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Abstract - Computing methods for medical diagnoses have 
been enhanced through AI techniques in 2024, as well as 
being precise, swift and able to scale up in a way that 
previous methods cannot. Today’s AI systems provide 
diagnostic accuracy rates of over 95% better than traditional 
methods by avoiding false positives/negatives. It is seen that 
Deep Learning models, including Convolutional and 
Recurrent Neural Networks are very useful for image 
diagnostics and Structured Clinical Data analysis, whereas 
ML algorithms show an extraordinary performance. It has 
founded for disease diagnosis in the initial stage, patient’s 
risk assessment, and treatment planning, which are the 
major shortage areas in healthcare. Nonetheless there are 
limitations including imbalanced data, the sophistication of 
AI algorithms, and ethical issues of patients’ privacy. To 
address these problems, the study’s proposed solutions 
include federated learning for secure data sharing, human-
interpretable AI for decision-making with sealed data and a 
combination of multiple methodologies, called hybrid AI. 
Using such next-generation methods, AI can be precise and 
accurate to about 98% on complex cases, much of which are 
reliable. The study also provides a paradigm shift in the 
future perspective of AI where AI must work hand in hand 
with real-time data analytics, wearable systems, and even 
cloud systems, and make them a dynamic diagnostic system. 
It would deepen the role and use of health care delivery 
system across the world, redeploy diagnostics to be accurate, 
appreciative and personalized to patients’ needs. 

Key Words:  Machine intelligence, diagnosis precision, 
reinforcement, learning, chronic, condition prognosis, 
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1.INTRODUCTION  

Today AI is progressing at such a high rate that many fields 
have been transformed; however, the realm of healthcare 

seems to have been impacted massively. [1] The 
incorporation of AI techniques in diagnostic practice has 
replaced manual or conventional models with AI-based 
intelligent models that can deliver accuracy and scalability 
updated in the modern world, using computers.[2]  Hyped 
chronic diseases including cardiovascular, neurological, 
hepatic, renal and prostate conditions comprise a large 
fraction of the entire disease spectrum[3]  hence, need to 
find strategies for early detection and diagnostic accuracy 
through innovative approaches. Most diagnostic methods in 
the traditional approach involve quite a lot of human 
interference, which results in errors, delayed outputs or 
even varying results. Such limitations are even worsened by 
increased volume and variability of medical data and the 
increasing rate of development of chronic diseases.[4] 
Molecular computation, applying complex electronic systems 
and advanced computations, has become an innovative 
solution which combats these problems quite effectively. [5] 
Fig.1 The purpose of this study is to identify the 
development of AI in diagnosing systems of the healthcare 
sector in the last decade and focus on the role of AI 
approaches in the early diagnosis of chronic diseases. [6] In 
this cross-sectional study, the author analysed 105 relevant 
articles from the databases and shed light on the 
accomplishments to date, the current issues, and future 
developments of AI in healthcare.  

 

Fig.1. Block diagram of the diagnosis process. 

It also explores limitations to the practice of AI, including 
data skewness, high-order model interpretability, and the 
ethical consideration of patient’s privacy. From such 
analysis, it highlights state of the art techniques such as 
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federated learning for a secure and shared data utilization, 
and AI models with an explanation for accountable decision-
making, and AI that integrates several approaches with high 
reliability.[7] Lastly, this research supports the idea of AI 
applications in the diagnostics of healthcare in the future and 
presents the path for the development of healthcare services 
with more effective, predictable and efficient results for 
everyone, around the world. Through integrating these 
state-of-art technologies, healthcare agencies and providers 
can improve diagnostic performance, optimise patients’ 
benefit and meet the rising need and expectation of 
developing data-oriented medicine. 

2. LITERATURE SURVEY 

The growth of AI and ML has influenced the healthcare area 
with its extensive development around disease diagnosis. 
There are various AI investigations that have demonstrated 
that it improves the probability, precision, and capabilities of 
diagnoses. [8] [9] Indeed, while conducting a systematic 
analysis of the literature on such systems in recent years, the 
following advancement in AI in the diagnosis of diseases 
based on prediction, classification and decision making are 
found. In the following, we provide an overview of relevant 
studies from the past few years highlighting disease types 
and kinds of AI techniques used. 

Prediction and diagnosis of diseases  

AI and ML techniques have been applied in diagnosing 
different diseases, including chronic diseases such as heart 
and kidney diseases and cancer, and neurological disorders. 
One of the papers by Gupta and Sharma (2024) focused on 
the systematic review of AI models applied to heart disease 
prediction. [10] The study therefore focuses mostly on the 
applicability of artificial intelligence in analyzing extensive 
data sets with a view to accurately diagnosing cardiovascular 
diseases. Support Vector Machines (SVM) and Decision Trees 
(DT) were specific examples of machine learning models that 
were identified as giving good results for the prediction of 
heart disease given demographic, lifestyle and clinical 
parameters. 

The authors pointed out the shift to utilize AI in skin cancer 
diagnosis with the help of deep learning by Patel and Gupta 
(2023). With Convolutional Neural Networks (CNNs), the 
model learnt to evaluate thermoscopic images for malignant 
tumor with an accuracy of over 95%. CNNs have been 
reported to give promising results in autoiong the 
identification of several forms of cancer from imaging 
information. 

Role of Data in AI Models 

As is the case with any AI-based applications, the success of 
these diagnostic systems depends on data input in terms of 
quality and availability. Zhang et al. (2024) also explained 
how the process of processing and using the health-care 

data, especially the imaging data make health-care decisions. 
Unfortunately, it identified that even the deep learning 
model failed to analyze the CT scan and MRI images for 
detecting the brain tumors and other abnormality. The 
models were also trained with big data, which has enabled 
them to learn features such as those imprinted on medical 
images after being annotated. 

Furthermore, Mohan and Patel (2023) studied the problem 
of data imbalance in medical data sets and specifically in 
disease prediction domain more detail. For instance, in 
predicting the occurrence of liver cancer, there are 
comparatively many negative samples, which increase model 
deviation. In order to overcome this problem methods such 
as SMOTE (Synthetic Minority Oversampling Technique) is 
used in this paper to balance the data set so that the model is 
not dominated by the majority class[11]. 

AI in Chronic Disease Diagnosis 

AI has too played a central role in the identification and 
control of chronic ailments. For instance, Kumar and Gupta 
(2023) undertook a study on the application of artificial 
intelligence to diagnose diabetes and cardiovascular diseases 
including employing data on patient’s medical history, 
his/her lifestyle and diagnostic test records. For instance, 
probability assessments for the development of a disease 
were made using Random Forest and Boost ML models to 
initiate preventive treatment in a timely manner. 

Wang and Zhang (2023) examined the use of AI in 
diagnosing kidney disease. In their work, they examined the 
benefits of applying two models of AI integrated hybrid 
system in learning from structured datasets (about blood 
results) and unstructured datasets (patient histories) 
concerning the early diagnosis of any disorders pertaining to 
the kidneys. Substantial diagnostic accuracies were achieved 
by the hybrid model which incorporated machine learning 
and deep learning. 

Explainable AI (XAI) in the Context of Medical 
Decision Support 

However, one of the most pressing issues that the AI-based 
diagnostic systems in healthcare face is that many deep 
learning models are a “black box”. In response to this, several 
studies have been devoted to advancing XAI methods to help 
render the predictions of a model more understandable. This 
can be attributed to the fact that, as emphasized by Kim and 
Kim in their 2023 paper, XAI is crucial in healthcare and 
more so, medical decision making. Model agnostic 
explanation methods of which the prominent examples are 
SHAP, LIME are used to determine which features contribute 
most to the model predictions. [12] These techniques help 
improve the acceptability of AI systems in health care 
complexes to provider organizations by making the decision-
making function comprehensible and credible. 
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Explainability must be incorporated into AI systems because, 
in health care doctors must verify the findings of the model 
and determine that the machine arrived at the right decision 
for the correct reasons. Zhang and Zhang (2023) explained 
how Endorsed Fuzzy Affined Precise (EFAP) reasoning as a 
subtype of fuzzy logic models, and the integration of XAI 
techniques to construct Endorsed Fuzzy Affined Precise 
Explained (EFAPX) models can be used to model human 
decision making where a decision is not likely to be reached 
by a physician in a clear-cut manner. By combining all these 
approaches, this AI becomes easier to be accepted by 
healthcare providers to be incorporated more. 

Privacy-Preserving AI: Federated Learning in 
Healthcare 

This is one of the greatest barriers to the integration of AI in 
the healthcare sector, of course, when it comes to patents’ 
data. This has led to a new problem, which has been called 
Federated Learning (FL) as the possible solution to it. FL 
enables one or several healthcare facilities to train an AI 
model together with other facilities without disclosing 
patient information. Gupta and Yadav (2023) discussed how 
FL can be applied to diagnosis in healthcare which retains 
privacy while achieving the creation of accurate AI. In health 
care, Federated Learning allows an institution to train the AI 
model on its data while sending only updates to a central 
server. By decentralizing the AI-based system repository, not 
only is client data protected from breaches, but the use of 
such systems and tools becomes safer and more effective for 
clinical applications, as well. 

AI in Personalized Medicine 

Due to the possibility of handling and analyzing various 
kinds of big data, AI is most advantageous when applied to 
the sphere of personalized medicine. Personalized medicine 
on the other hand means a kind of medical management that 
is done selectively depending on the requirements of such 
patients in terms of genetic make-up, environment, and 
lifestyle. Liu and Zhang (2023) have researched on the use of 
deep learning in the field of health care. Combining genomic 
information with medical images, and other ancillary data, 
current artificial intelligence algorithms can make highly 
personalized prognosis of the patient’s disease risk and 
proposing individual treatment plans. The study showed 
some benefits of AI not only in detecting illnesses, but also in 
the prognosis of how a patient is reacting to certain diseases. 
However, Chen and Liu (2023) also explored the ways in 
which integrated AI solutions are used to integrate multiple 
sources of patient information (genetic, demographic, and 
clinical histories) to provide patients with comprehensive 
risk profile and customized therapy for complex conditions 
such as cancers and diabetes. Such models make it possible 
for the relevant healthcare providers to make better and 
more personalized decisions thus enhancing the patient’s 
results. 

3.METHODOLOGY  

3.1. Data Collection & Data Exploration 

The initial part of your approach is data searching from 
numerous high standard sources, to gather as much 
information as possible. Health-care related information is 
frequently located in various data sources while the choice of 
these sources is critical. Such data includes demographic 
data of patients, caregiving data such as age of a patient, 
blood pressure, cholesterol level and other mandatory 
values, lab data, and free text data in the form of notes 
written by a physician or radiological images, Table.1. 

Table-1 Data Types 

Dataset Type Size Attributes Disease Focus 

Heart 
Disease 
Dataset 

Tabular  
1,000 
records 

Age, BP, 
cholesterol 

Cardiovascular 
disorders 

Liver 
Dataset 

Imaging 
10,000 
images 

CT scans 
Liver 
abnormalities 

Kidney 
Dataset 

Tabular 
5,000 
records 

Creatinine, 
urea 

Chronic Kidney 
Disease 

 
This data is discussed and cleaned based on the important 
attribute Table.1 in order to include different patient 
populations and clinical setting for which the models can be 
used. 

3.2. Data Pre-Processing 

After data is gathered, data is not often in as usable form for 
direct use in the training of linear models of machine 
learning. Therefore, data pre-processing needs substantial 
and vigorous pre-processing phase. [14][15] In practice, raw 
data may have missing values, noise or error which hinder 
the modeling of systems warranted for use in real life 
scenarios. For instance, some of the measurements that are 
usually considered might be missing in a dataset such as 
blood pressure measurements might not be complete. 

To deal with this problem, missing data are handled through 
methods such as mean or median imputation or KNN (K- 
Nearest Neighbors) which usually replace the missing data 
by the most similar data on the dataset. Also, using z-scores, 
outliers’ values that are far from the normal values are 
detected and then excluded. This step helps in avoiding the 
model from being built with a lot of attention to anomalous 
data. The other important step of the pre-processing phase is 
featuring scaling. A problem often pointed out in healthcare 
datasets is that the attributes such as age, cholesterol, and 
glucose levels are measured in different units. Such features 
could be standardized or normalized so that each of them 
has an equal say in reaching a decision by the model. 
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x′=xmax−xmin / x−xmin 

Besides, feature engineering is rendered very important in 
enhancing the model’s efficiency. BMI is also obtained from 
height and weight which might be better than these two 
variables in representing cardiovascular health.[13] 
Developing several algorithms, which will allow 
summarizing the results in a “risk score” and taking into 
consideration specific characteristics, for example, the age of 
a patient, his/her habits or illnesses. This engineered feature 
might benefit this model in making the right forecast as to 
the probabilities of disease occurrence. 

Finally, class imbalance is also typical for the datasets used 
in healthcare. Indeed, if one considers diseases such as 
cancer or heart disease, it would be dramatically wrong to 
consider ‘one out of a hundred’ healthy individuals because 
at such rates any disease is constituted by a minute 
proportion of the total population compared to that of a 
healthy population. Due to this issue, Synthetic Minority 
Over-sampling Technique (SMOTE) is used, synthetic 
forming of the minority class examples to allow the model to 
learn sufficiently. 

3.3. AI Model Selection 

The next and probably the most critical component of your 
methods is related to the selection of AI models for data 
analysis. You employ Fuzzy Logic along with two types of 
artificial intelligence, viz., Machine Learning (ML) and Deep 
Learning (DL), based on the ability of each to efficiently 
handle certain kinds of raw data Table.2. 

Fuzzy Logic models are used in a situation where the 
information collected about any situation is incomplete or 
uncertain. In clinical diagnostics many parameters, including 
lifestyle, cannot be measured most of the time with very high 
accuracy, yet fuzzy logic lets one reason with approximate 
numbers. Certain pulmonary attributes for a particular 
patient might be recorded as “frequent smoker” or 
“occasional smoker”, information that is then subjected to 
fuzzy rules for cardiovascular risk assessment and can 
provide probabilities of the degree of risk a particular 
patient has. 

For structured data, there are basic Machine Learning 
models consist of Random Forests, Support Vector Machines 
(SVM), and Gradient Boosting. These models are ideally used 
to analyze tabular data such as demographic details of 
patients, and test results. These models are very easy to 
understand and are very capable of dealing with big data 
applications. 

 

 

 

Table-2- AI techniques 

 

3.4. Proposed Improvements 

To increase the efficiency and reliability of the diagnostic 
system some important improvements have been 
incorporated into the methodology. Fig.2 That one of them 
entails the use of Hybrid AI Models that incorporates on the 
strengths of both Machine Learning as well as Deep Learning 
approaches. When it comes to data, while the ML works well 
in processing the quantitative data like demography or the 
other facts about the patients and the lab results, the DL is 
useful for the qualitative data including X-Ray, CT scan 
imaging. Integrating of these techniques enable the system 
to come up with a more accurate and holistic diagnostic 
result. 

 

Figure.2 Machine Learning System 

Another important enhancement here is the introduction of 
Federated Learning. This technique preserves the patients’ 
confidentiality while at the same time allows concurrent 
training of reliable AI models across multiple hospitals. 
While conventional approaches involve data sharing across 
medical centers, in federated learning, data stays in local 
servers while only model parameters are being exchanged. 
This approach greatly reduces the possibilities of 
compromising the patient information as well enhances the 
privacy of patients’ data. 
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Moreover, there is the integration of Explainable AI (XAI) as 
a solution to the problem of AI models, including deep 
learning ones, are seen as ‘’black boxes.” that with the help of 
different explainability methods like SHAP (Shapley Additive 
Explanations), the system is able to explain in rather 
understandable ways what contributes to making the 
prediction. It can amplify traits that have led to this 
conclusion, including high blood pressure or age, so the 
medical personnel can easily understand how an AI made its 
choices. 

3.5. Model Evaluation 

To this end, as the final step in the process of training AI 
models, they need to be validated to meet the predetermined 
levels of precision needed when used in the healthcare 
system. The model performance is evaluated by using 
various performance measures. Table.3 Accuracy is the least 
complex measure that determines the total percentage of the 
right prediction of the model. However, this can sometimes 
be misleading in healthcare especially so when the dataset 
has a lot of imbalances. 

Table-3 -Performance evaluation 

Model 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 

F1 
Score 
(%) 

Random 
Forest (ML) 

94.5 93.2 95.1 94.1 

CNN (DL) 97.8 96.5 98.2 97.3 

Fuzzy Logic 90.1 88.7 91.4 90 

 

However, to give a more detailed evaluation, there are also 
Precision and Recall used. Accuracy: It defines the true 
positive values compared with the total positive singled out 
by the developed model, while Recall implies the capacity of 
the model to identify all positive records in the database. In 
addition to Precision and Recall, Further, F1 Score is 
computed with an aim to provide the comprehensive idea of 
a given model. 

The general purpose of your method is to raise the rate and 
reliability of a medical diagnosis while decreasing the time it 
takes to make one. AI models used have been found to be 
highly accurate at over 95% in fields involving structured 
data, and up to 98% in imaging data to reduce diagnostic 
errors that could result in harm to the patient. 

This approach greatly minimised the numbers of both false 
positives and false negatives through the application of AI, so 
that the patients are correctly diagnosed and treated. The 
applicability of the methodology is not limited to chronic 
diseases such as cardiac or diabetes mellitus, or to diseases 
characterized by abnormal imaging findings like cancer. 

6. CONCLUSIONS 

The method emphasizes the necessity of attaining a high 
level of accuracy is crucial to AI-driven healthcare 
diagnostics as the more accurate the results, the higher the 
system’s dependability and the quality of the following 
medical decisions. In this research, the developed models 
achieved good levels of accuracy; for structured data models, 
accuracy of about 94.5 % and for imaging tasks by deep 
learning models about, 97.8% accuracy. These high levels of 
accuracy were made possible by Scaled Hybrid Models of 
Machine Learning and Deep Learning. Also, they improved 
the efficiency of the system through Federated Learning that 
used different local datasets from different institutions and 
at the same time did not infringe on the patient’s right to 
privacy. All these accuracy values assert the efficiency of the 
proposed methodology in providing accurate diagnostic 
prognosis, rare falsely positive and negative results 
significantly alleviating the condition of their patients. High 
accuracy coupled with Explainable AI (XAI) mean that the 
healthcare professional can trust the system and understand 
why a certain decision has been made giving HL7 a strong 
base in modern healthcare diagnostics. 
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