POTHER: Patch-Voted Deep Learning-based
Chest X-ray Bias Analysis for COVID-19
Detection

Tomasz Szczepaniski![0000-0001-6189—478X] * A 1k diusz
Sitek2[0000-0002-0677-4002] o asy Trzcifiskil:34[0000-0002—1486-8906]

1,2[0000—0001—9411—-820X]

, and
Szymon Plotka

! Warsaw University of Technology, Warsaw, Poland
2 Sano Centre for Computational Medicine, Cracow, Poland
3 Jagiellonian University, Cracow, Poland
4 Tooploox, Wroclaw, Poland

Abstract. A critical step in the fight against COVID-19, which contin-
ues to have a catastrophic impact on peoples lives, is the effective screen-
ing of patients presented in the clinics with severe COVID-19 symptoms.
Chest radiography is one of the promising screening approaches. Many
studies reported detecting COVID-19 in chest X-rays accurately using
deep learning. A serious limitation of many published approaches is in-
sufficient attention paid to explaining decisions made by deep learning
models. Using explainable artificial intelligence methods, we demonstrate
that model decisions may rely on confounding factors rather than med-
ical pathology. After an analysis of potential confounding factors found
on chest X-ray images, we propose a novel method to minimise their neg-
ative impact. We show that our proposed method is more robust than
previous attempts to counter confounding factors such as ECG leads in
chest X-rays that often influence model classification decisions. In ad-
dition to being robust, our method achieves results comparable to the
state-of-the-art. The source code and pre-trained weights are publicly
available at (https://github.com/tomek1911/POTHER).
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1 Introduction

The SARS-CoV-2 outbreak has claimed the lives of millions of people, and de-
spite its onset in 2019, it remains a serious concern and a threat to public health.
The gold standard for diagnosing COVID-19 disease is an RT-PCR test; how-
ever, it is expensive, necessitates specialised laboratories and requires the patient
to wait relatively long for the outcome. For this reason, computer scientists and
radiologists become interested in the computer-aided diagnosis (CAD) capabil-
ities of chest X-rays (CXR). The automatic diagnosis of COVID-19 using chest
X-ray images is challenging due to the high intra-class variations, superimpo-
sition of anatomical structures, or implanted electronic devices [I]. Moreover,
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a significant limitation in developing reliable models for detecting pneumonia
and COVID-19 is the lack of precisely annotated and rigorously collected data.
These limitations may result in models learning various confounding factors in
the CXRs. We investigate this phenomenon in our work.

Most of the approaches developed for the classification of the CXR images
relay on global features [2], [II], [12], [14]. However, these features may not
accurately represent the complex nature of CXR images [22]. It should be veri-
fied when working with medical images, especially when the model’s accuracy is
very high [13], [21], the reasons why algorithms perform so well to prevent devel-
oping algorithms which base their decision on confounding factors rather then
medical pathology. Wang et al. [7] propose COVID-Net, the first lightweight
capacity neural network dedicated for COVID-19 detection and introduce a
novel COVIDx dataset. Authors create a feature extraction method tailored for
COVID-19 and provide results of the model’s decisions analysis with the use of
GSInquire [24]. They create a map of lung areas important for COVID-19 detec-
tion and claim a production-ready solution. Considering the need for a critical
approach to chest classification and analysis of biases[23],[22],[20], we carry out
further research into the analysis of the deep learning model decisions using the
COVIDx dataset.

Recently, a new patch-based learning technique [3], [I0], [25] emerged as a
successful method for robust model learning and generalization. Li et al. [3] pro-
pose a multi-resolution patch-based CNN approach for lung nodule detection on
CXR image. The method achieves high accuracy by leveraging the local context
of CXR images. Roy et al. [25] use the model’s local training method for classi-
fication on the ICIAR-2018 breast cancer histology image dataset, which allows
them to achieve state-of-the-art results on this dataset. Oh et al. [10], inspired
by their statistical analysis of the potential imaging biomarkers of the CXRs,
explore patch-based learning for COVID-19 detection. They propose random
patch cropping, from which the final classification result is obtained by major-
ity voting from inference results at multiple patch locations. Authors analyse
model decisions using proposed probability gradient-weighted class activation
map (GradCAM) [I8] as a part of explainable AT (XAI) method [4], upon which
they conclude their results are correlated with radiological findings. Similar to
Oh et al., our proposed method POTHER explores a patch-based learning ap-
proach in CXR images for reliably detecting COVID-19. In contrast, we do not
use segmented lungs as input; instead, we propose a multi-task model that lever-
ages segmentation task to extract valuable features. In addition, we limit the area
from which we draw patches and reduce their size.

We use XAl methods to demonstrate that model decisions may rely on con-
founding factors rather than medical pathology. Degrave et al. [20] and Cabrera
et al. [22] call them shortcuts, while Maguolo et al. [23] biases. An analysis of
shortcuts in CXRs, which we call confounding biases (CBs), based on open-source
datasets and global learning methods, is presented by [20]. It demonstrates the
detrimental influence on models decisions caused by laterality tokens, i.e. L or
R letter, meaning the left or right side of the image, the position of the clavicles
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Fig. 1: The overview of the proposed POTHER framework for chest X-ray bias
analysis. (a) Pre-trained segmentation network to generate pseudo-labels, (b)
an encoder-decoder patch-based multi-task learning network to classify CXR
images. We adopt majority patch-based voting for classification and employ
patch-based activation maps to explain the results.

and the presence of arms in the upper parts of the image. Authors present that
machine learning (ML) models trained on CXR images

may generalise poorly and owe the majority of their performance to the learn-
ing of shortcuts that may be consistently detected in both internal and external
domains - making external validation alone insufficient to detect poorly behaved
models. We analyse CBs in the frequently cited COVIDx dataset [7] and pro-
pose a multi-task learning COVID-19 detection method called POTHER. that
improves robustness to CBs.

The contributions of this paper are threefold. Firstly, we propose a novel
multi-task patch-voted learning-based method called POTHER for chest X-ray
image analysis for COVID-19 detection. Secondly, we analyse activation maps
of currently available methods and sources of confounding biases in CXRs from
the COVIDx dataset. Our analysis reveals a significant number of CBs. These
biases should be considered when using the COVIDx dataset in future research.
The main CBs are ECG leads, laterality tokens and hospital markings. Finally,
we demonstrate that deep learning models learn how to classify pneumonia man-
ifestations and lung morphology, focusing on the confounding mentioned above
factors rather than the actual manifestation of the disease or lack thereof on
lung parenchyma. In our methods, to counter CBs, we used segmentation as a
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helper task which allowed for an efficient feature extraction method that per-
forms comparably to the state of the art. The paper is organized as follows.
Section [2] details our proposed method. Next, Section [3] presents details about
our experimental setup and results. We follow with Section [4 which discusses
the results. Finally, Section [5| concludes the paper.

2 Method

Fig. [] presents an overview of our proposed method. First, we pre-train the U-
Net lung fields segmentation network to generate pseudo-labels. Second, we use
patches to train a multi-task U-Net-based neural network for CXR image bias
analysis. Finally, for classification, we use a majority patch-based voting.
Pre-training segmentation network. We train a segmentation neural net-
work to extract lung fields from CXR images. For this task, we adopt the U-Net
encoder-decoder to perform semantic segmentation [5]. With the pre-trained
model on [§], [9] datasets, we generate pseudo labels for unlabelled COVIDx
dataset [7]. Before feeding those pseudo masks to the multi-task neural network,
we use custom pre-processing algorithms.

Multi-task neural network. Inspired by [I5], [16], [I7], we use an encoder-
decoder based convolutional neural network (CNN) for simultaneous classifica-
tion and segmentation of the lungs in the CXRs. Our network is U-Net-based
with ImageNet pre-trained ResNet-50 as backbone encoder [6]. We use an en-
coder part to extract high-level X-ray image features. Every encoder block for-
wards feature maps and concatenates them with the corresponding decoder part.
We employ an attention mechanism to the skip connections to learn salient maps
suppressing irrelevant lung vicinity that may be a source of CBs. We extend an
attention gate mechanism by aggregating multi-scale feature maps from the de-
coder to learn the local context of the lung feature maps representation. Each fea-
ture map is fed through an inception module that leverages convolutional filters
of multiple kernels (i.e. 1x1, 3x3, 5x5, and 7x7) and stride sizes (S = 1,5 = 2),
which does not increase the number of parameters significantly. The amplitudes
of features from the deeper layers are smaller than the shallow ones. To prevent
shallow layers from dominating deeper ones, we normalise the weights of the
features from multiple scales with the L2 norm before concatenation.
Patch-based learning. Motivated by [I0], we adopt a patch-based learning
method to train our multi-task neural network. Unlike Oh, we do not cut out
the lungs with masks to avoid inductive bias. We use the lung masks instead as
pseudo-labels for segmentation training. This helper task requires the model to
learn new features necessary to recognise lung tissue boundaries. A pre-processed
CXR image and corresponding mask are resized to 1024 x 1024. Then using a
draw area based on the scaled-down, with a ratio of 0.9, whole lung mask, we
randomly choose a patch centre. Its coordinates are drawn with a uniform dis-
tribution of non-zero pixels from the draw area mask. Fig. (b) shows training
images with corresponding pseudo-labels in the context of the entire CXR, im-
age, i.e. exemplary drawn image patches are marked with white squares in the
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CXR image and pseudo-labels with red squares on the corresponding mask. In
our method, we use patches of size 80 x 80, in contrast to Oh uses patches of
size 224 x 224. A region of the image and the corresponding mask are cut off
using determined patch coordinates, resulting in an image patch and pseudo-
label pair. Then the image patch and its mask are interpolated to 224 x 224.
This pair is used to train a segmentation head, while the image patch and its
corresponding class represent a training pair for the classification head. Thanks
to the reduction of the draw area and the small size of the patch, the model’s
input never contains laterality tokens and hospital markings. At the same time,
if chosen close to the lung edge, a patch covers a small lung boundary fragment,
allowing the model to recognise lung tissue based on the segmentation task.
Majority patch-based voting. Only one patch per image, per batch, is used in
the training phase. However, we repeat the random draw multiple times for the
inference to cover the whole lung field as the area of interest. Each time, based
on the patch, the model makes a single classification called a single vote. The
majority vote result, i.e. the class chosen based on the majority of the patches,
is the final classification for that image.

3 Experiments and Results

In this section, we evaluate our methods on the COVIDx dataset. Next, we
present gradient-weighted class activation maps that compare the decision bases
of our proposed method with existing methods. We employ GradCAM to provide
visual explanations of our method decision bases that focuses its attention on
lung morphology and is less sensitive to CBs. Finally, we show quantitative
results on the COVIDx test set.

3.1 Datasets

To pre-train a neural network for the segmentation of lungs, we use data from
[8], [9]. The datasets consist of 6380 2D CXR images. The annotations for each
image provide a manual segmentation mask rendered as polygons, including the
retrocardiac region. To evaluate our methods, we use an open-source COVIDx
dataset [7]. In total, the dataset consists of 13970 2D CXR images (8806 normal,
5551 pneumonia and 353 COVID-19 cases). The authors constantly expand this
dataset, and in order to compare with their published results, we use the same
version of the dataset as they used at the time of publication. We create a
validation set by splitting the training set with a 70:30 ratio, and the test dataset
is built using the script provided by the COVIDx authors.

3.2 Data pre-processing

Lung masks. We remove unnecessary objects from lungs masks like electronic
devices, which are labelled with a shade of grey. We perform mask filtering to
improve the masks or remove them from the dataset when the correction is not
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possible. We present a detailed algorithm in the supplement B Finally, we resize
the original image and the mask to a size of 1024 x 1024 pixels using linear
interpolation. All images are resized to square regardless of their original aspect
ratio.

COVIDx dataset. The images for the training of our model are pre-processed
with histogram equalisation. Soft augmentation methods consist of offset, scal-
ing without preserved aspect ratio, rotation, horizontal flip, Contrast Limited
Adaptive Histogram Equalisation (CLAHE) with random clip range and random
grid range, brightness and contrast adjustment, sharpening and embossing.

3.3 Implementation details

We implement our model in PyTorch deep learning framework and train on a
workstation with a single GPU NVIDIA Titan RTX 24GB until convergence
over 100 epochs, with a mini-batch size of 16, an initial learning rate of 1 x 1074
and a weight decay factor of 1 x 1074. We set Rectified Adam (RAdam) as the
optimiser to minimise the loss function. To prevent overfitting, we apply various
soft data augmentation techniques. During training, we perform the following
transformations: horizontal flip, sharpen, emboss and CLAHE with p = 0.5. We
also apply a random-weighted sampler. The weights are computed as an inverse
class frequency. As loss function, we use Dice loss for segmentation task:

N
_ 2 Zl pigi + €
N N )
Zi p? + Zz 91'2 +e
where p; is the prediction pixel value, g; is the ground truth, and € is a numerical

stability to avoid divide by zero errors, and Weighted Cross-Entropy (WCE) for
classification task:

£dice =1

(1)

N
1
Lwce = _N § WTn 10g(pn) + (1 - Tn) lOg(l - pn)’ (2)
n=1

where w is the class weight, p,, is the Softmax probability for the i*" class, and
rp, 18 the ground truth value of {0, 1}. Finally, the overall multi-task loss function
can be formulated as the sum of both loss functions:

L = Lpice + LwcE- (3)

3.4 Gradient-weighted class activation mapping results

We analyse probabilistic class activation maps for gradient weighted models that
classify CXR images into three classes: normal, pneumonia and COVID-19 in the
COVIDx dataset. It turns out that the globally [7] and the locally [10] trained
model focus on non-disease related elements. In contrast, POTHER focuses on

!mttps://cutt.ly/rIB1JFQ

ICCS Camera Ready Version 2022
To cite this paper please use the final published version:
DOI] 10.1007/978-3-031-08754-7_51 |



https://cutt.ly/rIB1JFQ
https://dx.doi.org/10.1007/978-3-031-08754-7_51

Chest X-ray Bias Analysis for COVID-19 Detection 7

pneumonia

a) Wang et al. b) Oh et al. c) POTHER

Fig. 2: The activation maps of: (a) cropped image global training, (b) segmented
lung patch-based local training, (c) our multi-task patch-based local training
method - POTHER. The globally trained model focuses on artificial electron-
ics, textual information, and other non-disease-related features such as shoulder
position. The model trained on the segmented lung is spared textual information
but uses lung contour for classification. Our proposed model does not use these
spurious features for classification but lung morphology instead.

the morphological structure of lung tissue. The globally trained model concen-
trates on laterality tokens and ECG-leads artifacts even though input images are
cropped. The locally trained model lacks textual information, but instead, it uses
the lung mask’s contour, supported by an edge’s strong gradient because of the
black background, to classify the image. The globally trained ResNet-50 model
was fed with images pre-processed and augmented, as described in Wang’s work.
The pre-processing consists of cropping the top 8% of the image, and according
to the authors, it is to mitigate commonly-found embedded textual information,
which, as presented in Fig. 2, is not enough because there are texts localised too
close to the lung to be cropped.
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