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Abstract

Computer-aided diagnosis has the potential to alleviate the burden on medical doc-
tors and decrease misdiagnosis, but building a successful method for automatic classi-
fication is challenging due to insufficient labeled data. In this work, we investigate the
usage of convolutional neural networks to diagnose musculoskeletal abnormalities using
radiographs (X-rays) of the upper limb and measure the impact of several techniques
in our model. While these techniques are overall well-established, some did not gener-
alized to out setting. We achieved the best results by utilizing an ensemble model that
employs a support vector machine to combine different models, resulting in an overall
AUC ROC of 0.8791 and Kappa of 0.6724 when evaluated using an independent test
set.

1 Introduction

Musculoskeletal conditions are extensively present in the population, affecting over 1.3
billion people worldwide [1]. These conditions often cause long-term pain, directly and
indirectly reducing the quality of life of those suffering from it and their household [2, 3].
In this setting, medical imaging as X-rays plays an essential role as one of the main tools
for abnormality detection.

Insufficient medical staff, along with the complexity of diagnosis, creates a system prone
to errors. False-negative diagnosis leads to untreated injuries and symptoms such as chronic
pain and further complications in the long term, and false-positives diagnosis leads to un-
necessary treatment. Computer-Aided Diagnosis (CAD) systems are used to counteract
these problems, improve diagnostic accuracy, and assist decision-making, alleviating the
burden on radiologists.

Computer-aided diagnosis has been a topic of research since the 1960s and has signif-
icantly evolved, due to advances in medicine itself and in computer science. From a task
standpoint, CAD has found application in a wide variety of medical disorders. A few of the
innumerous works include breast cancer [4, 5], lung cancer [6], and Alzheimer’s [7]. X-ray
classification has been particularly prevalent for the chest area [8, 9, 10]. Under the same
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scope of this work (musculoskeletal abnormalities in the upper limb), 70 works were submit-
ted under a competition1 that took place using the same dataset as this work. The reported
achieved Cohen’s Kappa range from 0.518 to 0.843. However, no further information, such
as methodology, is generally available for these works.

Methodology-wise, some of the most successful classifiers include k-nearest neigh-
bors (KNN) [11, 12], support vector machines (SVM) [13], random forests [14, 15], and
neural networks [16, 17]. In this work, we will evaluate the use of a neural network clas-
sifier due to its promising performance, producing state-of-the-art results in many other
applications [18, 19].

A wide range of techniques, such as deep learning, image processing, and computer
vision, are applied to interpret radiographic images automatically. However, deep learning
models’ success is highly dependent on the amount of data available, creating a particular
challenge for medical images due to privacy concerns and time-consuming labeling requiring
experts. In this work, we present a method to classify normal and abnormal X-rays from
the upper limb by applying convolutional neural networks and several machine learning
techniques aiming to improve the classification and offset the lack of data. Concretely,
we will assess the performance implication of employing transfer learning, pre-processing
images, manual annotation, data augmentation, and ensembling.

The rest of this report is organized as follows. In Section 2, we review a few concepts
that are necessary for this work. Section 3 describes the settings of this work and all the
experiments executed to reach a final classifier, and Section 4 evaluates this classifier using
an independent test set and discusses the results obtained, as well as alternative scenarios.
Section 5 concludes the report.

2 Theoretical Fundamentals

This section reviews some of the foundations of this work. Subsections 2.1 through 2.3
explain concepts that are applied during the experiments, while Subsection 2.4 defines the
evaluation metrics used.

2.1 Convolutional Neural Networks

Convolutional Neural Network (CNN) is a class of artificial neural network, frequently
used in computer vision applications. Neural networks are inspired by the operation of neu-
rons in the biological brain, so each neuron receives an input, performs some computation,
and passes on the output to neurons in the next layer [20].

A CNN takes a multidimensional tensor as input, unlike regular neural networks. This
characteristic allows the CNN architecture to be far better optimized to process images,
whereas the regular neural network would require a huge number of parameters, and be
prone to overfitting.

1https://stanfordmlgroup.github.io/competitions/mura/

https://stanfordmlgroup.github.io/competitions/mura/
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The architecture of a CNN consists of an input layer, several hidden layers (including
convolutional, activation, and pooling layers) and an output layer. Figure 1 illustrates this
typical structure.

Input Convolution + ReLU Convolution + ReLUPooling Pooling Flatter Fully
Connected Softmax

Feature Learning Classification

Figure 1: Typical architecture of a convolutional neural network. The input, a three-channel
image, is processed by a series of convolutional, activation, and pooling layers to create the
feature layer. The feature layer is then flattered to become the input of a fully connected
layer. The fully connected layer output is transformed into a probability distribution by the
softmax function, giving the classifier prediction probability for each of the classes. Adapted
from MathWorks [21].

2.1.1 Convolution Layer

The convolution layer uses a kernel that is convolved across the whole image performing
element-wise multiplication between kernel values and the input matrix, outputting a new
matrix. This process is illustrated in Figure 2.

1 0 1 1 0 0 0
1 1 0 0 1 1 0
0 1 0 0 0 0 0
1 1 0 1 0 0 1
0 1 0 0 1 0 0
1 0 1 1 0 1 1
0 0 0 0 1 1 0

1 0 1
0 1 0
1 0 1

3 2 1 2 1
3 3 1 2 2
1 2 2 0 1
4 3 1 4 2
0 2 3 1 3

* =

Figure 2: Convolution operation on a 7× 7 matrix using a 3× 3 kernel, resulting in a 5× 5
matrix.

The optimal value for the kernel is learned during the training phase of the network.
This operation takes into account the spacial arrangement of the pixels, allowing the model
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to learn features that depend on neighbor pixels. Moreover, unlike regular neural networks,
it avoids connecting all neurons from one layer to all neurons from the next layer.

2.1.2 Activation Layer

The activation layer adds non-linearity to the model and is typically performed by the
ReLU (Rectified Linear Units) function, defined as:

f(x) = max(0, x) (1)

which transforms all x < 0 into 0 and leaves x ≥ 0 untouched. It is usually placed right
after a convolution layer [22].

2.1.3 Pooling Layer

The pooling layer performs a downsample of the image, reducing the number of pa-
rameters, and hence reducing computation needed and overfitting, while retaining critical
information.

In this operation, the values inside a region of the map generated by the convolutional
layer are replaced by a metric over this region. Among these metrics are average, min,
and max, max being the most common, where the values in a region are replaced by the
maximum value in it [22]. Figure 3 illustrates the max pooling operation.

→

3 1 3 4
4 1 7 8
9 3 2 5
8 4 8 1

4 8
9 8

Figure 3: Max pool operation using a 2× 2 filter, which eliminates 3 in every 4 pixels. The
image is divided into regions the size of a filter, and for each region, only the highest value
in the region is outputted.

2.2 Transfer Learning

Properly training a neural network might require large amounts of data, which is not
always available. Transfer learning is a machine learning technique in which a previously
trained model can be reused in another similar task, instead of starting training from scratch,
resulting in reduced training time and increased accuracy [23].

2.3 Data Augmentation

Another technique employed to overcome the limited sized dataset is data augmenta-
tion. Data augmentation consists of generating more samples from the existing samples by
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applying geometric transformations (e.g., flipping, cropping, and rotation) or color trans-
formations (e.g., contrast, saturation, and hue). This technique will lead to a more diverse
dataset, reducing data overfitting and increasing the model’s performance.

2.4 Evaluation Metrics

The results obtained by this work will be measured quantitatively using four metrics:
accuracy, balanced accuracy, Cohen’s Kappa, and Area Under the Receiver Operating Char-
acteristic Curve (AUC ROC). All metrics are evaluated using binary labels.

Prediction

Positive Negative

Input
Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

Figure 4: Typical confusion matrix for binary classification

2.4.1 Accuracy

The most straightforward metric, accuracy, simply measures the proportion of correct
predictions among all samples. Given the confusion matrix in Figure 4, it is defined by:

Accuracy =
TP + TN

TP + TN + FP + FN
(2)

2.4.2 Balanced Accuracy

When the classes’ distribution in the test set is unbalanced, the accuracy may mislead us
with a good result. Balanced accuracy takes into account this imbalance and is defined as
the average between the sensitivity (or true positive rate) and specificity (or true negative
rate) of the model. Given the confusion matrix in Figure 4, it is calculated by:

Balanced Accuracy =

TP

TP + FN
+

TN

TN + FP
2

(3)

2.4.3 AUC ROC

The AUC ROC score is equivalent to the probability that a classifier will rank a randomly
chosen positive instance higher than a randomly chosen negative one [24]. The score can be
obtained by plotting the true positive rate vs. the false positive rate at varying classification
thresholds, resulting in a plot similar to Figure 5. The AUC ranges from 0 to 1, where 1
means a perfect classifier, 0.5 a random classifier, and 0 a completely wrong classifier.
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Figure 5: Plot of a receiver operating characteristic curve

2.4.4 Cohen’s Kappa

The Cohen’s Kappa coefficient (κ) provides a more robust metric, as it aims to measure
the degree of agreement between the input and the predictions, excluding the agreement by
chance [25]. Given the confusion matrix in Figure 4, it is defined by:

κ =
p0 − pe
1− pe

(4)

where p0 is the proportion of agreement, the same as the accuracy above, and pe is the
expected proportion of agreements by chance:

pe =
(TP + FN)× (TP + FP )× (TN + FP )× (TN + FN)

(TP + TN + FP + FN)2
(5)

The web page of the dataset used in this work contains a leaderboard listing the Kappa
coefficient achieved by each of the previously submitted models.2 Since this data provides
a basis of comparison, the ultimate goal of this work is to maximize the Cohen’s Kappa on
the test set, where each study is a sample, and each sample should be classified between
normal and abnormal.

3 Methodology

This section goes over the dataset used in this work and details the experiments executed.
Over the experiments, we explore different scenarios by applying machine learning and deep
learning techniques and measure the impact of the proposed changes when comparing to
previously tested scenarios, in a path to maximize the classifier robustness.

2https://stanfordmlgroup.github.io/competitions/mura/

https://stanfordmlgroup.github.io/competitions/mura/
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3.1 Dataset

In this work, we used the MURA: Large Dataset for Abnormality Detection in Mus-
culoskeletal Radiographs [26] dataset, which contains 40,005 radiographic images labeled
by radiologists. The MURA dataset is divided into 14,656 studies from the body upper
extremities – shoulder, humerus, elbow, forearm, wrist, hand, and finger. Each study is
labeled as either normal or abnormal.

The available data is divided into validation and training sets. For testing, a third set
was created to be used in a competition and, therefore, not publicly available. To offset this
fact and provide a realist measurement of our model’s performance in a real-world scenario,
we split the training data to create a test set. Our goal was to create a test set the same
size as the validation set. As the provided validation set has 8.6% of the size of the training
set, the new test set was created by moving, for each body part, 8.6% of the studies from
the training to the test set. The number of items in each class is described in Table 1.

Table 1: Distribution of the number of studies (images) contained in each class for the three
sets.

Train Validation Test

Normal Abnormal Normal Abnormal Normal Abnormal

Shoulder 1242 (3838) 1331 (3833) 99 (285) 95 (278) 122 (373) 126 (335)

Humerus 293 (608) 247 (549) 68 (148) 67 (140) 28 (65) 24 (50)

Elbow 997 (2677) 601 (1841) 92 (235) 66 (230) 97 (248) 59 (165)

Forearm 543 (1069) 257 (595) 69 (150) 64 (151) 47 (95) 30 (66)

Wrist 1993 (5237) 1218 (3670) 140 (364) 97 (295) 201 (528) 108 (317)

Hand 1365 (3702) 475 (1354) 101 (271) 66 (189) 132 (357) 46 (130)

Finger 1161 (2834) 600 (1805) 92 (214) 83 (247) 119 (304) 55 (163)

3.2 Experiments

The models used for classification were developed in Python, mainly using the PyTorch
framework [27].

Every sample from the dataset has its target class defined among 14 classes (7 body
parts, normal or abnormal). Before inputting the images to the network, we normalized
each image’s pixels values to the mean and standard deviation of the ImageNet dataset [28]
and resized to 224× 224 pixels.

The normalization operation is performed by applying for each pixel in the three channels
the following operation:

p← p−mean
std

(6)

where mean is 0.485, 0.456, and 0.406 and std is 0.229, 0.224, and 0.225 for the red, green,
and blue channels, respectively.
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We trained each model over 40 epochs, with a batch size of 25. The samples are initially
shuffled and reshuffled before each epoch. Upon each epoch, the network performance is
measured with the scikit-learn library package [29], by the metrics listed in Subsection 2.4.
To measure the binary classification performance, the 14 class output is condensed into two
by ignoring the body part information. To determine the output of a study consisting of
several images, the probability distribution output for each image in the study are averaged.

3.2.1 Experiment I: Fit, Pad, or Stretch?

Our goal is to use pre-trained networks as a baseline. However, pre-trained networks
expect square inputs, and our images have a variable aspect ratio, so before testing an
assortment of networks, we need to decide how to transform our images: fit, pad, or stretch.

“Fit” crops the larger dimension to match the smaller one, leaving the central square.
“Pad” adds a black border on the longer side, transforming the image into a square without
erasing any region. “Stretch” directly changes the image aspect ratio to a square, stretching
the shorter side until it matches the longer. Figure 6 illustrates the three transformations.

All three transformations come with pros and cons. “Fit” and “Pad” preserve the image
aspect ratio, while “Stretch” distorts it. On the other hand, “Fit” loses some amount of
information, which might be considerable if the image is very tall or long, “Pad” fills part
of the input with irrelevant information, while “Stretch” includes the entire image.

(a) Original image [26]

(b) Fit (c) Pad (d) Stretch

Figure 6: Three transformations to change a rectangular image into square. Fit does not
deform but loses information. Pad also does not deform but adds irrelevant information.
Stretch includes all pixels but deforms the image.

To decide on the best method, we trained the ResNet-18 network on the three options
and compared the performance. Table 2 shows the results obtained. All of them were pretty
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similar, but “Stretch” was the best. Furthermore, “Stretch” was the fastest operation on
our tests. Using three separated cloud instances to avoid data cached from one experiment
speeding up another, “Stretch” loaded the training set 10% faster than “Pad” and 31%
faster than “Fit.” Therefore, we chose the “Stretch” operation to be used in the subsequent
experiments.

Table 2: Performance on the validation data for each of the transformations.

Accuracy Balanced Accuracy AUC ROC Kappa

Fit 0.8232 0.8140 0.8720 0.6373

Pad 0.8165 0.8054 0.8723 0.6222

Stretch 0.8274 0.8175 0.8617 0.6453

3.2.2 Experiment II: Pre-Trained Networks

The use of pre-trained models provides us with a consolidated and validated architecture.
These models have demonstrated good results in many similar tasks [30]. In addition, it
reduces the training time required compared to the training necessary to achieve similar
results without pre-training.

Pre-trained models may, however, have a few caveats. The models were trained using
the ImageNet dataset, containing colored images that do not resemble medical images.
Therefore the layer structure of the networks may be suboptimal for this task. Moreover,
the ImageNet images contain three channels. Consequently, our inputs must be reshaped
to conform to this restriction. [31]

We tested several networks among the best-performing ones, including DenseNet [32],
EfficientNet [33, 34], Inception-v3 [35], Inception-v4 [36, 37], Inception-ResNet-v2 [36, 37],
ResNet [38], and VGG [39]. Table 3 presents the results obtained on each model. All the
models performed very similarly, with a Kappa coefficient between 0.6450 and 0.6671.
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Table 3: Performance of each network on the validation data.

Accuracy Balanced Accuracy AUC ROC Kappa

DenseNet-121 0.8365 0.8279 0.8874 0.6649

DenseNet-161 0.8374 0.8293 0.8892 0.6671

EfficientNet-B7 0.8274 0.8182 0.8873 0.6458

Inception-v3 0.8290 0.8197 0.8769 0.6491

Inception-v4 0.8315 0.8226 0.8783 0.6546

Inception-ResNet-v2 0.8324 0.8229 0.8864 0.6559

ResNet-18 0.8274 0.8175 0.8617 0.6453

ResNet-152 0.8299 0.8220 0.8780 0.6519

VGG-16 0.8357 0.8254 0.8877 0.6621

VGG-19 0.8282 0.8155 0.8840 0.6450

3.2.3 Experiment III: Transfer Learning from Another Medical Task

A possible issue with the previous approach was the optimization of the parameters
to classify the ImageNet dataset, which is substantially different from the MURA dataset.
To reduce the discrepancy between the ImageNet samples (compose of vehicles, objects,
and animals, for instance) and MURA (composed of X-ray images), we first trained the
model using the CheXpert dataset [40], then fine-tune it to the MURA dataset. The
CheXpert dataset is also composed of X-ray images, but chest instead of the upper limb,
and reasonably larger than the MURA dataset, 223,648 in contrast to 40,005 images.

As our goal was to simply update the network parameters with images closer to MURA,
and not actually classify chest pathologies, we adapted and simplified the CheXpert labeling,
which originally included not mutually exclusive labels, to classify only the view (lateral
or frontal) and whether it had any abnormality labeled, totaling four mutually exclusive
classes, similar to the MURA dataset. We used the DenseNet-161 network, training over
40 epochs using a batch of 60 images.

Table 4 shows the results of this experiment. The pre-training using another X-ray
dataset did not improve the performance of the model, possibly due to poor performance
of the CheXpert classification.
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Table 4: Performance of DenseNet-161 on the validation data. The pre-training From
ImageNet uses the default weights provided by PyTorch, and From CheXpert uses initially
the same weights, and then is trained using the CheXpert dataset.

Accuracy Balanced Accuracy AUC ROC Kappa

From ImageNet 0.8374 0.8293 0.8892 0.6671

From CheXpert 0.8332 0.8235 0.8906 0.6574

3.2.4 Experiment IV: Pre-Processing

Many of the X-rays images in the dataset present poor contrast. To improve the visibility
and exploit the entire gray spectrum, we experimented with pre-processing the images
with two operations of contrast increase: histogram equalization and histogram stretching.
Moreover, some images include borders, wasting an area of the input, so we can crop these
out. All of these processings are afforded by the ImageMagick image editor [41], using
operators equalize, linear-stretch, and trim. An example of this pre-processing is shown in
Figure 7.

(a) Original image [26]

(b) Trim and equalize (c) Trim and stretch

(d) Original image his-
togram

(e) Trim and equalize
histogram

(f) Trim and stretch his-
togram

Figure 7: Effect of the operators equalize, linear-stretch, and trim in the radiographs.
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We tested training the two better performing networks in Experiment II using the two
pre-processings shown in Figure 7. These pre-processings, however, did not provide any
improvement in the results. The results obtained are shown in Table 5, all of which are
worse than the results without pre-processing, showing that the models are capable of
ignoring irrelevant areas of the image and correctly interpreting the gray tones on its own.

Table 5: Performance of each network on the validation data trained and tested using a
pre-processed dataset.

Accuracy Balanced Accuracy AUC ROC Kappa

DenseNet-161

Original 0.8374 0.8293 0.8892 0.6671

Equalize 0.8315 0.8226 0.8840 0.6546

Linear Stretch 0.8265 0.8169 0.8788 0.6438

VGG-16

Original 0.8357 0.8254 0.8877 0.6621

Equalize 0.8265 0.8188 0.8818 0.6452

Linear Stretch 0.8299 0.8210 0.8787 0.6512

3.2.5 Experiment V: Isolate Samples with Implants

Metal implants – such as plates, screws, and pins – used to assist the healing of a
bone, are a distinct and notable feature in an image that contains them. Since most of
these cases are labeled as abnormal, the model might be induced to classify all the images
containing these devices as abnormal. To test this hypothesis, we manually isolated the
images containing implants in one of the classes, the class humerus, as it has the smallest
number of images.

By creating this additional information in the training set, we could train the network to
classify each of the samples into “normal without implant,” “abnormal without implant,”
“normal with implant,” and “abnormal with implant.” We trained this model using the
DenseNet-161 network, the best performer in Experiment II. To measure the performance,
we merge the results of the two normal classes and the two abnormal classes into one.
The full confusion matrix is shown in Table 6, while the merged one in Table 7. For
comparison, Table 8 shows the results of the same network trained without the metal
implants annotations. The performance metrics obtained in both datasets are shown in
Table 9.
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Table 6: Confusion matrix of the model trained using a dataset containing annotations of
whether implants are present in the patient.

Prediction

Without Implant With Implant

Normal Abnormal Normal Abnormal

Input

Without Implant
Normal 129 5 0 0

Abnormal 22 35 0 0

With Implant
Normal 1 0 0 13

Abnormal 0 1 0 82

Table 7: Confusion matrix of the model shown in Table 6 merged into two classes.

Prediction

Normal Abnormal

Input
Normal 130 18

Abnormal 22 118

Table 8: Confusion matrix of the model trained using the regular dataset, without any extra
annotations.

Prediction

Normal Abnormal

Input
Normal 126 22

Abnormal 18 122

Table 9: Performance of the two models on the validation data.

Accuracy Balanced Accuracy AUC ROC Kappa

Without Implants Annotations 0.8611 0.8614 0.9022 0.7222

With Implants Annotations 0.8611 0.8601 0.9026 0.7218

By comparing Table 7 and Table 8, we can notice they have almost equal distribution.
The extra labeling in the images causes virtually no change to the results. The performance
may be possibly explained due to the imbalance of the set and lack of samples for some
classes, with only 2.2% of the training data contained in “normal with implant,” leading
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to none of the inputs getting predicted as this class (Table 6). Attempting to balance the
dataset by removing samples from other classes would create another problem: a minuscule
dataset. This approach was, therefore, abandoned.

3.2.6 Experiment VI: Data Augmentation

Data augmentation increases the model capacity to generalize by exposing it to an exten-
sive number of scenarios. In this experiment, we applied two data augmentation techniques:
cropping and horizontal flip. To verify the effect of these augmentations, we trained the
DenseNet-161 network once using the original, five random crops and its flips, resulting in a
12-fold increase in the size, similar to the augmentation proposed by Krizhevsky et al. [42];
and once using only the horizontal flip augmentation, doubling the number of samples.
Table 10 compares the results of the two experiments with the original dataset.

Table 10: Comparison of performance on the validation data. Augmented Dataset A is
the dataset using only horizontal flip, and Augmented Dataset B is the dataset using both
horizontal flip and crop.

Accuracy Balanced Accuracy AUC ROC Kappa

Original Dataset 0.8374 0.8293 0.8892 0.6671

Augmented Dataset A 0.8465 0.8370 0.8929 0.6848

Augmented Dataset B 0.8432 0.8355 0.8922 0.6792

From these results, we could conclude that, despite having more data, Dataset B per-
forms worse than Dataset A, but still better than the original. Moreover, since training
time is approximately linear in the number of samples, using Dataset A results in longer
training time. Therefore, we trained the other networks using Dataset B. These networks
were chosen based on the results of Experiment II while avoiding more than one network
from the same “family.”

Table 11: Performance of each network on the validation data for the networks trained
using a dataset augmented using flip.

Accuracy Balanced Accuracy AUC ROC Kappa

DenseNet-161 0.8465 0.8370 0.8929 0.6848

EfficientNet-B7 0.8399 0.8314 0.8913 0.6719

Inception-ResNet-v2 0.8457 0.8369 0.8892 0.6836

VGG-16 0.8374 0.8302 0.8967 0.6676

ResNet-152 0.8349 0.8243 0.8931 0.6602
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3.2.7 Experiment VII: Ensemble Model

An ensemble model combines multiple models to make a final prediction, similar to
consulting multiple opinions. This will supposedly improve the model as if a single model
performs poorly for a sample, its prediction may be overridden by other models, improving
the model stability.

In this experiment, we will use the five models trained in Experiment VI and combine its
predictions using a set of techniques. First, we made a final prediction based on consensus,
i.e., the mode of the five predictions, ignoring the probabilistic distribution. Next, we
combined the results using a weighted average, using one weight for each of the five models.
Then we tested two techniques using neural networks: a sparsely connected and a fully
connected layer to make a final prediction. The architecture of these layers is shown in
Figure 8. While these last two techniques are also ultimately a weighted average, each
element of the output array for each model is now independently weighted. Also, while
the mere five weights in the simple weighted were obtained using an exhaustive search, the
weights in these two experiments were obtained using gradient descent. Finally, we used a
support vector machine (SVM) with a radial basis function (RBF) kernel to ensemble the
models. The SVM is implemented by scikit-learn [29].

Model 1

Model n

Final

(a) Fully connected neural network architec-
ture

Model 1

Model n

Final

(b) Sparsely connected neural network archi-
tecture

Figure 8: Schematic representation of the two neural network architectures used in this
experiment. The number of classes shown here is 4 for simplification, while the real number
of classes is 14. The number of models n is 5 in the experiment.

The results obtained are described in Table 12, comparing it with the average results
obtained by the models individually. All ensemble models were able to perform better than
the average performance of the single models. The models in Experiment VI present a hard
to avoid overfitting problem, leading to near 100% accuracy in the training set for all the
models, therefore making it impossible to find the best way to combine these predictions
using the training set since practically any combination will lead to near 100% accuracy.
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We must then tune the parameters in the ensemble layer using the validation set, which
should inevitably lead to a higher drop in performance when transitioning to the test set.

Table 12: Comparison of performance on the validation data. Single Model (Average) is the
average performance of the models in Experiment VI for reference. The Consensus model
does not output a probability distribution, only the final prediction, penalizing its AUC
ROC score.

Accuracy Balanced Accuracy AUC ROC Kappa

Single Model (Average) 0.8409 0.8319 0.8926 0.6736

Consensus 0.8449 0.8349 0.8753 0.6811

Weighted Average 0.8641 0.8572 0.9086 0.7222

Sparsely Connected 0.8590 0.8504 0.9039 0.7110

Fully Connected 0.8540 0.8467 0.9102 0.7015

SVM (RBF) 0.8699 0.8638 0.9208 0.7345

The Gradient-weighted Class Activation Mapping (Grad-CAM) [43, 44] is a method to
visualize areas of the input image that are important to reaching the outputted prediction.
Grad-CAM works by processing the input through the network and obtaining a prediction.
The neuron’s gradients are set to zero except for the predicted class, and backpropagating
until the last convolutional layer (i.e., the feature layer) as to obtain the regions of this
layer that most influenced the prediction. Considering convolutional layers preserve spa-
tial information, these regions can be extrapolated to the input layer and converted to a
heatmap.

Figure 9 shows the heatmaps generated by Grad-CAM for each individual model and the
ensemble model, demonstrating the improvement caused by ensembling the models. In this
example VGG-16, EfficientNet-B7 and InceptionResNet-v2 predict “abnormal humerus”
while DenseNet-161 and ResNet-152 predict “normal humerus.” The Ensemble SVM model
prediction is, correctly, “abnormal humerus.” The incorrect models focus on a different part
of the image but are overridden by other models.

Since the Grad-CAM uses the information from the feature layer to build the visualiza-
tion and our ensemble models combine the individual models at the output layer level, we
have multiple feature layers, which would preclude the use of Grad-CAM. To work around
this, we built the ensemble visualization by averaging the Grad-CAM outputted matrix
(used to create the heatmap) for the five models. Hence, the heatmap generated for the
ensemble model is an approximation and not specific to any of the models.
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(a) Original [26] (b) VGG-16 (c) EfficientNet-B7 (d) InceptionResNet-v2

(e) DenseNet-161 (f) ResNet-152 (g) Ensemble

Figure 9: Grad-CAM heatmaps for each individual model and the ensemble model for
an abnormal humerus sample. Models VGG-16, EfficientNet-B7 and InceptionResNet-v2
predict correctly, while DenseNet-161 and ResNet-152 predict incorrectly. The Ensemble
SVM model takes all models into consideration and outputs a correct final prediction.

4 Results and Discussion

Figure 10 summarizes the Kappa coefficients for all the experiments in Subsection 3.2,
except Experiment V, which uses a subset of the dataset. Comparing to our baseline ex-
periment, Experiments III, IV, and V did not improve the classification, while Experiments
VI and VII did. Experiment II had an average Kappa of 0.6542; the SVM (RBF) model
from Experiment VII improved it to 0.7345, which is the best result achieved.
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Figure 10: Summary of the Kappa coefficient for the experiments I, II, III, IV, VI, and VII.
The maximum value was 0.7345.

To evaluate our model in a scenario closer to the real world, we will now use our test set,
defined in Subsection 3.1, which has no overlap with the other two sets. Table 13 shows the
performance metrics achieved using the Ensemble SVM model from Experiment VII, which
was the best performing model on the validation data. The model’s performance expectedly
decreased due to overfitting. Our model performed worst on hands, with a Kappa of 0.4717,
and best on elbows, with a Kappa of 0.7921. The overall Kappa was 0.6724. In contrast,
human radiologists performed worst on fingers and best on wrists [26]. Our model was able
to outperform two of the three radiologists evaluated on the elbow classification task, and
all of them in the finger classification, but falls behind on other body parts. The MURA
competition has ended, so we cannot evaluate our model on the official test set. As a
consequence, the human radiologists were evaluated on the official test set, and our model,
using our test set, so the performance comparison might not be completely accurate.
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Table 13: Performance of the model Ensemble SVM on the test data, broken down by
inputted body part.

Accuracy Balanced Accuracy AUC ROC Kappa

Shoulder 0.8266 0.8270 0.8778 0.6535

Humerus 0.8077 0.7976 0.8274 0.6061

Elbow 0.9038 0.8895 0.9023 0.7921

Forearm 0.7922 0.7755 0.8142 0.5578

Wrist 0.8835 0.8633 0.9142 0.7393

Hand 0.8090 0.7225 0.7759 0.4717

Finger 0.8563 0.8558 0.8901 0.6817

Overall 0.8484 0.8319 0.8791 0.6724

The performance difference between the test and validation sets is likely explained due to
the fitting of ensemble parameters using the validation set, as described in Experiment VII.
We can verify this by running the test set on the Ensemble Consensus model, which does not
have any extra parameters. Table 14 shows the results of this test. These results are similar
to the results obtained in the validation set (by some metrics, even better), and despite
being the worst performer on Experiment VII, it performed better than the Ensemble SVM
model, the best performer in Experiment VII. Therefore, we could assume that if we were
able to train the models of Experiment VI in such a way to reduce overfitting, we could train
Experiment VII using the train set and reduce the gap between validation and test results.
Alternatively, splitting the data into four sets instead of three to fit the ensemble parameters
using a separated set could also be beneficial, but would further reduce an already limited
dataset.

Table 14: Performance of the model Ensemble Consensus on the test data. The model has
essentially the same performance on the validation set.

Accuracy Balanced Accuracy AUC ROC Kappa

0.8593 0.8339 0.8652 0.6899

5 Conclusion

The development of machine learning models for medical diagnosis presents many pit-
falls. Our work proposed to explore this machine learning classification problem using
convolutional neural networks and related methods. It indicated that many of the tech-
niques supposed to improve the classification ended up hurting it. The best setting found
was to stretch the input to a square, apply horizontal flip data augmentation, and ensemble
a variety of architectures, reaching an AUC ROC of 0.8791 and Kappa of 0.6724. Transfer
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learning from a similar task, pre-processing images, and manually annotating subclasses did
not improve our tests.

While the overall result was inferior to human radiologists, we were still able to achieve
promising results in some scenarios. However, a transition to the clinical setting is challeng-
ing. Besides accuracy improvement under a controlled scenario, the algorithm would need,
for example, to handle unexpected inputs, provide translation and rotation invariance, and
include explainability to mitigate automation bias.

The greatest hindrance in this work was the models’ overfitting, to which further exper-
imentation with other methods is needed to adequately address it, such as early stopping
and regularization. The development of larger datasets would also provide a big leap on
this matter.
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[29] Fabian Pedregosa, Gaël Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand Thirion,
Olivier Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, Vincent Dubourg, Jake Vander-
plas, Alexandre Passos, David Cournapeau, Matthieu Brucher, Matthieu Perrot, and Édouard
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