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Abstract

Personalized medicine is changing the game, moving healthcare from one-size-fits-all treatments to strategies that fit each
person’s unique biology. This shift really matters in intensive care, where patients are fragile, their bodies can change fast, and
the stakes are high. Old school critical care leans on slow labs, scattered health records, and decisions based mostly on what
doctors see and know in the moment. That leaves gaps and slows down care.

Now, with breakthroughs in multi-omics sciences like genomics, proteomics, metabolomics, and microbiomics — and the
integration of powerful tools like Al, digital twins, CRISPR, explainable Al, and privacy-protecting technology — we’re
looking at a new era. These innovations are turning critical care into something much smarter and more responsive, where
doctors and systems can predict, adapt, and act before trouble hits.

This review pulls together all these advances, exploring how they come together for better predictions, smarter treatments,
and clearer insights into what helps patients most. It covers how digital twin models can act as virtual patient copies, how
CRISPR opens doors for targeted treatments, and how Al-driven drug recommender systems and explainable Al are boosting
trust and transparency at the bedside. There’s also a deep dive into technologies like federated learning and blockchain, which
make it possible to share knowledge without risking patient privacy.

Still, there are big questions—gaps in research, real-world hurdles, and ethical concerns that need real answers. The review
wraps up by mapping out how to build personalized medicine frameworks for critical care that are practical, understandable,
and ready for hospitals to use.

Keywords: personalized medicine, multi-omics, artificial intelligence, digital twins, CRISPR, explainable AI, federated
learning, blockchain, precision genomics, critical care.
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AHHOTanMs

[TepcoHanu3upoBaHHasi MeJULIMHA MeHsieT CHUTYyallhio, Mepexofsi OT yYHHBepCajbHbIX METOOB JIeUeHUs K CTpaTervsim,
YUUTBIBAIOIUM YHUKa/bHble OUOTIOTHUeCKHe OCOOEHHOCTH KaXKIOro YesioBeKa. JTOT CABUI MMEET OTPOMHOEe 3HaueHue B
VHTEHCHUBHOU Tepanviy, rje MalueHTbl HaXOAATCS B ySA3BUMOM COCTOSIHUM, UX OPraHHU3M MOXKET ObICTPO MEHSIThCS, a PUCKU
SIBJISIIOTCS  BBICOKMMM. Tpa/[UIIMOHHAsi MHTEHCUBHAsI Teparusi OMUPAeTCs Ha [JIUTe/bHble j1abopaTOpHbIE MCC/Ie/[OBAHMS,
pa3po3HeHHble MeAULIMHCKWE 3alKCy M pellleHrs], OCHOBaHHble B OCHOBHOM Ha TOM, UTO Bpaud BUJST W 3HAIOT B JJaHHBIA
MOMEHT. DTO TIPUBOJUT K TTpo0OesiaM B JIEUeHUH U 3aMe[|jIsIeT OKa3aHue MeAUI[MHCKOM TTOMOIITH.

Cerofns, Gmaroziapst MpopbiBaM B TakKdX MY/JIBTHOMMUECKMX HayKaX, KaKk IeHOMMKA, TPOTeOMHKa, MeTaDo/IOMUKA U
MHUKPOOMOMYKA, a TakKKe WHTerpaljii MOIIHBIX WHCTPYMEHTOB — TaKWX KaK MCKYCCTBEHHBIH WHTE/UIEKT, LU(POBbBIE
nBoiiHuky, CRISPR, o6bsicHumblil IW 1 TEXHOJIOTUM 3alUThI KOHOU/IEHLIUATBHOCTH — Tepe/i HAMU OTKPBIBAeTCsl HOBast 3pa.
OTH WHHOBALMU [Ie/Ial0T WHTEHCHUBHYIO Tepanuio ropasfo 0osiee «yMHOM» U OMEPaTHBHON: Bpaud U CUCTEMbI MOTYT
MPOTHO3UPOBaTh, a[JANTUPOBATLCS U IPUHUMATh MEPHI [I0 TOTO, KaK BOSHUKHYT TPOOJIEMBI.

B manHOM 0030pe 0000I1eHbI BCE 3TH [JOCTHXKEHUS M PACCMOTPEHO, KaK MX COUEeTAHWE TMO3BOJISIET Y/IYUIIUTh TPOrHO3bI,
cienatb JjieueHre Oosiee 3(pGEKTUBHBIM U TOAYUYHUTh OO/iee uUeTKOe TMpe[CTaBlIeHHe O TOM, UTO TPUHOCUT Mal[HeHTaM
HaubO/BINYI0 TO/B3Y. BBII0 paccMOTpeHo, Kak MOJenH «H(POBBIX JBOMHHKOB» MOTYT CAY)KUTh BHPTYalbHBIMU KOTHSMH
naiueHToB, Kak TexHosorusi CRISPR oOTKpbIBaeT BO3MOXHOCTW [J/is1 LIeJIEBOTO JieUeHHs, a TakKe TO, KaK CHUCTeMbI
PeKOMeH/IAL|I TI0 JIeKapCTBEeHHBIM TIperapaTraM Ha 6a3e NCKYCCTBEHHOTO MHTeJUIeKTa M 00bsiCHUMBIN VIV MOBBIILIAIOT YPOBEHb
JIOBEpUST U TIPO3PAYHOCTH TIPU OKa3aHUM MeAMLIMHCKOM romorny. Kpome Toro, B 0630ope nogpoOHO pacCMaTpUBAIOTCS TaKUe
TEXHOJIOTHH, KakK (enepatuBHOe oOyueHue U O/IOKUelH, KOTOpble MO3BOJISIFOT OOMEHMBAThCS 3HAHUAMM 0e3 yrpo3bl st
KOH(WeHI[MAIbHOCTH TaLIeHTOB.
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Tem He MeHee OCTalOTCsl Cepbe3Hble BONPOCHI — IPO0eJIbI B UCC/IE/J0BAHUAX, TIPAKTHUEeCKUe TPENATCTBUS U 3THUECKHEe
coobpaxkeHus, TpeOylolje peasbHBIX OTBeTOB. B 3aksoueHre o630pa MpejjaraeTcs IVIaH 10 CO3[AHHIO IPAKTHUHBIX,
TIOHSATHBIX U FOTOBBIX K BHEJJPEHHUIO B O0MBbHULIAX KOHLIENLMH [TepCOHaNN3UPOBaHHOM MeIULIMHBI AJ1sI THTEHCUBHOM Teparyy.

KiroueBble c/10Ba: repcoHanyM3MpoBaHHasl MeMIMHA, MYJIbTHOMUKA, NCKYCCTBEHHBIN MHTE//IEeKT, LU(QPOBbIe [BONHUKY,
CRISPR, o6wsicaumbiii W, dhenepatiBHOe 00yueHre, O7I0K4YeiiH, Mperu3U0HHas TeHOMHKA, MHTeHCHBHAs Tepartusi.
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Introduction

Modern healthcare is shifting away from one-size-fits-all treatments and moving toward care that’s truly personalized for
each patient. The old methods worked alright when treating large groups, but they tend to ignore how each person’s genetics,
environment, immune system, metabolism, and other health issues can completely change how a disease progresses and how
well a treatment actually works. That’s where personalized medicine steps in, pulling together everything we know about a
person — their unique biology, medical history, and environment — to make diagnoses, predictions, and treatment choices far
more precise [2], [3], [6].

With the rise of DNA sequencing and biomedical sensors, we can now collect massive amounts of data. Scientists call this
“multi-omics” data because it covers everything from genetic changes and protein activity to someone’s metabolism. This
paints a full picture of what’s going on in the body. But here’s the catch: the sheer amount and complexity of this information
is just too much for traditional analysis. That’s why researchers are turning to advanced tools like artificial intelligence and
machine learning that can sift through the noise and find meaningful patterns [10], [11].

Critical care, especially in the ICU, really shows what’s possible with personalized medicine. Why? Because ICU patients
are in crisis — think severe infections, respiratory failure, cardiac arrest, or multiple organs shutting down. Doctors have to act
fast, so every second and every detail counts. Even with the latest monitors, ICUs usually react to problems after the fact
instead of foreseeing them.

Bringing together multi-omics data, Al-powered analysis, digital twin models, and tailored therapies can flip the script —
turning critical care into something more proactive and predictive. But there are still plenty of hurdles: data is scattered across
different systems, machines don’t always talk to each other, AT models can be black boxes, and there are ongoing worries about
privacy and security. This review takes a close look at these fast-moving innovations and examines how they’re shaping the
future of critical care that’s personalized for every patient.

Multi-omics integration in personalized medicine

Multi-omics integration is at the heart of modern precision medicine. It lets researchers look at complex biological
processes as a whole system instead of in isolated parts. Each “omics” layer brings something unique to the table. Genomics is
all about changes in DNA — things like single nucleotide polymorphisms, insertions, deletions, or structural variations, which
can set people up for certain diseases. Transcriptomics looks at which genes are turned on or off, showing how our bodies react
to different environments or stresses. Proteomics dives into the world of proteins, measuring how many are present, how
they’re modified, and how they interact — basically, revealing what’s happening in the cell right now. Metabolomics gives a
snapshot of all the chemical intermediates and metabolic pathways, offering a direct peek into cellular activity. Epigenomics
focuses on how gene expression is controlled, through mechanisms like DNA methylation and histone modification, without
touching the DNA code itself [6], [7].

When you pull together all these different data types, you get more precise disease classification, discover new biomarkers,
and target therapies more effectively. Cancer research, for instance, has used multi-omics to find molecular subtypes that plain
histology just can’t spot. Same thing with sepsis and inflammatory diseases — by analyzing transcriptomic and proteomic
patterns, scientists have identified different immune response types, leading to more tailored treatments [8].

But integrating all this information isn’t simple. Early on, researchers leaned on methods like principal component analysis
or canonical correlation analysis. Now, they use deep learning too — autoencoders, graph neural networks, multimodal
transformers — which can detect complicated patterns across all sorts of data. Still, there are some stubborn challenges.
Missing data, batch effects, inconsistencies in how data is collected, and big computational costs all get in the way, making it
tough to bring these techniques into everyday clinical practice.

Table 1 - Multi-Omics Data Comparison
DOI: https://doi.org/10.60797/BMED.2026.9.8.1

Omics Layer Biological Insight Clinical Relevance Challenges
Genomics DNA mutations Disease risk prediction Static, expensive
Transcriptomics Gene expression Disease activity Temporal variability
Proteomics Protein signaling Functional pathways Complex measurement
Metabolomics Biochemical state Real-time physiology High variability
Epigenomics Gene regulation Environmental effects Data complexity
Microbiomics Host-microbe interaction | Immunity & gut health | Standardization issues

Artificial intelligence in critical care

Artificial intelligence has completely changed the way we analyze biomedical data. It’s made it possible to pull real
meaning out of massive, messy datasets that used to leave researchers stumped. Doctors and scientists now rely on machine
learning tools like logistic regression, support vector machines, random forests, and gradient boosting for all sorts of clinical
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prediction tasks. Lately, deep learning has jumped ahead — models like convolutional neural networks, recurrent neural
networks, and transformers are getting much better results, especially when working with everything from structured lab
results to unstructured doctor notes [3], [10], [11].

In the ICU, Al is already at work. It helps spot trouble early — like a patient’s condition is about to get much worse —
even before the clinical team notices. These systems don’t just hint at a problem; they can sometimes pick up on cases of
sepsis, kidney injury, or respiratory failure hours in advance, looking at mountains of data from ICU databases such as
MIMIC-III. That head start can make all the difference when time is critical [5], [12].

But putting Al into real clinical practice isn’t simple [3], [11]. Models often don’t work as well outside the hospitals where
they were trained, mostly because patient populations, treatment routines, and even data collection can look pretty different
from one place to another. And let’s not forget: many of these models are still black boxes. They spit out answers with little
clue why, which makes it tough for clinicians to trust or rely on them [23], [24]. To actually make Al a trustworthy partner in
healthcare, the field needs deeper validation, more transparent models, and systems that fit naturally into how clinicians
already work. Without those, AI’s impact will hit a ceiling [1].

Digital twins in healthcare

Digital twin technology is changing how we model complex biological systems and personalize disease management.
Picture a digital twin as a virtual copy of a real patient, always staying up-to-date thanks to live data. In healthcare, these
digital twins pull together everything — physiological signals, images, lab tests, and molecular info — so doctors get a
detailed picture of someone’s health [14], [31].

There are different kinds of digital twins. Mechanistic models use math to mirror how the body works, like heart or lung
functions. Data-driven models lean on machine learning to spot patterns in old data. Hybrid models blend both, aiming for
sharper accuracy and clearer insights [35].

Critical care really benefits from these models. With digital twins, doctors can try out different treatments virtually and see
what might happen. Take a respiratory twin — it can show how changes in ventilator settings affect oxygen levels and potential
lung damage. Or a cardiovascular twin — it predicts what happens if you tweak fluids or give certain medicines [14]. Bringing
in molecular data makes these models even smarter, helping tailor predictions down to the tiniest detail [32].

Multi-Omics Al Models CRISPR Drug Al XAT + Security

Figure 1 - Unified Precision Critical Care Framework
DOTI: https://doi.org/10.60797/BMED.2026.9.8.2

Crispr and ai-driven precision therapeutics

CRISPR-Cas genome editing has changed the game in molecular medicine. Now, we can make precise, targeted changes
to DNA — something that used to sound like science fiction. People see real hope for using this technology to treat things like
genetic disorders, cancer, and some infectious diseases by going straight to the source and fixing harmful mutations. This
whole shift started with Jennifer Doudna and Emmanuelle Charpentier, who helped turn CRISPR into the powerful tool it is
today [17], [19].

Artificial intelligence is stepping in to make CRISPR even more powerful. Scientists use machine learning to predict
which guide RNAs will work best, avoid unwanted DNA changes, and come up with smarter editing plans overall. Deep
learning has really boosted the accuracy of CRISPR design, so therapies are getting safer and more effective [18].

There’s another exciting layer to all this — combining CRISPR with digital twin systems. Basically, doctors can run
simulations to see what might happen if they edit certain genes, allowing them to weigh benefits and risks before actually
treating a patient. But there are still hurdles, like figuring out the best way to deliver CRISPR components, dealing with
immune reactions, and sorting through the ethical issues. These challenges need answers before CRISPR becomes standard in
clinics everywhere.

Ai-based drug recommendation systems

Doctors know that drug response can be unpredictable — what works perfectly for one person might not do much for
another. That’s a headache in clinics everywhere. Al drug recommendation systems try to tackle this problem head-on. They
gather everything from a patient's genetics to medical history and even their basic health stats to help figure out which drug and
what dose will actually work [20].

Pharmacogenomics — basically, using genetics to guide drug choices — has made big strides. Say someone needs
warfarin. If they have certain changes in CYP2C9 or VKORC1 genes, their body handles the drug differently. Same goes for
thiopurines and TPMT gene variants; those changes can make a treatment riskier or safer. Al can pull genetic info and real-
world medical data together and use it to recommend better meds tailored to each patient [20], [21].

On top of that, reinforcement learning is starting to shape how doctors make decisions, especially in critical care. These Al
methods “learn” by trying out treatment strategies in simulated situations and watching patient responses, adjusting as they go.
Still, we’re not fully there yet. Safety concerns, figuring out how Al thinks, and proving that it works in actual hospitals —
those are big hurdles that haven’t gone away [12], [22].
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Table 2 - Drug Personalization Approaches
DOI: https://doi.org/10.60797/BMED.2026.9.8.3

Approach Data Used Example Advantage
Pharmacogenomics DNA variants Warfarin dosing Reduced toxicity
AT Prediction Clinical + genomic Cancer therapy High accuracy
Reinforcement Learning Time-series ICU Sepsis treatment Adaptive
Digital Twin Simulation Full patient model Drug response Risk-free testing

Explainable ai in healthcare

Doctors don’t just want Al to spit out answers — they need to know why a model came to a certain decision if they’re
going to trust and use it in healthcare. That’s where explainable AI, or XAI, comes in. XAI methods actually show which
factors led to a model’s prediction, making things more transparent for clinicians [23], [24].

Take SHAP, created by Scott Lundberg, or LIME. Both of these tools break down how much each feature mattered in a
given prediction. This helps doctors see the reasoning behind a model’s output, so they can check its logic and feel more
comfortable relying on it.

But it doesn’t stop at just listing important features. Some newer XAI methods dive deeper — they look at cause and
effect, and even test “what if” scenarios (that’s known as counterfactual reasoning). This kind of analysis is especially valuable
in critical care, where even a small decision can mean a lot for a patient’s health. With these tools, clinicians aren’t just
guessing — they’re seeing real evidence behind AT recommendations [25].

Table 3 - Explainable AI Techniques
DOI: https://doi.org/10.60797/BMED.2026.9.8.4

Method Type Use Case Limitation
SHAP Global + Local Feature importance Computational cost
LIME Local Model explanation Instability

Attention Maps Deep learning Sequence models Not fully interpretable
Counterfactuals Causal Clinical decisions Complex generation

Privacy-preserving Al

Sharing sensitive healthcare data — especially things like your genetic info — always stirs up worries about privacy and
security. That’s where federated learning comes in. Instead of shipping raw data between hospitals or research groups,
everyone trains Al models together, separately, keeping their own data safe. It’s a smarter way to collaborate without risking
privacy [26].

Now, blockchain adds another layer of security. It creates clear, tamper-proof records of who accessed what and when, and
it spreads control out, so no one person or group holds all the power. Big organizations like the National Institutes of Health
regularly stress how key secure data sharing is for stuff like precision medicine [27].

Other tech tools help too. Things like differential privacy [28], homomorphic encryption, and secure multiparty
computation — all those mouthfuls — keep sensitive details locked down, but still let researchers pull out useful insights. That
means we get the benefits of big data without putting anyone’s personal info on the line.

Table 4 - Security Techniques Comparison

DOTI: https://doi.org/10.60797/BMED.2026.9.8.5

Technique Purpose Strength Limitation
Federated Learning Distributed training Data privacy Communication cost
Blockchain Data integrity Tamper-proof Scalability
Differential Privacy Noise addition Strong privacy Accuracy loss
Homomorphic Encryption|  Secure computation High security Very slow

Challenges and future directions

Personalized medicine holds a lot of promise in critical care, but there are still some big hurdles. Multi-omics data is
expensive to gather, and it’s tough to bring together all those different data sources. Standardized datasets don’t really exist yet,
plus nobody’s quite sure how regulations will shake out [6], [7]. Then there’s the tricky stuff — like the ethical issues with
genomic editing and letting AI make tough decisions [17].
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Researchers need to focus on making systems that scale up easily and work well with each other. It's important to make
models that doctors can actually understand and use in real time [36]. And some new tech — like quantum computing,
foundation models, or neuromorphic hardware — could push predictive accuracy and speed even further [33].
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Table 5 - Research Gap Matrix
DOI: https://doi.org/10.60797/BMED.2026.9.8.6

missing

Area Current State Gap Opportunity
Multi-Omics Separate analysis Lack of integration Unified models
Al Models High accuracy Low interpretability Explainable Al
Digital Twins Experimental Not real-time ICU deployment
CRISPR Lab success Clinical integration Al-driven therapy

Drug Systems

Static rules

No personalization

RL-based systems

Security

Basic encryption

No unified framework

Blockchain + Federated

Learning

Conclusion

Personalized medicine in critical care is on the edge of a huge leap forward. Multi-omics technologies, artificial
intelligence, digital twins, CRISPR therapeutics, and secure data systems all come together to make it possible. With these
tools, doctors can predict problems, adapt treatments, and truly tailor care to each patient. That means better outcomes, fewer
deaths — real progress. But none of this happens alone. Experts from different fields have to work together, validate these
approaches, and make sure everything stays ethical. If we want these breakthroughs in actual hospitals, we need clear, unified,
and secure systems that people can trust and understand.

Kondukt naTepecoB Conflict of Interest

He yka3zaH. None declared.

Review
All articles are peer-reviewed. But the reviewer or the author
of the article chose not to publish a review of this article in
the public domain. The review can be provided to the

competent authorities upon request.

Penen3us
Bce craTeu poxopgar perieH3upoBanue. Ho perjeH3eHT win
aBTOP CTaThU TPE/IIOUIM He My0/JMKOBaTh PeLieH3HI0 K 3TOI
CTaThe B OTKPBITOM JIOCTYyTIe. PeljeH3ust MOXKeT ObITh
rpe/locTaB/ieHa KOMIIETEHTHBIM OpraHaM I10 3arpocy.

CnucoK JiTepaTtypbl Ha aHrnickoM si3bike / References in English

1. Topol E.J. High-performance medicine: The convergence of human and artificial intelligence / E.J. Topol // Nature
Medicine. — 2019. — Vol. 25. — P. 44-56.

2. Collins F.S. A new initiative on precision medicine / F.S. Collins, H. Varmus // New England Journal of Medicine. —
2015. — Vol. 372. — Ne 9. — P. 793-795.

3. Rajkomar A. Machine learning in medicine / A. Rajkomar, J. Dean, I. Kohane // New England Journal of Medicine. —
2019. — Vol. 380. — Ne 14. — P. 1347-1358.

4. Jumper J. Highly accurate protein structure prediction with AlphaFold / J. Jumper, R. Evans, A. Pritzel [et al.] // Nature.
— 2021. — Vol. 596. — P. 583-589.

5. Johnson A.E.W. MIMIC-III, a freely accessible critical care database / A.E.W. Johnson [et al.] // Scientific Data. —
2016. — Vol. 3. — P. 160035.

6. Hasin Y. Multi-omics approaches to disease / Y. Hasin, M. Seldin, A. Lusis // Genome Biology. — 2017. — Vol. 18. —
P. 83.

7. Karczewski K.J. Integrative omics for health and disease / K.J. Karczewski, M.P. Snyder // Nature Reviews Genetics.
—2018. — Vol. 19. — P. 299-310.

8. Sweeney T.E. Sepsis endotypes and outcomes / T.E. Sweeney [et al.] // The Lancet Respiratory Medicine. — 2018. —
Vol. 6. — Ne 10. — P. 805-815.

9. Huang Z. Deep learning for multi-omics integration / Z. Huang [et al.] // Bioinformatics. — 2020. — Vol. 36. — Ne 3.
— P. 799-807.

10. Esteva A. A guide to deep learning in healthcare / A. Esteva, A. Robicquet, B. Ramsundar [et al.] // Nature Medicine.
—2019. — Vol. 25. — P. 24-29.

11. Beam A.L. Big data and machine learning in health care / A.L. Beam, I.S. Kohane // JAMA. — 2018. — Vol. 319. —
Ne 13. —P. 1317-1318.

12. Komorowski M. The artificial intelligence clinician learns optimal treatment strategies for sepsis / M. Komorowski,
L.A. Celi, O. Badawi [et al.] // Nature Medicine. — 2018. — Vol. 24. — P. 1716-1720.

13. Obermeyer Z. Dissecting racial bias in an algorithm used to manage the health of populations / Z. Obermeyer, B.
Powers, C. Vogeli [et al.] // Science. — 2019. — Vol. 366. — Ne 6464. — P. 447-453.

5



9 _®
Cifra. Biomedical Sciences = Ne 2 (9) = June © Authors of the article / Authors of the article

14. Corral-Acero J. The 'digital twin' to enable the vision of precision cardiology / J. Corral-Acero, F. Margara, M.
Marciniak [et al.] // European Heart Journal. — 2020. — Vol. 41. — Ne 48. — P. 4556-4564.

15. Viceconti M. Big data, big knowledge: Big data for personalized healthcare / M. Viceconti, A. Hunter, R. Hose //
Nature Reviews Bioengineering. — 2015. — Vol. 19. — Ne 4. — P. 1209-1215.

16. Bruynseels A. Digital Twins in Health Care: Ethical Implications of an Emerging Engineering Paradigm / A.
Bruynseels, F. Santoni de Sio, J. van den Hoven // Journal of Medical Ethics. — 2018. — Vol. 9. — DOI:
10.3389/fgene.2018.00031.

17. Doudna J.A. The new frontier of genome engineering with CRISPR-Cas9 / J.A. Doudna, E. Charpentier // Science. —
2014. — Vol. 346. — Ne 6213. — DOI: 10.1126/science.1258096.

18. Kim D. Deep learning improves prediction of CRISPR—Cpf1 guide RNA activity / D. Kim, S. Min, M. Song [et al.] //
Nature Biotechnology. — 2018. — Vol. 36. — P. 239-241.

19. Hsu P.D. Development and applications of CRISPR-Cas9 for genome engineering / P.D. Hsu, E.S. Lander, F. Zhang //
Cell. — 2014. — Vol. 157. — Ne 6. — P. 1262-1278.

20. Relling M.V. Pharmacogenomics in the clinic / M.V. Relling, W.E. Evans // Nature. — 2015. — Vol. 526. — P. 343—
350.

21. Whirl-Carrillo M. Pharmacogenomics knowledge for personalized medicine / M. Whirl-Carrillo, E.M. McDonagh,
J.M. Hebert [et al.] // Clinical Pharmacology & Therapeutics. — 2012. — Vol. 92. — Ne 4. — P. 414-417.

22. Gottesman O. Guidelines for reinforcement learning in healthcare / O. Gottesman, F. Johansson, M. Komorowski [et
al.] // Nature Medicine. — 2019. — Vol. 25. — P. 16-18.

23. Gunning D. Explainable artificial intelligence (XAI) / D. Gunning. — DARPA, 2017. — 36 p.

24. Lundberg S.M. A unified approach to interpreting model predictions / S.M. Lundberg, S.-1. Lee // Advances in Neural
Information Processing Systems (NeurIPS). — 2017. — P. 4765-4774.

25. Pearl J. Causality: Models, Reasoning, and Inference / J. Pearl. — Cambridge : Cambridge University Press, 2009. —
464 p.

26. Rieke N. The future of digital health with federated learning / N. Rieke, J. Hancox, W. Li [et al.] // Nature Medicine.
— 2020. — Vol. 26. — P. 1-7.

27. National Institutes of Health. The Precision Medicine Initiative. — 2020. — URL: https://www.nih.gov (accessed:
25.04.2026).

28. Dwork C. Differential privacy / C. Dwork // Proceedings of the 33rd International Colloquium on Automata,
Languages and Programming (ICALP). — 2006. — P. 1-12.

29. Topol E.J. Deep Medicine: How Artificial Intelligence Can Make Healthcare Human Again / E.J. Topol. — New
York : Basic Books, 2019. — 400 p.

30. Robinson P.N. Deep phenotyping for precision medicine / P.N. Robinson // Human Mutation. — 2012. — Vol. 33. —
Ne 5. — P. 777-80. — DOI: 10.1002/humu.22080.

31. Laubenbacher R. Digital twins in medicine / R. Laubenbacher, B. Mehrad, I. Shmulevich [et al.] // Nature
Computational Science. — 2024. — Vol. 4. — P. 184-191.

32. Gortz M. Digital twins for personalized treatment in uro-oncology in the era of artificial intelligence / M. Gortz, C.
Brandl, A. Nitschke // Nature Reviews Urology. — 2025. — Vol. 23. — P. 29-39.

33. Cui X. scGPT: Toward building a foundation model for single-cell multi-omics / X. Cui, C. Wang, H. Maan [et al.] //
Nature Methods. — 2024. — Vol. 21. — P. 1470-1480.

34. Tortora M. Medical Digital Twin: A Review on Technical Principles and Clinical Applications / M. Tortora, F.
Pacchiano, S.F. Ferraciolli [et al.] // Journal of Clinical Medicine. — 2025. — Vol. 14. — Ne 2. — DOI:
10.3390/jcm14020324.

35. Makarov N. Large language models forecast patient health trajectories enabling digital twins / N. Makarov, M.
Bordukova, P. Quengdaeng [et al.] // NPJ Digital Medicine. — 2025. — Vol. 8. — Ne 1. — DOI: 10.1038/s41746-025-02004-
3.

36. Foy B.H. Haematological setpoints are a stable and patient-specific deep phenotype / B.H. Foy, R. Petherbridge, M.T.
Roth [et al.] // Nature. — 2025. — Vol. 637. — P. 430-438. — DOI: 10.1038/s41586-024-08264-5.



	КЛИНИЧЕСКАЯ ЛАБОРАТОРНАЯ ДИАГНОСТИКА/CLINICAL LABORATORY MEDICINE
	Velevela Raghu Ram Chowdary1, *, M.V.L.N. Raja Rao2
	Велевела Рагху Рам Чаудари1, *, М.В.Л.Н. Раджа Рао2

