBoost
AUC 0.93

Anisuzzaman et al.
2021 15

Public TCIA osteosarcoma histology dataset
(UT Southwestern/ UT Dallas)

Histopathology Transfer learning with pre trained CNNs
(VGG19 best, among others compared)

Binary and multiclass (non-
tumor/necrotic/viable) classification tasks,
train/ test split

Best model (VGG19): 96% accuracy
(binary and multiclass classification)

Our study BTXRD:1525 benign, 342 malignant (80/20
train test split)

X-ray MLP, CNN, and ConvNext Single held out 80/20 train test split Accuracy up to 89% (ConvNext, best
performing model)

anced (1,525 benign to 342 malignant tumor cases), the liter-
ature on class imbalance in medical image classification is di-
rectly relevant to the limitations of this study. Walsh and Tardy
compared several techniques for addressing class imbalance
in deep learning-based breast cancer classification26. Yoshit-
sugu et al. proposed a random upsampling method for nu-
merical features to improve classification sensitivity on imbal-
anced medical datasets27. A 2024 study examined how class
imbalance affects deep learning performance across medical
imaging tasks more generally28. A related line of work pro-
posed a one-class classification approach for handling imbal-
anced medical image data29. This body of work suggests that
resampling, cost-sensitive training, or one-class classification
are promising directions for future extensions of this study,
given the underrepresentation of malignant cases in the cur-
rent dataset.

Finally, methodological parallels can be drawn from exist-
ing COVID-19 imaging literature, which similarly involved
rapidly assembled, often imbalanced datasets. Enhanced
CNN and transfer learning approaches have been applied
to COVID-19 detection from chest X-rays30, and a large
empirical study benchmarked deep transfer learning meth-
ods for COVID-19 classification across both CT and X-ray
methods31. These studies illustrate how pretrained, transfer
learning-based architectures, the same strategy used for the
ConvNext model in this paper, have been applied under sim-
ilarly constrained data conditions in other disease domains.
Table 1 provides a comprehensive comparison between this
study and previous works.

In what follows, we further discuss related computational
models, including Vision Transformer (ViT), Swin Trans-
former, EfficientNetV2, ConvNext-V2, ConvNext-V2, Hybrid

CNN-Transformer Models.
ViT applies pure self-attention over image patches and

achieves strong results, but it lacks the inductive biases, e.g.
locality and translation equivariance, that CNNs have built in.
This means ViT typically needs very large pretraining datasets
or heavy augmentation/regularization to match CNN perfor-
mance on smaller datasets. ConvNext was explicitly designed
to test whether an advanced CNN - incorporating design
choices from transformers (larger kernels, layer norm, GeLU,
inverted bottlenecks, fewer activation functions) - could match
ViT/Swin performance without abandoning convolutional in-
ductive bias.

Swin introduced hierarchical feature maps and shifted win-
dow attention to make transformers more CNN-like (multi-
scale, locality via windows), specifically to support dense pre-
diction tasks (detection, segmentation). ConvNext was de-
signed as a direct counterpoint: it shows that a hierarchical
convolutional network can match Swin’s accuracy on classifi-
cation, detection, and segmentation benchmarks, without the
computational overhead of windowed attention or the com-
plexity of shifted window masking.

EfficientNetV2 optimizes for training speed and parame-
ter efficiency via neural architecture search combined with
progressive learning. However, it can be less flexible to
adapt/modify for downstream tasks and is optimized against
a specific search objective, which doesn’t always transfer
cleanly across hardware or tasks. ConvNext is designed via
a systematic ablation from ResNet, making its design choices
more interpretable and its scaling behavior more transferable
across tasks.

ConvNext-V2 is the direct successor to the original archi-
tecture, integrating a fully convolutional masked autoencoder
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pretraining framework and a Global Response Normalization
layer to address feature collapse in the network’s channels. It
shows consistent gains over ConvNext-V1 across model sizes,
particularly when self-supervised pretraining is available. Hy-
brid architectures aim to combine early stage convolutional
inductive bias with later stage global attention, often achiev-
ing strong accuracy and efficiency trade offs. Their drawback
is architectural complexity. Mixing operation types compli-
cates deployment, quantization, and hardware optimization,
and often requires more careful hyperparameter tuning to bal-
ance the two paradigms. ConvNext’s contribution shows that
hybridization may be unnecessary, since most of the perfor-
mance gains attributed to attention mechanisms can be recov-
ered with pure convolutions if modernized appropriately.

Methods

Multi-layer Perception. First, we develop an MLP network
with four hidden layers (Figure 1). MLP is a feedforward neu-
ral network consisting of fully connected layers, in which each
neuron is connected to all neurons in the next layer. In our de-
fault MLP model, we have four hidden layers, each with 128,
1024, 512, and 64 neurons, respectively. For each layer, we
use ReLU as the activation function. In particular, the input
layer takes a 128x128 image and flattens it into 1D, and the
final layer has two neurons with softmax activation.

Figure. 1 MLP architecture.

CNN. Given the wide adoption of CNNs in image classifi-
cation, this work also develops a CNN model for bone tumor
classification. In general, a CNN model consists of the fol-
lowing four layers: a convolutional layer, an activation layer,
a pooling layer, and a fully connected layer for classification.
They are described next:

• The convolutional layer utilizes trainable filters (also
known as kernels) to produce feature maps that detect
specific patterns in an image, such as edges, shapes, and
colors. Deep convolutional layers learn more sophisti-

cated patterns, such as combinations of features (e.g.,
corners).

• The activation layer further allows the model to learn
nonlinear relationships between patterns.

• The pooling layer downscales the dimensions of feature
maps by summarizing local regions, thereby reducing
computational cost and parameter count.

• The fully-connected layer serves as the model classifier
by connecting all neurons in a given layer to every neuron
from the previous layer, and captures complex and global
relationships among features.

By default, our CNN is configured to have 11 layers. The
first layer has 32 trainable 3×3 filters, and the activation func-
tion is ReLU. This layer is followed by a max pooling layer
with a window size of 2×2. Other downstream convolutional
layers have 64, 128, and 256 filters, respectively. These layers
are then followed by two dense layers with 128 and 2 neu-
rons, respectively, with the latter using softmax as the activa-
tion function.

ConvNext. ConvNext is a modern convolutional neural
network architecture built on the traditional CNN model, in-
corporating design improvements from state-of-the-art deep
learning models. Similar to traditional CNNs, ConvNext re-
tains the core components of convolutional layers for feature
extraction, activation functions to capture non-linear patterns,
and fully connected layers for classification. However, Con-
vNext has several enhancements that improve inference per-
formance and efficiency. First, it uses larger filters to cap-
ture more complex patterns within images. Second, ConvNext
uses layer normalization, instead of the batch normalization
often used in CNNs, to improve training stability, especially
with varying batch sizes. Batch normalization works by nor-
malizing the input across the entire batch, meaning the out-
put depends on other samples in the batch, which can often
lead to instability when batch sizes are small or inconsistent.
To address this problem, ConvNext adopts layer normaliza-
tion, which normalizes features within a single sample, mak-
ing it independent of batch size and more stable during train-
ing. Third, ConvNext adopts depthwise separable convolu-
tions, which improve computational efficiency by reducing the
number of parameters while still capturing features. Finally,
ConvNext simplifies the overall network architecture by us-
ing strided convolutions instead of traditional pooling layers
for downsampling. Strided convolutions downsample feature
maps using learnable filters that preserve important spatial pat-
terns, whereas traditional pooling layers use static downsam-
pling, which can lead to loss of information.

List 1 shows the Python code that uses ConvNext for im-
age classification. By default, the ConvNext model used in
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the paper is configured using a pretrained ConvNextBase ar-
chitecture with ImageNet weights, with the classification layer
removed. By default, all layers of the base model are unfrozen
to allow for model fine-tuning. The backbone is followed by
a global average pooling layer to reduce feature maps, then
a dense layer with 128 neurons using ReLU activation. A
dropout layer with a rate of 0.5 is applied for regularization.
The final layer is a dense layer with 2 neurons using soft ac-
tivation for classification. A reduced learning rate of 0.00001
is used during fine-tuning and is implemented with the Adam
optimizer, to allow the pretrained weights to be updated grad-
ually without disrupting previously learned features.

Experimental Setup

We tested all three models on Google Colab and used Python 3
as the runtime environment. For the hardware accelerator, we
chose either CPU or A100 GPU. The dataset used for testing
bone tumor classification is called BTXRD17,18. It comprises
3,746 bone images, of which 1,879 are normal and 1,867 are
tumor images. Not all images have tumors. Therefore, we
wrote a Python script to train our AI models exclusively on im-
ages with tumors, including 1,525 benign and 342 malignant
cases. The BTXRD dataset additionally provides a metadata
spreadsheet that provides training labels in addition to other
information, including the type of disease (e.g., osteosarcoma,
osteochondroma, multiple osteochondromas, etc.), the angle
of the X-ray (frontal, lateral, oblique), and the location of the
tumor (upper limb, lower limb, pelvis). We stored all of the
tumor images from the BTXRD dataset on Google Drive, and
used Tensorflow with Keras and Scikit-learn packages to build
the AI models. Unless otherwise specified, the default setting
of our training are as follows: The number of epochs is set to
80, and the resolution of images is 128x128. The batch size is
32. We use 80% and 20% of the data for training and testing.
Unless otherwise mentioned, each run is repeated three times
and the average is reported. In Table 2, we list the default
experimental configuration for three models.

Figure. 2 Experimental pipeline.

Figure 2 shows our experimental pipeline that consists of
1) mounting Google Drive for data loading, 2) processing all
images as well as their labels, 3) splitting data into training
and validation sets, 4) augmenting images since the number
of malignant cases is low, 5) model construction, 6) model
training, 7) hyperparameter tuning, 8) model evaluation, and

9) final performance evaluation. For the best outcomes of each
model, hyperparameter tuning and evaluation will be repeat-
edly conducted.

We put the implementation (Google Colab Python code),
which includes preprocessing and hyperparameters, on
GitHub (https://github.com/KeithShi/bonetu
mor.git). The model weights are uploaded to HuggingFace
(https://huggingface.co/Keithshi/mlp-bon
e).

Results

Figure 3 shows the test accuracy of MLP. In particular, in Fig-
ure 3(a), we vary the total number of training epochs to assess
the convergence behavior of the model. Overall, the accuracy
is relatively insensitive to the training time after 10 epochs.
The reason for the fast convergence is that MLP, unlike CNN
or ConvNext which both use sophisticated filters to extract
features, has a relatively simple architecture with fewer model
parameters. As a result, MLP can be trained and converge
to the maximum accuracy quickly. Compared with CNN and
ConvNext, MLP is expected to be less effective at extracting
cancer-related features. In Figure 3(b), we further test dif-
ferent MLP network architectures and assess their impact on
the overall accuracy. In particular, we test the following four
designs: 1) a single layer with 128 neurons; 2) the same 128-
neuron layer with an addition of a 1024-neuron layer (i.e., the
“128/1024” case); 3) the same two layers with an addition
of another 512-neuron layer (i.e., the “128/1024/512” case);
and 4) the same three layers with an addition of another 64-
neuron layer (i.e., the “128/1024/512/64” case). As shown in
Figure 3(b), the number of layers does not significantly affect
the overall accuracy. This behavior is attributed to the struc-
ture of MLP, which uses fully connected layers that treat the
input as a flat set of numbers rather than 2D images. As a
result, MLP learns most of its information in the first layer,
so simply adding more layers does not significantly improve
accuracy. Overall, despite its relatively lower accuracy, MLP
remains a solid choice among the AI models we tested due to
its low training cost (as shown in Figure 5(g)).

Figure 4 evaluates the accuracy of the CNN. In Figure 4(a),
we again vary the number of epochs from 10 to 160. In con-
trast to MLP, CNN shows a steady improvement in accuracy
till 40 epochs, and the trend flattens afterward. The more pro-
nounced improvement in accuracy versus epochs is due to the
higher complexity of CNNs (e.g., the use of filters) in captur-
ing features, and therefore, longer epochs are needed to train
a larger parameter space. In Figure 4(b), we test different
configurations of convolution layers: 1) a single 2D convo-
lutional layer with 32 filters, with each filter being 3×3 (i.e.,
the “32” case); 2) two layers, with an added layer of 64 fil-
ters (i.e., the “32/64” case); 3) three layers, with an added
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Table 2 Default experimental configuration (unless otherwise noted).

Hardware NVIDIA A100

Programming environment Google Colab with Python 3

Deep learning framework TensorFlow Keras

Optimizer ADAM

Learning rate 0.001

Batch size 32

Epochs 80

Image size 128x128

Activation ReLU

MLP layers Four hidden layers, each with 128, 1024, 512, and 64
neurons

Convolutional layers 32/64/128/256

ConvNext trainability Trainable

ConvNext model size Base

Benign images 1,525

Malignant images 342

Image resolution Resized to 128x128

Metadata
Disease subtype, X-ray angle (frontal, lateral,

oblique), tumor location (upper limb, lower limb,
pelvis)

Preprocessing Images loaded from Google Drive; resized to
128x128; pixel values normalized

Augmentation

rotation range=20,
width shift range=0.2,
height shift range=0.2,

shear range=0.2,
zoom range=0.2,

horizontal flip=True

Train/test split 80%/20% stratified

Cross validation 3-fold, repeated 3 times

Figure. 3 Performance of MLP. Accuracy remains flat across both
epochs and network depth, indicating that MLP saturates quickly and
gains little from additional training time or capacity, consistent with
its fully connected architecture’s inability to exploit spatial structure
in the X-ray images.

layer of 128 filters (i.e., the “32/64/128” case); 4) four layers,
with an added layer of 256 filters (i.e., the “32/64/128/256”
case); 5) five layers, with an added layer of 512 filters (i.e.,
the “32/64/128/256/512” case). Overall, as the complexity
of CNN increases, a steady improvement in accuracy is ob-
served.

Figure. 4 Performance of CNN. Accuracy improves from ∼0.80 to
∼0.83 as epochs increase to 40 before plateauing and improves mod-
estly as the convolutional depth increases from 1 to 5 layers. This
confirms that spatial feature extraction provides a real, if modest, ad-
vantage over MLP, supporting the use of convolutional architectures
for X-ray based tumor classification.

Figure 5 evaluates the performance of ConvNext under dif-

ferent configurations. In particular, Figure 5(a) tests the ef-
fect the epoch has on accuracy. Compared to the earlier re-
sults of MLP and CNN, a more pronounced effect of epoch
on accuracy is observed. This is because ConvNext is a highly
complex, fine-tuned model and can therefore better capture lo-
cal features in the data. With more training epochs, the large
parameter space can be better adjusted to minimize the cost
function. Figure 5(b) compares the two training scenarios in
which the base model parameter is frozen (here referred to as
“untrainable”) and unfrozen (“trainable”). When the base
model parameter is untrainable, only the two dense layers af-
ter the convolutional base are trainable. In contrast, when the
base model parameter is trainable, the parameters of all layers
are trainable. The results show that the trainable configura-
tion achieves much higher accuracy than the untrainable one.
Figure 5(c) studies the impact of the image resolution. In the
experiment, we vary the image size from 32×32 to 256×256.
It is shown that the accuracy increases with model resolution,
albeit at a higher training cost. In Figure 5(d), we vary the
size of the ConvNext model, i.e., tiny, base, and large. These
variants share a similar architecture but differ in scale and size.
The tiny model is the smallest and most shallow, with approxi-
mately 28 million parameters. The base model adds more lay-
ers, bringing the parameter count to approximately 89 million,
while the large model makes the network wider with more
channels at each stage, reaching approximately 198 million
parameters. It is observed that as the model size increases, so
does its accuracy, with the largest model achieving the high-
est accuracy. Furthermore, in Figure 5(e), we compare the
training times of the three ConvNeXt variants. As expected,
the tiny model has the shortest training time, and the large
model has the longest training time. When comparing Figure
5(d) and Figure 5(e), we can see that the tiny model has lower
accuracy but takes significantly less time to train. More im-
portantly, because it has fewer parameters, it consumes less
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memory, making it a good choice for resource-constrained
computer systems for training or inference. In Figure 5(f), we
compare the test accuracy of ConvNext, CNN, and MLP; be-
cause ConvNext is a highly optimized architecture, it achieves
the highest accuracy. In Figure 5(g), we further compare the
training of all these models. Clearly, the base ConvNext has
an order-of-magnitude higher training cost than the other two
models. With regard to the model complexity, we further de-
scribe the model size and memory consumption below.

• MLP: 2.2 Million parameters with 8.8 MB memory con-
sumption

• CNN: 1 to 2 Million parameters with 4 to 8 MB memory
consumption

• ConvNeXt (Tiny): 28 Million parameters with 112 MB
memory consumption

• ConvNeXt (Base): 89 Million parameters with 356 MB
memory consumption

• ConvNeXt (Large): 198 Million parameters with 792
MB memory consumption

Given the small number of images that are labeled as can-
cerous, we further perform repeated stratified k-fold cross-
validation in Figure 6, where both the number of folds and the
number of times to repeat the experiment are set to 3. Higher
values of these parameters would yield more robust results but
require significantly longer training times, which would not
allow us to complete this work within a realistic time frame
and monetary cost. In Figure 6, we show the 95% confidence
interval for all metrics for ConvNext.

To address potential evaluation bias caused by class imbal-
ance in BTXRD, all three architectures were evaluated across
a comprehensive set of performance metrics, including sensi-
tivity, specificity, precision, recall, F1-score, ROC-AUC, and
confusion matrices. Table 3 summarizes the performance
across models, while Table 4 details the corresponding con-
fusion matrices.

Evaluating models solely on overall accuracy can create
a false impression of diagnostic effectiveness. Although the
MLP achieved an overall accuracy of 82%, its confusion ma-
trix shows a severe bias toward the majority class: it correctly
identified only 10 out of 68 malignant tumors (a true positive
rate of only 14.7%), misclassifying the remaining 58 malig-
nant cases as benign. Both spatial feature extraction architec-
tures demonstrated significantly improved class balance. The
custom CNN achieved an accuracy of 81%, an F1-score of
0.80, and an ROC-AUC of 0.75, correctly classifying 31 ma-
lignant cases. ConvNeXt achieved the strongest overall per-
formance, with an accuracy of 85%, an F1-score of 0.84, and
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Figure. 5 Performance of ConvNext. ConvNext achieves the highest
accuracy of the three architectures (∼0.86 vs ∼0.82 for CNN and
MLP), the basis for selecting it as the best performing model in this
study. ConvNet’s training time (∼11 minutes) is roughly an order of
magnitude longer than CNN or MLP (both under a minute), a direct
computational trade off for its accuracy advantage that would need to
be weighed in a clinical situation.

an ROC-AUC of 0.82. ConvNeXt matched the CNN’s malig-
nant classification capacity (31 true positives) while reducing
false positives by nearly half (17 vs. 32), illustrating the ben-
efit of modern vision architectures when handling imbalanced
medical datasets. From Tables 5 to 7, we further break down
the performance of all three models into benign and cancerous
classes due to the imbalanced nature of the dataset. It is clear
that ConvNext can perform better than the other two models
for the cancerous class.

In Figure 7, we evaluate the training and validation loss
across time for fold 4 for ConvNext. It is illustrated the valida-
tion loss improves as the training loss is reduced by the model
till 40 epochs. After that, the validation loss stabilizes, show-
ing that the model is neither overfit or underfit. In Figure 8, we
generate the heatmap for a malignant image using Grad-CAM,
and verify that our trained model can focus on the region that
potentially has a malignant tumor. In particular, regions with
warm colors indicate high-importance regions, while regions
with cool colors indicate low-importance regions.

Discussion. This work is envisioned to help assist radiol-
ogists by classifying tumors as benign or malignant, rather
than completely replace human diagnosis. With AI capabili-
ties, each X-ray image must still be examined by a radiologist
manually. With this work, we can rapidly pre-screen patients
so that those who are classified as malignant can be expedited
for human verification/treatment as compared to those who
are classified as benign. Thus, those false positive cases can
be eliminated by human verification later. For those that are
false negatives, unfortunately, they will not be prioritized but
will be verified by radiologists later, thus consuming the same
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Table 3 Performance comparisons between different models.
Model Accuracy Precision Recall F1 Sensitivity Specificity Roc Auc
MLP 0.82 0.73 0.82 0.77 0.54 0.54 0.60

CNN 0.81 0.80 0.80 0.80 0.66 0.66 0.75

ConvNext 0.85 0.84 0.85 0.84 0.70 0.70 0.82

Figure. 6 Performance of repeated stratified k-fold cross-validation.
Accuracy, precision, recall, and F1 are all consistent at approximately
0.85 with narrow confidence intervals, while average sensitivity and
specificity are both notably lower (∼0.70), reflecting the difficulty of
correctly identifying the minority malignant class relative to over-
all performance. The low expected calibration error suggests the
model’s predicted probabilities are reasonably well calibrated, which
is clinically relevant because calibrated confidence scores would al-
low a downstream triage system to flag uncertain cases for priority
expert review rather than treating all predictions as equally reliable.

amount of time as the current practice where only radiologists
are involved.

Our base ConvNext model achieved 85.5% accuracy and
ROC-AUC of 82.2% on BTXRD. Wang et al. achieved 88.1%
(internal) and 89.5% (external) accuracy using an ensemble
of EfficientNet,ViT, and Swin Transformer fused with clini-
cal features across a larger multicenter cohort8. Von Schacky
et al. reported 80.2% accuracy on an external test set us-
ing a multitask CNN6. Song et al.’s multimodal transformer
achieved AUC of 0.847 (internal) and 0.782 (external) com-
bining X-ray, CT, and MRI5; our AUC of 0.822 falls within
this range using X-ray alone, suggesting a well-tuned single-
modality CNN can be competitive with more complex multi-
modal pipeline, though this comparison should be read cau-
tiously given differences in dataset and validation strategy.

By contrast, histopathology-based studies report substan-
tially higher accuracies, generally above 95%9,10,13, likely re-
flecting task difficulty rather than model quality: histopathol-
ogy captures direct cellular-level malignancy evidence, while
radiographs capture only more relevant to early, non-invasive
pre-screening, even with a lower achievable accuracy.

Table 4 Confusion matrix of different models.
Model Confusion matrix

MLP

[︄
300 6
58 10

]︄

CNN

[︄
274 32
37 31

]︄

ConvNext

[︄
289 17
37 31

]︄

Figure. 7 Training and validation loss (ConvNext). Training loss de-
creases steadily and consistently across all 80 epochs, while valida-
tion loss decreases through approximately epoch 40 before plateau-
ing and fluctuating with high variance around 0.5-0.6.

Methodologically, the strongest prior radiograph studies
used multicenter data with external validation and ensembles
of multiple backbones5,8, whereas we evaluate a single ar-
chitecture on a single-center dataset with only internal cross-
validation. Some of the residual performance gap may there-
fore reflect these methodological differences rather than archi-
tecture choice alone, reinforcing the external validation limi-
tation discussed in Conclusions and Future Work.

Conclusions and Future Work

The three AI models - MLP, CNN, and ConvNext- used in
this study achieved accuracy rates as high as 89% for the
BTXRD dataset, displaying the potential for using AI in bone
tumor classification. These findings show that each AI model
has their own pros and cons. MLP is the least sensitive
to hyperparameter changes, with the lowest accuracy. De-
spite this, MLP achieves the fastest and most efficient train-
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Table 5 Performance metrics of each class (MLP).
Class Precision Recall F1 Sensitivity Specificity Roc Auc AUPRC Calibration
Benign 0.86 0.92 0.89 0.92 0.31 0.65 0.87 0.14

Cancerous 0.47 0.31 0.37 0.31 0.92 0.65 0.37 0.14

Table 6 Performance metrics of each class (CNN).
Class Precision Recall F1 Sensitivity Specificity Roc Auc AUPRC Calibration
Benign 0.86 0.94 0.90 0.94 0.34 0.74 0.92 0.14

Cancerous 0.56 0.34 0.42 0.34 0.94 0.74 0.47 0.14

Figure. 8 Heatmap generated by Grad-CAM (ConvNext).

ing time. CNN showed more sensitivity to hyperparameters
and achieved slightly higher accuracy. Overall, ConvNext
achieves the highest accuracy among the three models, albeit
at the cost of significantly longer training time.

However, this study is limited in scope, as it evaluates only
three AI models and focuses exclusively on bone tumor classi-
fication using BTXRD only. In addition, the BTXRD dataset
used to train the three models is considerably imbalanced,
with fewer malignant cases than benign. This, in turn, means
that the models have not been fully tested across a wide and
representative range of cases, which may, in some cases, re-
duce accuracy. Future research should explore larger, more
balanced datasets, a broader range of AI architectures, and the
application of these models to other types of X-ray diagnoses
beyond bone cancer.

We would note, however, that our study was designed and
presented as a small prototype for method comparison among
MLP, CNN, and ConvNext architectures using BTXRD. It is
not intended for developing a clinically validated diagnostic
tool, which requires significant engineering efforts that are be-
yond the scope of a high-school student research project. In
addition, a full investigation of scanner variability, multi-site
generalizability, demographic diversity, and clinical integra-
tion would require access to significantly more imaging data
and clinical infrastructure, which were both not available at
this time. We believe such analyses are better suited to an
independent, follow-up study that specifically focuses on the
practical aspects of using AI models for bone tumor classifi-

cation.
Since our dataset is small and imbalanced with only 342

malignant cases, further splitting the data into validation and
test may result in fluctuating results. On the other hand, how
to choose the test data remains a question for us–an inap-
propriate choice of test data may artificially boost/degrade
the results of the model significantly, due to the small scale
of the malignant data and some of the images can be from
the same patients. Given these limitations, the three-way
train/validation/test split is left for future study.

All performance metrics come from a single held-out 80/20
train-test split drawn from the same dataset and source insti-
tution. No independent external set from a different hospital,
population, or imaging system was evaluated. This contrasts
with recent bone tumor classification studies that report both
internal and external test performance5,8, now considered a
stronger standard for demonstrating generalizability. Without
external validation, the reported 89% accuracy may partly re-
flect dataset-specific characteristics rather than generalizable
performance.

This study does not assess performance on X-ray images ac-
quired with different scanner manufacturers, protocols, or res-
olutions than those in BTXRD. Acquisition variability across
clinical sites is a well-documented source of performance
degradation for learning models in radiology. ConvNext’s
strong performance here, achieved by fine-tuning pretrained
weights, does not by itself establish that learned features trans-
fer robustly to X-ray images acquired under different clinical
conditions.

Future work, building on these limitations, should iden-
tify the following concrete steps: evaluating these models
on larger, more balanced datasets, potentially through multi-
institutional data sharing or targeted augmentation of the ma-
lignant class; external validation on at least one independent
dataset from a different institution and/or imaging system; sys-
tematic testing of robustness to scanner and protocol variabil-
ity; and prospective multi-centre clinical validation, compar-
ing model predictions against radiologist interpretation and
histopathological ground truth in real workflows, following
the design of recent randomized and multi-reader radiology
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Table 7 Performance metrics of each class (ConvNext).
Class Precision Recall F1 Sensitivity Specificity Roc Auc AUPRC Calibration
Benign 0.88 0.96 0.91 0.96 0.40 0.80 0.94 0.1093

Cancerous 0.67 0.40 0.50 0.40 0.96 0.80 0.58 0.1093

AI studies1,32. Such a trial would establish not only diagnos-
tic accuracy but clinical utility, a distinction that has produced
mixed results even for more mature applications, such as chest
X-ray triage.
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6 Von Schacky CE, Wilhelm NJ, Schäfer VS, Leonhardt Y, Gassert FG,
Foreman SC, Gassert FT, Jung M, Jungmann PM, Russe MF, et al. Mul-
titask deep learning for segmentation and classification of primary bone
tumors on radiographs. Radiology. 2021;301(2):398-406.

7 Dalai SS, Ranjan Sahu BJ, Rautaray J, Khan MI, Jabr BA, Ali YA. Au-
tomated Bone Cancer Detection Using Deep Learning on X-Ray Images.
Surg Innov. 2025;32(2):94-108.

8 Wang H, He Y, Wan L, Li C, Li Z, Li Z, Xu H, Tu C. Deep learning
models in classifying primary bone tumors and bone infections based on
radiographs. npj Precis Oncol. 2025;9:72.

9 Borji A, Kronreif G, Angermayr B, Hatamikia S. Advanced hybrid deep
learning model for enhanced evaluation of osteosarcoma histopathology
images. Front Med. 2025;12:1555907.

10 Walid MAA, Mollick S, Shill PC, Baowaly MK, Islam MR, Ahamad
MM, Othman MA, Samad MA. Adapted Deep Ensemble Learning-Based
Voting Classifier for Osteosarcoma Cancer Classification. Diagnostics.
2023;13(19):3155. https://doi.org/10.3390/diagnostic
s13193155.

11 Li X, Ding R, Wang Q, Yang Z, Duan X, Sun Y, Liu A. EENet: Ap-
plication of convolutional neural network-based deep learning meth-
ods in bone tumor pathological diagnosis. Int J Imaging Syst Technol.
2024;34(3):e23082.

12 Sampath K, Rajagopal S, Chintanpalli A. A comparative analysis of
CNN-based deep learning architectures for early diagnosis of bone cancer
using CT images. 2024.

13 Aziz MT, Mahmud SMH, Elahe MF, Jahan H, Rahman MH, Nandi D, et

al. A novel hybrid approach for classifying osteosarcoma using deep fea-
ture extraction and multilayer perceptron. Diagnostics. 2023;13(12):2106.
https://doi.org/10.3390/diagnostics13122106.

14 Song L, et al. Development of the interpretable typing prediction model
for osteosarcoma and chondrosarcoma based on machine learning and
radiomics: a multicenter retrospective study. Front Med. 2024;11. http
s://doi.org/10.3389/fmed.2024.1497309.

15 Anisuzzaman DM, Barzekar H, Tong L, Luo J, Yu Z. A deep learning
study on osteosarcoma detection from histological images. Biomed Signal
Process Control. 2021;69:102931. https://doi.org/10.1016/
j.bspc.2021.102931.

16 Papageorgiou PS, et al. Artificial Intelligence in Primary Malignant Bone
Tumor Imaging: A Narrative Review. Diagnostics (Basel). 2025 Jul
4;15(13):1714. https://doi.org/10.3390/diagnostics1
5131714. PMID: 40647712; PMCID: PMC12248882.

17 Yao S, Huang Y, Wang X, Zhang Y, Paixao IC, Wang Z, Chai CL, Wang
H, Lu D, Webb GI, Li S, Guo Y, Chen Q, Song J. A Radiograph Dataset
for the Classification, Localization, and Segmentation of Primary Bone
Tumors. Sci Data. 2025 Jan 16;12(1):88.

18 BTXRD dataset, https://doi.org/10.6084/m9.figshare.
27865398.

19 Setiawan D, Karnyoto AS, Intan I, Pardamean B. ConvNeXt Model for
Breast Cancer Image Classification. In: 2024 6th International Confer-
ence on Cybernetics and Intelligent System (ICORIS). 2024. https:
//doi.org/10.1109/ICORIS63540.2024.10903832.

20 Lu G, Tian R, Yang W, Liu R, Liu D, Xiang Z, Zhang G. Deep learning
radiomics based on multimodal imaging for distinguishing benign and
malignant breast tumours. Front Med. 2024.

21 Giourga M, Petropoulos I, Stavros S, et al. A Deep Learning Approach for
Classifying Benign, Malignant, and Borderline Ovarian Tumors Using
Convolutional Neural Networks and Generative Adversarial Networks.
Med Sci (Basel). 2026;14(1):89. https://doi.org/10.3390/me
dsci14010089.

22 Liu M, et al. A multilayer perceptron-based model applied to histopathol-
ogy image classification of lung adenocarcinoma subtypes. Front Oncol.
2023;13:1172234.

23 Zhou Z, Islam MT, Xing L. Multibranch CNN With MLP-Mixer-Based
Feature Exploration for High-Performance Disease Diagnosis. IEEE
Trans Neural Netw Learn Syst. 2024 Jun;35(6):7351-7362. https:
//doi.org/10.1109/TNNLS.2023.3250490. Epub 2024 Jun 3.
PMID: 37028335; PMCID: PMC11779602.

24 Kumar A, Patel P, Robert D, Kumar S, Khetani A, Reddy B, Srivastava A.
Accuracy of an artificial intelligence-enabled diagnostic assistance device
in recognizing normal chest radiographs: a service evaluation. BJR Open.
2024. https://doi.org/10.1093/bjro/tzae029.

25 Zhao D, et al. A. Diagnostic accuracy of artificial intelligence-assisted
radiology assessment of cancer: a systematic review. BJR Artif Intell.
2025;2(1):ubaf016. https://doi.org/10.1093/bjrai/ubaf
016.

26 Walsh R, Tardy M. A Comparison of Techniques for Class Imbal-
ance in Deep Learning Classification of Breast Cancer. Diagnostics.
2023;13(1):67. https://doi.org/10.3390/diagnostics1
3010067.

27 Yoshitsugu K, Kishimoto K, Takemura T. Improving the Sensitivity of
Unbalanced Medical Image Classification by Random Up-sampling Nu-

10 | © The National High School Journal of Science 2026

https://doi.org/10.3390/diagnostics14222592
https://doi.org/10.3390/diagnostics14222592
https://doi.org/10.1186/s12891-025-08815-5
https://doi.org/10.1186/s12891-025-08815-5
https://doi.org/10.3390/diagnostics13193155
https://doi.org/10.3390/diagnostics13193155
https://doi.org/10.3390/diagnostics13122106
https://doi.org/10.3389/fmed.2024.1497309
https://doi.org/10.3389/fmed.2024.1497309
https://doi.org/10.1016/j.bspc.2021.102931
https://doi.org/10.1016/j.bspc.2021.102931
https://doi.org/10.3390/diagnostics15131714
https://doi.org/10.3390/diagnostics15131714
https://doi.org/10.6084/m9.figshare.27865398
https://doi.org/10.6084/m9.figshare.27865398
https://doi.org/10.1109/ICORIS63540.2024.10903832
https://doi.org/10.1109/ICORIS63540.2024.10903832
https://doi.org/10.3390/medsci14010089
https://doi.org/10.3390/medsci14010089
https://doi.org/10.1109/TNNLS.2023.3250490
https://doi.org/10.1109/TNNLS.2023.3250490
https://doi.org/10.1093/bjro/tzae029
https://doi.org/10.1093/bjrai/ubaf016
https://doi.org/10.1093/bjrai/ubaf016
https://doi.org/10.3390/diagnostics13010067
https://doi.org/10.3390/diagnostics13010067


merical Features. In: Proc. 2024 6th Int. Conf. on Intelligent Medicine
and Image Processing (IMIP 2024). 2024.

28 Hellı́n CJ, Olmedo AA, Valledor A, Gómez J, López-Benı́tez M, Tayebi
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