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K CBEAEHHUIO ABTOPOB!
[Ipu HampaBIEeHUY CTAaTbH B PEAAKITUIO HEOOXOIUMO COOIONATh CISAYIONINE TIPABHIIIA;

1. CraTps nomkHa OBITH IPEJCTaBICHA B IBYX SK3EMIUIIPAX, HA PYCCKOM HMJIM aHTITUHACKOM SI3bI-
Kax, HaTrleyaTaHHas yepe3 MoJITopa HHTepBaJjia Ha OIHOI CTOPOHE CTAHIAPTHOIO JIUCTA € INMPHHOI
JIEBOTO NOJIsI B TPHM caHTHMeTpa. Mcnonb3yemblil KOMIIBIOTEPHBII WPUQT U1 TEKCTa Ha PYCCKOM U
aHnuickoM s3bikax - Times New Roman (Kupuiuna), 115 TeKcTa Ha TPy3UHCKOM S3BIKE CIIEAYeT
ucnoip3oBath AcadNusx. Pasmep mpudra - 12. K pykonrcu, HaneyaTaHHOW Ha KOMITBIOTEPE, JTODKEH
o5ITh IprtoskeH CD co crarbeit.

2. Pa3Mep craTbu TOTKEH OBITH HE MEHEe NeCsTH 1 He OoJiee 1BaALATH CTPAHUI] MAITHOIINCH,
BKJIIOYAsl yKa3areJlb JINTepaTypsl U Pe3loMe Ha aHIJIMIICKOM, PYCCKOM U IPYy3HHCKOM SI3bIKaX.

3. B crarbe 10KHBI OBITH OCBEIICHBI AKTyaIbHOCTh JAHHOTO MaTepHalla, METOIBI U PE3YIIbTaThI
UCCIIeIOBaHUs U X 00CYyKACHHE.

[Ipu npencTaBiIeHNHN B IIeYaTh HAYYHBIX SKCIIEPUMEHTAIBHBIX PA0OT aBTOPHI JOJIKHBI YKa3bIBATH
BHUJl U KOJMYECTBO SKCIIEPUMEHTANBHBIX KUBOTHBIX, IPUMEHSBIINECS METOABl 00e300MMBaHUS U
YCBHIJICHHUS (B XOJI€ OCTPBIX OIIBITOB).

4. K crarbe JOIKHBI OBITH MIPUIIOMKEHBI KpaTKoe (Ha MOJICTPAaHUIIBI) Pe3OMe Ha aHIIIUICKOM,
PYCCKOM M IT'PY3HHCKOM $I3bIKax (BK/IIOYAIOLIEE CIELYOLINE pa3aesbl: Liedb UCCIeI0BaHNs, MaTepHual U
METOJIBI, PE3YJILTATHI M 3aKIIFOUSHHE) U CIIUCOK KITtoueBBIX cioB (key words).

5. Tabnunp! HEOOXOIUMO NPENCTABIATE B Ie4aTHOH hopme. DoTokonuu He npuHUMaroTcs. Bee
nu¢poBbie, HTOTOBbIE H NPOLIEHTHbIE JaHHbIE B Ta0JIMIaX J0JIKHbI COOTBETCTBOBATH TAKOBBIM B
TeKcTe cTaThbU. Tabiuibl U rpaduKu TOJKHBI OBITH 03aryIaBIICHBI.

6. dotorpadun AOIKHBI OBITH KOHTPACTHBIMHU, (POTOKOIHHU C PEHTTEHOTPAMM - B IO3UTUBHOM
n300paxeHuH. PUCYyHKH, yepTeXu U IuarpaMmbl clIeoyeT 03ariaBUTh, IPOHYMEPOBATh U BCTABUTH B
COOTBeTCTBYIOIIEe MecTo TekcTa B tiff opmare.

B noanucsix k MukpogotorpadgusaM cieayeT yKa3plBaTh CTEICHb yBEIMUCHUS Yepe3 OKYISP HITH
00BEKTUB U METOJ] OKPACKU WJIM UMIIPETHALIMH CPE30B.

7. ®aMUIUU OTEYECTBEHHBIX aBTOPOB MIPUBOJAATCS B OPUTHHAIBHON TPAHCKPUIILIUH.

8. I[Ipu opopmnennu u HampaBneHun crared B xypHanm MHI mpocum aBTOpOB cobmronars
NpaBUIIa, U3JI0KEHHBIE B « EMUHBIX TpeOOBaHUSIX K PYKOMHUCSM, IPEACTABISIEMBIM B OMOMEIUIIMHCKHUE
JKypHAJIbD», TPUHATHIX MeXIyHapOAHBIM KOMHUTETOM PEIAaKTOPOB MEAMLMHCKUX KYpHAJIOB -
http://www.spinesurgery.ru/files/publish.pdf u http://www.nlm.nih.gov/bsd/uniform_requirements.html
B koHIIe Kax 101 OPUTHHATIBHOM CTaThU MPUBOAUTCA OnOIHOrpadguyeckuii cnucok. B cnmncok nurepa-
TYPBI BKJIFOYAIOTCSl BCE MaTepHalibl, HA KOTOPBbIE UMEIOTCS CCBUIKU B TeKcTe. CIHUCOK COCTaBIAETCs B
andaBUTHOM MOpsAKe U HymMepyeTcs. JIutepaTypHblii HCTOYHMK NPUBOAUTCS Ha sI3bIKE OpUrMHaia. B
CIMCKE JINTEPATyPhl CHavYajia IPUBOIATCS PabOThI, HAMCAHHBIE 3HAKaMU TPY3MHCKOTO andaBuTa, 3aTeM
Kupwuien u naruHuneidl. CChUIKM Ha IUTHUPYEMble pabOThl B TEKCTE CTAaTbH JAIOTCS B KBaIpPaTHBIX
CKOOKax B BUJI€ HOMEPA, COOTBETCTBYIOLIETO HOMEPY JaHHOH pabOoThI B CIIMCKE TUTEPaTypbl. bonbmmH-
CTBO IIUTHPOBAHHBIX UCTOYHUKOB JOJKHBI OBITH 3a IMOCTIEAHNUE S5-7 JIET.

9. ns momydeHus MpaBa Ha MyONMKAIMIO CTaThs OJDKHA MMETh OT PYKOBOIUTENSI pabOTHI
WIN YUPEXKJCHUS BU3Y U CONPOBOIUTEIHHOE OTHOLLICHNUE, HAIMCAHHBIC WJIM HAlledaTaHHbIE Ha OJIaHKe
Y 3aBEPEHHBIE MOJIHCHIO U NIEYATHIO.

10. B koHIe cTaThU NOJKHBI OBITH MOAMHCH BCEX aBTOPOB, MOJHOCTBHIO MPUBEAEHBI UX
(amMuInM, UIMEHa U OTYECTBA, YKa3aHbl CIIy>KeOHBIN M AOMAIIHUI HOMEpa TeJIe(OHOB U agpeca MM
uHble koopAuHaThl. KomuuecTBo aBTOPOB (COABTOPOB) HE NOHKHO MPEBBIMIATH IISATH YEJIOBEK.

11. Penakuus ocraBisiet 3a cO00i MpaBo COKpaIaTh ¥ HCIPaBIATh cTarhi. Koppekrypa aBropam
HE BBICBUIAETCS, BCS paboTa U CBEpKa IPOBOAUTCS 110 aBTOPCKOMY OPHTHHAILY.

12. HemomycTuMoO HampaBiieHHE B pelaklMIo padoT, MpeICTaBICHHBIX K MeYaTH B MHBIX
M3/1aTeNbCTBAX WIIM OMYOJIMKOBAHHBIX B APYTHX U3JAHUSX.

Hpﬂ HApYHNIEHUH YKa3aHHBIX IPABUJI CTATbU HE PAaCCMAaTPUBAIOTCH.
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9. To obtain the rights of publication articles must be accompanied by a visa from the project in-
structor or the establishment, where the work has been performed, and a reference letter, both written or
typed on a special signed form, certified by a stamp or a seal.

10. Articles must be signed by all of the authors at the end, and they must be provided with a list of full
names, office and home phone numbers and addresses or other non-office locations where the authors could be
reached. The number of the authors (co-authors) must not exceed the limit of 5 people.

11. Editorial Staff reserves the rights to cut down in size and correct the articles. Proof-sheets are
not sent out to the authors. The entire editorial and collation work is performed according to the author’s
original text.

12. Sending in the works that have already been assigned to the press by other Editorial Staffs or
have been printed by other publishers is not permissible.

Articles that Fail to Meet the Aforementioned
Requirements are not Assigned to be Reviewed.
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Abstract.

Background: This study aims to analyze the geographical
distribution of different Al types and applications, document
implementation challenges, and assess outcomes of interest
as well as potential opportunities for increasing healthcare
efficiency.

Methodology: A systematic review analyzed 24 studies (2019-
2024) from IEEE Xplore, PubMed, and Google Scholar using
MeSH keywords, following specific inclusion and exclusion
criteria.

Results: Results show that Al was applied to almost all spheres
of life, with multi-modal Al, deep learning and machine learning
models having promising applications in precision medicine,
early diagnostics and integration of work processes. Common
challenges included data shortages, bias in the algorithm,
ethics and regulation, which indicated the need for appropriate
guidelines and cross-disciplinary partnerships. Trends, however,
included multi-modal data integration, increased automation and
international convergence of standards. AI’s benefits, advanced
diagnostic accuracy, greater clinical predictability, and clinical
processing efficiency are evidence of its ability to change the
face of healthcare while removing significant barriers to its
broader use.

Conclusion: Al can improve diagnostic processes in medicine
by increasing their accuracy, improving their speed, and further
adapting them to individual patients.

Key words. Automated diagnostics, clinical solutions, data
processing, machine learning, personalized medicine.

Introduction.

Artificial Intelligence (AI) in recent years has become an
important technological tool in a wide range of sectors, with
healthcare ranked among the most promising application
areas [1]. In particular, the use of Al in disease diagnosis
has attracted significant interest over the past few years as it
promises to change significantly how diseases are diagnosed,
tracked and treated [2]. These days, Al systems can now use
complex algorithms, machine learning, and neural networks to
study large volumes of medical data, look for trends, and draw
conclusions that ordinary methods of diagnosis could once
only dream of [3]. The agreement between technology and
medicine as they are viewed in the modern world is bound to
change the future of healthcare, bringing more effectiveness,
less time-consuming processes, and higher levels of diagnosis
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availability. Al in healthcare today spans diverse applications,
aiding in disease diagnosis, patient outcome prediction, and
personalized treatment planning in clinical settings [4].

Hybrid artificial intelligence systems demonstrate high
potential for analyzing abnormal movement patterns (e.g.,
those associated with Parkinson's disease), utilizing neural
networks to enhance diagnostic accuracy. By integrating
multiple data sources (e.g., EEG signals and spiral drawings
from graphics tablets) and improving interpretability, these
systems effectively address critical barriers to patient-centered
care [5]. Furthermore, it has been established that mathematical
modelling and system identification techniques help address the
challenges accompanying Al's application in medical diagnosis
and the vast data set through efficient computational methods
[6]. Additionally, forensic examinations solve unofficial
infringements in the medical profession, including protecting
human rights. These approaches emphasize the necessity of
systematic methods and the legal environment in attaining
desired standards in accuracy, precision, and ethics in medical
diagnosis [7].

The use of Al in medical diagnostics can be accounted for
its ability to analyze a large volume of data with speed and
accuracy. Although conventional diagnostic practices are
efficient, they are mostly dependent on the healthcare providers'
skills and have a greater susceptibility to errors, biases, and
diverse interpretations [8,9]. On the other hand, Al applications
can examine medical scans, EHRs, and DNA information
through molecular medicine at such a rate that enables them to
detect illnesses when treatment is most likely to succeed. For
instance, Al image processing tools have proven more reliable
in radiology, pathology and oncology, where image recognition
algorithms can identify several abnormalities, including tumours
or fractured parts, with equal or even greater accuracy than
human professionals [10,11]. Al in dermatology has advanced
substantially in the sphere of skin cancer diagnosis, especially
melanoma, in recent years. Al systems are now capable of being
trained on images, including mole and skin lesion photographs
and spotting signs of early melanoma. Such Al systems have
demonstrated their ability to recognize malignant lesions with
the same accuracy as competent dermatologists, which is an
effective tool for treatment during the initial phases. Moreover,
Al systems have displayed potential in distinguishing various
forms of skin cancer which would help with better management
of the disease [12,13].
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Optimization algorithms have also contributed to enhancing
how diabetic and skin diseases are handled. The ability of Al
to analyze extensive databases permits the recognition of a
number of skin conditions, such as eczema, psoriasis and acne,
with the use of imaging and symptoms reported by patients.
In this regard, Al systems can facilitate a timelier diagnosis of
these skin conditions, thereby minimizing complications and
enhancing treatment results. The application of Al technology
in dermatology is expected to change the methods of diagnosis
and treatment for these widespread diseases, increasing access
to health services for patients in rural and urban areas [14].

The integration of genomic, imaging, and clinical data through
robust multimodal deep learning models is extremely beneficial
for precision oncology for melanoma, and it is expected that
dermatology will be the most personalized any time soon.
With the combination of a patient’s genetic makeup, imaging
studies, and a detailed medical history, more precise treatment
plans are feasible. To illustrate, Al systems provide predictions
of the metastatic likelihood towards melanoma, and this helps
clinicians customize the therapy to consider the provided
tumour. This practice indicates a better approach to therapy,
which is less aggressive during management and enhances the
survival of melanoma patients [15,16].

Al also allows for the tailoring of treatment to each patient
by interpreting the patient’s data to evaluate the treatment that
would be the most beneficial and likely. Machine learning
models can determine the existence of reliable biomarkers
associated with risk or responses to treatment, which will lead to
focused efforts toward the individual’s right to health [17,18]. AL
can eliminate inequalities in health care provision, especially in
less developed countries, by performing diagnostic procedures
and providing telemedicine services [19]. Such a feature could
level the medical care provision disparities in certain deprived
parts of the world.

Regardless of its promising capabilities, the application of Al
in medical diagnostics has some problems. One major problem
is the quality and representativeness of the data used to train the
Al models. Medical data are often fragmented, held in separate
systems, and hidden under confidentiality protection, making
aggregate databases challenging to obtain. Furthermore, there is
bias in the training data. In that case, it may mean that Al models
do not perform well across different populations of patients and,
hence, may contribute to health inequities [20].

Another challenge is the opacity and interpretability of many
Al models, including deep learning models [21]. Although they
are widely successful in terms of performance, the excessive
“black box” labeling makes it impossible for clinicians to gain
insight into the decision-making processes. This interpretability
crisis erodes confidence in Al systems, and many health care
practitioners and patients are wary of suggestions that are not
self-evident or rationalizing [22].

On the other hand, among the barriers, ethical and regulatory
issues remain the most relevant barriers to Al technology
implementation within the healthcare sector. Al is an innovative
tool for medical professionals since its deployment is always
bound by strict rules and frameworks to protect patients [23].
Concerns regarding data confidentiality, informed consent, and
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any resulting malpractice will need to be addressed to ensure
that Al is utilized fairly. Another difficult but not impossible
question is who is responsible when an Al-generated diagnosis
results in an adverse effect [24,25]. Addressing these challenges
requires cooperation from many actors, such as technology
developers, healthcare providers, policymakers, and patients.
The involvement of multiple disciplines is important to ensure
not only that the Al systems are developed in the right way but
also that they meet the expectations of the healthcare industry
[26]. If Al systems are constructed with the input of practising
clinicians, then these systems will be more readily applied
clinically. Likewise, helping patients appreciate Al's benefits
and the risks accompanying it might contribute to building
trust in this technology [27]. Collaboration is also essential
in formulating uniform guidelines for sharing and integrating
data [28]. Efforts that enhance the compatibility of electronic
health records systems and make it possible to share statistically
anonymized medical information can effectively address data
challenges while protecting patients' identities [29]. Moreover,
international collaboration is crucial because Al systems that
have access to worldwide data are more likely to work well in
multiple populations and healthcare environments [30].

Al is likely to become a powerful tool in developing
personalized medicine, combining genomic, proteomic, and
metabolomic approaches to decipher the complex pathogenesis
of diseases and devise tailored strategies. Drug development,
especially targeting novel therapeutic areas such as rare genetic
and some chronic diseases, is already facilitated through Al-
enabled platforms for rapid drug discovery [31].

The use of Al is projected to optimize the efficiency of the
healthcare system by taking over repetitive tasks like assessing
patients and making diagnostic reports, among others. Al
performance betterment improves not only the total output of
healthcare but also the satisfaction of the patients since clinicians
are now able to focus on complex cases and face patients more.
Furthermore, the application of Al alongside technological
advancements, such as robotics and augmented reality, might
enable an effective diagnostic and treatment technique [32,33].

Developing Al is one thing, but the challenge is always taming
it, scaling its opportunities while mitigating risks. In Al design,
the bulk of crucial components such as being inclusive and
accountable, such that the Al would up enhancing the whole of
humanity. Also, education and training of people working in the
healthcare sector needs to be adapted because they ought to be
Al literate, so that they will understand and use the generated Al
insights appropriately [34].

Policymakers have a significant task in facilitating an
ecosystem in which Artificial Intelligence in medical
diagnostics can flourish. This also includes developing policies
that promote creativity without compromising the welfare of
patients and putting resources in place that ensure that there is
fairness in how the Al tools are utilized. Campaigns directed at
the public can assist in substituting the mystique surrounding
Al, encourage trust in its uses, and allow patients to be well-
informed consumers of the healthcare services they seek [35,36].
The artificial intelligence revolution in medical services is an
advancement that can change the manner in which healthcare



is delivered and the results achieved. The issues of data
quality, interpretability, regulation, and ethics are undoubtedly
important, but they can be overcome [37].

This study aims to identify and analyze the geographical
distribution and study designs of research on artificial
intelligence (Al) applications in medical diagnostics. It seeks
to categorize and evaluate the various types of Al and their
specific applications across different medical fields while
exploring and documenting the common challenges associated
with Al implementation. Additionally, the study assesses the
key outcomes and possibilities of Al in enhancing medical
diagnostics.

Methodology.

Study Design:

A systematic review followed PRISMA guidelines to analyze
Al in medical diagnostics. It focused on study characteristics,
challenges, benefits, and outcomes through thematic synthesis
for structured and reliable insights.

Search Strategy:

The systematic review adhered to the PRISMA framework,
detailing the study selection process through a flow diagram,
as shown in Figure 1. Overall, three databases yielded 18922
records, more specifically: IEEE Xplore 207, PubMed 615, and
Google Scholar 18100. The keywords and Boolean operators
(“Artificial Intelligence” OR “Machine Learning”) AND
(“Medical Diagnostics” OR “Precision Medicine”) AND
(“Challenges” OR “Possibilities””) were selected through an
iterative process. This process involved multiple rounds of
expert consultation with specialists in artificial intelligence
and medical diagnostics, ensuring that the search terms
comprehensively covered relevant concepts, terminologies, and
emerging areas in the field. Synonyms and related terms were
systematically evaluated to maximize retrieval efficiency while
minimizing irrelevant results. Google Scholar was included to

18922 records identified through
database searching from
|EEE Xplore (207)
PubMed (n = 615),
Google Scholar (n = 18100)

Identification

Record after applying years filter 2019-2024
% (n= 17876)

2
< IeliSsrT B ST Records after applymﬁg open access only filter
@ (n=580)
@

Records after the irrelevant title and abstract

were removed
(n=510)

g Record eligible for
= assessment
=2 (n=70)
]

]

Highly relevant studies
(n=24)

Included

Figure 1. PRIMSA Flow Diagram.
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broaden the scope of the review and capture a wide array of
potentially relevant publications, particularly those not indexed
in traditional databases such as conference proceedings and
preprints. Although Google Scholar includes grey literature,
rigorous filtering was applied to exclude non-peer-reviewed
sources, aligning its use with PRISMA guidelines. This
approach ensured a comprehensive yet curated dataset.

After implementing a filter based on the year of the publication
(2019-2024), the number of records decreased to 17876. Open
access papers were then selected for further refinement, resulting
in 580 records. Relevant publications were only included after
reviewing the titles and the abstracts, a stage that excluded 510
records. After comprehensive eligibility checks, 70 records
were selected for full-text review. Finally, a total of 24 [38-
61] documents meeting the inclusion criteria of this systematic
literature review were identified. Such an approach enabled the
preparation of a coherent and comprehensive dataset for further
analysis.

Inclusion and Exclusion Criteria:

The inclusion and exclusion criteria were formulated to
enhance the quality and relevance of the studies included in the
systematic review. Studies that dealt with artificial intelligence
or machine learning were selected for medical diagnosis
or medicine. Relevance criteria, such as “not sufficiently
relevant,” were clearly defined as studies that did not explicitly
focus on AI’s application in medical diagnostics, including
those addressing unrelated topics or broader themes without a
diagnostic emphasis. Lack of methodology was identified by the
absence of critical details, such as study design, data collection
methods, or analysis procedures, which are essential for
assessing the reliability and validity of findings. Peer-reviewed
journals and international conference proceedings were verified
using indexing databases such as PubMed and IEEE Xplore.
Such target intervention studies were published between 2019
and 2024 in peer-reviewed journals or international conference
proceedings and written in English. Only articles with public
access to the text were included.

The exclusion criteria comprised studies that did not pertain
to medical diagnostics, any form of grey literature, editorials,
or reviews devoid of original data. Also excluded were works
written in foreign languages and those studies that were not
sufficiently relevant or did not have a methodology. Such
methodology permitted a filtering mechanism of studies
considered extremely relevant to the study's problem.

Data Extraction:

The data extraction process was carried out in a consistent
and structured manner through the use of a template. Such an
approach aided in the comprehensiveness of all studies included
in this review. Extracted variables included country, study
design, Al type, medical field, challenges identified, primary
benefits identified, possibilities identified, outcomes, key
findings and implications. To ensure the accuracy of extracted
variables, particularly qualitative data, two independent
reviewers cross-checked each entry against the original
study documents. Discrepancies between the reviewers were
discussed and resolved through consensus meetings, ensuring
the reliability of the data. Inter-rater reliability was calculated



using Cohen’s kappa to quantify agreement levels, with a
threshold of > 0.8 considered acceptable for consistency. This
information included important information such as what Al
model was used and what it was utilized for. It was possible
to collect some of the main impediments, including data
availability, ethics, the possibility of generalization, and legal
constraints, while also including the major advantages and
possibilities that Al has the potential to bring about, such as
precision medicine, automation, and international cooperation.
This systematic process furthered understanding of the patterns,
gaps and trends of Al in medical diagnostics, which constituted
the sound basis for thematic synthesis and further analysis.

Quality Assessment:

Table 1 provides a general overview of the quality appraisal
of the included studies according to the study design, presenting
the studies in consideration, the assessment tools used, quality
scores, and quality levels. Multiple tools were used to ensure
appropriate assessment across study designs: the CASP
checklist for SLRs and NLRs, the Newcastle-Ottawa Scale
(NOS) for observational studies, and the Cochrane Risk of
Bias tool (RoB 2) for experimental studies. These tools were
chosen for their established reliability and their ability to assess
specific design-related criteria, such as methodological rigour,
relevance, and bias. Scores were standardized to a 10-point scale
for comparability. For instance, scores from the NOS (originally
on a 9-point scale) were proportionally adjusted to fit the
standardized scale. This approach ensured that studies of varying
designs could be evaluated on a consistent quality benchmark.
Studies scoring below 7 were excluded to maintain high quality.
Systematic reviews scored between 8 and 10, indicating high to
very high quality. Observational studies scored between 6 and
8, classified as moderate to high quality. One qualitative study
scored 8, reflecting high quality. An experimental study scored
9, indicating very good quality. The scoring ranges were crucial
in determining the inclusion or exclusion of studies, ensuring
that only robust, reliable, and relevant research contributed to
the systematic review. This structured appraisal strengthened
the reliability and relevance of the dataset.

Data Synthesis:

Thematic synthesis categorized data into ‘“applications,”
“challenges,” and “opportunities.” Applications included cancer
diagnosis, tuberculosis detection, and multimodal integration

Table 1. Quality Assessment.

in radiology and genomics [38-48,49-52]. Deep learning
excelled in oncology and tuberculosis, while machine learning
and explainable Al-enhanced interpretability in diagnostics
[41,43,44,46,53-56,57-59,60]. Challenges encompassed data
limitations, ethical concerns, computational complexity,
integration barriers, and resource inequalities [38,43,44,46,47,50
,52,54,60,61]. Opportunities highlighted multimodal integration
for personalized treatments, early detection, automation, and
regulatory advances [40-42,47,49,51,55-60]. Al reduced
diagnostic errors, improved clinical workflows, and enabled
tailored treatments in neurology and oncology [45,51,52,54,57].
Global collaboration, telemedicine integration, and innovation
further underscored AI’s transformative role [41,55,56,59,61].
These insights emphasized AI’s ability to enhance precision
diagnostics and patient care while addressing critical barriers to
effective implementation.

Results.

The systematic literature review on the challenges and
possibilities of using artificial intelligence in medical
diagnostics analyzed 24 studies from diverse geographical
and methodological contexts. Contributions came from
leading Al research nations like the USA [47,55] and China
[42,46,48,49,51,52,54], as well as European countries including
Switzerland [50], Germany [60], Ireland [57], Italy [40], and
Serbia [61]. Asian nations also played a significant role, with
studies from South Korea [59], India [44,45], the UAE [38], and
Ukraine [58]. Globally focused research [41] and contributions
from Australia [39,43], Bulgaria [53] and Kuwait [56] further
enhanced the analysis. Predominantly, SLRs synthesized
existing knowledge to address both challenges, such as ethical
concerns, data integration issues, and algorithmic inequity,
and opportunities, including improved diagnostics, predictive
modelling, and personalized treatment. Observational,
experimental, and narrative studies enriched the findings,
emphasizing AI’s transformative potential while acknowledging
barriers to its effective implementation.

The systematic review focused on the aforementioned artificial
intelligence (Al) techniques developed in various fields of
medicine, as shown in Table 3. For instance, stroke, orthopaedic
and cancer conditions were diagnosed more accurately with
the use of imaging, clinical, and genomic data by means of
multimodal Al techniques [38,48,54,57,61]. Deep learning

Study Design Studies Tool Quality Score  Quality Level
Shurrab et al. 2024 [38], Tran et al. 2021 [39], Rompianesi et al.

Systematic Literature 2022 [40], Ahn et al. 2023 [41], Shao et al. 2023 [42], Rauschert et . .

R};view (SLR) al. 2020 []43], Talyshinskii Et a]l. 2024 [44], Kalan[i et]al. 2024 [45], CASP 810710 High to Very High
Huang et al. 2024 [46], Tian et al. 2023 [47]

Narrative Literature Sy et al. 2024 [48], Chen et al. 2021 [49], Pat.cas et al. 2022 [50] .

Review (NLR) Liang et al. 2022 [51], Ma et al. 2024 [52], Uchikov et al. 2024 [53], *CASP 7-8/10 Moderate to High
Wang et al. 2023 [54], Chen 2024 [55], Abdallah et al. 2023 [56]

Observational Muhammad et al. 2024 [57], Sheliemina 2024 [58], Al-Antari £XNOS 6-8/9 Moderate to High
2023 [59]

Qualitative Pumplun et al. 2021 [60] *CASP 8/10 High

Experimental Tair et al. 2022 [61] ***RoB 2 |9/10 High

*CASP: Critical Appraisal Skills Programme (CASP) Checklist, ** NOS: Newcastle-Ottawa Scale (NOS), *** RoB 2: Cochrane Risk of Bias (RoB 2)
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Table 2. Studies on Challenges and Possibilities of Al in Medical Diagnostics.

Author’s / Year Country Study Design Database
Sheliemina 2024 [58] Ukraine Observational Google
Tian et al. 2023, [47

Chen et al. 2024 %55% USA SLR, NLR Google
Shurrab et al. 2024 [38] UAE SLR TIEEE
Patcas et al. 2022 [50] Switzerland NLR PubMed
Al-Antari et al. 2023 [59] South Korea Observational Google
Tair et al. 2022 [61] Serbia Experimental Google
Rompianesi et al. 2022 [40] Italy SLR PubMed
Muhammad et al. 2024 [57] Ireland Observational IEEE
Talyshinskii et al. 2024, [44 .

Kal};ni etal. 2024 [45] o India SLR PubMed
Pumplun et al. 2021 [60] Germany Qualitative Google
Ahn et al. 2023 [41] Global Perspective SLR PubMed
Shao et al. 2023 [42],

Huang et al. 2024 [46],

Su et al. 2024 [48],

Chen et al. 2021 [49], China NLR, SLR 1IEEE, PubMed
Liang et al. 2022 [51],

Ma et al. 2024 [52],

Wang et al. 2023 [54]

Uchikov et al. 2024 [53] Bulgaria NLR PubMed
Tran et al. 2021, [39 .

Rauschert et al. 2[02(} [43] Australia SLR PubMed
Abdallah et al. 2023 [56] Kuwait NLR Google
Table 3. AI Types and Their Applications in Medical Fields.

Al Type Group Medical Field Group Studies

Multimodal Al and Advanced

Hybrid Models

Stroke, Orthopedics, Genitourinary cancers, Gastrointestinal cancer,
Multimodal diagnostics

[38,48,54,57,61]

Deep Learning and Neural
Networks

Oncology (various types), Facial diagnostics, Pulmonary tuberculosis,
Bladder cancer

[39,40,42,47,49-52]

Machine Learning (ML) and
Explainable AI (XAI)

Genetic Disorders

Breast cancer, Epigenetics, Prostate cancer, Hepatocellular carcinoma, Rare

[41,43,44,46,56,57,59,60]

Al in Radiomics and Imaging

Oncology, Breast cancer, Pulmonary tuberculosis, Hepatocellular carcinoma,

[40,41,46,51,55]

Imaging
General and Quantum Al Diagnostic medicine, General diagnostics, Personalized medicine [58-60]
Optimization Algorithms and Al Breast Cancer, Diabetes, Erythemato-Squamous Disease Diagnostics [61]
Table 4. Common Challenges in the Application of Artificial Intelligence in Medical Diagnostics.
Challenge Group Common Challenges Studies
Data Limitations and Limited diversity, labeled datasets, standardization issues, imbalanced data, data
Standardization quality, missing data, and high dimensionality (curse of dimensionality). [38,43,44,46,48,52,54.60,61]
Gen'eral.lzablllty and Gepera}lzablhty issues, rel{ance on s1ngle—1nst1@t10n datasets, limited external [40,41,45.47,49,51,56]
Validation validation, and challenges in low-resource settings.

Ethical, Legal, and Privacy
Concerns

Ethical concerns, patient consent, data privacy, security, bias in algorithms,
liability, and transparency.

[47,50,52,55,56,58-60]

Computational and Model
Interpretability

High computational demands, lack of transparency (black-box models), limited
interpretability, and the need for confidence measures in predictions.

[39,41,43,46,47,50,56-58]

Regulatory, Integration, and
Workflow Issues

Regulatory needs, clinical integration challenges, and difficulty adapting Al into
existing healthcare workflows.

[40,41,45,46,51,52,55,58,59]

Bias and Representation
Issues

Bias in training data, inadequate representation of rare scenarios, imbalance in
datasets, and lack of fairness.

[41,43,52-54,56,59]

Technological and
Implementation Challenges

Need for multimodal integration, feature selection, hyperparameter optimization,
and addressing complexity in multidimensional datasets.

[40,42,47,48,53,58,61]

Cost and Resource
Constraints

High cost of implementation, lack of resources in low-income settings, and
unequal access to Al technologies.

[40,51,56,58]
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and neural networks dominated oncology, facial diagnostics,
and tuberculosis detection, leveraging large datasets to identify
complex patterns [39,40,42,47,49-52]. Machine learning and
explainable Al were applied to breast cancer, epigenetics, and
rare genetic disorders, offering interpretability in diagnostic
recommendations [41,43,44,46,56,57,59,60]. Radiomics and
imaging Al focused on oncology and imaging diagnostics,
aiding early disease detection [40,41,46,51,55]. General Al
and quantum computing addressed diagnostic and personalized
medicine, demonstrating scalability [58-60]. Optimization
algorithms improved efficiency in managing diabetes and skin
diseases [61]. These findings underscore Al's adaptability and
transformative potential in enhancing precision diagnostics,
addressing diverse medical challenges, and improving clinical
outcomes.

Table 4 identifies key challenges in applying Al to medical
diagnostics, categorized into eight groups. Data limitations
include issues with diversity, quality, imbalanced datasets, and
dimensionality [38,43,44,46,48,52,54,60,61]. Generalizability
remains problematic due to reliance on single-institution
datasets and limited external validation [40,41,45,47,49,51,56].
Ethical concerns such as data privacy, security, algorithmic
bias, and lack of transparency are prevalent [47,50,52,55,56,58-
60]. Computational demands and the lack of interpretability in
black-box models add to the complexity [39,41,43,46,47,50,56-
58]. Integration challenges, regulatory barriers, and adapting
workflows furtherhinderadoption [40,41,45,46,51,52,55,58,59].
Bias in training data and inadequate representation of rare
scenarios exacerbate fairness issues [41,43,52-54,56,59].
Technological challenges like multimodal integration and
hyperparameter optimization persist [40,42,47,48,53,58,61]

alongside high costs and unequal resource access in low-income
settings [40,51,56,58]. These challenges highlight the need for
strategic solutions to enhance the effective integration of Al in
healthcare.

Table 5 highlights the significant possibilities of artificial
intelligence (AI) in medical diagnostics, categorized into
nine groups. Multimodal integration and personalization are
advancing through robust multimodal deep learning models,
integrating genomic, imaging, and clinical data for personalized
treatments and precision oncology [38-40,42,43,46,49].
Improved interpretability and transparency, achieved through
explainable Al and tools like heatmaps, enhance clinician
trust and model usability [47,48,50,54,57]. Al in precision and
personalized medicine enables tailored treatments, efficacy
assessments, and predictive treatment responses using genomic
and clinical data [40-42,47,49,52]. Al also expands to new
medical fields, such as neurology and oncology, aiding in
predictive tasks like metastasis, disease progression, and
recurrence [45,51,52,54,57].

Clinical workflow integration reduces physician workload,
improves diagnostic decision-making, and fosters Al-
professional collaboration [41,44,50,55,60]. Al's role in
diagnostics and early detection includes improving diagnostic
accuracy, disease marker identification, and non-invasive
methods for early disease detection [40,43,46,51,58].
Automation and decision support use Al to automate tasks like
segmentation and stratification, streamlining clinical processes
[44,47,50,53,60]. Ethical, equity and regulatory advancements
address regulatory needs, promote equity, explore ethical
concerns, and establish frameworks for Al acceptance in
healthcare [47,55,56,59,60]. Finally, collaboration and global

Table 5. Potential Opportunities and Advancements of Al in Medical Diagnostics.

Possibility Group Common Possibilities

Multimodal Integration and

Personalization .
for precision oncology.

Improved Interpretability and
Transparency

Al in Precision and Personalized
Medicine

responses.
Expansion to New Medical Fields

and Diseases
treatment plans.

Enhancing model transparency and interpretability (e.g., through explainable Al,
heatmaps), improving clinician trust, and integrating better interpretability tools.
Use of Al in precision medicine, tailored treatments, personalized treatment

efficacy assessments, integrating genomic and clinical data, predicting treatment [40-42,47,49,52]

Studies

Development of robust multimodal deep learning models, integration of
genomic, imaging, and clinical data for personalized treatment, multi-omic data

[38-40,42,43,46,49]

[47,48,50,54,57]

Application of Al to new fields (neurology, oncology, respiratory diseases),
predictive tasks like metastasis, recurrence, disease progression, and personalized [45,51,52,54,57]

Al integration into clinical workflows, improving diagnostic and treatment

Clinical Workflow Integration

decision-making, reducing physician workload, and enhancing collaboration

[41,44,50,55,60]

between Al and healthcare professionals.

Al in Diagnostics and Early

Detection . L
mutation prediction).

Al for Automation and Decision
Support

Ethics, Equity, and Regulatory
Advancements

Collaboration and Global
Expansion
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Use of Al for automating tasks (e.g., segmentation, stratification), decision
support, and streamlining clinical decision-making processes.

Addressing regulatory needs, promoting equity in healthcare, exploring ethical
concerns, and establishing frameworks for Al integration in healthcare delivery
and physician-patient acceptance.

Enhancing global collaboration in Al research, standardization of Al tools,
expanding Al into different datasets and cloud computing, integrating Al with
telemedicine, and exploring new Al paradigms.

AT’s role in improving diagnostic accuracy, early disease detection, identifying
disease markers, and advancing non-invasive diagnostic methods (e.g., genetic

[40,43,46,51,58]

[44,47,50,53,60]

[47,55,56,59,60]

[41,55,56,59,61]



Table 6. Key Outcomes of Al Implementation in Medical Diagnostics.

Outcome Group

Accuracy and Performance
Improvement

Al in Diagnostic Automation

Predictive Power and Personalized
Treatment

Clinical Decision Support and
Workload Reduction

Multi-modal Data Integration

Al in Early Detection and Risk
Prediction

Al in Rare Diseases and Genetic
Disorders

Regulatory and Ethical Challenges

Clinical Efficiency and Operational

Key Outcomes Studies
Al-based models demonstrate superior diagnostic accuracy in various tasks
(e.g., cancer diagnosis, tumor detection, disease prediction), outperforming
traditional methods and human experts.

Al models automate diagnostic processes (e.g., prostate segmentation, lung [44.45,51-53]
cancer detection), improving efficiency and reducing physician workload. T
Al models predict patient outcomes (e.g., survival, recurrence) and treatment
responses, leading to more personalized treatment strategies and improved
patient management.

Al aids in clinical decision-making, reducing diagnostic errors, speeding up
interpretation, and easing clinician workloads, particularly in imaging and
pathology.

Integration of various data types (e.g., imaging, genomics, epigenetics)
significantly enhances diagnostic accuracy and disease classification,
especially in complex conditions like cancer and TB.

[40,42,46,49,52]

[41,47,50,52,53]

[39,43,44,54,57]

Al's role in early disease detection (e.g., aggressive cancers, lung diseases)
is emphasized, allowing for earlier intervention and improved prognosis.
Al has transformative potential in diagnosing rare genetic disorders,
improving precision medicine and streamlining clinic processes for better
outcomes in specialized conditions.

[41,42,47,53]

[56,59,60]

Al’s integration requires careful consideration of regulatory frameworks,
ethical issues, and data privacy, with the need for proper management to
ensure safe and effective use in clinical practice.

Al revolutionizes clinical practices by improving operational efficiency,

[50,58,59]

[38,40-42,48,49,51,54]

Impact .
P settings.

expansion foster global Al research, standardization of tools,
integration with telemedicine, and exploration of innovative Al
paradigms [41,55,56,59,61]. These possibilities emphasize Al's
transformative potential in advancing medical diagnostics and
healthcare delivery.

Table 6 highlights the key outcomes of artificial intelligence
(AI) implementation in medical diagnostics, showcasing its
transformative potential across various domains. Al-based
models have demonstrated superior diagnostic accuracy in
cancer diagnosis, tumour detection, and disease prediction, often
outperforming traditional methods and human experts [38,40-
42,48,49,51,54]. Al also automates diagnostic processes like
prostate segmentation and lung cancer detection, significantly
improving efficiency and reducing physician workload
[44,45,51-53]. In predictive power and personalized treatment,
Al enables tailored strategies by predicting patient outcomes,
including survival and recurrence, thereby enhancing patient
management [40,42,46,49,52]. Al aids clinical decision-making
by reducing diagnostic errors, speeding up interpretations, and
easing clinician workloads, especially in imaging and pathology
[41,47,50,52,53]. Integrating multi-modal data, such as imaging,
genomics, and epigenetics, improves diagnostic accuracy and
disease classification in complex conditions like cancer and
tuberculosis [39,43,44,54,57]. Al has also been instrumental
in early detection and risk prediction for aggressive cancers
and lung diseases, enabling earlier interventions and better
prognoses [41,42,47,53]. In rare diseases and genetic disorders,
Al streamlines precision medicine and enhances outcomes
[56,59,60]. However, regulatory and ethical challenges,
including data privacy concerns, emphasize the need for
robust frameworks for safe integration into clinical practices
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streamlining workflows, and enhancing diagnostic processes in healthcare

[55,60,61]

[50,58,59]. Moreover, Al revolutionizes clinical workflows by
improving operational efficiency and streamlining healthcare
processes [55,60,61]. These outcomes underscore Al’s ability to
significantly redefine medical diagnostics and improve patient
care.

Discussion.

The Current SLR provides a comprehensive overview of the 24
included studies, highlighting their global distribution, diverse
study designs, and database utilization. The United States and
China led in AI research, with notable contributions from
Europe and Asia. Systematic and narrative literature reviews
dominated the methodologies, supported by observational and
experimental studies. The reliance on databases like Google,
PubMed, and IEEE underscores the interdisciplinary nature of
Al in medical diagnostics. Unlike previous research that broadly
examines Al techniques, this review uniquely categorizes Al
applications across medical specialities, such as oncology and
neurology, while specifically highlighting the transformative
potential of multimodal Al, deep learning, and explainable
Al Similarly, other literature shows that t reviews range from
analyzing 180 to over 10,000 machine learning algorithms
across different studies. For instance, one review examined 220
SLRs covering 10,462 machine-learning algorithms [62].

The Current SLR categorizes Al applications across medical
fields, emphasizing the transformative potential of multimodal
Al, deep learning, and machine learning models. Applications
include cancer detection, genomic data integration, and imaging
diagnostics. Explainable Al models addressed interpretability
issues, while general Al and optimization algorithms
demonstrated versatility. The findings highlight Al's adaptability



in enhancing precision diagnostics and its scalability for broader
healthcare applications, including rare diseases and general
diagnostics. This review offers new insights by emphasizing
explainable Al's role in addressing interpretability issues and
showcasing Al's scalability for broader healthcare applications,
such as rare diseases and general diagnostics. Similarly, other
literature shows that common Al types include machine learning
techniques such as neural networks, support vector machines
(SVM), and random forests. These are frequently employed
for tasks like disease prediction and diagnosis. The primary
medical fields addressed include oncology and neurology,
with significant applications also noted in cardiology and other
specialities and highlight that oncology and neurology are
particularly prevalent due to their impact on patient outcomes
[63].

Furthermore, SLRs identify several challenges associated
with the implementation of Al in medical diagnostics. Many
studies lack robust validation processes, with only 53%
reporting internal validation and less than 1% reporting external
validation. This review highlights that key performance metrics,
such as precision (missing in 44% of studies), sensitivity (72%),
and specificity (75%), are often omitted, potentially due to
inconsistent reporting standards and limitations in available
data. Conversely, the potential benefits of Al in diagnostics
include improved accuracy, efficiency in medical processes,
and enhanced patient care through timely interventions [64].
Additionally, a study analyzed machine learning algorithms,
primarily focusing on clinical prediction and disease prognosis
in areas like oncology and neurology and found that Al and ML
have demonstrated greater accuracy in predicting cancer than
clinicians [65]. Furthermore, most studies employ various Al
methodologies, including machine learning and deep learning,
emphasising neural networks, support vector machines, and
decision trees. Data sources for these studies often include
medical imaging datasets and electronic health records, which
are critical for training Al models [66].

The current systematic literature review (SLR) identifies
significant challenges to implementing artificial intelligence
(Al) in healthcare, including data limitations, generalizability
issues, ethical concerns, and high computational demands.
The lack of precision, sensitivity, and specificity metrics in
many studies undermines the reliability and applicability of
their results, creating barriers to adoption in clinical practice.
Further impediments include disparities in the availability of
resources, making incorporation of Al models into clinical
practice more difficult due to the imposition of more regulatory
hurdles and financial issues. Promoting healthy practices will
promote strong frameworks, harmonization, and cooperation
between all stakeholders involved to warrant disadvantaged
inclusion and participation in healthcare systems that adopt Al
elements. However, across many Al healthcare studies, this area
has been reported to suffer from poor quality, which is the most
pressing problem of interest. Methodological weaknesses, such
as inadequate validation procedures and potential biases in data
samples, were evident in several studies, limiting the robustness
of their findings. For example, A survey examines Al bias, its
sources, societal impacts, and mitigation strategies, emphasizing
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generative Al's unique challenges, ethical considerations, and
interdisciplinary approaches for developing fair and unbiased Al
systems [67]. Internal validation is 53%, and external 1% of the
studies are reporting the usage of Al irrespective of inaccuracy,
which is also key in Al implementation and adoption [68].

This does raise the question of the applicability and reliability
of Al across countries. In addition, other concerns include
insufficient characterization of the datasets that are used to create
the models and any biases that arise when there is a large amount
of missing data [69,70]. The practicality of incorporating Al in
the scope of healthcare comes with hurdles, such as integration
with functionality [71]. Also, patients’ confidentiality and data
protection ethics continue to be a concern [72]. Though neural
networks are widely applied, they are not equally effective
for all diseases and types of data [73]. Also, the absence of
established norms for Al appraisal makes its appraisals even
more complex [74]. These limitations collectively reduce the
generalizability of the findings, emphasizing the need for larger,
diverse datasets and improved validation methods to enhance
trust in Al applications.

The current systematic literature review (SLR) reviews the
role of Al in medical diagnostics with respect to advances in Al,
such as multimodal integration, precision medicine, and early
disease detection. Importantly, Al integrated into advanced
diagnostics takes care of workflow automation, expansion to
new medical specialities, and diagnostics itself. Based on more
transparent medical models, enhanced trust among clinicians,
and interdependence, Al applications are going to improve
diagnosis and patient care processes completely. Al algorithms
are very accurate in handling complex medical datasets,
thereby minimizing the chances of human error. For example,
Al decisively beats operators in the detection of breast cancer
among mammograms and assists in other domains such as rapid
burning and wound treatment assessment [75].

Al accelerates diagnosis after examining vast volumes of
data - critical in a life-threatening situation [76]. There are
advantages of Al tools for the doctor; these include inroads
into previously rare diseases and merging strategies with
EHR for timely decision-making [77]. Through tailored Al-
powered medicine, drugs best suited for the individual patient
based on their medical history are selected to achieve optimal
intervention effects [78,79]. Not only that, Al can also fill in the
gaps in remote requirements monitoring and future outpatient
attendance needs in low-resource regions [80]. Nonetheless,
there are still concerns. The challenges include costs, training
and embedding with the existing systems and processes [81].
Ethical challenges regarding patient data confidentiality,
absence of regulations and dependence on precise input data
are also barriers [82,83]. So, overcoming these restrictions is
essential for deploying the appropriate use of Al technology,
which enhances patients’ and clients’ well-being and optimizes
how healthcare services are delivered.

The current systematic literature review indicates the radical
changes Al brings to health care, including improvement in
accuracy, the extent of automation and predictive power. Al
supports healthcare practitioners who integrate multi-modal
data and face operational bottlenecks, especially in oncology,



imaging and rare diseases. Furthermore, the capability of Al
systems to identify patients with high-risk conditions at an early
stage increases the chances of a better prognosis. At the same
time, the need for multiple checks thereby makes automation
significantly reduce the burden of work on physicians. Medical
images, such as those associated with breast cancer, are
analyzed with Al algorithms trained to identify delicate patterns
with greater accuracy than radiology experts [84]. Machine
learning approaches can model the course of the disease and
the expected patient outcome, which helps the clinician identify
potential complications and weigh the anticipated benefits
during the treatment [85].

Diagnosis by automated systems provides for speed, while
other innovations, like AID-SLR, allow for streamlining the
work while achieving an accuracy rate of 98.04% for relevant
studies, thus speeding up the research and decision-making
[86]. According to Al, recommendations are based on evidence,
which means that the clinician's cognitive effort is made easier,
and confidence is boosted [87]. Al creates more time for
healthcare providers by taking over the mundane tasks, and the
focus shifts toward more complex cases and patients, resulting
in higher job satisfaction [88]. On the other hand, there are some
factors that impede Al usage, which include privacy concerns,
cost of integration, fear of new technology and lack of skills
training [89,90]. Tackling these challenges through systematic
policies and education is crucial to ensure that Al can reach its
full potential in improving diagnostic and patient management
issues.

Limitations.

Several limitations of the present study should be noted. The
focus of the author is on the literature written in English and
published between 2019 and 2024, which may have excluded
relevant publications in other languages and those published
before the year 2019. Also, resources such as PubMed, IEEE
Xplore and Google Scholar were required, and this may have
resulted in the omission of some research that was absent from
the databases. However, the limited range of peer-reviewed
works provided some benefit in the quality of the review
by limiting the scope, but it may also have meant that some
recent or relevant works were not incorporated into the review.
Furthermore, the construction was built mostly on the studies
that were included, and though there were many of good
quality, some studies were seen to be below standards in quality
of reporting. Last but not least, the review raises general issues
of trends and issues on the use of AI. However, the reader is not
made clear on the role of various Al tools and what particular
Al examples bring to the industry. It would be ideal if these gaps
were tackled in subsequent studies as such would give a clearer
perspective of the discipline.

Conclusion.

This systematic review assembles 24 high-quality studies to
provide detailed information on the barriers, prospects, and
results offered by the use of artificial intelligence in medical
diagnostics. Besides providing a broad overview that depicts the
interdisciplinary and cross-political boundaries of Al research
and deployment, substantial adjustments still need ample
attention.
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The studies show that Al for medical diagnostics has gained
global attention with notable contributions from the US,
China, Germany and India. The wide variety of study designs
and approaches employed, including systematic reviews,
observational studies and experimental designs, explains the
cross-disciplinary nature of the field. Al models have been
applied across oncology precision medicine and diagnostics for
rare diseases. These Al models include but are not limited to
machine learning, deep learning, multimodal Al, and explainable
Al Deep learning is notable for tasks involving large data sets,
while multimodal Al increases the accuracy of diagnosis using
genomic, imaging and clinical. Explainable Al makes the decisions
that Al has made understandable and trusted.

Al possesses immense possibilities in precision medicine,
early detection, and workflow. Overall, it increases accuracy
in diagnosis while alleviating the workload for the clinician,
contributing to more personalised medical treatment. Some
opportunities include using multimodal data, expanding into
less-tapped areas, and telemedicine. For Al to be extensively
applied across the world, especially in low-resource countries,
there is a need for stronger global partnerships as well as
standardization to mitigate arising inequalities in medical care.

Suggestions for Future Research.

Nonetheless, some issues remain, such as gaps in evidence
and ethical and regulatory issues. These difficulties are further
compounded by high implementation costs and limited resources,
especially in poorer settings. Overcoming these barriers requires an
operational framework through which fair, portable, and accountable
Al-based solutions may be constructed. In the final analysis, it can
be stated with firmness that Al indeed requires a fundamental shift
in approaches, particularly with reference to medical diagnostics. If
the existing problems are solved and the development is responsible,
it will be allowed and contribute to our healthcare systems being more
efficient and more universal worldwide.

There is an evident gap in the evidence on Al efficacy in medical
diagnosis, which future studies should consider carrying out
multicentre studies. Issues of ethics, such as bias in algorithms
and patient confidentiality, also need to be considered more
deeply. Creating affordable and easily usable Al models that
have been adapted for low-resourced areas is key to helping
level the global health imbalance. There is also a need to devise
strong mechanisms through which Al can be used in practice
with an emphasis on usability, interoperability and other end-
user needs. Research into new domains that have so far been
neglected, such as mental health and paediatrics, would ease
the impact of the Al revolution. Collaborative initiatives should
focus on various outreach activities and benchmarks in relation
to the use of Al and integrate guidance on the regulation of Al
to build trust and scale Al in a cost-effective manner.
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