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Abstract: Interest in Artificial Intelligence (Al), including techniques like fuzzy expert systems,
Bayesian networks, and artificial neural networks, grew rapidly during the 1980s and 1990s, with a
major focus on healthcare applications by 2016.

This document explores the use of Machine Learning (ML), a sub-field of Al, for medical diagnosis—
the process of identifying a disease or condition based on a patient's symptoms, history, and physical
check-up. Al is used to create machines that can think and act like humans, often surpassing human
capability in speed and data utilization. ML enables these machines to learn from data, make
predictions, and improve their future performance through experience.

Key Applications and Techniques

Al in medicine is divided into virtual (ML/Deep Learning) and physical (robots, medical devices)
branches. ML includes three main types: Supervised learning (prediction/classification), Unsupervised
learning (pattern finding), and Reinforcement learning (trial and error).

In diagnosis, ML uses pattern recognition to create prototypes (simplified disease summaries) from
millions of past patient examples, allowing for a much faster and efficient diagnostic search than
searching every single case. Popular supervised methods for diagnosis include Decision Trees,
Support Vector Machines (SVMs), and Deep Learning..

Keywords: Artificial Intelligence

I. INTRODUCTION
During the 1980s and 1990s, interest in Artificial Intelligence (Al) grew rapidly.Different Al techniques like fuzzy
expert systems, Bayesian networks, artificial neural networks, and hybrid intelligent systems were used in various
areas of healthcare.By 2016, most of the money invested in Al research was focused on healthcare applications, more
than in any other field.(1)
Right now, there are no clear laws around the world that explain who is responsible if something goes wrong when
doctors use or ignore Al-based recommendations.Because of this, doctors may face legal problems or be held
responsible for the results when they use Al in medical decisions.(2)
In the medical field, artificial intelligence (AI) mainly works on creating computer programs means finding out
which disease or condition is causing a person’s symptoms and signs. Usually, doctors collect this information by
asking about the patient’s medical history and doing a physical check-up.(3)
We talk about how machine learning is used to diagnose different diseases. In Section 6, we explain which machine
learning methods and types of data are used most often in healthcare research. In Section 7, we continue the
discussion based on the related studies.(4)
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Fig 1. Machine Learning & Artificial Intelligence
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DEFINITION

1. A. Artificial Intelligence (AI) (5)

Artificial Intelligence, or Al, is the technology used to create machines or robots that can think and act like humans.
In some cases, they can even perform better than people. Al applications can understand and use data to give
information or take actions quickly — without needing human help.

1. B. Machine Learning (ML) (5)

Machine Learning is a part of Artificial Intelligence. It helps machines learn from data and make predictions or
decisions on their own. The machine studies past information and uses it to improve future performance. By
experimenting and learning from experience, the system gets better at understanding, thinking, and acting like a
human.

1. C. Medical Diagnosis (5)

Medical diagnosis means finding out what disease or condition a person has based on their symptoms. Doctors do
this by asking about the patient’s medical history, doing a physical check-up, and sometimes using tests. The main
goal is to discover the real cause of the patient’s health problem, which can be tricky because symptoms can be
unclear and the human body is complex.

ADVANTAGES

* Increased Accuracy & Early Detection | Al algorithms can analyze medical images (X-rays, MRIs, pathology
slides) and large datasets to detect subtle patterns and early signs of diseases (like cancer) with high precision, often
surpassing human capabilities and reducing human error. |

* Speed and Efficiency | Al can processmassive amounts of patient data

(medical history, lab results, imaging) and research literature in seconds. This speeds up the diagnostic process,
enabling quicker treatment decisions. |

» Unbiased Decision-Making | When properly trained on diverse and balanced data, Al can make diagnostic
recommendations free from the cognitive biases, fatigue, or emotional factors that can sometimes influence human
clinicians. |

* Personalized Medicine | By analyzing a patient's genetic data, medical history, and environmental factors, Al can
help in formulating a highly customized diagnosis and predicting the most effective, tailored treatment plan. |

* 24/7 Availability | Al-powered tools and diagnostics can operate continuously, providing support and analysis in
emergency settings or remote locations regardless of time. |

DISADVANTAGES

* Algorithmic Bias and Fairness | Al models are only as good as the data they are trained on. If the training data is not
diverse, the Al may inherit and perpetuate biases, leading to less accurate diagnoses and unequal outcomes for certain
demographic groups.

* Data Privacy and Security | Al systems require access to vast amounts of sensitive patient health information (PHI).
This raises critical concerns about data breaches, misuse, and compliance with strict privacy regulations (like HIPAA
or GDPR).

* Lack of Transparency ("Black Box") | The decision-making process of some advanced AI models can be opaque,
making it difficult for clinicians to understand how the Al arrived at a specific diagnosis. This "black box" nature can
erode trust and complicate accountability if an error occurs. |

* High Implementation and Maintenance Costs | Developing, integrating, and maintaining Al infrastructure,
specialized hardware, and the necessary staff training can be prohibitively expensive, especially for smaller or under-
resourced healthcare facilities. |

* Over-Reliance and Deskilling | Over-dependence on Al recommendations might reduce the critical thinking and
clinical judgment skills of human professionals over time. Errors in the Al system could go unnoticed, leading to
severe consequences. |

* Al cannot replicate the empathy, emotional intelligence, and interpersonal trust that is crucial for patient comfort,
morale, and effective communication during a difficult diagnosis. |
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II. ARTIFICIAL INTELLIGENCE IN MEDICINE

Deep
Learning

A subset of ML that uses large
neural networks and big data to
better solve complex problems

Fig 2. Artificial Intelligence in Medicine
Artificial Intelligence in Medicine: The Virtual Branch

Al in medicine has two main parts — virtual and physical.

The virtual branch includes Machine Learning (ML), also known as Deep Learning. ML uses mathematical formulas
(algorithms) that help computers learn from experience and improve over time.
There are three main types of machine learning:

1. Unsupervised learning — finds hidden patterns in data.

2. Supervised learning — uses past examples to classify and predict results.

3. Reinforcement learning — learns by trial and error, improving through feedback

Fig 3. Artificial Intelligence in Medicine: The Virtual Branch

Artificial Intelligence in Medicine: The Physical Branch

The physical branch of Al includes robots, medical devices, and machines that help in patient care. One of the most
promising uses is robots as helpers, such as companions for elderly people with memory loss or movement problems.
In Japan, these —carebots || are very advanced. Robots are also used in surgery, where they can assist surgeons or
sometimes even perform surgeries on their own.(53,54)
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o
Fig 4. Artificial Intelligence in Medicine: The Physical Branch

III. ARTIFICIAL INTELLIGENCE TECHNIQUES IN DISEASE DIAGNOSIS AND PREDICTION

Al (Artificial Intelligence) is a broad field that combines different areas of mathematics and science. Anything a
machine can do automatically that seems —intelligent || is part of Al. Al systems are trained using large sets of data
that represent people or situations. (6) One of the most important parts of Al is Machine Learning (ML), and within
ML, the key areas are Neural Networks and Deep Learning (DL). (7)

The main goal of ML is to make machines learn on their own using data, past experiences, and feedback. The ML
algorithms improve themselves based on this feedback so they can perform tasks more accurately. In the best case,
they can correctly handle new, unseen data as well. (8)

IV. MACHINE LEARNING FOR DIAGNOSIS
4.1. Learning from Data (9)
Pattern Recognition for Diagnosis
* Core Idea: Pattern recognition, like an intuitive "Type I cognition" in a doctor, finds a diagnosis by searching for the
closest match to a patient's symptoms within a memory
or database.
+ Simple Example (Exemplars): A basic system stores a database of past "patient presentations" (exemplars), which
are sets of symptoms paired with their known diagnosis.
The simple diagnosis is the "nearest neighbour" (the disease whose past presentations share the most symptoms with
the current patient).

4.2.Machine Learning Improves Efficiency (9)

The simple approach is slow because it has to search through a database of potentially millions of past patient
examples. ML addresses this by:

* Concept Learning/Prototype Building (An Elementary ML Step): Instead of keeping every past patient record, the
system uses ML to create "prototypes"—an average presentation of symptoms for each specific disease.

* Faster Search: The system only has to search through a few hundred disease prototypes (the learned "model"),
instead of millions of individual patient examples, which drastically speeds up the diagnosis while yielding similar
results.

In essence, ML transforms a slow, example-by-example search into a fast search against simplified, learned disease
summaries (prototypes).

4.2 Machine Learning's Solution (10)
* Learning a Function (Model): Instead of trying to store every possible answer, ML learns a mathematical function
(a model) with a small, manageable number of parameters.
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* Approximation: This model approximates the correct diagnostic output, relying on the assumption that the problem
has an exploitable structure.

For example, it assumes "smoothness"—a small change in symptoms should only cause a small change in the
diagnosis output.

» Complex Models: As ML models (like Decision Trees, Support Vector Machines, or Neural Networks ) become
more complex, they can capture more subtle and detailed patterns within the data.(91)

THREE SUPERVISED METHODS

Machine learning has been applied to healthcare for many years, and research on computerassisted diagnosis has
grown rapidly—most studies published after 2000. Popular supervised methods include Decision Trees, Support
Vector Machines (SVMs), and Deep Learning. (11)

In the 1990s, researchers focused on —symbolic learning, || especially decision trees, which help find clear decision
rules from data that doctors can understand. A decision tree works by splitting data step by step using specific
conditions that best separate different diseases, reducing uncertainty and increasing accuracy in diagnosis. (12)

The goal is to split data so that all cases of one disease (like Disease A) are on one side and all cases of another (like
Disease B) are on the other. Modern versions—such as Random Forest and Extreme Gradient Boosting—are very
powerful and often used in data science competitions. These methods have been successfully applied in fields like
cardiology, gastroenterology, and endocrinology, and sometimes even perform better than SVM or Deep Learning
models. (13,14)

CHALLENGES, SOLUTIONS, AND FUTURE PROSPECTS OF AI IN HEALTHCARE

1. Artificial Intelligence (Al) has a wide range of applications in healthcare, including disease diagnosis, prediction,
and prevention. However, several challenges still limit its full potential. (15)

2. One major issue is the need for large amounts of training data, which is often difficult to collect, especially for rare
diseases. Another challenge is data labeling, which must be done by medical experts, making it costly and time-
consuming. To overcome this, data augmentation techniques can be used to artificially expand the dataset and
improve model performance. (16)

3. Al models, especially deep learning (DL) systems, also face problems related to high computational complexity.
They often require powerful hardware and take a long time to train. To address this, methods like model
compression, pruning, and quantization can simplify models and reduce resource usage while maintaining
accuracy.(17)

4. Another difficulty lies in analysing poor-quality or low-contrast medical images. Enhancing these images using
Histogram Equalization (HE) techniques can improve visibility and feature detection, which helps in more accurate
diagnoses, such as in ultrasound or cancer imaging. (18)

5. Even though research continues to simplify and optimize deep learning models, more studies and improvements
are still needed. Moreover, the quality and diversity of medical data used to train Al systems are crucial. If the data is
biased or incomplete, the model’s predictions may also be unreliable or unfair. (19)

6. There is also a growing need for greater trust and acceptance of Al tools among medical professionals. Patient
privacy and data protection must be prioritized when using Al in healthcare. International collaboration and strict
monitoring will help ensure Al is used ethically and safely in medical settings. (20,21)

7. Looking ahead, Al—especially machine learning (ML) and deep learning—will continue to transform healthcare.
These technologies can analyse vast amounts of data from medical records, lab tests, and imaging studies to detect
hidden patterns and make accurate predictions. They also support personalized medicine, helping design treatments
tailored to individual patients based on their genetics and medical history. (22,23)

8. In the future, Al could help predict how diseases progress and how patients respond to treatments, allowing for
early intervention and improved patient care. As these technologies evolve, they will make healthcare more efficient,
precise, and patientcentered.# (24,25)
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Fig 5. Challenges, solutions, and future prospects of ai in healthcare

CURRENT USES OF ARTIFICIAL INTELLIGENCE IN MEDICINE

1. Cardiology

Atrial Fibrillation (AF): AI was first used in detecting AF through mobile ECG devices. The Kardia app by AliveCor
and the Apple Watch 4—both FDA-approved—allow users to record ECGs and share them with doctors. However,
these devices can give false readings due to movement and may be difficult for older adults to use.

Cardiovascular Risk Prediction: By studying electronic health records, Al systems can forecast conditions such as
heart attacks and heart failure more accurately than traditional risk assessment methods, though results vary
depending on study size. (26,27,28)

Sinus Rhythm

This ECG does not show signs of atrial
fibrilation.

Sep 12,2018 3t 10:08:31 AM

Sep 12,2018 at 10:00:01 AM

Fig 5. Cardiology

2. Pulmonary Medicine

Al tools are being developed to interpret lung function test results with higher accuracy and assist doctors in making
better decisions. However, some studies have shown mixed results, as the accuracy of physicians in those tests was
below the national average. (29,30,31,32)
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Fig 6. Pulmonary Medicine

3. Endocrinology
In diabetes care, continuous glucose monitoring devices like Medtronic’s Guardian system and IBM Watson’s

Sugar.IQ use Al to help patients manage blood sugar and avoid hypoglycemia. Although these systems are effective,
some patients report feeling frustrated when unable to maintain ideal glucose levels despite the alerts. (33,34,35,36,)

Fig 7. Endocrinology

4. Nephrology Al is applied to predict kidney function decline and assess disease risks such as polycystic kidney
disease and IgA nephropathy. Despite promising results, most studies are still limited due to small dataset

S N

(37,38,39,40,41)
Fig 8. Nephrology
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5. Gastroenterology
Al and deep learning are used to analyze images from endoscopy and ultrasound to identify polyps and detect
diseases like acid reflux, gastritis, and bowel disorders. These models can also forecast outcomes in gastrointestinal
bleeding and cancer progression. (42,43,44)
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Fig 9. Gastroenterology

6. Neurology

Epilepsy: Devices like Empatica’s Embrace use Al to detect seizures and notify caregivers through mobile alerts.
Patients with epilepsy have shown strong acceptance of such wearable technology.

Movement Disorders: Al-based wearable sensors help monitor gait, posture, and tremors in conditions like
Parkinson’s disease, multiple sclerosis, and Huntington’s disease. (45.46)

Al-Based Video
Monitoring of
Movement Disorders:
Improving Care

for Patients with
Parkinson’s Disease

Dr Martind

Fig 10 . Neurology

7. Cancer Diagnosis (Histopathology)
Al systems such as Paige.ai assist pathologists in identifying cancer in tissue slides quickly and accurately, allowing
them to focus more on critical cases. (47,48,49).
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Fig 12. Cancer Diagnosis (Histopathology)

8. Medical Imaging Comparative studies show that Al performs as well as radiologists in diagnosing diseases from
medical images. However, most research lacks proper validation across diverse datasets. More clinical testing and
standardization are necessary to confirm Al reliability in imaging. (51,52)

Diabetic Retinopathy Cancer Cardiac
Detection Detection Registration Disbetes Detection

Deep Learning-Medical
Image Processing

Brain Tumour Lung Nodule
Detection Classification
=5 -
\_@\\W
Prostate Image

Segmentation Thyroid Disgnosis

Fetal Localization

Fig 13. Medical Imaging

II. CONCLUSION

Artificial Intelligence (AI) has become an essential tool in modern medicine, transforming the way diseases are
detected, diagnosed, and managed. Through Machine Learning and Deep Learning, Al systems can analyze vast
amounts of clinical data, recognize complex patterns, and provide fast, accurate diagnostic support that complements
human expertise. The combination of virtual Al technologies and physical systems such as robotic devices continues
to enhance clinical efficiency and patient care. Although challenges remain—including data quality, computational
demands, and the need for ethical oversight—on going research and technological advancements are steadily
improving AI’s reliability. And Overall, Al holds significant promise for creating a more precise, efficient, and
patientcentered medical system, making it a powerful partner for healthcare.
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