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Abstract. Since the beginning of the COVID-19 pandemic, researchers have de-
veloped deep learning models to classify COVID-19 induced pneumonia. As with
many medical imaging tasks, the quality and quantity of the available data is
often limited. In this work we train a deep learning model on publicly available
COVID-19 image data and evaluate the model on local hospital chest X-ray data.
The data has been reviewed and labeled by two radiologists to ensure a high-
quality estimation of the generalization capabilities of the model. Furthermore,
we are using a Generative Adversarial Network to generate synthetic X-ray im-
ages based on this data. Our results show that using those synthetic images for
data augmentation can improve the model’s performance significantly. This can
be a promising approach for many sparse data domains.
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1 Introduction

The ongoing COVID-19 pandemic brings many challenges for societies all around the
globe. For the healthcare sector, it is important to screen infected patients in an effective
and reliable manner. This is especially true in an emergency setting, where patients
already experience advanced symptoms. The prevalent test used for COVID-19 detection
is the reverse transcription polymerase chain reaction (RT-PCR) [1-3]. This method has
a high false negative rate and the processing requires dedicated personnel and can take
hours to days |4].

Since chest X-ray (CXR) images of COVID-19 patients show typical findings including
peripheral opacities and ground class patterns in the absence of pleural effusion [4,5],
they can be used as a first-line triage tool [6]. This could speed up the identification
process, as CXR images are easy to obtain and rather inexpensive with a lower radiation
dose than computed tomography (CT) images. Using deep learning models for detection
of COVID-19 prevalence in CXR images is promising, because it eliminates the need for
specialized medical staff in an emergency setting. This can further help to alleviate the
challenges to the healthcare systems around the world and has the potential to save lives.

In this retrospective study, we are training a deep convolutional neural network (CNN)
on the openly available COVIDx V8b dataset [7] and evaluate the model on local hospital
CXR data. We specifically choose this learning framework to assess the generalization
abilities of a CNN in the medical imaging context. Since high quality CXR image data
is sparse, we see this as the most common use case for models in production.
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Furthermore, we are using a modified version of the StyleGAN architecture [8] to
generate synthetic COVID-19 positive and COVID-19 negative CXR images for data
augmentation. This is done to offset some negative side effects encountered by a distri-
butional shift between the training and testing data.

2 Related Work

There has been a lot of previous work on applying deep learning to CXR images to
detect a COVID-19 pulmonary disease [7,9-12]. However, most of the existing work
is using publicly available CXR and COVID-19 image data. Most of those images are
collected from heterogeneous sources with varying image and label quality, which raises
concerns about the quality and valid evaluation of deep learning models [13, 14].

Generative Adversarial Networks (GANs) [15] have been used for many applications
in the medical imaging domain [16-18|. Some studies show promising results specifically
for the CXR and COVID-19 domain [19, 20]. In contrast to existing work, we integrate
differentiable augmentation [21] into our GAN architecture. This enables us to train on
a very small dataset and still get meaningful results.

3 Materials and Methods

Our goal for this work is to correctly detect a COVID-19 pulmonary disease in chest
X-ray images on local university hospital study data. Therefore, we train a deep learning
model on publicly available COVID-19 image data and evaluate the model based on
our study data. We further enhance the amount of available training data by generating
synthetic X-ray images. In this section we explain the origin and distribution of the data,
as well as the deep learning model and training process.

3.1 Data

In this work we analyze chest X-ray images in posteroanterior (PA) and anteroposterior
(AP) front view. Typically the AP view is encountered for cases where the patient is
bedridden. Figure 1 shows two male patient example CXR images from our study data.

Training data We use two different training datasets, see Table 1. As a first step, we
use the COVIDx V8b dataset 7] to train our model. This dataset is one of the biggest
curated and publicly available COVID-19 CXR datasets. We use the training split of the
dataset, which contains 13.794 COVID-19 negative and 2.158 COVID-19 positive frontal
view X-ray images of 14.978 unique patients.

In a second step we enhance this training data by using 20.000 additional synthetic
CXR images that we generated based on our study data. With that, we can add 10.000
COVID-19 positive and 10.000 COVID-19 negative images to our existing COVIDx V8b
training data. This synthetic data is used to further augment the training of the classi-
fication model and increase image diversity. A sample of the generated images has been
reviewed by a radiologist to ensure that the model produces meaningful data.

Validation data We validate the model by calculating loss metrics on the so called test
split of the COVIDx V8B dataset. This dataset contains 200 COVID-19 positive and 200
COVID-19 negative images. We used this dataset to tune model parameters. This is to
avoid overfitting our model to the testing data.
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COVID-19 Positive COVID-19 Negative

Fig. 1. Chest X-ray images with lungs marked in red. (Left) COVID-19 positive image, typical
Ground-glass opacification marked in blue. (Right) COVID-19 negative image.

Testing data The central data in this work comes from a single center retrospective
study of the Universititsklinikum Ulm. For this study 566 patients (average age 51.12y
+/- 18.73y; range 23-82y, 315 women) of a single institution (11/2019-05/2020) were
included. The data has been carefully reviewed and labeled by two radiologists after ded-
icated training into COVID-19 positive and COVID-19 negative. The senior radiologist
(CK) has 8 years of experience in thoracic imaging. This resulted in 110 positive images
and 223 negative images, as seen in Table 1.

This testing data is used as a holdout set for final model evaluation. With this method
we make sure to avoid any patient overlap between the training and testing data. Fur-
thermore, we get a high-quality estimation of the generalization capabilities of the model
when evaluating on the testing data. This is because the testing images come from a
different data source, which leads to a distributional shift.

Table 1. Distribution of images for all datasets

Dataset Split COVID-19 positive COVID-19 negative
COVIDx V8B Training 2.158 13.794
COVIDx V8B -+ Synthetic Training 12.158 23.794
COVIDx V8B Validation 200 200
Uniklinik Ulm Study Test 110 223

3.2 Network Architecture

For classification we use the ResNet50 architecture [22]. The network has been pretrained
on the TmageNet [23] database. We replace the final fully connected layer with a linear
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layer of two outputs, one for each class. To get the predictions we apply a softmax
activation function. Since training was very stable, we did not use any additional dropout
layers or regularization methods.

The generative model is based on a modified version of StyleGAN |8]. We specifically
integrate differentiable augmentation [21]| into our StyleGAN architecture. This is to
prevent memorization of the training data and helps to stabilize the training process.
This combined architecture enables us to generate meaningful synthetic images based on
our small study dataset |24]. Figure 2 shows one example image along a classification by
the COVIDx+Synth model.

Real Image, Ground Truth: covid, Pred: covid with 99.95% Synthetic Covid Image, Pred: covid with 99.99%

Fig. 2. Example images for classification by the COVIDx+Synth model. (Left) Real COVID-
19 positive image, correctly predicted as positive. (Right) Synthetic COVID-19 positive image,
correctly predicted as positive.

3.3 Training details

To train the ResNet classifier we use the Adam solver [25] with default parameters (81 =
0.9 and Sz = 0.999) and a cross-entropy loss. We train the model using minibatches
of size 16. We use an initial learning rate of 0.001 and apply the One-cycle learning
rate scheduler |26] with a maximum learning rate of 0.006. We initially freeze all but
the new last network layer for 5 epochs of training. After those 5 epochs all network
parameters are trained for 30 additional epochs. The One-cycle learning rate scheduler
is only applied after the initial freeze period. Increasing the amount of training showed
no further improvement empirically.

All images are being scaled down to 224 x 224 and normalized with the mean and
standard deviation of images in the COVIDx V8B dataset [7] before feeding them into
the network. During training, we augment the images with random horizontal flipping
and random rotation (£5°).

Since we use two different training datasets (see Section 3.1) we get two different
models: COVIDz and COVIDz+Synth. Both classification models use the exact same
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hyperparameters and training procedures as described. This is to evaluate the effect of
using the synthetic data and make the results comparable.

For the StyleGAN generator, we train two different models: one for each class of
COVID-19 positive and negative images. This is a simple method to ensure that we can
generate a specific image class. For further details regarding the training process of the
StyleGAN generator see Spéte 2021 [24].

4 Results

To investigate our models in a quantitative manner, we computed the accuracy, as well
as Fl-score, precision and recall for each class on the validation and testing data. The
metrics for the validation data are shown in Table 2. Both models perform quite well on
the validation data with an accuracy of 96 % and 95.5 % respectively. The results are
in line with Wang et al. 2020 [7] and their COVIDNet-CXR-2 model. Interestingly, the
Covidx+Synth model falls behind the other models, despite having a lot more training
data. This could be another indication of a distributional shift between the COVIDx
dataset and the study data of the Universitatsklinikum Ulm.

The results for the testing data are also shown in Table 2. The table shows that a
model trained on the COVIDx dataset can adapt quite well to the testing data, with
an accuracy of 89.49 %. The model achieves a decent precision for COVID-19 cases
(90.32 %), which is good since too many false positives would increase the burden for the
healthcare system due to the need for additional PCR testing. With a rather low recall
of 76.36 % the model does miss quite a lot of COVID-19 cases. This can be especially
problematic in this sensitive medical setting, since false negatives lead to undetected
cases of COVID-19.

This drawback can be controlled by using additional synthetic data to train the model.
Table 2 shows an increase in accuracy (92.49 %) and most evaluation metrics. Especially
the improved recall of 95.45 % is very desirable. This comes with the cost of a slight
reduction in precision (-6.32 %). Based on those results, it can be seen that our models
perform quite well, especially when incorporating the synthetic data, but there are still
several areas for improvement.

Table 2. Evaluation metrics for models COVIDx and COVIDx+Synth on validation data (with
reported metrics from Wang et al. [7] for comparison) and on testing data.

Accuracy F1-Score Precision Recall
Model C19 pos. C19 neg. C19 pos. C19 neg. C19 pos. C19 neg.
Validation Data
COVIDx 0.9600 0.9583 0.9615 1.0000 0.9259 0.9200 1.0000
COVIDx+Synth 0.9550  0.9548 0.9552 0.9596 0.9505 0.9500 0.9600
COVIDNet-CXR-2 [7] - - - 0.9700 0.9560 0.9550 0.9700
Testing Data
COVIDx 0.8949  0.8276 0.9244 0.9032 0.8917 0.7636 0.9596
COVIDx+Synth 0.9249 0.8936 0.9420 0.8400 0.9760 0.9545 0.9103
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5 Limitations and Discussion

In this work we showed that a deep learning model trained with a comparatively large
volume of publicly available data for COVID-19 detection is able to generalize well to
single source, local hospital data with patient demographics and technical parameters
independent of the training data. This is not without limitations, since the distributional
shift between the training and testing data can lead to some undesirable results, especially
for important metrics like low recall values.

We show that this can be improved by using synthetically generated data to aug-
ment the training data. Although this works quite well, one of the reasons could be a
rebalancing effect, that could have been achieved with various resampling methods as
well. Another reason could be a light form of data leakage, since the synthetic data was
generated based on the testing data. This is not fully clear, since the StyleGAN generator
has no direct access to the ground truth data and just learns based on the feedback of a
discriminator. Despite these concerns, the model shows promising first results and using
such a model in an emergency setting could give a fast estimation for the prevalence of
pulmonary infiltrates and therefore improve clinical decision-making and resource allo-
cation.
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