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Abstract

Introduction: Radiotherapy is a crucial method of treating lung cancer. However, potential toxicity such as radiation-
induced lung injury (RILI) must be considered. In order to quantitatively describe different forms of RILI, a next gen-
eration of a previously discussed system has been developed to analyse the subsequent series of CT scans performed by
patients during radiation therapy and post-RT follow-up.

Materials and methods: A 3D CT scan registration module has been developed as part of the system. The analysis
management module has been expanded compared to previous versions of the system. The environment has been
prepared and the system has been deployed. In order to determine the effectiveness of the system, 1598 analyses, based
on automated image pre-processing (registration and segmentation) and first-order delta-radiomics features, have been
performed on a data set from 50 Patients.

Results: The efficiency of the execution of the analysis was evaluated in terms of time, including a breakdown into
individual stages of the pipeline. The results of the analyses were visualised and exported to a CSV file, then evaluated
from a clinical perspective.

Conclusions: The system allows, thanks to the use of a 3D registration algorithm, to analyse changes more accurately
than before, and thanks to the use of a more flexible architecture, to introduce subsequent registration and calculation
algorithms more easily. The current main research and development areas of the system include the extension of the
analytical capabilities of the system in the field of radiomics and the expansion of the number of image analysis algo-
rithms used within the system.

Keywords: lung cancer, CT images analysis, pulmonary fibrosis, radiotherapy, 3D image registration, radiation-induced
lung injury, first-order features radiomics

1. Introduction

Cancer is becoming more and more common throughout the
world, for many reasons, including ageing of the population
and population growth'. In particular, lung cancer is indicated
as the second most frequently diagnosed malignancy after skin
cancer, the most common cause of cancer-related deaths in
men and the second most common cause of cancer-related
deaths within women, according to 2017 data?’.
Approximately 50% of patients diagnosed with lung tu-
mours undergo radiation therapy at some stage of treatment*.
Modern radiotherapy uses highly precise conformal dose de-
livery methods such as SBRT (Stereotactic Body Radiothera-
py), IMRT (intensity modulated radiation therapy), or VMAT
(Volume arc technique)®. However, regardless of the form of

radiation delivery used, potential toxicity must be taken into
account. The common term Radiation-induced lung injury
(RILI) includes the early inflammatory response of lung tis-
sue known as radiation-induced pneumonitis (RIP) which oc-
curs within the first six months after the radiotherapy, and the
radiation-induced lung fibrosis (RILF) - a late chronic com-
plication that can lead to dyspnea and decreased respiratory
function®”. The literature provides a wide range of 5% to 58%
of the occurrence of RIP in patients undergoing chest radio-
therapy'. RILF is less frequently reported, with a 30% inci-
dence for the IMRT method"'. RILI can be asymptomatic and
life-threatening’®. Presentation of RIP can vary from subclini-
cal radiographic findings, mild symptoms (general fatigue,
dry, non-productive cough) to a life-threatening disease that
requires hospitalisation (respiratory failure). Extensive RILF
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can present as progressive dyspnea, developing pulmonary
hypertension and cor pulmonale'.

Therefore, further research is still needed to understand
this toxicity. An approach, known as radiomics, is to extract
quantitative features or texture - the so-called radiomic fea-
tures — from medical images, to decode tissue pathology or
predict the outcome®.

There is a wide range of post-RT image findings. During the
early phase there are mainly ground-glass and reticular opaci-
ties progressing to airspace mass-like and scar-like consolida-
tion and traction bronchiectasis'. Late fibrosis radiologically
presents as sharply defined consolidation or linear scarring
with volume loss and architectural distortion'.

There are different clinical scales to assess RILI. The most
used are CTCAE v5.0 (Common Terminology Criteria for
Adverse Events, version 5.0), LENT-SOMA (Late Effects in
Normal Tissue-Subjective Objective Management Analysis),
RTOG (Radiation Therapy Oncology Group) and SWOG
(Southwest Oncology Group).

However, the unclear and subjective nature of the scales
hinders the comparison of research results, especially in sub-
clinical patients. Hence, there is a need to establish quanti-
tative methods of the assessment. The change in lung tissue
density expressed in Hounsfield units (HU) derived from CT
scans can be a numeric surrogate of the radiologist’s eye, as it
appears to fit the most implemented NTCP models of lung ra-
diation'®. Furthermore, some authors showed a dose-response
relation and evolution over time that confirm the first-order
radiomic approach'’*

Therefore, our objective was to develop a delta radiomic tool
to determine the relationship between the dose administered
and the incidence of RILI in patients with lung cancer. For this
purpose, a system was developed to compare CT scans at differ-
ent time points to observe changes in lung tissue density based
on differences in Hounsfield unit values®. The results obtained
were then clinically analysed and a dose-effect relationship was
demonstrated using a sigmoidal model. It was also confirmed
that the evolution of changes in time corresponds to a typical
clinical presentation of radiation-induced toxicity*.

The purpose of this document is to present the current state
of the system and the changes introduced, in particular regard-
ing the modification of the registration algorithm, the prepa-
ration of the system for other registration algorithms, and the
introduction of a pipeline for the mechanics of CT scan analysis.

The document has the following structure. First, similar
works are briefly described. Next, the general current architec-
ture of the system is characterised. Then, the current analysis
pipeline, results visualisation and analysis efficiency is dis-
cussed. The last part concludes the document.

2. Similar works

To the best of the authors’ knowledge, it may be difficult to find
many works with the same subject matter as the one presented
in this article. However, a number of works can be identified
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with similar topics, i.e., those concerning automatic analysis of
CT scans using radiomic features in the field of pulmonary on-
cology. Some of these studies consider the issue of pulmonary
nodule detection or classification. For example®, discusses the
development of a model to distinguish between lung adeno-
carcinoma (ADC) and squamous cell carcinoma (SCC) based
on CT scan analysis. Similar issues concerning the automa-
tion of distinguishing between ADC and SCC are discussed
in®, with the additional assumption of solid elements > 8 mm.
Three approaches are compared: an approach based on ra-
diomic features, an approach based on radiological features,
and a combined approach. In the study” the effectiveness of
localization of lung nodules is compared, using an automatic
model based on convolutional networks (CNN) and an indica-
tion of an expert group. In the study®, the authors classified
solitary pulmonary nodules, between malignant and benign,
according to radiomic features.

The literature also includes a number of works on the use of
CT scan analysis in the context of the adopted therapy model.
For example, for SBRT, studies can be found on developing
predictions of potential therapy effectiveness and the possibil-
ity of disease recurrence based on clinical data and radiomic
analysis of CT scans®. In this context, for neoadjuvant che-
moimmunotherapy, for example, works on the prediction of
the body response to applied treatment can be found*"** In the
field of surgical treatment, for example, a paper on determin-
ing the usefulness of a radiomic system can be indicated in the
context of evaluating the preoperative tumour aggressiveness
index in stage I lung adenocarcinoma (ADC) with a diameter
of <=2 cm [33] and a paper on predicting the risk of postoper-
ative brain metastases for non-small cell lung cancer (NSCLC)
based on radiographic characteristics®.

3. High-level view of the system architecture

3.1. Architecture overview

Designing the architecture of systems containing more com-
plex algorithmic mechanisms may involve additional chal-
lenges. For the part of the system responsible for interaction
with the User, all classic system requirements are still impor-
tant, such as: UX/UI, testability, security, performance, avail-
ability, or fault tolerance, while in the algorithmic part of the
system additional factors such as accuracy, flexibility in the
selection of the algorithm, quality of data and the resulting
solution, concurrency, or the ability to easily carry out sub-
sequent iterations of experiments might be also important.
For this reason, a solution that can positively influence the
quality of architecture may be to separate the part of the sys-
tem responsible for algorithms from the part responsible for
interactions with the user, while maintaining the possibility of
communication between them®.

This path was adopted as part of the development of the
system, in the Figure 1: Lungs Radiomics Project — context
diagram a high-level view of the system architecture can be
found. There are two main subsystems within the system:
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Figure 1. Lungs Radiomics Project - context diagram.

o Lungs Radiomics Project Application — a subsystem re-
sponsible for enabling the user to configure input data of
analyses and review their results,

« Lungs Radiomics Project Pipeline - a subsystem respon-
sible for conducting analyses and transferring the obtained
results back so that they become available to the user in
a friendly form.

Within the meaning of the C4 model’*, the following
containers can be indicated as part of the Lungs Radiomics

Project Application subsystem (Figure 2: Lungs Radiomics

The person

. carrying out

Project Application - container diagram). As can be seen, the
Lungs Radiomics Project Application consists of two contain-
ers, a database used to store analysis configuration data, and
a web application through which the user can interact with
the system.

The Lungs Radiomics Project Pipeline subsystem in an
analogous diagram is presented in Figure 3: Lungs Radiomics
Project Pipeline — container diagram. It can be seen that for
pipeline orchestration, Dagster’” was used, supported by the
MariaDB?* database.
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Figure 2. Lungs Radiomics Project Application - container diagram.
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Figure 3. Lungs Radiomics Project Pipeline - container diagram.

3.2. Technology stack

The entire analysis pipeline was implemented in Python* due
to its wide applicability in scientific fields and therefore a par-
ticularly important feature from the perspective of the present
study: a wide range of tools to process medical images.

The SimpleITK* library was used as the primary image pro-
cessing tool. It is an image analysis toolkit with a large number
of components that support general filtering operations, im-
age segmentation, and registration. It supports processing of
multidimensional spatio-temporal images: 2D, 3D, and 4D in
many formats, ranging from first class standards in medical
applications such as Digital Imaging and Communications in
Medicine (DICOM), Neuroimaging Informatics Technology
Initiative (NIfTI) to common image storage formats (JPG,
PNG, TIFF). SimpleITK itself is written in C++ for high ef-
ficiency, but it is also packaged in many popular languages
such as Python, Java, or C#. A key feature of SimplelTK is
that unlike standard image processing libraries, it operates in
physical space, i.e. an image is defined as a set of points on
a grid corresponding to some region in physical space. This
differs significantly from many other image analysis librar-
ies that represent an image as a plain pixel/voxel array, which
implies no concept of representation of the image in physical
space and thus assumes isotropic pixel spacing.

A critical aspect of 3D image processing is the ability to ef-
ficiently process large volumes of data. Therefore, Dagster was
chosen as the tool for orchestrating data processing pipelines.
Dagster is a powerful data orchestration tool that provides
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a comprehensive set of features for building and managing
complex data processing pipelines, including parallel job ex-
ecution, defining pipelines as directed acyclic graphs (DAGs),
job monitoring, various deployment scenarios, configuration
options, job queuing, and failed job rescheduling. Dagster uses
DAGs, which are a directed acyclic graph of tasks that describe
the steps of a pipeline. The graph specifies the dependencies
between pipeline steps, ensuring that the pipeline executes
tasks in parallel in the correct order. Dagster automatically
distributes the work across multiple cores, machines, or clus-
ters, allowing efficient processing of large volumes of data. This
feature helps to significantly reduce the processing time.

4. Analysis pipeline steps

The main stages of the analysis are presented in Figure 4:

Analysis — main flow diagram. In particular, the following

stages can be distinguished as follows:

« providing input data and analysis parameters configura-
tion,

« application pre-registration and registration algorithms for
the given pair of scans,

o extraction of desired regions based on segmented lungs,
radiation doses, and optionally selected contours,

« performing calculations and exporting analysis results,

o displaying analysis results for further review.
These steps will be described in the following sections.
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Figure 4. Analysis - main flow diagram

4.1. Input data and analysis parameters

configuration

The first stage of the analysis involves providing the input data

for the analysis and configuring the analysis parameters. The

inputs for the analysis are as follows:

o aseries of CT scans in DICOM format, which is a reference
point in the registration process (pre-radiotherapy “plan-
ning CT” scans),

o aseries of CT scans, in DICOM format, subject to trans-
formation as part of the registration (follow-up CT scans,
obtained at different timepoints after radiotherapy),

« information, in DICOM format, on the radiation doses de-
livered during treatment (RT Dose),

« information, in DICOM format, on contour data for treat-
ment-relevant regions of interest (RT Structure).

load_moving
L]

. c .
load_contour load_doses
L] .
L] L]
L] .
L] [ . C
fuse_moved fuse_fixed
L] .

compute_statistics
L]

L C

export_csv
L]

In addition, as part of scheduling the analysis, it is necessary
to indicate the dose range (in Gray units (Gy)) for which the
analysis should be executed (areas limited by the isodose lines)
and optionally the region of interest that should be included
or excluded from it.

After scheduling the analysis, its related data is saved and
execution is initialised as a DAG pipeline.

4.2. Pre-registration and registration

As presented in Figure 5: The entire analysis pipeline diagram
presented as a directed acyclic graph (DAG) - screenshot, the
pipeline starts with a pair of CT scans of the lungs, namely,
a fixed image taken before radiotherapy and a moving image
taken during the follow-up scan. The scans are stored in the
standard form of a DICOM series, forming a three-dimensional

load_fixed
L]
L]
L]
preregistration
L]
L]
. C
registration
L]
L]
L] - C - C
* 5 5 c segment_moved segment_fixed
export_registration_.. - .

e e e e 000

export_fusion_results
L]

Figure 5. The entire analysis pipeline diagram presented as a directed acyclic graph (DAG) - screenshot.
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cube. The first step of the processing pipeline is to load the scans.
To avoid the loss of information, it was decided that a mini-
mal level of pre-processing steps will be applied: no denoising,
windowing, or isotropic voxel interpolation steps were used.
Moreover, it was decided that the fixed image cannot undergo
any transformation during the entire processing pipeline and
all other processed entities are aligned with its specifications.

There are three main challenges in the registration of com-
puted tomography (CT) of the lungs: large motion of small
features, sliding motions between organs, and changing image
contrast due to compression*'. Most input pairs of scans differ
in terms of global and local deformations, their size, and the
physical spacing between voxels. Further stages of the pro-
cessing pipeline require the unification of these properties;
therefore, the next required step is the spatial alignment of
the processed pair of scans. This family of problems is gener-
ally addressed by image registration algorithms.

In this particular pipeline, the image registration step was
split into two sequential stages. First, non-deformable pre-
registration, the main goal of which is to prepare the initial
transformation. Second, the deformable registration, whose
primary role is to provide a clinically correct alignment of the
local non-rigid deformations between pair of scans.

Non-deformable image registration algorithms are consid-
ered fast and have relatively few parameters to optimise***,
therefore, breaking down the process described process into
two disjoint steps acts as optimisation and aims to find the pos-
sibly best initial transformation for the deformable registration
algorithm, which typically uses many orders of magnitude more
degrees of freedom than non-deformable registration algo-
rithms. In this specific implementation, the Image Registration
Method from the SITK package was used. This method uses the
centred transformation as an initial solution. Then iteratively
using the gradient descent optimiser adjusts the initial trans
formation matrix to optimise the given similarity function with
the affine transformations constraint. Mutual information (MTI)
was used as a similarity function in this setup. Finally, the linear
interpolator is used to resample the moving scan according to
the resulting transformation matrix. This operation provides
an approximation of a global alignment between the moving
image and the fixed image and brings the moving image to the
size and resolution of the fixed image.

The next step is the deformable registration algorithms, the
main goal of which is local deformation alignment. Two types
of method are currently present in the literature: deep learning
and iterative. Deep learning registration methods have shorter
processing times, but most often require separated training
for each specific body part or modality. Iterative approaches,
on the other hand, have longer processing times but have
higher generalisation capabilities. It was decided that high
generalisation capabilities are a highly desired feature in this
presented system, so an iterative approach was chosen as the
default. At the time of writing this article, the system supports
only one algorithm (DEEDS), which was proposed in*"*. Its
design is based on an intensity-driven minimum-spanning
tree representation, discrete optimisation, a dense stochastic
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displacement sampling approach as a similarity function, and
a diffeomorphic B-spline transformation model with diffusion
regularisation*’. The DEEDS algorithm reaches the state-of-
the-art results of open source iterative approaches in*>*.

As mentioned above, deformable registration algorithms
typically have a large number of degrees of freedom. This di-
rectly affects their longer processing times. One of the factors
that also heavily influences processing times is the size of the
processed scans. Therefore, the registration step could be sig-
nificantly optimised in terms of processing times by cropping
the input scans only to areas that represent regions of interest
(lungs). However, in this particular implementation, it was
decided to keep the scans in their original field of view to give
the algorithms full capabilities to use as much information as
possible to ensure the anatomical correctness of the resulting
transformations.

4.3. Extraction of desired regions
The resulting scans from the previous step reflect not only the
lungs, but also the surrounding body parts. Only particular areas
of the lungs that have been exposed to radiation are important
in the presented analysis, so the lung areas will be segmented
from the images of the previous stage, and then using the so-
called fusion stage the lung areas of interest will be obtained.
In terms of segmentation, the system supports two solu-
tions. The first is a convolutional neural network approach -
the U-Net-based solution introduced in*, which provides very
precise results but at the same time requires substantial com-
puting resources. The second solution is the heuristic segmen-
tation method described in*, which is based on the labelling of
the connected components. Very brief tests indicated that the
second approach is fast and robust enough to be used as the de-
fault segmentation solution in the presented analysis pipeline.
The masks created by segmentation are then passed to the
so-called fusion operation. At this stage, three representations
of the data - lung masks, doses, and optional contours - are
fused into one. Based on these three representations, a tar-
get mask is generated, which will be used for further analysis
steps. The mask is created by selecting the intersection part of
the segmented lung areas and the lung areas that have been
exposed to radiation doses. An optional operation at this step
is to apply the contour in accordance with a previously con-
figured logical operator.

4.4 Calculation and results preparation phase

The key element of the computational stage of the analysis is the
calculation of the difference in radiodensity, for the assumed
corresponding areas and for the assumed dose ranges, between
two series of CT scans subject to analysis. The unit adopted
in the calculations is the Hounsfield scale [HU], a quantitative
scale that provides a density value for each type of tissue*.

In the first step, the system reads the file with information in
DICOM format, provided at the analysis configuration stage,
on the radiation doses delivered during treatment (RT dose).
Then, on the basis of that, the system creates a map of doses in
relation to the first series of CT scans (reference point in the
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analysis) and assumptions made when planning the analysis for
the tested dose ranges. After the registration of the series of CT
scans is complete, the created dose map is applied to the series of
CT scans resulting from the registration. Then, based on com-
parison with the first series of CT scans, the difference in HU
values is calculated between the series and for the areas covered
by the dose map. In addition, during these operations, PNG files
are created, showing the course of subsequent analysis stages in
a user-friendly form. These files are later presented in the Lungs
Radiomics Project Application subsystem as a supplement to
the calculation results. The presentation of results is described
in more detail in Section 5. Analysis results presentation.

In the last step, the results are exported to a CSV file con-
taining the calculation results of the analysis in comparative
terms, i.e.,

o for each CT scan of the first series (reference point in the
registration):

o minimum radiodensity [HU],

o the maximum radiodensity [HU],

o the average radiodensity [HU],

o the radiosensity median [HU],

« the standard deviation of radiodensity [HU],

« significance of the CT scan for the entire calculation, ex-
pressed in the number of points covered by the adopted
dose mask within the CT scan.

o for each CT scan of the series resulting from registration:

o minimum radiodensity [HU],

« the maximum radiodensity [HU],

o the average radiodensity [HU],

o the radiosensity median [HU],

o the standard deviation of radiodensity [HU],

o significance of the CT scan for the entire calculation, ex-
pressed in the number of points covered by the adopted
dose mask within the CT scan.

moving fixed

moved

o differences between the values mentioned above and the
corresponding CT scans,

o aggregated above-mentioned values for the whole CT scan
series, both initial and resulting from registration.

5. Analysis results presentation

The results of the analysis are presented both in visual and
computational form. The calculations performed during the
analysis are available to the analyst in the form of a CSV file
that contains the data described in detail in Section 4.4. Cal-
culation and results preparation phase.

Visual results of the analysis are available in two variants:

o the result of a series of CT scans registration,
o the result of applying a dose mask to a series of CT scans.

The analysis is carried out in three-dimensional space for
the entire series of CT scans counted as a whole, while the pre-
sentation of the results, for clarity, is made in two-dimensional
terms, based on the comparison of corresponding CT scans
between series.

Figure 6: Analysis result — example of the registration result
presentation for selected CT scans from both series shows an
example of the presentation of the registration result for se-
lected CT scans from both series. Starting from the left, the
first two images show the slice after and before the radiother-
apy, respectively. The third slice comes from the moved scan,
which is the moving scan aligned to the fixed scan. The last two
images are the heatmap representing the differences between
the voxel intensities on the scans before and after alignment.
Differences should represent post-radiotherapy changes; how-
ever, some artefacts must be considered.

Figure 7: Analysis result - example of the result presenta-
tion of applying a mask of doses for selected CT scans from

diff(fixed, moving)

diff(fixed, moved)

Figure 6. Analysis result - example of the registration result presentation for selected CT scans from both series.

fixed, doses segmented fixed, fused doses

segmented moved, fused doses moved, doses

£ S

4 ® )
! " b

)

Figure 7. Analysis result - example of the result presentation of applying a mask of doses for selected CT scans from both series.
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both series. shows an example of the presentation of the result
of applying a dose mask for the same scans as in the previous
figure. Images show green annotated radiation doses on pre
and post-radiotherapy scans visualised on both segmented
lung areas and raw scans. Looking from the left, the following
can be observed:

o CT scan of the first series (reference point in the registra-
tion) with applied dose mask,

» segmented CT scan of the first series (reference point in the
registration) with mask of doses applied,

« segmented CT scan from the second series (the one to
which registration will be applied) with mask of doses ap-
plied, after registration,

o CT scan of the second series with mask of doses applied,
after the registration.

6. System efficiency

As part of the system tests, a set of research data was used
based on a series of CT scans for 50 patients. For each pa-
tient, at least two series of CT scans were performed, with an
interval of at least three months, and then, using the system,
an analysis of the series of scans was computed, comparing
the first series of scans with subsequent series made for the
same patient.

In total, 1598 analyses were performed. As part of the anal-
yses, the following dose ranges were adopted:

« dose range from 0.1 Gy to 5 Gy - 214 analyses,

o dose range from 5.1 Gy to 10 Gy - 239 analyses,

o dose range from 10.1 Gy to 20 Gy - 230 analyses,

o dose range from 20.1 Gy to 30 Gy — 229 analyses,

o dose range from 30.1 Gy to 40 Gy — 228 analyses,

+ dose range from 40.1 Gy to 50 Gy - 202 analyses,

« dose range from 50.1 Gy to 60 Gy - 168 analyses,

o dose range from 60.1 Gy to 70 Gy - 71 analyses,

« other dose ranges, less typical for the course of the experi-
ment, 17 analyses.

The basic statistics on the execution time of the analyses can
be depicted as follows:

« minimum execution time — 496 seconds,
« maximum execution time - 2200 seconds,
o average execution time — 1092.88 seconds,
« median execution times — 1064 seconds.

The distribution of the analysis execution times, in intervals
of 250 ms, is shown in Figure 8: System efficiency - the distri-
bution of analysis execution times.

The analyses were performed on a virtual machine equipped
with the following parameters:

+ 16 GBRAM

« 1000 GB HDD

« CPU Intel(R) Xeon(R) CPU E5-2680 v2 @ 2.80GHz,
4 cores.
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Figure 8. System efficiency - the distribution of analysis
execution times

The execution times of the individual steps of the pipeline
within the set of analyses, described above, are summarised
in Table 1: Execution times of the pipeline steps. The aver-
age execution times of the subsequent steps of the pipeline are
presented in Figure 9: System efficiency - the averaged times
of execution of subsequent steps of the pipeline.

Table 1. Execution times of the pipeline steps.

Step Min time  Maxtime  Avgtime
[s] [s] [s]
Fuse fixed images below 0.01 s 1s below 0.01 s
Export statistics (CSV) below 0.01 s 3s below 0.01 s
Load contours below 0.01 s 3s 0.02s
Fuse moved images below 0.01 s 9s 0.07 s
Load fixed images below 0.01 s 161s 4.12s
Load moving images below 0.01 s 573s 10.3s
Compute statistics 5s 71s 11.61s
Preregistration 10s 134s 48.39s
Export registration results 25s 538s 52.51s
Export fusion results 34s 100 s 64.95s
Load doses below 0.01 s 886s 86.69 s
Segment fixed images 48's 134s 94.93 s
Segment moved images 49 155 95.19 s
Registration 277 s 1038 s 624.11s
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Figure 9. System efficiency - the averaged times of execution of
subsequent steps of the pipeline.
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7. Conclusions and future work

In this article, the current state of the system that allows one
to automatically analyse changes in the patients lung tissue
density has been presented. The system now allows, thanks to
the use of 3D registration algorithm, to analyse such changes
more accurately than before, and thanks to the use of a more
flexible and open to changes architecture, to introduce sub-
sequent registration and calculation algorithms more easily.
In terms of performance, stability, and scalability of the
system, the system is now more ready to perform analyses in
parallel and, if necessary, to process large data sets and to in-

The two current main research and development areas of
the system include:

o extension of the analytical capabilities of the system in the
field of radiomics, in particular based on other than the
first-order features used so far',

« expanding the number of image analysis algorithms used,
in particular with algorithms based on deep learning mech-
anisms.

Changes in the areas mentioned above may allow the sys-
tem to provide potentially more accurate results, which may
open up new areas of application for the system within the area
of medical imaging.

troduce horizontal scaling mechanisms.
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