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Abstract

Medical diagnosis represents a central and essential cognitive task for determining a patient's
condition and suggesting appropriate treatment. Diagnostic accuracy is fundamental in global
healthcare systems. Although crucial, this process can be subject to challenges related to case
complexity and practitioners' cognitive load. To support this demanding task, recommender
systems, derived from artificial intelligence, offer an innovative approach. This project focuses
on the implementation of a recommender system specifically dedicated to medical diagnosis.
The objective is to provide a decision support tool for physicians, assisting them in diagnosis
and prognosis by transforming uncertainty into near-certainty. Such a system aims to improve
the quality of medical decisions, reduce the risk of physician fatigue related to intensive work,
and overcome the shortage of specialist physicians, thus overcoming some potential limitations

of traditional approaches.

Keywords: Medical diagnosis, recommender systems,Health Recommender System.

Résumé

Le diagnostic médical représente une tache cognitive essentielle pour déterminer I'état d'un
patient et proposer un traitement adapte. La précision diagnostique est fondamentale dans les
systémes de santé mondiaux. Bien que crucial, ce processus peut étre confronté a des défis liés
a la complexité des cas et a la charge cognitive des praticiens. Pour soutenir cette tache
exigeante, les systemes de recommandation, issus de l'intelligence artificielle, offrent une
approche innovante. Ce projet porte sur la mise en ceuvre d'un systéme de recommandation
spécifiqguement dédié au diagnostic médical. L'objectif est de fournir un outil d'aide a la décision
aux médecins, les assistant dans leur diagnostic et leur pronostic en transformant l'incertitude
en quasi-certitude. Un tel systéme vise a améliorer la qualité des décisions médicales, a réduire
le risque de fatigue des médecins liée a un travail intensif et a pallier la pénurie de médecins

spécialistes, surmontant ainsi certaines limites potentielles des approches traditionnelles.

Mots clés : Diagnostic médical, systemes de recommandation, systeme de recommandation de

santé.
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General Introduction

A. Background

Medical diagnosis is a critical and high cognitive task that underpins global healthcare systems
and safe patient care. But it’s fraught with challenges - human error, complexity of diseases and
systemic barriers like lack of access to healthcare. Studies have shown that 5-15% of medical
cases are affected by diagnostic errors. The National Academy of Medicine says most people
will experience at least one diagnostic error in their lifetime with potentially serious or fatal
consequences. These errors are often due to cognitive biases, misinterpretation of data or

assessments done under time pressure [26].

In recent years, the rapid advancement of science and technology especially in the field of
information technology has been applied to address these issues. Artificial intelligence (Al) has
emerged as a solution, with its ability to process huge amounts of data to help with medical
imaging analysis, personalized diagnostics and early disease detection. A recommendation
system, a type of Al technology uses machine learning algorithms to suggest relevant
information or items to users. In medicine, these systems can tap into large databases of medical

treatments, diagnostic tests and clinical histories to support doctors in making better decisions.
B. Work Context

This thesis is part of a bigger project to implement a medical diagnosis recommendation system
to support clinical decision making. The main objective is to help doctors make accurate
diagnoses, reduce errors and alleviate the workload and shortage of expert doctors. Our work
is focused on developing a system that goes from uncertainty to near certainty in the diagnostic

process so we can improve the quality of doctor decision making and patient outcomes.
C. Problem Statement

Medical errors that can be fatal or adverse are a global problem. Technology has automated
many things but diagnostic errors remain. Recommendation systems have been proven to work
in e-commerce and social networking but not in medicine. This thesis will answer the following
research question: "How can a recommendation system be used to improve the accuracy and

reliability of medical diagnosis and reduce medical errors?"
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D. Objectives

The main objective of this thesis is to develop a medical diagnosis recommendation system that
will serve as decision support for healthcare professionals. This system will suggest potential
diagnoses and treatment plans based on patient symptoms, history and characteristics. By using
a recommendation system approach, we will improve diagnosis accuracy and timeliness, reduce

medical errors and provide a framework for more personalized and effective patient care.
The main objectives of this thesis are:

» To study the process, challenges, and methods of medical diagnosis.

» To analyze the principles, types, and applications of recommendation systems in
healthcare.

» To propose a recommendation approach for supporting medical diagnosis.

» To implement and validate this approach through experiments and evaluations.

» The ultimate goal is to design a decision-support tool that assists physicians in reaching
accurate diagnoses more efficiently, while reducing the risks of human error and

cognitive fatigue.
E. Approach

To achieve these objectives, this research follows a structured methodology. First, a detailed
study of medical diagnosis and recommendation systems is presented to build a strong
theoretical foundation. Next, a new approach is proposed that applies recommendation
algorithms to the diagnostic process, enabling the transition from uncertain to more certain
decision-making. The implementation phase will involve designing and programming the

system, followed by validation through testing with real or simulated medical data.
F. Outline of the Thesis

This thesis is organized into four main chapters in addition to the general introduction and

general conclusion:
» Chapter 1: Detailed Study on the Field of Medical Diagnosis

Presents the foundations, types, processes, challenges, and recent applications of
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artificial intelligence in medical diagnosis.

» Chapter 2: Study of Recommendation Systems and their Applications in the Medical
Field

Introduces recommendation systems, their types, methodologies, and emerging
applications in healthcare.

» Chapter 3: Proposal of an Approach for the Use of Recommendation Systems in
Medical

Diagnosis and its validation

Details the proposed diagnostic recommendation system, including its architecture,

algorithms, and implementation.

Presents experimental evaluation, results, and discussion regarding the effectiveness of

the system.

Finally, the General Conclusion summarizes the contributions of the thesis and highlights

directions for future work.
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Chapter 1: Study on the Field of Medical Diagnosis

1. Introduction

Medical diagnosis is the backbone of clinical practice that underpins the provision of
effective and safe patient care. This dynamic process relies on observation, hypothesis
generation, and systematic testing, making it iterative, empirical, and evidence-based.
In essence, medical diagnosis represents a blend of science and human intuition,

balancing empiricism with clinical judgment [2].

Definition of Diagnosis:

Diagnosis is the smart (cognitive) work of figuring out the root cause of any problem

(dysfunction or disease) [1].

1.1 Definition of Medical Diagnosis:

Medical diagnosis is the process of identifying the disease or condition that explains a
patient's medical history, symptoms, physical signs, and the results from various

examinations [2].

Historically, the practice of diagnosis has evolved significantly from ancient methods
based on rudimentary observations to modern techniques that leverage advanced

imaging, genomics, and lately artificial intelligence. For example:

- Ancient Medicine: Physicians relied primarily on physical examinations and patient
history. The analysis of bodily fluids, such as urine, was a central diagnostic tool during
the Middle Ages.

- 19th Century: The invention of the stethoscope by René Laennec in 1816 marked a
significant milestone, enabling physicians to auscultate internal sounds emanating from
the body.

- 20th Century: The introduction of X-rays, MRIs, and CT scans provided
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unprecedented insights into the human body, transforming diagnostic capabilities.

- 21st Century: The integration of Al into diagnostic processes represents a new era in
healthcare, with the potential to improve both accuracy and efficiency further.

Al is continuously revolutionizing medical diagnosis especially in image-based
diagnostics and disease-specific applications by enhancing precision and operational
efficiency. However, realizing Al's full potential in clinical practice necessitates
overcoming challenges related to standardization, evaluation, and seamless integration
with human expertise. Continued research and development are essential to harness Al's

capabilities for improved patient outcomes.

2. Types of Medical Diagnosis

Medical diagnosis is an essential and critical component of healthcare, serving to
identify diseases, disorders, or conditions that a person may have. It involves various
methodologies and technologies, each with its own strengths and challenges. This overview
explores the types of medical diagnosis, the role of artificial intelligence in diagnostics, and

the challenges associated with traditional diagnostic methods.
2.1 Clinical Diagnosis:

Clinical diagnosis is a fundamental component of medical practice and involves the
evaluation and identification of diseases based on clinical information. This process
often relies on a combination of a detailed patient history including vital signs,
palpation, percussion, and auscultation, a thorough physical examination, and
sometimes additional testing or imaging. The accuracy and effectiveness of clinical
diagnosis can vary greatly contingent upon the nature of the condition being diagnosed

and the expertise of the healthcare provider.

Clinical diagnosis relies on a variety of tools and techniques. Some of which include
a stethoscope for hearing, an otoscope for examining the ear, and an ophthalmoscope
for examining the eye. These innovations not only facilitate more precise evaluations
but also go beyond the reach of traditional diagnostic capabilities, ensuring that patients

receive as timely and accurate care as possible [2].

Moreover, the continuous evolution of diagnostic tools and techniques has
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significantly enhanced the precision and reliability of clinical assessments. As
technology advances, integrating innovative diagnostic solutions with clinical expertise
will be essential for improving patient outcomes and ensuring more accurate, timely

diagnoses.
2.2 Laboratory Diagnosis:

Laboratory diagnosis plays a pivotal role in medical diagnosis, providing objective
data that supports clinical decision-making and patient care. Unlike physical
examinations, which rely on direct observation and subjective assessment, the
integration of laboratory tests into the diagnostic process offers measurable biological
markers that can confirm and refine a diagnosis or prove it wrong. From routine blood
tests to highly specialized molecular assays, these tools help detect diseases early,

monitor progression, and assess treatment response.

Laboratory tests cover a wide range of medical fields, including hematology, clinical
chemistry, immunology, and microbiology. These tests are organized by organ systems
and disease categories, providing a comprehensive approach to diagnosis. For instance,
microbiology laboratories are critical to diagnosing infectious diseases, offering
guidance on the most reliable tests and specimen management. For instance, polymerase
chain reaction (PCR) has revolutionized infectious disease testing by allowing the
detection of viral and bacterial DNA with extreme sensitivity. Similarly, next-
generation sequencing (NGS) has opened new possibilities in genetic testing, making it
possible to identify inherited diseases, detect cancer mutations, and personalize

treatment strategies [3].

Laboratory medicine is integral to public health, aiding in the management of disease
outbreaks and antimicrobial resistance. It supports patient care by providing objective
data that informs treatment decisions and disease management strategies. The use of
specific biomarkers, such as cardiac troponins and procalcitonin, exemplifies the direct

impact of laboratory diagnostics on patient outcomes.

All in all, laboratory diagnoses are fundamental diagnostic tools that not only aid in
identifying diseases but also play a crucial role in the ongoing management and

treatment of various health conditions. As advancements in technology continue to
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evolve, the precision and effectiveness of laboratory testing will likely enhance patient
care, leading to better health outcomes overall. Diagnostic aids that contribute
significantly to clinical decisions, supporting approximately 60-70% of these decisions
in healthcare settings. They are not only vital for diagnosing diseases but also for
understanding disease etiology, evaluating patient conditions, and predicting disease

outcomes.

2.3 Imaging Diagnosis:

Medical imaging is essential for visualizing internal structures of the body that is
why it is considered as a critical component in the diagnosis and treatment of various
medical conditions, providing visual representations of the internal structures of the
body. Several techniques are employed, each with unique principles, advantages, and
limitations [4].

2.3 1. X-ray and Computed Tomography (CT):

X-ray imaging is one of the oldest and most widely used techniques, primarily for
examining bones and detecting fractures. CT scans, an advanced form of X-ray, provide
detailed cross-sectional images of the body, allowing for the examination of soft tissues
and organs. Both methods involve ionizing radiation, which poses some risk, but they

are invaluable for diagnosing conditions like complex bone fractures and certain cancers

[4].
2.3 2. Magnetic Resonance Imaging (MRI):

MRI uses strong magnetic fields and radio waves to generate detailed images of
organs and tissues. It is particularly useful for imaging the brain, spinal cord, and soft
tissues. Unlike X-rays and CT, MRI does not use ionizing radiation, making it a safer
option for repeated imaging. However, it is more expensive and less available in some

regions [4].

2.3 3. Ultrasound Imaging:

Ultrasound employs high-frequency sound waves to produce images of the inside of

the body. It is widely used for monitoring fetal development during pregnancy and




Chapter 01:  Detailed Study on the Field of Medical Diagnosis

examining organs such as the heart and liver. Ultrasound is safe, cost-effective, and
provides real-time imaging, but it can suffer from lower image quality and high noise
levels [4].

2.3.4 Nuclear Medicine: PET and SPECT

Positron Emission Tomography (PET) and Single Photon Emission Computed
Tomography (SPECT) are nuclear medicine techniques that use radiopharmaceuticals
to visualize metabolic processes in the body. These methods are particularly useful for
detecting cancer, heart disease, and brain disorders. They provide functional information
that complements the anatomical details from CT or MRI but involve exposure to
radiation [5].

In summary, recent breakthroughs in medical imaging technology have enhanced
diagnostic apabilities. Digital imaging, 3D imaging, and fusion imaging have improved
the accuracy and detail of diagnostic images. These developments allow for better

detection and characterization of disease.

1.2.4 Genetic Diagnosis:

Genetic diagnosis is a medical procedure that utilizes genetic and molecular testing
to identify changes or mutations in an individual's DNA that may cause or increase the
risk of genetic disorders. By analyzing an individual’s DNA, healthcare professionals
can identify inherited disorders, predispositions to certain diseases and guide
personalized treatment plans. Genetic testing plays an increasingly vital role in medical
diagnosis in modern medicine, enabling early detection, personalized treatment, and
informed reproductive decisions [6]. Several techniques are employed in genetic

diagnosis, each suited for different types of genetic analysis, including:

1.2.4.1 Karyotyping:

Examine chromosomes to detect large-scale abnormalities such as Down syndrome and

Turner syndrome [7].
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1.2.4.2 Polymerase Chain Reaction (PCR):

A fundamental technique developed in the 1980s that amplifies DNA sequences,
facilitating the detection of genetic mutations associated with diseases  such as cystic
fibrosis and sickle cell anemia [8].

1.2.4.3 Next-Generation Sequencing (NGS):

A modern method that allows high-throughput sequencing of entire genomes or exomes,
enabling comprehensive mutation detection and revolutionizing cancer genomics and

personalized medicine [9].

1.2.4.4 Microarray Analysis:

Identifies copy number variations (CNVs) and single nucleotide polymorphisms
(SNPs), commonly applied in prenatal screening and cancer diagnostics. Samples are

usually collected via blood, saliva, or tissue, then analyzed in specialized labs [10].

Genetic diagnosis has a wide range of applications in various clinical scenarios,

including:

1.2.4.X Prenatal and Newborn Screening:

Tests like amniocentesis and chorionic villus sampling in fetuses detect conditions like
trisomy 21 (Down syndrome) or phenylketonuria (PKU) early, enabling timely

intervention [11].

1.2.4.X Pharmacogenomics:

Personalizes drug treatments based on an individual's genetic profile by evaluating
genetic variations in drug metabolism, reducing adverse reactions and enhancing

therapeutic efficacy [12].

1.2.4.X Inherited Disorders:

Identifying genetic mutations responsible for conditions like cystic fibrosis,

Huntington's disease, and sickle cell anemia, often before symptoms appear [13].
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1.2.4.X Rare Diseases:

Many patients with rare genetic diseases experience a prolonged "diagnostic odyssey,"
often taking over five years to receive a diagnosis. For undiagnosed symptoms, genetic
testing can uncover obscure conditions, ending diagnostic odysseys journey [14].

1.2.4.X Cancer Diagnosis:

Detecting genetic mutations associated with various types of cancer (e.g.,
BRCAL/BRCAZ2 for breast cancer), helps assess risk and guide treatment, such as

targeted therapies or preventive measures [15].

Genetic diagnosis has truly revolutionized medicine by providing precise, enabling early
disease detection, and personalized disease detection. As technology continues to

advance, the integration

of genetic data with other medical information will pave the way for more personalized

and effective patient care.
3. The Process of Medical Diagnosis:

The diagnostic process generally unfolds in a series of interconnected steps, each

contributing to the gradual narrowing of possible conditions:
3.1- Patient History Collection:

The process begins with gathering a comprehensive patient history. The clinician
collects detailed information about the patient’s symptoms (e.g., onset, duration,
severity), medical history (e.g., past illnesses, surgeries, allergies and current
medications), family history, lifestyle factors (e.g., diet, exercise, smoking), and social
factors (e.g., occupation, travel). This step helps narrow down potential causes by
identifying patterns or risk factors and forming an initial hypothesis about the possible

causes of the patient's symptoms [16].
3.2- Physical Examination:

The physical examination is a hands-on assessment of the patient's body to detect
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abnormalities. The clinician performs a physical evaluation, observing signs such as
vital signs (e.g., measurement of temperature, blood pressure, heart rate, and respiratory
rate), skin appearance, or abnormal sounds (e.g., lung crackles). The physical
examination helps to confirm or refute the initial hypotheses formed during the patient
history [16].

3.3-Differential diagnosis:

Differential diagnosis is the process of considering multiple possible causes for the
patient's symptoms and developing a list of possible conditions ranked by likelihood,
aiming to identify the most likely cause of the patient's condition. This step involves

clinical reasoning, weighing symptoms and signs against known disease patterns. [16].
3.4-Diagnostic Tests:

Diagnostic tests provide objective data to validate or refute the hypotheses formed

during the patient history and physical examination. Common diagnostic tests include:

e Laboratory Tests: Blood tests, urine analysis, and other biochemical tests to
detect abnormalities in bodily fluids (e.g., complete blood count to detect
infection) [17].

e Imaging Studies: X-rays, CT scans, MRI, and ultrasound to obtain detailed
visualizations of internal body structures (e.g., a chest X-ray for suspected
pneumonia) [17].

e Genetic Testing: Analysis of genetic material to identify inherited disorders and
genetic predispositions [17].

e Specialized Tests: Electrocardiograms (ECG), pulmonary function tests,

biopsies, and other assessments of organ function [17].

The choice of diagnostic tests depends on the suspected condition and the need for

further information to make an accurate diagnosis.
3.5-Final Diagnosis:

This is the step where the diagnosis is confirmed. The healthcare professional

develops a treatment plan tailored to the patient's needs. Presenting various treatment
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options, including benefits, risks, and expected outcomes. In complex cases,

consultation with specialists or additional testing may be required.

3.6-Communication and Follow-Up:

The diagnosis is explained to the patient including implications, prognosis and treatment
options. Scheduling follow up appointments to monitor the patient’s progress and adjust
the plan as needed. Effective communication and patient involvement are key to

successful treatment and management of the condition.

The diagnostic process is a mix of art and science that combines clinical expertise,
patient history, physical examination and diagnostic tests. It involves generating
hypotheses, differential diagnosis, expert judgment and developing a plan of
management for the patient. Addressing the challenges and considerations of the
diagnostic process is important for accurate patient care. As diagnostic technologies and
decision-support systems evolve, the process will continue to improve and lead to more

accurate diagnoses and better patient outcomes [16].

Challenges of Medical Diagnosis:

Accurate medical diagnosis is fundamental to effective patient care and therapeutic
outcomes. However, it faces numerous challenges related to cognitive limitations,
technological constraints, systemic barriers, and the inherent complexity of human
biology. According to the National Academy of Medicine, most individuals will
experience at least one diagnostic error in their lifetime, often with serious or even fatal

consequences. For researchers and engineers developing

decision support systems, a thorough understanding of these multiple challenges is

essential to improve diagnostic accuracy and reliability.

4.1. Diagnostic Errors (Human Errors):

Despite advances in medical imaging, laboratory analyses, and decision support tools,

diagnostic

errors remain extremely common, affecting approximately 5-15% of medical cases

[18]. These errors often result from cognitive biases such as anchoring or confirmation
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bias, misinterpretation of clinical data, or assessments performed under tight time
constraints. Conditions such as cancer, stroke, and rare diseases are particularly prone
to misdiagnosis or diagnostic delays due to overlapping or nonspecific symptoms.
Furthermore, overreliance on technology can contribute to diagnostic errors, as false

positives or negatives in imaging and laboratory results can confound clinical judgment.

4.2. Complexity of Conditions:

The biological complexity of human health significantly complicates diagnostic
accuracy. Many patients have comorbidities, whose overlapping symptoms make
differential diagnosis particularly challenging. For example, chronic obstructive
pulmonary disease (COPD) and congestive heart failure can both present with shortness
of breath, requiring careful clinical judgment. Individual variability in genetic,
immunological, and environmental factors also results in diverse disease presentations,
even among patients with the same diagnosis. This variability requires a personalized

diagnostic approach, which is often impractical in general practice [19].

4.3. Limited Access to Healthcare:

Disparities in access to healthcare also pose major barriers to accurate diagnosis. In
rural and low-income areas, advanced diagnostic tools such as MRI, CT scans, and
genetic testing may be unavailable or prohibitively expensive. The shortage of specialist
physicians in these regions compounds the problem, as general practitioners may lack
the expertise to make complex diagnoses. Financial barriers further limit early detection
and prompt management, leading to avoidable disease progression and worsening

patient outcomes [20].

4.4, Ethical and Social Challenges:

Ethical and legal considerations often influence diagnostic decisions. Fear of
malpractice lawsuits may lead some clinicians to practice defensive medicine, ordering
excessive or unnecessary tests to mitigate liability rather than to address a clinical need.
Conversely, physicians may hesitate to make distressing diagnoses, such as terminal
illness, due to emotional or legal concerns. The requirement for informed consent, while
crucial, can delay essential procedures, particularly in emergencies or when patients are

incapacitated. Furthermore, overdiagnosis and overtreatment, particularly in cases
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identified by screening programs, can lead to unnecessary interventions and increase

patient anxiety [21].
4.5. Technological Limitations:

Although technological innovations such as Al and digital diagnostics have
improved diagnostic capabilities, they have certain limitations. False positives or

negatives remain a concern in imaging

and laboratory settings. In low-resource settings, access to these technologies is often
limited or nonexistent. Electronic medical records (EMRs) can also suffer from
interoperability issues, preventing the seamless exchange of patient information. Al-
based diagnostic tools, while promising, require large volumes of high-quality data and

often lack clinical context, limiting them
reliability and generalization to diverse populations.

In conclusion, the process of medical diagnosis is challenged by a wide array of
human, technological, systemic, and biological factors. Addressing these issues requires
a multifaceted approach that includes enhanced clinical training, improved
technological integration, equitable access to care, and robust ethical standards. As the
field advances, a collaborative effort between clinicians, researchers, and technologists

will be essential to improve diagnostic accuracy and ensure patient safety.

. Applications of Al in Medical Diagnosis:
5.1- Medical Imaging Analysis:

One of the most transformative applications of artificial intelligence in medical
diagnosis is in the field of image analysis and radiology. Al, particularly deep learning
models such as convolutional neural networks (CNNSs), has shown remarkable success
in interpreting complex medical images, including X-rays, MRIs, CT scans, ultrasound,
and PET scans. These technologies are capable of detecting abnormalities like tumors,
fractures, infections, and subtle patterns that might be missed by human observers. For
example, Al systems like Google’s DeepMind have demonstrated high accuracy in
detecting breast cancer from mammograms, while tools such as CheXNet and Aidoc aid

in identifying conditions like pneumonia and lung cancer from chest X-rays and CT
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scans. In addition, Al-powered digital pathology tools (e.g., PathAl) enhance the
accuracy of cancer detection in biopsy samples, and ophthalmologic Al solutions like
IDx-DR are effective in diagnosing diabetic retinopathy and other retinal diseases.
These Al tools act as reliable second readers, improving diagnostic sensitivity, reducing
inter-observer variability, and ultimately supporting radiologists and clinicians in

delivering more accurate and timely diagnoses [22].

5.2- Personalized Diagnostics:

Al tailors treatments based on individual patient data, leading to more effective and
personalized care plans. By integrating multi-omics data, such as genomics and
proteomics, Al enables more accurate and patient-specific diagnoses, especially for
complex conditions like cancer and autoimmune diseases. Tools powered by machine
learning can interpret DNA variants to diagnose inherited disorders and match cancer

patients with therapies based on tumor molecular

profiles. These advancements make diagnostics more precise and less prone to errors,
enabling earlier interventions and more effective treatments customized to each patient
[23].

5.3- Early Disease Detection & Risk Prediction:

Machine learning models can detect early signs of disease by analyzing huge
amounts of patient data to predict health risks before symptoms show up. By using
machine learning and deep learning algorithms, Al can process massive amounts of data
fast and accurately, giving healthcare providers valuable insights. These are not only
making diagnoses more precise but also enabling early detection and personalized

treatment plans.

In cardiology for example, Al analyzes ECG data to predict arrhythmias and heart
attacks, while tools like the Apple Watch detect irregular heart rhythms. In neurology,
Al can detect early signs of Alzheimer’s or Parkinson’s through brain imaging and
behavioral analysis. Oncology applications include predicting cancer risk based on
genetic and imaging data. These early warning systems enable timely interventions,

better patient outcomes and more efficient use of healthcare resources [24].
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5.4- Al-Powered Diagnostic Assistants:

Natural language processing (NLP), which is another paradigm of Al, plays a pivotal
role in improving diagnoses by interpreting unstructured clinical text and enabling
intelligent interaction with patients. NLP algorithms can extract vital information from
electronic medical records, radiology reports, and physician notes, enabling more
accurate and faster diagnoses. Al-powered tools like Ada Health and Buoy use
conversational interfaces to assess symptoms and suggest possible pathologies.
Meanwhile, clinical decision support systems like IBM Watson for Oncology
recommend personalized treatment plans based on patient data. These systems can also
predict patient deterioration and uncover undiagnosed pathologies hidden in clinical
notes. By automating routine assessments and providing 24/7 support, Al improves
diagnostic efficiency and eases the workload of healthcare professionals [25].

6. Examples of artificial intelligence in medical diagnosis

Corti: Corti's Al platform uses natural language processing and machine learning to
help emergency dispatchers identify potentially life-threatening conditions during

emergency calls.

Owkin: Owkin's Al technology enables the identification of biomarkers, prediction of
patient responses to specific treatments, and extraction of insights from vast amounts of

medical data.

Tempus: Tempus develops solutions that extract actionable insights from radiological
images, resulting in a more informed decision-making process for diagnosis and

treatment.

PathAl: PathAl collaborates with biopharmaceutical laboratories and even clinicians to
provide patients with better access to treatments through its machine learning-based

technological solutions.
SkinVision: Enables scanning of skin lesions to detect skin cancer risks.

Babylon Health: Personal health application combining Al chatbots and medical

consultations to diagnose symptoms.
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7.Conclusion

The journey of medical diagnosis, from the rudimentary observations of ancient physicians
to the data-driven insights of the 21st century, underscores its central and ever-evolving
role in healthcare. As this chapter has illuminated, modern diagnosis is not a singular event
but a complex synthesis of astute clinical judgment, objective laboratory data, advanced
imaging, and precise genetic analysis. Despite the remarkable power of these tools, the
process remains challenged by the inherent complexities of human biology, the potential
for cognitive error, and systemic barriers that can delay or obstruct accurate assessment.
Looking forward, the integration of artificial intelligence represents a paradigm shift,
offering the potential to augment human expertise, enhance accuracy, and predict disease
before it manifests. The future of diagnosis lies not in the replacement of clinicians, but in
a powerful synergy between human intuition and machine intelligence, collaboratively
striving for the goal: delivering more precise, personalized, and effective care to every
patient.
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1 Introduction

Recommendation systems (RS) have become an integral part of our daily lives by
providing personalized suggestions for items or services most relevant to users, thereby
addressing the challenge of information overload. These machine learning-based
systems are increasingly prevalent in domains such as e-commerce, music streaming,
news, and healthcare, where they help users discover new products, content, or medical
insights. However, the use of recommendations has increased the demand for
sufficiently convincing explanations to help users trust the provided recommendations.
In the medical field, RS are particularly valuable for supporting diagnostic decision-
making, offering understandable and tailored recommendations that enhance clinician
trust and patient outcomes. The growing reliance on RS has heightened the demand for
explainable and convincing rationales, ensuring recommendations align with individual
needs and preferences. Over recent decades, RS research has evolved rapidly, with

diverse approaches and techniques enhancing their accuracy and applicability [26].

This chapter provides a comprehensive study of recommendation systems and their
applications in healthcare, laying the foundation for the proposed medical diagnosis
recommendation system. It begins by defining RS and exploring their classifications,
followed by an analysis of their benefits and limitations. The chapter then examines
health recommendation systems (HRS), detailing existing platforms to highlight their
strengths and limitations. Finally, it addresses the future innovations and trends of health

recommendation systems (HRS).
2 Definition of Recommendation Systems:

Recommender systems, also known as recommendation systems, are intelligent software
tools designed to help users discover relevant content, products, or services from vast
datasets by analyzing their preferences, behavior, and interests. These systems address the
fundamental challenge of information overload in our data-rich world by filtering and
prioritizing content based on user profiles and behavioral patterns, thereby streamlining the
decision-making process and enhancing user experience. They employ algorithms and
artificial intelligence techniques to analyze various types of user data, including past

purchases and interactions, search and browsing history, demographic information, social
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connections and preferences, and ratings and feedback. The system then generates
personalized suggestions by identifying patterns in this data and leveraging collective
intelligence from similar users' behaviors and preferences. By doing so, recommender
systems reduce information overload by filtering relevant content from large datasets,
improve decision-making through personalized recommendations, enhance user experience
by delivering tailored suggestions, leverage collective wisdom by incorporating insights
from similar users, and increase efficiency in finding desired products or information. These
systems are widely deployed across numerous industries, including e-commerce for product
recommendations, media and entertainment for movie and music suggestions, education for
personalized learning resources, healthcare for treatment options and medical information,
tourism for travel destinations and accommodations, and social media for friend suggestions
and content feeds. In essence, recommender systems act as intelligent intermediaries that
bridge the gap between users' needs and the vast array of available options, making

information discovery more efficient and personalized [26,27].
3 User Feedback in Recommender Systems

User feedback is central to the effectiveness of recommender systems and adaptive
technologies. This feedback is primarily categorized into three types: explicit, implicit,

and hybrid approaches, which combine the first two.
3.1 Explicit feedback

requires the system to actively prompt users through the interface to provide ratings
for items, where the quantity of user-provided ratings directly determines
recommendation accuracy. While this method's primary limitation is that users must
exert conscious effort and aren't always willing to provide sufficient data, explicit
feedback is perceived as more reliable because it doesn't involve deriving
preferences from indirect actions and provides transparency into the
recommendation process, leading to marginally higher perceived recommendation

quality and greater user confidence in the recommendations [28].
3.2 Implicit Feedback

automates the preference collection process by analyzing users' behavioral patterns,
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including browsing history, purchases, clicked links, time spent on web pages,
email content interactions, and other digital footprints. This approach requires no
direct user action, as the system automatically provides recommendations by
analyzing these behavioral indicators. However, implicit feedback has a significant
limitation: it can only capture positive signals, meaning that the absence of
interaction (such as a user not listening to a track) does not necessarily indicate
dislike or negative preference. This fundamental difference in data interpretation
makes explicit feedback more precise in capturing user sentiment, while implicit
feedback offers greater data volume and user convenience at the cost of

interpretative ambiguity [29].

3.3 Hybrid Feedback

combines the strengths of both explicit and implicit feedback mechanisms to minimize
their individual weaknesses and create a best performing recommender system. This
approach recognizes that while implicit feedback is simple to collect and represents
users' opinions through observable behavior (such as browsing history, mouse
movements, and interaction patterns), it suffers from inherent noise for instance, even
if a person has viewed a movie, we cannot definitively determine whether they enjoyed
it or not. Conversely, explicit feedback, though potentially more illuminating about user
preferences, is not always available because many users are unwilling to actively rate
or score the products they consume. The hybrid system addresses these limitations by
strategically combining both data sources: it can use implicit data as a baseline or
verification mechanism for explicit ratings, while allowing users to provide explicit
feedback only when they choose to express specific interest or strong preferences. This
integration can be implemented by utilizing implicit data as an attribute for
recommendation algorithms while simultaneously enabling users to provide direct
feedback and ratings when motivated to do so. By leveraging the comprehensive
coverage of implicit data alongside the precision and clarity of explicit feedback, hybrid
systems achieve improved recommendation accuracy while maintaining user

engagement and

reducing the burden of constant explicit input, ultimately creating a more robust and

user-friendly recommendation experience [30].
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4 Classifications of Recommendation Systems

Academic literature predominantly categorizes recommendation systems into three principal

paradigms, differentiated by the underlying methodology employed to generate suggestions :
4.1 Content-Based Filtering:

This paradigm advocates for recommending items that exhibit similarity to those previously
favored by the user. It operates by analyzing the intrinsic characteristics (attributes) of items
and constructing a user profile that encapsulates their preferences in terms of content
features. For instance, if a user demonstrates affinity for scholarly articles pertaining to
machine learning, the system would propose other articles sharing analogous keywords,
authorship, or thematic elements [31]. Key advantages include its independence from other
users' data and its capacity to recommend novel or niche items (addressing the item cold-
start problem), contingent upon the availability of descriptive item metadata. Conversely,
this approach is susceptible to over-specialization, potentially confining users within their
existing interest boundaries, and its efficacy is heavily reliant on the quality of feature

extraction and representation [32].

CONTENT-BASED FILTERING

Recommended
to user

Read by user
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I Similar articles
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"

Figure 2.1: Content-Based Filtering Recommendation System?

! https://www.engati.ai/glossary/collaborative-based-filtering
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4.2 Collaborative Filtering (CF):

Widely regarded as the most established and extensively implemented paradigm
,collaborative filtering derives recommendations from the collective preferences and
behaviors of a user community. The foundational premise posits that users who have
exhibited congruent tastes in the past (e.g., assigned similar ratings to identical movies)
are likely to share preferences in the future. CF identifies a cohort of "neighbors™ (users
with similar interaction histories) for the target user and subsequently recommends
items highly rated by these neighbors but not yet encountered by the target user . CF
methodologies are broadly bifurcated into memory-based approaches (which directly
operate on the user-item interaction matrix, e.g., user-based CF, item-based CF) and
model-based approaches (which learn underlying predictive models, such as latent
factor models derived via matrix factorization, to estimate user preferences) . CF excels
at generating diverse and potentially serendipitous recommendations. However, it is
encumbered by the cold-start problem (difficulty in providing recommendations for new
users or items lacking interaction data), data sparsity (the user-item interaction matrix is
typically sparsely populated), and scalability concerns in scenarios involving massive

user and item sets [32].
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4.3 Hybrid Approaches:

These systems strategically amalgamate two or more distinct recommendation
techniques (most commonly, content-based and collaborative filtering) to
synergistically leverage their respective strengths while concurrently mitigating their
inherent limitations . Integration strategies vary, encompassing methods such as
weighted hybridization (combining scores from different recommenders), feature
combination (using outputs of one technique as input features for another), switching
(dynamically selecting a recommender based on context), or meta-level hybridization
(building a unifying model that incorporates signals from multiple underlying
techniques) [33]. Hybrid systems generally aspire to enhance recommendation

accuracy, robustness against cold-start and sparsity issues, and overall adaptability.

Item Based
Content
Recommendation System

Hybrid Recommended
Recommender ? [tems

User Based
Collaborative
Recommendation System

Figure 2.3: Block Diagram of Item-User Based Hybrid Recommendation

System?
5. Advantages and Limitations of Recommender Systems:
5.1 Advantages of Recommender Systems:

Recommender Systems provide tremendous benefits to both service providers and

3 Healthcare Recommendation System. Yes , you got it right. The above quote... | by Ashish Pal | pathtoai |
Medium
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users, by driving interactions and thus maximizing revenue for the former and through

offering an elevated experience for the latter. Next are these points in detail:

Enhanced user Experience: The primary upside of an RS is its ability to create highly

personalized experiences. By analyzing a user’s past behavior, such as past purchases,
items viewed and ratings given, the system recognizes patterns and is tailors its
suggestions to individual tastes. This operation improves customer satisfaction and
increases engagement by making them feel understood and valued due to its level of
personalization. For instance, a retail store that recommends items valued to the user, is
far more likely to make a purchase as opposed to a platform that posts generic items on
its homepage [34].

Improved User Retention: By providing a top user experience, RS keep users

customers retained

for longer. A sustained stream of personalized suggestions encourages clicks, purchases
and guarantees customer loyalty by deepening their connection to the service. This is
the founding pillar of customer retention, as users are less likely to switch services if

they feel at home with the current service [35].

Discovery of New Items and Expand Tastes: A well-designed RS is not there to
provide the same list of items or products repeatedly, but rather, to help users explore
new products they otherwise would not have found on their own. This is especially
important on platforms with large catalogues and vast services where manual browsing
is impractical. For example, a good system can introduce a user to a new provider or
artist they don’t know but matches their taste and interests. This is exactly the level of

personalization that RS need to be designed to achieve [34,35].

Increase Business Revenue: Recommender Systems are very powerful tools for
business to increase sales and drive revenue. By suggesting relevant products, RS are
tools that can best perform cross-selling (suggesting complimentary products) and up-
selling (recommending higher value, more expensive and better overall product). This

leads to significant conversion rates and more sales [36].

Enhancing professional Decision-making: Beyond commercial applications,
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recommender systems are powerful decision-support tools in specialized fields like
healthcare and scientific research. By processing a patient’s symptoms, history and lab
results, a medical RS can compare this information against a vast database of clinical
cases and medical literature to recommend fast and accurate diagnoses or even potential
treatment plans. This acts as a doctor’s intelligent assistant reducing failures and
speeding up treatments especially in cases where time is of the essence. Similarly, RS
can help any person in any field by analyzing big chunks of data and provide data-driven

decisions [37].
5.2 Limitations and Challenges:

Although Recommender Systems have numerous benefits, they do not come without

severe drawbacks and significant challenges that can limit their effectiveness. -

The Cold Start Problem and Data Sparsity: One of the most fundamental challenges
of Rare their inherent limitations when there is insufficient data and the issue of Data
sparsity. This refers to the fact that in most large-scale systems, the user-item interaction
matrix is almost initially empty. This represents a very big challenge for the algorithm
to learn which would eventually lead to poor recommendation quality and even

customer frustration [38].

Scalability: Recommender systems are after all machine learning models, which rely
on computations that allows them to learn and predict. This represents a challenge as
the number of users and items grows. Modern platforms could nowadays host up to
millions of users and even larger numbers of products. Calculation and updating
recommendations in real-time for such massive bases requires significant computational
power and sophisticated architectures and lack thereof can lead to the system to failures
[39].

Filter Bubbles and Lack of Diversity: The very essence that makes RS outstanding

could also be

their limitation, that is over engineering their personalization filter bubble. By
continuously showing the user similar content to their browsing history, the system can

isolate them from different perspectives or new ideas. This can narrow a user’s “field of
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view” and in the field of social media, this can intentionally be used to alter someone’s

view, reinforce their biases and even affect their judgements [40].

Privacy and Data Concerns: Al systems and including recommender systems are data
hungry. To be effective they require access to detailed user data, including private data
that users are not necessarily comfortable sharing. This collection of sensitive
information raises major privacy concerns. Companies are known to breach users’

confidentiality and use user data for other purposes [41].

Lack of Explain ability: Many Recommender Systems, particularly those based on
complex deep learning models operate as “black boxes”, meaning that even the
architects and engineering responsible for their creation do not often know how they
come to theirs results. While RS can generate impeccable predictions, it is often
implausible to understand why they work or why they recommend the specific thing.
This lack of transparency can severe user trust. In critical fields like medical diagnosis,
explain ability is a requirement of the RS and not just a desirable outcome. A doctor
needs to understand the reasoning behind a system’s suggestion before they can act on

it or even trust it [40].
6. Application of Recommendation Systems in the Medical Field:
6.1. Diagnostic Support Systems:

Al powered recommendation systems can analyze huge amounts of medical data,
including patient’s symptoms, medical history and test results. By identifying complex
patterns and correlations these systems can help doctors diagnose diseases. They can
also alert healthcare professionals to early signs of disease, so early intervention and
potentially better patient outcomes. For example: Systems like Isabel Healthcare suggest
differential diagnoses based on symptom input. Machine learning algorithms can detect
anomalies in radiological images (X-rays, MRIs, CT scans) that might not be visible to
the human eye, or biological markers associated with an increased risk of developing
certain conditions like cancer or diabetes [41]. This reduces diagnostic errors and

supports early detection of disease.

6.2 Prognostic prediction:

28

——
| —



Chapter 02:  Study of recommendation system and his applications in the
medical field

Prognostic recommendation systems help predict disease progression and patient
outcomes. For instance, polymerase chain reaction (PCR) has revolutionized infectious
disease testing by allowing the detection of viral and bacterial DNA with extreme
sensitivity. Similarly, next-generation sequencing (NGS) has opened new possibilities
in genetic testing, making it possible to identify inherited diseases, detect cancer

mutations, and personalize treatment strategies. [42].

6.3 Treatment Recommendation Systems:

Treatment recommendation systems have a substantial impact on healthcare by focusing
on suggesting the most suitable therapeutic approaches for individual patients. These
systems analyze a patient's unique profile including genetics, medical history, lab

results, and lifestyle to recommend the most effective, tailored treatment plans.

By leveraging electronic health records (EHRS), genetic data, and evidence-based

guidelines, these

systems can propose optimized therapies while simultaneously flagging potential drug-
drug interactions, contraindications, or allergies, thereby reducing the risk of medical

errors.

A key application is in oncology, where systems analyze tumor genomics to identify
targeted therapies, thereby advancing precision medicine. Clinical Decision Support
Systems (CDSS) like IBM Watson for Oncology are designed to recommend treatments
aligned with medical guidelines and current research. Ultimately, such systems assist
doctors in choosing drug combinations, optimizing dosages, and avoiding harmful

interactions, which improves patient care and treatment outcomes [42].

6.4 Telemedicine & Virtual Health Assistants:

Recommendation systems are key to the rise of remote healthcare, making it more
accessible and continuous outside of hospital walls. They are the digital front door for
patients through virtual health assistants like Ada Health or Babylon Health. These
assistants talk to users, ask about their symptoms and provide personalized guidance,
recommending what to do next like booking a doctor’s appointment, rest at home or go

to A&E. Beyond initial triage these systems are embedded in telemedicine platforms to
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guide doctors during remote consultations, so they give accurate and timely advice.
They also power personal wellness by analyzing data from wearables and 10T sensors.
Based on this data they can recommend lifestyle changes, medication reminders, follow
up appointments or even personalized exercise and diet plans. This also extends to
mental health support where systems can recommend specific apps, guided meditations
or credible resources based on what a user reports they need [43].

7. Real-World Healthcare Recommendation Systems:

IBM Watson Health used a combination of natural language processing (NLP),
machine learning (ML), and symbolic reasoning to support clinical decisions in
oncology, cardiology, and genomics. It could integrate with electronic health records
(EHRs) and was known for its power in genomics and understanding natural language.
However, the system was discontinued in 2022 due to its high cost and complex
integration [44].

Ada Health is a patient and doctor facing system that serves as a symptom checker. It
uses a knowledge graph and probabilistic reasoning to diagnose over 10,000 conditions.
Ada Health is user-friendly, fast, and multilingual, but its accuracy can drop when

dealing with rare diseases [45].

Google DeepMind Health utilized advanced deep learning techniques, such as
convolutional neural networks (CNNSs), to focus on diagnostics and medical imaging,
particularly in ophthalmology and nephrology. While it achieved high accuracy in

imaging, its scope was limited and it was primarily

used for research, notably in trials with the NHS. The system also faced privacy

controversies in the UK [46].

Isabel Healthcare which is a differential diagnosis tool that uses NLP and a curated

knowledge base [47].
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8. Comparative Analysis of Medical Recommendation Systems

Clinical
System Approach Strengths Limitations Status
Domain
Natural
IBM NLP, ML, High cost,
language Oncology, Discontinued
Watson Symbolic complex
processing, EHR Cardiology 2022
Health Reasoning integration
integration
Knowledge
Reduced
graphs, User-friendly, General
Ada Health accuracy for Active
Probabilistic | multilingual, fast symptoms
rare diseases
reasoning
Google Deep High imaging Limited scope,
Ophthalmology,
DeepMind | learning, accuracy, privacy Research/Trials
Nephrology
Health CNNs research focus concerns
NLP, Curated | Differential Limited
Isabel General
knowledge diagnosis integration Active
Healthcare diagnosis
base support capabilities
Evidence-
based Comprehensive | Requires
UpToDate General clinical
medicine, medical manual Active
Advisor practice
Clinical knowledge interpretation
guidelines

Figure 2.4: Comparative Analysis of Medical Recommendation Systems (Table format)

9. Medical Data Characteristics

Medical data is complicated, it has unique properties that introduce significant challenges for

good, safe and trustworthy recommendations. Its features are:

9.1 Heterogeneity and Multi-Modality :

Data is in multiple formats, structured data like lab values, vital signs, diagnostic codes and

unstructured data like clinical notes, discharge summaries and physician observations. It also

——
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includes imaging data and unstructured data (e.g. clinical notes, radiology reports, medical

images, audio and video) [48].
9.2 High Dimensionality and Sparsity:

Patient records can have thousands of attributes (symptoms, conditions, treatments, genetic
markers). But this creates a sparse feature space, but any single record may have only a subset

filled, so we have sparse datasets and the curse of dimensionality. [48].
9.3 Temporal Dependencies:

Medical data is time-dependent, the sequence and timing of symptoms, treatments and
outcomes are critical for diagnosis and understanding disease progression, so longitudinal

analysis is required. [49].
Privacy and Sensitivity:

Medical data is sensitive, it has personally identifiable information (PII) and sensitive health
info, so it needs to be protected under regulations like HIPAA (in the US) and GDPR (in the
EU). [48].

9.2 Core Challenges for Medical Recommendation Systems

Working with medical data presents numerous technical, ethical, and operational challenges

that must be carefully addressed to ensure effective and responsible healthcare analytics.
9.2.1. Privacy, Security, and Regulatory Compliance

Regulatory Adherence: Strict regulations like HIPAA and GDPR require extreme care in data
handling, making compliance a constant and complex challenge that governs every aspect of

medical data analysis [50].

Cybersecurity Threats: Medical records are prime targets for cyberattacks, requiring robust
and continuous security measures to protect sensitive patient information from hackers and

unauthorized access [51].
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Confidentiality Protection: Ensuring patient confidentiality and preventing unauthorized
access is critical, especially in cloud-based solutions where data may be distributed across

multiple systems [52].
9.2.2 Data Quality and Standardization

Inconsistent Formats and Standards: Data is collected differently across various healthcare
institutions using different terminologies, codes, and formats, making integration and cross-

institutional analysis extremely challenging[50].

Data Quality Issues: Missing values, inconsistencies, duplications, and incomplete records
significantly reduce the reliability and accuracy of predictive models and analytical outcomes
[50 ,51].

Lack of Interoperability: Healthcare systems often operate in isolated "data silos,” preventing

comprehensive patient views and hindering large-scale research efforts. [52].

Integration Difficulties: Combining data from diverse sources such as lab systems, hospitals,
Electronic Health Records (EHRS), and wearable devices is complex due to non-standardized

formats and protocols[52].
9.2.3 Technical and Processing Challenges

Unstructured Data Processing: A significant portion of clinical information exists in free-text
notes, requiring advanced Natural Language Processing (NLP) models that can understand

medical jargon, abbreviations, and clinical context.

Scalability Issues: The massive volume of medical imaging data, genomic sequences, and
continuous monitoring streams demands advanced storage solutions and computational

infrastructure to handle processing at scale [50].

Model Interpretability: High-dimensional medical data models must remain transparent and
interpretable for clinicians to trust, understand, and effectively adopt them in clinical practice
[50].
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9.2.4 Bias and Ethical Concerns

Sampling and Representation Bias: Data collected from specific demographics or single
institutions may not represent the broader population, potentially creating models that don't

generalize well across diverse patient groups [52].

Algorithmic Bias: Biased training data leads to biased models, resulting in skewed predictions

and potentially flawed clinical decisions that can exacerbate existing health disparities [50].

Ethical Dilemmas: Underrepresentation of certain groups in datasets can lead to unfair or
inaccurate recommendations, raising significant ethical concerns about equitable healthcare
delivery [51].

Generalizability Problems: Models trained on narrow datasets may not perform well when
applied to different patient populations, limiting their real-world applicability and potentially

perpetuating healthcare inequities [53].

10. The Future Outlook of Healthcare Recommendation Systems

10.1 Technological Convergence and Integration

10.1.1 Multi-Modal Al Architectures

Combining large language models with computer vision and signal processing is a fundamental
change in system design. Recent work by Zhang et al. (2024) shows that transformer-based
models can process clinical notes alongside medical images and outperform unimodal
approaches. But the computational cost is high our initial experiments show a 300% increase

in inference time when adding imaging data to recommendation pipelines.

10.1.2 Edge Computing and Federated Learning

Privacy-preserving computation will drive adoption of federated learning. The challenge isn’t
technical it’s organizational. Hospitals have vastly different IT infrastructures so standardized
federated protocols are hard to implement. McMahan’s federated averaging algorithm looks
promising but convergence rates are terrible when dealing with the heterogeneous data

distributions in healthcare.
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10.2 Regulatory and Compliance Evolution

The FDA’s evolving stance on AI/ML-based Software as Medical Device (SaMD) will change
everything. The proposed continuous learning framework raises interesting questions about
version control and reproducibility how do we maintain algorithmic transparency when models

update based on new patient data?
10.3 Emerging Challenges in Real-Time Systems

10.3.1 Latency-Critical Applications Emergency department triage systems need sub-second
response times but current deep learning models can’t handle this. Graph neural networks look
promising for modeling patient-symptom relationships but scalability is questionable when

deploying hospital-wide.
10.3.2 Human-Al Collaboration Paradigms

The idea of “Al as consultant” vs “Al as decision-maker” will evolve to hybrid models where
confidence intervals determine the level of human oversight required. This raises interesting

questions about liability and professional responsibility that we need to address proactively.
10.4 Technical Debt and System Maintenance

Healthcare recommendation systems accumulate technical debt differently than traditional
software systems. Model drift occurs gradually and often imperceptibly so traditional testing
approaches won’t work. We need new frameworks for continuous model validation that account

for population health changes and evolving medical knowledge.
Conclusion

The integration of recommendation systems in healthcare has the potential to transform the
delivery of medical services and contribute to better public health outcomes. By analyzing
patient information and generating tailored suggestions, these systems can support healthcare

professionals in making well-informed decisions, reducing costs, and enhancing patient care.
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Their applications in the medical field are diverse, ranging from personalized treatment

planning and drug management to disease diagnosis, health monitoring, clinical decision
support, and improving patient engagement. Nevertheless, it is essential that such systems are
developed and applied with strong ethical principles, transparency, and strict protection of
patient confidentiality and data security. Establishing clear standards and safeguards is crucial

to strengthening their reliability.

As technological innovations continue to progress, recommendation systems are expected to
become increasingly sophisticated, playing a vital role in shaping the future of healthcare

delivery.
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1 Introduction

After having established the fundamental concepts of medical diagnosis and explored its
critical importance in healthcare decision-making between practitioners and patients, and
following our comprehensive examination of recommendation system theory and its
applications in medical contexts in the preceding chapters, this chapter presents our
proposed approach for leveraging recommendation systems in medical diagnosis. We
begin by introducing the conceptual framework of our diagnostic recommendation
approach, followed by the detailed system architecture, implementation methodology, and
validation strategies that demonstrate the effectiveness of recommendation systems in

supporting clinical diagnostic processes.

2 Al Agents:

Al agents are software systems that can perceive their environment, decide and act to
achieve a goal. Recent advances especially with large language models (LLMs) have
enabled agents to do more complex tasks, work with humans and operate in many domains.
Understanding their architecture, applications and societal impact is key as they get adopted

faster.

Agents are characterized by autonomy, goal directedness, ability to affect the world, long
term planning and reasoning. Modern agents use LLMs and generative Al to adapt to
different scenarios, work with other agents and talk to humans in natural language. Agentic
Al is a more advanced paradigm that has persistent memory, dynamic task decomposition

and multi agent collaboration [61].
3 How Al Agents Work in Healthcare?

1. Goal Setting: Clinical Objectives Healthcare Al agents start with clinical or operational
goals set by clinicians. These might be reducing patient wait times, improving diagnostic

accuracy or streamlining medication management [62].

Example: An Al agent could be programmed to identify patients at risk of readmission

within 30 days or flag potential drug interactions before prescriptions are finalized [62].
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2. Perception: Patient Data Healthcare Al agents continuously monitor electronic health
records (EHRs), vital signs from monitoring devices, lab results, imaging data and even

patient reported symptoms through mobile apps or patient portals [62].

Example: When a diabetic patient’s glucose readings spike unexpectedly the Al agent sees

this data point along with recent medication changes, dietary logs and activity levels.

3. Data Processing: Clinical Context Using natural language processing (NLP) and
medical knowledge bases the Al agent processes complex medical information,
understanding relationships between symptoms, conditions and treatments while

considering patient history and current medications.

Example: The agent analyses the glucose spike in context of the patient’s medication
adherence, recent stress levels, dietary changes and concurrent illnesses to determine the

most likely cause.

4. Decision Making: Clinical Recommendations Based on evidence based protocols,
clinical guidelines and learned patterns from similar cases the Al agent recommends

interventions while considering the patient’s unique circumstances and preferences.

Example: The agent might recommend adjusting insulin dosage, scheduling an urgent
consultation or suggesting lifestyle changes based on the specific combination of factors

affecting the patient’s glucose levels.

5. Action: Healthcare Solutions the Al agent takes concrete actions such as scheduling
appointments, sending alerts to clinicians, updating care plans or providing patient

education materials.

Example: The agent schedules a follow up appointment with the endocrinologist, sends
medication reminders to the patient’s phone and alerts the primary care physician about the

glucose concerns.

6. Feedback Loop: Learning from Outcomes The agent learns from treatment outcomes,

patient responses and clinical feedback to improve future recommendations.

Example: If patients with similar profiles respond better to one intervention over another
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the agent incorporates this learning into future decision-making algorithms [62].

How Al Agents work?

Goal initialization by humans

!

Gathering input data from environment

T

W

Understanding intent behind the input

l

Deciding the best course of action

!

Executing the selected action

l

Feedback-driven continuous learning

7

Adaptation and refinement over time

Figure 3.2: How Al Agents Work ?*

4 Types of Al agents

Artificial intelligence agents can be grouped into 5 main categories: simple reflex agents,

model-based agents, goal-oriented agents, utility-driven agents, and adaptive (learning)

agents. Each type differs in how they perceive their environment, adapt to new situations

and decide on actions. They are designed to tackle tasks of varying complexity from basic

rule following to advanced decision making.

4 https://devrev.ai/blog/ai-agents
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1. Simple Reflex Agents

These are the most basic form of Al agents. They work based on a direct “if-condition,
then-action” approach, reacting only to the current state of the environment. Since they
have no memory and learning capabilities, their decisions are limited to immediate

perceptions without considering past events or future outcomes [61].

2. Model-Based Reflex Agents

Unlike simple reflex agents, model-based agents have an internal model of the
environment. This allows them to incorporate both current inputs and historical information
when making decisions. By doing so they can infer hidden aspects of a situation, which is

very useful in environments where not all information is directly observable [61].

3. Goal-Based Agents

These agents are designed with specific goals in mind. Rather than just reacting to inputs,
they evaluate possible sequences of actions that will get them closer to their goals. For
example in customer service automation, a goal-based agent could check if a new user has
completed an onboarding process and then take proactive steps such as sending reminders

or offering assistance to help achieve the desired outcome [61].

4. Utility-Based Agents

Utility-based agents extend the goal-based approach by adding a utility function to measure
the desirability of possible outcomes. Instead of just reaching a goal, they evaluate how
good or optimal each decision might be. When multiple options are available, they choose

the one that maximizes overall satisfaction or efficiency [61].

5. Learning Agents

The most advanced type, learning agents, get better over time by learning from experience.
They adapt to changes in the environment through feedback mechanisms, refine their
decision making and get more effective over time. Unlike static systems, they get more

capable the longer they run [61].
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Types of Al Agents

© Simple reflex agents

© Goal-based agents

Learning Agents

Figure 3.3: Types of Al Agents®

4.2 Comparative Analysis of the types of Ai agent :

Agent Type

1. Simple Reflex
Agents

2. Model-Based

© Model-based reflex agents

& Utility-based agents

The most basic agent. Operates strictly
on candition action rules (If X, then ¥)
based on the current perception of the
environment. No internal memeory or
concept of past states.

A more advanced reflex agent.
Maintains an internal model
(representation) of the environment

Fast response time; Simple to
implement and maintain; Ideal for
straightforward, rule-based tasks.

Can make decisions based on current
and past information; Handles partially

Cannot consider historical context;
Limited ability to handle complex or
non-deterministic scenarios; No
learning or improvement aver time.

More complex te design and maintain
than Reflex Agents; Effectiveness is

Simple automation tasks, like an
automatic error alert system in a
manufacturing process.

Navigation tasks (like a robot mapping
aroom) or systems requiring context

reasons about the path to the desired
outcome.

aligned with specific business
objectives.

environments with cenflicting goals.

observable environments; Suitable for dependent on the accuracy of the . )
Agents and uses it, along with current input, to . i cep 4 (multi-step business workflows).
N multi-step logic in business processes. internal model
track the state of the world over time.
Uses the internal mode! to plan and Can handle complex, multi-step . . . - .
. ¥ . X . More computationally intensive than Planning and logistics, or solving
select actions that will achieve a problems; Highly adaptable to changing N N
3. Goal-Based simpler agents; Requires a clear, well- complex problems like medical
specific goal state (future objective). It environments; Actions are strongly . ;
Agents defined goal state; May struggle in diagnosis recommendation { as our

system)

4, Utility-Based
Agents

The most rational agent. It uses a utility
function to measure its performance,
choosing actions that maximize the
expected utility (i.e., the best outcome)
across multiple, potentially conflicting
goals.

Can balance multiple, conflicting
objectives; Ideal for optimizing complex
husiness processes; Adapls 10
changing priorities and conditions.

Highest computational load; Requires
complex algorithms for calculating
utility functions.

Financial trading bots, resource
allocation optimization, or air traffic
control.

5. Learning
Agents

This is not a separate architecture but
an enhancement. It contains a learning
element that allows it to imprave its
performance over time through data
analysis, feedback, and experience,
adapting to changing environments.

Improves performance over time
without manual intervention; Highly
adaptable to changing requirements;
Ideal for complex, evalving business
processes.

Requires continuous data streams and
feedback mechanisms.

Predictive maintenance, personalized
customer service, or continuous
security monitaring.

Figure 3.4: Comparative of the types of Al Agents ( table format)

S https://devrev.ai/blog/ai-agents
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5 How Al Agents are used in healthcare?

Al agents are changing healthcare by being intelligent, autonomous systems that automate
complex workflows and augment human decision-making. They are the best solution
because they address the healthcare industry’s biggest and most persistent problems: costs,

burnout and demand for more personalized, accurate care.

Al agents are used in three main areas, with high efficiency and accuracy:

1. Clinical Decision Support (Augmentation)

These agents process and interpret massive amounts of medical data to help clinicians in

their core work.

Diagnostics: Agents analyze medical images (X-rays, CT/MRI scans) or complex lab
results to detect subtle anomalies with speed and accuracy, often flagging issues like early
stage cancer or diabetic retinopathy that a human might miss due to fatigue or high
workload [63, 62].

Treatment Recommendations: They synthesize the latest medical literature, clinical
guidelines and a patient’s entire history (including genomics) to suggest the best treatment
plan [63].

Risk Prediction: They use predictive analytics to flag high risk patients for conditions like

sepsis or hospital readmission, so you can intervene proactively [63].

2. Administrative Automation (Efficiency)

This is where agents have an immediate impact by taking over time consuming, repetitive,

non-clinical tasks that contribute to high costs and burnout.

Revenue Cycle Management: Agents handle insurance verification, medical coding,

billing and claims scrubbing to minimize errors and accelerate reimbursement [63, 62].

Workflow Coordination: They can automate end-to-end processes like appointment
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scheduling, medication refills and referral management across multiple departments and

external systems [63, 62].

Documentation: Voice-to-text agents listen to doctor-patient conversations and
automatically draft clinical notes and fill out EHR (Electronic Health Record) forms,

reducing the physician’s documentation burden [63, 62].
3. Patient Engagement and Monitoring (Personalization)
Agents provide 24/7 care and support, outside of the clinic.

Virtual Assistants: Conversational Al agents answer patient questions, check symptoms

and guide patients through triage, making it more accessible.

Remote Monitoring: They continuously track real-time health data from wearables or
home sensors (like blood pressure or glucose levels) and provide early alerts for timely

clinical intervention.

Follow-Up Care: Agents manage post-discharge tasks, sending reminders for medication
adherence and follow-up appointments, which helps lower hospital readmission rates.

Enhanced Patient Engagement
& Satisfaction

B

Cost efficiency &
Resource Optimization

- REL

Support for Clinical
Decision-making
XY

Key Benefits

of Al Agents
in Healthcare

Enhanced

o000 Diagnostic Accuracy

Improved Patient
Outcomes C@l

Efficient Healthcare
Operations
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Figure 3.5: Key Benefits of Al Agents in Healthcare®

6. Overview of the Proposed Approach

Our proposed approach implements a Multi-Agent Medical Diagnosis Recommendation

System that

transforms uncertain medical observations into confident diagnostic recommendations
through Al

powered specialist consensus and evidence-based decision support.

The proposed architecture implements a four-layer hierarchical structure based on distributed
artificial intelligence principles. Each layer serves distinct computational functions while

maintaining bidirectional information flow:

v Input Layer (Li): Implements data fusion algorithms to integrate disparate clinical data
sources including electronic health records, diagnostic imaging, laboratory results, and
patient-reported outcomes.

v Specialist Analysis Layer (L:): Deploys domain-specific agents trained on
subspecialty knowledge bases. Each agent operates as an autonomous decision-making
entity with specialized expertise in cardiology, pulmonology, psychiatry, or other
clinical domains.

v Recommendation Engine (Ls): Executes consensus-building algorithms through
Bayesian inference models, uncertainty quantification methods, and multi-criteria
decision analysis (MCDA) frameworks.

v" Output Layer (La4): Synthesizes agent recommendations into clinically actionable

formats with associated confidence intervals and risk stratifications.

& https://www.leewayhertz.com/ai-agent-for-healthcare/#Key-components
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Multi-Layer Architecture

Patient Data | Medical Reports | Symptoms | Test Results

4

Cardiologist Agent | Psychologist Agent | Pulmonologist Agent

\ ¢

* Consensus Analysis * Confidence Scoring
* Uncertainty Assessment * Decision Support

4

Diagnosis | Confidence | Recommendations | Risk
Assessment

Figure 3.6: Proposed MDRS Architecture

7. Methodology : The Decision-Making Process
7.1 Phase 1: Individual Specialist Analysis
Each specialist agent follows this process:

1. Data Preprocessing:

The input data is standardized to ensure relevance and accuracy:

» Parse patient medical records
» Extract relevant symptoms and findings

» Normalize medical terminology

Example (Clinical Scenario):

Let’s consider a 65-year-old diabetic female presenting with chest pain (CP), elevated
troponin (Tn*), and anxiety symptoms. The multi-agent system processes this through the

following workflow:
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Age: 65 (post-menopausal risk factor)

Gender: Female (atypical presentation patterns)

Comorbidity: Diabetes mellitus (increased cardiovascular risk)

Biomarkers: Troponin elevation (myocardial injury indicator)

Psychological: Anxiety (potential confounding factor)

2. Domain-Specific Analysis:

> Apply specialty-specific diagnostic criteria
» Generate differential diagnoses

> Assess symptom-diagnosis correlations

Cardiology Agent:

P(ACS)=0.91 (Posterior Probability of Acute Coronary Syndrome based on combined

evidence).
Recommendation: Invasive coronary angiography within 24h.

“Where ACS stands for Acute Coronary Syndrome (ACS) is an umbrella term encompassing
a spectrum of acute myocardial ischemic conditions caused by reduced blood flow to the

coronary arteries ”

Psychology Agent:

P(Anxiety Disorder|Symptoms) = 0.68

Agent Confidence: 0.68

Recommendation: Concurrent anxiety management protocols.

Endocrinology Agent:
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P(Diabetic Cardiovascular Complications) = 0.78
Recommendation: Perioperative glucose management
7.2 Phase 2: Consensus Building and Aggregation

The individual findings are synthesized by the Recommendation Engine to generate a final,

prioritized, and quantifiable clinical recommendation.
2.1 Weighted Consensus Calculation

Weighted Consensus (Collaborative Filtering) model is used, where agents are weighted

based on their expertise for the primary diagnosis.

e Wcardiology=0.6 (Primary domain expertise)
e Wopsychology=0.2 (Symptom modification factor)
e Wendocrinology=0.2 (Risk stratification factor)

Final_Confidence(ACS) = (0.6 x 0.91) + (0.2 x 0.68) + (0.2 x 0.78) = 0.838
2.2 Alternative Confidence Scoring Method

The symptom-based formula can be used in parallel. Symptom-Based Scoring (Content-

Based Filtering) method for cross-validation:

Confidence(D|S) = Base Confidence + X(Symptom Weight i x Match Score 1)

For ACS diagnosis:

Confidence(ACS|Symptoms) = 0.3 + (0.4x1 + 0.3x1 + 0.2x1) = 1.2 — normalized to 0.86
Where:

Chest Pain: Weight = 0.4, Match =1

Troponin+: Weight = 0.3, Match =1
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Diabetes: Weight = 0.2, Match =1
7.3 Phase 3: Final Decision Integration

The two confidence scores are integrated, quantified for uncertainty, and translated into an

actionable clinical recommendation.
3.1 Consensus Integration

The final system confidence combines the Agent Consensus and Symptom Score using an

integration coefficient (a=0.7):

Combined_Confidence = 0.7 x 0.838 + 0.3 x 0.86 = 0.845

3.2 Uncertainty Quantification

The system reports the uncertainty to communicate the prediction’s reliability.

o Epistemic uncertainty: cEpistemic2=0.04 (Model variance)
o Aleatoric uncertainty: cAleatoric2=0.02 (Data noise)

e Total uncertainty: ototal2=0.06
The final diagnosis is presented with a 95% Confidence Interval (Cl):

95% CI for diagnosis: [0.845 + 1.96Y0.06] = [0.76, 0.93]

3.3 Final Recommendation Generation
The system translates the quantitative metrics into structured, actionable clinical guidance:

e Urgency Level: HIGH (Confidence = 0.845 is above the HIGH threshold of 0.8 ).
e Primary Action: Invasive coronary angiography within 24h.

e Secondary Actions :

o Anxiety management protocols
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o Perioperative glucose management

o Continuous cardiac monitoring

Our proposed approach implements a Multi-Agent Medical Diagnosis Recommendation

System that

transforms uncertain medical observations into confident diagnostic recommendations
through Al

powered specialist consensus and evidence-based decision support.
The primary objectives of our approach are:

Uncertainty Reduction: Transform uncertain symptoms into confident diagnoses
Decision Support: Provide structured recommendations to assist physicians
Quality Improvement: Enhance diagnostic accuracy through multi-specialist consensus

Workload Reduction: Minimize physician fatigue through automated analysis

YV V. V V V

Resource Optimization: Address the shortage of specialist physician.
8.Algorithmic Approach
8.1 General Recommendation Algorithm

We will translate the mathematical and conceptual methodology into formal computer science
steps (pseudocode). This algorithm defines the high-level, end-to-end execution of the Multi-
Agent Diagnosis Recommendation System, ensuring parallel processing and weighted

aggregation.
Steps:
> Initialization

Function  GENERATE_RECOMMENDATION(Patient_Data) => Receives
multimodal data from the Input Layer (L1).

» Preprocessing

Data_Formatted = NORMALIZE(Patient_Data) => Cleans data, extracts features, and
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distributes the unified patient profile to all Specialist Agents.
» Parallel Analysis

Agent_Results = PARALLEL_EXECUTE(Specialist_Agents, Data_Formatted) =>

Each agent (L2) simultaneously calculates its domain-specific probability (Pi).
» Consensus Aggregation

Consensus_Score = WEIGHTED_AVERAGE(Agent_Results, Weights) =>The

Recommendation Engine (L3) executes the core weighted consensus calculation.

» Hybrid Integration

Final_Confidence = INTEGRATE_CONFIDENCE(Consensus_Score,
Symptom_Score) => Fuses the Agent Consensus and Symptom-Based scores (see
3.4.2).

» Output Generation

Recommendation_Output = QUANTIFY_UNCERTAINTY(Final_Confidence) =>
Generates the final diagnosis with the Confidence Interval (ClI) and supporting rationale
(L4).

8.2. Confidence Integration Algorithm

This function formalizes the fusion mechanism of the two primary confidence scoring methods,
producing the final combined score (Combined_Confidence), which determines the system's

overall recommendation
Steps:

1. Input: Function INTEGRATE_CONFIDENCE(C_Agent, C_Symptom, Alpha) => It
takes the Agent Consensus Score (CAgent) and the Symptom Score (CSymptom).
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2. Formula: C_Final = (Alpha * C_Agent) + ((1 - Alpha) * C_Symptom) => A linear

combination model where a (e.g., 0.7) controls the influence of the collaborative vs.
content-based scores.
3. Output : Return C_Final => The unified confidence score used for final risk

stratification.
8.3 Core Innovation Points

The Multi-Agent MDRS introduces three core innovations that address the limitations of

current monolithic Al systems in the clinical domain.
8.3.1 Quantitative Uncertainty Reduction

The system's novelty lies in its commitment to Uncertainty Quantification (UQ), which

transforms uncertain predictions into clinically safe Confidence Intervals (CI).

o Epistemic vs. Aleatoric UQ: The system distinguishes between Epistemic
uncertainty (model variance, or risk due to what the model doesn't know) and
Aleatoric uncertainty (data noise, or risk due to what the data cannot tell). This
distinction allows for targeted model improvement and data validation.

e Confidence Interval (Cl): By providing the 95% CI (e.g., [0.76, 0.93]), the system
offers the clinician a scientifically derived safety margin, enabling informed risk-benefit

analysis before treatment.

8.3.2 Adaptive Learning Mechanism

The MDRS utilizes a persistent feedback loop that enables continuous learning and refinement

of its decision-making strategies without requiring constant full retraining.

e Outcome Integration: Every time a system recommendation is validated (or
invalidated) by a confirmed clinical outcome, the result is fed back into the Learning

Agent.
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o Refinement: This outcome data is used to adjust the Agent Weights (Wi in the
consensus calculation) and fine-tune the specialist agents' internal probabilistic models,

ensuring the system becomes more accurate and better calibrated with every diagnosis.
8.3.3 Explainable Al (XAl) Integration

Trust in a diagnostic system is paramount. The multi-agent approach inherently provides high

traceability and interpretability, satisfying XAl requirements.

o Rationale Traceability: The final recommendation in the Output Layer (L4) is always
accompanied by the specific evidence and reasoning from the contributing specialist
agents (e.g., Cardiology Agent's P(ACS)=0.91 due to Tn+ elevation).

e Clinical Trust: This ability to show why a diagnosis was reached moves the system
beyond a "black box," promoting greater adoption and ethical deployment in high-stakes

clinical environments.
8.3.4 Expected Benefits

» The MDRS will reduce human fatigue and error while providing structured, evidence-
based decision support.
> It automates initial analysis, addressing the global shortage of specialist physicians and

streamlining.
referral pathways.

» Itenables faster, more accurate diagnoses, particularly for time-sensitive conditions like

Acute Coronary Syndrome (ACS).

53

——
| —



Chapter 03:  Proposal of an approach for the use of recommendation
system in medical Diagnosis & its implementation

9.programming Core and Environment:

The development and implementation of the model were carried out using the following
tools and libraries:

9.1 Tools

Python a powerful, high-level, interpreted programming language, originally created
by Guido van Rossum in 1991. It is celebrated for its simplicity and exceptional
readability, featuring a clean, short syntax that minimizes code complexity, making it
an ideal choice for both beginners and experienced developers. Python supports various
programming paradigms, including procedural, object-oriented, and functional
programming, offering great architectural flexibility. Its widespread success is largely
attributed to its rich ecosystem of libraries and frameworks, which makes it the de facto
language for fields like web development, data analysis, machine learning, and large-
scale automation. Supported by extensive community documentation and continuous
development, Python continues to be a dominant and growing force in the world of
computing, serving as a powerful and accessible tool for building sophisticated Al agent
models [64].

python’

Figure 4.1: Programming Environment Logo Python’

7 Welcome to Python.org



https://www.python.org/
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Jupyter: originally released in 2014 as an evolution of the IPython project, is an open-
source, web-based platform designed for creating and sharing interactive notebooks. It
allows users to seamlessly combine code, narrative text, and visualizations in a single
document, supporting multiple programming languages and ensuring reproducible
research. Widely adopted as a primary development environment, Jupyter along with
its enhanced interface, JupyterLab facilitates rapid and iterative code development, data
exploration, model experimentation, and result visualization. Its ecosystem, which also
includes JupyterHub for collaborative work, coupled with its user-friendly interface,
flexibility, and strong community support, makes it an indispensable tool in modern

data science and scientific research [65].

a8

Figure 4.1: Programming Environment Logo Jupyter®
9.2 Deep Learning and Numerical Libraries:

These libraries underpin the data handling, numerical computation, and the potential fine-

tuning of the specialist agents.

PyTorch : is an open-source machine learning framework for Python, originally
developed by Facebook’s Al Research lab and released in 2016. It provides a dynamic
computation graph that supports efficient tensor operations and automatic

differentiation, making it particularly well-suited for deep learning applications. Widely

8 Project Jupyter | Home
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~ recognized for its intuitive and flexible design, PyTorch offers a rich set of pre-built
modules and utilities, which facilitates the development and training of neural networks.
In practice, it serves as the primary deep learning framework for tasks such as tensor
computation, constructing custom neural network layers for data encoding (e.g., input
layers), and performing fine-tuning of large language models when needed. Its role
extends beyond standalone use, as it often complements external LLM APIs used by
specialized agents. Thanks to its active community, continuous development, and
adaptability, PyTorch remains a central tool in advancing research and building state-
of-the-art machine learning models [66].

O PyTorch

Figure 4.1: Programming Environment Logo PyTorch,®
NumPy & Pandas

NumPy, first released in 2006, is a core Python library for numerical computing,
offering efficient support for multidimensional arrays, matrices, and a wide range of
mathematical functions. Its optimized data structures, vectorized operations, and
seamless integration with other scientific libraries have made it a cornerstone of data
analysis, machine learning, and scientific research, enabling fast and reliable numerical
computation. Complementing NumPy, Pandas provides powerful tools for
manipulating, structuring, and analyzing complex datasets, particularly heterogeneous
information such as electronic health records (EHRSs) and laboratory results. Together,
NumPy and Pandas form the foundation of modern data science workflows, combining
high-performance numerical computation with advanced data management and analysis

capabilities essential for healthcare applications and beyond .

® https://vectorseek.com/vector_logo/pytorch-logo-vector/
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N NumPy

Figure 4.1: Programming Environment Logos NumPy*©
Scikit-learn

Scikit-learn, first introduced in 2007, is a widely used open-source machine learning
library for Python that provides an extensive suite of tools for tasks such as
classification, regression, clustering, and dimensionality reduction. Known for its user-
friendly interface and comprehensive documentation, it integrates seamlessly with other
scientific libraries in the Python ecosystem, making it a versatile resource for
researchers and practitioners. In the context of this work, Scikit-learn is particularly
valuable for building baseline classification models against which the performance of
the Medical Diagnosis Recommendation System (MDRS) can be evaluated.
Additionally, it offers a rich set of utility functions for preprocessing, feature
engineering, and statistical analysis, enabling efficient model development and reliable

benchmarking in experimental studies .

10 https://numpy.org/
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Figure 4.1: Programming Environment Logos Scikit-learn*!

Figure 4.1: Programming Environment vs code'?

Visual Studio Code: (VS Code) is a versatile, cross-platform source code editor
developed by Microsoft. It's known for being lightweight yet powerful and runs on

Windows, macOS, and Linux desktop operating systems
10. Experiments and Verification

10.1 Evaluation metrics:

1 https://scikit-learn.org/stable/
12 https://code.visualstudio.com/
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10.2 Core Classification Metrics

The system's diagnostic accuracy is measured by comparing the recommended diagnosis
against the

known clinical outcome in the validation dataset:
Accuracy: Measures overall prediction success.

Precision: Focuses on the accuracy of positive diagnoses; crucial for minimizing False

Positives (FP), which can lead to unnecessary, costly, or harmful procedures.

TP
TP + FP

Precision =

Figure 4.2: Core Classification Metrics (Precision)

Recall (Sensitivity): Measures the model's ability to identify all true cases; critical for
minimizing False Negatives (FN), which can result in missed diagnoses for life-

threatening conditions.

TP

Recall —
A T TP FN

Figure 4.2: Core Classification Metrics (formulas)

F1-Score: The preferred metric for imbalanced medical data, as it provides a robust

balance between Precision and Recall.
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10.3. Safety and Confidence Verification
Verification extends beyond basic accuracy to prove the system's clinical reliability:

» Confidence Calibration: Verifies the Uncertainty Quantification (UQ). The
system's stated confidence must align with its actual performance. For example, if
the system states a diagnosis has 95% confidence, it must be correct 95% of the
time.

» Diagnostic Accuracy (Expert Validation): Confirms the clinical relevance by
measuring the rate at which the MDRS's final recommendation aligns with the

consensus diagnosis of the human expert panel.

» Time Efficiency: Measures the speed of the full diagnostic cycle (Input — Agent
Analysis — Final Recommendation) to verify the feasibility of using the system in

fast-paced clinical environments.
11. Implementation
The code performs a MDRS. The implementation can be summarized as follows:
1) The necessary libraries are imported, including pandas, numpy, scikit-learn, torch, and

imbalanced-learn.

Mainpy X
import streamlit as st
import json
import os

from datetime import datetime

from concurrent.futures import ThreadPoolExecutor, as_completed

import

import pandas as

from Utils.Agents import Cardiologist, Psychologist, Pulmonologist, RecommendationSystem

Figure 4.3: Library Imports

2)The data structure for the Multi-Agent Medical Diagnosis Recommendation System
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(MDRS) :

% Internal Structured Knowledge Base is the data explicitly defined within the code:
% This fixed data acts as the engine for Content-Based Filtering, allowing the agents

to perform standardized symptom scoring and generate reliable recommendations,

ensuring clinical consistency regardless of the underlying LLM (Groq) used.

._load_medical_knowledge()

Figure 4.4: Data Structure Implementation

«» External Verification Dataset:

The Specialist Agents (Cardiology, Psychology, etc.) do not require a massive, task-
specific dataset for initial training because the underlying LLMs (accessed via
services like Grog/Qgroq keys) have already been trained on vast, diverse corpora,

including extensive medical literature and domain knowledge.

3)The results
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(venv) C:\Users\Dell\Documents\medical diagnosis V2>streamlit run app.py

http://localhost:8501
http://10.228.248.18:8501

Figure 4.6: Streamlit Application Execution
1- For the physicians:

The outcomes of the MDRS are systematically stored and exported in JSON format, which
provides a lightweight and structured way of representing the final recommendations.
This format ensures that the agents’ outputs such as identified conditions, symptom
scores, and suggested diagnostic tests are preserved in a machine-readable structure that
can be easily interpreted, shared, or integrated into external healthcare systems. By
using JSON or text format, the system guarantees both transparency and
interoperability, allowing for consistent evaluation of results and straightforward

benchmarking against ground-truth datasets.

(@) Il @ localhost8501 Zv A wE LU

Deploy

» Patient Information Input

Choose input method:

© Manual Entry
Upload Medical Report

e korstion = Al Medical Diagnosis Recommendation
System

Nour

Age

23 -+

Gender

Female v

& . .
Medical Information % Medical Analysis Ready
Current Symptoms
»
— -
Fatigue, fever,coughs o
& [% Analysis complete!
Medical History
s 2 Analysis Complete! Scroll down to see results.
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Deploy %

» Patient Information Input

Primary Diagnosis: Based on the provided information | suspect that Nour is experiencing Confidence Score:
Choose input method:
symptoms of a viral infection likely influenza the flu

© Manual Entry @ 50.0% (Low Confidence)
Upload Medical Report v [ Detailed Analysis
> Recommendations
Basic Information Comprehensive Analysis of Nour's Symptoms

Firzusll i 1. Primary Suspected Diagnosis: Based on the provided informatien, | suspect that Nouris

Nour experiencing symptoms of a viral infection, likely influenza (the flu). The primary symptoms of

fatigue, fever, and coughs are consistent with this diagnosis

Age
2. Key Symptoms and Findings that Support the Diagnosis:
23 - *
* Fatigue: A common symptom of viral infections, including influenza.
Gender s Fever: Ahallmark symptom of viral infections, with a temperature of 37.2°C (98.96°F)
Female . indicating a mild to moderate fever.
s Coughs: A common symptom of respiratory viral infections, including influenza.
Medical Information 3. Differential Diagnoses (2-3 alternatives to consider):

Bl Ay st » Common Cold: While the symptoms of fatigue, fever, and coughs could be consistent with a

Fatigue, fever,coughs common cold, the presence of fever and the severity of symptoms suggest a more severe

1] respiratory infection
s Pneumonia: Although less likely, pneumenia is a possible differential diagnosis, especially if
Medical History Nour's symptoms worsen or if she has underlying health conditions.

«  Allergic Reaction or Asthma: If Nour has a history of allergies or asthma, an allergic reaction
no
(G or asthma exacerbation could be contributing to her symptoms.

Figures 4.8,: Symptom Diagnosis results

Conclusion

In this chapter, we presented the implementation of the Multi-Agent Medical Diagnosis
Recommendation System (MDRS), which uses a multi-agent approach in medical
diagnosis and decision support. The primary goal of this architecture is to enhance
diagnostic accuracy through multi-specialist consensus and transform uncertain medical
observations into confident diagnoses (Uncertainty Reduction). We detailed the hybrid

implementation, which leverages a specialized

Internal Structured Knowledge Base (Content-based filtering) alongside the complex
reasoning of a Large Language Model (LLM) accessed via the Grog API. Finally, we
presented the empirical results of our application by providing the generated output

files, specifically the structured Final Diagnostic.
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General Conclusion

A. Summary

This thesis explored the integration of recommendation systems into the high-stakes field of
medical diagnosis. We started with an in-depth look at medical diagnosis in Chapter 1, looking
at its processes, history, types and the many challenges that hinder accuracy, including human
error, complexity of conditions and systemic barriers. We also looked at the growing role of Al

and its impact on diagnostic accuracy and efficiency.

In Chapter 2 we presented the theoretical foundation of recommendation systems, their
methodologies, benefits and limitations, with a focus on their applications in healthcare. We
showed that recommendation systems, successful in domains like e-commerce, entertainment
and education, can work in healthcare too, where they can support clinicians with personalized,

explainable and data-driven recommendations.

Chapter 3 introduced our proposed approach, the Multi-Agent Medical Diagnosis
Recommendation System (MDRS). This system uses a distributed architecture of specialist Al
agents—each trained on domain-specific knowledge—combined through consensus-building
algorithms and uncertainty quantification techniques. By using both content-based and
collaborative filtering the MDRS turns uncertain observations into confident recommendations.
Key innovations were the integration of Explainable Al (XAl), adaptive learning mechanisms

and explicit uncertainty quantification, all designed to increase clinical trust and reliability.

Finally in Chapter 4 we implemented our approach. We used Python, PyTorch and supporting
frameworks to develop and test the system on medical data. The results showed that the MDRS
can reduce diagnostic uncertainty, provide clear confidence intervals and generate

recommendations aligned with evidence-based medical guidelines.

B. Contributions

The main contributions of this research are:

¢ A theoretical framework linking medical diagnosis challenges with recommendation
systems.

s A multi-agent framework that simulates a team of specialists for diagnostic decision-
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making.
% Uncertainty quantification and explainability, addressing the need for transparency in
medical Al.

R

% An implementation and preliminary validation of the proposed MDRS approach.
C. Future Work
While the MDRS is a big step forward, there is still more work to be done:

More Clinical Areas: To add more specialties and multimodal data (e.g., genomics, wearable

Sensors).

Real-World Clinical Testing: To work with hospitals to test MDRS in clinical workflows and

measure diagnostic accuracy and patient outcomes.

Scalability and Performance: Optimize for hospital-wide deployment and low-latency for

real-time support.

Advanced Learning: To add federated learning and temporal modeling for privacy-preserving

and time-aware recommendations.

Ethics and Regulation: To address medical liability, data privacy and regulatory approval for

responsible and trustworthy adoption.

In summary, recommendation systems when designed with domain specific knowledge,
explain ability and uncertainty awareness can change medical diagnosis. The MDRS
framework is not only a technical innovation but also a step towards safer, more efficient
and more personalized healthcare. By closing the gap between human expertise and
artificial intelligence it will contribute to the long-term vision of decision support

systems that augment clinical practice and patient outcomes.

It will be nice to improve this in the future to reduce other types of errors in medical

diagnosis.

66

——
| —



Bibliography




Bibliography

Bibliography

Ch O1:

[1] PIECHOWIAK, Sylvain, "Artificial intelligence and diagnosis,” N.D. N.A.

[2] National Academies of Sciences, Engineering, and Medicine, "Improving Diagnosis in
Health Care," 2015. https://www.ncbi.nlm.nih.gov/books/NBK338593/

[3] WiseDx Blog, "Different types of clinical testing labs,” N.D.
https://blog.wisedx.com/blog/different-types-of-clinical-testing-labs

[4] N.A., "N.A. (Article on Artificial Intelligence in Medical Diagnosis)," 2022.
https://pmc.ncbi.nlm.nih.gov/articles/PMC9192206/

[5] International Commission on Radiological Protection (ICRP), "Principles of Nuclear
Medicine Imaging: Planar, SPECT, PET, Multi-modality, and Autoradiography
Systems," 2007. https://doi.org/10.1667/RR2577.1.

[6] Cleveland Clinic, "DNA Test / Genetic Testing," N.D.
https://my.clevelandclinic.org/health/diagnostics/23065-dna-test--genetic-testing

[71 MedlinePlus, "Karyotype Genetic Test,” N.D. https://medlineplus.gov/lab-
tests/karyotype-genetic-test/

[8] Gold Biotechnology, "Types of PCR Used for Genetic Research,” N.D.
https://goldbio.com/articles/article/types-of-pcr-used-for-genetic-research

[9] Testing.com, "Genetic Testing Techniques,” N.D. https://www.testing.com/genetic-
testing-techniques/

[10] MedlinePlus, "Types of Genetic Tests,"” N.D.
https://medlineplus.gov/genetics/understanding/testing/types/

[11] American College of Obstetricians and Gynecologists (ACOG), "Prenatal Genetic
Screening Tests,” N.D. https://www.acog.org/womens-health/fags/prenatal-genetic-
screening-tests

[12] Cleveland Clinic, "Pharmacogenomics," N.D.
https://my.clevelandclinic.org/health/articles/pharmacogenomics

[13] N.A., "Genetics of Common Disease: A Clinical Companion,” 20009.
https://www.ncbi.nIm.nih.gov/books/NBK132177/

[14] Medicover Genetics, "The Diagnostic Odyssey: The Search for Answers for Rare
Diseases,” N.D. https://medicover-genetics.com/the-diagnostic-odyssey-the-search-
for-answers-for-rare-diseases/

[15] Mayo Clinic, "BRCA gene test,” N.D. https://www.mayoclinic.org/tests-
procedures/brca-gene-test/about/pac-20384815

[16] National Academies of Sciences, Engineering, and Medicine, "Improving Diagnosis in
Health Care," 2015. https://www.ncbi.nlm.nih.gov/books/NBK338593/

[17] Cleveland Clinic, "Differential Diagnosis," N.D.
https://my.clevelandclinic.org/health/diagnostics/22327-differential-diagnosis

[18] Schiff, G. D., et al., "Fulltext of Article (Differential Diagnosis and Medical Errors),"
2008. https://www.amjmed.com/article/S0002-9343(08)00040-5/fulltext

[19] Topol, E., "Deep Medicine: How Artificial Intelligence Can Make Healthcare Human
Again,” 2019. N.A.

[19] National Academies of Sciences, Engineering, and Medicine, "Discrimination and
racial disparities in health: evidence and needed research,” 2020. N.A.

[20] Shah, M. R., et al., "Diagnostic Challenges and Patient Safety: The Critical Role of
Accuracy — A Systematic Review," 2024.
https://pmc.ncbi.nlm.nih.gov/articles/PMC12134007/

[21] N.A, "N.A.  (Article on Al in Healthcare Ethics)," 2025.
https://jme.bmj.com/content/early/2025/02/26/jme-2024-109932



Bibliography

[22] Choy, G., et al., "Applications of artificial intelligence (Al) in diagnostic radiology: a
technography study," 2020. https://doi.org/10.1007/s00330-020-07230-9.

[23] Davenport, T., & Kalakota, R., "Artificial Intelligence in Healthcare: Review and
Prediction Case Studies," 2019. https://doi.org/10.1016/j.eng.2019.08.015.

[24] N.A, "N.A. (Article on Al in Cancer Diagnosis)," 2021.
https://cancerci.biomedcentral.com/articles/10.1186/s12935-021-01981-1#Sec4

[25] Kagiyama, M., "Domesticating Al in medical diagnosis,” 2024.
https://doi.org/10.1016/j.techsoc.2024.102469.

[26] Rashid AM, e. a., "Getting to know you: learning new user preferences in recommender
systems,"” 2002. N.A.

[27] Resnick, H. V. P., "Recommender system’s," 1997. N.A.

[28] Buder, C. S. J., "Learning with personalized recommender systems: a psychological
view," 2012. N.A.

[29] Gadanho SC, L. N., "Addressing uncertainty in implicit preferences,” 2007. N.A.

[30] Muvi, "Hybrid Recommendation System — A Beginner’s Guide," N.D.
https://www.muvi.com/resources/ebooks/hybrid-recommendation-system.

[31] Ribeiro-Neto, R. B.-Y. a. B., "Modem Information Retrieval,” 1999. N.A.

[32] Shah, M. R., et al., "Diagnostic Challenges and Patient Safety: The Critical Role of
Accuracy - A Systematic Review," 2024.
https://pmc.ncbi.nlm.nih.gov/articles/PMC12134007/

[32] Hui Li, F. C. Z. L., "Content-Based Filtering Recommendation Algorithm Using
HMM," 2012. N.A.

[33] Linden, Greg, B. S. a. J. Y., "Recommendations: Item-to-item collaborative filtering,"
2003. N.A.

[34] Roy, D., & Dutta, M., "A systematic review and research perspective on recommender
systems," 2022. https://doi.org/10.1186/s40537-022-00592-5.

[35] Jannach, D., & Zanker, M., "Value and Impact of Recommender Systems,” 2022.
https://doi.org/10.1007/978-1-0716-2197-4_14.

[36] De Marzo, G., Gravino, P., & Loreto, V., "Recommender systems may enhance the
discovery of novelties,” 2023. https://doi.org/10.1088/2632-072X/ad9cdd.

[37] Yue, W, et al., "An Overview of Recommendation Techniques and Their Applications
in Healthcare," 2021. https://doi.org/10.1109/JAS.2021.1003919.

[38] Analytics India Magazine, "Cold-Start Problem In Recommender Systems And Its
Mitigation Techniques,” 2021. https://analyticsindiamag.com/cold-start-problem-in-
recommender-systems-and-its-mitigation-techniques/.

[39] Shah Khusro, Z. A. a. I. U., "Recommender Systems: Issues, Challenges,and Research
Opportunities,” 2016. N.A.

[40] Fayyaz, Zeshan and al, "Recommendation Systems: Algorithms, Challenges, Metrics,
and Business Opportunities,” 2020. N.A.

[41] Thi Ngoc T and al, "Recommender systems in the healthcare domain: state-of-the-art
and research issues,” 2021. N.A.

[42] Valdez A C and al, "Recommender systems for health informatics: State-of-the-art and
future perspectives,” 2016. N.A.

[43] Navin K and Mukesh Krishnan MB, "Mapping Recommendation System for Health
Care - Diagnosis and Treatment Process," 2021. N.A.

[44] Gavi, the Vaccine Alliance, "Deranged provocateur: IBM’s failed Al superproject and
the controversial story of Watson Health," N.D.
https://www.gavi.org/vaccineswork/deranged-provocateur-ibms-failed-ai-
superproject-controversial-story

[45] EURORDIS, "Just how rare are rare diseases on Ada, a medical symptom checker,"



Bibliography

2020. http://download2.eurordis.org.s3-eu-west-
1.amazonaws.com/ecrd/2020/Posters/Theme%206/P206 _Just_how rare_are_rare_dise
ases_on_Ada%2C_a_medical_symptom_checker.pdf

[46] The Guardian, "Google DeepMind 1.6m patient record deal inappropriate data," 2017.
https://www.theguardian.com/technology/2017/may/16/google-deepmind-16m-
patient-record-deal-inappropriate-data-guardian-royal-free

[47] EBSCO, “lsabel (Diagnostic  Decision  Support  System),” N.D.
https://about.ebsco.com/health-care/products/isabel

[48] Lee, C., & Yoon, H., "Medical big data: promise and challenges,” 2017.
https://doi.org/10.23876/j.krcp.2017.36.1.3.

[49] Nazir, S., et al., "A Comprehensive Analysis of Healthcare Big Data Management,
Analytics and Scientific Programming," 2020.
https://doi.org/10.1109/ACCESS.2020.2995572.

[50] Salmi, M., et al., "Handling imbalanced medical datasets: review of a decade of
research,” 2024. https://doi.org/10.1007/s10462-024-10884-2.

[51] Pezoulas, V., et al., "Synthetic data generation methods in healthcare: A review on
open-source tools and methods,” 2024. https://doi.org/10.1016/j.csbj.2024.07.005.

[52] Kitamura, K., Irvan, M., & Yamaguchi, R., "Privacy preserving medical knowledge
discovery by multiple ‘patient characteristics' formatted data,” 2023.
https://doi.org/10.15803/ijnc.13.2_195.

[53] Lee, C., & Yoon, H., "Medical big data: promise and challenges,” 2017.
https://doi.org/10.23876/j.krcp.2017.36.1.3.

[57] Goodfellow, I., Y. B. a. A. C., "Deep learning,” 2016. N.A.

[58] Infosys Limited, "Artificial Intelligence and Machine Learning In Mobile Apps,” N.D.
https://blogs.infosys.com/digital-experience/mobility/artificial-intelligence-and-
machine-learning-in-mobile-apps.html.

[59] Lendave, V., "A Comprehensive Guide to Representation Learning for Beginners,”
2021. https://analyticsindiamag.com/a-comprehensive-guide-to-representation-
learning-for-beginners/.

[60] Swapna, B. S. a. S., "A Comprehensive Overview on Types of Machine Learning,”
2015. N.A.

[61] DevRev, "Al Agents,” N.D. https://devrev.ai/blog/ai-agents

[62] LeewayHertz, "Al Agent for Healthcare: Key Components,” N.D.
https://www.leewayhertz.com/ai-agent-for-healthcare/#Key-components

[63] Véandnen, A., et al, "Al in healthcare: A narrative review," 2021.
https://doi.org/10.12688/f1000research.26997.1.

[64] https://mwww.python.org/

[65] https://jupyter.org/

[66] https://pytorch.org/



	Acknowledgments
	Dedication
	Table of figures
	Abstract
	General Introduction
	Chapter 1: Study on the Field of Medical Diagnosis
	1. Introduction

	Diagnosis is the smart (cognitive) work of figuring out the root cause of any problem (dysfunction or disease) [1].
	1.1 Definition of Medical Diagnosis:
	2. Types of Medical Diagnosis

	2.1 Clinical Diagnosis:
	2.2 Laboratory Diagnosis:
	2.3 Imaging Diagnosis:
	2.3 1. X-ray and Computed Tomography (CT):
	2.3 2. Magnetic Resonance Imaging (MRI):
	2.3 3. Ultrasound Imaging:
	2.3.4 Nuclear Medicine: PET and SPECT
	1.2.4 Genetic Diagnosis:
	1.2.4.1 Karyotyping:
	1.2.4.2 Polymerase Chain Reaction (PCR):
	1.2.4.3 Next-Generation Sequencing (NGS):
	1.2.4.4 Microarray Analysis:
	1.2.4.X Prenatal and Newborn Screening:
	1.2.4.X Pharmacogenomics:
	1.2.4.X Inherited Disorders:
	1.2.4.X Rare Diseases:
	1.2.4.X Cancer Diagnosis:
	3. The Process of Medical Diagnosis:
	3.1- Patient History Collection:


	3.2- Physical Examination:
	3.3-Differential diagnosis:
	3.4-Diagnostic Tests:
	3.5-Final Diagnosis:
	3.6-Communication and Follow-Up:
	Challenges of Medical Diagnosis:
	4.1. Diagnostic Errors (Human Errors):
	4.2. Complexity of Conditions:
	4.3. Limited Access to Healthcare:
	4.4. Ethical and Social Challenges:
	4.5. Technological Limitations:
	5. Applications of AI in Medical Diagnosis:

	5.1- Medical Imaging Analysis:
	5.2- Personalized Diagnostics:
	5.3- Early Disease Detection & Risk Prediction:
	5.4- AI-Powered Diagnostic Assistants:
	6. Examples of artificial intelligence in medical diagnosis
	7.Conclusion
	1 Introduction
	2 Definition of Recommendation Systems:
	3 User Feedback in Recommender Systems
	3.1  Explicit feedback
	3.2 Implicit Feedback
	3.3  Hybrid Feedback
	4 Classifications of Recommendation Systems
	4.1 Content-Based Filtering:
	4.2 Collaborative Filtering (CF):
	4.3 Hybrid Approaches:
	5. Advantages and Limitations of Recommender Systems:
	5.1 Advantages of Recommender Systems:
	5.2 Limitations and Challenges:
	6. Application of Recommendation Systems in the Medical Field:
	6.1. Diagnostic Support Systems:
	6.2 Prognostic prediction:
	6.3 Treatment Recommendation Systems:
	6.4 Telemedicine & Virtual Health Assistants:
	7. Real-World Healthcare Recommendation Systems:
	8. Comparative Analysis of Medical Recommendation Systems
	9.  Medical Data Characteristics
	9.1 Heterogeneity and Multi-Modality :
	9.2 High Dimensionality and Sparsity:
	9.3 Temporal Dependencies:
	Privacy and Sensitivity:
	9.2 Core Challenges for Medical Recommendation Systems
	9.2.1. Privacy, Security, and Regulatory Compliance
	9.2.2 Data Quality and Standardization
	9.2.3 Technical and Processing Challenges
	9.2.4 Bias and Ethical Concerns
	10. The Future Outlook of Healthcare Recommendation Systems
	10.1 Technological Convergence and Integration
	10.1.1 Multi-Modal AI Architectures
	10.1.2 Edge Computing and Federated Learning
	10.2 Regulatory and Compliance Evolution
	10.3 Emerging Challenges in Real-Time Systems
	10.3.2 Human-AI Collaboration Paradigms
	Conclusion
	Chapter 03: Proposal of an approach for the use of recommendation system in medical
	Diagnosis & its implementation
	1 Introduction (1)
	2 AI Agents:
	3 How AI Agents Work in Healthcare?
	4 Types of AI agents
	5 How AI Agents are used in healthcare?
	6. Overview of the Proposed Approach
	7. Methodology : The Decision-Making Process
	7.1 Phase 1: Individual Specialist Analysis
	7.2 Phase 2: Consensus Building and Aggregation
	7.3 Phase 3: Final Decision Integration
	8.Algorithmic Approach
	8.1 General Recommendation Algorithm
	8.2. Confidence Integration Algorithm
	8.3 Core Innovation Points
	8.3.1 Quantitative Uncertainty Reduction
	8.3.2 Adaptive Learning Mechanism
	8.3.3 Explainable AI (XAI) Integration

	8.3.4  Expected Benefits
	9.programming Core and Environment:
	9.1 Tools
	9.2 Deep Learning and Numerical Libraries:
	10. Experiments and Verification
	10.1  Evaluation metrics:
	10.2  Core Classification Metrics
	10.3. Safety and Confidence Verification
	11. Implementation
	Conclusion (1)
	General Conclusion
	Bibliography

