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Abstract  
Artificial intelligence (AI) is transforming industries that have historically relied on human cognitive talents, and humanity 
is reaching a turning point in its technological revolution. Advances in artificial neural networks have fueled this shift, 
which has changed data processing and evaluation, opening possibilities for using AI solutions to handle challenging and 
time-consuming activities. Convolutional networks (CNNs) and GPU technology adoption. By improving accuracy and 
computing efficiency, has already completely transformed image recognition. AI techniques are especially useful in 
radiology for jobs involving pattern. Improved detection and categorization; for instance, automated feature extraction 
using AI technologies has improved diagnostic efficiency and accuracy in identifying anomalies across imaging 
modalities. According to our data, the main priority areas for AI solutions are CT and MRI modalities, neuroimaging, and 
chest imaging, which reflects their high clinical demand and complexity. Additionally, high-prevalence diseases are 
targeted with AI technologies, illnesses, including breast cancer, stroke, and lung cancer, highlighting AI's compatibility 
with significant diagnostic requirements. With most products authorized under the Medical Device Directive (MDD) and 
Medical Device Regulation (MDR) in Class IIa or Class I categories, indicating compliance with moderate-risk 
requirements, the regulatory environment plays a crucial role in the development of AI technologies. From 2017 to 2020, 
there was a sharp rise in the creation of AI products, which peaked in 2020 and then recently stabilized and saturated. The 
authors of this paper examine the developments in AI based imaging applications, highlighting AI's revolutionary potential 
for improved diagnostic support and concentrating on CNNs' crucial function, legal issues, and possible risks to human 
labor in the diagnostic imaging industry. 
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Introduction  
The use of microprocessor-based decision-making 
systems is a transformation comparable to the 
development of the wheel or the use of fire, and 
humanity is today on the cusp of a technological 
revolution [1- 3]. The ability to transfer decision-making 
processes concerning the interpretation and outcomes of 
human-related data—traditionally reserved for the 
human brain—to artificial neural network systems 
marks a profound shift [4–6], representing a significant 
breakthrough in data processing and evaluation methods 
[7]. 
Because the problem-solving strategy in semiconductor-
based neural networks depends on patterns in the 
training data, human decision-making is somewhat 
influenced by these networks [8,9]. 

It is important to note that deeper, multilayered networks 
can create autonomous decision paths over time via 
exposure to input data, which can be opaque and 
frequently based on the networks' own iterative 
experiences [10,11]. As demonstrated by the well-
known instance of AI algorithms defeating humans at the 
game of Go [12], this leads to solutions that are superior 
to human understanding. 
Given these capabilities, AI not only offers solutions to 
repetitive and time-intensive tasks but also presents 
novel approaches to long-standing problems, a potential 
that explains AI’s extensive applications in medicine 
[13]. 
AI’s utility is particularly evident in diagnostic imaging 
where physicians engage in the detection and 
classification of patterns; these tasks are time-
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consuming for specialized medical professionals and, 
due to the repetitive nature of pattern recognition, are 
prime candidates for AI-powered decision systems 
[14,15]. 
As a result, the scientific community has made creating 
such systems a top priority, as seen by the growing 
number of algorithms designed to identify different 
abnormalities in medical images [16,17]; these 
algorithms mainly depend on architectures of 
convolutional neural networks that have been trained on 
certain picture patterns [18]. 
Significant difficulties arise from the enormous range of 
data that is encountered in contemporary imaging 
diagnostics. Certain tissues, organs, and imaging 
modalities such as computed tomography, magnetic 
resonance imaging, and mammography require 
algorithms to be customized and X-ray; the vast range of 
algorithms used to examine different parts of the human 
body reflects this diversity [19,20].  
We seek to offer a thorough examination of the 
developments and difficulties related to AI applications 
in radiology, with a focus on the development of 
convolutional neural networks (CNNs) as key 
instruments in diagnostic imaging, assessing  
the legal frameworks governing the incorporation of AI 
into clinical procedures and investigating the possible 

effects of these technologies on the functions of 
radiologists and the provision of healthcare. 
 
Deep Learning Models: A Short Introduction to 
Current Solutions 
Several data analysis factors should be considered in 
radiology, and Figure 1 shows some of the most recent 
deep learning methods. First, a visual examination of the 
numerous images produced by the equipment provides 
information about the anatomy of the human body. Here, 
the classification task between healthy and unhealthy 
patients is solved using deep learning models, 
sometimes considering the severity stages of an illness. 
On the other hand, such general information may need 
to be more detailed to determine the region of changes, 
or simply segmenting the data for additional analysis is 
expected, in which case convolutional neural networks 
are taken into consideration. However, in several 
situations, the problem is so complicated that training a 
single model is insufficient, and a pipeline of different 
models is prepared to accomplish the aim.  
Convolutional neural networks are taken into 
consideration when determining the region of changes or 
just segmenting the data for additional analysis. How 
ever, the problem is so complex in several cases that 
training only one model is insufficient, and a pipeline of 
various models is prepared to achieve the goal. 

 

 
Figure 1 – Deep learning models applicable for radiological data processing. 

 
Classification  
Convolutional neural networks (CNNs) are taken into 
consideration while visually assessing radiographs (X-
ray), computed tomography (CT), magnetic resonance 
imaging (MRI), and ultrasound data. One such CNN that 
has become very popular is ResNet [21]; For example, 
the largest version, ResNet-152, was used to detect 
pneumonia in chest X-rays [23] and was a component of 
a model devoted to diagnosing and forecasting outcomes 
of COVID-19 pneumonia [24]. The smallest version, 
ResNet-18, is used for histopathological images, 
CT/MRI scans, and genomic data, and it supports 
prognosis in clear-cell renal cell carcinoma [22].  
 
Segmentation  

Beyond the classification of a whole image, it is also 
possible to determine the detailed region where an organ 
or tissue of interest is depicted within an image; such a 
problem in computer science is called semantic 
segmentation, in which a mask is generated for the 
whole image, and each pixel is classified as belonging to 
some data class, consequently delineating specific 
regions. 
 
Language Analysis 
In radiology, LLMs can be used for more than only 
creating reports; they can also be used for more general 
purposes. For example, LLMs have demonstrated 
promise in precisely detecting and categorizing real and 
false laterality mistakes in radiology reports [25]. 
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Enhancing patient understanding of their condition is 
crucial for improved outcomes, making the creation of 
more patient-friendly imaging reports an essential area 
for LLM implementation.  
LLMs can serve as effective tools for post hoc structured 
reporting in radiology, enabling significant time savings 
by automating the organization and structuring of 
radiological data for improved efficiency and 
accessibility [26]. LLMs have also been employed to 
classify unstructured radiology reports into standardized 
categories. 
The adaptability of LLMs in radiology, emphasizing 
their ability to enhance workflow efficiency, patient 
communication, and diagnostic accuracy across a range 
of applications. 
 
Do Artificial Intelligence Perform Better Than 
Human Physicians? 
A radiologist is trained to differentiate between 
characteristics that are deemed pathological and normal, 
recognizing anomalies and classifying them under 
headings. Radiology is the interpretation and 
categorization of medical pictures based on 
characteristic traits classifications for diagnosis [27,28]. 
In addition to the imaging specialist's natural ability to 
recognize patterns, the process of extracting common 
features from collections of known photos combines 
knowledge and experience. This capacity to identify 
common, Since the ability to accomplish objectives 

based on these generalizations is a well-known indicator 
of system intelligence, features across random datasets 
may be mathematically characterized and are frequently 
seen as a measure of cognitive intelligence [29,30]. 
Machine learning has shown promise in replacing 
aspects of this process as machines can emulate 
intelligence by generalizing and identifying similarities 
across varied models with limited connections because 
the ability to find similarities across patterns is 
understood as a background of artificial intelligence 
[31]. 
The diversity of data, which varies not only between 
imaging modalities (such as CT, MRI, and CR) but also 
within the same anatomical structures and might 
transmit different information, is a major difficulty in 
radiology and necessitates a thorough understanding 
of imaging procedures and a lot of practice [32]. 
The human brain, which serves as a metaphor for 
radiologists, has over 80 trillion synaptic connections, 
demonstrating its intricate neural network that permits 
profound adaptation and perceptual sensitivity. In 
contrast, AI models, with around 3 trillion parameters, 
have fewer connections, which points to the efficiency 
with structured data but reveals potential limitations in 
adaptability (Figure 2). moving to data processing 
volume, radiologists handle a moderate amount of data 
in each session, reflecting their focus on quality over 
quantity and their ability to adapt to diverse cases [33]. 

 

 
Figure 2. Detailed comparison of human radiologists and AI models, emphasizing the unique strengths each 

brings to medical imaging tasks 
 
However, AI models are faster than radiologists at 
processing massive amounts of data, which is useful for 
applications requiring consistency and speed. However, 
AI models could not be as flexible as human analysis. 

Regarding consistency, radiologists show moderate 
reliability, as their work is often subject to slight 
variability due to factors such as fatigue and cognitive 
biases; AI models, on the other hand, demonstrate high 
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consistency, performing uniformly across datasets and 
maintaining precision without the effects of fatigue or 
bias [34]. 
Although AI models may not be as good at capturing 
nuances as humans, their great consistency makes them 
appropriate for tasks requiring repetitive accuracy. 
Radiologists usually analyse data at a moderate pace, 
striking a balance between thoroughness and rapidity. 
Their job entails a sophisticated approach that can be 
time-consuming but is necessary for accuracy in 
complex circumstances due to the necessity for rigorous 
review. AI models, on the other hand, are exceptionally 
fast, processing large amounts of images quickly. This is 
helpful in situations when quick diagnosis are essential, 
even though complicated findings frequently need 
human validation [35]. 
The above comparison highlights the complementary 
nature of radiologists and AI models: radiologists bring 
adaptability, perceptual depth, and expertise, while AI 
models contribute efficiency, speed, and consistent 
accuracy. Together, these strengths suggest that an 
integrated approach, combining human insight with AI 
efficiency, might offer the most comprehensive and 
effective path forward in medical imaging diagnostics. 
 
Is a Radiologist's Profession in Risky? 
Although machines are frequently thought to be better 
than humans at solving logical issues, humans still beat 
robots in terms of perception, particularly when it comes 
to complex medical picture recognition [36]. This is still 
true whether we look at a radiologist’s the capacity to 
identify different diseases and adjust to different datasets 
[37–39]. The effectiveness of both artificial and 
biological networks is mostly determined by the two 
variables listed below: First, the quantity and design of 
connections, which determine the network's capacity to 
capture complex patterns; and second, the volume and 

quality of data, as better data usually results in better 
outcomes—a notion commonly summed up as "garbage 
in, garbage out" [40]. 
Additionally, there are other factors, unique to artificial 
networks, which are not directly comparable to human 
brain processes but significantly influence artificial 
network performance, including training techniques, 
optimization algorithms, hyperparameter modification, 
transfer learning, and model generalization [41,42]. 
 
Importance of Data Preparation for Processing with 
AI 
A methodical strategy is necessary when preparing 
medical imaging data for machine learning (ML) to 
guarantee model accuracy, generalizability, and 
dependability (Figure 3). First, data preparation is 
guided by specific project goals, such as classification, 
segmentation, and detection tasks, everybody has 
different needs [43]. To account for variations among 
modalities like X-ray, MRI, or CT, standardization is 
crucial. This includes normalizing resolution and 
intensity and converting images to a common format 
(such as DICOM or NIfTI) [44]. While quality assurance 
(QA) checks confirm noise levels, contrast, and 
anatomical coverage, data cleaning corrects artifacts 
(such as motion blur) and guarantees label accuracy. 
Particularly for intricate activities like segmentation, 
precise annotation by skilled radiologists is essential, 
with standards set to preserve consistency. Data 
augmentation techniques (e.g., rotations, flips, contrast 
adjustments) expand limited datasets, increasing 
robustness. For data augmentation, techniques that are 
appropriate to the problem and logical should be used. It 
is crucial that data augmentation techniques align with 
the clinical context to avoid introducing unrealistic 
transformations. 
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Figure 3. Necessary steps in medical imaging data preparation for processing with AI 

              AI Can Help, But It Must Be Used Carefully 
There are several radiology applications where AI-based 
solutions are suboptimal or should be utilized cautiously, 
even though they represent state-of-the-art technology 
for image segmentation [45,46]. 
Firstly, deep learning-based contributions to medical 
image registration are still less accurate than methods 
based on classical numerical optimization [47–51]. 
Standard machine learning, which is used for the 
classification of textural features (classical approach), 
achieved an accuracy of 69% in an experiment that used 
automated analysis of computed tomography scans of 
the vertebrae to classify the patient's sex. Deep 
convolutional networks, on the other hand, produced a 
slightly lower accuracy of 59% for this task. [52] 
Picture production and reconstruction is another field 
where AI techniques should be applied cautiously. These 
days, individuals try to use AI to create new synthetic 
volumes for picture augmentation [53] to convert one 
modality to another (e.g., to generate synthetic CT from 
MR to prevent radiation) [54], to immediately generate 
artificial volumes with textual cues [55], or to speed up 
image reconstruction [56]. Despite the growing 
popularity of these programs, individuals should use 
them carefully because they frequently create artificial 
structures that could mislead medical professionals [57]. 
For instance, most contributions in automatic image 
segmentation evaluate accuracy using annotations from 
a single annotator rather than reporting confidence 
intervals [59,60]. AI-based contributions are frequently 
evaluated improperly [58], which results in incorrect 
conclusions. Inter-variability should be assessed, 
nevertheless, and any evaluation should always include 
ground truths annotated by multiple radiologists if the 
ground truth is based on annotations by human 

specialists. Furthermore, standardization and 
explainability issues with deep learning techniques are 
inherent [61], which makes it challenging to compare 
findings from various studies and guarantee consistency 
in performance indicators [62]. 
 
Conclusion  
In summary, even though AI presents new opportunities 
to improve radiography, its integration necessitates a 
balanced strategy that addresses ethical and legal issues, 
acknowledges the ongoing value of conventional 
techniques, and promotes a cooperative For AI to reach 
its full potential, radiologists and AI must have a 
connection. Radiology offers the chance to advance 
medical imaging to new heights of accuracy, 
effectiveness, and impact by fusing the advantages of AI 
with conventional techniques.  
The market for AI radiology appears to have moved 
from a period of rapid expansion to one of stabilization 
and possible saturation, according to the combined 
insights from the data analysed in this publication. This 
pattern represents the field's growing maturity, in which 
Product deployment and regulatory procedures are 
catching up to the original innovation boom. Instead of 
launching brand-new items, future initiatives might 
concentrate more on improving current solutions. 
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