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A SCIENTIFIC APPROACH TO UTILIZING ARTIFICIAL INTELLIGENCE
FOR THE DIAGNOSIS AND PREDICTION OF EARLY AGING

Abstract. Premature ageing is one of the most pressing problems of modern
medicine. It is associated with accelerated wear and tear of tissues and organs, which
can lead to the development of chronic diseases and reduced life expectancy. In recent
years, artificial intelligence (Al) has started to play a key role in healthcare, providing
new tools for diagnosis and prognosis. This article reviews current Al advances in the
study of premature aging processes, including the use of machine learning to analyse
aging biomarkers, estimate biological age, and predict the risk of age-related diseases.
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Introduction. Premature ageing is a complex biological phenomenon

characterised by accelerated wear and tear of tissues and organs compared to the
chronological age of an individual. This process can be caused by genetic,
environmental and lifestyle factors. Premature aging is often accompanied by the
appearance of age-related diseases such as cardiovascular diseases, diabetes,
osteoporosis and others [1].
With the development of artificial intelligence (Al) and machine learning (ML) in
medicine, it is now possible to detect signs of premature aging more accurately and
earlier. These technologies can analyse large amounts of data, extracting important
biomarkers and patterns that may not be accessible by traditional analysis methods. In
this article, we discuss the role of Al in diagnosing and predicting premature aging, as
well as its potential to improve health and longevity.

Premature aging is associated with various biological and external factors,
including oxidative stress, DNA damage, inflammation and epigenetic changes [2]. In
recent years, biomarkers such as telomere length, epigenetic clock, oxidative stress
levels and immunological parameters have been actively used as indicators of
biological age.
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With the development of artificial intelligence (Al) and machine learning (ML)
in medicine, it is now possible to detect signs of premature aging more accurately and
earlier than ever before. These technologies can analyze vast amounts of biological,
genetic, and clinical data, extracting important biomarkers and identifying patterns that
might remain undetected through traditional analysis methods. In this review, we
discuss the evolving role of Al in diagnosing and predicting premature aging, focusing
on its potential to enhance our understanding of the aging process and improve
interventions aimed at promoting health and longevity.

Al and ML offer new ways to analyse these biomarkers in order to diagnose and
assess the risk of developing age-related diseases. For example, epigenetic changes
such as DNA methylation can be used to calculate biological age. This is the so-called
‘epigenetic clock’, which can accurately determine the extent to which an organism is
ageing [3].

Results and methods

1. Analysing biomarkers of aging using Al

Al enables comprehensive analyses of aging biomarkers such as telomere length
and DNA methylation levels, which helps to estimate the biological age of an
individual more accurately than traditional methods. Machine learning can help
identify hidden patterns in DNA methylation data and also predict the rate at which an
organism ages based on various biomarkers [4].

For example, deep learning algorithms can analyse epigenetic data to estimate
biological age from DNA samples. These algorithms are trained on thousands of
samples, allowing them to predict biological age with high accuracy. Applying Al to
analyse epigenetic data is becoming an increasingly popular approach in ageing

research.
Biomarker Importance in Aging Prediction Using Al
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Figure 1. Importance of biomarkers
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2. Prediction of age-related diseases

Al is also being actively used to predict age-related diseases associated with
premature aging. Machine learning models can analyse patients' medical data,
including genetic information, biomarkers and lifestyle, to assess the risk of developing
diseases such as Alzheimer's disease, cardiovascular disease and osteoporosis [1].

To illustrate the effectiveness of Al in predicting these diseases, Table 1
summarizes the predicted risks for various age-related conditions and the
corresponding accuracy of Al models based on biomarker analysis:

Table 1: Predicting Risk of Age-Related Diseases Using Al
Predicted Model

Disease Biomarker Risk (%) Accuracy (%)
Cardiovascular Inflammatory Markers, Lipid
) : 80 92
Diseases Profiles
Type 2 Diabetes  Blood Glucose Level, BMI 60 89
Osteoporosis Bone  Density,  Metabolic 50 85
Markers
Alzheimer's Neuroimaging, 20 91
Disease Neurodegeneration Biomarkers
Cancer  (general Telomere Shortening, Oxidative
. 65 87
risk) Stress
. Telomere Length, DNA
Premature Aging Methylation 75 90

The high accuracy of these Al-driven predictions demonstrates the potential of
integrating Al into personalized healthcare strategies for age-related diseases.

Predicting Risk of Age-Related Diseases Using Al
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Figure 2. Prediction diseases

One promising approach is to create multimodal models that combine data of
different types (e.g., genetic, clinical, and lifestyle) for more accurate prediction. Such

82



A3aMaTTBIK aBHAITUS aKaJIEMUSCBIHBIH JKapIIbIChl No4(35)2024

models can reveal relationships between biomarkers of ageing and specific diseases,
which facilitates early detection and prevention of these conditions.

3. Estimation of biological age using Al

Traditional age estimation is based on chronological age, but biological age can
vary significantly. Al can be used to estimate biological age based on complex analyses
of data such as clinical test results, blood biomarkers, genetic data and even images
(e.g. skin or internal organs).

The application of deep learning to image analysis (e.g. MRI or ultrasound) allows
the assessment of the degree of aging of tissues and organs. These methods are used to
diagnose signs of ageing such as loss of skin elasticity, changes in bone density or
increased fatty deposits in the area of internal organs [5].

Show how Al models (e.qg., epigenetic clocks) can estimate human biological age

from DNA methylation data.
Biological Age Estimation Using Al
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Figure 3. Estimation of biological age

Benefits and limitations of using Al in the study of premature aging

Advantages:

1. High accuracy: Machine learning algorithms can identify hidden patterns in
large amounts of data and provide more accurate predictions than traditional methods.

2. Process Automation: Using Al to analyse data automates the diagnostic and
monitoring process, which reduces human error and saves resources.

3. Personalised predictions: Al can analyse patient-specific data and provide
personalised recommendations based on individual body characteristics.

Limitations:

1. Data availability: Large amounts of high-quality data are required to create
quality Al models, which may limit its application.
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2. Transparency of algorithms: Many Al algorithms, especially deep learning, are
‘black box’, making it difficult to interpret results and limiting their clinical
application. Need for regular updates: Al technologies and medical data are rapidly
evolving, requiring models to be constantly updated to maintain their accuracy and
relevance.

Future prospects for Al applications

Al has great potential to further develop methods for diagnosing and predicting
premature aging. The development of hybrid models that can combine data from
different sources such as genomics, epigenetics, and clinical data will help create more
accurate and personalised solutions for monitoring ageing [6].

In addition, with advances in data processing technologies and the increasing
availability of medical data, we can expect to see more advanced methods for
predicting and treating age-related diseases. Al will help create new approaches to
prevent premature ageing, which in turn may lead to longer life expectancy and
improved quality of life.

Conclusion. The application of artificial intelligence in diagnosing and predicting
premature ageing opens new horizons for medicine. Al technologies can help in more
accurate estimation of biological age, identifying hidden biomarkers of aging and
predicting age-related diseases. Despite existing limitations, such as the need for high-
quality data and transparency of algorithms, Al is already showing significant advances
in this field. In the future, we can expect Al to become an integral part of healthcare
systems aimed at combating premature aging.

M.V. Cynenimenona, /J[.M. Myxammemxanosa, P.T. Amanosa

EPTE KAPTAIOABbI IMATHOCTUKAJIAY KOHE BOJI’KAY YIIIH
KACAHAbI HHTEJUIEKTTI KOJJAAHY AbBIH F'bIJIBIMUA TOCLJII

Anoamna. Epme xapmaio-Kaszipei meouyunadagvl ey e3ekmi macenenepoiy Oipi.
Byn cozviimanst aypynapoviy oamysina sxcane emip cypy ¥Y3aKmul2blHblY KblCKAPYbIHA
aKenyl MYMKiH minOoep MeH Myuwieneploiy me3 mo3ybimeH Oailianvicmol. Conavl
arewlnoapel  dicacanovl unmennexkm (KHU) ouacnocmuka men 0OaHCAYObIH IHCAHA
KYPanoapblH YCbIHA OMbIPbIN, OEHCAYIbIK CAKmMayoa weulyui pea amxapa 6acmaobi.
byn maxanaoa epme xapmaro npoyecmepin 3epmmeyoe2i Hcacanobl UHMeNNeKmMmiy
3amanayu cemicmikmepi, COHbIH [WiHOe Kapmaio Ouomapkepiepin manoay,
OUONOCUANBIK Jicacmbl 0AeANay HcaHe HcacKa Oaulamvicmvl aypyrapovly Kayni
bodICay Yin MAWUHATBIK OKbLMYObL NAUOANAHY KAPACMbIPLLIAObL.

Tyitin ce30ep: oicacanOvl unmeniekm, epme Kapmaioo, OUONO2USIbIK JiCdC,
MAWUHATLIK, OKbIMY, Ouomapxepiep.
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HAYYHBIN IOJIXO/I K UCITIOJIb30BAHUIO HCKYCCTBEHHOI'O
HUHTEJVIEKTA JJIAA IMATHOCTUKHA U TIPOI'HO3UPOBAHUA
PAHHEI'O CTAPEHUA

Annomauusn. Illpexcoespemennoe cmapenue - 00OHA U3 CAMBIX AKMYATbHbIX
npoonem cospemennou meouyunvl. OHO C65A3AHO C YCKOPEHHbIM U3HOCOM MKAHel U
Op2aHO8, YMO MOdNCem npusecmu K pa3eumuio XpOHUYecKux 3abonesanuii u
COKPAWEHUIO NPOOOINCUMENbHOCMU JHCUSHU. B nocneonue 200vl uckyccmeenHulil
unmennexm (M) nauan uepams xiouesyro poiv 6 30pagooxpaneHult, npeoocmaesisis
HOBble UHCMPYMEeHMbl Ol OUACHOCMUKU U NPOSHO3Upoanus. B smou cmamve
PACCMampusaiomcs COBpPeMeHHble O0CMUNICEHUSL UCKYCCMBEHHO20 UHMELIeKmAa 8
UBYYEHUU NPOYECCO8 NPeAHCOeBPEMEHHO20 CMAPEHUs, BKII0YaAsl UCNOIb308AHUE
MAWUHHO20 00Y4eHUs OISl AHAIU3A OUOMAPKEPO8 CIMAPEHUS, OYEHKU DUOI02UYECKO20
803pacma U NPOSHO3UPOBAHUL PUCKA 803PACMHbIX 3a00nesanutl. Kniouesvie crosa:
UCKYCCMBEHHbLIL URMETLIeKM, NPedcoe8peMeHHoe cmapeHue, OuoI02u4ecKull 603pacn,
MawunHoe obyueHue, buomapkepol.

Kntouesvie cnoea: uckyccmeeHHwlil UHmMeNIeKm, npelcoespeMeHHoe cmapenue,
buonocuteckull 603pacm, MawuHHoe obyueHue, 6UOMAPKePb.
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