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Abstract

Over recent decades, machine learning has been widely implemented in medical
radiology. Radiologists, who are at the forefront of clinical practice, need to be
aware of the benefits of machine learning to facilitate its implementation. It is
crucial for them to thoroughly understand and effectively integrate machine
learning into the practical realm of medical radiology.

In this review, we highlight the principles and applications of machine learning in
medical radiology and provide a summary of its development in this field. Machine
learning has significantly advanced diagnostic imaging, enhancing detection,
segmentation, and image reconstruction, while improving workflow efficiency
and radiology reporting. Current literature indicates three primary challenges
in implementing machine learning: data standardization, validation of model
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performance, and regulatory compliance. The successful integration of machine
learning in clinical practice requires robust data security protocols and clear
frameworks for professional accountability. To prepare for this technological
transition, radiologists must develop new competencies through enhanced
educational programs and adapt their roles to focus more on clinical decision-
making and multidisciplinary collaboration while leveraging machine learning as
a supportive tool.

Keywords: Al, Artificial intelligence, Artificial neural network, Deep learning,
Machine learning.

Introduction

Medical imaging plays an essential role in parts of patient care, from screening and
diagnosing, to planning further management. The demands of medical imaging
have been increasing over recent decades due to the ready availability of imaging
technology and demand for higher standards of patient care [1, 2]. However, this
increased demand has not been met by a proportional increase in the number
of radiologists [3]. Due to time pressure, radiologists are challenged to make a
decision based on integrating radiological and clinical information, and patient
preferences. Furthermore, it is also difficult for radiologists to work effectively
within the multidisciplinary team.

To assist radiologists in providing standard medical care despite overwhelming
workloads and limited time, rigorous machine learning techniques have been
developed and widely implemented in medical radiology over the last three
decades (Box 1). Since the 2000s, machine learning has been increasingly applied
in medical services, particularly in the field of radiology, to reduce radiologists’
workload and enhance diagnostic performance. The trend of machine learning has
grown exponentially since 2010, with the generation of algorithms transitioning
to model-free and purely data-driven approaches, which require large datasets
for training and supervision [4]. An example of a model-free and data-driven
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algorithm in the field of radiology is 'texture analysis' or radiomics,’ which
provides tumor segmentation and classification of tumor subtypes [4]. After
2018, AI has shifted from deep learning models to foundation models, which aim
to generate new content, including text, sound, and images. While AI can now
respond to complex tasks, there is a risk of Al hallucinations and biases stemming
from the training data [5].

Although machine learning is a promising tool contributing to improved medical
service and reducing radiologists’ workload, it has been criticized in terms of how
it will be integrated into routine practice. Regulatory and ethical issues have also
been raised.

Comprehensively understanding and integrating machine learning into the real
world of medical diagnosis is essential. Radiologists need to be prepared to adapt
their roles and learn how to utilize machine learning in smart and effective ways.

Here we briefly summarise basic principles and the development of machine
learning in medical radiology and highlight its applications in this field. We also
discuss the current challenges and future perspectives of machine learning. Finally,
we suggest how radiologists can prepare for the future integration of machine
learning into workflow.
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Box 1

The term ‘machine learning’ was first introduced in 1957 by Arthur
Samuel who described algorithms for computers to solve problems by
learning from existing data without explicitly predefined rules [5]. However,
there were several limitations mainly caused by a lack of computational power
and insufficient availability of data. Model performance was faced with
overfitting and expensive computing time. Since 1980s computers were
radically improved in computational capacity and widely implemented in
all scientific fields; as a result, numerous machine learning techniques were
adopted in scientific research. At the same time, computer-aided systems
were introduced into medical radiology although they were mainly based
on a set of rules defined by human knowledge [4]. After that, in the 1990s,
statistical models have been mainly used for CADs to incorporate both human
knowledge and statistical parameters from data [4, 6, 7]. These CADs provide
the probability of the outcome of interest. However, the high dimensional
data from radiological images were limited with model assumptions and data
transformation. Since the 2000s, machine learning approaches, which are
model-free and driven with now-available high dimensional data, therefore
obtain more popularity in multiple fields with influential studies spreading
from all modalities in radiology in the early 2000s [4].

Box 1 Figure. The bar chart
shows the number of papers from
a MEDLINE search each year. (1)
1950 First artificial intelligence
introduced; (2) 1970s Computers
and Radiology Information Systems
implemented; (3) 1980s Rules-based
CADs mainly used; (4) 1990s
Statistical based CADs implemented;
and (5) 2010 Deep learning-based
CADs mainly used.
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Terminology and basic principles

Computer-aided systems

Computer-aided detection (CADe) and computer-aided diagnosis (CADx) are
both computer-based systems that assist radiologists in making a decision based
on information obtained from radiological images [6, 7]. While CADe recognizes
suspicious patterns on images and aims to assist radiologists in identifying
abnormal findings, CADx analyses medical images and eventually provides a
probability that a specific disease is present [8]. Both computer-based systems
comprise multiple steps, including data analytic algorithms which can be based on
rules, statistics, or artificial intelligence (AI).

Artificial intelligence and machine learning

Artificial intelligence is a field of computer science that creates systems performing
tasks that usually require human problem-solving skills [9]. Machine learning,
which is a subfield of Al, comprises a set of techniques that allows a computer
program to learn and improve its performance using existing data without being
explicitly programmed. Machine learning can be categorized into three main groups
based on tasks: supervised learning, unsupervised learning, and reinforcement
learning [10]. About supervised learning, pre-defined, or “labeled”, outcomes (e.g.
BI-RADS classification in mammography) are required in data input. The labeled
data is used to train computer algorithms that make predictions when applied
to new data. In contrast, unsupervised learning does not need labeled data; the
algorithms recognize data patterns and classify the data into subgroups based
on the similarity of each data point. Lastly, reinforcement learning learns from
iterative trial and error to achieve specific tasks. The algorithms receive rewards
and penalties based on the action each round and then assemble all feedback as
the weight of each network.

Artificial neural network and deep learning

The artificial neural network (ANN) is a subset of machine learning methods
inspired by a biological neural network that transfers and processes information.
The ANN comprises several interconnected artificial neurons, known as nodes
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or process elements, which are structured in at least three layers: input, hidden,
and output layers (Figure 1). Each neuron in one layer connects to all neurons in
another layer. The strength of connections between neurons is weighted based on
the performance in a training process. Deep learning is a subset of the artificial
neural network, which contains more than one hidden layer. Although many types
of deep learning have been developed, the most commonly used and known is the
convolutional neural network (CNN), in which a convolutional operation filters
informative data through piles of information layers.
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Figure 1. Schematic presentation of an artificial neural network; a spherical shape
refers to one process element, also known as a node or neuron. Nodes are structured
into three main layers: input, hidden, and output layers; and each node connects to
all nodes in another layer.
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Current applications of machine learning in
medical radiology

The application of Al in medicine has notably increased, particularly in medical
radiology, including diagnostic radiology, radiotherapy, and oncology, as well as
interventional radiology. In diagnostic radiology, Al assists in disease detection,
segmentation, diagnosis, and monitoring during follow-up or post-treatment. In
the fields of radiotherapy and oncology, Al plays additional roles in treatment
planning, outcome prediction, and advanced techniques in radiotherapy and
chemotherapy for cancer [11-15]. Al also supports therapeutic radiation dose
optimization in oncology and interventional radiology. In interventional radiology,
Al is involved in recognizing and diagnosing diseases in medical imaging,
providing intraoperative guidance, and conducting postoperative assessments,
including in oncologic interventions, neurologic interventions, interventional
cardiology, and robotic-supported interventional procedures [16]. Al also aids
in patient registration for imaging and treatment, scheduling, appointment
management, queue management, and organization during follow-up. The
applications of Al in medical radiology have been described and highlighted based
on radiology workflow from patient registration to radiological reports (Figure 2)
(17, 18].

Image acquisition Image pre-processing Image interpretation Radiology reporting Clinical decision making
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Figure 2. Artificial intelligence implemented in radiology workflow (this figure is
modified from Figure 3 in a review by Hosny et al. [17]).
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Patient schedule for radiological follow-up

Machine learning is implemented in patient-scheduling programs to reduce the
number of patients who lose radiological follow-up. Machine learning has been
used to determine an individual’s risk of missing radiological care, following which
a patient care team develops an individual solution to reduce the chance of loss of
follow-up [19]. AI has been employed to analyze patient information and clinical
data, as well as radiologist schedules and scanner availability. This enables the
provision of optimized scheduling for patients during follow-up, thereby reducing
waiting time [13, 20, 21].

Image acquisition

Deep learning has been used in image reconstruction that enhances mapping
between machine sensors and images. Indeed, deep learning has outperformed
conventional acquisition methods in terms of noise tolerance and artifact
reduction [22]. Many studies have utilized deep learning to reduce artifacts in
digital subtraction angiography (DSA), computed tomography (CT), and magnetic
resonance imaging (MRI) [16, 23-31]. These studies have shown that deep learning
techniques significantly improve diagnostic quality by effectively reducing
artifacts and shortening image acquisition time. In the field of radio-oncology,
deep learning methods are employed to reconstruct CT images from cone beam
CT, resulting in noise reduction, enhanced image quality, and reduced radiation
doses [32-35]. In addition, AI methods have been used to solve the problem
of missing data from CT scans, in cases where a scanner cannot perform full
rotations of the target objects. CNN has also been used to correct the artifact
problem in CT using a combination of original and corrected image information
to reduce metal artifacts [36].

Image pre-processing

Selected similarity criteria and reference images can bias the interpretation of
radiological images. Deep learning allows us to achieve better motion
compensation for sequential images and better handling of complex tissue
deformations [17]. The multimodal ability in deep learning methods also allows
for multiple quantitative measures of several imaging modalities, which thus
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improves the accuracy of image assessment [37]. For example, the application
of multimodal imaging in oncologic evaluation has enabled the combination of
various quantitative functional measurements, as seen in positron emission
tomography (PET) scans and single-photon emission computed tomography
(SPECT) imaging. This approach enhances the precision of tumor characterization
and assessment [17, 38].

Image interpretation: detection, characterization and monitoring

Detection is a basic task used to identify a suspicious abnormality in medical
images. While radiologists use cognitive skills to confirm or reject their hypotheses
based on their knowledge and experiences, machine learning employs pre-defined
rule-based programs or the recognition of abnormal data patterns from images.
Rule-based CADe has been criticized mostly in terms of false positives which
reduce radiologists’ acceptability. Although machine learning-based CADe
remains susceptible to false-positive results, it has demonstrated comparable
predictive performance when used by radiologists. Breast cancer and lung
cancer are the main fields that have been investigated with machine learning [39].
A breast cancer screening program has been implemented in the United States as
a second radiologist or pre-screening process to reduce radiologists’ workload and
increase medical access for patients. Regarding lung cancer, machine learning has
also been used to detect abnormal lymph nodes, which may be a sign of metastases.
It has been demonstrated that the performance of machine learning-based CADe
is comparable to that of radiologists. In addition, there is evidence demonstrating
that the use of machine learning as a second radiologist provides more accurate
results compared with either machine learning or radiologists alone [40-42].

Characterization refers to a task covering the segmentation and diagnosis of
radiological images. While segmentation is used to identify the margins of
abnormal areas in images, diagnosis is employed to estimate the probability that
the specific conditions are present or absent. Probabilistic Atlas software uses
machine learning algorithms to demarcate ill-defined image pixel intensity and
locate abnormalities in radiological images, such as the segmentation of gliomas
from a brain MRI and the estimation of prostate volume based on a prostate MRI
(43, 44].
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To provide examples of applying Al in detection, classification, and monitoring
within musculoskeletal radiology, machine learning tools have been developed
to assist radiologists in detecting fractures related to trauma on radiographs and
CT scans, as well as detecting knee cartilage lesions on MRIs in osteoarthritis
cases [45]. For characterization, Al assists radiologists in grading tumors such as
osteosarcoma and soft tissue sarcoma on CT and MRI. Al is also used to classify
post-operative instruments, such as spinal hardware or shoulder arthroplasty
components. Additionally, Al monitors implant-related complications from plain
radiographs and MRIs in cases of knee or hip arthroplasty loosening [45-47].
AT assists in the measurement of body composition, including skeletal muscle
parameters and adipose tissue distribution, to predict survival outcomes and
adverse events in cancer patients—a growing trend in contemporary oncological
research [48, 49]. Figure 3 demonstrates the application of Al in segmenting
skeletal muscle areas and adipose tissue from CT slices at the third lumbar
vertebral level (L3) to assess sarcopenia and quantify visceral, subcutaneous,
and intramuscular fat deposits in cancer patients for survival prediction. These
examples illustrate the significant potential of Al applications in enhancing the
accuracy and efficiency of musculoskeletal radiology. As Al continues to
evolve, its integration into clinical practice will likely expand, offering further
advancements in patient care.

Figure 3. Body composition analysis using CT imaging; (A) Axial CT image at
the L3 vertebral level (B) Color-coded segmentation map depicting different tissue
components: skeletal muscle area (blue), subcutaneous adipose tissue (green), visceral
adipose tissue (red), and intramuscular adipose tissue (yellow).
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Radiology reporting

Radiology reports are a key tool for communication between radiologists and
other professionals. These reports are created in various formats depending on the
radiologist making the report. As such, it is a challenge to generate a standardized
pattern, which is a benefit in terms of quality control and standard communication.
Al could enable this task to generate uniform and standardized radiology reports.
Radiological images can be transformed into natural language processing and
matching with the narrative radiology reports [50]. This allows machine learning
to extract radiological reports for quality improvement and future analysis. In
addition, machine learning could be linked to radiologists’ recommendations,
thus reducing the loss of communication and follow-up [51].

The development of AI can lead to a decrease in mistakes in radiology reports. For
example, errors such as reporting the wrong anatomical structures, like identifying
a prostate in a female patient or a uterus and ovaries in a male patient, can be
reduced. Another common issue is reporting a lesion on the wrong side; the lesion
may be on one side in the findings section, but the radiologist might mention
it on the other side in the impression section [52]. In some countries, such as
Thailand, radiologists often type reports in English, which is not their mother
tongue. This can lead to misspellings, inappropriate grammar, and irrelevant
sentences and phrases within the same report. The developed AI can assist
radiologists in reducing these reporting problems.

Another challenge for Al is assisting in the longitudinal reporting of lesions,
especially in oncologic cases. A crucial task is comparing lesions over the follow-up
period. Complex cases with multiple lesions can be time-consuming and tedious.
AT can simplify this complexity by structuring and organizing the sequence of
measurements and comparisons of changes in serial follow-up images over time,
making the process easier [52].

Volume XXV Number Il September-December 2024 335



THE ASEAN JOURNAL OF RADIOLOGY Pakdee W., et al.
ISSN 2672-9393 ASEAN J Radiol 2024; 25(3) : 325-352

Challenges of machine learning in medical radiology

Data for developing machine learning
The development of machine learning-based systems requires not only a large data
set but also high-quality data. The amount of data required for the development of
machine learning-based systems depends on the tasks. If the task is specific, such
as a segmentation task, the required data set is relatively small compared with that
needed for complex classification tasks.

Apart from data quantity, machine learning also needs high data quality to avoid
inaccurate models. Radiological images used in the same machine-learning task
should have low heterogeneity in data quality. The data should be produced
using standardized imaging processes and imaging protocols. Data curating also
requires a standardized set of criteria that is specific to a machine learning task,
and data storing needs to be managed systematically, which enables future data
access. Moreover, labeled data should be created according to standardized and
generally accepted diagnostic criteria.

AI has been developed to enhance radiology reports by making them more
concise, patient-friendly, and tailored with specific recommendations for each
individual. Research has demonstrated that Al improves both the quality of reports
and the efficiency of radiologists’ workflows [53]. Recent advancements use
the Natural Language Processing (NLP) tools and Al techniques to annotate,
summarize, and extract key findings from these reports [52, 54]. Since radiology
reports are often written in unstructured free text, they can be challenging to read,
extract data from, and utilize effectively. Structured reports, on the other hand, are
preferred because they offer standardization, completeness, and easier information
retrieval. To train AI systems to convert unstructured reports into structured
formats, a large dataset is necessary. The process involves meticulous
preprocessing, entity recognition, manual annotation by domain experts, and
data normalization. This approach not only ensures accuracy and reliability but
also uses medical ontologies for standardization. By implementing validation
steps such as inter-annotator agreement and expert reviews, the resulting
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structured data provides a solid foundation for training advanced NLP models.
This methodology significantly enhances the development of Al tools that can
improve the accuracy, efficiency, and overall quality of radiological diagnostics
and patient care.

Model performance

Machine learning is developed based on existing data or training data without an
explicit model assumption, as is the case with conventional statistics. As a result,
machine learning is considerably dependent on the quality and amount of training
data. If training data contains considerable random noise, the model is fitted to
unnecessary information and provides poor model accuracy with new data. In
addition, as a complex model that is still developing, machine learning is prone to
be overfitted, in which machine learning algorithms are too fitted with the training
data and perform very inaccurately with new data that models have not met
before. This drastically reduces the value of the model in terms of generalisability.

There are many metrics used to evaluate the performance of Al algorithms in
medical radiology. Accuracy, sensitivity, specificity, overlap-based metrics,
distance metrics, and data quality are some of the well-known metrics [55].
However, there is no single, universally accepted metric for evaluating AI model
performance. Given these challenges, regulatory standards, protocols, and best
practices are crucial for Al implementation. Organizations should actively work to
combine data science skills with the pertinent areas of drug development and safety
monitoring. In Thailand, the Thailand Food and Drug Administration (TFDA)
has not approved any machine learning or Al in use in the field of Radiology.
The European Medicines Agency (EMA), a key agency of the European Union
(EU) responsible for the scientific evaluation, supervision, and safety monitoring
of medicines, has released a Reflection Paper on the use of Al in the medicinal
product lifecycle. This paper aims to initiate dialogues with all stakeholders in this
rapidly evolving field [56]. The EMA emphasizes high accuracy, sensitivity, and
specificity for Al models used in clinical settings. Specific ranges are defined based
on the use case and risk classification of the AI application. The Food and Drug
Administration (FDA) of the United States has approved the use of machine learning
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and Al in medicine and radiology. The trend of these approvals has increased
exponentially over the past decades [57]. Although AT has received approvals for
use in radiology, its application in daily practice must be approached with caution.
There have been reports of misinterpretations involving Al in radiologic images.
Additionally, many radiologists are reluctant to use Al tools because they are
concerned about the reliability of predictions, especially when the tool was tested
on retrospective data but is now being used for prospective data [57].

AT has a significant potential to revolutionize radiology practice, but specific
metrics are necessary to objectively measure its impact. The promises surrounding
AT have been substantial, claiming to enhance technical performance, improve the
detection and quantification of pathologies, streamline radiologists' workflows,
and ultimately improve patient outcomes [18, 58-60].

Integration into the radiologists’ workflow

AT has gradually refined the traditional roles of radiologists and integrated itself
into radiology practice, becoming an integral part of every aspect of the
radiologist's workflow. In scheduling, Al assists in patient list management,
reducing patient waiting time and optimizing scan queues. During scanning, Al
helps select optimized procedures and processes to reduce radiation doses [61].
Image quality from various imaging modalities has improved with AI, which
also reduces scan times [13, 20, 21]. Radiologists benefit from AI in detecting
abnormalities, interpreting images, and writing radiology reports.

In the field of radio-oncology, deep learning approaches are used to reconstruct CT
images from cone beam CT, providing noise reduction, improved image quality,
and reduced radiation doses [32-35]. Al also assists radio-oncologists in treatment
planning and offers advanced techniques in radiotherapy and chemotherapy [11-
15, 17]. Additionally, Al supports interventional radiologists in recognizing and
diagnosing diseases in medical imaging, offering intraoperative guidance, and
conducting postoperative assessments [16]. Furthermore, Al aids clinicians in
clinical decision-making by helping patients choose treatment options based on
diagnosis, outcome prediction, complication forecasting, and treatment efficacy.
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Al also helps in scheduling follow-up scans, tracking disease progress by
comparing previous images, predicting outcomes, and evaluating treatment
responses across various modalities, including radiotherapy, chemotherapy,
surgery, medication, and intervention [20].

Furthermore, Al's integration into radiology practice represents a transformative
shift in medical imaging and treatment methodologies. By automating and
optimizing numerous tasks, Al not only enhances the efficiency and accuracy of
radiologists but also significantly improves patient outcomes. Its applications in
oncological and interventional radiology demonstrate its versatility and potential
to revolutionize these fields. As Al technology continues to advance, its ability to
support and augment the capabilities of healthcare professionals will undoubtedly
lead to more precise diagnoses, personalized treatment plans, and overall
better healthcare delivery. The ongoing development and implementation of Al in
radiology promise a future where medical imaging and intervention are more
effective, efficient, and accessible to patients worldwide.

Regulation and ethical issues

The regulation of Al in medicine is rapidly evolving. In addition, the evaluation
of Al for approval is difficult due to the nature of the machine, i.e. it is learning
and developing from the existing training data. Thus, the evaluation should be
performed in a timely and regular manner to remain up to date [62, 63].

Data security is another issue, as the data required for machine learning is big
data taken from patients’ medical records. The data resource should be legal and
well-known. Patients have a right to decide how their data is to be used. To use
patient data in developing machine learning systems, we must obtain informed
patients.

A common question is who should take responsibility and accountability for the
data used and developed in machine learning. If data belongs to model developers,
and in the case of data hacking, who should have a role in data protection? In
case the machine provides an incorrect result, who will take responsibility for the
mistake? Program developers and designers are one of the options, but clinicians
and radiologists might also be involved in this responsibility.
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Future of machine learning in medical radiology

The aims of the next-generation machine learning-based systems in medical
radiology have been suggested as follows: improving radiologists’ performance,
saving time, ensuring cost-effectiveness, and integration with the radiologists’
workflow [64].

The use of machine learning will be broadened not only with cancers but also with
chronic and degenerative diseases such as Alzheimer’s disease [17]. In addition
to their detection role, machine learning-based clinical decision support systems
(CDSS) might be used in a way similar to self-driving cars. This would reduce
radiologists’ workloads and time spent in terms of integrating clinical information
and communicating with multidisciplinary teams to improve patients’ outcomes.
Machine learning-based CDSS will be very helpful in primary care settings,
where clinicians have less experience in medical radiology [64]. This also allows
improved access to medical imaging for patients in the primary care setting with
less relatively increased workloads for radiologists.

Machine learning could be implemented into the radiologists’ workflow in
multiple tasks which are relatively routine works. Radiologists will still play a vital
role in all decision-making regarding radiology fields and patient care. They will
employ a part of machine learning systems to ensure that radiological reports are
judicious and transparent. This also results in legal liability, as the decisions are
made by human initiation.

In terms of CDSS development, unsupervised machine learning would become
more useful in routine practice due to the massive number of data inputs lacking
standardized labeled data [13]. Fully anonymized patient data could be shared on
a large cloud platform to develop machine learning-based models that are more
generalizable [65]. In addition, machine learning could be linked together across
imaging modalities to improve the accuracy of diagnosis.
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Regarding steps for the implementation of machine learning in medical radiology,
these have been mentioned in a previous study [42]. It should start with setting
up an implementation team consisting of experts from multiple disciplines
(informatics officer, healthcare manager, and radiologist teams) and assigning jobs
to each member. The team members will be given the jobs of Chief Informatics
Officer (CIO), radiology committee, and individual radiologists. The CIO will
take responsibility for safeguarding the use of data. The team in general will also
manage other data governance issues. In addition, the CIO must ensure that newly
implemented models are compatible with existing infrastructure and programs,
such as picture archiving, the communication system (PACS), and Radiology
Information Systems (RIS). The radiology committee will be responsible for
creating a framework of machine learning throughout the radiologist’s workflow
and also for ensuring the seamless integration of this framework into the
workflow. The committee will be responsible for clinical governance including the
development of standards for the radiology service. Individual radiologists will be
invited to participate in the development process and evaluation of clinical and
radiological information governance using machine learning-based CDSS.

Preparation for integration of machine learning

Medical education in the machine learning age

In terms of education in Al for radiologists, they must understand the foundations
of Al and its applications as both developers and end users. Radiologists must also
understand the principle of the techniques applied in Al as well as the data used to
develop it. In an ideal scenario, the radiologist will be in a team establishing how
AT can be applied based on evidence-based medicine. As a result, they should be
trained in the clinical relevance and applicability of Al, in addition to the principle
of how AI functions. Radiologists should appraise whether the application of Al is
reliable and if it has meaning in terms of clinical practice. Additionally, the results
from the Al-assisted system can be explained in terms of knowledge of clinical
pathophysiology knowledge.
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In addition, data protection and ethical issues related to Al development and
its application should be taught in a radiology residency program. Radiologists
produce medical images which are a type of personal medical data. Therefore, they
should take responsibility for future data use and data protection. This training
would need to provide a framework for radiologists to inform patients that their
data is being used to advance Al applications, or that the patient’s diagnosis
partially originates from Al-assisted systems. Global healthcare databases will
gather other clinical data. This will be a significant opportunity for radiologists
to take part and prepare themselves in the creation and analysis of combined big
data [21].

Al training in radiology residency programs should be started as early as possible.
Continuing medical education should also be promoted to update Al involving
applications that rapidly develop and change.

Future roles of radiologists after the implementation of machine learning
Here we explore the role of radiologists in the future after machine learning is
integrated into their workflow. First of all, we have to accept that, in the foreseeable
future, machine learning will not be able to replace radiologists, who use both
knowledge and experience in decision-making in order to form accurate clinical
judgments. Radiologists’ tasks are much more complex than interpreting medical
images. They use both data analysis and interpretation, as well as decision-making
which employs not only data from radiology but also clinical data, and patient
preferences; moreover, these radiologists rely on their trainings from medical
schools and experiences from work they have already carried out. However,
radiologists have to adapt their roles beyond the interpretation of medical images.
Radiologists must act in more of a clinician role, applying their clinical knowledge
in answering diagnostic questions and guiding decision-making. In addition,
radiologists should maintain their presence in clinical pathways, considering
clinical, personal, and societal contexts in ways that AI alone is not able to
replicate.
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Current artificial neural networks have accuracy rates that surpass those of human
radiologists in narrow-based tasks [66, 67]. It is impossible to exclude the possibility
that the efficiency gain provided by Al may lead to a need for fewer radiologists.
However, the roles of radiologists will expand as they become more connected
to technology and have access to better tools. Radiologists may play a pivotal
role in the identification of clinical applications where AI may make a difference.
Radiologists could also play a crucial role in data interpretation, cooperating with
data scientists in defining clinically useful results. Radiologists should negotiate
the supply of these valuable data sets and clinical knowledge while playing a
guiding role in the clinical application of AI programs. Creating this kind of
“multidisciplinary Al team” will help to ensure that patient safety standards are
met and will make the radiologist’s responsibilities transparent to patients and
regulatory authorities.

Discussion

The integration of machine learning into medical radiology has the potential to
significantly enhance diagnostic accuracy, streamline workflows, and improve
patient outcomes. Over recent decades, advancements in machine learning
have led to its widespread application in various aspects of radiology, including
disease detection, image analysis, and radiology reporting. These technologies ofter
promising solutions to address the increasing demands on radiologists and the
growing complexity of medical imaging.

However, the successful integration of machine learning into clinical practice is
not without challenges. Issues related to data quality, model performance, and
regulatory considerations need to be addressed to fully realize the benefits of these
technologies. Ensuring that machine learning systems are robust, reliable, and
ethically sound is crucial for their effective implementation in routine radiological
practice.
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Future developments in machine learning are likely to continue transforming the
field of radiology. As technology evolves, there will be increased opportunities for
enhancing diagnostic capabilities, optimizing patient care, and refining clinical
decision-making processes. Radiologists will need to adapt to these changes by
acquiring new skills and embracing the evolving role of machine learning in their
practice.

Preparing for the future integration of machine learning involves not only
understanding the principles and applications of these technologies but also
addressing regulatory, ethical, and educational aspects. By fostering collaboration
among radiologists, data scientists, and policymakers, and by investing in ongoing
education and training, the medical community can ensure that machine learning
contributes positively to the advancement of medical radiology.

In summary, while machine learning presents transformative opportunities for
medical radiology, careful consideration of its implementation and continuous
evaluation of its impact will be essential to harness its full potential and improve
patient care.
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