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Abstract: The use of Artificial Intelligence (Al) has changed the medical imaging field by increasing the
accuracy, efficiency, and outcomes of patient care. This comprehensive review outlines the applications
of Al technologies, mainly machine learning and deep learning methods, in various imaging modalities
including X-ray, MRI, CT, SPECT, ultrasound, and mammaography. Advances related to applications of
Al technologies related to image segmentation, disease detection, predictive analytics, and quality
improvement are also discussed. After a systematic assessment of 24 research studies, we see that deep
learning algorithms detect images with efficiency between 65% and 100% across different diagnostic
tasks. Specific advantages seen in the studies were increased accuracy of diagnosis, early diagnosis,
individualized treatment care pathways, and improved utilization of healthcare services. Despite these
advances, there are still limitations around data quality, transparency of algorithms, and ethical
considerations. This paper recommends ongoing development, innovation, and collaboration with
radiologists and developers in Al imaging to realize the potential of Al in medical imaging.
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personalized medicine. Al systems will
supplement Radiologists' knowledge and assist

1.Introduction

1.1 Background

Artificial Intelligence (Al) denotes the imitation
of human Intelligence in machines that are
created to think, learn and adapt like humans.
This includes the creation of sophisticated
algorithms and computer systems, performing
tasks that historically have necessitated human
reasoning, adaptability, and cognitive processing.
In the realm of medical imaging, Al has ushered
in a paradigm shift, changing diagnostic
accuracy, efficiency in workflow and delivery of
patient care.

At present, the use of Al in medical imaging
addresses some of the most pressing and urgent
healthcare issues. The increase in the volume of
imaging data, the urgent need to diagnose patients
accurately and quickly, and the increased need for

the clinical decision-making process by carrying
out complicated analysis and exposing patterns
that are undetectable by human practitioners.

1.2 Al Applications in Medical Imaging

Al has found diverse applications across the
medical imaging spectrum:

Image Segmentation: Identification and
delineation of specific anatomical structures or
regions of interest within medical images,
enabling precise analysis of organs, tissues, and
pathological features [5,6].

Disease Detection and Diagnosis: Automated
identification of abnormalities by highlighting
potential areas of concern, facilitating early
detection across various imaging modalities
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regardless of the specific technique employed
[1,12,27].

Image Preprocessing: Enhancement of medical
image quality through noise reduction, artifact
removal, and reconstruction from incomplete or
degraded data, improving overall diagnostic
clarity and value [19,23,29].

Personalized Treatment Planning:
Development of individualized treatment
strategies based on patient-specific
characteristics, disease progression patterns, and
predicted therapeutic responses [7,24].

Predictive Analytics: Integration of imaging
data with clinical information to forecast disease
progression, treatment outcomes, and potential
complications, enabling proactive and informed
decision-making [7,9].

Quality Control: Automated maintenance of
imaging standards by detecting artifacts,
equipment malfunctions, and technical errors,
ensuring consistently high-quality diagnostic
images [20,23,26].

Monitoring and Follow-Up: Continuous
assessment of disease progression and treatment
response over time, facilitating timely
adjustments to therapeutic interventions [10,21].

1.3 Al Methodological Approaches

Contemporary Al-based approaches in medical
imaging are broadly categorized into two main
groups:

Machine Learning (ML) refers to algorithms that
allow a system to learn from data autonomously
by examining patterns and relationships. In ML
models, we need to specify the features that
define the objects we are studying. In the context
of medical imaging, one important source of these
features is radiomics, which is the extraction and
analysis of quantitative features from medical
images, such as intensity, shape, texture, and
other morphological characteristics.

Deep Learning (DL) is a subset of ML that uses
complex artificial neural networks to model and
solve problems without supervised intervention.
Unlike classical ML approaches, deep networks
are capable of determining important diagnostic
parameters on their own, without guided

supervision, through the network's internal
convolutional layers and raw images, providing
classification, segmentation or detection outputs.

In recent literature, current literature suggests that
deep learning algorithms are more frequently
used than classical ML methodologies and
typically have higher accuracy and dependability.
However, there are exceptions in which classical
ML and a texture analysis may achieve similar or
improved performance in certain applications.

2. LITERATURE REVIEW

2.1 Deep Learning for Brain Metastases
Detection

A systematic review and meta-analysis evaluated
the diagnostic efficacy of deep learning
algorithms utilizing MRI for identifying cerebral
metastases in oncological patients [1]. The
comprehensive  literature  search  across
MEDLINE, EMBASE, and Web of Science
yielded 24 studies that underwent rigorous quality
assessment using the Quality Assessment of
Diagnostic Accuracy Studies-2 (QUADAS-2)
framework and the Checklist for Atrtificial
Intelligence in Medical Imaging.

The qualitative synthesis demonstrated a pooled
detectability rate of 89% at both patient and lesion
levels, underscoring the substantial utility of deep
learning paradigms _in  enhancing cerebral
metastases detection precision [1]. The findings
advocate for stringent adherence to established
reporting standards to augment reproducibility
and interpretability. The evident heterogeneity in
reported false-positive rates highlighted areas
requiring future standardization efforts.

2.2 Extended Reality in Diagnostic Imaging

The past decade witnessed unprecedented
adoption of Extended Reality (ER) in healthcare,
particularly in diagnostic imaging, patient
positioning, and medical education [13].
Comprehensive analysis of scientific publications
explored ER's potential benefits in ultrasound,
interventional  radiology, and  computed
tomography contexts. The integration of ER into
medical education garnered significant attention
for creating immersive learning environments.

While questions regarding economic feasibility
and maintenance costs arose, the analysis
suggests that implementing ER in clinical
practice holds promise for expanding diagnostic
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capabilities, improving educational outcomes,
and enhancing patient experiences through
increased visualization and comprehension of
medical conditions [13].

2.3 Artificial Intelligence Integration in
Radiology

A comprehensive review examined Al
integration into radiology, covering the evolution
from traditional X-ray discovery to contemporary
machine learning and deep learning adoption for
medical image analysis [25]. Key applications
discussed included image segmentation,
computer-aided diagnosis, predictive analytics,
and workflow optimization, all contributing to
improved diagnostic accuracy, personalized
treatment, and increased clinical efficiency.

Despite significant benefits, challenges such as
data integrity, algorithm transparency, and ethical
concerns were acknowledged [25]. The review
concluded optimistically, advocating for ongoing
research, technological advancement, and
collaboration between radiologists and Al
developers to harness Al's full potential while
maintaining ethical responsibility.

3. Al APPLICATIONS ACROSS IMAGING
MODALITIES

3.1 X-ray Imaging

Lower Limb Alignment Prediction: A
convolutional neural network (CNN) was
leveraged to predict weight-bearing line (WBL)
ratios from knee anteroposterior radiographs,
enhancing osteoarthritis diagnosis [3]. Using
stratified random sampling of 4,790 knee AP
radiographs from 2,410 patients, the CNN's key-
point detection capability identified crucial tibial
plateau points, facilitating accurate WBL ratio
calculations. This method demonstrated accuracy
comparable to direct measurements from full-leg
radiographs, promising significant benefits for
early detection and treatment of knee-related
conditions [3].

Dynamic Chest Radiograph Simulation: An
innovative Radiograph  Motion  Simulation
(RMS) network integrated U-Net with LSTM
networks to simulate and predict respiratory lung
motion from single-phase chest X-rays [33]. A
Spatial Transformer Network was applied for
precise image deformation reflecting true
respiratory motion. This approach enhanced

diagnostic capabilities by providing insights into
lung dynamics from static X-rays, offering a non-
invasive alternative for lung function assessment.

Foreign Object Detection: Deep convolutional
neural networks identified foreign objects in chest
X-ray images using data from the NIH Chest X-
ray Dataset [27]. The YOLOvV8-based detection
model demonstrated an average precision of
0.815, presenting significant benefits including
improved diagnostic  accuracy, increased
efficiency in processing X-ray images, and
potential for earlier disease detection.

3.2 Magnetic Resonance Imaging (MRI)

Prostate Cancer Diagnosis: A comparative
study of automated deep learning segmentation
models for prostate MRI found that while most
models yielded similar results, the nnU-Net
framework demonstrated superior performance
[5]. Models augmented with object detection
preprocessing showed enhanced generalizability,
offering significant benefits including improved
diagnostic accuracy, better treatment planning,
and early detection capabilities.

Cervical Cancer Response Prediction: A deep
learning  radiomics nomogram  (DLRN)
leveraging  multiparametric -~ MR  imaging
predicted responses to neoadjuvant chemotherapy
in locally advanced cervical cancer patients [7].
The DLRN demonstrated superior predictive
accuracy over traditional clinical models,
supporting personalized treatment plans and
optimizing resource utilization.

Wilms Tumor Volume Quantification:
Investigation of tumor volume measurement
using manual segmentation versus traditional
radiological methods revealed that nnU-Net-
based automated segmentation achieved high
accuracy with a median Dice coefficient of 0.90
and median 95th percentile Hausdorff distance of
7.2 mm [10], offering precise volume
measurements efficiently while avoiding time
and observer variabilities.

Breast Cancer Early Detection: An Al-based
approach using CNN improved classification of
enhancing foci in MRI scans of BRCA
pathogenic variant carriers [15]. The model
successfully identified 65% of cancerous foci,
particularly excelling in triple-negative breast
cancer detection, promising enhanced early
detection in high-risk individuals.
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Liver Lesion Differentiation: Advanced
diagnostic methodologies employed
multiparametric magnetic resonance imaging
with  sophisticated multiclass segmentation
algorithms to differentiate between various liver
lesion types and healthy tissue [16]. Statistical
evaluation using AUC ROC curves demonstrated
high accuracy in distinguishing between healthy
and diseased liver states.

3.3 Computed Tomography (CT)

Prostate Cancer Diagnosis: A comparative
study of automated deep learning segmentation
models for prostate MRI found that while most
models yielded similar results, the nnU-Net
framework demonstrated superior performance
[5]. Models augmented with object detection
preprocessing showed enhanced generalizability,
offering significant benefits including improved
diagnostic accuracy, better treatment planning,
and early detection capabilities.

Cervical Cancer Response Prediction: A deep
learning  radiomics  nomogram  (DLRN)
leveraging  multiparametric MR imaging
predicted responses to neoadjuvant chemotherapy
in locally advanced cervical cancer patients [7].
The DLRN demonstrated superior predictive
accuracy over traditional clinical models,
supporting personalized treatment plans and
optimizing resource utilization.

Wilms  Tumor Volume Quantification:
Investigation of tumor volume measurement
using manual segmentation versus traditional
radiological methods revealed that nnU-Net-
based automated segmentation achieved high
accuracy with a median Dice coefficient of 0.90
and median 95th percentile Hausdorff distance of
7.2 mm [10], offering precise volume
measurements efficiently while avoiding time
and observer variabilities.

Breast Cancer Early Detection: An Al-based
approach using CNN improved classification of
enhancing foci in MRI scans of BRCA
pathogenic variant carriers [15]. The model
successfully identified 65% of cancerous foci,
particularly excelling in triple-negative breast
cancer detection, promising enhanced early
detection in high-risk individuals.

Liver Lesion Differentiation: Advanced
diagnostic methodologies employed
multiparametric magnetic resonance imaging

with  sophisticated multiclass segmentation
algorithms to differentiate between various liver
lesion types and healthy tissue [16]. Statistical
evaluation using AUC ROC curves demonstrated
high accuracy in distinguishing between healthy
and diseased liver states.

3.4 SPECT Imaging

Alzheimer's Disease Classification:
Convolutional neural networks and single-photon
emission computed tomography imaging
analyzed Alzheimer's disease progression [8].
Utilizing a range of CNN models from
lightweight (MobileNet V2, NASNetMobile) to
heavier models (VGGL16, Inception V3, ResNet),
the research enhanced AD diagnosisaccuracy and
demonstrated transfer learning effectiveness in
leveraging limited medical imaging datasets.

3.5 Ultrasonography Hemoperitoneum
Classification: Automated machine learning
(AutoML) identified hemoperitoneum presence
in ultrasonography images of Morrison's pouch in
trauma patients [18]. Using Google's open-source
AutoML with 2,200 USG images from 864
patients across multiple centers, the model
demonstrated high accuracy with sensitivity and
specificity exceeding 94% and AUROC of 0.97.

3.6 Mammography

Digital Breast Tomosynthesis: Deep learning
enhanced breast cancer. screening by addressing
tissue overlap limitations in mammography [4].
Modified deep learning frameworks with
adjusted fully connected layers and regularization
techniques achieved 93.2% accuracy in
classifying DBT slices as benign or malignant,
with high sensitivity, specificity, and precision
values.

Asymmetry Detection: Dynamic Time Warping
(DTW) for morphological analysis and Growing
Seed Region (GSR) method for skin
segmentation detected asymmetries indicative of
potential breast cancer [32]. These methods
enhanced early cancer detection, increased
diagnostic efficiency, and provided patient-
specific insights for personalized approaches.

3.7 Other Imaging Techniques

Polyp Segmentation: The Dual Boundary-
guided Attention Exploration Network (DBE-
Net) addressed challenges in colonoscopy polyp
segmentation including indistinct boundaries and
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size variability [6]. Incorporating dual boundary-
guided modules and multi-scale enhancement,
DBE-Net significantly improved polyp detection
precision, demonstrating superior performance
on benchmark datasets.

Diabetic Retinopathy Diagnosis:  U-Net
algorithm for segmentation and YOLOvV5 for
detection diagnosed diabetic retinopathy in color
fundus images [12]. The detection algorithm
successfully identified 100% of DR signs
compared to lower detection rates by expert and
resident  doctors, significantly  benefiting
clinicians through improved accuracy and
efficiency.

Breast Histopathology: Three feature extraction
methods (CNN, transfer learning with VGGL16,
and knowledge-based system) were evaluated
using seven classifiers on the BreakHis 400x
dataset [14]. The knowledge-based system
achieved 98% accuracy, outperforming CNN
(85%) and VGG16 (86%) approaches.

Glioblastoma Dose Prediction: A 3D VMAT
dose prediction model for glioblastoma treatment
using deep learning techniques, specifically
cascaded 3D U-Nets, was developed [24]. The
model demonstrated good sensitivity to realistic
contour variations and enhanced treatment
planning efficiency.

Lung Cancer Detection: Advanced
computational methods enhanced lung cancer
detection from histopathological images,
employing enhanced Kernel Fuzzy C-Means
segmentation and  various  optimization
algorithms [30]. Seven classifiers were used for
categorizing images, offering significant benefits
for early cancer detection and diagnostic
accuracy.

Tumor Vascular Networks: Sophisticated
computational techniques enabled reconstruction
and examination of neoplastic vascular
architectures from histological sections [31]. The
capability to generate intricate three-dimensional
models augmented understanding of tumor
biology and aided in strategic planning of
therapeutic interventions.

Skin Cancer Detection: A max voting ensemble
technique combined predictions from various
pre-trained deep learning models including
MobileNetV2, AlexNet, VGG16, ResNet50, and
others for skin cancer classification [34,37]. This

ensemble approach enhanced diagnostic accuracy
by leveraging the diverse strengths of each model.

4. BENEFITS AND CLINICAL IMPACT
4.1 Diagnostic Accuracy Enhancement

Al algorithms consistently demonstrate superior
diagnostic accuracy compared to traditional
methods across multiple imaging modalities
[1,4,12,14]. Detection efficiency ranging from
65% to 100% in various diagnostic tasks indicates
Al's capability to identify subtle abnormalities
that may be missed by human observers. This
enhanced accuracy translates directly to
improved patient outcomes through earlier
disease detection and more precise diagnosis
[3,15,27].

4.2 Efficiency and Workflow Optimization

Automated Al-powered analysis significantly
reduces image interpretation time, allowing
radiologists to focus on complex cases requiring
human  expertise [9,18,25].  Workflow
optimization through Al integration enables
healthcare facilities to handle increasing imaging
volumes without proportional increases in
staffing  requirements, addressing critical
healthcare resource constraints [20,23].

4.3 Personalized Medicine

Al's ability to analyze vast amounts of patient
data, including imaging characteristics, clinical
history, and genetic information, facilitates
personalized  treatment  planning  [7,24].
Predictive analytics enable clinicians to anticipate
disease progression and treatment responses,
allowing for proactive therapeutic interventions
tailored to individual patient profiles [7,9].

4.4 Quality Assurance

Automated quality control mechanisms detect
artifacts, equipment malfunctions, and technical
errors in real-time, ensuring consistent high-
quality imaging [26,29]. This continuous quality
monitoring  reduces the likelihood of
misdiagnosis due to poor image quality and
improves overall diagnostic reliability [19,23].

4.5 Educational Applications

Al systems serve as valuable educational tools for
medical professionals, providing immediate
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feedback and facilitating skill development
[13,25]. Extended Reality integration creates
immersive learning environments that enhance
understanding  of  complex  anatomical
relationships and pathological processes [13].

5.CHALLENGES AND LIMITATIONS
5.1 Data Integrity and Standardization

Al algorithm performance heavily depends on
training data quality, quantity, and diversity
[1,25].  Inconsistent  imaging  protocols,
equipment variations, and lack of standardized
datasets pose significant challenges to developing
generalizable Al models. Addressing these issues
requires collaborative efforts to establish
comprehensive, well-annotated, and diverse
training datasets [35,36].

5.2 Algorithm
Interpretability

Transparency and

Deep learning models often function as "black
boxes,” making it difficult to understand their
decision-making processes [25]. This lack of
transparency raises concerns about reliability,
particularly in critical diagnostic scenarios.
Developing explainable Al systems that provide
insights into their reasoning processes is essential
for clinical acceptance and regulatory approval.

5.3 Ethical and Legal Considerations

Al implementation in healthcare raises important
ethical questions regarding patient privacy, data
security, algorithmic bias, and liability in case of
diagnostic errors [25]. Establishing clear ethical
guidelines,  regulatory  frameworks, and
accountability mechanisms is crucial for
responsible Al deployment.

5.4 Integration with Clinical Workflows

Seamless integration of Al systems into Seamless
integration of Al systems into existing clinical
workflows presents technical and organizational
challenges [25]. User interface design,
interoperability with existing systems, and
clinician training requirements must be carefully
addressed to ensure successful adoption.

5.5 Economic Considerations

The initial investment in Al infrastructure,
ongoing maintenance costs, and required
technical ~ expertise  represent  significant
economic barriers, particularly for resource-

limited healthcare settings [13]. Cost-benefit
analyses and sustainable financing models are
necessary to ensure equitable access to Al
technologies.

6. FUTURE DIRECTIONS
6.1 Multimodal Al Integration

Future Al systems will likely integrate
information from multiple imaging modalities
and diverse data sources including genomics,
proteomics, and electronic health records [16,25].
This comprehensive approach will enable more
accurate diagnoses and better-informed treatment
decisions.

6.2 Real-time Decision Support

Advancements in computational power and
algorithm efficiency will enable real-time Al-
powered decision support during imaging
procedures and clinical consultations [9,18],
allowing for immediate diagnostic insights and
treatment recommendations.

6.3 Federated Learning

Federated learning approaches will allow Al
models to be trained across-multiple institutions
without sharing sensitive patient data, addressing
privacy concerns while enabling development of
more robust and generalizable algorithms.

6.4 Explainable Al Development

Continued research into explainable Al
techniques will improve transparency and
interpretability, facilitating clinical acceptance
and regulatory approval while maintaining high
diagnostic performance.

6.5 Democratization of Al Technology

Efforts to make Al tools more accessible and
affordable will ensure broader adoption across
diverse healthcare settings, including resource-
limited environments [18,28]. Open-source
platforms, cloud-based  solutions,  and
collaborative development initiatives will play
crucial roles in democratizing Al technology.
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7. CONCLUSION

Artificial Intelligence has the potential to
revolutionize medical imaging, with enormous
capabilities to enhance diagnostic accuracy,
improve workflow efficiency, and increase
personalized patient care. In reviewing the recent
literature, it is clear that the applications of Al
span the imaging spectrum and a wide variety of
clinical scenarios, often demonstrating improved
performance compared to its historical
counterparts. Harnessing the power of machine
learning and deep learning applications has
improved disease detection, image segmentation,
predictive analytics, and quality assurance
processes, with detection efficiencies of 65% to
100% in a variety of diagnostic tasks. Al systems
have demonstrated their worth in augmenting
radiologist capabilities and improving patient
care.

However, achieving Al implementations to their
potential across a wide spectrum will require
addressing several major challenges around data
quality, algorithm transparency, and ethical
issues impacting clinical practice. Continued
research, technological development, and
collaboration  between  radiologists, Al
developers, data scientists and healthcare
administrators will be necessary to address these
challenges.

The future of medical imaging will be rooted in
the partnership between human expertise and
artificial intelligence. If we embrace these
modalities and maintain rigorous ethical
expectations and quality assurance standards, the
medical community can unlock this emerging
technology's transformational capacity to
provide more accurate, efficient and personalized
healthcare to patients everywhere.

REFERENCES

[1] Ozkara, B.; Chen, M.; Federau, C;
Karabacak, M.; Briere, T.; Li, J.; Wintermark, M.
Deep Learning for Detecting Brain Metastases on
MRI: A Systematic Review and Meta-Analysis.
Cancers 2023, 15, 334.

[2] Rahmanuddin, S.; Jamil, A.; Chaudhry, A.; et
al. COVID and Cancer: A Complete 3D
Advanced Radiological CT-Based Analysis to
Predict the Outcome. Cancers 2023, 15, 651.

[3] Nam, H.; Park, S.; Ho, J.; Park, S.; Cho, J.;
Lee, Y. Key-Point Detection Algorithm of Deep
Learning Can Predict Lower Limb Alignment
with Simple Knee Radiographs. J. Clin. Med.
2023, 12, 1455.

[4] Mendes, J.; Matela, N.; Garcia, N. Avoiding
Tissue Overlap in 2D Images: Single-Slice DBT
Classification Using Convolutional Neural
Networks. Tomography 2023, 9, 398-412.

[5] Rodrigues, N.; Silva, S.; Vanneschi, L.
Papanikolaou, N. A Comparative Study of
Automated Deep Learning Segmentation Models
for Prostate MRI. Cancers 2023, 15, 1467.

[6] Ma, H.; Xu, C.; Nie, C.; Han, J.; Li, Y.; Liu,
C. DBE-Net: Dual Boundary-Guided Attention
Exploration Network for Polyp Segmentation.
Diagnostics 2023, 13, 896.

[7] Zhang, Y.; Wu, C.; Xiao, Z.; Lv, F.; Liu, Y. A
Deep Learning Radiomics Nomogram to Predict
Response to Neoadjuvant Chemotherapy for
Locally Advanced Cervical Cancer: A Two-
Center Study. Diagnostics 2023, 13, 1073.

[8] Lien, W.; Yeh, C.; Chang, C.; et al.
Convolutional Neural Networks to Classify
Alzheimer's Disease Severity Based on SPECT
Images: A Comparative Study..J. Clin. Med.
2023, 12, 2218.

[9] Huang, C.; Chiang, H.; Hsieh, C.; et al. Using
Deep-Learning-Based -Artificial Intelligence
Technique to Automatically Evaluate the
Collateral Status of Multiphase CTA in Acute
Ischemic Stroke. Tomography 2023, 9, 647-656.

[10] Buser, M.; van der Steeg, A.; Wijnen, M.; et
al. Radiologic Versus Segmentation
Measurements to Quantify Wilms Tumor
Volume on MRI in Pediatric Patients. Cancers
2023, 15, 2115.

[11] Gibala, S.; Obuchowicz, R.; Lasek, J.; et al.
Textural Features of MR Images Correlate with
an Increased Risk of Clinically Significant
Cancer in Patients with High PSA Levels. J. Clin.
Med. 2023, 12, 2836.

[12] Farahat, Z.; Zrira, N.; Souissi, N.; et al.
Application of Deep Learning Methods in a
Moroccan Ophthalmic Center: Analysis and
Discussion. Diagnostics 2023, 13, 1694.

IJCRTBJ02007 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 45


http://www.ijcrt.org/

www.ijcrt.org

© 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

[13] Kukla, P.; Maciejewska, K.; Strojna, I.; et al.
Extended Reality in Diagnostic Imaging-A
Literature Review. Tomography 2023, 9, 1071-
1082.

[14] Kode, H.; Barkana, B. Deep Learning- and
Expert Knowledge-Based Feature Extraction and
Performance Evaluation in Breast
Histopathology Images. Cancers 2023, 15, 3075.

[15] Anaby, D.; Shavin, D.; Zimmerman-
Moreno, G.; et al. 'Earlier than Early' Detection of
Breast Cancer in Israeli BRCA Mutation Carriers
Applying Al-Based Analysis to Consecutive MRI
Scans. Cancers 2023, 15, 3120.

[16] Skwirczynski, M.; Tabor, Z.; Lasek, J.; et al.
Deep Learning Algorithm for Differentiating
Patients with a Healthy Liver from Patients with
Liver Lesions Based on MR Images. Cancers
2023, 15, 3142.

[17] Valat, E.; Farrahi, K.; Blumensath, T.
Sinogram Inpainting with Generative Adversarial
Networks and Shape Priors. Tomography 2023, 9,
1137-1152.

[18] Jeong, D.; Jeong, W.; Lee, J.; Park, S. Use of
Automated Machine Learning for Classifying
Hemoperitoneum on Ultrasonographic Images of
Morrison's Pouch: A Multicenter Retrospective
Study. J. Clin. Med. 2023, 12, 4043.

[19] Nadkarni, R.; Clark, D.; Allphin, A.; Badea,
C. A Deep Learning Approach for Rapid and
Generalizable Denoising of Photon-Counting
Micro-CT Images. Tomography 2023, 9, 1286-
1302.

[20] Song, G.; Xie, Z.; Wang, H.; et al.
Segmentation of Portal Vein in Multiphase CTA
Image Based on Unsupervised Domain Transfer
and Pseudo Label. Diagnostics 2023, 13, 2250.

[21] Ozga, J.; Wyka, M.; Raczko, A.; et al.
Performance of Fully Automated Algorithm
Detecting Bone Marrow Edema in Sacroiliac
Joints. J. Clin. Med. 2023, 12, 4852.

[22] Kim, S.; Kim, Y. Effects of Path-Finding
Algorithms on the Labeling of the Centerlines of
Circle of Willis Arteries. Tomography 2023, 9,
1423-1433.

[23] Pula, M.; Kucharczyk, E.; Zdanowicz, A.;
Guzinski, M. Image Quality Improvement in
Deep Learning Image Reconstruction of Head

Computed Tomography Examination.

Tomography 2023, 9, 1485-1493.

[24] Poel, R.; Kamath, A.; Willmann, J.; et al.
Deep-Learning-Based Dose Predictor  for
Glioblastoma-Assessing the Sensitivity and
Robustness for Dose Awareness in Contouring.
Cancers 2023, 15, 4226.

[25] Najjar, R. Redefining Radiology: A Review
of Artificial Intelligence Integration in Medical
Imaging. Diagnostics 2023, 13, 2760.

[26] Cozzi, A.; Cé, M.; De Padova, G.; etal. Deep
Learning-Based  Versus Iterative  Image
Reconstruction for Unenhanced Brain CT: A
Quantitative Comparison of Image Quality.
Tomography 2023, 9, 1629-1637.

[27] Kufel, J.; Bargiet-Laczek, K.; Kozlik, M.; et
al. Chest X-ray Foreign Objects Detection Using
Artificial Intelligence. J. Clin. Med. 2023, 12,
5841.

[28] Peretti, L.; Donatelli, G.; Cencini, M.; et al.
Generating Synthetic Radiological Images with
PySynthMRI: An Open-Source Cross-Platform
Tool. Tomography 2023, 9, 1723-1733.

[29] Raspe, J.; Harder, F.; Rupp, S.; et al
Retrospective Motion Artifact Reduction by
Spatial Scaling of Liver Diffusion-Weighted
Images. Tomography 2023, 9, 1839-1856.

[30] Shanmugam, K.; Rajaguru, H. Exploration
and Enhancement of Classifiers in the Detection
of Lung Cancer from Histopathological Images.
Diagnostics 2023, 13, 3289.

[31] Lindemann, M.; Glénzer, L.; Roeth, A;
Schmitz-Rode, T.; Slabu, I. Towards Realistic 3D
Models of Tumor Vascular Networks. Cancers
2023, 15, 5352.

[32] Bayareh-Mancilla, R.; Medina-Ramos, L.;
Toriz-Vazquez, A.; et al. Automated Computer-
Assisted Medical Decision-Making System
Based on Morphological Shape and Skin
Thickness Analysis for Asymmetry Detection in
Mammographic Images. Diagnostics 2023, 13,
3440.

[33] Yang, D.; Huang, Y.; Li, B.; Cali, J.; Ren, G.
Dynamic  Chest  Radiograph  Simulation
Technique with Deep Convolutional Neural
Networks: A Proof-of-Concept Study. Cancers
2023, 15, 5768.

IJCRTBJ02007 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 46


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

[34] Hossain, M.; Hossain, M.; Arefin, M.;
Akhtar, F.; Blake, J. Combining State-of-the-Art
Pre-Trained Deep Learning Models: A Noble
Approach for Skin Cancer Detection Using Max
Voting Ensemble. Diagnostics 2024, 14, 89.

[35] Strzelecki, M.; Badura, P. Machine Learning
for Biomedical Application. Appl. Sci. 2022, 12,
2022.

[36] Pidrkowski, A.; Obuchowicz, R.; Urbanik,
A.; Strzelecki, M. Advances in Musculoskeletal
Imaging and Their Applications. J. Clin. Med.
2023, 12, 6585.

[37] Strzelecki, M.; Kociotek, M.; Strgkowska,
M.; etal. Artificial intelligence in the detection of
skin cancer: State of the art. In Clinics in
Dermatology; Elsevier:  Amsterdam, The
Netherlands, 2024.

IJCRTBJ02007 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 47


http://www.ijcrt.org/

