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Abstract

Artificial intelligence (AI) has rapidly transformed numerous industries, including medicine, with radiography
standing to benefit significantly from its capabilities. Al enhances diagnostic accuracy, reduces errors, and improves
patient care by leveraging large datasets from digital radiographs commonly used in medical and dental practices.
Despite these advantages, the impact of Al on image acquisition and radiographer workflows remains
underexplored in radiography literature. This review aims to evaluate the effects of Al on radiographic practices,
address regulatory challenges, and explore its integration into educational frameworks for radiologists and
radiographers. It highlights Al's role in automating tasks, enhancing diagnostic precision, and improving clinical
decision-making. A systematic literature search was conducted using PubMed and Google Scholar up to December
2024, with terms including "artificial intelligence,” "machine learning,” "deep learning," "radiography,” and
"diagnostic imaging." Seventy-seven peer-reviewed articles and conference papers focusing on Al applications in
digital dental radiography were analyzed to extract data on Al methodologies and their potential applications. The
findings reveal that Al-powered solutions enhance efficiency in complex imaging tasks, such as lesion identification
and triage in mammography, and real-time assessments in cross-sectional imaging, reducing the need for re-scans
and increasing patient throughput. However, widespread adoption faces obstacles related to ethical and legal
concerns, including data privacy, algorithmic bias, and the need for transparency. While Al demonstrates significant
potential to automate workflows, improve diagnostic accuracy, and optimize patient care in radiography, challenges
related to human oversight, professional adaptation, and regulatory compliance must be addressed. Further
research is needed to fully understand Al’ s impact on radiography and to maximize its clinical utility.

Keywords: Artificial Intelligence (Al), Radiography, Machine Learning, Diagnostic Imaging, Medical Practice, Deep
Learning, Al in Diagnostic Imaging, etc.

INTRODUCTION

Artificial intelligence (AI) encompasses technologies
that enable computers to replicate human intelligence,
performing tasks such as learning, problem-solving, and
decision-making autonomously. Machine learning (ML), a
subfield of Al, focuses on developing algorithms that can
identify patterns in data and improve their performance
over time without requiring explicit task-specific
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brain to model complex patterns in data. These distinctions
are critical for radiology, where Al methodologies have
shown significant potential in processing large imaging
datasets with precision, facilitating diagnostic workflows,
. . and enhancing decision-making accuracy (Hosny et al.,
‘) corresponding author 2018; Do et al., 2020).

Al technologies such as virtual assistants, image
recognition systems, and search engines have profoundly
influenced daily life and healthcare, assisting medical
professionals in tasks ranging from illness detection to
treatment planning (Jiang et al.,, 2017). In radiology, the
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shift toward digital imaging, including computed
tomography (CT), panoramic radiographs, and cone-beam
CT, has resulted in extensive data repositories. These
datasets provide a foundation for Al applications, enabling
objective, quantitative, and efficient data processing to
automate tasks and improve diagnostic accuracy (Thrall et
al, 2018). Furthermore, Al facilitates the analysis of
complex clinical data, contributing to tailored patient care
and better therapeutic outcomes (Joda et al., 2021).

The transformative potential of Al in radiology has
fueled considerable research interest. Advances in Al
methodologies, particularly in deep learning, have enabled
applications in areas such as lesion detection, tumor
segmentation, and disease progression monitoring. Dental
and maxillofacial radiography have also benefited, with Al-
driven systems enhancing diagnostic capabilities and
standardizing imaging protocols (Soffer et al., 2019; Hung
et al., 2020). Despite these advancements, the practical
adoption of Al faces significant challenges, including issues
of data privacy, algorithmic bias, and the interpretability of
Al models (Nensa et al., 2019; Bluemke et al., 2020).

While Al applications in radiology have demonstrated
promise, several critical research gaps persist. Data
standardization across imaging modalities remains a
challenge, as inconsistent data formats hinder the
development of robust, generalizable Al models (Do et al.,
2020). Algorithmic bias, resulting from imbalanced training
datasets, raises concerns about the equity of Al-driven
diagnoses, particularly for underrepresented populations
(Thrall et al., 2018). Furthermore, the interpretability of Al
models—essential for building trust among clinicians—
requires innovative approaches to make complex neural
network decisions more transparent (Kuo et al., 2019).

Integrating Al into existing healthcare workflows is
another significant hurdle. Al systems must align with
regulatory frameworks, such as the Ionising Radiation
(Medical Exposure) Regulations, which mandate human
oversight for medical imaging (Hall, 2019). This regulatory
landscape complicates the automation of radiological tasks
and necessitates careful consideration of ethical and legal
implications (Langlotz, 2019). Additionally, data privacy
concerns and the high costs associated with Al
infrastructure pose barriers to widespread adoption,
especially in resource-constrained healthcare settings
(Khalighi et al., 2024).

The current body of literature underscores the
potential of Al in radiology but highlights notable gaps. For
instance, while substantial progress has been made in
automating image analysis, there is limited research on the
integration of Al into clinical workflows, including how it
complements decision-making by radiologists.
Additionally, the lack of standardized protocols for training
and validating Al models impedes the development of
robust systems capable of generalizing across diverse
clinical settings (Bluemke et al., 2020; Hung et al., 2020).
Addressing these gaps is essential for maximizing the
clinical utility of Al and ensuring its ethical and equitable
adoption.

This study seeks to address these research gaps by
exploring the application of Al in radiology, with a
particular focus on its integration into clinical workflows,
challenges in implementation, and potential solutions. By

categorizing Al  applications, analyzing current
methodological advancements, and highlighting
unresolved issues such as data standardization and

algorithm transparency, this research aims to contribute to
the ongoing discourse on optimizing Al for clinical
radiology. Ultimately, this study aspires to provide a
foundation for future research and practical guidelines that
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support the ethical and effective adoption of Al in
radiology, advancing diagnostic accuracy and improving
patient outcomes.

MATERIALS AND METHODS

A comprehensive and systematic literature search was
conducted using PubMed and Google Scholar to identify
relevant studies on artificial intelligence (Al) applications
in radiology. The search covered publications up to
September 2024 without restricting the publication year to
ensure an extensive inclusion of research on Al’s
advancements over time. The search targeted studies
focused on general Al technologies and specific
applications in digital radiography, ensuring
representation across various radiographic modalities,
including intraoral, extraoral, panoramic, cone-beam
computed tomography (CBCT), and computed tomography
(CT). This approach aimed to capture the breadth of Al's
impact in both dentistry and broader radiology contexts.

The search strategy incorporated a robust set of
keywords, including "artificial intelligence,” "machine

learning,” "deep learning," "convolution neural network,"
"automated,” "computer-assisted diagnosis,” "FDA,"
"radiography,” "diagnostic imaging," and "medical." These

terms were selected to reflect the diverse spectrum of Al
technologies relevant to radiology, from core
computational techniques (e.g., deep learning and
convolutional neural networks) to regulatory aspects (e.g.,
FDA approval processes), which are pivotal for
understanding the adoption of Al in clinical settings. To
enhance the comprehensiveness of the search, additional
terms such as "algorithmic models," "predictive analytics,"
"image segmentation,” and "classification algorithms" were
included to ensure the coverage of Al methodologies
relevant to image analysis and clinical implementation.
These terms were derived from established frameworks
and guidelines on Al applications in medical imaging
(Bluemke et al., 2020; Kuo et al., 2019).

The selection process began with screening article
titles and abstracts for relevance, followed by a detailed
review of the full text. Studies were included if they
focused on Al applications in radiology, either broadly or
specific to digital radiography, presented original research,
systematic reviews, or meta-analyses, were published in
peer-reviewed journals or reputable conference
proceedings, and provided full-text availability. Conversely,
studies were excluded if they were limited to abstract-only
publications or lacked accessible full texts, did not directly
address Al applications in radiology or digital radiography,
or lacked methodological transparency, particularly in
reporting details on the Al algorithms used. This rigorous
approach ensured the inclusion of high-quality and
relevant studies for the review.

Manual searches were also conducted by examining
the reference lists of the included studies and
complementary web searches to identify additional
relevant papers. This iterative process ensured the
inclusion of high-quality and pertinent research.

The final dataset comprised 77 studies, which were
thoroughly analyzed for details on the types of data, Al
algorithms, and radiographic modalities addressed. The
studies were categorized based on their primary Al
methodologies, such as deep learning architectures (e.g.,
convolutional neural networks) or other machine learning
models, and their application in diagnostic imaging, image
quality assessment, and clinical decision support (Esses et
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al, 2018; Looney et al, 2018). This categorization
facilitated an in-depth understanding of Al's current
capabilities and limitations in radiology.

IMPACT OF Al ON RADIOGRAPHIC PRACTICE

Radiographic technology has included Al since the
invention of autonomous exposure systems in the 1980s
(Localio & Stack, 2015). Despite their limitations, these
devices were able to optimise exposure, which improved
efficiency and picture quality by limiting the final mAs
value required for optimum exposure (van Lent et al,
2012). The early influence of Al on radiography practice
was shown by this technology, even though radiographers
still maintained substantial control (Hardy & Harvey,
2020). Especially in situations where the patient's body
form impacted picture quality, radiographers swiftly
embraced these devices for their capacity to enhance
image quality while reducing needless exposure (Tariq et
al, 2020). To handle any discrepancies and guarantee
patient safety, however, human oversight was still
necessary (Walsh et al, 2004).

Systems that can analyse picture quality and
recommend ideal acquisition settings for complicated
imaging modalities like CT and MRI have recently been
launched using Al technology. As an example, Al has been
used to improve mammography's lesion identification and
triage capabilities, enabling radiographers to assign
priority to critical cases according to Al's first evaluation
(Mendelson, 2019). According to Rahman et al (2023), Al
may improve cross-sectional imaging in real time, which
means fewer re-scans are needed. This is supported by a
clinical trial conducted by Wu et a/. (2019), which showed
that Al can speed the process. The use of Al-powered tools
has revolutionised ultrasonography by facilitating the
capture of standardised views. This has had a positive
impact on diagnostic accuracy by decreasing variability
(Geras et al, 2019). Improved radiography processes and
more time for patients are two outcomes of Al in action, as
shown in these instances (Putra et al, 2022).

There are regulatory issues about the incorporation of
Al with radiography, in addition to operational efficiency.
The rules that are in place now aren't always suitable for
Al-driven systems that take over decision-making
responsibilities that were previously handled by humans
(Hall, 2019). For instance, current regulations such as the
Ionising Radiation (Medical Exposure) Regulations (2017)
need human verification and supervision of imaging
procedures, which restricts the level of Al automation that
may be used in clinical settings. Algorithmic bias, data
privacy, and accountability are some of the specific
concerns associated with Al, and regulatory agencies will
need to adapt to meet these challenges as the technology
develops. The advancement and implementation of
completely autonomous Al systems in healthcare settings
might be impeded in the absence of revised legislation
(Nensa ef al, 2019).

The possible advantages of Al must be weighed against
the dangers of less human supervision by healthcare
facilities. If we want to make sure that using Al boosts
departmental efficiency without jeopardising patient
safety, we need to do risk assessments and manage
responsibility. On top of that, radiologists will have to learn
how to supervise Al-powered systems, combining their
knowledge in radiography with new abilities in Al
cooperation and supervision (Figure 1).
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Figure 1. Possible Al-influenced workflow areas in cross-
sectional radiography

The radiographer's perspective on the professional
challenges posed by the widespread use of Al and the
growing automation of image capture has been
conspicuously absent from professional and industry
literature up until very recently (Murphy & Liszewski,
2019). Comparatively speaking, this stands in sharp
contrast to the heated discussions and debates that
erupted among radiologists over diagnostic Al when the
idea was first mooted as a possible automated solution to
radiology reporting backlogs (French & Chen, 2019).
Whether this is due to professionals’ inability to fathom
the magnitude of Al's potential impact, their learnt
resistance to change, or their fear of the unknown is
unclear (Bluemke ef al, 2018). There has been a meteoric
rise in the number of articles published in radiology
journals addressing artificial intelligence (AI) since 2015.
This is likely due to the fact that radiologists have been
quick to address initial fears of Al's potential extinction by
presenting Al automation in a positive light, arguing that it
is an enabling technology rather than a threat to their jobs
(Thrall et al, 2018). While some may point to role
preservation and protectionism as causes of the recent
surge in radiologist interest and debate, it is also fair to say
that it has helped to make the case for the importance of
human workers in the imaging chain, something that is all
too often neglected in the push for better service and lower
costs (Langlotz, 2019).

ROLES OF Al IN RADIOGRAPHY

There has been a lot of written on Al's capabilities in
medical picture interpretation, but the field of radiography
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will be drastically changed by this technology and how
radiographers operate (Ranschaert ef a/, 2019). In this part,
we will delve into the important ways in which Al is
changing radiography, along with the effects on clinical
processes and the training of radiographers..

Pre-examination assessment

Patients spend a lot of time with radiographers before,
during, and after imaging operations. Here, it's crucial to do
things like confirm the patient's identification and brief
them about the treatment (Pakdemirli, 2019). Robots can't
take the position of human radiologists when it comes to
patient care, but they can help with paperwork (GE
Healthcare, 2019). Artificial intelligence (AI) has many
potential applications in healthcare, such as confirming
patients' identities via EHR integration, checking referrals,
and using patients' medical histories to choose the most
appropriate imaging modality (Lakhani er al/, 2018).
Artificial intelligence enables a more effective workflow by
automating these pre-exam processes, freeing up
radiographers to concentrate on patient care rather than
administrative duties. Radiologists must keep an eye on
electronic health record data integrity and check that Al-
generated suggestions are correct and consistent.

Examination planning

According to Santini ef al (2018), radiographers are
tasked with situating patients accurately and choosing
imaging settings according to the clinical necessity during
examination planning. Image quality variability and
patient dose mistakes might be reduced with the use of Al-
driven solutions that automate tasks like isocentric
placement and protocol changes in CT and MRI (Feng et al,
2017; Santini et al, 2018). As an example, Al has the ability
to assess each patient's unique characteristics and
recommend the best amount of contrast and injection rate,
which might lead to a decrease in the use of contrast media
and be in line with personalised treatment (Tong et al,
2018; Lou et al, 2019). More consistent picture quality
with fewer retakes might result from this automation,
which would improve production efficiency. Deep learning
algorithms have the ability to auto-segment tumours and
personalise radiation doses in therapeutic radiography.
This might lead to better treatment accuracy and fewer
side effects (Teeuwisse et al, 2007).

Image acquisition

Another important duty of radiographers is to choose
the right imaging methods. On the other hand, diagnostic
precision might be compromised due to inconsistent
procedure selection (Foley ef al, 2012). Al may improve
consistency across different contexts by automatically
suggesting protocols based on patient data (Sammy et al,
2017). Improved patient safety and picture quality may be
achieved by the use of Al-powered dose reduction
algorithms in mammography, CT, and PET/CT (McFadden et
al, 2013). An area that has long relied on human operators,
ultrasonography may now benefit from Al's ability to
automate foetal measurements, kidney function
assessments, and positioning tools (Brown & Marotta,
2018). Throughput and patient care are both enhanced by
these innovations, which enable radiographers to do
evaluations more rapidly and precisely.
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Image processing

Recent advances in artificial intelligence (AI) have
focused on improving image post-processing in radiology,
leading to improvements in modality throughput and
examination time reduction (Liu et al., 2018). Artificial
intelligence algorithms have advanced to the point that
they can automatically segment organs, super-resolve
pictures (Esses et al, 2018), , and even create synthetic
modalities, such CT-equivalent images from MR scans
(Humphries et al, 2019; Looney et al, 2018).
Radiographers might get high-quality, standardised photos
faster with these innovations, cutting down on the
requirement for many imaging sessions and improving
workflow efficiency (Ahn et al, 2019).

Future Implications for Radiographer Training and
Careers

There will be a need for radiographers who are skilled
in Al technologies since the field is expected to be
transformed by Al's growing influence in radiography. To
better educate radiographers for jobs that include
supervising and evaluating Al-driven activities, future
training programs could have to include Al literacy, data
management, and ethical issues. As new Al tools and
methodologies are developed, radiographers will also need
ongoing education on the subject. Aside from streamlining
workflows, Al also presents radiographers with chances to
hone their technical abilities, positioning them as vital
players in the future of Al-driven radiography.

PROSPECTS FOR RADIOLOGISTS

The future of radiology, particularly the roles and
responsibilities of radiologists, will be significantly
influenced by the increasing integration of Al-driven
diagnostic imaging technologies (Wu er al, 2017).
Historically, radiologists have adapted well to
technological advancements, especially when they provide
clear benefits for patient health and align with ethical
standards (Kuo er al, 2019). While large-scale clinical
impact studies are limited, Al’ s rapid evolution suggests it
will soon be widely adopted in radiology. Radiologists
must therefore prepare to embrace these new
opportunities while maintaining their core commitment to
patient care (Yoon ef al, 2015).

Patient-Radiologist Relationship and Trust-Building

Radiologists have new difficulties in establishing and
sustaining trusting connections with their patients as Al
becomes more self-reliant.  Artificial intelligence
technologies fall short of human doctors when it comes to
providing the comfort and understanding that patients
need. As automation speeds up the referral and screening
procedures, the radiologist's role in giving informed
consent and talking about radiation hazards and imaging
advantages will becoming even more important (Nie et a/,
2016). To maintain openness and trust with their patients
in the face of automation's ability to cut down on patient
engagement times, radiologists may have to shift their
focus to patient-centered communication. Radiologist
shortages are making this change all the more important in
countries like the UK, where staffing levels are already low
and patient contacts are already constrained (Akkus et al,
2018). According to Wang et al (2019), radiologists will
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most likely continue to be held legally responsible for the
operational elements of medical imaging as the "operators”
under IR(ME)R laws. As a result, radiologists are under
increasing pressure to provide guidelines for the safe and
effective use of semi-automated systems in healthcare
(NHSx Artificial Intelligence, 2019).

Limitations and Ethical Challenges of Al in Diagnosis

Radiologists must seriously confront the limits of Al,
even if it has the potential to increase diagnostic accuracy.
According to the Society and College of Radiographers
(2019), Al systems may have trouble handling complicated
or uncommon instances, which might result in diagnostic
mistakes that harm patient results. The use of contextual
judgement is essential for Al to recognise subtle
abnormalities or unusual presentations, for example. The
use of Al in diagnosis is complicated by ethical
considerations, such as the possibility of bias in Al
algorithms and problems with transparency. Artificial
intelligence's dependability in critical contexts is called
into doubt when it fails to identify subtle diseases, which
may result in missed or delayed diagnosis (Health
Education England, 2019). Therefore, radiologists should
have a balanced view, appreciating Al for what it can do
but being wary of its shortcomings (Royal College of
Radiologists, 2019). Spencer (2003) and Roberts et al
(2022) are two recent studies that highlight the need of
strong ethical frameworks in radiology for addressing
these dangers and promoting safe Al integration.

Al-Focused Education and Training

According to Culpan et al (2019), radiologists will need
to acquire new abilities in order to take advantage of Al's
efficiency advantages in service delivery. Society and
College of Radiographers (2019) states that radiologists
will need technology-interfacing and cross-modality
abilities to supervise different imaging procedures and
manage intricate Al-driven workflows due to the
increasing patient volumes. In order to prepare students to
securely use Al, ML, and DL, radiography programs should
make sure that students comprehend the basics. Topol
(2019) recommends major changes to healthcare
education that would allow doctors and nurses to learn
from one another's experiences and adjust their methods
to new technologies (Nair et a/, 2018). Further education
in the statistical foundations of Al is required for
radiologists so that they can evaluate Al results with
objectivity and put these findings into practice. In order to
train a diverse workforce that can manage the changing
role of Al in radiology, there must be a change in
educational practices (Annarumma et al, 2019).

Radiographer Reporting

Reporting by radiographers is already commonplace in
the UK, especially in fields like mammography and
projection radiography; however, this practice might be
taken to the next level with the help of Al (Culpan et al,
2019). Combining the knowledge of radiographers with the
efficiency of Al might solve reporting backlogs and enhance
screening turnaround times, especially for high-volume
imaging such as mammography and lung screening
(Ritchie et al, 2016). Further streamlining of these
procedures via research into radiographer-led reporting
services helped by Al might make radiology departments
more robust to workload demands and personnel
shortages (Annarumma et al, 2019). The importance of
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radiographers in guaranteeing the accuracy of Al-driven
imaging cannot be overstated, since human assessment is
still required under IR(IME)R standards notwithstanding Al
recommendations (Royal College of Radiologists, 2018).

FDA-CLEARED Al TOOLS

The main objective of radiology Al systems that have
been authorised by the FDA is to improve healthcare
delivery via more efficient and accurate imaging and
interpretation of diagnostic data. Reliability in clinical
settings is ensured since each instrument has been through
extensive assessment to satisfy FDA safety and efficacy
criteria. Some of these Al systems detect anomalies in X-
ray and magnetic resonance imaging (MRI) scans, while
others aid in the analysis of genetic data and the prediction
of patient outcomes. By facilitating individualised
treatment regimens, speeding up diagnosis, and reducing
room for human mistake, these technologies show great
potential to improve patient care (Tariq et al, 2020).

Building on this, further research has shown that these
Al technologies can perform as well as human radiologists
in certain situations, if not better. Consider the following
examples: Tschandl et a/ (2021) demonstrated in a meta-
analysis that Al tools for skin lesion detection were just as
effective as dermatologists, and Larson et al (2022) cited
particular cases where Al-assisted reads of chest
radiographs consistently found subtle findings more so
than human readers alone. Nevertheless, there are studies
that show situations when human supervision is still
necessary, which shows that the Al tools' efficiency varies
depending on the clinical setting.

Table 1
List of FDA-approved companies
Company Al Tool (s)
Quantib Quantib Brain
RADLogics Al Medical Imaging (AIMI) Platform
Vital Images Vital CT Lung Density Analysis; Vital CT
Brain Perfusion
Koios Medical Koios DS for Breast
Zebra Medical HealthCCS; HealthCXR; HealthICH;
Vision HealthPNX; HealthVCF
ICAD PowerLook Tomo Detection V2 Software
Imaging IB Neuro; IB Stone Checker
Biometrics
AIDOC AIDOC-Briefcase-ICH; AIDOC-Briefcase-
CSF; AIDOC-Briefcase-PE; AIDOC-Briefcase-
LVO
Subtle Medical SubtleMR; SubtlePET

Clinical trials using Al tools licensed by the FDA have
shown encouraging outcomes in terms of diagnostic
efficiency and accuracy, with the tools often reducing the
time to diagnosis and helping to lessen the proportion of
false positives and negatives. As an example, Al-powered
stroke diagnosis on CT scans has greatly improved
workflow efficiency, leading to speedier treatments and
ultimately better patient outcomes. Also, radiologists are
using Al more and more in their practice, albeit not
everyone is on board with it. Scepticism about Al tools is
starting to fade as these technologies prove to be reliable
and operate well with current processes. Continuous
validation studies and open performance reporting in real-
world settings are crucial for gaining the medical
community's confidence and promoting wider clinical
usage.
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Al POWDERED CARCINOMA MANAGEMENT IN
NEUROLOGY SECTION

There are several obstacles in neuro-oncology that
patients encounter at different points in their treatment,
but Al shows potential as a game-changing tool. Artificial
intelligence (Al) has the ability to change the way brain
tumours are managed. It can speed up MRI scans, spot
anomalies, improve workflows, measure accurately,
analyse massive volumes of imaging data, and spot
patterns that humans would miss. Neuroimaging and a
thorough physical examination are the standard
procedures for patients suspected of having a brain
tumour. Surgical excision or a sample for histology and
molecular analysis may follow a tumor's confirmation. In
order to bolster the diagnosis and treatment strategy,
additional biomarker testing of serum or cerebrospinal
fluid (CSF) may be carried out if necessary. After the clinical
team considers the patient's comorbidities, potential
toxicity, available clinical trials, and standard care
recommendations, they choose the best course of therapy
(Villanueva-Meyer et al., 2017).

The complex process involved in neuro-oncology—
which  includes neurosurgeons, neuroradiologists,
molecular pathologists, and neuropathologists—could be
aided by artificial intelligence (Al) by integrating data from
different imaging and biomarker sources. Nevertheless,
neuro-oncology presents a number of obstacles to the use
of Al There are still some technological hurdles to

Intra-operative
Diagnosis
Automated
Tumor Detection

Molecule
Identification

Precise
Diagnosis
Personalised
Treatment

Radiation Oncologist

mor X u 1307
Biomarker S - .
Identification '
o oy K
"

Journal of Current Health Sciences. 2023, 4(2), - 100

overcome, such as the need for more sophisticated imaging
algorithms that can capture the diverse and intricate
features of tumours, which are often affected by genetic
diversity and the brain tissue around them. Current
therapies, such as surgery, radiation, and chemotherapy,
might harm nearby healthy tissue due to the vulnerability
of brain tissue (Khalighi et al., 2024).

Additional challenges to using Al in clinical neuro-
oncology include costs and the need for specialised
infrastructure. For smaller healthcare institutions, the
continuing expenditures for data storage and processing, as
well as the acquisition, maintenance, and upgrading of Al
platforms, might be too much to bear. These expenses
could make Al less accessible outside of high-resource
environments and delay its broad adoption.

As a last point, getting practitioners on board is a big
deal since changing clinical procedures is required to
include Al technologies into everyday practice. Because of
concerns regarding Al dependability, many neuro-
oncologists may be hesitant to rely on Al-driven
suggestions, particularly in complicated situations that
need nuanced judgement. Transparency in decision-
making and interpretability to reassure doctors of validity
are crucial for Al systems to gain greater adoption. More
study and clinical trials are needed to prove the safety,
effectiveness, and influence of Al applications in neuro-
oncology in order to alleviate these worries (Monsour et
al., 2022).
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Figure 2. Artificial Intelligence in neuro-oncology. Al aids neuro-oncologists/radiation-oncologists by allowing integrated
diagnosis, providing deeper disease insights, predicting outcomes, and stratifying patients to customize treatment strategies.
Al helps neuroradiologists detect and segment tumors, identify molecular subtypes, quantify tumors, distinguish them from
necrotic regions, and perform automated quality checks using MRI images. Al helps neurosurgeons monitor surgical margins
and provide real-time diagnosis and advice, improving surgical accuracy and patient outcomes. Al helps neuropathologists
analyze fresh/FFPE samples by automating feature measurement, tumor classification and grading, tumor identification, and
histo-molecular categorization of cellular and tissue structures.Al helps molecular pathologists identify biomarkers,
pathways, treatment responses, variants, and diagnoses using mutation data, single-cell data, methylation patterns, RNA
sequencing, and more (Khalighi et al., 2024).
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CONCLUSIONS

Radiography stands to benefit greatly from the
imminent advent of Al, which has the ability to automate
and improve diagnostic procedures, leading to more
efficiency, accuracy, and the possibility of individualised
patient treatment. There are several concerns that arise
with the incorporation of Al For example, there is a
concern that conventional radiographer positions may be
reduced and that strict human control is necessary to
ensure quality and patient safety. To successfully monitor
Al-driven operations, radiologists must prioritise patient-
centered care while embracing these changing
technologies and adapting their training to embrace Al
capabilities.

The next step in getting physicians to completely trust
Al-generated outcomes is for researchers to work on
making Al algorithms that are more interpretable and
transparent. It is equally crucial to increase clinical
involvement in Al research so that tools may be made that
fit the practical demands of radiographers and radiologists
and are in line with real-world clinical procedures. A more
efficient and patient-centered radiography practice, where
the benefits of Al are balanced with the essential human
aspects of healthcare, will be possible if these areas are
addressed.
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