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This article systematically analyzes the application of artificial intelligence (Al) and deep
learning algorithms in magnetic resonance imaging (MRI) systems, their role in
improving diagnostic accuracy, and their impact on the clinical decision-making process.
The study evaluates the clinical effectiveness of Al-based automatic segmentation,
pathology classification, and disease outcome prediction models. Special attention is
given to the "black-box" problems of Al models, ensuring data privacy, and the concept of
Explainable AI (XAI). Furthermore, the existing challenges and future prospects of
implementing these innovative technologies into daily clinical practice are widely
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Introduction In modern medicine, radiology,
particularly magnetic resonance imaging (MRI),
is one of the most highly informative and
systematically developing fields. Due to its
ability to generate high-contrast, multi-
parametric (T1, T2, FLAIR, DWI, DTI) images of
soft tissues, MRI is of incomparable importance
in the non-invasive assessment of the
morphological, functional, and metabolic state
of the human body. However, over the last
decade, the exponential growth in the volume of
medical images has led to a sharp increase in the
cognitive overload on radiologists and an
increased probability of diagnostic errors
associated with the human factor (fatigue
syndrome). In this regard, artificial intelligence
(AI) technologies, specifically Convolutional
Neural Networks (CNN), U-Net architectures,
and Vision Transformers (ViT) models, are
creating an entirely new paradigm in the
analysis, processing, and interpretation of MRI
data.

Materials and Methods This study is a
systematic review conducted based on PRISMA
(Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines.
Scientific works published between 2015 and
2025 were studied, and for the analysis, more
than 50 articles with a high impact factor were
selected from  prestigious international
scientific databases such as PubMed, Scopus,
Web of Science, and IEEE Xplore. Methods used
include the systematic and critical analysis of
scientific literature, summarizing existing meta-
analysis data, and mutually comparing the
effectiveness indicators (ROC-AUC, Dice
coefficient, sensitivity, and specificity) of
various Al algorithms in clinical diagnostics.

Main Part

1. Artificial Intelligence Architectures and
MRI Image Processing Several modern neural
networks are widely used in the computer-
aided analysis of MRI images:

. CNN and U-Net: CNNs show high results
in automatically recognizing and classifying
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pathological foci in images. The U-Net model,
specifically designed for biomedical
segmentation with its encoder-decoder
structure, allows the separation of tissue
boundaries with high precision (at the pixel
level).

. ResNet and DenseNet: These deep
architectures eliminate the vanishing gradient
problem and increase classification accuracy in
complex clinical situations.

. Vision Transformers (ViT): Gaining
popularity in recent years, these models
outperform CNNs in analyzing global context
and complex inter-tissue relationships in
images through the "self-attention" mechanism.
2. Clinical Directions of Al in MRI Diagnostics

. Neuroradiology: Al models have
achieved high results in the automatic
segmentation of brain tumors (particularly
glioblastomas) and in differentiating true tumor
growth  from  pseudoprogression (Dice
coefficient around 0.88-0.95). They also play an
important role in saving "therapeutic window"
time through hippocampal volumetry (volume
measurement) in Alzheimer's disease and the
automatic assessment of changes in diffusion-
weighted images (DWI) in ischemic stroke.

. Oncology: Al models are reducing
human error in the automatic evaluation of
prostate cancer according to the PI-RADS scale
or the early detection of tumors in breast MRI
images (BI-RADS). They not only detect the
tumor but also predict its level of malignancy.

. Musculoskeletal System: They are
successfully used to automatically measure
cartilage tissue degradation in MRI images
(integrated with T2 mapping), detect early
radiological signs of osteoarthritis, and localize
meniscus and knee joint ligament injuries.

3. Radiomics and Visual Biomarkers
Radiomics is a method of extracting hundreds of
quantitative data features from medical images
that cannot be perceived by the human eye and
mathematically analyzing them. The workflow
typically consists of 4 stages: segmentation,
feature extraction, feature selection, and
modeling. Based on texture analysis, shape
features, and intensity histograms derived from
MRI images, it becomes possible to non-

invasively assess the microstructural and
genetic properties of tissues (radiogenomics).
4. Accelerating the MRI Scanning Process
using Al (Fast MRI) Deep learning algorithms
are making revolutionary changes not only in
analyzing images but also in generating them.
By reconstructing incomplete "k-space” data (k-
space undersampling) using Al (Deep Learning
Reconstruction), scanning time can be reduced
by up to 30-50% without losing diagnostic
quality. This not only creates convenience for
patients but also serves to reduce motion
artifacts and increase the throughput capacity of
the equipment.

5. Advantages and Existing Limitations of the
Technology

. Advantages: Al models provide high
diagnostic accuracy (ROC-AUC score often
above 0.90), rapid analysis of large volumes of
data, and the ability to standardize diagnostic
conclusions.

. Limitations: Due to imbalances in
training datasets (dataset bias), models may fail
to work effectively in other clinics.
Furthermore, the hidden nature of the decision-
making logic (the "black-box" problem) creates
distrust among doctors. To overcome this,
methods such as Explainable Al (XAI) and
Federated Learning for training models while
maintaining medical data privacy are currently
being developed.

Results and Discussion The analyzed scientific
sources indicate that the integration of Al
algorithms into clinical practice can increase the
diagnostic accuracy of radiologists by an
average of 15-20% and reduce the time spent
reading each MRI scan by almost half. In
addition, the discrepancy in conclusions among
different specialists (inter-observer variability)
is significantly reduced.

Discussions strictly confirm that Al is not
capable of entirely replacing the doctor. The
highest clinical efficiency is observed in the "Al
+ radiologist" (Al-augmented radiologist)
model. While Al primarily handles routine and
time-consuming processes (measurements,
segmentation, screening), the radiologist makes
the final decision by integrating the obtained

Eurasian Medical Research Periodical

www.geniusjournals.org
Page | 81



Volume 55| April 2026

ISSN: 2795-7624

data with the patient's overall clinical condition,
anamnesis, and laboratory parameters.

Conclusion Artificial intelligence and deep
learning technologies are shaping a new
paradigm in magnetic resonance imaging
diagnostics. These technologies allow for the
early and highly accurate diagnosis of diseases,
the individualization of treatment plans
(precision medicine), and the fundamental
optimization of clinical decision-making
processes.

In the future, the coordinated operation of
radiologists with Al tools will undoubtedly set
new gold standards for quality and efficiency in
medical visualization. The radiologist of the 21st
century will not be replaced by Al but
radiologists who do not use Al will be replaced
by radiologists who do.
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