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Rezumat

Sistemele informatice medicale cuprind platforme complexe de gestionare a datelor de să-

nătate, aplicat,ii de monitorizare a sănătăt,ii s, i tehnologii de analiză predictivă. Această teză

este structurată în trei părt,i principale, fiecare abordând aspecteimportante ale utilizării învăt, ării

automate s, i profunde în imagistica medicală s, i gestionarea resurselor spitalices, ti s, i folosirea

arhitecturii multi-agent. În prima parte a tezei, se prezintă o analiză cuprinzătoare a abordărilor

actuale în dezvoltarea modelelor de învăt,are automată s, i profundă aplicate în imagistica me-

dicală, cu un accent specific pe detectarea polipilor din leziuni colonoscopice. Pentru această

sarcină, au fost selectate nouă modele de învăt,are automată, incluzând Support Vector Machine

(SVM), Random Forest (RF), Random Subspace (RS), Decision Tree (DT), Gradient Boosting

(GB), AdaBoost (AB) s, i XGBoost (XGB), precum s, i Gaussian Naive Bayes (GNB) s, i Berno-

ulli Naive Bayes (BNB). Alegerea acestor modele se bazează pe adecvarea lor pentru sarcini

de clasificare s, i pe performant,a demonstrată în literatura de specialitate, în diverse aplicat,ii de

imagistică medicală. Pentru a evalua performant,a acestor modele, s-au utilizat s, ase seturi de

date distincte de imagini medicale. Rezultatele experimentale indică faptul că algoritmul bazat

pe Random Subspace (RS) a obt,inut performant,e mai bune decât ceilalt,i algoritmi utilizat,i. În

cadrul studiului de învăt,are profundă, s-au implementat s, i evaluat trei modele preantrenate de

referint, ă: InceptionV3, Convolutional Neural Network (CNN) s, i Xception. Aceste modele au

fost adaptate pentru sarcina specifică de clasificare a imaginilor medicale, iar performant,a lor a

fost evaluată pe cinci seturi distincte de date medicale. Modelul bazat pe CNN cu Keras a de-

monstrat performant,e mai bune comparativ cu modelele similare din literatura de specialitate,

folosind seturi de date asemănătoare.

În partea a doua a tezei, se propune un sistem inteligent pentru modelarea diverselor sect,ii

medicale ale spitalului, care integrează componente inteligente pentru a optimiza rezultatele s, i

nivelul de satisfact,ie al pacient,ilor. Acest sistem cont,ine o bază de cunos, tint,e medicale utili-

zate pentru a descrie în detaliu o gamă largă de boli s, i afect,iuni, oferind o bază solidă pen-

tru deciziile clinice. De asemenea se extrage regulile de asociere utilizând algoritmul Apriori.

Această metodă analizează datele obt,inute din evaluările de triaj s, i fis, ele medicale electronice

ale pacient,ilor din sect,iile de urgent, ă. Obiectivul principal este identificarea corelat,iilor între bo-

lile pacient,ilor s, i istoricul lor medical, facilitând astfel îmbunătăt,irea procesului de diagnostic
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s, i tratament.

În cele din urmă, în partea a treia, se prezintă platforma MAS-PatientCare (Sistem Integrat

pentru Programarea în spital, pentru colonoscopie s, i recomandări medicale), o solut,ie avansată

pentru gestionarea procedurilor medicale s, i îngrijirii pacient,ilor în spitale. Arhitectura multi-

agent MAS-PatientCare este proiectată pentru a facilita colaborarea s, i interact,iunea între di-

versele componente s, i agent,i implicat,i în gestionarea procedurilor medicale. Aces, ti agent,i sunt

responsabili pentru programarea pacient,ilor, gestionarea resurselor, analiza datelor s, i furnizarea

de recomandări medicale. Prin interconectivitatea s, i comunicarea eficientă între agent,i, MAS-

PatientCare îmbunătăt,es, te calitatea îngrijirii pacient,ilor s, i eficient,a serviciilor prin eficientizarea

fluxurilor de lucru s, i a proceselor spitalices, ti. Un aspect esent,ial al sistemului MAS-PatientCare

este capacitatea sa de a oferi recomandări personalizate pentru îngrijirea pacient,ilor, bazate pe

analiza datelor medicale s, i preferint,ele individuale ale acestora. Aceste recomandări sunt ge-

nerate de agent,i specializat,i în analiza de date care utilizează algoritmi de învăt,are automată

pentru a identifica modele s, i tendint,e relevante în datele pacient,ilor. Prin integrarea acestor teh-

nologii s, i metodologii, teza de fat, ă oferă o abordare scalabilă s, i eficientă pentru îmbunătăt,irea

diagnosticării s, i tratamentului medical, optimizarea resurselor spitalices, ti s, i cres, terea nivelului

de mult,umire al pacient,ilor.
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Abstract

Health information systems comprise complex health data management platforms, health

monitoring applications and predictive analytics technologies. This thesis is divided into three

main parts, each addressing key aspects of the use of machine and deep learning in medical

imaging and hospital resource management, and the use of multi-agent architectures. The first

part of the thesis presents a comprehensive review of current approaches to the development of

machine and deep learning models applied to medical imaging, with a specific focus on polyp

detection in colonoscopic lesions. Eight machine learning models were selected for this task,

including Support Vector Machine (SVM), Random Forest (RF), Random Subspace (RS), De-

cision Tree (DT), Gradient Boosting (GB), AdaBoost (AB) and XGBoost (XGB), as well as

Gaussian Naive Bayes (GNB) and Bernoulli Naive Bayes (BNB). The choice of these models

is based on their suitability for classification tasks and their performance as reported in the lite-

rature on various medical imaging applications. Six different medical image datasets were used

to evaluate the performance of these models. Experimental results indicate that the Random

Subspace (RS) based algorithm outperformed the other algorithms used. In the deep learning

study, we implemented and evaluated three pre-trained benchmark models: InceptionV3, Con-

volutional Neural Network (CNN) and Xception. These models were adapted to the specific

task of medical image classification and their performance was evaluated on five different me-

dical datasets. The CNN-based model with Keras showed superior performance compared to

similar models in the literature using similar datasets.

The second part of the thesis proposes an intelligent system for modelling different hospital

wards, integrating intelligent components to optimise patient outcomes and satisfaction. This

system includes a medical knowledge base, which is used to describe in detail a wide range

of diseases and conditions, providing a sound basis for clinical decisions. It also extracts asso-

ciation rules using the Apriori algorithm. This method analyses data from triage assessments

and electronic medical records of patients in emergency departments. The main objective is to

identify correlations between patients’ diseases and their medical history, thus facilitating the

improvement of the diagnosis and treatment process.

Finally, the third part presents the MAS-PatientCare (Integrated System for Hospital Sche-

duling, Colonoscopy and Medical Referrals) platform, an advanced solution for managing me-
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dical procedures and patient care in hospitals. The multi-agent architecture MAS-PatientCare is

designed to facilitate collaboration and interaction between the various components and agents

involved in the management of medical procedures. These agents are responsible for scheduling

patients, managing resources, analysing data and making medical recommendations. Through

interconnectivity and effective communication between agents, MAS-PatientCare improves the

quality of patient care and the efficiency of services by streamlining workflows and hospital

processes. A key aspect of the MAS-PatientCare system is its ability to provide personalised

recommendations for patient care based on the analysis of medical data and individual patient

preferences. These recommendations are generated by specialised data analysis agents that use

machine learning algorithms to identify relevant patterns and trends in patient data.

By integrating these technologies and methodologies, this thesis provides a comprehensive

and effective approach to improving medical diagnosis and treatment, optimizing hospital reso-

urces, and increasing patient satisfaction.
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3.4.1 Alte modele de învăt,are automată . . . . . . . . . . . . . . . . . . . . 63

3.4.2 Analiza rezultatelor modelelor de învăt,are automată . . . . . . . . . . 65
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2.3 O prezentare de ansamblu asupra sistemelor multi-agent (JADE). . . . . . . . . 39

3.1 Important,a caracteristicilor. (a) DecisionTreeClassifier; (b) RandomForestCla-

ssifier; (c) XGBClassifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2 Exemple de polipi gastrointestinali. WL (stânga); NBI (dreapta); (a) adenom

(b) hiperplazic s, i (c) adenom zimt,at . . . . . . . . . . . . . . . . . . . . . . . 53

3.3 Modelul SVM - Scorul de acuratet,e pentru 50 de rulări . . . . . . . . . . . . . 56
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