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Abstract: Musculoskeletal abnormalities typically rely on radiographic examinations for diagnosis, but even experienced radiologists can
miss abnormalities, underscoring the need for improved detection methods. This paper presents a novel approach utilizing Deep
Convolutional Neural Networks (Deep CNN) for computer-aided bone abnormality detection. Leveraging the Stanford MURA dataset
featuring radiological images of seven upper extremity types, we employ pre-processing techniques such as Histogram Equalization (HE)
and Contrastive Limited Adaptive Histogram Equalization (CLAHE) to enhance image quality before inputting them into our proposed
5set (5S) model. This model accurately classifies images into the seven upper extremity categories and identifies normal or abnormal
conditions. Our results demonstrate a remarkable overall accuracy of 92.10%, with a precision of 94% for specific extremities and a
Cohen's Kappa score of 91.5%. This proposed model highlights the efficacy of combining preprocessing techniques with Deep CNN for
high-precision bone abnormality detection.
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1. Introduction

Global Burden of Disease, also known as GBD, found that
abnormalities of musculoskeletal diseases were the second
highest contributor to disability and lower back pain across the
world in a study in 2016. The study concluded that approximately
20% to 30% of people worldwide live tormented with
musculoskeletal abnormalities that go undetected sometimes [1].
Almost all of our daily work is done using the upper extremities
of our body. An abnormality in the bone of an upper extremity
may result in a painful, dependent life. The person is unable to
perform simple daily chores on his own. The detection of the
abnormality in bone depends upon the evaluation of radiographs
by radiologists. After evaluating these radiographs, they make
adequate treatment plans for the patients. Sometimes, radiologists
or doctors become confused or misguided. This happens because,
in most cases, radiology results are highly impacted by the
circumstances of the patient and clinical affairs and quondam
medical imaging. Under-reading was one of the most significant
clinical errors, performed on a dataset consisting of 1269 errors
[2][3]. A recent report enumerated that approximately one billion
radiological studies are perpetrated worldwide every year, most
of which are explained by radiologists [4].

1.1. Musculoskeletal Systems and Statistics

A major inter-observer discrepancy rate of 26% and an intra-
observer discrepancy rate of 32% were found in a study
conducted by Massachusetts General Hospital [5]. A minor
discrepancy rate of 13% major and 21% minor was found in a
study in 2007, which shows the influence of highly experienced
neuro-radiologists who had their second reading of MR and CT
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studies interpreted by radiologists initially [6]. The workload of
radiologists is escalating with more images, increased volume of
cases, greater complexity, and decreased time to detect
abnormality by radiologists, leading to burnout of radiologists.
Patients having musculoskeletal problems are most likely to visit
small-scale primary care centers. Almost 105 million people
visited the primary medical centers in ambulance and hospital
emergency departments and outpatients in the United States of
America from 2009 to 2010. They all were for diseases related to
the connective tissue and musculoskeletal system. Of these visits,
approximately 39 million were supposed to visit the primary care
centers, around 32.4 million went to surgical specialists, and
about 17 million visited medical specialists. At the time of
offering radiology services in a primary care center, a reduction
of access issues, including a decrease in the time required to
diagnose and treat, was found. This led to poor quality because of
the insufficient skills and training of the radiologists. [39]
Increasing radiologist workloads and escalating primary care
centers of radiology make it much more relevant to explore the
application and scope of Artificial Intelligence and intense
learning to assist in diagnosis to radiologists and physicians of
primary care centers to improve the quality of care of patients. In
this paper, we have used Deep Learning for computer-aided
diagnosis using image feature extraction [7][38].

1.2. Motivation

Deep learning algorithms are inspired by the magnificent human
brain and are based on a structure of neural networks that are
trained on a dataset to learn various discriminative features
[17][18][19][20]. Injuries and diseases to the bone are some of
the major factors that contribute to causing bone abnormalities.
To be specific, conditions of Musculoskeletal disorders are
known to affect a little more than 1.7 billion people around the
world. They are considered one of the most common causes of
long-term severe pain and bone disability. There are more than 30
million visits to the emergency department annually and this is

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(20s), 870878 | 870



increasing day by day. Hence, we need to minimize the error rate
caused by the Radiologist and analyze faster [9]. The clinician
must get a compiled medical diagnosis to provide an effective
treatment [10]. For this purpose, we need to implement an Al
solution.

1.3. Contribution

The models which are thus trained are then used to detect and
diagnose. In our model, we have used Deep CNN to classify the
seven upper extremities and predict the abnormality in bone using
radiological images. Deep CNN takes an image from the dataset
and assigns learnable biases and weights to the various aspects of
the image to differentiate one image from the other. The CNN
model provides a high computation rate and is very efficient. The
dataset used in the model is the MURA dataset, a benchmark
dataset produced by Stanford [8]. It contains radiological images
of seven different types of upper. The radiological images were
not clear enough for feature extraction by the model, thereby
giving a lower accuracy. To increase the quality of images, we
applied Histogram Equalization (HE) and Contrastive Limited
Adaptive Histogram Equalization (CLAHE). These processes
enhanced and improved the clarity of the image. The resulting
images were of high quality, which enabled the model to extract
the required features, giving a high accuracy of 92.10 percent.
Our model consists of five main layers: the Convolutional Layer,
Activation Layer, Batch Normalization Layer, Maxpooling
Layer, and Dropout Layer. When the image is fed into the model,
it classifies the image into one of the seven classes of the MURA
dataset and then predicts whether the image has a normal bone or
an abnormal bone. As we have used Deep CNN, the model keeps
on learning and providing better results. The result consists of
fourteen classes of outcomes predicting abnormality in the seven
classes of the MURA dataset.

The proposed model aids in detecting abnormalities present in the
upper extremity bones. The dataset that we used in our model
consisted of various types of upper extremity bone abnormalities,
including fractures, degenerative joint diseases, bones having
hardware, and other monsters, including subluxations and lesions.
A model that can detect all or more bone abnormalities
mentioned above can reduce the work of radiologists to a great
extent. Moreover, it will also reduce errors that occur by
manually detecting bone abnormality. Minor details that may go
unnoticed by the human eye can easily be detected by the model,
which continues to learn. The model can reduce the delays caused
in reporting by X-rays, and urgent cases can then be diagnosed as
soon as possible.

1.4. Organization of the paper

The paper is organized as the following sections: Section 2
describes the related works, Section 3 describes the System
Approach and Implementation, Section 4 describes the System
Analysis and Performance and Section 5 describes the
conclusion.

2. Related Works

Jose George et al., [11] proposed a Hybrid Wavelet technique for
detecting Temporal bone abnormalities. High High-resolution
computed tomography (HRCT) images were used as the dataset
for the diagnosis of the ear. Histogram Equalization and Median
Filtering were performed on each image to increase the contrast
and remove the noise and outliers from the HRCT images. An
adaptive mask was used to select the Region of Interest (ROI).

The texture features were extracted from the Gray Level Co-
occurrence Matrix (GLCM) and the geometric features were
removed from the region of the temporal bone. Maximum
Probability, Inverse Element, Entropy, Contrast, Energy, and
Difference Moment were included in the texture features.
Calculation of GLCM in 0 degrees, 45 degrees, and 90-degree
directions was used to extract the 15 features, which in turn was
used for classification. Wavelet Support Vector Machine was the
technique that was used for classification.

Tusher Chandra et al., [12] proposed a technique for detecting
Bone Abnormalities in the MURA dataset using the Deep CNN
based on the CADx (Computer Aided Diagnosis) model. The
dataset of four of the upper extremities from the MURA dataset
was used. At first, the images were normalized and smoothed
using Gaussian Blur. Histogram Equalization and Adaptive
Thresholding followed this process. The architectures used in the
model are VGG (Visual Geometry Group) and RestNET
(Residual Network). Both of these architectures were trained on
the ImageNet dataset [13]. The pre-trained weight of ImageNet
was collected to apply the transfer learning concept. To compile
the model in both architectures, an SGD optimizer was used. The
model was run for 100 epochs with early patience of 10. The area
under the ROC curve (AUROC) was used to select the base
model of the two architectures. This process was done for all the
upper extremity datasets separately. To further increase the
accuracy, the ensemble technique was applied to the model.
When the results were compared, the performance of the
Ensemble model was better than the VGG and RestNET1. The
performance of the model was also compared to MURA and 3
other radiologists, where the model had a better result than
MURA with two other radiologists. But in this paper, only four of
the upper extremities in the MURA dataset were used. Also, the
individual accuracy of these four upper extremities was not
satisfied.

N.Umadevi and S.N.Geethalakshmi [14] proposed a method was
created to find bone fractures in X-ray images. It involved
enhancing the images and then identifying fractures.
Enhancements reduced noise using techniques like Independent
Component Analysis (ICA) and wavelets. The fracture
identification used active contour modeling and a region-growing
algorithm to pinpoint key areas. To emphasize important details,
texture and shape features were extracted. Finally, binary
classifiers like Back Propagation Neural Network (BPNN), K-
Nearest Neighbors (KNN), and Support Vector Machine (SVM)
were used to detect bone fractures, aiming to improve accuracy.
Roéza Dzierzak et al. [15] proposed a transfer learning technique
to predict the probability of abnormality in bone using a VGG 19.
Pranav Rajpurkar et al. proposed a technique to predict the
probability of abnormality in a study of musculoskeletal
abnormalities detection using a 169-layer convolutional neural
network [21]. The architecture used in the model was DenseNet.
The fully connected final layer was replaced with a single output
layer. Sigmoid Nonlinearity was applied to the images. To get a
similar mean and standard deviation in the ImageNet training set,
normalization was performed in each image of the dataset. The
images were scaled to a size of 320x320. After that, data
augmentation was performed using lateral inversions and
rotations of up to 30 degrees. This was followed by the
initialization of weights performed by using weights of a pre-
trained model on Imagenet [16]. Adam Optimizer was used for
the end-to-end training of the model. Then, the five models were
ensembled having the lowest validation loss. In this paper, the
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performances of the model in some classes were not good,
especially in Humerus and Wrist classes.

3. System Approach and Implementation

A Deep Convolutional Neural Network was used on the
benchmark MURA dataset provided by Stanford for the
classification of different parts of the upper extremities as well as
to detect bone abnormality in musculoskeletal radiographs [37].
The data is preprocessed using suitable image enhancement
algorithms and then the processed data is used to train the
Convolutional Neural Network [22] [23].

3.1. Proposed Methodology

Fig. 1 shows the complete working of system architecture. The
technique of Histogram Equalization is used for preprocessing the
images. The images were resized to a fixed size of 400x400 [32-

36]. The enhanced images were fed into the neural network
which is a multiclassifier model. The model classifies the image
into the seven types of upper extremities as well as predicts
whether it is normal or abnormal. This classification and
prediction results in fourteen outcomes.

3.2. Software and Libraries Used

The entire algorithm was developed in Jupyter Notebook using
Python 3. Keras was used as the Neural Network API. The
Python Image Library (PIL) was used to load the images in the
dataset. The library cv2 was used for the extraction of the images.
Techniques like Histogram Equalization and CLAHE were
applied and the images were resized using the cv2 library. The
total number of images for testing and training is less, to
overcome this issue, image Augmentation techniques are used
[24-26].

Radiographs 1

v
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v
Preprocessing < Contrast Limited Adaptive Histogram
Techniques Equalization
v
Resized to 400X400 ‘
.8
v
Multiclassifier Model
el
([ ‘L
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Result <
y
| |
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- )

Fig. 1. System Architecture

The NumPy library was used to convert all the images into a
simple NumPy array so that they could be formatted and used for
data extraction. The dataset also contained a CSV file containing
information about each image location and also whether the
image was normal or abnormal. So, to read and use the data,
Pandas library was used. Its pattern rules follow standard Unix
path expansion rules. Moreover, it is predicted that it is faster
than other methods. The Seaborn library was used for the creation
of the Confusion Matrix and the sklearn library was used to
calculate various performance metrics such as Precision, Cohen's
Kappa, and Accuracy metrics.

3.3. Data Collection

The MURA dataset was collected by a view board of an
institution and is made available publicly for research on Bone
Abnormalities. MURA is a dataset provided by Stanford of

HIPAA-compliant musculoskeletal radiographs which are de-
identified and consist of 14,863 radiographic studies from
approximately 12,173 patients that constitute a total of about
40,005 radiographic images which are multi-view in nature and
are from the Picture Archive and Communication System (PACS)
from the Stanford Hospital. Each of the radiographic studies
belongs to one of the seven types of standard upper extremities:
the elbow, forearm, humerus, wrist, finger, hand, and shoulder.
Each radiographic study has been labeled manually as abnormal
or normal by radiologists board-certified from Stanford Hospital.

3.4. Data Preprocessing

Before feeding the data into our neural network, it needs various
pre-processing techniques. Training and testing datasets were
combined and the K fold cross-validation technique was applied,
which selects the different distributions of data samples. The
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dataset for the humerus and forearm was less as compared to the
dataset of other types of upper extremities. Hence, the combined
dataset will result in more images [27-31].

Table 1 Distribution of MURA Dataset

Trainin Testin

Study Abnormal lg\lormal Abnormal gNormaI Total
ELBOW 2006 2925 230 235 5396
FINGER 1968 3138 247 214 5567
HUMERUS 599 673 140 148 1560
WRIST 3987 5765 295 364 10411
HAND 1484 4059 189 271 6003
FOREARM 661 1164 151 150 2126
SHOULDER 4168 4211 278 285 8942
TOTAL 14873 21935 1530 1667 40005

Table 1, Shows that to preprocess the dataset, we divided the
dataset having seven subclasses positive (abnormal) and negative
(normal). This results in a dataset consisting of fourteen classes
which will be used for the classification of normal and abnormal
bone structures along with the different types of upper
extremities.

Table 2 Distribution of Combined Images

Study Abnormal Normal
ELBOW 2236 3160
FINGER 2215 3352
FOREARM 812 1314
HAND 1673 4330
HUMERUS 739 821
SHOULDER 4446 4496
WRIST 4282 6129

Even after combining the training and validation images, the ratio
of the number of images is not good enough to feed into the
neural network. Hence, there is a need for Data Augmentation.
We used Python Image Library also known as PIL for this
purpose. PIL is used to open, manipulate, and save many
different image file formats. PIL was used to read the images of
the MURA dataset one by one. Open Source Computer Vision
Library, also known as OpenCV, was used for feature extraction
and to improve the quality of the images. Histogram equalization
(HE) and Contrastive Limited Adaptive Histogram Equalization
(CLAHE) were used to get a more enhanced image. Fig. 2 shows
that Histogram Equalization is a technique used for computer
image processing to give the image an improved contrast. In
Contrastive Limited Adaptive Histogram Equalization, a
transformation function is derived from each neighbourhood
when applying the contrast limiting procedure. CLAHE prevents
the over-amplification of noise that is risen by the adaptive
histogram equalization. The images in our dataset are of
different sizes. For the neural networks to perform better, we
need images that are of the same size. Thus, we converted all the
images into a standard size of 400x400. So the images will not
lose their quality and the convolutional neural network will
perform better giving higher accuracy.

RESIZE

Fig. 2. Transformation of the image using HE and CLAHE

Table 2 reveals fewer Humerus and forearm images compared to
other categories, requiring equal class distribution. Data
Augmentation, demonstrated in Fig. 3, involves generating new
training data from existing samples. we expanded the dataset by
flipping and rotating, resulting in 60,803 images with nearly
equal class representation. Following data augmentation to
achieve a balanced class distribution, we partition the dataset into
an 80:20 split, with 80% designated for training and 20% for
testing. The 20% allocation for testing comprises images that
have not been previously seen by our model, ensuring an
unbiased evaluation. Table 3 shows the number of images in each
class after dividing them into training and validation datasets.
Altogether 48649 images were used for training the model and
12154 images were the ones that the model had never seen and
hence were used for testing.

(a) (b) (c)
Fig. 3. Augmentation of data (a) Original image, (b) Flipped image, (c)
Rotated image

3.5. Network Architecture and Design

Deep Learning outshines traditional Machine Learning as it
automates feature extraction from images, eliminating manual
effort. During training, it independently identifies and combines
features, expediting the learning process. Our research on Deep
CNN architectures led to a superior model for classifying upper
extremity segments and predicting bone abnormalities.

Table 3 Distribution of Dataset Used

STUDY TRAINING | TESTING
ELBOW NEGATIVE 3700 925
ELBOW POSITIVE 3445 861
FINGER NEGATIVE 3471 867
FINGER POSITIVE 3015 753
FOREARM NEGATIVE 3732 932
FOREARM POSITIVE 3328 832
HAND NEGATIVE 4047 1011
HAND POSITIVE 2788 696
HUMERUS NEGATIVE 3339 834
HUMERUS POSITIVE 3279 819
SHOULDER NEGATIVE 3368 841
SHOULDER POSITIVE 3335 833
WRIST NEGATIVE 4612 1153
WRIST POSITIVE 3190 797
TOTAL 48649 12154

Fig. 4 Shows, In our proposed model, we are using 5SET (5S),
which starts with a convolutional layer as they are the main
building blocks of a neural network and are used for feature
extraction from the image. Each convolutional layer is followed
by an activation function which has the purpose of introducing
non-linearity into the output of each neuron. The Activation
Function which we have used is Rectified Linear Unit (ReLU).
The following equation depicts the working of the ReLU
Activation Function.
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Fig. 4.5S Model Architecture

f(x) = max (0,x) @
Then comes the batch normalization layer which is responsible
for improving a neural network's speed, performance, and
stability. It normalizes the input by adjusting and scaling the
output of the activation layer. This is followed by a max pooling
layer represented in (Eg. (1)). A pooling layer is one more
building block of the convolutional neural network which
progressively minimizes or maximizes the spatial size of the
representation and thereby reduces the computation and the
number of parameters used. It operates on each of the feature
maps independently.

When feature extraction is done, max pooling is the most
preferred type of pooling. This layer is followed by a dropout
layer which is used to prevent the model from overfitting as it
randomly selects neurons according to a set percentage and does
not consider the output of those neurons or considers them as 0.
After this layer, we have a fully connected layer (FC) which
converts the entire matrix into a single 1D vector as it is followed
by 2 dense layers which require input in a 1D vector. The
purpose of the dense layer is to feed all the outputs from the
previous layer into its neurons and every single neuron provides
output to the next layer. The first Dense Layer is followed by an
Activation function, Rectified Linear Unit (ReLU).

The second dense layer provides the final output to classify the
image into one of the fourteen classes and is followed by an
Activation Function, Softmax. The following equation (Eq. (2))
depicts the working of the Softmax Activation Function.

a(2); = Z,_(e—:iezl_for i=1,...Kandz = (zy, ..., zg)eRX 3}
K

We compiled the model using the loss function as categorical
cross-entropy and three optimizers with different learning rates
were used to get the best accuracy. The first optimizer used was
Adam Optimizer, which is an adaptive learning rate method, that
computes learning rates for all the parameters individually. After
that, the Adagrad optimizer was used, which is a gradient-based
optimizer that adapts the learning rate to the parameters,
performing larger updates for parameters associated with features
that are not frequent and smaller updates for parameters that have

features occurring frequently. At last, Adadelta optimizers were
used, which is an extension of Adagrad and reduce its aggressive,
monotonically decreasing learning rate to achieve more accuracy.
Our model has 143,036,302 parameters, out of which
143,033,422 are trainable parameters, and 2880 are non-trainable
parameters.

3.6. Algorithm

Our Algorithm is divided into three major phases. In the first
phase of our algorithm, the preprocessing of data is done. After
that, we move to the second phase of our model, which is model
creation, and finally, we move to the third and last phase of our
algorithm, which is the training and testing of the model.

Phase 1: Preprocessing

Step 1: Separate the MURA dataset into 7 folders with 2
subfolders each (Assume data is organized as needed)

Step 2: Augment data to maintain a common data distribution
across each class

Step 3: Data Preprocessing and Transformation

For each image in the dataset:

Load image using imread function

Convert image from RGB to Gray

Apply Histogram Equalization

Apply CLAHE to the image

Save the preprocessed image to a folder

Step 4: Change directory structure into 14 folders for Keras
Image Data Generator

After following these steps, the first phase of our algorithm was
completed successfully and we moved on to the second phase of
our algorithm, where we imported the libraries, defined the
Convolutional Neural Network, and selected the appropriate loss
function.

Phase 2: Model Creation

Step 5: Import necessary libraries and layers

Step 6: Initialize the model

model = Sequential()

model.add(Conv2D(32,(3, 3), input_shape=(400, 400, 1)))
model.add(ReLU())

model.add(BatchNormalization())

model.add(MaxPooling2D())

model.add(Dropout(0.25))

model.add(Conv2D(64, (3, 3)))
model.add(ReLU())
model.add(BatchNormalization())
model.add(Conv2D(64, (3, 3)))
model.add(ReLU())
model.add(BatchNormalization())
model.add(MaxPooling2D())
model.add(Dropout(0.25))

model.add(Conv2D(128, (3, 3)))
model.add(ReLU())
model.add(BatchNormalization())
model.add(Conv2D(128, (3, 3)))
model.add(ReLU())
model.add(BatchNormalization())
model.add(MaxPooling2D())
model.add(Dropout(0.25))
model.add(Flatten())
model.add(Dense(1024))
model.add(ReLU())
model.add(BatchNormalization())
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model.add(Dropout(0.5))

model.add(Dense(14, activation='softmax’))

Step 7: Compile the model
model.compile(loss="categorical_crossentropy', optimizer="adam’,
metrics=['accuracy'])

When model creation was successfully done, we moved on to our
final phase where we split the data into training and testing,
trained the model on the training images, and tested the model on
the testing images.

Phase 3: Training and Testing

Step 8: Using keras Image Data Generator for Splitting 60803
images into 48649 for training and 12154 for Validation

Step 9: Training the model with Adam as first Optimizer

Step 10: After reaching peak accuracy with Adam, optimizer is
changed to Adagrad

Step 11: when reached the peak accuracy with Adagrad,
Optimizer is again changed to Adadelta

Step 12: Save the model and Load for Testing

Step 13: Testing the model with 12154 Validation Images and
getting the result

4. System Analysis and Performance

The existing optimizer architecture uses upto 4 upper extremities,
used for the classification of upper extremities as well as for the
prediction of bone abnormality but the accuracy were not
satisfactory. The proposed 5s model was most suitable and
produces higher accuracy. We used different optimizers such as
Adam, Adagrad, and Adadelta, which aided in increasing the
accuracy of the model. For the enhancement of radiograph
images, we used Histogram Equalization but it was not enough
because the features required for extraction and learning were not
completely visible to our model thereby decreasing its accuracy.
So, we needed to enhance the image more which is why we used
CLAHE along with Histogram Equalization which enhanced the
images to an extent that the features required for extraction were
fairly visible to the model and it was able to extract and learn
more features correctly. The enhanced images made it easier for
the model to learn and predict accurately. For the training of our
model, 48649 images were used and 12154 images were used for
testing. The model classified these images into the seven classes
of upper extremities and predicted their abnormality as well. As a
result of this, together fourteen types of outcomes were predicted,
which were the normality and abnormality of each class. We got
much better accuracy for each of the outcomes.

4.1. Analysis of Algorithm

To increase the performance of our model, we have used three
optimizers. At first, we used Adam Optimizer. It resulted in a
training accuracy of 22% and a validation accuracy of 23%. Fig.
5 shows the accuracy and loss of the Adam Optimizer.

Model Accuracy Model Loss

—— Training Loss.

Validation Loss

—— Training Accuracy 24
Validation Accuracy

1 2 3 4 s & 7 1 2 3 4
epochs epochs

Fig. 5. (a) Accuracy of Adam Optimizer (b) Loss of Adam Optimizer

After that, we used Adagrad Optimizer. It resulted in a training
accuracy of 68% and validation accuracy of 70%. Fig. 6 shows
the accuracy and loss of the Adagrad Optimizer.

Model Accuracy Model Loss

— Training Loss
Validation Loss

070 { — Training Accuracy 24

Validation Accuracy
065 22
060 20

Fig. 6. (a) Accuracy of Adagrad Optimizer (b) Loss of Adagrad
Optimizer

After that, we used Adadelta Optimizer. Table 4 shows the result
of training accuracy of 92% and a validation accuracy of 92.10%.
Fig. 7 shows the accuracy and loss of the Adadelta Optimizer.

Model Accuracy Model Loss

— Training Accuracy 09
Validation Accuracy

— Training Loss

Validation Loss
090

0ss

Accuracy

epochs epochs

Fig. 7. (a) Accuracy of Adadelta Optimizer (b) Loss of Adadelta
Optimizer

Table 4 Accuracy of the Model

ACCURACY
OPTIMIZER
TRAINING VALIDATION
ADAM 22% 23%
ADAGRAD 68% 70%
ADADELTA 92% 92.10%

The proposed model classified the images into seven classes of
upper extremities and further predicted them for abnormality. For
each category, the result is evaluated using a confusion matrix. A
confusion matrix is formed for the actual condition and the
predicted condition, which consists of parameters like TP, FN,
FP, and TN for the assessment, where TP means True Positive
(Identified Correctly), TN means True Negative (ldentified
Incorrectly), FP means False Positive (Rejected Correctly), FN
means False Negative (Rejected Incorrectly). We use these
parameters to derive the required results from the output received
from the model. These results will later help in deriving the
performance of our designed model. The evaluation according to
these parameters (TP, TN, FP, FN) helps us to get significant
results.

These metrics are referred from the data mining algorithms and
includes various evaluation metrics used to assess the
performance. The evaluation metrics include Accuracy (Eq. (3)),
Precision (Eq. (4)), Sensitivity (Eq. (5)), Specificity (Spec) (Eq.
(6)), MissRate (Eq. (7)), Fallout (Eq. (8)), Cohen’s Kappa Score
(Eq. (9)), Fl-score (Eq. (10)).

TP +TN 3)
TP+ FP + TN + FN

Accuracy =
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TP
Precision = “)

TP + FP 5)

agr e 5

Sensitivity/Recall = TP + FN ©)

- - - — 6

Specificity = FP+TN
MissRate = 1 — TP "
- TP + FN

Fallout =1 — L ”

RPN e eeted ©

, _ Accuracy — Expecte 9
Cohen's Kappa = 1 — Expected

Precision * Recall (10)

F1S =2
core * Precision + Recall

The result of each category of upper extremity has been described
below.

1) ELBOW: Table 5 shows the Confusion Matrix for the Elbow
class.

For the Elbow class, the Precision for Normal is 87% and for
Abnormal, it is 96%. We also calculated the Recall and F1 Score
which are 97% and 92% for the Normal Elbow, and 93% and
949% for the Abnormal Elbow. The Miss Rate for Normal is 3.4%
and for Abnormal, it is 6.7%.

Table 5 Confusion Matrix Parameters of ELBOW

For the Hand class, the Precision for Normal is 91% and for
Abnormal, it is 93%. We also calculated the Recall and F1 Score
which are 94% and 92% for the Normal Hand, and 89% and 91%
for the Abnormal Hand. The Miss Rate for Normal is 6.4% and
for Abnormal, it is 11%.

5) HUMERUS: Table 9 shows the Confusion Matrix for the
Humerus class.

For the Humerus class, the Precision for Normal is 92% and for
Abnormal, it is 94%. We also calculated the Recall and F1 Score
which is 93% and 93% for the Normal Humerus, and 89% and
91% for Abnormal Humerus. The Miss Rate for Normal is 6.8%
and for Abnormal, it is 11.2%.

Table 9 Confusion Matrix Parameters of HUMERUS

CLASSIFICATION TP TN FP FN
NORMAL 777 11256 64 57
ABNORMAL 727 11286 49 92

6) SHOULDER: Table 10 shows the Confusion Matrix for
Shoulder class.

Table 10 Confusion Matrix Parameters of SHOULDER

CLASSIFICATION TP TN FP FN
NORMAL 800 11242 71 41
ABNORMAL 765 11283 38 68

CLASSIFICATION TP TN FP FN
NORMAL 893 11099 130 32
ABNORMAL 803 11256 37 58

Table 6 Confusion Matrix Parameters of Finger

CLASSIFICATION TP TN FP FN
NORMAL 832 11182 105 35
ABNORMAL 668 11377 24 85

2) FINGER: Table 6 shows the Confusion Matrix for the Finger
class.

For the Finger class, the Precision for Normal is 89% and for
Abnormal, it is 97%. We also calculated the Recall and F1 Score
which is 96% and 92% for the Normal Finger, and 89% and 92%
for the Abnormal Finger. The Miss Rate for Normal is 4% and
for Abnormal, it is 11.2%.

3) FOREARM: Table 7 shows the Confusion Matrix for the
Forearm class.

Table 7 Confusion Matrix Parameters of Forearm

For the Shoulder class, the Precision for Normal is 92% and for
Abnormal, it is 95%. We also calculated the Recall and F1 Score
which are 95% and 93% for the Normal Shoulder, and 92% and
94% for the Abnormal Shoulder. The Miss Rate for Normal is
4.9% and for Abnormal, it is 8.1%.

7) WRIST: Table 11 shows the Confusion Matrix for the Wrist
class.

Table 11 Confusion Matrix Parameters of WRIST

CLASSIFICATION TP TN FP FN
NORMAL 1087  [10867 134 66
ABNORMAL 708 11300 57 89

CLASSIFICATION TP TN FP FN

NORMAL 848 | 11159 63 84

ABNORMAL 729 | 11282 40 103

For the Forearm class, the Precision for Normal is 93%, and for
Abnormal, it is 95%. We also calculated the Recall and F1 Score,
which are 91% and 92% for the Normal Forearm and 88% and
91% for the Abnormal Forearm. The Miss Rate for Normal is 9%
and for Abnormal, it is 12.4%.

4) HAND: Table 8 shows the Confusion Matrix for the Hand
class.

Table 8 Confusion Matrix Parameters of HAND

CLASSIFICATION TP TN FP FN
NORMAL 946 11049 94 65
ABNORMAL 619 11412 46 77

For the Wrist class, the Precision for Normal is 89%, and for
Abnormal, it is 93%. We also calculated the Recall and F1 Score
of 94% and 92% for the Normal Wrist, and 89% and 91% for the
Abnormal Wrist. The Miss Rate for Normal is 5.7% and for
Abnormal, it is 11.1%.

As our model is a multi-classifier, we cannot get accuracy and
Cohen's Kappa Score for every class separately. The overall
Accuracy and Loss of the model are depicted in Fig. 8. So, the
overall accuracy of our model is 92.10% and the overall Cohen’s
Kappa score is 91.5%.

4.2. Comparison of Results

Musculoskeletal abnormalities are very important to detect in the
early stages as they can affect the ligaments, tendons, bones,
muscles, discs, blood vessels, nerves, and various other parts of
the body. Tusher, Hasib, and Hashem published a deep CNN
based model for the detection of Bone Abnormality in the MURA
dataset. They used only four of the seven upper extremities for
their experiment which were Elbow, Finger, Humerus, and Wrist.
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Table 12 Comparison of the Proposed Model and Existing Model

Upper Proposed Model Existing Model
Extremity Miss Rate | F1 Score |Miss Rate| F1 Score
ELBOW 5% 93% 18% 85%
FINGER 7.60% 92% 8% 83%
HUMERUS 9% 92% 13% 87%
WRIST 8.40% 91.50% 7% 89%

Table 12 shows the comparison of the proposed and existing
models. The accuracy they got for these classes was 86.45%,
82.13%, 87.15%, and 87.86%. The overall accuracy of our model
is 92.10%. In our model, the precision for Elbow is 91.5%, for
the Finger is 93%, for Humerus is 93%, and for the Wrist is 91%.
Their paper used VGG-19 and ResNet neural networks for their
model. The Miss Rate of the four classes, Elbow, Finger,
Humerus, and Wrist, which they studied are 18%, 8%, 13%, and
7%. The Miss Rate calculated in our model was 5% for Elbow,
7.6% for Finger, 9% for Humerus, and 8.4% for Wrist. As we can
see, for Elbow, Finger, and Humerus, the Miss Rate of our model
is less than the compared model, but for Wrist classes, the Miss
Rate of our model is slightly higher than the above model.

F1 score helps us to get a balance between Precision and Recall.
In the previous model, the F1 Score was 85% for the Elbow class,
83% for the Finger class, 87% for the Humerus class, and 89%
for the Wrist class. Compared to our model, the F1 Score for
Elbow, Finger, Humerus, and Wrist is 93%, 92%, 92%, and
91.5%, higher than the previous model. Cohen's Kappa Score in
the prior model was 71.1%, whereas, for our model, it is 91.5%,
which is much higher than the previous model.

5. Conclusion

Computer-aided detection in medical imaging is vital for
reducing radiologists’ workload and minimizing error rates in
patient reports. Based on Deep CNN, the model enhances
prediction accuracy by self-learning from radiological images in
the MURA dataset, covering seven upper extremities. Through
preprocessing techniques and well-designed architecture, the
model achieves an impressive 92.10% accuracy overall, with a
remarkable 94% precision precisely for extremities and a Cohen's
Kappa score of 91.5%. This research paper advocates the
adoption of deep learning algorithms in medical imaging to
streamline radiologists' work and enable quicker, more precise
therapeutic decisions, benefiting patient care significantly. The
success of this model underscores the potential for artificial
intelligence to revolutionize medical diagnosis and treatment,
ultimately improving patient outcomes and healthcare efficiency.
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