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AHHOTALIMA

O6ocHoBaHMe. B nocneaHue rofbl YBENMYMBAETCA KONMYECTBO CTaTel C UCMOJb30BaHWEM TEPMUHA «[03MOMMKa», O[JHAKO
nMTEepaTypHble 0630pbl HA PYCCKOM A3bIKE N0 JAHHON TEME OTCYTCTBYIOT.

Llenb HacTosiLero 0630pa — onucaTb OCHOBHbIE MPUHLMMBI JO3MOMUKM KaK HanpaBNeHUst paAMOMUKU U NpoaHannu3vpoBaThb
UCCNEA0BaHUA MO OLEHKE BO3MOXHOCTEN NPUMEHEHWS UX B KIIMHUYECKOI MPaKTUKe.

Martepuanbl n MeToabl. CucteMaTyeckuii nouck nuTepatypebl bbin npousseaéH B 6ase AaHHbIX PubMed ¢ nouckoBbIM 3a-
npocoM «dosiomics OR dosiomic», a Takke B 6a3e AaHHbIX elibrary ¢ nouckoBbIM 3anpocoM «ao3noMmKax. Mo coctosHuio
Ha anpenb 2023 roaa 6bim onybnuKoBaHbl 43 3apybexHbIX MCCNef0BaHMS HA TeMY UCMONb30BaHNUA LO3UOMUKY B KIIMHUYE-
CKOM NMpaKTUKe W 0[iHa 0TeyecTBeHHas paboTa c onpeseneHneM TEpMUHA «03MOMUKay.

Pe3synbTartsbl. [poaHanu3upoBaHbl 43 3apybeHbIX UCCNe0BaHUS Ha TEMY MCMOJb30BaHWSA J03MOMUKU B KIIMHUYECKOI NpaK-
TUKe M 1 0TeYECTBEHHAA CTaTbs C OMPeAeSIeHNEM TEPMUHA «[03MOMUKax. [IpoaHann3upoBaHHble paboTbl pasaeneHbl Ha Tpu
TPYNMbl COrNacHo UX TeMaTUKe W CocTaBfieHbl Tabnnubl, onMcbiBaloLLmMe pesynbTaTbl 27 UCCNeA0BaHUA MO NPOrHO3UPOBAHUIO
K/IMHWYECKMX UCXOLL0B.

3akuitoyeHme. B HacTosee BpeMs J03MOMMKA SIBNISIETCA HOBBIM U NMEPCMEKTUBHBIM HanpaBNneHWeM paguoMUKH, NMPUMEHse-
MbIM B TEKCTYPHOM aHanu3e MeMLIMHCKUX M300paeHuiA, CBA3aHHBIX C JIy4eBbIM NIEYEHMEM OHKONOrMYeckux 6onbHbIX. [lo-
3MOMMKa MOXeET crnocobcTBoBaTb pasBuTUI0 Donee NMepcoHanM3MpOBaHHOMO MOAX0AA K MNaHUPOBAHUKO JTyYeBOW Tepanuu,
NPOrHO3MPOBaHMIO JTy4eBbIX NOBPEKAEHUIA HOPMasbHbIX TKAHElH U AMarHOCTUKE peLyavBOB.

KnioueBble cnoBa: [03MOMUKa; paAuoMUKa; JiyyeBaa Tepanud; MallUHHOEe 06yquV|e; VICKYCCTBEHHbIVI WHTEeJIIeKT,
TEKCTyprIﬁ dHans; I'IOCTJ'Iy‘JEBOﬁ MHEBMOHUT.
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Dosiomics in the analysis of medical images
and prospects for its use in clinical practice

Vladimir A. Solodkiy, Nikolay V. Nudnov, Mikhail E. Ivannikov,
Elina S-A. Shakhvalieva, Vladimir M. Sotnikov, Aleksei Yu. Smyslov

Russian Scientific Center of Roentgenoradiology, Moscow, Russian Federation

ABSTRACT

BACKGROUND: In recent years, there has been a notable increase in the number of articles using the term “dosiomics”.
However, there are no literature reviews on this topic in the Russian language.

AIM: This study aims to describe the basic principles of dosiomics as a derivative of radiomics and to analyze studies devoted
to assessing the possibilities of its application in clinical practice.

MATERIALS AND METHODS: A systematic literature search was performed in the PubMed database using the search query
“dosiomics OR dosiomic”, and in the eLibrary database using the search query “dosiomics”. By April 2023, 43 foreign articles
and 1 Russian article had been published.

RESULTS: The analysis encompassed 43 foreign studies investigating the use of dosiomics in clinical practice, alongside one
Russian article that provided a definition of the term “dosiomics”. The analyzed papers were divided into three groups according
to their subject matter, and two tables describing the results of 27 studies on the prediction of clinical outcomes were created.
CONCLUSION: Currently, dosiomics is a new and promising derivative of radiomics used in the textural analysis of medical
images associated with radiation treatment of cancer patients. Dosiomics can contribute to the development of a more
personalized approach to the planning of radiotherapy, the prediction of radiation damage of normal tissues, and the diagnosis
of recurrence.

Keywords: dosiomics; radiomics; radiation therapy; machine learning; artificial intelligence; texture analysis; radiation
pneumonitis.
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