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Abstract

Artificial intelligence (Al) technologies, which are being actively developed in modern
medicine today, increase the speed and quality of patient care. This article mainly seeks
to demonstrate the use of various options of computer analysis of clinical images to solve
practical problems of increasing the efficiency of routine diagnostics using retrospective
analysis, as well as show the potential for its widespread implementation (due to the
scalability of the architecture) in practical healthcare, exemplified by ultrasound (US) and
magnetic resonance imaging (MRI) data analysis. This is an interuniversity study, its
research protocol was conducted in accordance with the Declaration of Helsinki, and the
protocol was approved by the local Ethics Committee of Orel State University named after L.
S. Turgenev (Protocol No. 25 dated 16 November 2022). The software was developed using
Python 3.7 and open neural network models. Statistical processing included an efficiency
assessment for which IBM SPSS Statistics 20.0 was used. Detection errors in the analysis
of 550 US cases did not exceed 6-8% and were associated with technical difficulties due
to image quality. When studying 1030 MRI studies, only 0.19% of cases failed to obtain
reliable image analysis results. The differences in the average values for the dimensional
characteristics of the studied vessels were 0.11-0.12 mm. The effectiveness of Al in clinical
tasks is presented. The improvement in segmentation accuracy was achieved through
the use of step-by-step image optimization during the Al training stage. The evolution
of technologies in medicine, aimed at digitalization and personalization, is intended to
improve the quality and speed of studying images in practical work.

Keywords: YOLOvS; U-Net++; ovarian follicular reserve; vertebral artery segmentation

1. Introduction

The widespread introduction of computer technology and an increase in computing
power have made it possible to actively introduce Al technologies into everyday life [1-3].
The dissemination of these software tools and their improvement are facilitated by
a diverse set of available tools that allow using ready-made models, further training
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them, and creating arbitrary original combinations. The unification of software products
is complemented by the development of programming technologies introducing more
flexible tools for data interpretation and visualization [4,5].

Currently, computer technologies are being actively introduced into education of
specialists in various specialties, including the training of medical workers [6]. The use
of Al tools makes it possible to improve educational and methodological materials and
introduce diversity into demonstration and control tasks. In recent years, students have
been mastering computer tools to prepare for classes, which reflects the impact of new
educational technologies with the introduction of Al on the image of the education system
as a whole [7-9].

The development of informatization in the domestic healthcare system has served
as an important factor for the introduction of Al systems into the work of specialized
medical institutions. The COVID-19 pandemic period coincided with the technological
maturity and availability of Al tools, which was reflected in its successful application
to reduce the workload among radiologists [10]. The peculiarity of the clinical work of
healthcare professionals requires constant analysis of large amounts of diagnostic informa-
tion, identification and observation of certain patterns that make it possible to assess the
condition of patients and predict the further course of diseases and their outcome. The most
striking examples of the use of Al in medicine are systems for analyzing clinical images to
detect oncological diseases or assess the physiological state of the body [11-13]. Equally
important is the introduction of textual information management systems into the work of
specialists [14,15].

The synthesis of clinical data with multifactorial analysis, taking into account the
context, demonstrates high efficiency, which is confirmed by the experience of multimodal
Al analysis in oncology [16]. The use of computer-based intelligent multifactorial analysis in
clinical practice makes it possible to significantly improve diagnostic efficiency and reduce
the burden on medical personnel. An important feature for the introduction of combined
methods of computer analysis is the need to prepare specialized medical databases of
large volume, which involves not only technical but also ethical issues [17-19]. Due to
these features, Al technologies in medicine require improved algorithms to achieve the
highest diagnostic efficiency with relatively small amounts of information for training
models [20-22]. Due to the fact that the implementation of algorithms in the medical field
requires clarifying the specifics of their implementation and/or the uniformity of their
application in practice, we conducted this study.

The aim of the work is to demonstrate the use of various options of computer anal-
ysis of clinical images to solve practical problems of increasing the efficiency of routine
diagnostics using retrospective analysis, as well as show the potential for its widespread
implementation (due to the scalability of the architecture) in practical healthcare.

2. Materials and Methods

The presented study is based on the analysis of the effectiveness of Al software for
segmentation and analysis of clinical images obtained using US imaging and magnetic
resonance imaging technology. Despite the different nature of the analyzed data, similar
technical tasks were performed using software tools for segmentation of the target object
of study: assessment of its quantitative characteristics (sizing). Thus, we studied and
compared 550 results of US examination of the female genital organs and 1030 studies of
magnetic resonance imaging data. All participants provided informed consent for their
voluntary involvement. The study was conducted in accordance with the Declaration of
Helsinki, and the protocol was approved by the Ethics Committee of Orel State University
named after L. S. Turgenev (Protocol No. 25 dated 16 November 2022). Practical significance
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was assessed based on comparison with the results of a clinical trial examination and expert
analysis. The data from the computer analysis of US imaging were compared with the
results obtained during the evaluated procedures. The results of computer analysis of
magnetic resonance imaging data were compared with the morphometric parameters of a
similar group of patients undergoing US duplex scanning of the main arteries of the neck
(1146 cases).

The presented computer analysis models were developed using the high-level in-
terpreted general-purpose programming language Python 3.7 and open neural network
models. As a result, cross-platform software products were created that make it possible to
implement original algorithms both as a console application with a GUI interface and as net-
work services. This way of implementing the idea made it possible to compare and analyze
various options for interacting with different software environments and evaluate critical
factors for the technical support of products. Facilitating the migration of the developed
solutions without taking into account strict binding to specific hardware characteristics
makes it easier in the future to adapt developed solutions to the environment of domestic
software and hardware, taking into account import substitution of critical infrastructure.

The training of the model for segmentation of the ovaries and structures of the follicular
apparatus was performed on the basis of a specialized dataset, including 898 original
images with marking of the position of the ovary and follicles. The size of the image
validation database was at least 20% of the volume used for training. For ultrasound
images, 180 additional examples with markings were used for validation. The size of the
images was 1024 x 728. In total, 15 training epochs have been completed.

The diagram of the experiment organization model is shown in Figure 1.

During the preparation of the training dataset, 1100 original images with marking of
the position of the vertebral arteries were used to determine and measure the size of the
vertebral arteries. The improvement of the analysis accuracy was achieved by consistent
use of image processing algorithms and specialization of the vascular structure search
algorithm. The size of the image validation database was at least 20% of the volume
used for training. Then, 220 additional markup examples were used for MRI images for
validation. The size of the images was 512 x 512. In total, 200 training epochs have been
completed. The diagram of the experiment organization model is shown in Figure 2.

Anonymous MRI results were exported as images for processing. A medical staff
member performed manual annotation of the vertebral artery positions on transverse
images of the cervical spine at the C2-C6 vertebral levels. During the training of the Al
algorithm, a series of preliminary image optimization steps (pre-processing of images)
was conducted.

The training of Al algorithms for segmentation of vertebral artery images and for
determining their position was performed separately. This separation of stages was due
to different accuracy requirements. The IoU parameter was given greater importance for
determining the vertebral artery diameter. The algorithm for determining vessel position
required higher Dice scores. As a result, the best practical results were obtained for artery
segmentation using ResNet50, and for determining vessel position using ResNet101 with
custom filter tuning.

The difficulty of identifying vertebral arteries by computer vision systems is due to the
small size of the structures and the relatively low image resolution. Therefore, when model
training performance was low, in addition to optimizing preprocessing, extra images were
annotated and training stages were repeated until the required accuracy level was achieved.

The final stage was the development of a GUI for the convenient practical use of the
software, with the output of reports containing the necessary Al results.
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Figure 1. The scheme of the model of organization of the experiment analysis of ultrasound data for
segmentation of ovaries and follicles.

The separation of the segmentation and position-determination systems was delib-
erately designed to enable the creation of independent subsystems and to reduce the
computational load when performing routine tasks. Determining vessel position allows
for successful diagnosis of positional anomalies. The use of more sensitive segmentation
algorithms is employed on demand to search for causes of possible hemodynamic changes
in complex clinical cases. Through this approach, we were able to reduce the potential
computational burden on equipment when solving similar practical tasks based on related
computer image analysis algorithms.

The hardware used for testing the project was Intel 10400F CPU, 64 GB DDR4 Ram,
12 Gb RTX 3060 GPU, 1Tb SSD, Win10.

Statistical processing included an assessment of the detection efficiency of the eval-
uated structures, calculation of the average values of morphometric indicators and the
average error (M £ m), the first and third quartiles of the distribution (Q1-Q3), standard
deviation (o), and coefficient of variation (CV, %). The reliability of the results obtained
was assessed using distribution diagrams, and the student’s t-test was calculated to de-
termine the significance of the differences between the compared indicators. IBMSPSS
Statistics 20.0 was used for statistical calculations.
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Figure 2. The scheme of the model of organization of the experiment of the analysis of MRI data for
segmentation of vertebral arteries.

3. Results

Despite the fact that the repeated analysis of US imaging results was carried out
retrospectively using static images, including low-quality ones, the errors in detection
and analysis of anatomical structures did not exceed 6% on the left and 8% on the right.
These results were obtained by comparing the data obtained by computer analysis with the
results of clinical trials performed by a medical expert.

The retrospective analysis process did not require additional technical training for
the operator, allowing processing of all submitted material in a relatively short time. As a
result of the computer analysis, unique data were obtained on the ratio of the organ section
(ovary) to the total area occupied by all follicles in the image. This indicator is extremely
time-consuming when using traditional image analysis tools and therefore could not be
used in scientific research of significant groups of participants and in clinical practice. The
partially obtained observation results were published [11,12]. General information about
the results of the analysis is presented in Table 1 and in Figure 3.
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Table 1. Results of computer analysis using Al of the area occupied by follicles on diagnostic images
of ovaries obtained by US imaging.

Statistical Indicator On the Right On the Left
M=£m, % 349 £15.6 323+£151
Q1-Q3, % 20.7-44.1 18.0-40.0
o, % 20.4 20.3
CV, % 58.5 62.9
p 0.029

The normal distribution for the area values,
the probability graph for the ovary on the right

The normal distribution for the area values,
the probability graph for the ovary on the left
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Figure 3. Distribution normality diagrams for the area occupied by follicles on the US image of the
ovary (%). Probability calculation: (a) For the ovary on the right; (b) For the ovary on the left.

An example of the operation of the presented software solution is shown in Figure 4.

(a) (b)

Figure 4. Demonstration of the effectiveness of ovarian and follicle segmentation on a real diagnostic

US image: (a) Ovarian detection (the red area); (b) Follicle segmentation (the red rectangle represents
the position of the ovary; the white rectangles represent the position of the follicles).

The analysis of the data from 1030 magnetic resonance imaging studies made it
possible to solve an equally difficult practical problem, while significantly reducing the
time required for specialized analysis.

In only 0.19% of cases, it was not possible to obtain reliable image analysis results.
Using Al tools, the diameter of the vertebral arteries was studied on transversely oriented
tomograms of the cervical spine, which corresponded to the second segment of the artery
according to anatomical classification. Depending on the individual characteristics and the
nature of the changes identified during the examination, each study included from 5 to
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14 images for analysis (a total of 8486 tomograms). For each series, the values of the largest,
smallest and average diameters were calculated, taking into account the side position of
the vessels. The observation shows the variability of the largest diameter of the arteries.
In the daily work of specialists, this is the task that requires a significant increase in the
amount of work; so, we will present a comparison with a similar set of measurements of
the diameter of the vertebral arteries performed by US imaging.

General information about the observation results is presented in Table 2; graphs of
the distribution of measurement results are shown in diagrams (Figures 5 and 6). A visual
demonstration of the segmentation of the vertebral arteries on MRI scans is shown in
Figure 7.

Table 2. The results of the assessment of the diameter of the vertebral arteries at the level of the
second segment by computer analysis of MRI and US imaging.

MRI Us

Stat. Indicator - -

On the Right On the Left On the Right On the Left
M=£m, % 2.95 £ 0.34 3.08 £0.29 3.07 £0.40 3.19+£043
Q1-Q3, % 2.61-3.19 2.79-3.32 2.70-3.40 2.80-3.50
o, % 0.44 0.37 0.51 0.54
CV, % 14.8 12.1 16.68 17.06
p <0.001 <0.001

The normal distribution for the diameter

! . The normal distribution for the diameter
of the vertebral arteries on the right

of the vertebral arteries on the left
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Figure 5. Distribution normality diagrams for the diameter of vertebral arteries according to MRI data
with Al analysis (mm): (a) Distribution of results for the vertebral artery on the right; (b) Distribution
of results for the vertebral artery on the left.

The differences in the average values for the dimensional characteristics of the studied
vessels were 0.11-0.12 mm, due to differences in imaging technologies. The diagrams of the
normality of the distribution of measurement results show differences due to the density
of values due to the fact that US imaging data in the initial version are presented with
an accuracy of tenths, and computer analysis operated with values up to hundredths of
a millimeter.
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The normal distribution for the diameter The normal distribution for the diameter
of the vertebral arteries on the right of the vertebral arteries on the left
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Figure 6. Distribution normality diagrams for the diameter of vertebral arteries in US imaging
(data analysis without AI) (mm): (a) Distribution of results for the vertebral artery on the right;
(b) Distribution of results for the vertebral artery on the left.

Figure 7. Demonstration of the effectiveness of the determination of vertebral arteries on MR
tomograms: (a) The original image; (b) The result of segmentation of vertebral arteries; (c) the original
image in which a significant segmentation fault occurred; (d) an example of erroneous segmentation
in an image.
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4. Discussion

The use of Al as an assistant in practical healthcare and scientific activities takes an
increasingly confident position every year. The introduction of computer image analysis
methods is most successful for computer and magnetic resonance imaging [23-25]. This is
facilitated by relatively standardized research conditions and the rapid accumulation of the
necessary dataset for training neural networks.

The process of collecting diagnostic information during US examinations is character-
ized by significant differences in comparison with the processing of digital radiographs
and computer and magnetic resonance imaging data. The easiest way is to save images of
organs in standard projections before performing routine measurements. With this method
of data collection, images are the clearest, structures are easily identified, and they are easy
to read. The disadvantage is training on an “idealized” dataset; as a result, the models will
be less sensitive to interpretation when working with video, less suitable for analyzing
images from other devices and evaluating images in poor visualization quality; also, they
will be of a different level of training (compared to the established methodology) for the
specialist performing diagnostics. The next option for collecting diagnostic data is to make
a video capture from a working diagnostic device for a certain period of time (a work shift).
In this case, a separate workstation with significant storage space for the results is required;
difficulties in identifying participants in the video array are inevitable; and with a low level
of streaming data, images will be preserved with significant loss of quality. The advantage
is that such data collection does not affect the work of the employee performing the research.
The third option is to record and save the data as a video loop. Thus, it is possible to prepare
the visualization data for target organs in several planes and collect the data from a single
patient using various equipment settings (different frequencies, contrast, diagnostic modes,
etc.). The data obtained allows us to train a software algorithm for analyzing the results on
the fly and makes it possible to reduce the number of study participants, while increasing
the importance of the training sample. The disadvantage of this method is an increase in
the duration of routine research in the process of collecting information, which requires
focused work by the employee performing the survey. Post-processing of a video sequence
requires its decomposition into separate frames. Assessing the possibilities of exporting
images, it is necessary to take into account the importance of image compression tools for
the loss of some information with a significant reduction in the volume of files received.
The application of masks can be performed using specialized software (RoboFlow), as well
as any available image editors. In our work, we used binary image masks to reduce the
amount of training files. Initially, the area of the organ under study (ovary) was isolated
and the “mask” of its image was preserved. Subsequently, in the next layer of the graphic
editor, the follicles were marked within the boundaries of the selected area. The received
data was saved as “*.png” files. The disadvantage of the method was the high time required
to complete the training sample and the reduced accuracy of marking the edges of the
selected areas (due to manual processing). Thus, our experience of using Al to interpret
and analyze real single clinical images of organs vividly demonstrated the strengths and
weaknesses of the technology: poor image quality in retrospective analysis can become an
insurmountable obstacle; and the specialist, who performs the diagnosis from experience,
is only able to perform a limited set of manipulations for standard observation.

The first stage used the YOLOv8 model [26-28]. It was used for training on a compiled
dataset with the final map of 0.995 demonstrating high accuracy. Noise reduction in images
was achieved by using median Gauss filters and a Lie filter. At the same time, the overall
information content of the images was significantly reduced; so, instead of filters designed
to smooth the image, neural network approaches, trained to improve image quality, were
used. One of the most effective architectures turned out to be SwinIR. Using the basic
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YOLOVS architecture, without prior preparation of the dataset, demonstrated learning
outcomes with values of IoU 0.36, Dice 0.43. To increase the amount of data in the learning
process, transformation methods with rotation and reflection of the source data were used.
The YOLOvVS8 model training allowed us to achieve 0.6 mAPS50 quality for ovarian detection
and segmentation. A simplified scheme for organizing the training of the model is shown

in Figure 8.
'@ k.
" [ = T A o = N
data collection Al training performing an experiment
if weak learning if good learning
. URrasound outcome evaluation of the outcome
diagnostics, image quality of
recording algorithms V
selection of images for
analysis (ultrasound of
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analysis using Al
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follicles l experts
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position of the follicle
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quantification
of data
workstation choosing images - N ] ¢
(computer) for training ( ) -
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‘ results
. - J A
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Figure 8. The scheme for organizing the training of a model based on ultrasound examination data
for segmentation of ovaries and follicles.

The segmentation problem was solved using U-net++ [29]. The main feature of U-net
is the use of bandwidth connections. These connections allow passing layers in the encoder
with transmission directly to certain levels of the decoder. This way, detailed information
about the location of objects in the image is saved, which is especially useful for segmen-
tation. ResNet34 was used as an encoder for the U-net model, which made it possible to
achieve a quality of 0.5 IU. In general, various methods of pre-processing US images (high-
lighting an area using a detection model, magnification, and quality improvement) were
developed and implemented as a system; original models of segmentation and detection of
ovarian localization, and a set of tools for detecting follicles were developed.
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The use of Al technology for segmentation of anatomical structures is currently being
actively implemented in the daily work of radiologists. The example, presented in our
observation, demonstrates the high efficiency of the technology comparable with other
results of instrumental clinical diagnostics. Achieving such high performance became
possible due to the formation of a pipeline for preprocessing diagnostic images both at
the training stage and directly during image analysis [30-32]. This need is due to the
complexity of interpreting the results, the wide variety of shapes of anatomical objects,
and the wide range of color palettes (even for gray shades of the image). The scheme
of organization of model training based on MRI examination data for segmentation of
vertebral arteries is shown in Figure 9.

data collection

Al training performing an experiment

MR, recording of
images (data)

if weak learning
outcome

if good learning
outcome

Y

exporting data

workstation

/evaluation of the\,
quality of
algorithms

Y

database of MR
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training 2 model analysis using Al

for determining the

model training for
determining the

comparison with

size of vertebral position of
arteries vertebral arteries markup data by
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results ) )
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S?gmentatlon Specialized
marking the of vertebral databases
position of the quantitative

vertebral arteries assessment

statistical data

analysis
. ®,

choosing images

(computer)

for training

3 comparison of
results

J

Figure 9. A simplified scheme for organizing the training of a model based on MRI examination data
for segmentation of vertebral arteries.

Preprocessing of MR tomograms was performed by sequential application of filters:
Non-local means (NLM), Curvature Flow (CF), Gauss, and Frangi. The segmentation
task was implemented using a modified ResNet convolutional architecture [33-35]. After
combining each individual preprocessing method and the loss function, each instance was
trained using an Adam optimizer at a learning rate of 1 x 1072 in 200 epochs. It was then
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evaluated using precision, recall, Dice, and IoU. This made it possible to raise the values of
the model’s learning index from IoU 0.035, Dice 0.068 to IoU 0.595, Dice 0.964.

The beginning of the use of Al methods in medicine was based on the search for char-
acteristic image anomalies, primarily for the detection and differential diagnosis of benign
and malignant neoplasms [16,36,37]. To do this, it was necessary to create datasets sufficient
for training and based on visualization of certain manifestations of diseases. A certain
compromise between the need for an impressive dataset was achieved by convolutional
and convolutional neural networks implemented using U-Net technology [11,29].

The growth of computing power of computer equipment, expansion of technological
capabilities, range of software solutions, and pre-trained models in the public domain
currently allow us to reconsider the role of Al from an expert assistant for the targeted search
for a certain pathology to an assistant in solving everyday tasks [38]. The development of
advances in computer analysis of diagnostic images with a rich set of graphical data to
reduce noise levels and accentuate the necessary indicators represent the beginning of a new
era in the clinical diagnosis of pathology, which promises to increase accuracy and efficiency
through the use of affordable digital tools with artificial intelligence. Such changes should
contribute to a significant increase in the quality of diagnostics and an overall increase in
the efficiency of medical service [39,40]. The introduction of Al technologies is necessary
and inevitable for the transformation of educational and research activities in accordance
with the level of improvement and dissemination of digital tools in every field of our
lives [41-43]. Currently, the training of specialists in medicine requires the formation of
professional skills in working with information systems and the development of experience
in analyzing diagnostic images. The use of computer technologies, including methods
of intelligent analysis and image generation, make it possible to develop and control the
formation of professional skills in the process of training specialists.

5. Conclusions

The results presented demonstrate the high efficiency of Al technology to facilitate
routine clinical tasks. An undeniable advantage is the integration of computer technologies
into scalable systems that allow us to identify and demonstrate numerous patterns and
raise the level of medical diagnostics to a new qualitative level.

A Unified Al Approach for medical images analysis is presented. Example cases of this
approach for the detection of ovaries, follicles, and vertebral arteries are presented. It was
shown that detection errors in the analysis of 550 US cases did not exceed 6-8% and were
associated with technical difficulties due to image quality. When studying 1030 MRI studies,
only 0.19% of cases failed to obtain reliable image analysis results. The differences in the
average values for the dimensional characteristics of the studied vessels were 0.11-0.12 mm.

In the presented work, we described the experience of using various models to solve
similar problems, which allows us to discuss the elements of universality in processing
medical diagnostic images obtained from various sources based on empirical experience,
comparing the results in the implementation of various systems, and in the future we will
certainly continue to study this problem.
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