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ABSTRACT 

Smilianets F.A. Methods and software Tools for accelerating classifier additional 

training for image-based disease diagnosis.  Qualifying scientific work on the rights of the 

manuscript. 

Thesis for the degree of Doctor of Philosophy in specialty 121  Software Engineering 

of knowledge field 12  Information Technologies.  National Technical University of 

 

The dissertation focuses on developing a medical image classification method aimed 

at avoiding changes in convolutional neural network topology when adding new classes, 

thus reducing the time overhead for their support, and a workflow-based computation 

organization method that constructs the pipeline graph during execution, thereby 

minimizing the time required for system modifications. 

The timely development and availability of infectious disease testing tools is a 

fundamental component of epidemic and pandemic control at every stage of disease spread. 

Accessible and rapid diagnostics are crucial for timely detection of infection outbreaks and, 

consequently, for identifying and isolating contacts or implementing quarantine restrictions 

in specific areas. Proactive development of disease detection tools, as well as finding 

approaches to accelerate their acquisition and implementation, is essential for control of 

future epidemics. 

One approach to diagnosis involves analyzing medical images using convolutional 

neural networks. However, such classification necessitates changes in model topology when 

new classes need to be added. This limitation can be overcome through the use of 

intermediate data  embeddings generated by the neural network  and performing 

classification based on them. Thus, the neural network can be fine-tuned to support new 

classes without introducing changes to its topology. Machine learning algorithms 

performing the classification on embeddings can be retrained to support more classes 

without code intervention and in a relatively short time. 

While the design and training of neural networks for image-based diagnostics is 

extensively covered in scientific literature, the practical aspects of integrating these models 

into software systems remain largely unexplored. 
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An important aspect of diagnostic tools is the speed at which the system can adapt to 

emerging diseases. Therefore, there is a need to reduce the effort required for adding or 

modifying diagnostic methods implemented in the tool. Since workflows allow 

encapsulation of individual data processing stages and flexible alteration of their execution 

sequence without system code intervention, their use significantly reduces the time and 

complexity of implementing changes. 

Workflows are ordered, structured representations of multi-step computational tasks. 

They are typically modeled as directed acyclic graphs, where vertices represent data 

operations and edges represent the flow of outputs from one operation to inputs of others. 

Such a graph, consisting of input data and their sequential transformations through 

individual vertices (also known as steps or tools), is often referred to as a pipeline. 

Existing workflow management systems require static workflow graph definitions by 

system developers. The existence of these static definitions slows down the implementation 

of changes. One solution to this problem is dynamic creation and computation of workflows 

based on provided data and tools for their processing and transformation, which enables 

expansion of existing disease classification tools with minimal or no human (specialist) 

intervention. 

The aim of the thesis is to reduce the adaptation time of machine learning based 

software for medical image analysis for diagnostics. 

The first section analyzes tools and methods for disease diagnosis through 

classification of computed tomography images and examines existing workflow 

management systems. Based on the literature review, the most effective neural network 

architectures are identified and problems related to results analysis are outlined. Methods of 

integrating neural networks into software are considered and the use of workflows is 

justified. A comparative analysis of modern workflow management systems is conducted. 

The second section proposes the use of embeddings for solving CT image 

classification tasks. A modification of an existing neural network for generating embeddings 

is proposed and the possibility of adding new classes without significant accuracy loss is 

demonstrated. A mathematical model for calculating classifier construction time is 

developed and conditions determining its efficiency are presented. 
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In the third section, a method for the dynamic construction of a workflow graph 

during its execution is proposed, which allows avoiding the need for its static manual 

definition. The main entities for the proposed algorithm are defined. A model for calculating 

the execution time of the workflow is developed. Through simulation modeling, it is 

demonstrated that the algorithm's runtime overhead is negligible compared to useful 

computation time. A workflow management system that implements the proposed algorithm 

using the Kubernetes system for distributed cluster computing with the ability to scale 

horizontally has been developed. The performance of the system is analyzed, and its 

practical applicability is proven. A mathematical model for estimating workflow 

construction time using the proposed method is developed, and conditions determining its 

effectiveness boundaries are presented. 

In the fourth section, the design and implementation of a CT image analysis software 

for disease diagnosis. The architecture of the software is presented. A number of computing 

tools have been developed in the workflow management system for performing 

classification of computed tomography images, including using embedded representations. 

The server and user interface of the software have been implemented. The functionality of 

the software is described. 

The results obtained in the dissertation research contain scientific novelty: 

 for the first time, a method for the dynamic construction of workflows during 

their execution has been proposed, which is characterized by the automatic 

construction of the execution graph and allows to avoid the stage of manually 

defining a static workflow, and thus reduces the time for implementing changes in 

software; 

 an image analysis method was improved by using embeddings, which enables the 

addition of new classes without modifying neural network topology; 

 mathematical model for estimating image classification software adaptation time 

was improved by incorporating classifier modification and workflow graph 

construction time components, enabling comparison of software modification 

implementation speeds and facilitating informed selection of methods and 

architectural solutions.  
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A cloud-based software tool has been developed for automated disease diagnosis 

through the analysis of CT scans. The proposed methods, applied in the software tool, allow 

rapid fine-tuning and expansion to support new methods, recognition of new diseases, etc. 

The presented method of dynamic workflow formation and the system based on it can be 

used as a replacement for the current systems of organizing computations in the field of 

bioinformatics, including for performing genomic calculations. 

The software tools developed in the dissertation can be used both independently 

(Workflow Management System, CT scan analysis software for diagnostics) and as 

components of other systems (for example, as elements of decision support systems). 

The results of the research conducted were published in 9 scientific papers, of which 

4 were in professional scientific journals, 1 was in a journal indexed by Scopus, and 4 were 

in the materials of international scientific and practical conferences. 

Keywords: software engineering, medical data analysis, computed tomography scans, 

embeddings, classifiers, machine learning, neural networks, convolutional neural networks, 

workflows, workflow management systems, cloud computing, distributed computing, 

containers. 
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1.1 1.2

 

 

1.1  -19 

 

  
 

  
 

2017 

[21] 
P.T. 

AlexNet 

GoogLeNet 
1007 AUC=99 % 

 

2017 

[22] 
L.C. Unknown 48 

ACC=64.6 % 

AUC=64.6 % 
 

2017 

[23] 
Sg. CNN 240 ACC=88 %  

2018 

[24] 
L.N. 

Modified 

ResNet50 

 

Unknown 
ACC=91.6% 

AUC=95.7 %  

2018 

[25] 
L.N. 

Method 

comparison 
43 292 AUC=92-99 %  

2018 

[26] 
L.N. 

DetectNet 

YOLO 
1018 ACC=93 %  

2019 

[27] 
Pt. CNN 80 

Sensit.=100 % 

Specif.=83 % 
 

2019 

[28] 
L.C. Unknown 1139 ACC=94.4 %  

2019 

[29] 
Pt. 

CNN 

YOLO 
1596 ACC=86-87 %  

2019 

[30] 
L.N. CMixNet 888 

Sensit.=94 % 

Specif.=91 %  

2019 

[31] 
Em. 

CNN 

LSTM 
7143 Unknown  

2019 

[32] 
L.C. 3DDCNN 55 ACC=98.51 % 

 

 

1.2   COVID-19 

 

  
 

  
 

2020 
[33] 

CVD UNet, WeakLabel 499 
ACC=90 % 
AUC=95.9 % COVID-19 

2020 
[34] 

CVD 

ResNet-50, Xcep-
tion, Inception-v3, 
VGG16 

3993 

Sensit.=99 % 
Specif.=100 % 

ACC=99.8 % 

COVID-19, 

 

2020 
[35] 

CVD DenseNet, ResNet 812 

F1=90 %, 

AUC=98 %, 

ACC=89 % 
COVID-19 
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2020 
[36] 

CVD 
VGG-16, ResNet, 
DenseNet,  
EfficientNet, CRNet. 

349 
F1=85 % 
AUC =94 % 

COVID-19, 

 

2020 
[37] 

CVD 2D ROI, GradCam 110 AUC=94.8 % 
COVID-19 

2020 
[38] 

CVD Unknown 14,435 F1=97 % 
COVID-19, 

 

2020 
[39] 

L.C. AlexNet 
 

ACC=97.2 %  

2020 
[40] 

CVD ImageNet 
610 

 
ACC=98.5 % 

COVID-19, 

 

2020 
[41] 

CVD ResNet50 

6868 

 

400 

 

ACC=95.6 % 
COVID-19

 

2020 
[42] 

CVD 

DenseNet3D, 

MNas3DNet 

ResNet3D 

3,993 

ACC=87.1 %, 

F1=87.25 %, 

AUC=95.7 % 

COVID-19, 

 

2020 
[43] 

CVD ResNet50 720 ACC=92.2 % 
COVID-19 

2020 
[44] 

P.T. CNN 1002 
Precis.=94 % 

Recall=98 %   

2020 
[45] 

CVD EfficientNet 544 

ACC=89.7 %, 

F1=89.6 %, 

AUC=89.5 % 

COVID-19  

2021 
[46] 

CVD COVID-Net 13,975 ACC=94.3 % 

COVID-19, 

 

2021 
[47] 

CVD EfficientNetB3 7184 AUC=95 % 

COVID-19, 

 

2021 
[48] 

CVD CNN 3228 ACC=99 % 

 

SARS-CoV-2 CT-scan  

COVID19-CT 

2021 
[49] 

CVD ResNet50 2592 
Sensit.=93 % 

Specif.=92 %  
COVID-19  

2021 
[50] 

CVD CNN 465  COVID-19 

2021 
[51] 

CVD 
VGG-16, ResNet50, 
Xception 

SARS-

CoV-

2 CT 

ACC=98.79 % 

F1 =0.99 

SARS-CoV-

2 CT 

2021 
[42] 

CVD 
Differential 

architecture search 
3,993 

ACC=88-96 % 

 
 

2022 
[52] 

CVD VGG, ResNet 757 
ACC=99.35 %, 

ACC=96.77 % COVID-19 
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2022 
[53] 

CVD Inception, ResNetV2 2,471 ACC=96 % 
COVID-19 

2022 
[54] 

CVD SeNet154 31590 ACC=98 % 
COVID-19, 

 

2022 
[55] 

CVD P-DenseCOVNet. 2,698 ACC=87.5 % 
COVID-19, 

 

2022 
[56] 

CVD CVD19-Net 13216 ACC=98 % 
COVID-19 

2023 
[57] 

CVD 
DarkNet19, 

MobileNetV2 
2482 ACC=98 % 

COVID-19 

2023 
[58] 

CVD RADIC 2482 ACC=99 % 
COVID-19 

*  

 L.N.   

 P.T.   

 Pt.   

 L.C.   

 Sg.   

 Em.   

 CVD  COVID-19; 

 ACC  ; 

 AUC  Area Under Curve, ROC- [59]; 

 Sensit.  ; 

 Specif.  ; 

 Precis.  ; 

 Recall  . 

 

-19:  

  

- -19, 1 

  

-19.  
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-CT-Dataset. 
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89%, 77%, 

79% 
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1.4.3 Common Workflow Language 

Common Workflow Language (CWL) [31] 
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Bash-  

Python-  
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Cwltool Bash-  
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Docker-  
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Kubernetes 
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55 

 

 

 

2.1   

 MNIST  FMNIST  
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60000/10000 60000/10000 
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2.8. 

 

 

2.8  -  

-

[85].  
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5) 4 ); 

6) 5 ); 
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[86] 

 lr=1e-4 
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 lr=1e-3  . 
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MNIST FMNIST

 

 

MNIST FMNIST 
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  [87]; 

 k-  [88]; 

  [89].  
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 2.10   
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 . 

. 

 

2.9 (MNIST)

: 

 -8; 

 -32; 

 -48; 

 -56. 

FMNIST  MNIST 

,  

N)

. 

 MNIST FMNIST. 

- - MNIST FMNIST). 

 

 

 

FMNIST. 
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Scikit-Learn [90]    
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3-

MNIST/FMNIST 

4-  

MNIST/FMNIST 

 0.997/0.977 0.987/0.943 

k-  0.999/0.978 0.988/0.932 

 0.997/0.979 0.988/0.944 

 0.998/0.998  
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.  

 

(  )

   . 

 

: 

1.  ; 

2.    . 

98.7 k-

.  

. 

2.4.2     

  

. 

:  

 Support Vector Classifier) [87]; 

 k- KNeighbors Classifier) [88]; 

 Random Forest Classifier) [89]; 
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   [91]

; 

 AdaBoost [92]; 

  Gaussian Process Classifier) [93]; 

  Quadratic Discriminant Analysis) 

[94]. 

 

Scikit-learn  [90]. 

Scikit-learn 

: 

  (2.12); 

  (2.12) 

 F1- 13); 

  (2.13) 

  (2.14); 

  (2.14) 

 5). 

  (2.15) 

    

  

 (2.13) 

    (2.14)  
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-  (2.12)

 2.3. 

 

2.3   

  F1-    

 0.920 0.920 0.921 0.920 

-   0.987 0.987 0.987 0.987 

 0.960 0.960 0.961 0.960 

 0.978 0.978 0.978 0.978 

AdaBoost 0.830 0.830 0.843 0.830 

 0.515 0.383 0.653 0.515 

 0.766 0.753 0.816 0.766 

 

F1-  

 

 (2.16). 

  (2.16) 

     ,        

 . 

 

 

 k- ; 

 ; 
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 . 

 

2.4      

  * 

 /  /  /  /  /  /  /  /   

 529 19 25 7 2000 246 11 125 2469 

-  567 5 1 5 2209 39 4 15 2586 

 517 31 25 0 2127 126 0 31 2574 

 553 9 11 0 2167 86 3 10 2592 

AdaBoost 525 26 22 22 2045 186 16 649 1940 

 0 0 573 0 192 2061 0 0 2605 

 

414 9 150 207 1192 854 32 18 2555 

: 

  COVID-19; 

  ; 

   

 

  

 

 

 [92]  

[95]  [94] 

 

128-

 

2.5  

: 
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); 

 

( MNIST 

Fashion-MNIST); 

 

 ( MNIST 

Fashion-MNIST); 

 

 ( ; 

Scikit-

Learn  

. 
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3   

 

 

 , 

 . 

: 

   

   

); 

 

 

 

-

 

 

 : 

  ; 

 ; 

 ; 

 ; 
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; 

 

. 

 

 

3.1    

 

  : 

1)  

 -

; 

2)  

  

3) 

/

-

 

 

. 
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3.1.1  

 

    

  

  

   (Data Kind)  

-

 

  

  

 [96], [97]; 

  (Operator)  

 

   

   (Data Unit)     

 

   

 

   

  

 

3.1.2  
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. 

 

 

  

.    

  

- , 

  

. 

 

  

 ; 

  

 

 

 

Algorithm 1: Main loop 

Data: , ,  ,  

 

Result:   . 
start: 

 
repeat 

  
 if  then 

   
   
 end 

until  
end 

Function  
/* 

*/ 
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 if  then 

  return  

 end 
/* 

*/ 

 
 

 
 

  
 foreach  do 

  foreach  do 
   if  

 
then 

    append  

      
   end 

  end 

 end 

  

 return  

Function  

  
 return 

 
Function  

  

   
  
 foreach  do 

   
 

  foreach  do 

   if  

     then 

    append  

      
   end 
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  end 

 end 

 return  

 

  -4)  

: 

 

 

 

A1, B1  

 ; 

  f(A, B) => C  

 

  

  3.1). 

 

 

 
 3.1   

: A, B, C, D, E. 

3.1)  A B   

C D E. 
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 f(A, B) => C; 

 g(A, C) => D; 

 h(C, D) => E. 

  

. 

  

 

  

  

  

 

 

: 

 f(A, B) => C; 

 g(A, C) => (D, E); 

 h(C, D) => F; 

 k(B, E) => I. 

: 

 ; 

 ; 

   ; 

  

 A1 

B1 3.2. 
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 3.2   

 (

).  

  

1 ( )

   C1, D1, E1, F1, I1  C1, D1, F1 1, E1, I1. 

  

 

: 

 f(A, B) => C; 

 g(A, C) => D; 

 h(C, D) => E. 
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 A1 B1 

3.3. 

 

 

 3.3   

-  
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. 

     x: 

x(A, B) => A. 

 x 

 (A1, B1 2 . 

 

 3.4  

 

 

B2 1, B2).  

2, B2 2 

3.5. 
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 3.5  

 

 

 

 

 

 

 

3.2 
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: 

   

 ; 

   

 

  

; 

 

  

   

  ; 

 . 

: 

    

-

; 

    

; 

   

 

3.2.1  

: 
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 GNU AGPL v3. 

 

-    

 

 

 

-

 

  

, 
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- Docker 

: 

 Kubernetes; 

 HTCondor; 

 Slurm. 

Kubernetes, 

-

 

 

Kubernetes-  

 

 

 

 

Kubernetes-

 

Kubernetes- -  

-   

3.2.2    

- JS 

 =>  =>  3.7). 
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3.7    

-

 -

: 
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.     

 

 (a)   

 (b, c)  (d, e): 

a)  

   

b) 

; 

c) 

 

d) 

 

e) 

 

KubernetesService 

runStep,  

-  

-

 

 

 

PersistentVolumeClaim  

 -  
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pod) 

 

 

 -  

 

  : 

 ; 

 ; 

 ; 

   

-
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3.2.3   

  

- : 

 ; 

 -  

-

; 

  

Kubernetes-  

Kubernetes-   

 

 

apiVersion: mlynar.dev/v1alpha1 

kind: DataKind 

metadata: 

  name: number-array-json 

spec: 

  displayName: 'Number Array JSON' 

 

 Docker-
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; 

  

 

 

average(number-array-sum-json, number-array-length-json) => 

number-array-average-json. 

Kubernetes-   : 

apiVersion: mlynar.dev/v1alpha1 

kind: Operator 

metadata: 

  name: average 

  namespace: default 

spec: 

  image:"example/example-average:latest" 

  possibleOutputKinds: 

    - "number-array-average-json" 

  inputs: 

    - fileLocationEnv: "INPUT_SUM" 

      dataKind: "number-array-sum-json" 
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    - fileLocationEnv: "INPUT_LENGTH" 

      dataKind: "number-array-length-json" 

  constantEnv: 

    - name: "EXAMPLE_ENV_VAR" 

      defaultValue: "example" 

  configurableEnv: 

    - name: "MULTIPLY_BY" 

      defaultValue: "1" 

 (entrypoint) 

  

 

-  

  

 

-

 -  

{ 

   "outputs": [ 

      { 

         "dataKind": "number-array-average-json", 

         "file": "/data/output/average.json" 

      } 

   ] 

} 

 

-
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-

 

 

 : 

1) ; 

2) ; 

3) ; 

4) ; 

5) ; 

6)  

HTTP-

 

 : 

 1: POST /api/run 

:  

: { 

  -91c9-4f2f-8098-  

   

   

   

  {} 

} 
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: 

 2: POST /api/run/{id}/upload/{dataKind} 

: FormData  

: { 

  d3b138aa-9661-4a08-a9db-831b7bf36e08  

  , 

   

} 

 

 

 

 

 3: GET /api/run/{id}/params 

 

   

     

     

  }, 

   

     

     

  }, 

} 
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 4: POST /api/run/{id}/run 

: 

 

 

  -91c9-4f2f-8098-  

   

   

   

   d3b138aa-9661-4a08-a9db-831b7bf36e08  

    

    

}, 

], 

  { } 

} 

 

, , , , 

  

 

   , 

 . 

GET /api/run/{id}/run 

 

  -91c9-4f2f-8098-  

  { 

-b1f8-4128-a0c1-  

 

   -9661-4a08-a9db-  
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}, 

 

-771e-4f12-a456-  

], 

 

 

], 

   

   

    d3b138aa-9661-4a08-a9db-831b7bf36e08  

    

    

}, 

 

   

} 

 

 ( : 

 

:  

: { 

   

} 

-

   

/api/run/data-unit/{dataUnitId} 

:  
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, 

  : 

8: DELETE /api/run/{id} 

: { 

   

}  

. 

 

3.3    

 

 

 . 

: 

 ; 

 ; 

 

; 

: 

 

  (3.1) 

   

: 

  ; 
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  ; 

   

: 

 

  (3.2) 

: 

  ; 

  ; 

   

 

 (3.3): 

  (3.3) 

: 

   ; 

   ; 

  . 

,  : 

 

  (3.4) 
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3.3.1  

: 

  

  (3.5) 

 

(3.5): 

 

  (3.6) 
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: 

 ; 

 ; 

 ; 

 <1  

k-
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. 

 

 

 

(k-  

 

 

   

     

 479 28 12 4 

 1 6 16 27 

 9 17 27 31 

 2.77 10.14 20.83 29.00 

 2 10 21 29 

 0 13 28 87 

 20 47 70 110 

 5.09 22.57 51.00 96.25 

 4 21 49 94 

 0 43 283 793 
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 42 153 612 1143 

 5.83 82.21 391.08 916.00 

 3 75 369 864 

 0.0089 1.78 10.95 61.86 

 6.34 133.89 91.55 238.47 

 0.58 27.56 30.82 182.25 

 0.37 4.55 16.44 214.33 

 

-

k-  

 

 

[98] [99]  

 

  -

 [100] 

-Seq) [101]

 

 

[102]

 

[103]. 
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-

-

-

  

-

 

3.3.2  

 

 

  ; 

  

  

  

  

: 

 ; 

 ; 

 ; 

 ; 
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: 

 > ; 

 > ; 

 >  

3.10). 

 

 

3.10   

  . 

 

 

1.  ; 

2.  . 
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. 

 

-   

 . 

, 

 

3.2. 
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3.2   

    

 32.10 15.11 

 57.00 35.32 

 40.99 19.58 

 42.09 20.17 

 

-

-

medium. 

3.3. 

 

3.3  

 

      

 32.80 15.09 

 63.20 36.17 

 47.51 21.87 

 47.90 20.57 

 

-

-

-  

  

 (3.7): 

 

  (3.7) 
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-

  . 

 

.  

 3.3. 

 (3.8): 

 

  (3.8) 

 

 (3.9): 

 

  (3.9) 

 

 

docker-
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 (3.7) (3.8)

 . 

3.4 

  

 

: 

   

   

   

 

(3.10): 

 

   (3.10) 

 

   

 

  (3.11): 

 

   (3.11) 
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.   

 

 

-

-

: 

  -  

  -  

  -

(3.12).  

 

   (3.12) 

 

 

   

  - -  

-

: 

 

   (3.13) 

 

  -

 

 

 (3.13): 

 



112 

 

   (3.14) 

 

  -

 

 

 (3.15-3.16): 

 

 

 

 

 

(3.15) 

 

 

 

 

 

(3.16) 

  

 ,  (3.17-3.18): 

 

   (3.17) 

   (3.18) 

 

 

 

.  

 

3.5  

 

. 
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-

 

 

 

  

  

.  

 

   , 

  

 .  

Kubernetes 
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4 

 

  

    

   

 

: 

  ; 

 ; 

   

   

  

  

: 

   

 

   

  

   

-

 

   

; 

       

 

 : 

 ; 
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 ; 

  

; 

 

; 

 . 

. 

 

 

4.1.  

 

 

 4.1   



116 

 

 

   

 

   

 

   

 

 

4.1  

  

: 

  

; 

  

; 

  ; 

 ; 

 . 
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, 

  

 

 

    

 

 

 . 

n 

 

 [104]. 

. 

 

,  

. 
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-

 

 

 

 

: 

 k- ; 

 - Locality-Sensitive Hashing ) [105] 

 - Hierarchical navigable small 

world ) [106] . 

-

[107]. 

. 

, -4.3): 

 4.1) 

 
       (4.1) 

 

 e  (4.2) 

  (4.2) 

 c  (4.3) 

  (4.3) 
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[104]. 

- . 

,   

. 

. 

: 

 Pinecone [108]; 

 Milvus [109]; 

 Weaviate [110]. 

 DBaaS   

 

DBaaS  
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 Helm

[104]. , Milvus 

 

 

 

 

 [111] Milvus, 

Weaviate 

. 

  

   -

Milvus 

. 

 

-

 

Angular. 

  (  
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4.2  

: 

1.     

2.  

3.  

 -  

 

: 

 ; 

 

HTTP- ; 

 , 

 

 

4.2.1  

 -  

.   

.   

 

 

 

: 

 ; 
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; 

 ; 

  

    (  4.1). 

 

 4.1   

   

dicom-chest-ct DC DICOM 

dicom-chest-ct-single DCS DICOM 

tiff-chest-ct-filtered TCF (-  TIFF 

chest-ct-embeddings CE (-   

chest-ct-classification-result CCR (-   

 

 4.2). 

4.2   

 

 

  

dicom-split-

filter 

dsf dsf(DC) => TCF 

 

 

single-dicom-

slice-packer 

sdsp sdsp(DCS) => TCF 

 

 

resnet-fdn-

embed 

rfe rfe(TCF) => CE 

 

 

neigh-embed-

classify 

nec nec(CE) => CCR 

k-  

randfor-

embed-

classify 

rec rec(CE) => CCR 

 

svc-embed-

classify 

sec sec(CE) => CCR 

 

 

4.3). 
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4.3    

  

,  . 

 

 zip- . 

 zip-

. 

 

: 

 k- ; 

 ; 

  

JSON chest-ct-

classification-result) 

: 
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{ 

  p  

} 

 

: 

 ; 

   ; 

 . 

-

 

4.2.2   

 : 

1. Analysis  : 

a. ; 

b. ; 

c.   ; 

2. User  ; 

3. Authentication   

 

. 
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. 

  

 

-

  

-  

 

  

 

 : 

 ; 

  

  

 

. 

-  

 

 

 

  

: 

 . 
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(  bcrypt [112] , 

12). 

 

- -only 

JavaScript-  

-

-
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-

 

 

4.2.3  

-  

 

 

 

Material. 

 

 

: 

  

  

  

  

-

-

 

 

- . 
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4.3  

  

. 

 

 COVID-19, 9 

) COVID-CT-MD. 

Milvus  

 ( 4.4).  

 

 

  

4.5).  
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 . 4.3. 

 

    

    

1 covid110 IM0038 2 148 603,5 

2 covid115 IM0046 2 163 308,75 

3 covid110 IM0037 2 177 687,5 

4 covid110 IM0036 2 210 008,75 

5 covid110 IM0032 2 373 189,75 

 

4.6). 
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. 4.4. 

 

   

    

5 covid115 IM0038 10 587 443 

4 covid111 IM0092 10 840 212 

3 covid115 IM0094 11 268 558 

2 covid115 IM0036 11 430 684 

1 covid115 IM0037 13 252 108 

 

-4.4 

 

4.7. 
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- -

 

 

4.4  

   

. 

:  

  ; 

 ; 

  ; 

 

; 

 

; 

   

    

. 

. 
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: 

1. 

. 

2.    

3. 

 

4. 

 

98.7%. 

5. 

  

     

6. 

Kubernetes 

.  

  

 

7. 



135 

 

 

8.  

     

 

. 

 

  

 



136 

 

 

[1] 

Nat Med, vol. 10, no. 12 Suppl, pp. S70-6, Dec. 

2004, doi: 10.1038/nm1150. 

[2] J Res 

Health Sci, vol. 21, no. 1, p. e00502, Jan. 2021, doi: 10.34172/jrhs.2021.40. 

[3] C. D. Kelly-Cirino et al.

BMJ Glob Health, vol. 4, no. Suppl 2, p. e001179, 2019, doi: 

10.1136/bmjgh-2018-001179. 

[4] M. D. Perkins et al. The 

Lancet, vol. 390, no. 10108, pp. 2211 2214, Nov. 2017, doi: 10.1016/S0140-

6736(17)31224-2. 

[5] R. Lowe et al.

Int J Environ Res Public Health, vol. 15, no. 1, Jan. 2018, doi: 

10.3390/ijerph15010096. 

[6] 

https://www.finddx.org/publications-and-statements/press-release/new-tool-

indicates-woeful-diagnostic-readiness-for-pandemic-prevention-preparedness-and-

response/ 

[7] -Class Classification of Pulmonary Diseases 

Adaptive Systems of Automatic Control, vol. 

2, no. 43, pp. 78 83, Dec. 2023, doi: 10.20535/1560-8956.43.2023.292255. 

[8]  

,  

-

-

- , 2023, . 28 30. 



137 

 

[9] -class classification with optional 

Adaptive Systems of Automatic Control, vol. 2, no. 45, pp. 186 193, 

Oct. 2024, doi: 10.20535/1560-8956.45.2024.313198. 

[10] 

Adaptive Systems of Automatic Control, vol. 1, 

no. 44, pp. 24 29, 2024, doi: 10.20535/1560-8956.44.2024.302198. 

[11]  

,

 

Tech- -

, 2024, . 124 127. 

[12]  

 

-

- , 

2024, . 96 100. 

[13] 

algorithm for dynamically constructing and traversing an implied directed acyclic 

graph in a non- Informatyka, Automatyka, Pomiary w 

, vol. 14, no. 1, pp. 115 118, Mar. 2024, doi: 

10.35784/iapgos.5858. 

[14] 

Ukrainian Journal of Information 

Technology, vol. 6, no. 1, pp. 95 100, 2024, doi: 10.23939/ujit2024.01.095. 

[15]  

 -

, 2022, . 220 221. 



138 

 

[16] Annu Rev 

Biomed Eng, vol. 8, no. Volume 8, 2006, pp. 537 565, 2006, doi: 

https://doi.org/10.1146/annurev.bioeng.8.061505.095802. 

[17] Y. LeCun et al. -

in Advances in Neural Information Processing Systems, D. Touretzky, Ed., Morgan-

Kaufmann, 1989. [Online]. Available: 

https://proceedings.neurips.cc/paper_files/paper/1989/file/53c3bce66e43be4f209556

518c2fcb54-Paper.pdf 

[18] 

11th Mediterranean Conference on Medical and Biomedical 

Engineering and Computing 2007, T. Jarm, P. Kramar, and A. Zupanic, Eds., Berlin, 

Heidelberg: Springer Berlin Heidelberg, 2007, pp. 830 833. doi: 10.1007/978-3-540-

73044-6_215. 

[19] -Phase CT Image Based 

2009 2nd International Conference on 

Biomedical Engineering and Informatics, 2009, pp. 1 5. doi: 

10.1109/BMEI.2009.5304774. 

[20] T. Gong et al. Pattern 

Recognition in Bioinformatics, J. C. Rajapakse, B. Schmidt, and G. Volkert, Eds., 

Berlin, Heidelberg: Springer Berlin Heidelberg, 2007, pp. 401 408. doi: 10.1007/978-

3-540-75286-8_38. 

[21] 

Radiology, vol. 284, no. 2, pp. 574 582, 2017, doi: 10.1148/radiol.2017162326. 

[22] G. Carneiro, L. Oakden-Rayner, A. P. Bradley, J. Nascimento, and L. Palmer, 

-year mortality prediction using deep learning and radiomics features 

2017 IEEE 14th International Symposium on 

Biomedical Imaging (ISBI 2017), 2017, pp. 130 134. doi: 

10.1109/ISBI.2017.7950485. 



139 

 

[23] 

sectional appearances of 3D <scp>CT</scp> images for anatomical structure 

Med Phys, vol. 44, no. 

10, pp. 5221 5233, Oct. 2017, doi: 10.1002/mp.12480. 

[24] Y. Xie et al. -based Collaborative Deep Learning for Benign-Malignant 

IEEE Trans Med Imaging, vol. 38, no. 4, 

pp. 991 1004, 2019, doi: 10.1109/TMI.2018.2876510. 

[25] J. G. Nam et al. based 

Automatic                    Detection Algorithm for Malignant Pulmonary Nodules on 

Chest                    Radiology, vol. 290, no. 1, pp. 218 228, 2019, doi: 

10.1148/radiol.2018180237. 

[26] 

Medical Imaging 2018: Computer-Aided Diagnosis, N. Petrick and K. Mori, Eds., 

SPIE, 2018, p. 105751I. doi: 10.1117/12.2293699. 

[27] J. H. and D. S. R. and K. M. K. and P. P. V. and Z. B. and N. C. and S. R. and K. R. 

D. and L. Q. Li Xiang  -enabled system for rapid 

Eur J Radiol, vol. 120, Nov. 2019, doi: 

10.1016/j.ejrad.2019.108692. 

[28] D. Ardila et al. -to-end lung cancer screening with three-dimensional deep 

learning on low- Nat Med, vol. 25, no. 6, pp. 954

961, 2019, doi: 10.1038/s41591-019-0447-x. 

[29] S. Park et al. based computer-aided detection system: 

Eur Radiol, vol. 29, no. 

10, pp. 5341 5348, 2019, doi: 10.1007/s00330-019-06130-x. 

[30] 

Nodule Detection and Classification Using Deep Learning Combined with Multiple 

Sensors, vol. 19, no. 17, 2019, doi: 10.3390/s19173722. 



140 

 

[31] S. M. Humphries et al.

Radiology, vol. 294, no. 2, pp. 434 444, 2020, doi: 

10.1148/radiol.2019191022. 

[32] A. Masood et al. -Based Automated Clinical Decision Support System for 

IEEE J Transl Eng Health 

Med, vol. 8, pp. 1 13, 2020, doi: 10.1109/JTEHM.2019.2955458. 

[33] X. Wang et al. -Supervised Framework for COVID-19 Classification and 

IEEE Trans Med Imaging, vol. 39, no. 8, pp. 

2615 2625, 2020, doi: 10.1109/TMI.2020.2995965. 

[34] H. Ko et al. -19 Pneumonia Diagnosis Using a Simple 2D Deep Learning 

J 

Med Internet Res, vol. 22, no. 6, p. e19569, Jun. 2020, doi: 10.2196/19569. 

[35] -CT-Dataset: A CT 

Scan Dataset about COVID-  

[36] X. He et al. -Efficient Deep Learning for COVID-19 Diagnosis Based on CT 

medRxiv, 2020, doi: 10.1101/2020.04.13.20063941. 

[37] O. Gozes, M. Frid-

10.48550/arXiv.2004.02640. 

[38] Q. Ni et al.

(COVID- Eur Radiol, vol. 30, no. 12, pp. 6517

6527, Dec. 2020, doi: 10.1007/s00330-020-07044-9. 

[39] A. Bhandary et al. -learning framework to detect lung abnormality  A study 

with chest X- Pattern Recognit Lett, vol. 129, pp. 271

278, 2020, doi: https://doi.org/10.1016/j.patrec.2019.11.013. 

[40] M. Fu et al. -Based Recognizing COVID-19 and other Common 

medRxiv, p. 

2020.03.28.20046045, Jan. 2020, doi: 10.1101/2020.03.28.20046045. 



141 

 

[41] 

learning analysis provides accurate COVID-19 diagnosis on chest computed 

Eur J Radiol, vol. 133, Dec. 2020, doi: 10.1016/j.ejrad.2020.109402. 

[42] X. He et al.

for COVID- medRxiv, p. 2020.06.08.20125963, 

Jan. 2021, doi: 10.1101/2020.06.08.20125963. 

[43] 

(COVID- J Biomed Sci Eng, vol. 13, no. 07, pp. 

140 152, 2020, doi: 10.4236/jbise.2020.137014. 

[44] 

Applied 

Intelligence, vol. 51, no. 6, pp. 4082 4093, 2021, doi: 10.1007/s10489-020-02051-1. 

[45] -19 using chest CT-

2020 IEEE 23rd International Multitopic Conference (INMIC), 2020, 

pp. 1 5. doi: 10.1109/INMIC50486.2020.9318212. 

[46] M. Fontanellaz et al. -Learning Diagnostic Support System for the Detection 

of COVID- Invest Radiol, vol. 56, no. 6, pp. 348 356, 

Jun. 2021, doi: 10.1097/RLI.0000000000000748. 

[47] M. Yousefzadeh et al. -corona: Radiologist-assistant deep learning framework for 

COVID- PLoS One, vol. 16, no. 5, p. e0250952, May 

2021, doi: 10.1371/journal.pone.0250952. 

[48] -19 Detection 

Sensors, vol. 21, no. 2, 2021, doi: 

10.3390/s21020455. 

[49] Z. Zhu et al. -19 by Compressed Chest CT Image through 

Interdiscip Sci, vol. 13, no. 1, pp. 73 82, 

2021, doi: 10.1007/s12539-020-00408-1. 

[50] F. Pan et al. -based quantification of serial chest computed 

tomography in Coronavirus Disease 2019 (COVID- Sci Rep, vol. 11, no. 1, p. 

417, 2021, doi: 10.1038/s41598-020-80261-w. 



142 

 

[51] 

of COVID-

Applied Sciences, vol. 11, no. 15, 2021, doi: 10.3390/app11157004. 

[52] W. Zouch et al. -19 from CT and Chest X-ray Images Using 

Ann Biomed Eng, vol. 50, no. 7, pp. 825 835, 2022, doi: 

10.1007/s10439-022-02958-5. 

[53] A. Ortiz et al. -19 

Sci Rep, vol. 12, no. 1, p. 1716, 

2022, doi: 10.1038/s41598-022-05532-0. 

[54] N. A. Baghdadi, A. Malki, S. F. Abdelaliem, H. Magdy Balaha, M. Badawy, and M. 

-19 from chest CT 

images using a transfer learning- Comput Biol 

Med, vol. 144, p. 105383, 2022, doi: 

https://doi.org/10.1016/j.compbiomed.2022.105383. 

[55] -stage 

deep convolutional neural network for automatic diagnosis of COVID-19 and 

Comput Biol Med, vol. 149, p. 105806, 2022, doi: 

https://doi.org/10.1016/j.compbiomed.2022.105806. 

[56] -Net: An 

Automated Deep Learning Model for COVID-

in 2022 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), 

2022, pp. 2049 2058. doi: 10.1109/BIBM55620.2022.9995590. 

[57] -based CT-scan image classification for 

automated screening of COVID- Biomed Signal Process Control, vol. 80, p. 

104268, 2023, doi: https://doi.org/10.1016/j.bspc.2022.104268. 

[58] -19 from chest CT and X-ray scans 

using deep learning and quad- Chemometrics and Intelligent Laboratory 

Systems, vol. 233, p. 104750, 2023, doi: 

https://doi.org/10.1016/j.chemolab.2022.104750. 



143 

 

[59] 

Pattern Recognit, vol. 30, no. 7, pp. 1145 1159, 1997, doi: 

https://doi.org/10.1016/S0031-3203(96)00142-2. 

[60] 

Real- 2016 IEEE Conference on Computer Vision and 

Pattern Recognition (CVPR), IEEE, Jun. 2016, pp. 779 788. doi: 

10.1109/CVPR.2016.91. 

[61] X. He et al. -Efficient Deep Learning for COVID-19 Diagnosis Based on CT 

medRxiv, 2020, doi: 10.1101/2020.04.13.20063941. 

[62] 

 

[63] 

 

[64] -Scale 

 

[65] 

 

[66] 

 

[67] X. He et al. -Efficient Deep Learning for COVID-19 Diagnosis Based on CT 

medRxiv, p. 2020.04.13.20063941, Jan. 2020, doi: 

10.1101/2020.04.13.20063941. 

[68] 

Linux journal, vol. 2014, no. 239, 2014, Accessed: Sep. 29, 2024. 

[Online]. Available: https://www.linuxjournal.com/content/docker-lightweight-linux-

containers-consistent-development-and-deployment 

[69] 

-

workflow-systems 



144 

 

[70] P. Di Tommaso, M. Chatzou, E. W. Floden, P. P. Barja, E. Palumbo, and C. 

Nat 

Biotechnol, vol. 35, no. 4, pp. 316 319, Apr. 2017, doi: 10.1038/nbt.3820. 

[71] J. Vivian et al.

Nat Biotechnol, vol. 35, no. 4, pp. 314 316, 2017, doi: 10.1038/nbt.3772. 

[72] 

EPJ Web Conf., 

vol. 214, p. 6034, 2019, doi: 10.1051/epjconf/201921406034. 

[73] P. Amstutz et al. Zenodo. doi: 10.5281/zenodo.10957460. 

[74] -based 

network for detecting COVID- Biomed 

Signal Process Control, vol. 68, p. 102588, 2021, doi: 

https://doi.org/10.1016/j.bspc.2021.102588. 

[75] P. Afshar et al. -CT-MD, COVID-19 computed tomography scan dataset 

Sci Data, vol. 8, no. 1, p. 121, Apr. 

2021, doi: 10.1038/s41597-021-00900-3. 

[76] W. R. Webb, W. E. Brant, and N. M. Major, Fundamentals of Body CT, 3rd ed. 

Elsevier, 2005. 

[77] T.-

 

[78] J. Deng, W. Dong, R. Socher, L.-J. Li, Kai Li, and Li Fei- -

2009 IEEE Conference on Computer Vision and 

Pattern Recognition, IEEE, Jun. 2009, pp. 248 255. doi: 

10.1109/CVPR.2009.5206848. 

[79] 

IEEE Visualization Poster Proceedings, [Online]. Available: 

https://par.nsf.gov/biblio/10064420 

[80]  

[81] 

2024. [Online]. Available: https://keras.io/examples/vision/metric_learning/ 



145 

 

[82] 

Annals of Data Science, vol. 9, no. 2, pp. 187 212, Apr. 2022, 

doi: 10.1007/s40745-020-00253-5. 

[83]  

[84] 

http://yann.lecun.com/exdb/mnist/ 

[85] -MNIST: a Novel Image Dataset for 

 

[86] 

https://api.semanticscholar.org/CorpusID:70293087 

[87] J. Cervantes, F. Garcia- -

comprehensive survey on support vector machine classification: Applications, 

Neurocomputing, vol. 408, pp. 189 215, 2020, doi: 

https://doi.org/10.1016/j.neucom.2019.10.118. 

[88] -Nearest Neighbor 

Data Mining in Agriculture, New York, NY: Springer New York, 

2009, pp. 83 106. doi: 10.1007/978-0-387-88615-2_4. 

[89] Mach Learn, vol. 45, no. 1, pp. 5 32, 2001, doi: 

10.1023/A:1010933404324. 

[90] F. Pedregosa et al. - Journal of Machine 

Learning Research, vol. 12, no. 85, pp. 2825 2830, 2011, [Online]. Available: 

http://jmlr.org/papers/v12/pedregosa11a.html 

[91] Data Mining and Knowledge 

Discovery Handbook, L. Maimon Oded and Rokach, Ed., Boston, MA: Springer US, 

2005, pp. 957 980. doi: 10.1007/0-387-25465-X_45. 

[92] Empirical Inference: Festschrift in Honor 

of Vladimir N. Vapnik

Heidelberg: Springer Berlin Heidelberg, 2013, pp. 37 52. doi: 10.1007/978-3-642-

41136-6_5. 



146 

 

[93] Advanced Lectures 

on Machine Learning: ML Summer Schools 2003, Canberra, Australia, February 2 - 

- 16, 2003, Revised Lectures, U. and R. G. 

Bousquet Olivier and von Luxburg, Ed., Berlin, Heidelberg: Springer Berlin 

Heidelberg, 2004, pp. 63 71. doi: 10.1007/978-3-540-28650-9_4. 

[94] 

2019. [Online]. Available: https://arxiv.org/abs/1906.02590 

[95] 

 

[96] Monist, vol. 16, no. 4, 

pp. 492 546, 1906, doi: 10.5840/monist190616436. 

[97] L. Wetzel, Types and Tokens: On Abstract Objects. MIT Press, 2009. Accessed: Oct. 

21, 2024. [Online]. Available: 

https://books.google.com.ua/books?id=jNATqWe3B3sC 

[98] S. Baichoo et al.

BMC 

Bioinformatics, vol. 19, no. 1, Dec. 2018, doi: 10.1186/s12859-018-2446-1. 

[99] 

pipeline for high-throughput multi- PLoS One, vol. 

17, no. 9, Sep. 2022, doi: 10.1371/journal.pone.0274260. 

[100] 

EPJ Web 

Conf, vol. 295, p. 04044, May 2024, doi: 10.1051/epjconf/202429504044. 

[101] P. A. Ewels et al. - bioRxiv, p. 

610741, Jan. 2019, doi: 10.1101/610741. 

[102] Nature, 

vol. 573, no. 7772, pp. 149 150, Sep. 2019, doi: 10.1038/d41586-019-02619-z. 

[103] 

Front Genet, vol. 12, Feb. 2021, doi: 10.3389/fgene.2021.616686. 



147 

 

[104] 2023 

9th International Conference on Big Data and Information Analytics (BigDIA), IEEE, 

2023, pp. 364 371. 

[105] 

Sensitive Hashing (LSH) and Convolutional Neural Networks (CNNs) for Object 

2018 17th IEEE International Conference on Machine Learning and 

Applications (ICMLA), IEEE, Dec. 2018, pp. 1197 1199. doi: 

10.1109/ICMLA.2018.00193. 

[106] 

IEEE Trans 

Pattern Anal Mach Intell, vol. 42, no. 4, pp. 824 836, Apr. 2020, doi: 

10.1109/TPAMI.2018.2889473. 

[107] Q. Yang et al. -fast and accurate electron ionization mass spectrum matching 

for compound identification with million-scale in- Nat Commun, vol. 

14, no. 1, p. 3722, Jun. 2023, doi: 10.1038/s41467-023-39279-7. 

[108] 

[Online]. Available: https://www.pinecone.io/ 

[109] J. Wang et al. -

Proceedings of the 2021 International Conference on Management of Data, New 

York, NY, USA: ACM, Jun. 2021, pp. 2614 2627. doi: 10.1145/3448016.3457550. 

[110] - 

https://weaviate.io/ 

[111] N. Matsumoto et al. -enhanced RAG framework for 

Bioinformatics, vol. 40, 

no. 6, Jun. 2024, doi: 10.1093/bioinformatics/btae353. 

[112] - Proceedings 

of the FREENIX Track:1999 USENIX Annual Technical Conference, 1999. 

  



148 

 

.  

 

 

 

 

-  



149 

 

 

 

 

 



150 

 

 

 

 

 



151 

 

 

  



152 

 

.  

: 

 

; 

  ; 

 ; 

 ; 

 ; 

 . 

).  

 

 

.1   

). 



153 

 

 

.2   

 

, 

).  

. 

). 

 



154 

 

 

.3   

 

.4   



155 

 

 

 

 

  



156 

 

.  

 

1. F. Smilianets -Class Classification of Pulmonary Diseases 

Adaptive Systems of Automatic Control, vol. 

2, no. 43, pp. 78 83, Dec. 2023, doi: 10.20535/1560-8956.43.2023.292255. 

. 

2. F. Smilianets

Adaptive Systems of Automatic Control, vol. 1, 

no. 44, pp. 24 29, 2024, doi: 10.20535/1560-8956.44.2024.302198. 

 

. 

3. F. Smilianets 

algorithm for dynamically constructing and traversing an implied directed acyclic 

graph in a non- Informatyka, Automatyka, Pomiary w 

, vol. 14, no. 1, pp. 115 118, Mar. 2024, doi: 

10.35784/iapgos.5858 ( ).  

. 

4. F. Smilianets -class classification with optional 

Adaptive Systems of Automatic Control, vol. 2, no. 45, pp. 186 193, 

Oct. 2024, doi: 10.20535/1560-8956.45.2024.313198.  

. 

5. F. A. Smilianets 

Ukrainian Journal of Information 

Technology, vol. 6, no. 1, pp. 95 100, 2024, doi: 10.23939/ujit2024.01.095. 

 . 

  



157 

 

 

1.  

-

-617-7932-34-4. 

. 

2. 

. 

-2023): 

-

- -

 c. 28-30. 

 

3. 

. 

Tech- -

-  

c. 124. 

 . 

4. 

. 

- I 

- 0-

22  c. 

96-100. 

. 

 

 


