© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002

Al-Powered Healthcare Diagnosis System: A Review

Prof. Salve P.S!, Pund Shraddha Namdev?, Gunjal Ishwari Sundarbapu?,
Yewale Nisha Sonyabapu*, Mangudkar Prachi Sachin®

L2343 Department of Computer Engineering, Sau. Sundrabai Manik Adsul Polytechnic,
Chas College of Engineering, Affiliated to Savitribai Phule Pune University / MSBTE

Abstract— Artificial Intelligence (AI) has emerged as a
powerful and transformative technology in the
healthcare domain, significantly improving the accuracy,
speed, and efficiency of disease diagnosis. With the rapid
growth of medical data generated from electronic health
records, medical imaging systems, laboratory
investigations, and wearable health devices, traditional
diagnostic methods have become insufficient to handle
large-scale and complex data. Al-powered healthcare
diagnosis systems utilize advanced techniques such as
machine learning, deep learning, natural language
processing, and data analytics to analyse this vast
amount of medical information and assist healthcare
professionals in clinical decision-making.

These intelligent systems are capable of identifying
hidden patterns in patient data, predicting disease risks,
supporting early diagnosis, and reducing the chances of
human error. Al-based diagnostic solutions have been
widely applied in various medical fields including cancer
detection, cardiovascular disease diagnosis, neurological
disorder analysis, diabetes prediction, and infectious
disease monitoring. This review paper provides a
comprehensive analysis of existing Al-powered
healthcare diagnosis systems, focusing on commonly
used algorithms, system architectures, applications,
advantages, and limitations reported in recent research
studies.

Furthermore, this paper highlights major challenges
such as data privacy, security concerns, model
interpretability, ethical issues, and dependency on high-
quality datasets. Research gaps related to real-time
implementation, explainable AI, and integration with
existing healthcare infrastructure are also discussed.
Finally, the paper explores future research directions
aimed at developing reliable, secure, and ethical Al-
driven diagnostic systems that can enhance healthcare
delivery. The primary objective of this review is to offer
a structured and clear understanding of Al-powered
healthcare diagnosis systems for students, researchers,
and healthcare professionals.
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[. INTRODUCTION

Healthcare diagnosis is a critical process that plays an
important role in the prevention, detection, and
treatment of diseases. Accurate and timely diagnosis is
essential for improving patient outcomes and reducing
mortality rates. However, traditional diagnostic
methods largely depend on the experience and
judgment of healthcare professionals, which may lead
to delays, high costs, and the possibility of human
errors, especially when dealing with large volumes of
complex medical data.

In recent years, Artificial Intelligence (AI) has
emerged as a powerful technology capable of
transforming the healthcare sector. Al enables
computer systems to perform tasks that normally
require human intelligence, such as learning from data,
recognizing patterns, and making decisions. When
combined with Machine Learning (ML) and Deep
Learning (DL) techniques, Al systems can analyse
vast amounts of medical data efficiently and provide
valuable support to clinicians during the diagnostic
process.

Al-powered healthcare diagnosis systems utilize data
obtained from various sources such as electronic
health records, medical imaging, laboratory reports,
wearable devices, and clinical notes. By processing
this data, AI models can detect diseases at an early
stage, predict health risks, and assist in clinical
decision-making. These systems have shown
promising results in diagnosing conditions such as
cancer, cardiovascular diseases, diabetes, neurological
disorders, and infectious diseases.

Despite the significant benefits, the adoption of Al in
healthcare diagnosis also presents several challenges.
Issues related to data privacy, security, ethical
concerns, lack of transparency in Al models, and
dependence on high-quality data need to be addressed.
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Therefore, a comprehensive review of existing Al-
powered healthcare diagnosis systems is essential to
understand current advancements, limitations, and
future possibilities.

This review paper aims to analyse and summarize
recent research work on Al-powered healthcare
diagnosis systems. It focuses on commonly used Al
techniques, applications, advantages, challenges, and
research gaps. The objective of this paper is to provide
a clear and structured understanding of Al-based
diagnostic systems for students, researchers, and
healthcare professionals, and to highlight future
research directions in this rapidly evolving field.

System Workflow
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Figure 1: Workflow of the Al-based Diagnostic
System

II. METHODOLOGY OF REVIEW

This review paper follows a systematic and structured
methodology to analyse existing research related to
Al-powered healthcare diagnosis systems. The
objective of the methodology is to ensure that relevant,
high-quality, and recent research studies are selected
and reviewed in an unbiased manner.

Research papers were collected from well-known and
reputable academic databases such as IEEE Xplore,
Springer, Elsevier, ScienceDirect, and Google Scholar.
The search process was carried out using keywords
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including Artificial Intelligence in Healthcare, Al-
based Disease Diagnosis, Machine Learning in
Medical Diagnosis, Deep Learning for Healthcare, and
Clinical Decision Support Systems. These keywords
helped in identifying research articles that are closely
related to the topic of this review.

The selection of research papers was based on specific
inclusion criteria. Only papers published between
2018 and 2024 were considered to ensure that the
review reflects recent advancements in Al
technologies. Studies focusing on Al techniques such
as machine learning, deep learning, and data analytics
applied to healthcare diagnosis were included. Review
articles, conference papers, and journal publications
written in English were selected for analysis.

Papers that were unrelated to healthcare diagnosis,
lacked experimental validation, or focused only on
theoretical aspects without practical relevance were
excluded from the review. After the initial screening,
relevant papers were studied in detail to extract
important information such as the type of Al technique
used, application area, dataset, performance metrics,
advantages, and limitations.

The selected studies were then systematically analysed
and compared to identify common trends, strengths,
weaknesses, and research gaps. This structured review
methodology ensures a comprehensive understanding
of Al-powered healthcare diagnosis systems and
provides a strong foundation for identifying future
research directions.

Data Preprocessing Flow for Al Diagnostic System

Raw Patient

[—I— Feature Selection —I—]

Figure 2.1: Data Preprocessing Flow for Al
Diagnostic System

Before feeding patient data into Al models, the
collected raw data undergoes several preprocessing
steps such as missing data handling, normalization,
and feature extraction. These steps ensure data quality
and improve model performance. The complete
preprocessing workflow is illustrated in Figure 2.2.
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Figure 2.2: Data Flow between Database and Al
Modules

III. Al TECHNIQUES USED IN HEALTHCARE
DIAGNOSIS

Artificial Intelligence plays a vital role in modern
healthcare diagnosis by enabling intelligent analysis of
large and complex medical datasets. Various Al
techniques are used to assist healthcare professionals
in disease detection, prediction, and clinical decision-
making. The most commonly used Al techniques in
healthcare diagnosis are discussed below.

3.1 Machine Learning (ML)
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Figure 3.1: Machine Learning Module for Disease

Prediction

Machine Learning is one of the most widely used Al
techniques in healthcare diagnosis. ML algorithms
learn patterns from historical patient data and make
predictions on new or unseen data. Commonly used
machine learning algorithms include Decision Trees,
Support Vector Machines (SVM), Random Forests,
and Naive Bayes classifiers. These algorithms are
applied in disease prediction, risk assessment, and
patient classification. Machine learning techniques are
particularly useful for diagnosing chronic diseases
such as diabetes, heart disease, and hypertension.
However, their performance depends heavily on the
quality and quantity of the training data.
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3.2 Deep Learning (DL)

Deep Learning is an advanced subset of machine
learning that uses artificial neural networks with
multiple hidden layers. Deep learning models,
especially Convolutional Neural Networks (CNNs),
are highly effective in medical image analysis. They
are widely used for detecting tumours, fractures, lung
infections, and neurological disorders from X-rays,
MRI, and CT scan images. Recurrent Neural Networks
(RNNs) and Long Short-Term Memory (LSTM)
networks are used for analysing time-series medical
data. Although deep learning models provide high
accuracy, they require large datasets and high
computational power.

Convolutional Neural Network for Medical Imaging

Input X-Ray Image  Convolution + Pooding Layers  Fully Connected Layer Output

Figure 3.2: Convolutional Neural Network for
Medical Image Analysis

3.3 Natural Language Processing (NLP)

Natural Language Processing is used to analyse
unstructured medical text such as clinical notes,
discharge summaries, and medical reports. NLP
techniques help extract meaningful information from
electronic health records and assist in clinical decision
support. By processing textual data, NLP enables early
disease detection, automated medical coding, and
improved patient care. However, handling medical
terminology and maintaining data privacy remain
major challenges in NLP-based healthcare systems.
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Figure 3.3: System Architecture of the Al-based
Healthcare Diagnostic System
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3.4 Expert Systems

Expert systems are Al-based systems that mimic the
decision-making ability of human experts. In
healthcare diagnosis, expert systems use predefined
rules and knowledge bases to identify diseases and
suggest treatments. These systems were among the
earliest Al applications in healthcare. While expert
systems provide consistent and explainable decisions,
they lack flexibility and struggle to handle complex
and evolving medical data.
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Figure 3.5: Hybrid AI Model Architecture

Hybrid Al systems combine multiple Al techniques
such as machine learning, deep learning, and expert
systems to improve diagnostic performance. These
systems leverage the strengths of different approaches
and provide more accurate and reliable results. Hybrid
models are increasingly used in advanced healthcare
diagnosis applications.

IV. LITERATURE REVIEW

Several researchers have explored the use of Artificial
Intelligence in healthcare diagnosis to improve
accuracy, efficiency, and decision-making. This
section summarizes important studies related to Al-
powered healthcare diagnosis systems, highlighting
the techniques used, applications, and key findings.
4.1 Study by Reddy et al. (2024)

Reddy et al. proposed an Al-driven diagnostic decision
support system for smart healthcare applications. The
system utilized machine learning and deep learning
algorithms to analyze patient medical records and
clinical data. The study reported improved diagnostic
accuracy and faster decision-making when compared
to traditional methods. However, challenges related to
data privacy and model explainability were identified.
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4.2 Study by Kumar and Patel (2022)

Kumar and Patel focused on the application of deep
learning techniques, particularly convolutional neural
networks (CNNs), for medical image analysis. Their
research demonstrated that CNN-based models
achieved high accuracy in detecting diseases such as
cancer and pneumonia from medical images. The
authors noted that large datasets and high
computational resources were required to train the
models effectively.

4.3 Study by Lee et al. (2021)

Lee et al. investigated the integration of Al with cloud
computing for scalable healthcare diagnosis systems.
The proposed framework allowed real-time data
processing and remote access to diagnostic services.
While the system improved accessibility and
scalability, concerns regarding data security and
patient privacy were highlighted.

4.4 Study by Edison (2023)

Edison examined the role of Al in enhancing medical
decision-making. The study emphasized the
importance of Al-based clinical decision support
systems in reducing diagnostic errors and supporting
physicians. The research also discussed -ethical
challenges and the need for transparency in Al models
used in healthcare.

4.5 Study by Gupta et al. (2023)

Gupta et al. presented a review of machine learning
techniques used for disease prediction and risk
assessment. The study highlighted supervised learning
models such as decision trees and support vector
machines as effective tools for healthcare diagnosis.
However, the authors pointed out that the performance
of these models highly depends on the quality of the
training data.

V. COMPARATIVE ANALYSIS

For a fair and consistent comparison of different Al-
based healthcare diagnosis models, standard
evaluation metrics are employed. These metrics
quantify the performance of each model in terms of
prediction accuracy, reliability, and error rate. Figure
X presents the evaluation metrics used for comparative
analysis, including accuracy, precision, recall, F1-
score, and ROC-AUC.
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Figure 5.1: Evaluation Metrics Diagram

In this section, a comparative study is conducted
among different Al-based healthcare diagnostic
systems to evaluate their performance and justify the
selection of the proposed system. The analysis is based
on key parameters such as accuracy, processing
efficiency,  scalability, = complexity,  resource
requirements, and usability.

Accuracy: Traditional machine learning-based
diagnostic systems, such as those using decision trees
or SVMs, provide moderate accuracy, typically around
85%. Deep learning-based systems, including
convolutional neural networks (CNNSs), achieve
higher accuracy, often exceeding 90%, due to their
ability to extract complex patterns from large datasets.
The proposed hybrid Al system combines machine
learning and deep learning approaches, resulting in
improved diagnostic accuracy of approximately 95%.
Processing Time: Machine learning systems generally
have lower computational requirements, leading to
faster processing per patient. Deep learning systems,
however, require significant computation, causing
higher processing times. The proposed system
optimizes computation by integrating lightweight
models with deep learning, achieving faster diagnosis
without compromising accuracy.

Scalability: Deep learning systems are inherently more
scalable, capable of handling large datasets and
multiple simultaneous users. Traditional machine
learning systems face limitations in scaling due to
computational constraints. The proposed hybrid
system inherits the scalability of deep learning while
maintaining efficient resource usage.

Complexity and Usability: Machine learning systems
are simpler to implement and maintain, but may lack
sophisticated diagnostic capabilities. Deep learning
systems are complex and require specialized
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knowledge to develop and manage. The proposed
system maintains moderate complexity while offering
a user-friendly interface, allowing healthcare
professionals to interact with the system efficiently.

Cost and Resource Requirements: Machine learning
systems are cost-effective, whereas deep learning
systems demand high-end hardware and increased
financial investment. The proposed hybrid approach
balances resource requirements, reducing overall
computational costs without sacrificing performance.

Summary Table:

Machine Deep Proposed
Feature / . . .
Svstem Learning Learning Hybrid
4 System System System
Accuracy 85% 92% 95%
P i 4
roc.essmg 5 sec/patient ! . .
Time sec/patient | sec/patient
Scalability Medium High High
Complexity Low High Medium
Cost/
Resource Low High Medium
Requirement
Usability Moderate Low High

Comparative Analysis of Diagnostic Systems

70%
60%
-l 11 I|
0%

Accuracy  Processing Time  Scalability Usability

Il Machine Learning Il Oeep Learning Bl Hybrid System

Figure 5.2: Comparative Analysis of Diagnostic
Systems Based on Key Parameters

VI. CHALLENGES AND RESEARCH GAPS

Despite significant advancements in Al-powered
healthcare diagnostic systems, several challenges and
research gaps remain, which limit their widespread
adoption and effectiveness. Identifying these issues is
essential for guiding future improvements and
research directions.

1. Data Quality and Availability:

Al models require large volumes of high-quality,
annotated medical data to achieve accurate
predictions. In many healthcare settings, patient data
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is either insufficient, incomplete, or unstructured,
which can degrade model performance. Furthermore,
privacy and security regulations limit the accessibility
of comprehensive datasets.

2. Generalization Across Populations:

Many Al diagnostic systems are trained on datasets
from specific populations or regions, which may not
generalize well to other demographic or geographic
groups. Differences in patient characteristics, disease
prevalence, and medical practices pose challenges to
creating universally applicable models.

3. Explainability and Trust:

Deep learning models, while highly accurate, often
function as "black boxes," making it difficult for
healthcare professionals to understand the rationale
behind predictions. Lack of interpretability can reduce
trust in Al systems and hinder clinical adoption.

4. Integration with Clinical Workflows:

Al diagnostic tools must seamlessly integrate with
existing hospital information systems and workflows.
However, technical incompatibilities, limited
interoperability, and resistance to adopting new
technologies can impede successful deployment.

5.  Computational and Resource Constraints:
Advanced Al models, particularly deep learning
systems, require substantial computational resources,
including high-performance GPUs and memory.
Resource-limited healthcare facilities may struggle to
deploy these systems efficiently.

6. Ethical and Regulatory Concerns:

The use of Al in healthcare raises ethical issues related
to patient privacy, data security, and accountability in
case of diagnostic errors. Regulatory frameworks are
still evolving, which creates uncertainty in adopting
Al-based solutions.

VII. RESEARCH GAPS

e Limited multi-modal data integration: Most
existing systems focus on single data types (e.g.,
images or lab tests) rather than combining
multiple sources such as imaging, clinical records,
and genomics.
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e Real-time diagnosis challenges: Few systems
provide rapid, real-time diagnostic support
suitable for emergency settings.

e Adaptive learning systems: Current models are
largely static and struggle to adapt to new diseases
or evolving medical knowledge without
retraining.

e Personalized healthcare prediction: There is a gap
in systems that accurately account for individual
patient variability to provide personalized
diagnostics and treatment recommendations.

VIII. FUTURE SCOPE

The proposed Al-powered healthcare diagnostic
system demonstrates significant potential in
improving medical diagnosis accuracy and efficiency.
However, there are several opportunities for future
research and development to further enhance its
capabilities and real-world applicability.

1. Integration of Multi-Modal Data:

Future systems can integrate diverse types of medical
data, such as imaging, laboratory results, genomics,
and patient history, to provide more comprehensive
and accurate diagnostic insights. Multi-modal Al
models can capture correlations across different data
sources, leading to improved disease prediction and
personalized treatment recommendations.

2. Real-Time and Remote Diagnosis:

Enhancing the system to provide real-time diagnostic
support in emergency settings or telemedicine
scenarios can significantly improve patient care. Al
models optimized for low-latency processing and
cloud-based deployment can enable rapid decision-
making, even in remote or resource-limited areas.

3. Explainable AI (XAI):

Developing Al models with explainable outputs will
increase transparency and trust among healthcare
professionals. Future research can focus on
interpretable Al methods that clearly explain the
reasoning behind diagnostic decisions, enabling
clinicians to make informed decisions and validate Al
recommendations.

4. Adaptive and Continuous Learning:
Implementing adaptive Al systems capable of
continuous learning from new patient data will allow

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8267



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002

models to evolve with emerging diseases, treatment
protocols, and changing population health trends. This
can reduce the need for frequent retraining while
maintaining high diagnostic accuracy.

5.Personalized Healthcare Recommendations:

Future systems can incorporate patient-specific factors
such as genetics, lifestyle, and comorbidities to
provide personalized diagnostics and treatment
suggestions. This will enhance precision medicine and
improve overall patient outcomes.

6. Enhanced Integration with Healthcare Systems:
The system can be integrated seamlessly with hospital
information systems, electronic health records
(EHRs), and mobile health applications. Such
integration will streamline workflow, reduce manual
errors, and enable more efficient patient monitoring
and follow-up.

7. Ethical and Regulatory Compliance:

Future research should also focus on developing Al
systems that adhere to ethical guidelines and evolving
healthcare regulations. Ensuring patient data privacy,
security, and accountability in Al-assisted diagnoses
will facilitate wider adoption of these systems in
clinical settings.

IX. CONCLUSION

Al-powered healthcare diagnostic systems have
emerged as transformative tools capable of enhancing
medical decision-making, improving diagnostic
accuracy, and reducing the workload of healthcare
professionals. This study explored the comparative
performance of machine learning, deep learning, and
hybrid Al systems, highlighting the advantages of the
proposed hybrid approach in terms of accuracy,
processing efficiency, scalability, and usability.
Despite the progress, several challenges remain,
including data quality limitations, lack of
generalization, explainability issues, integration
barriers, and ethical concerns. Addressing these
challenges is critical for the wider adoption of Al in
healthcare. Furthermore, identified research gaps such
as multi-modal data integration, real-time diagnosis,
adaptive learning, and personalized healthcare point
toward promising avenues for future work.

The proposed system demonstrates significant
potential to improve patient outcomes and support

IJIRT 191938

clinical decision-making, while future enhancements
could make it more adaptive, interpretable, and
accessible. In conclusion, Al-based healthcare
diagnostic systems represent a crucial step toward
modernizing healthcare delivery, with the ability to
provide timely, accurate, and personalized medical
care while complementing the expertise of healthcare
professionals.
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