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Abstract

Accurate identification of upper extremity fractures
is essential for timely and reliable diagnosis in emer-
gency medical settings. This study evaluates and
compares the performance of three pre-trained deep
learning architectures: EfficientNet- B4, ResNet-50,
and ConvNeXt-Large, applied to the automatic classi-
fication of bone fractures in radiographic images from
the MURA repository, encompassing seven anatomi-
cal regions. Advanced image preprocessing techniques,
including Unsharp Masking and Contrast-Limited
Adaptive Histogram Equalization (CLAHE), were
employed in conjunction with data normalization
and balancing strategies. The models were trained
in two experimental setups: a binary classification
distinguishing between “fracture” and “non-fracture”
images, and a multiclass configuration identifying 14
distinct fracture types. Performance evaluation using
F1-Score, sensitivity, accuracy, and ROC-AUC met-
rics demonstrated that ConvNeXt-Large achieved the
highest overall results, reaching accuracies of 99.0%
in binary classification and 99.4% in multiclass clas-
sification. These findings position ConvNeXt-Large
as a highly promising tool for supporting early and
precise fracture diagnosis.

Keywords: Human extremities, Bone Fractures, Ar-
tificial Intelligence, X-ray, Artificial neural networks.

Resumen

La identificacién precisa de fracturas en las extrem-
idades superiores es fundamental para un diagnés-
tico oportuno en los entornos de urgencias médicas.
Este estudio analiza y compara el desempefio de
tres modelos de aprendizaje profundo preentrenados:
EfficientNet-B4, ResNet-50 y ConvNeXt-Large, apli-
cados a la clasificacién automatica de fracturas dseas
en radiografias del repositorio MURA, distribuidas en
siete regiones anatémicas. Se aplicaron técnicas avan-
zadas de preprocesamiento digital, como Unsharp
Masking y CLAHE, junto con estrategias de nor-
malizacién y balanceo de datos. El entrenamiento se
llev6 a cabo en dos experimentos: uno binario, que
clasifica entre “fractura” y “no fractura”, y otro mul-
ticlase, con catorce tipos de fracturas identificadas.
La evaluacién, mediante métricas como F1-Score, sen-
sibilidad, exactitud y curvas ROC-AUC, revelé que
ConvNeXt-Large alcanz6 el mejor rendimiento, lo-
grando una precision del 99,0% en clasificacién bina-
ria y del 99,4% en la clasificacién multiclase. Estos
resultados posicionan a ConvNeXt-Large como una
herramienta altamente prometedora para apoyar el
diagnodstico temprano de fracturas oseas.

Palabras clave: extremidades humanas, fracturas
Oseas, inteligencia artificial, radiografia, redes neu-
ronales artificiales
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1. Introduction

Bone fractures are among the most common injuries
treated in hospital emergency departments [1]. The up-
per extremities play essential roles in human mobility
and functionality; therefore, fractures involving regions
such as the elbow, fingers, forearm, hand, humerus,
shoulder, or wrist can significantly impair fine and
gross motor skills. Such injuries limit the ability to
perform daily activities and consequently diminish
patients’ quality of life.

At the global level, it is estimated that 10% to 40%
of medical emergencies are attributable to upper limb
injuries, corresponding to approximately six million
cases annually in the United States and 700,000 in
France [2].

In Medellin, Colombia, 25,646 cases of upper limb
trauma were reported, of which 17% involved frac-
tures [2]. These data emphasize the urgent need for
faster and more accurate diagnostic procedures, as the
error rate in fracture identification remains approxi-
mately17.9% [3].

Although radiographs are widely used, their di-
agnostic accuracy remains limited, particularly in
anatomically complex regions such as the upper ex-
tremities. Factors including improper adjustment of
X-ray tube voltage and current parameters, manual
interpretation of radiographic images, and excessive
workload among medical personnel can significantly
contribute to diagnostic errors [4].

In light of these challenges, the application of ad-
vanced artificial intelligence (AI) techniques, partic-
ularly deep learning, has emerged as a promising ap-
proach to improving diagnostic accuracy. These meth-
ods have consistently demonstrated the ability to en-
hance both accuracy and efficiency in medical image
interpretation [5].

Artificial intelligence (AI) broadly refers to the abil-
ity of computer systems to perform tasks that typically
require human intervention [6]. More specifically, deep
learning, a subfield of AI, employs complex artificial
neural networks to model and solve problems with
remarkable capacity for abstraction and generaliza-
tion [7].

An example of how these technologies are trans-
forming medical practice is the study by Medaramatla
et al. [8], which investigated fracture detection in hand
bones using a hybrid YOLO-NAS system applied to
X-ray images. In that study, a dataset comprising 4,736
hand bone radiographs was developed and classified
into six categories, with images sourced from publicly
available repositories such as Kaggle and Mendeley. To
evaluate the performance of the proposed model, sev-
eral algorithms were compared, including YOLO-NAS,
EfficientDet, ResNet-50, InceptionV3, Vision Trans-
former, VGG19, and YOLOvS8. The hybrid YOLO-
NAS model achieved an accuracy of 97.9%, outper-

forming all other evaluated methods.

Similarly, Wang [9] developed a deep learning-based
approach using the Keras library and the NASNetMo-
bile model for detecting bone fractures in the upper
extremities. The model was trained on the MURA
dataset and achieved an accuracy of approximately
70%, demonstrating the potential of deep learning in
medical imaging applications.

In another study, Guan et al. [10] used approx-
imately 4,000 images from the MURA dataset and
proposed a two-stage R-CNN-based framework for
detecting fractures in arm radiographs. The model
achieved an accuracy of 62%, demonstrating the po-
tential of R-CNN architectures to support the diagnosis
of upper-limb injuries.

Although the reviewed studies report promising
results in the automatic detection of bone fractures,
their findings reveal significant limitations that re-
strict practical implementation in real clinical settings.
This underscores the need to develop new strategies
to overcome these challenges.

For example, the model proposed by Guan et
al. [10] achieved a performance below 80% due to
the limited number of images used during training.
Consequently, employing a larger and more diverse
dataset would be an effective strategy to enhance the
model’s robustness and reliability in clinical practice.

Image quality represents another limitation iden-
tified in the studies reviewed. In these investigations,
model accuracy was affected by image noise and insuf-
ficient preprocessing. In the case of Medaramatla et
al. [8], the images were resized to a square format of
608 x 608 pixels (PNG), and a manual noise removal
process was applied to low-quality samples. Although
this cleaning procedure improved image quality and
model accuracy, it lacks the scalability and robustness
required to ensure consistency in large-scale clinical
settings.

Based on these limitations, the following research
question arises: How can accuracy and robustness to
class imbalance be improved in the automatic classifi-
cation of upper-limb bone fractures from radiographic
images through the implementation of pre-trained deep
learning models?

To address this question, pre-trained deep learning
models such as EfficientNet-B4 [11], ResNet-50 [12],
and ConvNeXt-Large [13] are compared and evalu-
ated using performance metrics including F1-score,
precision, accuracy, sensitivity, the receiver operating
characteristic (ROC) curve, and the confusion matrix.

The primary objective of this study is to determine
which of the three proposed models provides the best
performance in the automatic classification of bone
fractures in the upper extremities.
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2. Materials and Methods

The research follows a quantitative and experimental
approach focused on comparing and validating pre-
trained deep learning models for the automatic classifi-
cation of upper-limb bone fractures from radiographic
images.

For the implementation and evaluation of the mod-
els, the CRISP-DM approach was adopted, which pro-
vides a systematic and structured framework for data
analysis [14].

Figure 1 illustrates the main phases and objectives
of the process.
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Figure 1. Study methodology consisting of six phases

These phases are described as follows:

« Business understanding: analysis of the con-
text, definition of the project objectives, and
identification of available resources [15].

e Data understanding: examination of data
quality, structure, and characteristics to obtain
a clear overview of its content [16].

e Data preparation: handling of missing values,
normalization, selection of key variables, and
conversion of data into suitable formats.

¢ Modeling: construction, training, and evalua-
tion of the model to ensure its effectiveness and
reliability [17].

o Evaluation: verification of objective achieve-
ment and assessment of model performance ac-
cording to predefined criteria [18].

e Deployment: continuous integration, monitor-
ing, and maintenance of the model to ensure
optimal performance and periodic updates [19].

2.1. Business Understanding

The automatic classification of bone fractures in ra-
diographs requires high accuracy, efficiency, and spe-
cialized expertise. However, the growing demand for
radiological examinations, coupled with the shortage
of radiology professionals, often leads to diagnostic
delays and an increased likelihood of errors.

Although several computational tools have been de-
veloped, few are specifically tailored for the detection
and classification of bone fractures. In this context, the
present study implements and evaluates pre-trained
deep learning models for the classification of bone
fractures in the upper extremities.

2.2. Data Understanding

The dataset used for the automatic classification of
upper-limb fractures corresponds to a large collection
of musculoskeletal radiographs known as MURA [20].
This dataset comprises 40,561 radiographic images
from 14,863 studies involving12,173 patients.

The images cover various anatomical regions, in-
cluding the elbow, fingers, forearm, hand, humerus,
shoulder, and wrist. Each study was previously la-
beled as normal or abnormal by certified radiologists
endorsed by the Stanford Hospital board, based on
diagnoses made between 2001 and 2012 [21].

In its original distribution, the MURA dataset [20]
is divided into three subsets: a training set with 36,808
images (90.7%), a validation set with 3,197 images
(7.9%), and a test set with 556 images (1.4%).

Table 1 summarizes the original distribution of the
dataset.

Table 1. Original distribution of the MURA dataset

Training Validation

Category Normal Abnormal Normal Abnormal
Elbow 2925 2006 235 230
Fingers 3138 1968 214 247
Forearm 1164 661 150 151
Hand 4059 1484 271 189
Humerus 673 599 148 140
Shoulder 4211 4168 285 278
Wrist 5765 3987 364 295
Total 21 935 14 873 1667 1530

2.3. Data Preparation

Data preprocessing is a crucial stage in data mining, as
it enables the correction of noise, inconsistencies, and
missing values that may compromise the model’s reli-
ability [22]. During the review of the original MURA
dataset [20], 40,009 images were obtained. After a thor-
ough analysis, four images in an incompatible format
were identified and excluded in subsequent prepro-
cessing stages, thereby confirming the total of 40,005
images reported by the authors [23].
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The resulting 40,005 images were normalized and
resized to 384 x 384 pixels to maintain a balance
between preserving relevant details, ensuring compu-
tational efficiency, and achieving consistency with the
pre-trained models.

To improve the visual quality of the radiographs,
the Unsharp Masking technique, used to emphasize
edges and fine details [24], and CLAHE, which im-
proves contrast in low-quality images without intro-
ducing unwanted artifacts [25], were applied.

Previous studies have shown that combining these
techniques significantly enhances visibility in low-light
images [26], as illustrated in Figure 2.

Unsharp Mask Unsharp y CLAHE

Figure 2. Application of radiographic image enhancement
techniques. The image on the left shows the result obtained
using Unsharp Mask, while the image on the right illus-
trates the effect of combining Unsharp Mask with CLAHE.

After completing the image cleaning and quality
enhancement stages, the dataset was redistributed as
part of preprocessing phase: 80.0% for training and
20.0% for validation, as shown in Table 2.

Table 2. Redistribution of the MURA dataset

Training Validation
Category Normal Abnormal Normal Abnormal

Elbow 2559 1773 601 463
Fingers 2731 1778 621 437
Forearm 1038 664 276 148
Hand 3397 1347 933 326
Humerus 646 589 175 150
Shoulder 3591 3541 905 905
Wrist 4890 3460 1239 822
Total 18 852 13 152 4750 3251

2.4. Modeling

In this stage, three pre-trained deep learning models
were implemented: EfficientNet-B4, ResNet-50, and
ConvNeXt-Large. Training was conducted in a Python
environment using libraries such as PyTorch, Albu-
mentations, and Scikit-learn, across three hardware
configurations: an NVIDIA RTX 3050 GPU (8 GB),

an NVIDIA RTX 4060 GPU (12 GB), and an NVIDIA
A100 GPU accessed through Google Colab Pro (40
GB).

These configurations enabled the evaluation of
performance and resource consumption, utilizing the
NVIDIA A100 GPU accessed through GoogleColab
Pro for intensive testing of more complex models, such
as ConvNeXt-Large.

Under these conditions, the training was structured
into three phases.

1. First phase: a binary classification was per-
formed to distinguish between images with frac-
tures and those without fractures.

2. Second phase: a multiclass classification was
performed using the MURA dataset in its origi-
nal structure.

3. Third phase: a multiclass training was con-
ducted with the preprocessed and resized
dataset.

Table 3 summarizes the labeling scheme used for
the multiclass classification.

Table 3. Class labeling for multiclass classification

Class Abbreviation

Normal shoulder HoN
Abnormal shoulder HoA
Normal elbow CoN
Abnormal elbow CoA
Normal finger DeN
Abnormal finger DeA
Normal forearm AnN
Abnormal forearm AnA
Normal hand MaN
Abnormal hand MaA
Normal humerus HuN
Abnormal humerus HuA
Normal wrist MuN
Abnormal wrist MuA

2.4.1. EfficientNet-B4

EfficientNet is a convolutional neural network architec-
ture that optimizes the balance among network depth,
width, and resolution [27].

The EfficientNet-B4 model consists of 24 layers
and approximately 19.3 million parameters, most of
them trainable (weights and biases) with a small, fixed
proportion (mean and variance). This configuration
enhances the model’s ability to extract complex fea-
tures but also increases computational demand and
the risk of overfitting, see figure 3.
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Figure 3. EfficientNet-B4 architecture

Phase 1

The training process was conducted in two stages,
using a batch size of eight images per iteration. In
the first stage, the model was trained for 30 epochs
with the last 100 layers frozen and a learning rate of
1x1073.

In the second stage, fine-tuning was performed for
25 epochs with all layers unfrozen, while the learning
rate was reduced to 1 x 107°.

Data augmentation techniques, including rotations,
shifts, and scaling, were applied to increase the vari-
ability of the training set. In addition, a validation loss
monitoring strategy was implemented to halt training
in the absence of improvement and to dynamically
adjust the learning rate.

Phase 2

In the multiclass training, a batch size of eight images
was used.

In the first stage, only the output layer was trained
for 30 epochs with a learning rate of 1 x 1073,

In the second stage, fine-tuning was performed by
unfreezing all layers for an additional 30 epochs, while
reducing the learning rate to 1 x 107> to achieve a
more precise adjustment of the model’s weights.

As part of the training workflow, custom class
weights were calculated to compensate for the class
imbalance in the training set.

Phase 3

During training, data augmentation was performed di-
rectly on the GPU using the Kornia library [28], which
applied random rotations of up to 30°, horizontal flips,
brightness variations, and normalization.

For validation, the data were only normalized to
maintain statistical consistency with the training set.

To address class imbalance, class weights were au-
tomatically calculated using a function described in
Equation (1).

Nsamples

Where w; is the weight of class 7, nsqmpies Tepre-
sents the total number of samples, 1(¢jqses) corresponds
to the number of classes, and nsqmpies indicates the
number of samples belonging to class 1.

Additionally, the cross-entropy loss function was
employed, converting the model outputs into normal-
ized probabilities that can be directly compared with
the true labels.

The training structure used in Phase 2 was main-
tained, and mixed-precision operations were automati-
cally incorporated [29].

Finally, dynamic loss scaling was applied to ensure
numerical stability during training [30].

Nelasses X Msamples;

2.4.2. ResNet-50

ResNet is a convolutional neural network architecture
based on residual blocks and skip connections, designed
to mitigate issues such as gradient vanishing and to
facilitate the training of deeper networks [31].

The ResNet-50 model comprises 50 layers, enabling
it to extract detailed visual features from images, as
illustrated in Figure 4 [12].

Phase 1

For binary training, a batch size of 32 images was
used, following a two-stage strategy that included ini-
tial training with frozen layers and subsequent fine
tuning.

In the first stage, the base model layers were frozen,
and a custom classifier was added, consisting of two
dense layers with 1,024 and 512 units, normalization,
the Swish activation function, and a 50% dropout rate,
culminating in a sigmoid output layer for binary clas-
sification.

Various transformations were applied to the train-
ing set, including pixel normalization, rotations, shifts
of up to 30%, zooming up to 40%, random cropping,
brightness adjustments, and horizontal flips.
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In the first stage, the model head was trained for
40 epochs with a learning rate of 1 x 10~%; in the
second stage, the last 150 layers were unfrozen, and

fine-tuning continued for an additional 40 epochs using
a reduced learning rate of 1 x 107 to preserve the
stability of the pre-trained weights.

Dense  Dropout Output
Layer

g

Final Deployment

Block

Second
Block
Initial
Input

Third
Block

Figure 4. ResNet-50 Architecture

Phase 2

In this phase, no data augmentation was applied. The
training was conducted in two stages: in the first, the
base layers of the model were kept frozen, and only the
top layers were trained with a learning rate of 1 x 10™%;
in the second, starting from epoch 40, fine-tuning was
performed with the learning rate reduced to 1 x 1075.

Phase 3

In the third phase, a batch size of 64 images was
used. The training set underwent random horizontal
flipping, rotations within a + 30° range, and normaliza-
tion, with the mean and standard deviation adjusted
to 0.5. Additionally, class weights were automatically
computed using the compute_ class_ weight function,
as described in Phase 3, Section 2.4.1.

For training, the final layer of the model was re-
placed with an output of 14 neurons, preceded by a
dense layer with 512 units, batch normalization, a non-
linear activation function, and a 50.0% dropout rate.
The process was maintained in two stages, incorpo-
rating mixed-precision training techniques to optimize
GPU resource utilization.

2.4.3. ConvNeXt-Large

ConvNeXt-Large is a convolutional neural network
architecture composed of multiple identical modules,
which facilitates model scalability and maintenance
[32]. Figure 5 illustrates its 24-layer structure, enabling
the extraction of subtle differences and complex details
in images, capabilities that are particularly valuable
for medical image classification tasks [13].

Stage 2

Downsample +
ConvNeXtBlock x3

Initial Stage Stage 1
ConvBlockx3
x3

Convad x3

A Downsample + Con-
“NeXtBlack x x3
Stage 3

awnsample + Con-
vNeXtBlock x27 x3

Figure 5. ConvNeXt-Large Architecture

Phase 1

In the first phase of the binary training of ConvNeXt-
Large, data augmentation was applied through bright-
ness and contrast adjustments, motion blur, rotations
of £ 20°, random cropping, horizontal flipping, and
normalization to the range [-1, 1]. A composite loss

function was employed, combining 30% Binary Cross-
Entropy (BCE) [33], which measures the discrepancy
between the model’s predictions and the true labels,
and 70% Focal Loss [34], which reduces the influence of
easy examples while emphasizing more difficult ones.

The model was trained for 30 epochs, incorporating
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CutMix [35] and progressive fine-tuning. Initially, only
the model head was trained, while from epochs 3 and 8,
the deeper layers were gradually unfrozen. Starting at
epoch 5, the classification threshold was dynamically
adjusted, and validation errors were reintegrated every
5 epochs.

Phase 2

In the second phase, the model was fine-tuned for
multiclass classification acrossl4 categories, without
applying data augmentation, using a custom dataset
built from CSV files to facilitate image loading and
normalization.

The training was performed with batches of 16
images, employing the CrossEntropyLoss function, as
described in Phase 3, Section 2.4.1, and the AdamW
optimizer, which updates parameters with adaptive
learning rates and applies weight regularization to
improve the stability of the learning process.

The training began with the base model frozen,
progressively unfreezing the last 10 layers from epoch
3 and the entire architecture from epoch 8 onward.

Phase 3

In the third and final phase, generalization capability
was enhanced through advanced data transformations,
including horizontal flipping, discrete rotations of 902,
180°, and 270°, elastic distortions, Gaussian blur, and
random brightness and contrast adjustments. Over-
sampling was applied by replicating minority-class ex-
amples to balance the dataset. Additionally, a custom
loss function was implemented, incorporating error
detection every 5 epochs and the use of CutMix [35].

The training began with the model head for 2
epochs; from epoch 3, the last 10 layers were activated,
and from epoch 8 onward, full fine-tuning was enabled.

Table 4 summarizes the configurations used for
EfficientNet-B4, ResNet-50, and ConvNeXt-Large, in-
cluding the number of epochs, batch sizes [36], and
learning rates, with specific adjustments for multiclass
classification.

Table 4. Summary of training configurations by model

Parameter EfficientNet ResNet ConvNeXt
Initial number of epochs 30 40 30
Fine-tuning epochs 25 40 30
Initial batch size 8 32 16
Final batch size 8 64 16
Initial learning rate 1x1073 1x 1074 1x1073
Final learning rate 1x107° 1x10°6 1x107°

2.4.4. Computational effort

Computational effort refers to the resources required
to train and execute a model, including memory usage,

training time, and processing capacity [37]. In this
study, the models exhibited notable differences across
the three hardware configurations employed, which are
described below.

o Configuration 1 (GPU NVIDIA RTX 3050,
8 GB VRAM): mid-range GPU designed for
home users or basic workstations, based on the
Ampere architecture and suitable for general-
purpose graphics processing and accelerated com-
puting tasks.

o Configuration 2 (GPU NVIDIA RTX 4060,
12 GB VRAM): a high-end consumer GPU
built on the Ada Lovelace architecture, offering
higher performance for deep learning workloads.

o Configuration 3 (Google Colab Pro con
GPU A100, 40 GB VRAM): a high-
performance GPU based on the Ampere archi-
tecture, optimized for intensive processing and
deep neural network training.

The training process required a high com-
putational load: EfficientNet-B4 exhibited moder-
ate demand, ResNet-50 required less time and
memory, and ConvNeXt-Large was the most
resource-intensive. Therefore, the PyTorch function
torch.cuda.empty_ cache() was employed to release
GPU memory and reduce the risk of saturation [38].

Table 5 summarizes the observed training perfor-
mance across the different hardware configurations
used. The performance levels are interpreted as fol-
lows:

e Slow: total training time greater than 12 hours.

e Moderate: total training time between 4 and
12 hours.

Fast: total training time less than 4 hours.

Table 5. Comparison of model training speed

Model RTX 3050 RTX 4060 Colab A100
EfficientNet Moderate Fast Fast

ResNet Moderate Fast Fast
ConvNeXt Slow Moderate Fast

Similarly, Table 6 presents the observed memory us-
age during training across the different environments
evaluated. The memory utilization levels are inter-
preted as follows:

e Low: maximum VRAM utilization below 50%
of the total available GPU capacity.

e Moderate: VRAM utilization between 50% and
80%.

o High: VRAM utilization above 80%, with an
increased risk of saturation.
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Table 6. Comparison of model memory usage

Model RTX 3050 RTX 4060 Colab A100
EfficientNet ~ Moderate Low Low

ResNet Moderate Moderate Low
ConvNeXt High High High

2.5. Evaluation

This section analyzes the performance of the
EfficientNet-B4, ResNet-50, and ConvNeXt-Large
models in bone fracture classification using evaluation
metrics such as Fl-score, precision, accuracy, sensi-
tivity, receiver operating characteristic (ROC) curve,
and confusion matrix. The abbreviations used in the
equations are detailed in Table 7.

Table 7. Evaluation terms

Abbreviation Meaning
TP True Positives
FP False Positives
TN True Negatives
FN False Negatives
RECALL Sensitivity

The metrics used for performance evaluation are
described below.

F1-score

The Fl-score is the harmonic mean of precision and
sensitivity, particularly useful in imbalanced datasets
as it provides a balanced assessment of classification
performance [39].

Precision x sensitivit
F1— Score =2 x y

Precision 4 sensitivity

Precision

Precision measures the proportion of positive predic-
tions that are correct, indicating a low incidence of
false positives [40].

TP

P i
recision 7TP TP

(3)

Accuracy

Accuracy measures the overall proportion of correct
predictions and is particularly relevant when the classes
are balanced [41].

TP+TN
TP+TN+FP+ FN

(4)

Accuracy =

Sensitivity

Sensitivity reflects the model’s ability to correctly iden-
tify true positives; high sensitivity indicates a low num-
ber of false negatives [39)].

TP

TP+ FN 5)

Sensitivity =

Confusion matrix

The confusion matrix provides the TP, FP, FN, and
TN values, facilitating performance evaluation and the
identification of model errors [42].

Receiver Operating Characteristic (ROC) curve

The receiver operating characteristic (ROC) curve rep-
resents the relationship between sensitivity and the
false positive rate, enabling the analysis of the model’s
discriminative ability and visualization of its overall
performance [43].

3. Results and discussion

Phase 1

As shown in Table 8, ConvNeXt-Large outperforms
EfficientNet-B4 and ResNet-50 across all evaluated
metrics, achieving a precision of 99.2%, a sensitivity
of 97.7%, and an Fl-score of 98.4%, demonstrating
its strong ability to classify bone fractures with a low
false positive rate.

In contrast, EfficientNet-B4 and ResNet-50 perfor-
mance but lower effectiveness in correctly identifying
positive cases. These results indicate that ConvNeXt-
Large provides the best balance between precision,
sensitivity, and generalization capability.

Table 8. Evaluation metrics (in percentage) — Phase 1

Metric EfficientNet ResNet ConvNeXt
Precision 82.4 82.4 99.2
Sensitivity 69.0 69.0 97.7
F1-Score 75.1 75.1 98.4
Accuracy 81.5 73.0 98.7

To complement these results, the receiver operat-
ing characteristic (ROC) curves and the corresponding
area under the curve (AUC) values for each model
are presented in Figure 6. EfficientNet-B4 achieved
an AUC of 87.1%, ResNet-50 obtained 82.8%, and
ConvNeXt-Large reached 99.9%, demonstrating an
almost perfect ability to discriminate between classes.
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Comparison of ROC curves by model

0.8

0.6

0.4

True positive rate

0.2

e — EfficientNet-B4 (AUC = 0.8707)
e — ResNet-50 (AUC = 0.8284)
0.0 ConvNext-Large (AUC = 0.9995)

0.0 0.2 0.4 0.6 0.8 1
False positive rate

Figure 6. Comparison of model performance using ROC
curves

The analysis of the confusion matrices reinforces
these findings: EfficientNet-B4 (Figure 7) produced
1013 false positives (FP) and 470 false negatives (FN);
ResNet-50 (Figure 8) reduced the number of false neg-
atives to 697 but increased false positives to 1465;
whereas ConvNeXt-Large (Figure 9) achieved the best
performance, with only 76 false positives and 25 false
negatives, demonstrating superior classification accu-
racy.
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Figure 7. Confusion matrix of EfficientNet-B4
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Figure 8. Confusion matrix of ResNet-50
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Figure 9. Confusion matrix of ConvNeXt-Large

Phase 2

In Phase 2, the multiclass training results indicate
that the ConvNeXt-Large model achieved an overall
precision of 82.3%, a sensitivity of 81.6%, an F1-score
of 81.4%, and an accuracy of 81.3%. These results are
summarized in Table 9.

Table 9. Evaluation metrics (in percentage) — Phase 2

Metric EfficientNet ResNet ConvNeXt
Precision 47.3 73.5 82.3
Sensitivity 33.2 72.8 81.6
F1-Score 32.8 72.2 81.4
Accuracy 33.2 72.8 81.6

Figure 10 shows that the AUC values obtained by
EfficientNet-B4 for each class range between 93.0%
and 98.0%.

In turn, Figure 11, corresponding to ResNet-50,
presents AUC values ranging from 95.0% to 99.0%.
Finally, Figure 12 illustrates the AUC curves of
ConvNeXt-Large, which range from 98.0% to 100.0%,
demonstrating outstanding performance and excellent
class discrimination capability.

ROC curves for EfficientNet-B4
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Figure 10. Receiver operating characteristic (ROC) curves
for multiclass EfficientNet-B4
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Figure 11. Receiver operating characteristic (ROC) curves
for multiclass ResNet-50.
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Figure 12. Receiver operating characteristic (ROC) curves
for multiclass ConvNeXt-Large.

In Figure 13, EfficientNet-B4 demonstrates limited
performance, as evidenced by the numerous misclas-
sifications in the classes Normal Elbow and Normal
Hand. In contrast, Abnormal Finger, Abnormal Hand,
and Normal Wrist exhibit high precision.
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Figure 13. Confusion matrix of EfficientNet-B4

Conversely, Figure 14 shows that ResNet-50
achieves improved classification performance; in this
case, most classes are correctly concentrated along the

diagonal of the confusion matrix, although misclassifi-
cations between Normal Shoulder and Abnormal Wrist
remain.
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Figure 14. Confusion matrix of ResNet-50

Finally, in Figure 15 shows that ConvNeXt-Large
achieved the best performance, delivering highly pre-
cise classifications with a minimal number of errors.
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Figure 15. Confusion matrix of ConvNeXt-Large

Phase 3

Based on the results presented in Table 10, ConvNeXt-
Large maintained its superiority in multiclass classifica-
tion, clearly outperforming the other models across all
evaluation metrics. Its precision, sensitivity, F1-score,
and accuracy reached 99.4%, confirming ConvNeXt-
Large as the most robust and effective model for the
fracture classification task.

Table 10. Evaluation metrics (in percentage) — Phase 3

Model EfficientNet ResNet ConvNeXt
Precision 80.6 83.9 99.4
Sensitivity 80.2 83.9 99.4
F1-Score 79.9 83.9 99.4
Accuracy 80.2 83.9 99.4

When examining the confusion matrices corre-
sponding to Phase 3, it can be observed that, in Fig-
ure 16, the AUC values of EfficientNet-B4 range from
98.0% to 99.0%.
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ROC curves for EfficientNet-B4 Figures 19, 20, and 21 confirm that ConvNeXt-

! o Large is the most effective model, exhibiting minimal
dispersion outside the main diagonal and a superior
" 0.8 ability to differentiate between classes.
g
2 06
% ’ Confusion Matrix
s A 1o
2 . o o o o 0 1 o 2 1 o o
£ 04
AU
gmimceon —owincndn Da- o o o o m ml o 1 oz o o o o . [0
o T Gmesiicoom — cueniuesoom Ban-o o © o o o m & o o o o : 2
00| Sy e Bam e o v e e s e e
00 02 04 06 08 l MaN o o o o 7 3 o o 784 130 o o 8 1
False positive rate e = - I P
o R v o Bl o o
. . . .. HuA- 2 3 1 5 0 o 1 e o o % 1w o o |
Figure 16. Receiver operating characteristic (ROC) curves N T . o -
for multiclass EfficientNet-B4 ™ 5 5 0 8 0o 0o o 5 8 a o ol .
& &v & & > 5 ?5? & ﬁ\@é é;: ¢$ @,v @Qe Sv
In the case of ResNet-50, the AUC values range Predicted

from 97.0% to 99.0%, as shown in Figure 17.

ROC curves for ResNet-50
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Finally, as illustrated in Figure 18, all classes in
ConvNeXt-Large achieved an AUC of 100.0%, demon-

Confusion matrix of ResNet-50

strating its exceptional performance and near-perfect
classification capability.
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Figure 18. Receiver operating characteristic (ROC) curves

for multiclass ConvNeXt-Large

Figure 21. Confusion matrix of ConvNeXt-Large
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The excellent performance of ConvNeXt-Large in
handling class imbalance can be attributed to the use of
advanced data augmentation strategies, which reduced
overfitting and enhanced generalization capability, al-
lowing the model to outperform EfficientNet-B4 and
ResNet-50 across all evaluated phases.

Comparison with related works

The proposed ConvNeXt-Large model outperformed
results reported in previous studies, achieving an ac-
curacy of up to 99.4%, compared with 62.0% for R-
CNN [10] and 86.8% for DenseNet121 [23], thereby
demonstrating superior robustness even when handling
imbalanced datasets.

Limitations, challenges for clinical application,
and ethical considerations

Although the results obtained demonstrate high per-
formance, their clinical implementation requires more
comprehensive analysis. Deployment in real-world set-
tings presents challenges such as variability in radio-
logical equipment, differences in image quality, and
anatomical diversity among patients, all of which ne-
cessitate validating the model across a wide range of
clinical scenarios.

Additionally, there is a potential risk of overfitting,
as the model was trained in a controlled environment
that may not fully represent real-world clinical con-
ditions. Therefore, external validation using hetero-
geneous datasets is essential to ensure reliability and
generalizability. In terms of reproducibility, it is crucial
that the results can be replicated by other researchers
employing different datasets and experimental con-
figurations, thereby strengthening confidence in the
findings and supporting clinical adoption.

Finally, from an ethical and regulatory perspective,
it is imperative to guarantee model transparency, the
protection and anonymization of patient data, and
the clear delineation of responsibilities in the event of
diagnostic errors. These measures are fundamental to
ensuring the safe, ethical, and trustworthy application
of artificial intelligence systems in healthcare, always
prioritizing patient well-being.

4. Conclusions

This study evaluated the EfficientNet-B4, ResNet-50,
and ConvNeXt-Large models for the automatic classi-
fication of upper-limb bone fractures using digital ra-
diographs. The findings demonstrated that ConvNeXt-
Large outperformed the other models, achieving ac-
curacies of 99.2% in binary classification, 82.3% in
multiclass classification with original data, and 99.4%
in multiclass classification with preprocessed data.

The combination of deep learning strategies, includ-
ing image preprocessing, data augmentation, dynamic
threshold adjustment, and progressive fine-tuning,
proved essential for achieving its high performance.

Although EfficientNet-B4 and ResNet-50 achieved
satisfactory results, their lower sensitivity and chal-
lenges in handling class imbalance could present risks
in clinical applications, where missing a fracture may
have critical implications. Overall, the results position
ConvNeXt-Large as a promising tool for supporting
medical diagnosis and integration into automated ra-
diographic analysis systems for upper-limb fractures.

A key challenge identified involves the inherent com-
plexity of fracture patterns, underscoring the need to
explore advanced resampling methods and specialized
augmentation strategies, such as clinical transforma-
tions or synthetic data generation using generative
networks, to further enhance diagnostic accuracy and
model robustness in future research.

Code availability

The code used for data processing, model training, and
figure generation in the study on upper-limb fracture
classification using deep learning is publicly available
in the following GitHub repository [44].
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