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ABSTRACT:
Introduction: Artificial intelligence (AI) is defined

as an artificial entity capable of solving problems, learn-
ing from experience, and performing tasks such as pattern
recognition and inductive reasoning. In radiology, AI aims
to assist with image analysis and interpretation, potentially
reducing human error and alleviating the radiological work-
load. As machine calculation capacity advances, AI’s role
in radiomics—extracting numerous quantitative features
from medical images—could significantly enhance diag-
nostic accuracy.

Materials and Methods: This review article synthe-
sizes recent advancements in the field by examining stud-
ies from the past four years, ensuring the information is cur-
rent and highlights significant findings and emerging
themes.

Results and Discussion: Machine learning in radi-
ology focuses on developing algorithms that analyze medi-
cal images without explicitly programmed rules, divided
into supervised and unsupervised learning. Deep learning,
especially deep convolutional neural networks (CNNs), has
become a prominent approach, mimicking brain functions
to process images through multiple layers. CNNs excel in
tasks like lesion detection and disease classification, aid-
ing radiologists in diagnosing conditions more accurately.
There are numerous applications of AI in radiology - im-
age segmentation, objective quantification, detecting and
highlighting suspicious areas, image processing and opti-
mization, longitudinal analysis, potentially diagnosis rec-
ognition, triage, and reporting aid. The adoption of radio-
logical AI faces several challenges, including substantial
hardware requirements, data quality and quantity limita-
tions, high false positive rates, the “black box” problem,
and the narrow focus of current AI applications, which re-
stricts their clinical usefulness.

Conclusion: AI is transforming radiology with di-
verse applications, but it still needs development to match
human expertise.
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imaging, computed tomography,

INTRODUCTION
Before discussing artificial intelligence (AI), we need

to define it for the purposes of this article. The definition
will be as follows: “an artificial entity capable of solving
problems and learning solutions for new problems, …able
to perceive its environment, (i.e. detect input data and its
parameters), search and perform pattern recognition…, plan
and execute an appropriate course of action and perform
inductive reasoning to derive general principles (i.e. learn
from experience)” [1, 2]. Ultimately, it is the goal of AI to
be able to completely equal or even surpass the capacity
of a trained human to do certain tasks [1]. This is theorized
to lead to the elimination of human error in image inter-
pretation and also to a much-needed alleviation of the ever-
increasing radiological workload [1].

AI has been established as an aid to healthcare pro-
fessionals with tasks such as ECG interpretation and com-
puterized arterial blood gas analysis [1]. In the context
of radiology, AI seeks to intervene primarily in the fields
of image analysis and imaging finding interpretation [1].
This would classify it as “weak” or “narrow” AI, dedicated
to a single task or a very limited set of tasks – current
radiological AI is still far from being comprehensive [2,
3]. Additionally, with the further development of machine
calculation capacity, we are entering the age of radiomics
– that is the extraction of a great multitude of quantita-
tive features from medical images – features, usually too
subtle for a human to interpret and too many to consist-
ently report. The recognition of these features by AI can
improve diagnostic accuracy significantly.

MATERIALS AND METHODS
This review synthesizes the latest advances in the

field, based on 16 sources from the PubMed collection
and other reputable research aggregators.The selected
studies, predominantly published within the last four
years, provide a robust foundation of current knowledge.
By focusing on recent developments, this review ensures
that the information presented is both relevant and reflec-
tive of the most up-to-date research trends. The integra-
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tion of these contemporary sources allows for a thorough
examination of the topic, highlighting significant find-
ings and emerging themes in the literature.

RESULTS AND DISCUSSION
Key Advancements in AI Technologies
Machine learning in radiology, a specialized sub-

set of AI, concentrates on the creation of computer algo-
rithms that analyze inputs (medical images in the case of
radiology) and that operate without explicitly pro-
grammed decision-making rules [3, 4, 5]. This field is
typically divided into two main categories: supervised
and unsupervised learning [3, 4]. In supervised learning,
algorithms are trained using pre-annotated datasets (the
annotation is done by a radiologist), often referred to as
“ground truth” data, which guide the development proc-
ess [3]. Conversely, unsupervised learning involves algo-
rithms that analyze and classify unlabeled data independ-
ently [3, 4].

Within the realm of machine learning, deep learn-
ing, particularly deep convolutional neural networks
(DCNNs or CNNs), has emerged as a highly prominent and
widely celebrated approach in recent years, becoming the
most popular AI technique in modern medicine, especially
in radiology [1, 3, 5, 6]. These systems are inspired by
the function of the human brain, comprising networks of
highly interconnected processes that mimic neurons.
These artificial neurons perform parallel calculations for
data processing, connected by weighted links. The sys-
tem’s knowledge base encodes the weighting of each con-
nection, and each neuron uses this weighting, informed
by mathematical reasoning, to decide whether to activate
subsequent neurons [1]. CNNs offer numerous advantages
that have cemented their dominance in radiology. They
can be trained through supervised learning, where the
system compares expected outputs with actual results.
Additionally, CNNs can learn through unsupervised learn-
ing, adjusting the weighting of connections based on ob-
servations and correlations with input data. This capabil-
ity allows CNNs to continuously improve and refine their
diagnostic accuracy over time, independent of expert in-
put. It also enables them to extrapolate knowledge from
simple cases to more complex ones [1].

CNNs are particularly well-suited for image analy-
sis, making them invaluable in radiology. “They process
X-ray images from radiography machines, including mam-
mography and magnetic resonance imaging (MRI) scans
through multiple layers, including convolutional layers,
pooling layers, and fully connected layers. This hierar-
chical processing allows CNNs to identify complex pat-
terns and features in images (texture analysis), which is
crucial for tasks such as lesion detection, disease classi-
fication, such as AI-assisted stenosis assessment from MRI
scans, image segmentation, and image reconstruction [1,

2, 4]. The most common application of CNNs in imaging
is within AI-based computer-aided detection (CAD) pro-
grams [1]. These software implementations analyze images
and highlight areas of concern, prompting further inspec-
tion by radiologists. By automating the analysis of medi-
cal images, CNNs assist radiologists in diagnosing con-
ditions more accurately and efficiently, potentially im-
proving patient outcomes. Despite their promise, CNNs
face challenges such as data limitations and the need for
seamless integration into clinical workflows. Techniques
like data augmentation and transfer learning are employed
to address small datasets and overfitting issues. Ensuring
that CNNs support radiologists without overwhelming
them is crucial for their successful adoption in clinical
practice [1]. Currently, each CAD is capable of recogniz-
ing a very narrow range of lesions and diseases, limited
to a singular region of the body, with a very small number
of CAD programs capable of working in two or more zones
– most commonly, the regions of interest are the brain,
lungs, breasts, vessels, and bones (particularly the spine)
[2, 4, 7, 8, 9, 10].

CNNs are particularly well-suited for image analy-
sis, making them invaluable in radiology. They process
medical images such as X-rays, computed tomography
(CT) scans, and magnetic resonance imaging (MRI) scans
through multiple layers, including convolutional layers,
pooling layers, and fully connected layers. This hierar-
chical processing allows CNNs to identify complex pat-
terns and features within images (texture analysis), which
is crucial for tasks like lesion detection, disease classifi-
cation, image segmentation, and image reconstruction [1,
2, 4, 16]. The most common application of CNNs in
imaging is within AI-based computer-aided detection
(CAD) programs [1]. These software implementations
analyze images and highlight areas of concern, prompt-
ing further inspection by radiologists. By automating the
analysis of medical images, CNNs assist radiologists in
diagnosing conditions more accurately and efficiently,
potentially improving patient outcomes. Despite their
promise, CNNs face challenges such as data limitations
and the need for seamless integration into clinical
workflows. Techniques like data augmentation and trans-
fer learning are employed to address small datasets and
overfitting issues. Ensuring that CNNs support radiolo-
gists without overwhelming them is crucial for their suc-
cessful adoption in clinical practice [1].

One of the most substantial aspects of radiological
AI is objective quantification, which is exceedingly time
consuming if were to be done by a human operator. Ap-
plications quantify image aspects (e.g., bone density),
measure organ features (e.g., brain volume), or extract
quantitative data (e.g., coronary calcium scores) [2]. This
is profoundly useful for treatment optimization, as well
as in scientific pursuits.
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Another profoundly important aspect of AI in radi-
ology is detecting and highlighting suspicious areas [2].
These applications identify and highlight signs of specific
pathologies (e.g., nodules, strokes). They are often trained
to recognize highly specific diseases to ensure accurate rec-
ognition of the findings by the radiologist [2, 9].

Additionally, several applications are designed to
enhance “image processing” during the post-acquisition
phase, aiming to improve image quality parameters such
as clarity, brightness, and resolution [2, 15]. These ad-
vancements allow technologists with varying skill levels
to produce high-quality images, minimize the necessity
for repeated acquisitions, and reduce radiation exposure
without compromising image quality [2]. An example of
this is iterative reconstructions – a post-processing tech-
nique employed in numerous CT devices today, which
runs the raw scan data through the image reconstruction
algorithm repeatedly instead of just a single time (effec-
tively de-noising the images), allowing for lower dose
scanning, which would otherwise result in suboptimal im-
ages [3]. Deep learning algorithms have demonstrated the
ability to enhance MRI scan quality and efficiency, po-
tentially reducing scan time—a significant factor in MRI
examinations [3, 12].

Another substantial use of AI in radiology is a com-
parison between consecutive studies of the same patient
and longitudinal analysis – some applications compare a
patient’s images over time to detect changes (e.g., tumor
size, newly appeared nodules) in order to improve radio-
logical workloads in oncology [2].

Diagnosis applications combine the previously dis-
cussed functionalities to judge the likelihood of a given
disease being present by comparing with healthy stand-
ards and identifying potentially pathologic areas [2, 15].
They vary in framing outputs as either actual diagnoses
or pre-diagnoses for further examination by a radiologist
[2]. This functionality is still in its developmental stages,
and its reliability needs substantial improvement. Despite
this, some basic functionality includes An AI model with
diagnostic accuracy comparable to that of radiologists for
detecting pneumonia on chest radiography [3]. Similar re-
search has been conducted for the identification of frac-
tures, tuberculosis, and bone age determination [3].

Very few AI programs predict the likelihood of dis-
eases based on current examinations, often focusing on
specific entities and using supplementing their estima-
tions with additional clinical information alongside im-
age data [2, 3].

Another application of AI in radiology has to do
with patient profiling and case prioritization. Exceedingly
few applications extract patient information from reports
and medical records, providing a text-based comprehen-
sive view of the patient’s history and conditions along-
side their medical images in order to aid in accurate im-

age examination [2]. This could also aid in triage for big-
ger institutions where the demand for imaging often
stretches the capacity of the radiology departments by
providing worklist management [3, 8, 12, 15]. Imaging
classifiers have been designed to identify abnormal chest
radiographs, thereby expediting the interpretation of ab-
normal exams. Similarly, classifiers have been created to
detect intracranial hemorrhage and stroke on noncontrast
head CT, as well as an acute stroke on diffusion-weighted
MRI. These tools can be integrated into the Picture Ar-
chiving and Communication System (PACS) to create a
“smart worklist,” which prioritizes abnormal exams for ra-
diologists, thus reducing the time to diagnosis and treat-
ment [3, 15]. Additionally, AI algorithms can be utilized
at the point of care to support medical decision-making
in imaging requests. They achieve this by analyzing a pa-
tient’s medical record to assess the appropriateness of
imaging and by offering guidance on the most suitable
imaging exam [3]. For instance, guidance may be provided
to utilize CT or MRI instead of ultrasound in patients
whose body habitus may hinder accurate sonographic di-
agnosis [3].

Finally, AI systems that facilitate reporting are al-
ready available on the market. These systems can be
trained to recognize specific key phrases and employ rule-
based algorithms to automatically organize unstructured
dictations [3, 15].

Radiomic analysis, defined as the quantitative
transformation of images into mineable data for math-
ematical analysis, is expected to become increasingly
prevalent with the accessibility of AI tools [3]. Deep learn-
ing and texture analysis may facilitate large-scale
radiomic analysis, potentially identifying disease charac-
teristics from imaging patterns that are not easily discern-
ible to the human eye. Additionally, “big data” tech-
niques, incorporating both deep learning and other ma-
chine learning strategies, may enhance the prediction of
therapeutic responses and provide insights into which pa-
tients may benefit more from percutaneous intervention
rather than surgery [3, 7, 15, 17].

Challenges and Limitations
One of the first limitations that institutions inter-

ested in radiological AI must face is the hardware barrier
to entry – the CNNs require substantial computing power,
which translates into a corresponding financial invest-
ment. Many small diagnostic centers would find the im-
plementation of large and science-related CNNs difficult.
That being said, CAD software has become increasingly
more and compact (requiring less imposing computing
hardware) and more widely available by a multitude of
imaging hardware providers in the recent decade [1, 2].

A second limitation is the quality and quantity of
the data on which the diagnostic AI has been trained. In-
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ternational databases with manually pre-segmented train-
ing images have been built in the last half a decade in
order to accommodate better AI training. One such exam-
ple is the Open-Source Imaging Consortium (OSIC) which
focuses on pulmonary high-resolution CT (HRCT) stud-
ies of interstitial diseases. Unfortunately, similar efforts
are difficult to organize and rather fragmented globally
between hardware providers [1].

False positive rates remain a significant barrier to
the widespread adoption of CAD systems in healthcare.
CAD software can incorrectly highlight normal structures
as abnormal, leading to time-consuming efforts for radi-
ologists to distinguish true abnormal lesions from false
positive prompts. This not only impacts recall rates but
also increases costs [1].

Another limitation of AI-based CAD software is the
inability of the human operator to glean into the algo-
rithm’s thought processes, making it challenging to un-
derstand the reasoning behind any decision made by the
system. The system is almost entirely incapable of pro-
viding explanations for its diagnoses. This is known as
the “black box” problem [1, 3]. Although the CNN algo-
rithm’s determination is likely to be correct, the radiolo-
gist retains full responsibility for the final report [1].

It needs to be stipulated that current AI applications
are limited in their scope, focusing on specific modalities,
anatomic regions, and tasks. This narrow focus ends up
restricting their usefulness in clinical practice substan-

tially [2]. Additionally, since these applications have a
narrow focus, the time and effort required for radiologists
to launch and use them may exceed their benefits [2].

CONCLUSION
In conclusion, AI is increasingly becoming a promi-

nent force in the field of radiology, offering a wide array
of applications such as image segmentation, objective
quantification, detection and highlighting of suspicious
areas, image processing and optimization, longitudinal
analysis, potential diagnosis recognition, triage, and re-
porting aid. Despite these advancements, AI still has a
considerable journey ahead before it can match the mul-
tifaceted competencies of a human radiologist. The cur-
rent capabilities of AI, while impressive, are limited in
scope and require further development to achieve a com-
prehensive model that can fully rival human expertise in
radiology. Continued research and innovation are essen-
tial to bridge this gap and unlock the full potential of AI
in enhancing radiological practice.
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