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A B S T R A K  
This study uses a qualitative research method using a Systematic Literature Review (SLR) 
approach to comprehensively analyze optimal machine learning methodologies for medical 
image processing. The goal is to propose strategies to overcome existing barriers, thereby 
improving diagnostic accuracy and streamlining clinical workflows in healthcare through 
advanced machine learning applications. A literature search was conducted using three main 
data sources: Scopus, DOAJ, and Google Scholar, covering the period 2013 to 2024. Extensive 
application of machine learning (ML) techniques, especially deep learning models such as 
convolutional neural networks (CNN), has resulted in progress which is significant in medical 
image processing. These techniques have improved diagnostic accuracy and efficiency, 
overcome complex imaging challenges, and provided a powerful framework for disease 
detection, classification, and segmentation. This review aims to consolidate these findings 
and suggest future research directions to further integrate ML in medical imaging. 
 
Kata Kunci: Machine Learning; Medical and Image Processing 

 

1. INTRODUCTION

Medical image processing is essential for achieving accurate diagnostics; however, 
traditional methods face inherent limitations [1]. The growing volume and complexity of 
medical imaging data require more efficient and precise analysis techniques [2]. Recent 
advancements in imaging technologies have introduced datasets that are not only extensive 
but also intricate, necessitating advanced analytical methods for effective interpretation [3]. 
Addressing these challenges involves integrating machine learning and artificial intelligence, 
which offer transformative potential by improving diagnostic accuracy and enabling timely 
medical interventions to enhance patient outcomes in clinical settings. 

Machine learning (ML) has become a revolutionary technology with wide-ranging 
applications, particularly in fields such as medical image processing [4]. Its adoption in this 
context represents a departure from conventional methods, offering clear benefits such as 
heightened diagnostic accuracy and operational efficiency. ML algorithms demonstrate 
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proficiency in handling extensive and intricate medical imaging datasets, enabling more 
precise analyses and interpretations compared to traditional approaches [5]. Through 
advanced computational models and algorithms, ML enables the extraction of intricate 
patterns and features from medical images, empowering healthcare practitioners with 
powerful tools to enhance diagnostic accuracy and optimize clinical processes [6]. 

Principal machine learning techniques in medical imaging include supervised learning 
for image classification and deep learning models like Convolutional Neural Networks (CNNs) 
[7]. These approaches have proven highly effective in enhancing both the accuracy and 
speed of image analysis. Supervised learning methods facilitate automated diagnostic 
processes by categorizing and labeling medical images based on annotated datasets [8]. In 
contrast, CNNs, a subset of deep learning models, excel in capturing complex spatial 
relationships within images through hierarchical feature extraction [9] [10]. This capability 
enhances the ability to discern subtle patterns and anomalies in medical images, thereby 
improving diagnostic precision and supporting clinical decision-making with increased 
efficiency and confidence. The integration of these advanced ML techniques underscores 
their potential to revolutionize medical imaging practices, promising heightened diagnostic 
capabilities and operational efficiencies in healthcare environments. 

Machine learning has proven to be a versatile and effective tool in various medical 
specialties for disease detection and image analysis. In radiology, machine learning 
techniques like convolutional neural networks are utilized for image classification and 
segmentation (Peters, 2023). Additionally, in cardiology, the development of accurate 
prediction models for heart diseases using machine learning algorithms has shown promising 
performance [12]. Furthermore, machine learning algorithms have been applied in oncology 
for the detection of diseases like Parkinson's, where a model trained on biomedical voice 
measurements aims to revolutionize the diagnosis of Parkinson's disease [13]. Moreover, in 
neurology, machine learning, particularly deep learning, is increasingly integrated into the 
clinical workflow for neuroimaging interpretation, showcasing its potential in this field 
(Peters, 2023). These applications across radiology, cardiology, oncology, and neurology 
highlight the adaptability and effectiveness of machine learning in enhancing disease 
detection and image analysis in various medical specialties. 

Machine learning in medical imaging, particularly through deep learning techniques, 
has significantly enhanced diagnostic accuracy, early disease detection, and patient 
outcomes [14] [15]. These advancements have revolutionized clinical research and 
treatment options by enabling precise organ segmentation, cancer detection, disease 
categorization, and computer-assisted diagnosis. The utilization of convolutional neural 
networks and other deep learning models has allowed for the extraction of intricate patterns 
from medical images Anwar et al. (2018), leading to improved efficiency in image processing 
tasks like registration, segmentation, feature extraction, and classification. Moreover, 
machine learning in medical imaging has paved the way for personalized medicine through 
tailored diagnostic approaches, ultimately reducing healthcare costs by streamlining 
processes and enhancing the overall quality of patient care. 

Challenges in Machine Learning in Medical Image Processing encompass data privacy 
concerns, the requirement for large annotated datasets, and seamless integration with 
existing medical workflows. The scarcity of well-annotated datasets in medical image 
analysis hinders the advancement of deep learning models Yu et al. (2022), while data 
privacy and ownership issues necessitate collaborative training techniques like Federated 
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Learning (FL) to train AI models on large datasets without sharing raw data [18]. Additionally, 
the development of AI in medical imaging demands access to large, diverse, and harmonized 
datasets representative of the population, posing a challenge due to fragmented efforts and 
limited public datasets [19]. Overcoming these challenges involves exploring data-efficient 
deep learning methods, addressing data scarcity through Federated Partially Supervised 
Learning (FPSL) for decentralized medical images with partial labels [20]. Efforts towards 
creating big data infrastructures for quality-controlled, ethically compliant, and AI-enabled 
medical imaging platforms in Europe aim to enhance model generalizability and address 
unmet needs in cancer care provision [19]. 

This research synthesizes findings highlighting the efficacy of machine learning 
techniques in medical image processing across diverse medical specialties. Studies 
demonstrate that methods such as Convolutional Neural Networks (CNNs) have substantially 
improved diagnostic accuracy, early disease detection, and patient outcomes in radiology, 
cardiology, oncology, and neurology. Nonetheless, several challenges persist. These include 
the need for access to large, well-annotated datasets essential for effective development 
and training of deep learning models. Moreover, issues related to data privacy and 
integration with existing medical workflows present significant barriers to the 
implementation of these technologies in clinical settings. Through a systematic literature 
review approach, this study aims to comprehensively identify these gaps. Its objective is to 
provide profound insights into optimal machine learning methodologies for medical image 
processing and propose strategies to address current obstacles. Ultimately, the research 
endeavors to enhance diagnostic precision and streamline clinical workflows in healthcare 
through advanced machine learning applications. 

 
2. RESEARCH METHOD 

2.1. Research Objective 
This study employs a qualitative research method using a Systematic Literature Review 

(SLR) approach. The goal is to provide an in-depth understanding of optimal machine 
learning methodologies for medical image processing and to propose strategies to overcome 
existing barriers. Ultimately, this research aims to enhance diagnostic accuracy and 
streamline clinical workflows in healthcare through advanced machine learning applications. 

2.2. Literature Search Procedure 
The literature search was conducted through three primary data sources: Scopus, 

DOAJ, and Google Scholar, covering the period from 2013 to 2024. The keywords used in the 
literature search included terms such as "Machine Learning," "Medical," and "Image 
Processing." 

2.3. Inclusion and Exclusion Criteria 
The inclusion criteria for this study include research discussing machine learning for 

medical image processing, studies detailing machine learning methods for medical image 
analysis, and articles addressing the outcomes of machine learning applications in medical 
imaging. The exclusion criteria encompass articles that do not focus on machine learning in 
medical image processing, as well as editorials, opinion pieces, and non-research articles. 

2.4. Article Selection Process 
The article selection process involves several stages. First, duplicate removal is 

conducted to eliminate articles that appear more than once in the search results. Next, title 
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and abstract screening assesses the relevance of articles based on their titles and abstracts 
to determine their suitability against the inclusion criteria. Following this, full-text reading 
ensures that the articles passing the initial screening align with the research topic. Finally, 
data extraction gathers relevant information from the selected articles, including details 
about the authors, year of publication, research methodology, key findings, and conclusions. 
This approach aims to provide a comprehensive overview of the current advancements in 
machine learning for medical image processing and to identify areas requiring further 
research to support progress in this field. 

 

3. RESULT AND DISCUSSION 

The following Table 1 presents insights and research variables from various studies on 
the application of machine learning techniques in medical image processing. These studies 
significantly contribute to enhancing medical image processing methodologies through the 
application of various machine learning models and algorithms. Approaches such as deep 
learning and transfer learning have been employed to improve diagnostic accuracy and 
efficiency, as well as to model the mathematical relationships between medical image pixels. 
Furthermore, the research identifies existing challenges in applying machine learning to 
medical image processing and effective mitigation strategies. These studies underscore the 
importance of machine learning in enhancing diagnostic precision and clinical decision-
making in the field of medical imaging. 

 
Table 1. Research Findings and Insights Based on Specific Eligibility Criteria 

No Focus Authors Insight / Research Variables 

1 Various machine 
learning 
techniques 
contribute to the 
progression of 
medical image 
processing 
methodologies. 

Cui et al. (2023), 
Singh et al. (2023), 
Rashed & Popescu 
(2023), Abdel-Aziz 
(2022), Iqbal et al. 
(2023) 

Deep learning models like CNNs and 
transfer learning enhance diagnostic 
accuracy and efficiency in medical image 
recognition. Radiomics models 
mathematical relationships between 
pixels, providing an explainable 
framework. Various classification methods 
(ANN, SVM, CNN) classify medical data, 
aiding diagnosis and assessment. ML 
algorithms are used for classifying tumors 
and dense masses. 

2 Significant 
discoveries 
emerge from 
research 
employing 
machine learning 
in medical image 
analysis across 
diverse clinical 
contexts. 

Agarwal et al. (2023), 
Nazir & Kaleem 
(2023), Singh et al. 
(2023), Alwiyah & 
Setyowati (2023), Ker 
et al. (2017), Erickson 
et al. (2017), 
Chaudhary & Agrawal 
(2023), Al Gharrawi & 
Al-Joda (2023), Giger 
(2018) 

ML, including CNNs and federated 
learning, revolutionizes disease detection, 
image classification, and segmentation. 
Topological data analysis and persistent 
homology enhance interpretability and 
efficiency. Challenges include dataset 
quality, security, and the need for 
explainable frameworks. ML continues to 
improve clinical analytics and decision-
making. 
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3 Existing 
challenges in 
applying machine 
learning to 
medical image 
processing 
require effective 
mitigation 
strategies. 

Nittas et al. (2023), 
Huang et al. (2022), 
Maliamanis et al. 
(2022), An et al. 
(2021), Lee & Lee 
(2020), Rodriguez et 
al. (2019), Rajpurkar 
et al. (2022) 

Challenges include structural barriers, 
imaging heterogeneity, dataset scarcity, 
validity and performance limitations, racial 
bias, and the need for explainability and 
robustness. Self-supervised pretraining on 
large datasets, identifying predictive 
biomarkers, and improving patient 
selection and endpoint measurement are 
effective strategies. 

4 Machine learning 
models 
demonstrate 
efficacy in 
enhancing 
diagnostic 
precision and 
clinical decision-
making in the 
field of medical 
imaging. 

Cui et al. (2023), 
Nawaz et al. (2023), 
Nittas et al. (2023), 
Kumar et al. (2019), 
Furtado (2021), Wang 
et al. (2019), 
Davatzikos et al. 
(2019) 

Deep learning models like CNNs improve 
diagnostic accuracy and efficiency by 
classifying medical image data into specific 
categories. ML addresses imaging 
challenges through multilevel feature 
extraction, attention mechanisms, and 
transfer learning. ML enhances the 
reliability and performance of diagnostic 
systems and shows promise in precision 
medicine. 

3.1. Various machine learning techniques contribute to the progression of medical image 
processing methodologies. 
Machine learning techniques play a crucial role in advancing medical image processing 

methodologies, as highlighted in the reviewed papers. Deep learning models, such as 
convolutional neural networks (CNNs) and transfer learning, are extensively utilized for 
improving diagnostic accuracy and efficiency in medical image recognition [14]. Traditional 
machine learning approaches, like radiomics, model mathematical relationships between 
adjacent pixels in images, providing an explainable framework for clinicians [21]. Various 
classification methods, including artificial neural networks (ANN), support vector machine 
(SVM), and convolutional neural networks (CNN), are employed to classify medical 
databases effectively, aiding in diagnosis and assessment of medical images [15]. 
Additionally, machine learning algorithms are used for the classification of tumors, non-
tumors, and other dense masses, demonstrating the versatility and impact of these 
techniques in medical image analysis (Abdel-Aziz, 2022). The continuous evolution of deep 
learning, with innovations in activation functions, hyperparameter optimization, and 
network architecture, further enhances the performance and capabilities of convolutional 
neural networks in various medical image processing applications [23]. 

Machine learning (ML) techniques are increasingly applied to enhance medical image 
processing and clinical trial design. ML algorithms can improve the efficiency of randomized 
controlled trials by selecting ideal patients and generating more sensitive endpoints [24]. In 
multiple sclerosis research, decision tree-based ML models outperformed traditional 
methods in predicting disability progression, potentially improving patient selection for 
clinical trials [25]. For diabetic nephropathy, Random Forest and Simple Logistic Regression 
algorithms successfully identified early and late predictors of disease development [26]. In 
Alzheimer's disease trials, ML models effectively predicted cognitive decline, potentially 
reducing required sample sizes and boosting trial power [27]. These studies demonstrate 
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that ML techniques can enhance patient selection, endpoint measurement, and predictive 
modeling across various medical fields, contributing to more efficient and powerful clinical 
trials. 

The reviewed studies illustrate the advancement of medical image processing and 
clinical trial design through various ML techniques, particularly deep learning and traditional 
methods. CNNs and transfer learning enhance diagnostic accuracy and efficiency in medical 
image recognition. Radiomics, using a mathematical approach, provides an explainable 
framework for clinicians. Diverse classification methods like ANN, SVM, and CNN effectively 
classify medical data, crucial for accurate diagnosis and assessment. ML algorithms also aid 
in classifying tumors and dense masses, showing great potential in medical image analysis. In 
clinical trials, ML algorithms improve efficiency by selecting suitable patients and generating 
sensitive endpoints. Studies in multiple sclerosis and diabetic nephropathy show that ML 
models outperform traditional methods in predicting disease progression. In Alzheimer’s 
disease trials, ML predicts cognitive decline, reducing sample sizes and increasing trial power. 

The application of ML in medical image processing and clinical trial design yields 
promising results. CNNs and transfer learning significantly improve diagnostic accuracy and 
efficiency. Radiomics provides a beneficial mathematical framework for clinicians. The 
classification methods demonstrate flexibility and effectiveness in handling diverse medical 
data, essential for accurate diagnosis and assessment. However, challenges remain, such as 
the need for large, high-quality datasets to train ML models and the interpretability of deep 
learning models like CNNs. Despite advancements, these issues persist. In clinical trials, ML 
shows potential in enhancing efficiency and trial power by selecting appropriate patients 
and generating sensitive endpoints. Practical implementation of these techniques requires 
close collaboration between ML researchers and clinical practitioners to ensure effective 
application in clinical settings. 

3.2. Significant discoveries emerge from research employing machine learning in medical 
image analysis across diverse clinical contexts. 
Significant advancements in medical image analysis have been driven by the 

integration of machine learning algorithms, particularly deep learning techniques, across 
various clinical contexts. Research has shown that machine learning, including convolutional 
neural networks (CNNs) and federated learning (FL), has revolutionized disease detection, 
image classification, and segmentation tasks in medical imaging [28] [29]. These 
technologies have addressed challenges such as dataset quality, security concerns in data 
sharing, and the need for explainable frameworks in clinical applications. The use of 
topological data analysis (TDA) and persistent homology (PH) has further enhanced the 
interpretability and efficiency of image analysis, offering insights into relevant features for 
clinicians and researchers [21]. Overall, the evolving landscape of machine learning in 
medical image analysis has significantly improved accuracy, efficiency, and diagnostic 
capabilities in radiology, pathology, and ophthalmology, showcasing the transformative 
impact of these technologies in healthcare [30]. 

Machine learning (ML) has emerged as a powerful tool for medical image analysis, 
offering significant advancements across various clinical applications. Convolutional neural 
networks (CNNs) have proven particularly effective in tasks such as image classification, 
localization, detection, segmentation, and registration [31] [32]. The ability of ML algorithms 
to discover hierarchical relationships within large datasets without manual feature 
extraction is a key advantage in the era of medical big data [33]. While supervised, 
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unsupervised, and semi-supervised learning approaches are gaining traction in risk 
assessment, disease prognosis, and image-based diagnosis, challenges persist [34]. These 
include limited annotated data, imbalanced class distributions, and subjective or uncertain 
labels [35]. Despite these obstacles, ML techniques continue to enhance clinical analytics 
and decision-making, with ongoing research addressing current limitations and exploring 
future possibilities in medical imaging [33]. 

The reviewed studies highlight the significant impact of ML, particularly deep learning 
techniques like CNNs and FL, in advancing medical image analysis. These techniques have 
revolutionized tasks such as disease detection, image classification, and segmentation, 
addressing critical challenges in dataset quality, data security, and explainability. The 
integration of TDA and PH has further enhanced the interpretability and efficiency of ML 
models, providing valuable insights for clinicians and researchers. 

CNNs have demonstrated remarkable effectiveness in various image analysis tasks, 
including classification, localization, detection, segmentation, and registration. The ability of 
ML algorithms to discover hierarchical relationships within large datasets without manual 
feature extraction is particularly advantageous in handling medical big data. Supervised, 
unsupervised, and semi-supervised learning approaches are increasingly used in risk 
assessment, disease prognosis, and image-based diagnosis, although challenges such as 
limited annotated data, imbalanced class distributions, and subjective labels remain. 

The application of ML in medical image analysis has yielded promising results, 
significantly improving diagnostic accuracy, efficiency, and capabilities in various clinical 
fields. CNNs and FL have been particularly effective in enhancing disease detection and 
image classification, while TDA and PH have improved the interpretability and efficiency of 
ML models. The ability of ML algorithms to handle large datasets and discover hierarchical 
relationships without manual feature extraction is a notable advantage. However, challenges 
persist, including the need for large, high-quality annotated datasets, addressing imbalanced 
class distributions, and dealing with subjective or uncertain labels. Despite these obstacles, 
ongoing research continues to address these limitations and explore future possibilities, 
highlighting the potential of ML techniques to further enhance clinical analytics and 
decision-making. 

3.3. Existing challenges in applying machine learning to medical image processing require 
effective mitigation strategies. 

Applying machine learning to medical image processing faces various challenges that 
necessitate effective mitigation strategies. These challenges include structural barriers, 
imaging heterogeneity, dataset scarcity, validity and performance limitations, racial bias, and 
the need for explainability and trustworthiness [36] [37]. Additionally, adversarial attacks 
pose a significant threat to the performance of deep learning models in medical image 
analysis, emphasizing the importance of robustness and defensive strategies [38]. While 
machine learning offers improved analytic power, efficiency, and decision-making 
capabilities in medical imaging, the field still lacks clinical integration and standardized 
reporting, hindering the translation of algorithms into routine clinical use  [36] [37]. To 
address these issues, future trends are expected to focus on multi-source models, enhanced 
data representativeness, and increased transparency in algorithmic decision-making 
processes. 

Machine learning (ML) applications in medical imaging face several challenges that 
require effective mitigation strategies. Small sample sizes can lead to unreliable results, 
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particularly when using single random training-test set splits [39]. To address this, self-
supervised pretraining on large datasets can reduce the need for labeled data and improve 
performance in downstream tasks like pulmonary embolism detection and lung nodule 
segmentation [24]. ML techniques can also identify predictive biomarkers for conditions like 
diabetic nephropathy, with Random Forest and Simple Logistic Regression showing 
promising results (Rodriguez et al., 2019). Additionally, AI has the potential to transform 
randomized controlled trials by improving patient selection, reducing sample sizes, and 
minimizing measurement errors [40]. However, researchers must be cautious of potential 
biases in ML models, as demonstrated by improved race prediction performance using self-
supervised training weights [24]. 

The studies reviewed highlight various challenges in applying ML to medical image 
processing and propose strategies to mitigate these issues. Structural barriers and imaging 
heterogeneity create obstacles that necessitate robust and adaptable models. Dataset 
scarcity is addressed through techniques like self-supervised pretraining, which reduces 
reliance on labeled data. Validity and performance limitations, as well as racial bias, 
underscore the need for more representative datasets and fairness in model development. 
Explainability and trustworthiness remain crucial for clinical adoption, emphasizing the 
importance of transparent and interpretable models. Adversarial attacks pose significant 
threats, necessitating the development of robust defensive strategies. The lack of clinical 
integration and standardized reporting hinders the translation of ML algorithms into routine 
clinical practice. However, advancements in multi-source models, enhanced data 
representativeness, and transparency in algorithmic decision-making processes are expected 
to drive future improvements. Small sample sizes in medical imaging can lead to unreliable 
results, but self-supervised pretraining on large datasets can mitigate this issue. ML 
techniques show promise in identifying predictive biomarkers and transforming clinical trials, 
though researchers must remain vigilant about potential biases in the models. 

The application of ML to medical image processing presents both significant challenges 
and promising solutions. Structural barriers and imaging heterogeneity require robust and 
adaptable models, while dataset scarcity can be mitigated through self-supervised 
pretraining. Validity and performance limitations highlight the need for more representative 
and fair datasets. The importance of explainability and trustworthiness cannot be overstated, 
as these factors are critical for clinical adoption. Adversarial attacks pose a substantial threat 
to deep learning models, emphasizing the need for robust defensive strategies. The lack of 
clinical integration and standardized reporting is a major obstacle, but future trends focusing 
on multi-source models, enhanced data representativeness, and transparency in decision-
making processes offer hope for overcoming these challenges. Small sample sizes remain an 
issue, but strategies like self-supervised pretraining on large datasets show promise. ML 
techniques have the potential to transform clinical trials and identify predictive biomarkers, 
though caution is necessary to avoid biases in the models. 

3.4. Machine learning models demonstrate efficacy in enhancing diagnostic precision and 
clinical decision-making in the field of medical imaging. 

Machine learning models, particularly deep learning techniques like convolutional 
neural networks (CNNs), have shown significant promise in improving diagnostic accuracy 
and clinical decision-making in medical imaging [14][41]. These models aid in classifying 
medical image data, such as chest X-rays and skin cancer dermoscopy images, into different 
categories like normal/abnormal or benign/malignant, thus enhancing the precision of 
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diagnoses. Additionally, deep learning models address challenges in medical imaging, such as 
unclear edges and overlapping regions, by extracting multilevel features and employing 
attention mechanisms and transfer learning techniques [14]. The use of machine learning in 
medical imaging not only improves analytic power and decision-making efficiency but also 
holds the potential to enhance equity in healthcare delivery [36]. Furthermore, future trends 
suggest a shift towards more explainable and multi-source models to ensure robust and 
reliable clinical integration [36]. 

Machine learning (ML) has become a potent tool in medical imaging, enhancing the 
accuracy of diagnoses and clinical decision-making. ML algorithms analyze intricate visual 
data from diverse imaging techniques, thereby improving diagnostic precision and efficiency 
[42]. These methods are applied across various tasks in medical imaging, such as computer-
aided diagnosis, organ/lesion segmentation, and image-guided therapy [43]. ML excels in 
handling large datasets, uncovering correlations, and identifying patterns that enhance the 
reliability and performance of diagnostic systems for different diseases [44]. In precision 
medicine, ML-derived imaging signatures have shown promise in predicting personalized 
clinical outcomes, refining broad diagnostic categories into more specific subtypes, and 
estimating cancer molecular characteristics non-invasively [45]. As ML continues to evolve, it 
holds the potential to revolutionize medical imaging analysis and elevate standards in 
patient care. 

The studies reviewed emphasize the effectiveness of ML models, particularly deep 
learning techniques like CNNs, in enhancing diagnostic accuracy and clinical decision-making 
in medical imaging. By classifying medical image data into specific categories, ML models 
significantly improve diagnostic precision. The ability of deep learning models to address 
imaging challenges, such as unclear edges and overlapping regions, through multilevel 
feature extraction, attention mechanisms, and transfer learning techniques, further 
underscores their utility. ML's ability to handle large datasets and uncover correlations and 
patterns enhances the reliability and performance of diagnostic systems for various diseases. 
In precision medicine, ML-derived imaging signatures have shown potential in predicting 
personalized clinical outcomes and refining diagnostic categories. The future of ML in 
medical imaging lies in developing more explainable and multi-source models to ensure 
robust clinical integration and promote healthcare equity. 

The effectiveness of ML models in improving diagnostic accuracy and clinical decision-
making in medical imaging is well-supported by the reviewed studies. Deep learning 
techniques like CNNs have proven particularly effective in classifying medical image data and 
addressing imaging challenges, thus enhancing diagnostic precision. The use of multilevel 
feature extraction, attention mechanisms, and transfer learning techniques further 
strengthens the performance of these models. ML's capacity to handle large datasets and 
identify correlations and patterns enhances the reliability of diagnostic systems for various 
diseases. In precision medicine, the predictive power of ML-derived imaging signatures 
shows significant promise. However, the field still faces challenges such as the need for more 
explainable models and multi-source data integration to ensure robust clinical application. 
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Figure 1. Conceptual Framework of Variables in This Study 

Over the past decade, the application of machine learning (ML) in medical image 
processing has seen substantial advancements, reflecting the continuous evolution of 
technology and methodologies. Between 2013 and 2014, the initial focus was on developing 
foundational ML techniques using Electronic Health Records (EHRs) to enhance basic image 
processing methods. From 2015 to 2016, early applications of ML algorithms, such as Logistic 
Regression, Decision Trees, Naïve Bayes, and Support Vector Machines (SVM), emerged 
alongside the introduction of radiomics, which provided explainable frameworks for 
clinicians. In the years 2017 to 2018, there was a notable expansion in ML applications, 
including the adoption of Random Forest and Ensemble Methods for predicting diseases like 
diabetes and cardiovascular disease (CVD), as well as utilizing telemonitoring data for COPD. 
During 2019 to 2020, ML techniques increasingly found their way into clinical 
implementations, with the development of predictive models for conditions like diabetic 
nephropathy and Alzheimer’s disease, and significant innovations in oncology and deep 
learning. The period from 2021 to 2022 witnessed the adoption of advanced methods such 
as Federated Learning (FL) and deep neural networks for EHRs, enhancing predictive 
modeling and introducing topological data analysis (TDA) and persistent homology (PH) for 
improved image interpretation. Most recently, from 2023 to 2024, there has been significant 
progress with the advent of long short-term memory (LSTM) models and hybrid models, 
which can handle high-dimensional and temporal data, thereby paving the way for 
personalized treatment approaches and emphasizing the importance of explainable and 
trustworthy AI systems in clinical practice. This comprehensive evolution highlights the 
transformative impact of ML on medical image processing, enhancing diagnostic accuracy, 
efficiency, and patient care outcomes. 

4. CONCLUSION 

The extensive application of machine learning (ML) techniques, particularly deep 
learning models like convolutional neural networks (CNNs), has led to significant 
advancements in medical image processing. These techniques have enhanced diagnostic 
accuracy and efficiency, addressed complex imaging challenges, and provided robust 
frameworks for disease detection, classification, and segmentation. Despite the existing 
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challenges such as dataset scarcity, imaging heterogeneity, and the need for model 
interpretability, ML models have demonstrated remarkable efficacy in improving clinical 
decision-making. The continuous evolution in ML methodologies, including the development 
of new activation functions, hyperparameter optimization, and transfer learning, holds 
promise for further advancements in this field. However, the integration of ML into routine 
clinical practice remains contingent upon addressing these challenges through collaborative 
efforts between ML researchers and clinical practitioners. 

Although the progress in ML applications for medical imaging is impressive, there is an 
urgent area of research where dataset representativeness and quality issues must be 
addressed by curating large, diverse, and annotated datasets that can reduce bias and 
improve model generalization. Finally, future research should explore the integration of 
multi-source data, including genomic, clinical and imaging data, to develop comprehensive 
and personalized diagnostic and prognostic tools.  
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