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ARTICLE INFORMATION AIM: To evaluate the effect of augmented training datasets in a deep convolutional neural
network (DCNN) used for detecting abnormal chest radiographs.

Article history: MATERIALS AND METHODS: Chest radiographs were corrected to conform to a DCNN

Received 30 December 2018 dataset, with 288 abnormal and 447 normal radiographs. The radiographic images were

Accepted 9 April 2019 divided into training and validation sets (441, 60%), and a test set (294, 40%). The training and

validation sets were augmented to generate a total of 12,789 training and validation images.
The augmentation consisted of operations such as rotation, horizontal and vertical flipping,
Gaussian blur, and brightness variation, either alone or combined. The DCNN performed binary
classification of the images as being abnormal or normal chest radiographs, and accuracy was
used as measure to assess the model performance.

RESULTS: The accuracy of the DCNN trained with the augmented dataset tended to be higher
than that of the DCNN trained with the non-augmented dataset. The augmented datasets
combining rotation and horizontal flipping had a high accuracy of 0.91, showing the highest
accuracy among the applied augmentation techniques and combinations.

CONCLUSION: Augmentation of training datasets can improve the performance of DCNN for
radiographic image classification depending on the applied augmentation technique.

© 2019 The Royal College of Radiologists. Published by Elsevier Ltd. All rights reserved.

Introduction models are currently available, including VGG16,! GooglLe-
Net,” ResNet,” and AlexNet,* and these have achieved good

Image recognition based on machine learning is results in competitions such as the ImageNet Large Scale
increasingly becoming more prevalent, particularly with Visual Recognition Challenge,” which focused on classifying
respect to the dramatic development obtained from deep non-medical images of targets such as animals and vehicles.

convolutional neural networks (DCNNs). Several DCNN More recently, DCNN models have been applied for medical
image diagnosis.® Image classification performance using

DCNNs is dependent on the data available in the training

— ) datasets, with large and diverse datasets providing the best
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datasets, images can be processed to increase the number of
samples by employing a method called data augmentation.
For instance, AlexNet was trained with an augmented
dataset obtained after applying operations such as hori-
zontal flipping to non-medical colour images to improve
the classification performance.* In the present study,
different types of augmentation techniques applied to grey-
scale medical images were evaluated to determine the most
suitable approach to improve DCNN-based classification.
Specifically, the effect of augmentation on chest radio-
graphs was considered given their widespread use in clin-
ical practice.

Materials and methods
Dataset creation

This retrospective study was approved by the institu-
tional review board of Ehime University Graduate School of
Medicine, and requirements for informed consent were
waived. A total of 735 chest radiographs (anteroposterior or
posteroanterior) were obtained from the picture archiving
and communication systems at Ehime University Graduate
School of Medicine. Two radiologists (with 7 and 18 years of
experience in diagnostic imaging) classified the radiographs
as being either abnormal or normal. From the 735 chest
radiographs, 288 exhibited abnormalities and the other 447
were normal according to the specialists. The main abnor-
malities and their rates are listed in Table 1; some radio-
graphs simultaneously exhibited more than one
abnormality.

Fig 1 illustrates the stages of image processing and data
augmentation adopted in this study. The images were
converted into the JPEG (Joint Photographic Experts Group)
format with sizes of 1000x1000—2400x2000 pixels at 8
bits. Then, each image was resized to 128x128, 192x192,
and 256x256 pixels. The following process was conducted
for each image resolution. The 735 images were randomly
split into training and validation sets (60%), and test sets
(40%), containing 441 and 294 images, respectively. Further,
the training and validation sets were split randomly in a
ratio of 80/20. This way, the 735 images were divided into
training (352, 48%), validation (89, 12%), and test (294, 40%)
sets.

Table 1

Main abnormalities found on chest radiographs from this study.
Main abnormality Present dataset NIH dataset
Infiltration 27 (9%) 7 (9%)
Cardiomegaly 67 (23%) 17 (23%)
Emphysema 7 (2%) 5(7%)
Effusion 47 (16%) 10 (13%)
Mass 26 (9%) 6 (8%)
Nodule 20 (7%) 10 (13%)
Pneumothorax 9 (3%) 2 (3%)
Fibrosis 44 (15%) 9 (12%)
Consolidation 19 (7%) 6 (8%)
Atelectasis 22 (8%) 3 (4%)
Total 288 75

Data are presented as n (%).

The training and validation sets were augmented by
applying rotation, Gaussian blur, brightness variation, and
horizontal and vertical flipping. The rotation was set be-
tween —28° and 28° at increments of 2°. Gaussian blur
transforms an image using a Gaussian function. Specifically,
a weight is put on neighbouring pixels according to the
distance from a noteworthy pixel. The blur radius was
changed between 1.0 and 3.7. Brightness varied in factors
between 0.5 and 2.0. Considering Gaussian blur, brightness
variation, horizontal and vertical flipping, and some of their
combinations, a dataset with 12,789 training and validation
images was generated. From these images, 10,231 (80%)
images were used for the training set (80%) and the
remaining 2,558 (20%) for the validation set. Fig 2 shows
examples of images from different training sets.

DCNN mode architecture

DCNN models were built using the Keras library origi-
nally created by Francois Chollet and written in Python
3.5.4. The basic DCNN model is composed of six convolu-
tional layers followed by one max-pooling layer and one
fully connected layer. Dropout values of 1/4 and 1/2 were
used after the max-pooling and fully connected layers,
respectively. A leaky rectified linear unit was used in each
layer, except for the output layer. Small filters of 3x3 were
used at each convolutional layer, along with the same
padding. Models with different augmented training sets
were established. The network training was executed using
an NVIDIA deep-learning GPU training system GeForce
GTX1080 running the Microsoft Windows 10 64-bit oper-
ating system with NVIDIA CUDA 8.0 and cuDNN on a com-
puter with an Intel i7 6800k processor at 3.4 GHz.

Model assessment and statistical analyses

Each augment dataset was loaded onto the DCNN for
testing five times. From the five assessments of each dataset,
the dataset with highest accuracy was adopted as the result
for that type of augmentation. The DCNN for the augmented
dataset producing the highest performance was further
tested on a publicly available test set from the National In-
stitutes of Health (NIH). Seventy-five normal and 75
abnormal cases were selected randomly from the NIH test
set, excluding radiographs containing medical tubes. Hence,
150 records from the NIH test set were used. The main ab-
normalities of the images on this test set are those listed in
Table 1. Fig 1 illustrates the evaluations in this study. The
sensitivity, specificity, positive and negative predictive
values, and accuracy were assessed for detecting abnormal
images on the NIH test set. The adjusted Wald method was
used to determine the 95% confidence interval (CI).”

Results

DCNN performance according to augmented dataset

Table 2 lists the performance of the DCNN trained with
different augmented datasets. Overall, the accuracy
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735 chest radiographs of our institution were
converted to JPEG grayscale images.
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Figure 1 Diagram summarising this study including dataset generation and DCNN evaluation.

improves using augmented datasets compared to the non-
augmented datasets; however, applying Gaussian blur
operation sometimes produces lower accuracy than when
using non-augmented data. Regarding resolution, images of
128x128 pixels show the highest accuracy. Further, at a
given resolution, accuracy tends to be higher when
combining rotation and horizontal flipping than when
applying other augmentation operations. Therefore, this
type of augmentation was used to evaluate the publicly
available NIH test set.

L = Vel

(d)
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Evaluation on NIH test set

When applied to the NIH test set, the DCNN classified
abnormal and normal chest radiographs with a sensitivity
of 85% (95% CI. 77—94%), specificity of 81% (95% ClI:
72—90%), positive predictive value of 82% (95% CI: 73—91%),
negative predictive value of 85% (95% CI: 76—93%), and ac-
curacy of 83% (95% CI: 77—89%). Table 3 lists the true pos-
itives and false negatives according to the main

abnormalities in the images from this test set.

l

()

Figure 2 Example of images from the training datasets: (a) non-augmented image, (b) Gaussian blur, (c) brightness variation, (d) rotation, (e)

rotation + vertical flipping, (f) rotation + horizontal flipping.
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Table 2

Accuracy of the deep convolutional neural networks trained by different augmented datasets.

Dataset

Image resolution

128x128

192x192

256x256

Non-augmented dataset

Rotation

Rotation/rotation + horizontal flipping

Rotation/rotation + vertical flipping

Gaussian blur

Gaussian blur/Gaussian blur + horizontal flipping

Gaussian blur/Gaussian blur + vertical flipping

Brightness variation

Brightness variation/brightness variation + horizontal flipping
Brightness variation/brightness variation + vertical flipping

0.81 (0.76—0.85)
0.82 (0.78—0.86)
0.91 (0.88—0.94)
0.86 (0.82—0.90)
0.78 (0.73—0.83)
0.82 (0.78—0.86)
0.83 (0.79—0.87)
0.84 (0.80—0.88)

0.83 (0.79—0.87)
0.85 (0.81—0.89)
0.89 (0.86—0.93)
0.85 (0.81—0.89)
0.82 (0.78—0.86)
0.76 (0.71—0.81)
0.78 (0.73—0.83)
0.85 (0.81—0.89)

0.83 (0.79—0.87)
0.84 (0.80—0.88)
0.89 (0.86—0.93)
0.88 (0.84—0.92)
0.82 (0.78—0.86)
0.79 (0.74—0.84)
0.74 (0.69—0.79)
0.88 (0.84—0.92)

(
0.87 (0.83—0.91)
0.85 (0.81—0.89)

(
0.84 (0.80—0.88) 0.86 (0.82—0.90)
0.85 (0.81—0.89) 0.84 (0.80—0.88)

Data are presented as accuracy (95% confidence interval).
Discussion

Classification performance depending on augment
dataset

Training data with augmentation can lead to higher
classification accuracy compared to non-augmented data-
sets (Table 2). Besides augmentation, transfer learning is
another method to improve DCNN performance by using
weights derived from large datasets. In a previous study,
transfer learning was used for the classification of chest
radiographs,® but data augmentation combined with
transfer learning showed improved performance.’ There-
fore, the results of the present study can be useful for DCNN
implementation even when employing transfer learning.

Regarding the augmentation techniques, other studies
have used horizontal flipping or rotation to determine the
presence of endotracheal tubes on radiographs.' In the
present study, pixel size and combined rotation—horizontal
flipping produced the highest accuracy, thus indicating the
relevance of these operations to generate additional chest
radiographic images. Therefore, augmentation can be
beneficial for high DCNN performance and preventing the
correction of large datasets, especially for medical images,
which are scarce for abnormal cases compared to other
types of images.

In the present study, Gaussian blur applied to training
sets undermined classification accuracy. Although Gaussian

Table 3
True positives and false negatives determined by highest-performing deep
convolutional neural networks (DCNN) on National Institutes of Health
dataset.

Main abnormality True positives False negatives

Infiltration 5 2
Cardiomegaly 17 0
Emphysema 4 1
Effusion 9 1
Mass 6 0
Nodule 7 3
Pneumothorax 2 0
Fibrosis 6 3
Consolidation 5 1
Atelectasis 3 0
Total 64 11

blur can mitigate noise, it has drawbacks such as the loss of
fine detail."" Therefore the poor classification performance
may be explained by texture loss after blurring. Unlike
blurring, operations such as rotation and horizontal flipping
preserve fine detail. Therefore the type operation de-
termines the classification performance achieved by data
augmentation.

Interestingly, higher resolution does not always imply
higher classification accuracy, and the most suitable reso-
lution may differ depending on the dataset. For instance, a
higher resolution may be required to identify small abnor-
malities'?; however, in the dataset used in the present
study, nodules, which are usually small, account for only 7%
(n=20) of the cases, and the employed DCNN is not speci-
alised for small abnormalities.

Evaluation on publicly available NIH test set

In addition to the test set, a publicly available an NIH test
set was also evaluated to verify the generalisation ability of
the DCNN. A previous study reported that cardiomegaly and
pneumothorax are more distinguishable than other abnor-
malities such as mass and nodule.”® In the present study,
cardiomegaly produced better recognition than other ab-
normalities including nodules (Table 3). These results sug-
gest that large abnormal features are easily distinguished by
the DCNN. Overall, the accuracy of the DCNN tended to be
higher on the authors’ test set than on the NIH test set. This
divergence can be caused by differences in aspects such as
organ shapes, ratio of main abnormalities, and number of
images.

Limitations

Some limitations from this study remain to be addressed.
First, the DCNN architecture was not specialised to detect a
specific abnormality, such as nodules, as several abnormal
features can appear in a single chest radiograph. Hence, in
this study, a general DCNN that determines whether any
abnormality is present was tested. Binary normality classi-
fication of chest radiographs may be valuable to assist cli-
nicians as a screening tool.'* Second, if the parameters of
the DCNN are tuned to each type of augmentation, higher
performance may be achieved; however, the aim of the
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present study was to evaluate the effect of augmentation,
and therefore, the DCNN architecture and parameters were
fixed. Third, the reasons for some of the false positives are
not clearly understood. This problem can be addressed by
generating heat maps, which usually localise the areas of
the image where more attributes are found by the DCNN for
recognition.'” Likewise, another study introduced visual
tools to interpret trained artificial neural networks.'® Future
studies can include these methods to unveil the mecha-
nisms behind DCNN classification.

In conclusion, augmentation of training datasets was
useful for the binary classification of chest radiographs us-
ing a DCNN. Classification performance was highly depen-
dent on the type of augmentation techniques employed.
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