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Abstract

Objectives. The purpose of the work is automatic detection of lung lesions: cavities, infiltrates, and nodules on
chest X-ray images. Also, the possibility of spatial localization of these lesions on the image is investigated.
Methods. Binary classification using deep convolutional neural networks and the Grad-CAM method are used.
Results. For the Xception model, the binary classification accuracy on the test dataset is 73.1% for cavities,
71.9% for infiltrates, and 72.8% for nodules. Heat maps with true positive outcomes for cavities and nodules are
mostly understandable to radiologists. More research is needed to get heat maps for infiltrates that are
understandable to experts.

Conclusion. The average classification accuracy of the Xception model for three lesion types (cavities,
infiltrates, and nodules) is equal to 72.6%. Heat maps associated with pathological processes in the lungs and
lesion localization were constructed. Obtained results are good, but not excellent. Thus, further investigation
should be done to improve the classification accuracy and quality of the heat maps.

Keywords: medical image processing, image analysis, lung lesions, deep learning, binary classification, computer-
aided diagnosis, chest X-ray, Grad-CAM
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AHHOTALNA

enn. OcymmecTBsieTcsl aBTOMaTHIECKOe OOHapyKEHUE MOPAKEHUH JIETKHX: MTOJIOCTEH, HHPHUIBTPATOB U y3€i-
KOB — HAa PCHTICHOBCKMX CHHMKaxX TIPYAHOW KieTku. Takxke HCciexyercs BO3MOXKHOCTh NPOCTPAHCTBEHHOM
JIOKJIN3AIIMHU 3THX MOPAXKESHUH Ha N300pakeHHH.

Metonsl. Mcnonb3ytoTest OuHapHas kinaccu(uKainys Npy MOMOIIY IIyOOKHUX CBEPTOYHBIX HEHPOHHBIX CeTei
u metox Grad-CAM.

PeszynbraTtsl. s monmenu Xception TOYHOCTH OMHApHON KiaccU(HKalMM Ha TECTOBOM HAOOpe NaHHBIX
cocrasiser. 73,1 % nmna nonocreit, 71,9 % s uHbUibTparoB u 72,8 % ans y3enkoB. TemsioBble KapThl
C UCTHHHO TIOJIOXKUTEIbHBIMU PE3yJIbTaTaMH JJIsl MOJOCTEH M Y3€JKOB B OCHOBHOM IOHSITHBI PaaMOJIOraM.
YroObl MOMYYHUTh IOHATHBIC SKCIEpPTaM TEIUIOBBIE KapThl A WH(HUIBTPATOB, HEOOXOIMMO IPOBECTH [0-
TIOJTHUTENBHBIC HCCIIEIOBAHMSL.

3aknioueHue. CpemHsas TOYHOCTh KiIacCH(UKAIMU MOJENN Xception Uil TpeX THUIIOB MOpaXKeHUH (II0JIOCTH,
MHQUIBTPaThl U y3enku) paBHa 72,6 %. Bpum MOCTpOEHBI TEMIOBBIE KapThl, CBS3aHHBIC C MATOJOTHYECKUMHU
IpoueccaMy B JIETKUX M JIOKaTu3anuei nopaxkeHud. [lomydeHHbIE pe3ysbTaThl SIBISIOTCS XOPOIIMMH, HO HE
OTIIMYHBIMHU. TakuM 00pa3oM, HEOOXOANMO MPOBECTH JaTbHEHIINE MCCIICIOBAHUS JUIS MOBBIMICHUS TOYHOCTH
KiIacCcU(UKAIMU U KauecTBa TEIUIOBBIX KapT.

KiroueBble cioBa: 00pabOTKa MEIMIMHCKUX H300pakKeHMH, aHAIN3 H300paKCHUH, MMOPaKEHHS JIETKHX,
riybokoe o0y4eHue, OMHapHas KiacCU(UKalys, aBTOMaTU3UPOBaHHAs AMATHOCTHKA, PEHTIeHOrpadus rpyJHO
kietku, metog Grad-CAM

Baarogapuocrtu. Padora BeinonHeHa npu GuHaHcoBoi moamepxke: mpoekra ISTC-PR150 «bemopycckas 6asa
JIAHHBIX 0 TyOepKyne3y M TyOepKyne3Hbli moptaiy, npoekra BPOOU Ne @22KUTT-001 «lleneBas Tepamus
KaJ'II)I_[I/Iq)I/IKaI_II/II/I, OHOCpeHOBaHHOﬁ IMUKIIMYCCKUMU NIENITUAAMU, U PAHHAS BU3YyaJIU3UPYIOoIas JUarHoOCTUKaA paKa
nerkux»; ['TIHU «lludpoBbic 1 KOCMHUYESCKHE TEXHOJOTHH, O€30MAaCHOCTh Ye0BEKa, O0IECTBa U TOCYIapCTBa
2021-2025», noanporpamma «L{udpoBbie TexHONIOrUM U KocMuueckas nHdopmarukay, 3aganue 1.1.3. Ocobas
OmaromapHOCTB BBIpaxkaeTcsi Bpady-peHTreHonory Onery BnagumupoBuay TapacoBy 3a EHHYIO SKCIIEPTH3Y BO
BpeMs IPOBEICHUS HCCIICOBAHUM, a Tak:ke AHJpero ['aOpu3IIsTHy 3a IMoJIe3HbIe BOTIPOCH! U OT3HIBHI.

Jist nMTHPOBaHMS. AJTOPUTM OOHApY>KEHMS HATOJOTWH JIETKHX HA PEHTTCHOBCKMX CHHUMKAx C HCIOJIb30-
BaHHEM OWHApHO# KiaccuUKalKK ¢ aKIIEHTOM Ha MpeaBapurenbHyo 06padotky / JI. A. [TaBnenko, A. A. Ko-
capeBa, J. B. Cuexko, B. A. Kosanes // Undpopmaruka. — 2025. — T. 22, Ne 3. — C. 7-24. — DOI: 10.37661/1816-
0301-2025-22-3-7-24.

KondaukT naTepecoB. ABTOPHI 3asBISIIOT 00 OTCYTCTBUM KOH(IIMKTa HHTEPECOB.

Introduction. In recent years, artificial intelligence-based clinical decision support systems (Al-
CDSS) have gained substantial traction in the medical domain, driven by advancements in deep
learning and the increasing availability of annotated medical imaging datasets. These systems are
increasingly recognized for their potential to enhance diagnostic precision, reduce inter-observer
variability, and streamline clinical workflows. Among various applications, Al-driven solutions for
radiological image analysis have emerged as a particularly active area of research and development.
Modern convolutional neural networks and vision transformers are being widely employed to perform
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tasks such as lesion detection, segmentation, and classification across modalities including computed
tomography (CT), magnetic resonance imaging (MRI), and X-ray. Such tools are especially valuable
in scenarios requiring rapid and reliable interpretation of complex images, where human expertise may
be limited or subject to fatigue-induced errors. Despite promising results, challenges remain regarding
model generalizability, interpretability, and integration into clinical practice.

Addressing the challenges of tuberculosis diagnosis is crucial due to its significant impact on public
health and the need for timely, reliable interventions. Several approaches have been proposed in the
literature for the AI-CDSS aimed at tuberculosis diagnostics.

One of the key challenges in developing systems for delineating pathological areas is the need for
labor-intensive manual segmentation, which places a substantial burden on radiologists and hinders
the efficient annotation of large-scale medical imaging datasets. There is a clear need for the
development of methods capable of identifying pathological regions in the absence of segmentation
annotations.

The investigation goal is to automatically detect lesions and construct heat maps associated with
pathological processes in the lungs. To achieve the goal we trained convolutional neural networks for
the automatic detection of lung lesions: cavities, infiltrates, and nodules. Also, we investigated the
possibility of spatial localization of these lesions in the chest X-ray (CXR) image. In the paper, we'll
describe in detail the dataset preparation, training process, and the results obtained. The main concept
is illustrated in fig. 1.

Lesions
descriptions

Cavities are present

Neural
network

Lesions
heat map

Unlabeled sextant image

Fig. 1. Scheme of Al-CDSS to help a specialist

As shown in fig. 1, an unlabeled lobe (lung sextant) of the CXR image is input to the experimental
software. The experimental AI-CDSS results in lesion descriptions and corresponding heat maps with
spatial localization of these lesions.

An overview of existing solutions was conducted to identify relevant methodologies and
approaches. In paper [1], the authors present a detailed literature review of existing solutions for
detecting tuberculosis on chest X-rays. Existing publications present several conceptually similar
approaches to the problem under consideration [2-4]. The authors [2] achieved a high classification
accuracy of 96% in distinguishing tuberculosis from non-tuberculosis cases. However, their study
exhibits several notable differences. First, the authors utilized images characterized by high contrast.
Second, their approach did not include differential diagnosis of pathologies — specifically, the
classification of lesion types. Activation maps have been derived during the training of CNN-based
classifiers [3]. The authors developed an ensemble of neural networks for the classification of
tuberculosis, achieving an overall accuracy of 82.93%. Notably, the model demonstrated higher
performance — reaching 90% accuracy — in identifying specific pathological patterns such as effusion,
infiltration, mass, and nodule (when dividing the data set into training and test samples in a ratio
of 8:2). However, the accuracy was lower for other pathologies, such as fibrosis. A distinctive feature
of our work is the classification of sextants, which was employed to enhance the accuracy of
pathological area localization in the generation of activation maps.

We used image analysis of lung lobes (sextants) cropped by the lung mask rather than the whole
CXR image. Image analysis of whole CXR images (cropped by the lung mask too) gave lower
accuracy. Before being sent to the neural network the image is compressed to 299x299 or
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224x224 pixels. This image compression makes small lesion foci invisible or faintly visible. Thus,
processing lung lobes (sextants) instead of the whole lung preserves small lesion foci for processing

by the neural network.

Fig. 2. Example images with a missing lung:
a) image with an incorrectly generated one lung mask;
b) image (patient ID 248) with a correctly generated one lung mask

Fig. 3. Example images for which no masks were generated:
a) poor quality image (patient 1D 2841);
b) an image with too large black background area (patient ID 16325)

i

Fig. 4. Example of generated image Fig. 5. Example of dividing lungs into six
for manual mask review parts (sextants) by mask area
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Experimental Al-CDSS to assist radiologists is based on a neural network and artificial intelligence
techniques. The output of experimental software is lesion descriptions (for example, "cavities are
present™) and lesions heat map that highlights these lesions on CXR. AI-CDSS automatically produces
results for three lesion types: cavities, infiltrates, and nodules.

To get lesion descriptors we used a binary classification method. Binary classification [1] is
classifying the elements of a set into one of two groups (each called a class). For example, to
determine if CXR has cavities or not.

To get heat maps we used the Gradient-weighted Class Activation Mapping (Grad-CAM)
method [5]. Grad-CAM uses the gradients, flowing into the final convolutional layer to produce a
coarse localization map highlighting important regions in the image for predicting the classes. That is,
the Grad-CAM method allows one to visualize the areas of high attention of the neural network, based
on which it makes the final decision.

To retrieve a dataset of sextants from the original CXR database of the TB Portals
Case Browser [6] (URL: https://data.tbportals.niaid.nih.gov) and TB DEPOT [7] (Data Exploration
Portal, URL.: https://depot.tbportals.niaid.nih.gov) a lot of preliminary work that has to be completed:

1. manually exclude inappropriate images with lateral patient orientation, containing large
white/black frames, with incorrect modality, containing other body parts, etc.;

2. automatically invert the image in color if it is inverted:;

3. automatically flip the image if it is flipped horizontally (the heart is on the right side);

4. develop an algorithm for automatically cutting lungs into sextants;

5. conduct a gquantitative analysis of the obtained data.

Steps 1-3 were described in the research paper [8]. Steps 4 and 5 are explained in this paper.

Algorithm for cutting lung into sextants. To work with lung sextants, it is necessary to correctly
automatically slice lung images into parts. During a meeting with the radiologist, it was determined
that the sextant separation when annotating images is interrelated with anatomical aspects of the
position of veins, arteries, etc. In more detail, the division of the lung into lobes is made by a
radiologist according to the following rules.

For CXR scans:

— upper sextants are above the lower edge of the aortic arch;

— middle sextants are between the lower edge of the aortic arch and the right inferior pulmonary
vein;

— lower sextants are below the right inferior pulmonary vein.

For CT scans:

— upper sextants are above keel level;

— middle sextants are between the keel and right inferior pulmonary vein;

— lower sextants are below the right inferior pulmonary vein.

In this formulation, dividing the lungs into lobes based on anatomical image maps is a challenging
task in itself, as it cannot be adequately captured by a simple mathematical algorithm due to its
reliance on complex anatomical structures. In addition, there is always the possibility of human error
in annotation, since some lesions in the lungs are on the border of the sextants selected by the
radiologist.

According to the CXR images processing pipeline proposed in the article [8], lung masks were
obtained automatically using the application program interface (API) of the LungExpert [9, 10]. This
software is available online for testing at URL: https://lungs.org.by.

When cropping the lungs according to their automatically generated mask, several difficulties
arose. The lung mask is incorrectly positioned under the following conditions:

— lung collapse is present (fig. 2, a);

— poor quality of the original image (fig. 3, a);

—too large black background on the image (fig. 3, b);

— presence of foreign objects on the image.

To identify images with incorrectly generated lung masks, they were viewed in two ways:
automatically, using algorithmic processing of lung mask regions, and by manual review. This semi-
automatic approach allowed minimizing the number of incorrectly generated masks.
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For manual review of the images, previews were created that included a lung mask overlaid on the
CXR and a rectangular cropping frame where the image should be cropped (fig. 4).

To organize semi-automatic search and correction of images with incorrectly generated masks, the
ratio of two lung mask areas was used. To calculate the ratio of two lung mask areas, the number of
lung mask contours is counted. Ideally, there should be two contours for the left and right lung.
The first two contours with the largest areas S1 and S2 are then found. If there are third, fourth, etc.
contours, they are ignored. The ratio of lung areas S2/S1 is in the range [0, 1], where S1 is the area of
the largest contour and S2 is the area of the second largest contour.

To determine the S2/S1 ratio value for the correctly generated mask, this ratio was calculated for
each of the images in the original dataset. A total of 10,475 masks and corresponding ratios were
obtained (tabl. 1).

Table 1
Number of images with lung area ratio in the intervals

Column No. 1 2 3 4 5 6 7 8 9 10 11
Lung area ratio interval 0.0 (0.0,0.1]{(0.1, 0.2]{(0.2, 0.3]{(0.3, 0.4]{(0.4, 0.5]{(0.5, 0.6]|(0.6, 0.7]|(0.7, 0.8]{(0.8, 0.9]|(0.9, 1.0]
Number of images 514 35 54 132 179 363 671 1,378 2,519 3,223 1,407

Of this tabl. 1, 514 images of column 1 had only one lung mask contour (S2/S1=0). Single-lung
masks were considered "correct" and processed according to a separate procedure described below.

The images with different ratios were then partially manually reviewed. After manual review, a
ratio of 0.6 was experimentally chosen as the boundary for "correct” and "incorrect” lung masks.

If the ratio is strictly greater than 0.6 (S2/51>0.6), we consider the mask to be "correct"
(see columns 8-11 in tabl. 1). In total, 230 images from columns 8-11 were manually reviewed and
subsequently excluded from the final dataset due to errors in lung mask definition.

If the ratio is less than or equal to 0.6 ($2/51<0.6) and not equal to zero (S2/51#0), we consider the
mask to be "incorrect” (see columns 2—7 in tabl. 1). We excluded the "incorrect”" masks from further
study and did not cut them into sextants. This is a simplified approach that could probably be
improved.

Before cropping the ‘correct' masks, a padding of 3% is added to both the width and height of the
bounding frame, but not exceeding the actual image dimensions.

Having selected a rectangular frame to cut, the next step is to divide that frame into six parts
(sextants). After a meeting with the radiologist, it was decided to divide the lungs into sextants evenly
by area of mask. Thus, the cropping frame is first divided vertically into three equal parts according to
the mask area (two horizontal lines in fig. 5), so the area of each part should be one-third of the area of
the whole lung mask. The cropping frame is then divided exactly in half horizontally (one vertical line
in fig. 5). An approach involving overlapping sextants could potentially provide better performance.
The investigation of overlapping sextant configurations is intended for future research.

To correctly process masks with one lung (514 images of column 1 in tabl. 1), a second missing
lung must be drawn on the image. Fig. 6 shows how the cropping frame is formed around the mask for
the case where only one lung (contour) was detected on the CXR image.

In fig. 6 value d is the estimated distance between existing and missing lungs and 7, is the width
of one lung mask. To find the estimated value of d, we obtained all masks with (at least) two contours
and found the ratio k£ of the distance between the lungs (the two largest contours) to the sum of the
widths of the two lungs using eq. (1):

d

= —— 1
T ()

where 4 is the distance between the two lungs; 7, is the width of the right lung; 7, is the width of the
left lung. Fig. 7 explains the variables in eq. (1).
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Fig. 6. An image explaining the procedure Fig. 7. Image explaining the notations
for selecting the cropping frame for a single lung in the eq. (1)

Tabl. 2 shows the results of the calculated £ ratio in eq. (1) among the original CXR dataset.

Table 2
Number of images with value £ in the intervals
Number of images 10,118 30 9 4 1

Interval of k£ values | (0,0.3] | (0.3,0.4] | (0.4,0.5] | (0.5,0.6] | (0.6, 0.7]

According to tabl. 2, most of the images that have at least two contours on the mask have a & value
between 0 and 0.3 (over 99.5% of all images). The average value of the k& over the whole dataset is
0.079. Thus, it was decided to use a k value equal to 0.3 to construct a cropping frame with a missing
lung. This choice is due to the intention to preserve more information in the image when the cropping
frame is automatically selected.

If k= 0.3 and according to eg. (1) the estimated value of d for one-lung mask is equal to:

d:k'(W1+W2):k'2'W1:0.6'W1. (2)

Therefore, if the number of lung contours is equal to one, a new cropping frame width is calculated
automatically by mirroring one lung to the other half of the thorax with the missing lung. The eq. (3)
for calculating the width 7 of the cropping frame is:

W=2-W,+d=2.6-W,. ©)

Quantitative analysis of the obtained data. An important step of this study was to collect
statistical information about the existing markup of lung images based on radiologists’ annotations
(feature labels). All feature labels are divided into five groups:

1. general features for describing the lungs as a whole (5 features);

2. features for describing cavities in the lungs (5 features);

3. features for describing nodules in the lungs (11 features);

4. features for describing infiltrate (density anomalies) in the lungs (3 features);

5. feature to describe the presence and magnitude of pulmonary collapse (1 feature).

In total 25 features were analyzed. Unfortunately, there is no possibility to show all tables and
charts in this paper. Therefore, here is an example of one labeling feature "Small Nodules™ in the
original CXR dataset.

The "Small Nodules" feature is the integer number from 0 to 100%. The frequency and distribution
of non-empty values of the "Small Nodules" feature are shown in tabl. 3, 4, and fig. 8, 9.
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Table 3
Number of lobes with non-empty values for the "Small Nodules" feature
Upper Right lobe Upper Left lobe
>0 4,120 3,616
=0 3,418 2,965
Middle Right lobe Middle Left lobe
>0 2,819 2,828
=0 2,402 2,424
Lower Right lobe Lower Left lobe
>0 1,529 1,325
=0 1,551 1,563
Table 4

Number of lobes with non-zero values in the intervals for the "Small Nodules" feature
Value range, % (0,107 | (10,207 (20, 30] | (30, 407 | (40, 50] | (50, 60] | (60, 70] | (70, 80] | (80, 90] |(90, 100]

Number of lobes | 8,272 | 4,110 | 1,325 | 1,123 651 276 189 168 50 73
L
25,4% 22,3% (40,50] — (50,100]
4.0% N 47%
(30,40] A\ \
17,4% 17,4% 6.9% N \
\
]
(20,30] . (0,10]
9,4% 8,2% 8.2% //‘ 50.9%
(10,20] \ //
25.3% s
Fig. 8. Percentage distribution of lobes with Fig. 9. Frequency of occurrence of lobes with non-zero
non-zero values for the "Small Nodules™ feature values for the "Small Nodules" feature

Based on the quantitative analysis of the data obtained, the following conclusions can be drawn.

A strong imbalance in the annotated data was found when working with different groups of feature
labels. This strong imbalance exists for both the distribution of binary responses ("Yes" or "No") and
for integer numerical values from 0 to 100%.

For binary responses ("Yes" or "No™), most data have a value of "No".

For integer numerical values from 0 to 100%, most non-zero data is in the range [1, 10]% and zero
values are the most common.

Upper sextants are affected more frequently than lower sextants. The right lung is affected
generally more frequently than the left lung. The exception is only the "Collapse™ feature, for which
lower sextants are affected more frequently than upper sextants, and the right-left distribution is
approximately the same.

The lack of labeled data can be partially addressed by merging data for different sextants into one
group. Thus, circumventing the lack of data for training. To increase the training dataset size, we
merged data with the same labels for the upper right/left, middle right/left, and lower right/left sextants
into one group.

As a result of data merging, the task of recognizing lesions in lung lobes is reduced from regression
(predict a number) to binary (a class exists or does not exist in the lung). Thus, in tabl. 5, the labeling
features are combined from the 20 tasks into three binary tasks.
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Table 5

Three binary classification tasks for cavities, nodules, and infiltrates

Feature name [6]

Value range

Task

Reduce to the binary classification task.

Cavities exist or don't exist in a sextant

1. Small Cavities (less than 3 cm) [0.0, 100.0]%
2. Medium Cavities (3-5 cm) [0.0, 100.0]%
3. Large Cavities (more than 5 cm) [0.0, 100.0]%
4. Does any Large cavity belong to a multi-sextant cavity? Yes/No
5. Can Multiple cavities be seen? Yes / No
6. Small Nodules (less than 3 mm) [0.0, 100.0]%
7. Medium Nodules (5-15 mm) [0.0, 100.0]%
8. Large Nodules (15-30 mm) [0.0, 100.0]%
9. Huge Nodules (more than 30 mm, tuberculoma) [0.0, 100.0]%
10. Any calcified or partially-calcified Nodules? Yes/No
11. Any non-calcified Nodules? Yes / No
12. Any clustered Nodules (nodules 2-5 mm apart)? Yes / No
13. Can Multiple Nodules be seen? Yes/ No

14. Low/ground glass Density (active fresh nodules)

[0.0, 100.0]%

15. Medium Density (stabilized fibrotic nodules)

[0.0, 100.0]%

16. High Density (calcified nodules, typically sequella)

[0.0, 100.0]%

Reduce to the binary classification task.

Nodules exist or don't exist in a sextant

17. Low/ground glass Density

[0.0, 100.0]%

18. Medium Density

[0.0, 100.0]%

19. High Density

[0.0, 100.0]%

Reduce to the binary classification task.

Infiltrates exist or don't exist in a sextant

20. Collapse

[0.0, 100.0]%

Not considered

Collapse is not considered, because it is easily detected visually even by a non-specialist.

Five general features for describing the lungs as a whole are not considered in this research,
because we only work with lobes here.

Creating training, validation, and testing datasets. If different lung lobes from the same patient
are both in the training and test datasets, this will lead to overtraining of the neural network and
overestimation of classification accuracy. To exclude different fragments of the same patient in the
training and test datasets all CXR images were divided into three groups according to patient ID:
training (70% of all patient IDs), validation (15%), and testing (15%). That is, each ID should belong
only to the training, validation, or testing dataset.

Dataset directories for training, validation, and testing were created using the algorithm in fig. 10.

Patient ID

No

List of
questions

Response is

positive and Cc.pfyoltgeryeS ]
alue 2 10 %?
No
All answers Yes Copy to "no"
are negative folder ]
or 07

Next ID

Fig. 10. Algorithm for creating datasets
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The algorithm presented in fig. 10 includes two main checks.

1. Verification that an expert has annotated the lungs. By checking the "Rater" field in "Overall
Characteristics" is not empty. If the "Rater" field is empty, the CXR image is not annotated and is
excluded from datasets.

2. Division of lung sextants into classes according to various conditions. For example, separation
into a "cavity" class in the "yes" directory and a "not cavity" class in the "no" directory.

Conducting experiments. During the initial experiments, the following neural network
architectures have been trained and tested: Xception, InceptionResNetV2, EfficientNet (B0, B1, B2,
B3, B5), DenseNet (121, 169, 201), MobileNet (V2, V3Small). Various hypotheses were tested for the
data and hyperparameters of the neural networks.

In this study, the following hyperparameters were used during training: the models were trained for
a total of 150 epochs with a batch size of 5, optimization was performed using the Adam optimizer
with an initial learning rate of 0.00001, and the learning rate was scheduled to decay exponentially
with a decay rate of 0.96 every 10,000 steps. Additionally, early stopping with a patience of 15 epochs
was applied to prevent overfitting and ensure efficient convergence.

As an example, tabl. 6 shows the classification accuracy for the nodule lesions with the final terms
for the data described below.

Table 6
Classification accuracy for the nodule lesions on the test dataset

Neural network Classification accuracy for the nodule | Number of trainable| Number of epochs to

architecture lesion on the test dataset, % parameters, min train
Xception 72.71728/72.4]171.8/72.1172.7 20.8 17/16/20/19/17/19
InceptionResNetV2 7241723 54.3 20/28
DenseNet201 72.8/72.9 18.1 50/39
DenseNet169 73.2/736/734 125 54 /41 /55
EfficientNetB5 62.7/65.9/66.2 28.3 43/48/65
EfficientNetB3 66.2 10.7 49
EfficientNetB0 69.5 4.0 121
MobileNetV2 71.1/70.1 2.2 121/131
MobileNetV3Small 63.4 15 16

Some architectures have multiple training sessions separated by a "/* sign.

For tabl. 6 the datasets for training, validation, and testing are the same, as well as all the
hyperparameters of the neural network. The difference is in the architecture, in the preliminary shuffle
of the data, and the random augmentation.

Both lightweight and large architectures to test the accuracy and heat maps were used.
The accuracy difference between training sessions of the same architecture is approximately +0.5%,

i.e., for Xception 72.8-71.8=1.0 and 1.0/2 ==+0.5.

According to tabl. 6, there is an accuracy difference between architectures from 62.7 to 73.6% or
around 10.9% which is a large percentage for binary classification. Generally, large architectures with
more trainable parameters give higher accuracy, but this is not always the case. For example,
MobileNetV2 either very fast and has an accuracy that is comparable to architectures 10 times larger.
MobileNetV2 is not the best in terms of accuracy, but when speed is also important, this neural
network is indispensable.

Oddly enough, EfficientNetB5 with 28.3 million trainable parameters performs much worse
(66.2% for the third training session) than its counterpart EfficientNetB0 with 4.0 million parameters
(69.5%). No signs of overfitting were observed for EfficientNetB5. Training took 65 epochs and
validation accuracy did not exceed 66.6%, which corresponds to minimal validation loss in the early
stopping callback checkpoint with the patience of 15 epochs.

As a result of numerous workouts with different architectures and hyperparameters of these
architectures, we decided to stop at Xception architecture [11]. Although DenseNet169 performed
slightly better. In this study, we focus not on architecture but on the data itself and the reasons how to
raise the accuracy above 75% in future research.
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The quality of the resulting heat maps is important because visualization of the lesions is also the
goal of the study. Not all neural networks produce consistent results that can be interpreted by medical
professionals. For example, EfficientNet models showed useless heat maps because of the nature of
their architecture. DenseNet models also showed poorly interpretable heat maps. Later, the following
sections present radiologist-verified heat maps for each identified type of pathology.

We would like to note that similar results were obtained by another team when solving the problem
of COVID-19 search on X-ray images [12]. According to their results, Xception architecture is also
best for classification tasks.

In general, the following conversions and improvements to make datasets were made:

—randomly divide patient IDs into three categories: training (70% of all patient IDs), validation
(15%), and testing (15%), so different sextants of the same patient cannot be in both the training and
test datasets;

— CXR image evaluator (rater) must be non-empty;

— remove from the dataset all annotations whose value is less than or equal to 10% (<10%);

— apply various augmentations to the images;

—normalize images to the range [-1, 1];

— equalize the datasets so that the number of "yes" and "no" cases are equal;

— convert from float32 to float16 to make dataset smaller;

— apply checkpoints with early stopping to minimize loss value;

— etc.

Two main improvements significantly enhanced classification accuracy: data augmentation and
filtering out data values less than or equal to 10% (<10%). Other modifications had minimal impact
on performance.

The decision to remove values <10% was based on observed improvements in classification
accuracy. In our dataset, the values represent numeric annotations assigned by the radiologist to
different regions of the image. However, many of these values fell within the low range (0, 10]% and
appeared to contribute little meaningful information.

For example, as shown in fig. 9, the "Small Nodules" label included 50.9% of non-zero values
within the (0, 10]% range. Despite their high frequency, removing these low values improved
accuracy by reducing noise and highlighting more relevant areas.

To evaluate this effect, we conducted several experiments using the Xception architecture:

1. accuracy on test data with values >10% = 72.8%;

2. accuracy on full-range test data (0-100]% = 70.9%;

3. accuracy on test data with values >20% = 70.4%.

The difference between the first and second results is 1.9%, indicating that excluding low values
has a measurable positive impact. While the exact reason for this improvement is not fully understood,
we suspect that values <10% may introduce noise or inconsistencies into the model’s predictions.
Further investigation — ideally involving domain experts such as radiologists — would help clarify this.

Further removal of values less than or equal to 20% reduces classification accuracy by about 2%.
The test dataset in the second check also contains data >10%. In future research, it will be interesting
to train on >10% data but evaluate on (0, 100]% data.

Properly done augmentation almost always enhances results. In this study, augmentation improved
accuracy by about 3%. Augmentation consists of:

— random horizontal and vertical flips;

— three random rotations on 90, 180, and 270 degrees;

— random brightness change within £5%;

— small random contrast change.

In addition, nodule lesions were divided into “small-medium"” and "large-huge” subclasses
(see rows 6-9 in tabl. 5) to test the hypothesis that on divided subgroups the neural network binary
classification will be better (fig. 11).
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Large Nodules ‘ Huge Nodules
3.9% - = 0.7%

Small Nodules'
52.5%
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Fig. 11. Percentage of nodules sizes

Medium Nodules
42.9%

However, this did not give a significant improvement:

— for "small-medium" nodules size (5,955 images in total) Xception accuracy is 76.59%;

—"large-huge" nodules size (287 images in total) Xception accuracy is 64.37%.

In comparison for all nodule sizes in one class, the accuracy is 72.83%. Here "large-huge" has
lower accuracy than "small-medium®. This is counterintuitive, because "large-huge" nodules should be
more visible. We assume there is not enough data for "large-huge" nodules to train a neural network.

The classification accuracy achieved on the test datasets for cavities, infiltrates, and nodules is
presented in the respective sections below. Importantly, none of the test samples were used during the
training of the neural network. A detailed performance evaluation across individual classes is provided
in the confusion matrices shown in tabl. 8, 10, 12.

Cavities detection. The dataset size for cavities detection to train neural networks is shown in
tabl. 7.

Table 7
Dataset size for cavities detection to train neural networks

Class name Training Validation Test
"Yes" or cavities are present 2,476 387 553
"No" or cavities are absent 2,476 387 553
Total 4,952 774 1,106

Five feature labels were used to create the dataset (see rows 1-5 in tabl. 5). At least one non-zero
value or affirmative ("Yes") feature label is sufficient to assign the lung lobe image to the "Yes" class
with some cavities in the image (see the algorithm in fig. 10). For the second "No" class or without
cavities in the image all five features are required to have zero or negative answers. The same
approach is applied to infiltrates and nodules but with different feature labels.

Classification accuracy for the test dataset is 73.1%.

Table 8
Confusion matrix for cavities binary classification
Actual
Positive (with cavities) | Negative (without cavities)
Predicted Positive TP=408 FP=153
Negative FN=145 TN=400

In comparison, random guessing has an accuracy of 50%. Thus, the obtained accuracy of 73.1% is

good. Incorrect neural network predictions: false negative (FN=145) and false positive (FP=153) are
roughly comparable. In medicine, FN is more significant than FP and should be smaller (FN < FP),
because missing an illness can cost a life. However, we have not explored this issue in depth.
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Fig. 12 shows heat maps for the true positive (TP) responses automatically obtained by the neural
network on the test dataset.

Fig. 12. Examples of TP outcomes for cavities and corresponding heat maps

The correctness of the heat maps in fig. 12 was agreed with the radiologist.
Infiltrates (anomalous density) detection. The dataset size for infiltrates detection to train neural
networks is shown in tabl. 9.

Table 9

Dataset size for infiltrates (anomalous density) detection to train neural networks
Class name Training Validation Test

"Yes" or infiltrates are present 4,935 1,120 977

"No" or infiltrates are absent 4,935 1,120 977

Total 9,870 2,240 1,954

Three feature labels were used to create the dataset (see rows 17-19 in tabl. 5).
Classification accuracy for the test dataset is 71.9%.

Table 10
Confusion matrix for infiltrates binary classification
Actual
Positive (with infiltrates) | Negative (without infiltrates)
Predicted Positive TP=730 FP=302
Negative FN=247 TN=675

Fig. 13 shows heat maps for the TP responses automatically obtained by the neural network on the
test dataset.

The radiologist's expertise revealed that the neural network correctly identified the presence of the
infiltrates in fig. 13, but their location on the heat map is not where the red color is located.

The approximate location of the infiltrate is highlighted by the non-radiologist in fig. 13, b.
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b)

Fig. 13. Examples of TP outcomes for infiltrates: a) unlabeled input images;

b) approximate ground truth; c) corresponding heat map

If compare the heat map and the approximate location of the infiltrate, we can conclude that the
neural network pays attention not to the infiltrate itself (the light spot), but to the gradient, i.e., the
transition from less dense to more dense areas at the infiltrate boundary. The areas from lower to
higher density (gradients) are highlighted by the neural network, but not the infiltrate itself.

Nodules detection. The dataset size for nodules detection to train neural networks is shown in

tabl. 11.
Table 11
Dataset size for nodules detection to train neural networks

Class name Training Validation Test
"Yes" or nodules are present 8,834 2,006 1,796
"No" or nodules are absent 8,834 2,006 1,796
Total 17,668 2,012 3,592

Eleven feature labels were used to create the dataset (see rows 6-16 in tabl. 5).
Classification accuracy for the test dataset is 72.8%.

Table 12
Confusion matrix for nodules binary classification
Actual
Positive (with nodules) | Negative (without nodules)
Predicted Positive TP=1,218 FP=402
Negative FN=578 TN=1,394
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Fig. 14 shows heat maps for the TP responses automatically obtained by the neural network on the
test dataset.

Fig. 14. Examples of TP outcomes for nodules and corresponding heat maps

The correctness of the heat maps in fig. 14 was agreed with the radiologist.

Discussion of results. The average classification accuracy of the Xception model for three lesion
types: cavities (73.1%), infiltrates (71.9%), and nodules (72.8%), is equal to 72.6%.

Three improvements made the greatest contribution to accuracy:

— filtering of data by numerical values greater than 10% (>10%);

— excluding images with empty "Rater" field in "Overall Characteristics™;

— image augmentation.

Overall, classification accuracy improved by an average of 5%.

It was found that classification errors in all three lesion types are primarily related to the quality of
the original dataset. That's why it's hard to improve accuracy over 75%.

It was observed that some unlabeled sextants, in which the lung lobe should be free of lesions, were
classified as pathological by the neural network. For example, according to the radiologist, sextants in
fig. 15 and fig. 16 contain lesions, and the neural network shows they are, but they didn't contain any
markup in the dataset and are considered as healthy.

B

Fig. 15. There are nodules in the image, but they are not present in the annotated data
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Fig. 16. There are cavities in the image, but they are not present in the annotated data

Another cause of classification errors is poor image quality in some cases. For example, in fig. 17,
the misclassification result is affected by the low image contrast and the presence of artifacts in the
background.

Fig. 17. Examples of low-quality images with FP outcome

Heat maps from the Xception model with TP outcomes for cavities and nodules are mostly
understandable to radiologists.

Heat maps for infiltrates (see fig. 13) are not understandable to radiologists because the area of
attention of the neural network is not directed to the area of pathology itself. Instead, the neural
network pays attention to gradients or the area of transition from healthy tissue to pathology around or
near the infiltrate. This may be because an infiltrate is an area of the lung with a higher density and
appears as a lighter area on the CXR image. For this reason, infiltrate can be seen by analyzing
changes in the brightness of the image (gradients), which is what the neural network does.

To get heat maps for infiltrate (anomalous density) that are understandable to experts, a separate
study should be done. The most likely approach is to make preliminary gradient transformations of the
CXR images to produce heat maps with the correct location of red regions.

From the perspective of radiologists, the classification of infiltrates represents a particularly
challenging diagnostic task. We also had difficulties visualizing the infiltrate using heat maps. It was
unexpected to get the result that the neural network pays attention during classification not to the
lesion itself, but to the gradient area around it.
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It is our contention that the following additional studies will serve to enhance the accuracy of the
classification and the quality of the heat maps.

1. Using only digital images (cell phone photos must be excluded) should greatly improve the
results.

2. Advanced data selection depending on various conditions would presumably improve the results.

3. Prepare a dataset based on descriptors labeled (annotated) by a single expert. And then fine-tune
the trained model on this dataset. This method can improve the classification accuracy since the
methodology of labeling images by one expert is the same.

4. Our team from Belarus annotated many three-dimensional CT images. CT is not CXR (different
modality). Nevertheless, it is theoretically possible to obtain additional valuable descriptors that
describe the position of the studied lesions (cavities, nodules, and infiltrate). For example, convert CT
to CXR modality and apply the available CT annotations to increase the spatial accuracy predictions
of the neural network for CXR scans.

Conclusions. For the Xception model, the binary classification accuracy on the test dataset is
73.1% for cavities, 71.9% for infiltrates, and 72.8% for nodules.

Heat maps associated with pathological processes in the lungs were constructed. Heat maps with
true positive outcomes for cavities and nodules are mostly understandable to experts. To get heat maps
for infiltrates that are understandable to experts, more research is needed.

Obtained results are good, but not excellent. Further investigation should be done to improve the
classification accuracy and quality of the heat maps.
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