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Lienb: ynyylieHve NporHo3MpoBaHus pesynsbTaToB onepaLmii ayrmeHTalMoHHOM mammonaacTuku (AM).

Matepuan u meToapl: UcCnesoBaHMe OCHOBAHO HA PETPOCNEKTUBHOM aHaM3e AaHHbIX 265 NaUMEHTOK, YA0BIETBOPEHHbIX PE3YNLTaTOM OnepaLmu,
KOTOpbIM Bbina BbinosHeHa AM. Ha OCHOBaHUM YMCNEHHbIX MApPaMEeTPOB M MOXKENAaHWI NaLMeHTa (MCXO4HbIE NPU3HAKKM) U NAPaMETPOB YCTaHOBNEH-
HbIX MMNIAHTATOB (LieN1IeBble NPU3HAKM) OCYLLECTBAANOCH 0BYYEHME UCKYCCTBEHHOIO MHTennekTa (MN).

Pe3ynbTatbl: No/ly4eHHas MOLE/Ib MALWMHHOIO 06yYEHMA MPOAEMOHCTPMPOBAsa COBMNajeH1e NapamMeTpoB NpeaiaraémMoro K YCTaHOBKe MMMIaHTaTa
¢ Bblbopom xupypra B 81,5% c/ly4aeB, YTO MOMKHO CYMTATb AOMYCTUMbIM MOKa3aTeNem 418 NPaKTUYECKOro NPUMEHEHUA MOAEN.

3aKnloueHne: Mbl Mojaraem, YTo METOAbl MALUMHHOTO 0BYYEeHWUA MOTYT NOBLICUTL TOYHOCTbL MpPU BbIGOpEe Hanbosiee NOAXOAALLEro TMNa U pasmepa
MMNNAHTaTa, YYUTbIBAA WMPOKMUIA CMEKTP MHAMBUAYANbHbIX MAPAMETPOB M MOMKeNaHUI NaLMeHTa.
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Objective: To enhance the accuracy of predicting the outcomes of augmentation mammoplasty (AM).

Methods: The study involves a retrospective analysis of data from 265 patients satisfied with the AM results. Artificial intelligence (Al) was trained using
numerical variables, such as anthropometric measurements and patient preferences, as input data, and the implant parameters were used as output data.
Results: The machine learning (ML) algorithms supported clinicians in determining the optimal selection of implants in 81.5% of cases, indicating the
practical applicability of the model.

Conclusion: The ML approach can improve accuracy in selecting the most appropriate implant type and size, considering a wide range of individual
parameters and patient wishes.
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BBEAEHUE

Mpouecc Bbibopa MMNAaHTaToB Npu AM, C €ro MHOTOYMUCIEHHbI-
MM NepeMEHHbIMU, ABISETCA HEMPOCTO 3a4a4elt B NNaCTUYECKOW X~
pypruu, Tpebyrolweit KoMnaeKcHoro noaxoaa. Pelwexne no nog6opy
MMNNaHTaTa 06YC/I0BNEHO OBLLMPHBIM CMIEKTPOM NapaMeTpPOB, TakuX
KaK aHaTOMMYECKME XapaKTEPUCTUKM (LUMPUHA OCHOBAHUSA MOIOYHOM
Kene3bl, PacCTOAHME OT COCKa A0 CYOMaMMapHOW CKAaAKM B HaTAKe-
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INTRODUCTION

With its numerous variables, the implant selection process
for AM is a critical step in plastic surgery that requires a com-
prehensive approach. A wide range of parameters determines
the decision to select an implant, including anatomical charac-
teristics such as the width of the base of the mammary gland,
the nipple-inframammary fold distance (M-SIM) measured under
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HWUK) U NEePCOHA/IbHbIE MPEANoYTEHUA NauueHTKK [1]. Mbl nonaraem,
4TO OLLEHMBATb 3CTETUKY MOJIOYHOM Kenesbl cedyeT B KOMMAeKce ¢
Tanuvel u 6EApammn: UMEHHO ANCTIPONOPLIMA STUX TPEX BEIMUMH Yalle
BCEro NPUBOAMT NALMEHTKY K NAAaCTUHEeCKoMy Xmpypry. Mostomy npu-
MEHEHWe aHTPOMOMETPUYECKMX MOKa3aTenel, Takux Kak pocT, Bec,
OKPYXHOCTW 6Eaep, Tanuu, rpyay Ha YpOBHE COCKOBO-apeonspHOro
komnnekca (CAK) n cydbmaMmapHOW CKNafKu, UrPaeT BaHYO posib B
npotecce nogbopa MmnaaHTaTa. 3agaueit xupypra asnaetcsa cobnio-
[eHne banaHca Mexay aHaTOMUYECKMMM, aHTPOMOMETPUYECKUMM
XapaKTEPUCTUKaMM U KeNlaHUeM NaLMEHTKU C ONopoi Ha cobCTBeH-
HbI OMbIT M 3CTETUYECKOE YYBCTBO.

B uccnepoBaHuu, nposeaéHHom B 2016 rogy, Adams WP, Mckee
D npoaHanusmposanu 5253 ctaTby, Tak MU MHAYe CBA3AHHbIX C NOA-
60pOM MMNNAHTATOB MOMOYHbIX ené3. OueHKa KayecTBa cUCTEM
nogbopa MMNNAHTaTOB NPOM3BOAMIACH C MOMOLLBIO MHCTPYMEHTA
«MeToA0NM0rMYECKM UHAEKC HepaHAOMU3MPOBAHHBIX UCCea0Ba-
Huit» (Methodological Index for Non-Randomized Studies). B pesynb-
TaTe OblM BblAeneHbl 33 CTaTby, COAEPNKALLME PA3/IUYHBIE CXEMBI
nofbopa rpyaHbiX MMMAaHTaToB A nepsuyHoii AM [2]. Mpouecc
BbI6Opa MMNNaHTaTa B faHHbIX UCCNEL0BAHUAX YUUTbIBAET COYETAHUA
Pa3/IMYHbIX NaPaMeTPOB NALMEHTKM, BK/IHOYAA M3MEPEHUA MONOYHbIX
Kenés, pocT, Maccy Tena, LWMPUHY FPyAHOM KNETKU, WNpKHY 6éaep u
Apyrvue napametpbl [2-4]. Tem He meHee, B CTaTbAX ABHO He chopmy-
JIMPOBAHO, Kak MPUMEHATb 3TN NEPEMEeHHbIe A1 BbIbopa MMNNaHTa-
Ta onpeaenénHoro pasmepa. Adams WP, Mckee D nog4épkusator, 4to
CYLLECTBYIOT Pa3HOINAcKA OTHOCUTENbHO Haubonee 3ddeKTUBHOrO
MeTofa Bblbopa MOAXOAALLEro pasMepa WMMMAaHTaTa, Jlyylle Bce-
roO COOTBETCTBYIOLLErO rpyau NaumeHTku [2]. He 6bino npesnoxeHo
YETKOro aNropuTMa, KoTopblit Mor 6bl BbiTb BOCNPOM3BEAEH KaXKAbIM
XMPYProM Ha OCHOBE MEePeMEHHbIX, UCMOb3yeMbIX B CUCTEMAX, YTO
[enaeT vx peanusaumio bonee CNOKHOM.

Mbl npegnaraem onTMMKU3MPOBATL NpoLiecc nogdopa rpyAHbIX
MMNIAHTaTOB C MOMOLLbtO TexHonornn UN. UM — aTo 0bnactb Hayku
U TEXHONOTUM, 3aHUMAIOLLAACA CO3LAHMEM U PA3BUTMEM KOMMbIO-
TEPHbIX CUCTEM, KOTOpble CMOCOBHbI BbINOAHATL 334auu, 0ObIYHO
TpebyloLme YeN0BEYECKOTO MHTENNEeKTa. 3TO BKOYAET B ceba (HO
He orpaHuuMBaeTcs) Takne QyHKLMM, Kak BoCnpuaThe (B TOM uucne
pacrnosHaBaH1e 06pa3oB W 3ByKa), NOHMMAHUE ECTECTBEHHOTO fA3bl-
Ka, obyyeHue u npuHATUE pelennit. OnpegeneHne MW poctatoyHo
LUIMPOKOE U NoAPa3yMEBAET MHOXKECTBO NMOAXOA0B M TEXHONOTUIA [5].
MalunHHoe obyyeHne — 3To ofHa W3 KaroueBbix obnacteit U, koto-
pas NO3BO/IAET KOMMNbIOTEPAM KYYUTLCAN U aAANTUPOBATHCA K HOBbIM
ZlaHHbIM 6e3 ABHOro MporpaMmupoBaHusA. B mpouecce mallMHHOTO
00y4eHMa anropuTMbl aHAIM3MPYIOT M 06pabaTbiBatoT 60NbLIOW 06b-
&M [ aHHbIX, BbIABNAA B HUX ONpeAen&HHbIe 3aKOHOMEPHOCTH v 06pas-
Lbl. Ha OoCHOBaHUM 3TWX 3aKOHOMEPHOCTelM M 06Pa3LOB aAropPUTMbI
MaLUMHHOro 0byyYeHns MOTyT Aenatb NpescKasaHua MU NPUHUMATb
pewenus [6]. Ha npaKkTMKe TEPMUHbI KUCKYCCTBEHHbIN UHTENNEKT» U
«MaLUMHHOE 0BYYeHME» NPUMEHSAIOT KaK B3aUMO3aMeHsemble, Noaa-
Bnsatollee 6ONbLWMHCTBO COBPEMEHHbIX WMHTENNEKTyabHbIX CUMCTEM
OCHOBAHbI Ha MaLWMHHOM 0By4eHum [7].

B meauupHe Haubonee LIMPOKO U3yyeHO mpumeHeHve WU B
Ny4yeBoit AnarHoctmke. 3a 2016-2017 rr. 66110 ony6AMKOBAHO OKO/O
750 cTaTei, onucblBatoWwmx npumeHeHne A B meguumHcKol Bu3ya-
nv3aumn. bbinv paspaboTaHbl MOAENM MALLMHHOTO 0bYYeHUs, KOTo-
pble aHaNU3MPYT MaMMorpaduo € TaKoM e TOUHOCTbIO, KaK Y Bpa-
yeln-peHTreHonoros. B HacToAwlee Bpema UMW ycnelwHo npymeHseTca
B AMArHOCTUKE 3/10Ka4YeCTBEHHbIX HOBOOOPA30BaHUIA KOXKM, B ONpeae-
JIeHUM MeTacTa30B paka MOIOYHOM Xene3bl B G1onTaTax CTOPOKEBbIX
NMMPOY3N0B. B 3CcTETUYECKOM XMPYPrK TOXKE NPOUCXOAMUT NOCTENeH-
Hoe BHeApeHKe TexHonorui MU, Mogens MmalumHHOro oby4yeHus bbina
0byyeHa Ha 165 1300paKeHMAX KEHLUWH, KOTOpble NpeaBapUTENbHO

tension, and the patient's personal preferences [1]. It is crucial to
consider the overall harmony of the body when evaluating the
aesthetics of the breast. The harmonious balance between the
breast, waist, and hips is essential, as an imbalance in these areas
often motivates individuals to seek the expertise of a plastic sur-
geon. Hence, anthropometric parameters such as height, weight,
hip, waist, and chest circumference, measured at the nipple-are-
olar complex (NAC) and below the breast at the level of the in-
framammary fold, are crucial in selecting implants. The surgeon's
responsibility is to balance anatomical and anthropometric char-
acteristics with the patient's preferences while relying on experi-
ence and aesthetic sense.

In 2016, Adams WP and Mckee D conducted a study ana-
lyzing 5253 articles related to the selection of breast implants.
They assessed the quality of implant selection systems using the
Methodological Index for Non-Randomized Studies (MINORS), a
tool for quality assessment. In total, 33 articles were identified,
which contained various methods for selecting breast implants
for primary AM [2]. The implant selection process in these studies
considers various patient parameters, including breast measure-
ments, height, body weight, chest width, hip width, and other pa-
rameters [2-4]. However, the articles do not explicitly explain how
to use these variables to choose a specific implant size. The au-
thors emphasize the controversy surrounding the most effective
method for selecting the appropriate implant size that best fits
the patient's breast [2]. No straightforward algorithm has been
proposed that can be universally adopted by every surgeon based
on the variables used in the systems, making their implementa-
tion more complex.

We propose using Al technology to optimize the process of
selecting breast implants. Al is a field of science and technolo-
gy that involves creating computer systems capable of perform-
ing tasks that typically require human intelligence. These tasks
include perception (including image and sound recognition),
natural language understanding, learning, and decision-mak-
ing. The definition of Al is quite broad and encompasses various
approaches and technologies [5]. ML, a key area of Al, enables
computers to "learn" and adapt to new data without explicit pro-
gramming. During machine learning, algorithms analyze and pro-
cess large volumes of data, identifying patterns. Based on these
patterns, machine learning algorithms can make predictions or
decisions [6]. In practice, the terms "artificial intelligence" and
"machine learning" are often used interchangeably; the majority
of modern Al systems are based on machine learning [7].

In medicine, one of the most extensively researched ap-
plications of Al is in radiology diagnostics. From 2016 to 2017,
around 750 articles were published detailing the use of Al in
medical imaging. ML models have been created to analyze mam-
mograms with the same level of accuracy as human radiologists.
Al is successfully employed in diagnosing malignant skin tumors
and identifying breast cancer metastases in sentinel lymph node
biopsies. Al technologies are also gradually being introduced in
aesthetic surgery. For instance, a ML model was trained using 165
images of women previously evaluated by humans. The authors
reported that the model accurately classified the attractiveness
of the images. Furthermore, Al can predict a person's age based
on images of their face, identifying characteristics that contribute
to their aging, which can help determine indications for certain
anti-aging facial surgeries [8].
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6blNM OLEHEHbI II0AbMU. ABTOPbI COOBLLAIOT, YTO MOAENb YCMewWwHo
Knaccuduumposana NpuBAEKaTeNbHOCTb M306paeHwit. AHanorny-
HO, NI/ MOXKeT ycnelwHo npeacKa3biBaTh BO3PACT YE/10BEKA HAa OCHOBE
M306pasKeHMIA ero AnLa, AEHTUOULMPYS XapaKTEPUCTMKM, KOTOpble
BHOCAT BK/1aZ, B €70 CTApEHWE, YTO MOXKET NOMOUb B ONpeseneHum no-
Ka3aHWii K TeM UM MHBIM OMO/IAXKMBAIOLLMM OnepaLuam Ha auue [8].

LLENb UCCNEAOBAHMA

Y/lyyleHMe NPOrHO3MPOBaHKA Pe3y/IbTaToB onepauii AM.

MATEPUAN U METOAbI

B faHHOW paboTe Mbl paccmaTpuBaem NPUMEHEHWE TEXHOOMIA
WU gna ontumusaumm npouecca noabopa MmnaaHTaTos. Mbl Bblasu-
raem runoTesy 0 TOM, YTO METOAbl MaLUMHHOIO 06yYeHMA MOTYT MOBbI-
CUTb TOYHOCTb Npy BbibGope Hanbonee NOAXOAALLErO TMNA U pasmepa
MMMIAHTaTa, YYUTbIBAsA LUMPOKWIA CNEKTP UHAMBUAYaA/bHbBIX Napame-
TPOB MaumeHTa. s peanusaunm ueam 6bian NocTasaeHbl Ciedyto-
Lime 3a4a4n:

e Pa3paboTaTb MoZesib MalWMHHOMO 0byyeHns o nogbopa
MmnaaHTatos gna AM.

¢ OUEHMUTb TOYHOCTb Pa3paboTaHHOW MOAE/N B CPABHEHUM C
BbIBOPOM MNACTUYECKOTO XMpYpra.

° anIMeHVITb Nnosy4yeHHble AaHHble ANA ONTUMU3aUMK NPOo-
uecca no,a,6opa rPYAHbBIX UMNNAHTATOB.

OTbop Y4aCTHUKOB WCCNEeLOBaHUA MPOBOAWM/CA CPeay nauu-
EHTOK K/IMHUKM, KOTopbiM Oblna BbinosiHeHa AM B nepuog ¢ 2018
no 2023 rr. bbino 0T06pPaHO 265 NAUMEHTOK C OAHOTUMHBIM 3CTETH-
YeCKMM Hed0CTaTKOM MOJIOYHbIX Ke/Es, TO eCTb C rMnomacTuei bes
nTo3a, TyoynapHoli gedopmaLmm, BbIparkeHHOM aCUMMETPUN U ApY-
rMx fedeKToB, yA0BNETBOPEHHbIX PE3YNbTaTOM ONepaLLMmn U npoone-
PUPOBAHHbIX OAHUM NAACTUYECKUM XMPYPTOM.

MpOTOKOA MCCNefoBaHNA COOTBETCTBYET XeNbCUHKCKOM AeKna-
paumun BcemmpHoli meauumMHCKoi accoumaumm (2013 r.). Bee npoue-
Zypbl B 3TOM UCCNef0BaHUM Oblnv BbIMONHEHbI B PamKax 0B6blYHOM
KAMHNYECKON NPaKTUKM, AaHHble OblM aHOHMMM3MPOBaHbI. Bee na-
LMEeHTKM Aanu MHGopmmupoBaHHoe f06poBo/bHOE cornacue Ha obpa-
60TKY CBOMX NEPCOHANbHbIX JaHHbIX.

Kaxzow nauneHTKe B NpesonepaLMoHHOM Nepuoae BbiNONHS-
JNCb CNesytoLLMe U3MEPEHNUA MOOYHbIX KeNE3: WMPUHA OCHOBAHUA
MOJIOYHOM }Kese3bl, PaccTosHWE OT COCKa [0 CybMmaMmapHOW cKiaa-
KM B HaTAXeHUW. TaKKe BbINONHAIUCD U3MEPEHNSA aHTPOMOMETPUYE-
CKMX MAapamMeTpoB MALMEHTOK: AJIMHA OKPYKHOCTU TPYyAM Ha ypOBHE
BAK v Ha ypoBHe cybmaMmapHOi CKNAAKK, A/IMHA OKPYXKHOCTU Tasum
W AVHa OKPYXKHOCTU 6€aep. M3amepsanmch pocT 1 macca Tena nauu-
€HTOK. B xoze npenonepaLmMoHHOr0 KOHCYNLTUPOBAHUA YTOUHAAUCH
NOYKeNaHWA NaLMeHTOK No nosoAy byayLuero pasmepa MOMOYHbIX XKe-
Né3 no yawke 6toctranstepa (B, C man D) n Gopmbl MONOUHbIX KeNE3
(HanonHeHHOCTL BepxHero noatoca — «nyw-an 3adpdekT» uam bonee
ectecTBeHHas ¢opma). Takoro anroputma obbIMHO NPUAEPKMUBAETCA
NAACTUYECKMI XMPYpPT NpY NaaHMposaHum AM. Ha ocHoBaHMM nony-
YEHHbIX JaHHbIX Bpay NogdMpaeT UMNAAHTAT, UMEIOLLMIA Cesytouime
OCHOBHbIE MapameTpbl: popma (aHaTOMMUYECKAn UK Kpyrias), LUMpu-
Ha OCHOBaHMA, AAMHA apKW, NPOdUAb (HU3KWMI, CPEAHWIA, BbICOKMIA
WM 3KCTPABbICOKUIA).

Takum 06pa3om, nocae NepBUYHON KOHCYIbTaLMM XMPYpPr UMe-
€T Habop YNCIEHHbIX NAPAMETPOB M NOXKeNAHUA NaLMEHTa (MCXOAHble
NPW3HaKK), Ha OCHOBAHMM KOTOPbIX OCYLLECTBAAETCA BbI6OP HOPMBbI,
0b6bEéma M npodunsa MMnNAaHTaTa (Lenesble NpusHaku). B uccneaye-
MOV BbIOOPKE LiesieBble NPU3HAKKM Oblan onpeaeneHbl BPaYom C yyé-
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PURPOSE OF THE STUDY

Improving the accuracy of predicting the results of AM sur-
geries.

METHODS

the study explored Al technology to improve the process of
selecting breast implants. We believe ML methods can enhance
the accuracy of selecting the most suitable implant type and size
by considering the patient's parameters. To achieve this, we have
set the following objectives:

e  Develop a ML model for selecting implants for AM.

e  Evaluate the developed model's accuracy compared to

the selection made by a plastic surgeon.

e  Utilize the gathered data to enhance the breast implant

selection process.

The study participants were selected from among female
patients who underwent AM at the “AvisMed” Clinic, Novosibirsk,
Russia, between 2018 and 2023. A total of 265 patients with the
same breast anomalies, such as hypomastia without ptosis, tubu-
lar deformity, severe asymmetry, and other defects, were select-
ed. The outcome of the surgery met their expectations, and they
underwent the procedure with the same plastic surgeon.

The study was conducted following the World Medical As-
sociation Declaration of Helsinki (2013), with all procedures per-
formed as part of routine clinical practice with anonymized data.
Furthermore, all participants provided voluntary consent for pro-
cessing their personal data. Before the surgery, the participant's
breast measurements were taken, including the width of the
breast base and the distance from the nipple to the inframamma-
ry fold under tension.

Additionally, anthropometric measurements such as chest
circumference, waist circumference, hip circumference, height,
and body weight were recorded. During the preoperative con-
sultation, the patient's preferences for the future size of their
breasts based on bra cup size (B, C, or D) and the desired shape
of their breasts (using implants that provide fullness in the upper
portion with a striking, "push-up" effect or a more natural look)
discussed. These preferences were considered in preoperative
AM planning. Based on the gathered data, an implant with spe-
cific characteristics is selected, including shape (anatomical or
round), base width, arc length, and profile (low, moderate, high,
or ultra-high).

Subsequently, the surgeon uses the collected numerical vari-
ables, such as anthropometric measurements and the patient's
preferences, as input data to determine the appropriate shape,
volume, and implant profile as output data. The doctor defined
the target implant anatomy features in the study sample based
on personal experience. Patient satisfaction was subjectively as-
sessed through surveys, evaluating their satisfaction with the AM
results and willingness to repeat it. Given that all 265 patients in
the sample expressed satisfaction, the relevant target features
were automatically selected for ML.

ML involves using datasets, typically represented in the
form of spreadsheets, to train a ML algorithm. During this pro-
cess, computer resources such as the processor carry out com-
plex calculations while the RAM stores and manages the data
being processed. The outcome of machine learning is creating a
model, which is essentially an algorithm capable of receiving in-
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TOM /IMYHOTO OMbITa. YAOBNETBOPEHHOCTb MALMEHTOB OLEHMBANACh
Cy6BeKTMBHO NYTEM NPAMOrO OMpoca NaUMEeHTKU, AOBO/bHA /M OHa
pe3ynsbTaTamu onepauuu 1 rotoa M OHa MOBTOPUTL e€. YunTbiBas
baKT yaoBNETBOPEHHOCTU BCeX 265 MaUMEHTOK BbIGOPKM, YCTaHOB-
NeHHble LeneBble NPU3HaKKM Bblan B3ATbI 3@ 3TANIOH A1 MALIMHHOIO
obyyeHus.

MalunHHoe 0byyeHue — 3To NPOLLECC, B XOA4e KOTOPOro UCMO/b-
3ytoTcA Habopbl AaHHbIX (MPesCcTaBieHHbIE B BUAE 3/EKTPOHHbIX Ta-
611L), BbINONHAGTCA HEKOTOPAA Nporpamma (anroputm mallMHHOMO
0by4eHus) U UCNoNb3YIOTCA pecypcbl KOMMboTepa (MpoLeccop Bbl-
MOJTHAET BbIYUCNEHMSA, ONEPATUBHAA NaMATb XPAHUT AaHHbIe). Pe3ynb-
TaTOM MaLUMHHOIO 06YYeHWA ABNAETCA MOAE/b — aNTOPUTM, KOTOPbIN
no/y4yaeT AaHHble U BblAAET OTBET, ONMUPAACh Ha TO, YeMy OH «Hay-
yunea» [7].

MOCKONbKY BXOAHbIE 1 BbIXOLHbIE MAapaMeTPbl MOTYT BbITb Npes-
CTaB/eHbl KaK Tabauupbl, Mbl MCMONb30BaNU TabAUYHOE MaLUMHHOE
obyyeHune. s obyyeHus Tpebyetca obyyatolan BbIOGOPKA AaHHbIX:
Habop NMPMMEpPOB C 3TaZIOHHBIMK OTBeTamMu. Beca moaenn Hactpaw-
BalOTCA TaKMM 06pa3om, YTobbl A41a 06yYatoWmMX NPUMEPOB MOAENb
BbllaBana OTBETbI, Kak MOXHO 6onee 6au3kme K BepHbIM. [anee Ka-
4ecTBO MOAE/IN NPOBEPAETCA Ha TECTOBOW BbIOGOPKE AaHHbIX, KOTOPbIE
He 1CnoNb30BaNUCh NPU 06YYeHUN. B KauecTBe MCXOAHbIX MPU3HAKOB
Mbl UCMO/b30BaAM AaHTPONOMETPUYECKME aHHbIe U MOXKeNaHuA na-
LIMEHTOK. B KayecTBe LieneBbiX MPU3HAKOB Mbl B3AIM 06BEM UMMIAH-
TaTa B cm® 1 npodunb (low, middle, high, extra high).

Metopa Bbi6Opa anroputma

MOCKONbKY [aHHblE UMEIOT OrpaHUYeHHbIN 06bEM, CTaHaapT-
HbIM CpesCcTBOM Bblbopa anroputma asnsetca K-Fold kpocc-Bannaa-
ums [9]. Mpu 3TOM Mbl Cy4aiiHO e IMM BCe UMetoLLMecs AaHHble Ha K
NPUMEpPHO paBHbIx YacTeii (pongos), u 0bydaem mogens K pas: Ha i-m
Lware Mmbl 0by4aem Mozenb Ha Bcex Gponaax KPOME i-ro U TecTupyem Ha
i-m pongze. B pesynbrate Mbl nosydaem K 3HaUeHMM METPUKM KayecTsa
1 yCpeaHsem BCe 3HayYeHuA. [1oly4eHHOE YUCO U ABIAETCA OLLEHKOW
Kayectsa anroputma. [lanee BbIbpaHHbIN aAroputm mbl 0by4aem Ha
BCEX AaHHbIX, Noay4yas GUHaNbHYIO MOAENb, KoTopas byaeT npume-
HATBCA N0 HA3HAYEHWIO.

Kpocc-Bannaauma MoxeT AaTb HEBEPHbIN pe3ynbTaT B pase ciy-
yaes: 1) Korga faHHble Npy 0ByYeHUM U NPYU MPUMEHEHUU MO Ha3Ha-
YEHMIO CTATUCTUYECKM pa3nnyatoTes, 2) Korga obydatoLume npumepsl
HeNb3A CYUTATb HE3ABUCUMOW M OAMHAKOBO pacrpeaenéHHoi Bblbop-
Koit [10]. Mbl npesnonaraem, Y4To Halu AaHHble HE NOANAAAIOT NOA,
OMnMCaHHbIE ClyYau, NOITOMY Mbl MOXKEM MPUMEHATb KPOCC-BaNWAa-
umto. Mbl BbIBpanu 5-KpaTHyto Kpocc-Baamaaumio ¢ 5 dongamm.

MeTpuKa KavecTBa

[insa 06bEma MMnNaHTaTa Mbl Bbibpann meTpuky MAE (cpeaHas
abcontoTHasA oWMbKa) Kak Hambonee nerko nHTepnpeTupyemyto. Ecam
Mbl Umeem N TeCTOBbIX NPUMEPOB M 0603HAUYMM 3a Yi 3TaNIOHHbIN OT-
BET 4/1A i-ro npumepa 1 3a yAi npeackasaHue a4 i-ro npumepa, 1o
meTpuka MAE ans Bcero TectoBoro Habopa AaHHbIX PaccuMTbIBAETCA
cnepyrowmm obpasom:

MAE(y,y")=3i=IN]yi-y"i| (1)
[Jna npoduna mbl BbIBPaAM METPMKY accuracy:
Accuracy(y,y?)=5i=1N(yi=y?i)

CpaBHMBaemble aNropuUTMbl

Mbl cpaBHMBanM psag, anroputmoB u3 scikit-learn [11] (metog
HavMeHbLNX KBaapaTos, Ridge-perpeccuto, Lasso-perpeccuto, SVR,
Random Forest, Gradient Boosting) n 6ubnvoteky CatBoost [12].

put data and generating an output based on identifying learned
patterns in data [7].

Since the input and output parameters can be represented
as tables, we used tabular data as an input format for the ma-
chine learning model. The model was trained using a set of ex-
amples with correct answers. The model weights are adjusted
to reduce the discrepancy between the correct answers and the
model estimate, and model accuracy was evaluated using a sep-
arate test sample of data that was not used during the training
process. In the study, the participants' body measurements and
their preferences were used as input data. The output data for
the ML model included the volume of the implant in cubic centi-
meters and the profile (low, moderate, high, ultra-high).

Algorithm selection

The K-fold cross-validation procedure is a standard meth-
od for evaluating and comparing the learning algorithms perfor-
mance of a machine-learning algorithm on a limited data sam-
ple [9]. In the K-fold cross-validation, the dataset is randomly
partitioned into K subsets of equal size. Each partition is called a
"fold," so when there are K parts, they are called K-folds. One fold
is used as a validation set, while the remaining K-1 folds are used
as the training set. This process is repeated K times, with each
fold used as a validation set and the others as the training set.
The final accuracy of the model is computed by taking the mean
accuracy of the K-model validation data.

It is important to note that cross-validation may yield inac-
curate results in specific scenarios, for instance, when the data
used for training differs significantly from the data used for the
actual application or when the training examples are not rep-
resentative of the overall sample [10]. However, given that our
data does not align with these scenarios, we have used 5-fold
cross-validation for our analysis.

Evaluation metrics

We opted for the mean absolute error (MAE) metric when
assessing implant volume as it is conceptually simple and easy to
interpret. MAE metric for the entire test dataset is calculated as
follows:

MAE(y,y*)=3i=1N|yi-y*i| (1)

where:

N is the total number of examples

yi represents the actual answer for the i-th example

yMi represents the model-predicted answer for the i-th ex-
ample

For the implant profile, we chose the accuracy metric:

Accuracy(y,y*)=3i=1N(yi=y"i)

ML algorithms

The study compared different algorithms in the Scikit-learn
ML library [11]. The algorithms included ordinary least squares,
Ridge regression, Lasso regression, support vector regression
(SVR), Random Forest, Gradient Boosting, and the CatBoost li-
brary [12].

Model selection for the implant volume prediction

After comparing different models to predict implant vol-
ume, we found that to minimize MAE during 5-fold cross-valida-
tion, only three of the nine features should be retained: breast
width, body weight, and wishes. Among the linear models tested,
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Mop6op moaenun Ha 3apaue npepcKasaHua o6béma

Mo pe3ynbTaTam CpaBHEHUA MOAENEN A1 NPeACKa3aHNsa 06bE-
Ma Mbl 0BHaPYKUAW, YTO ANF MUHMMMU3ALMM OLNBKKM MAE Ha 5-KpaT-
Hoi 5-fold Kpocc-BanmaaLMm MOXKHO OCTaBUTb TONIBKO TPU NPU3HaKa
M3 [EBATW: WMPUHA OCHOBAHMA MOJOYHOM Kenesbl (breast width),
macca Tena (weight), noskenanus (wishes). Mpu 3ToM HamaydLweEro Ka-
YecTBa AOCTUraeT InHenHan perpeccus: 29,2 MAE, apyrue MHelHble
MOAeM (MeTos HaumeHbLNX KBAaApaToB, Lasso-perpeccus v AMHen-
HbIi SVM) LOCTUratOT NPaKTUYECKM TaKOM Ke METPUKM KauecTsa. PaH-
JKMPOBaHME KayecTBa B Npeaenax IMHENHbIX MOAENEN HECYLLECTBEH-
Ho (He 6onee 0,5 MAE cpeay Ton-10 moaeneit). Bce 6onee cnoxHble
aNTOPUTMbI CPEeSM NMPOTECTUPOBAHHbIX AAK0T 60/1ee HU3KOEe KAauecTso,
Hanpumep, Haunydwas mogens CatBoost paer 29,8 MAE.

[nA nuHenHbIX moaeneit Mbl UCMONb30BAAWM HOPMANMU3ALLMIO
BXOZHbIX NPKU3HAKOB ¢ MomoLbto StandardScaler. Bce npusHaku aens-
FOTCA KOZIMYECTBEHHBIMM, M TOIbKO NPMU3HAK wWishes aBaseTcs nopsa-
KOBbIM €O 3HaueHuamm B, C, D. MNepes, HopManmsaumen Mbl KOAUPO-
Ba/IM WX B YMcna cneayrowmm obpasom: B=0, C=1, D=2. StandardScaler
BbIOMPAET ANA KaXKAOrO i-ro Npu3HaKka KoapduLmeHTbl U_i U s_i, a in-
HelHaa MOAENb UMEET A8 KaXAoro i-ro npusHaka obyyaemblii Bec
W_i v 06wuii koadduumeHT C. ObLuee KOMYECTBO NPU3HAKOB Noc/e
oTbopa 0603Haumm 3a K.

06was popmyna, obbeamHatowan StandardScaler n AMHelHy0O
MOZAE/b, BbIMALMUT CeAyoLyM 06pasom:

K
. X.— U,
y= c+X 0,
i—1 S.
;
[aHHasa popmyna ToxKe ABNAETCA IMHENHOW, NOITOMY €€ MOXKHO
nepenuncaTb B cneaytolem suae:

K
y=C* +2 wrx
-1
roe
K
jaCHE O o
i-1 s S.

i

Mbl Moru 6bl NPOAONKMTL Nepebop anropuTMOB U KX rUnep-
MapameTpoB, B TOM YMC/E C NMOMOLLBIO aAropuTMoB nogbopa runep-
napameTpoB, Takmx Kak Optuna [13], a TaK*Ke 1CNoAb30BaTb aHCaM-
611poBaHue. OfHAKO Mbl PeLIUIn OTKA3aTbCA OT 3TOT0, NOTOMY YTO
BCE MPOTECTUPOBAHHbIE a/ITOPUTMbI, KDOME CaMbIX HEYAAUHbIX, JaAtOT
NPUMEPHO OAVMHAKOBOE KayecTBO, C/eA0BaTe/lbHO NpeACTaBaAeTca
Ma/I0BEPOATHbIM, YTO HaWAETCA aNropuTM WAM aHCcambib C cylle-
CTBEHHO 60/1e€ BbICOKMM KaueCTBOM.

HesHaunTenbHble e BapuaLyu KayecTBa MpescKasaHva (me-
Hee 1 cm® ycpeaHEHHOM oWwMBKK Npu onpeaeneHnn obbéma) Hecy-
LLLECTBEHHbI MO PAAY NPUYMH:

1. HecyulectBeHHbI ¢ BpauebHOM TOUKM 3pEHUSA, B CPABHEHUN
C MOrpeLIHOCTbI0 onpeseneHns obbEma MMniaHTaTa Bpa-
4OM B TECTOBbIX Bbl6OPKaX.

2. lexaT B npegenax norpewHocTM ¢ y4éTom HebonbLworo
pa3mepa faTaceTa.

3. [pu npymeHeHnn MoAeNN NO Ha3HAYEeHWIO BEPOATHO BO3-
HWKHOBEHMWE TaK Ha3blBaemoro CAsura B pacnpegeneHunm
[aHHbIX [13], Npu KOTOpPOM M3MEHEHUA B pacnpeseneHnm
napameTpoB NALMEHTOB MOTYT NOB/IeYb U3MEHEHUA B PaH-
KMPOBaHWUM MoAeneit No KauecTsy, YTo CO3aET JONONHU-
Te/bHbIN UCTOYHUK HEOMNpPeenEHHOCTU.
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linear regression provided the best quality with a MAE of 29.2.
The other linear models, including the least squares method, Las-
so regression, and linear SVM, achieved similar quality metrics.
The quality ranking within the linear models was insignificant,
with the top 10 models differing by no more than 0.5 MAE. Af-
ter evaluating various algorithms, it was observed that the more
complex models generally exhibited lower quality. Specifically,
the CatBoost model was considered the best among those tested,
yielding a mean absolute error (MAE) of 29.8.

When working with linear models, we utilized feature nor-
malization with the StandardScaler. The dataset comprised en-
tirely of quantitative features (variables) except for the "wishes"
feature, which consisted of ordinal qualitative features (variables)
with the values B, C, and D. Before normalization, we encoded
these values as follows: B=0, C=1, D=2. In the process, the Stan-
dardScaler selected coefficients (u_i and s_i) for each feature,
whereas the linear model utilized training weight (w_i) and a to-
tal coefficient (C) for each feature. We represented the number of
features kept after the selection process as K.

The formula that merges the StandardScaler and the linear
model can be expressed as follows:

K
7 =C+2 o, T
i-1 S.

i

The formula is also linear, which means it can be expressed
as follows:

K
y=C* +2 wrx
i-1
where:
K
)7=C+2 o, wi*=wiui
i-1 S, S

We considered trying various algorithms and their hyperpa-
rameters and using tools like Optuna [13] and ensemble meth-
ods. However, we ultimately chose not to do this because most
of the algorithms we tested performed similarly in quality. There-
fore, it is unlikely that we would find a significantly better algo-
rithm or ensemble. Slight differences in prediction quality, such
as less than 1 cm? average error in determining implant volume,
may not be very significant for several reasons:

1. It is insignificant in clinical significance compared to a
medical error in determining the volume of test sam-
ples.

2. The differences are within the reference accuracy, con-
sidering the limited dataset size.

3. When using a model for its intended purpose, chang-
es in patient parameter distribution may cause shifts in
model quality rankings, creating additional uncertainty
[13].

It is advisable to select the simplest and most easily inter-
preted model, such as a linear model, given the similar quality of
the algorithms.

Dependence of quality on the amount of training data
There is no established method for evaluating the relation-
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Kpome Toro, npu NpubaM3nNTeIbHO PaBHOM KayYeCTBe JlyuLLe Bbi-
61paTb HaMbonee NPOCTYIO U IETKO MHTEPNPETUPYEMYIO MOLENb, U B
HaLlem c/yyae — 3T0 IMHeNHan MoAeNb.

3aBMCMMOCTb KayecTBa OT KonuvectBa obyuyatowmx

AaHHbIX

Ha npakTuke HeT ycTossLieroca cnocoba oLeHKM 3aBUCMMOCTU
KayecTBa OT KO/MYECTBA JaHHbIX 418 Masblx BbIOOPOK. Mbl pelumnm
MCMONb30BaTb CAeayloWMiAi MeToa: mea B Cymme 265 npumepos,
ana kaxgoro N ot 3 1o 262 mbl 6epem N npumepos B Kauectse 06-
yyalLWwumx, a octanbHble 265-N npumepoB B Kayectse TecToBbiX. Mbl
0by4yaem NMHeVHYI0 MOAEe/b, UCMOAb3YHOLLY0 BCe 9 MPKU3HAKOB, Ha
obyyaoLmx npumepax 1 nogcumntoiBaem metpuky MAE Ha TecToBbIX
npvmepax. MonyyeHHyo METPUKY Mbl OTMEYaeM TOYKOM Ha rpaduke:
3HauyeHue N oTK/aablBaem Mo ropuM3oHTaIbHOM ocy, a 3HaveHne MAE
1o BEPTUKaNbHOW ocu. MonHbii npoxog N oT 3 40 262 Mbl NOBTOPAEM
10 pas.

MonyyeHHbI rpadmK NokasaH Ha puc. 1.

CneBa HanpaBo yBenu4mBaeTca pasmep obydatoLeii BbIOOpKM,
HO YMEHbLUIAETCA pa3mep TeCTOBOW BbIOOPKU. Y N1€BOI rpaHuLLbl 06Y-
yatoLas BbIOOPKA OYeHb MasieHbKas, U e€ He XBaTaeT /1A KaueCTBeH-
HOro oby4eHus, NO3TOMy 3HayeHua test MAE oueHb BbICOKM. Y npa-
BOW rpaHuupbl obydatolan BbibopKa OTHOCUTENbHO 6onblas (>200
NpYMepoB), HO TecToBas BbIDOPKA OYeHb MasieHbKas, nosTomy test
MAE oueHMBaeTcA ¢ o4eHb 60NbLLION MOrPELLHOCTbIO, YTO BbI3blBaET
BEPTUKaNbHbIN Pa3bpoc 3HaueHni Ha rpaduke. B uenom no rpaduky
MOXKHO BMAETb, YTO KAYecTBO MOZENN PACTET HEe3HAUYUTENbHO C Po-
ctom N nocne 3HaveHna N=100. Ha 100 1 200 npumepax mogenb faéT
npvmMmepHo oamHakosoe test MAE. Mbl MOXKEM MPUKMHYTb KayecTBo
mozenv npu 500-1000 obyyatoLyx NpumepoB, NPO3KCTPanoIMpoBas
rpaduk Bnpaso. Cyaa no Bcemy, KayecTBO OT 3TOTO BbIPaCTeT AULLb He-
3HAYUTENbHO.

MNoabop mopenu Ha 3apauve npegckasaHua npoduna

MmMnnaHTaTta

Mpodunb MMNNaHTaTa ABAAETCA KaTeropuasbHbIM MPU3HAKOM
co 3Ha4yeHuamu low, middle, high, extra high. B gaHHom cnyyae noa-
xogAuen 6bina bbl Mogenb KnaccuduKkaumm ¢ 4 Knaccamum, ofHako
TaKas Mo4eNb MMeeT B 4 pa3a 60/1bLUe NPU3HAKOB, YTO MOBbLILIAET CTe-
neHb nepeobyyeHus. MOCKObKY Knacchbl ynopsaoUeHbl, Mbl pewmam
MCMNO/b30BaTb MOAENb PErPeccum, KoAMPYA Kacchl Yncnamm: low=0,
middle=1, high=2, extra high=3. Kpome Toro, Takyto moaenb npoiye
NpeacTaBuTb B BUAE GOPMy/bl, YemM MOAeNb Knaccudwmkaumm, no-
CKOJIbKY OHa MMeeT MeHblue KoadduumeHTos. [na paciéra METPUKM
accuracy Mbl OKpyrisem npeAackasaHue 4o uesoro yucaa ot 0 4o 3 v,
ncxoas U3 uucna, onpegensem knacc (low, middle, high, extra high).
OpHAKo Mbl TaKKe MOXKeM MCnosb3oBaTtb MeTpuky MAE (To ecTb mo-
[yNb Pa3HOCTM MeXAy NPeACKasaHHbIM YUCIOM M YUCIOBbIM KOLOM
Knacca).

OpgHako no oberMm MeTPpUKam Ham He y4anoCb MpPeBbICUTb
TOYHOCTb KOHCTAHTHOrO MpefcKasaHus, TO eCTb TOYHOCTb MOZENN,
KoTopas npeAckasbiBaeT Bcerga npodunb middle, HesaBucumo ot
MCNOb3yeMblX NMPU3HAKOB. Takaa MOAeNb AOCTUraeT TOYHOCTU 64%,
MOCKO/IbKY B Halliei BblbopKe 418 64% NauMeHTOK Bpayom BblbpaH
npodunb middle.

/13 3TOr0 MOMHO 3aK/NH0UMTb, YTO A1 aBTOMATUYECKOro npea-
CKasaHua npoduns, BepoATHO, TpebytoTca Apyrve AaHHble, MOMUMO
MMEOLLIMXCA Y HAC B TaBNMYHOM BUAE.

OnucaHue U UHTEpNpeTaLUa Moaenu
Ha HawwWx AaHHbIX Hanbo/bluee KayecTBO fJasna MOAENb /in-
HeiHoOM perpeccuu. JIMHeHan MOLe/b NETKO MHTEPNPETUPYEMa, No-

ship between data quality and quantity for limited sample sizes.
Our method involves using 265 examples and carrying out the
following steps: for each N value from 3 to 262, we use N exam-
ples for training and the remaining 265-N examples for testing.
We train a linear model with nine features using the training ex-
amples and then calculate the MAE metric on the test examples.
Subsequently, we plot the N value on the horizontal axis and the
MAE value on the vertical axis to generate a scatterplot. This pro-
cedure is repeated ten times for each N value from 3 to 262, and
the resulting scatterplot is displayed (Fig. 1).

The scatterplot demonstrates that as the size of the training
set increases from left to right, the size of the test set decreas-
es. When the training sample is limited (on the left side), it is not
sufficient for high-quality training, resulting in very high values of
MAE. On the other hand, when the training set is relatively large
(more than 200 examples) and the test set is minimal, the test
MAE is estimated with a significant error, leading to a vertical
scatter of values in the graph. The graph shows a slight increase
in model quality with an increase in N (number of examples) after
N=100. For 100 and 200 examples, the model yields approximate-
ly the same test MAE. By extrapolating the graph to the right, we
can estimate that the quality of the model with 500-1000 training
examples will only increase slightly.

Model selection for implant profile prediction

The implant profile is a categorical feature with four val-
ues: low, moderate, high, or ultra-high. Initially, using a classi-
fication model with four classes seemed appropriate, but this
would have led to overfitting. Since the classes are ordered,
we used a regression model instead, representing the classes
with numbers: low=0, moderate=1, high=2, ultra-high=3. This
model is more straightforward to express as a formula and has
fewer coefficients than a classification model. To calculate ac-
curacy, we round the prediction to an integer from 0 to 3 and
determine the class (low, moderate, high, ultra-high) based on
the number. Alternatively, we can use the Mean Absolute Error
(MAE) metric.

However, for both metrics, we were unable to exceed the
accuracy of a constant model, which always predicts the moder-
ate profile and achieves an accuracy of 64%, as the doctor select-
ed the moderate profile for 64% of patients in our sample.

This suggests that automatic profile prediction requires
more data than in tabular form.

100

80 1

60 1

test MAE

204

T T T T
0 50 100 150 200 250
N train samples

Puc. 1 3a8ucumocmes Ka4yecmsa om Koauvecmaa 0by4aoujux 0aHHbIX
Fig. 1 Scatterplot showing the relationship between quality and the
amount of training data
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CKO/IbKY NpeacTaBAseT coboi YMcN0BON KOIGPULMEHT ANA KaKA0ro
NpW3HaKa 1 0fHO AONONHUTE/IbHOE ClaraeMoe.

B Hawem cnyyae Haunydyllee KayecTBO AAET MCMONb30BaHWe
TPEéx npu3HakoB: breast width, weight, wishes. 31a Mmogenb Bbipasa-
eTcA B BUAE cneaytouleit popmysnbl (ycpeaHEHHbIe KOaGOUUMEHTbI MO
5-kpatHoi 5-fold Kpocc-Banmaaumm):

Volume = 34.06 * breast width + 2.84 * weight + 26.81 * wishes
-253

Hanomuum, yto breast with mbl u3mepsem B caHTMMeETpaX,
weight B Kunorpammax, a wishes npeobpasytoTca B YACNO Cneayto-
wym obpasom: B=0, C=1, D=2.

[ NONHOTbI KaPTUHBI Mbl TaKKe 06Y4MIN MOZENM, UCTONb3Y-
towme 0, 1 nam 2 npusHaka U3 nepeymcieHHbIX Bbille, U HUXe NPUBo-
MM UX KadyecTso (tabn.)

Kak BMAHO M3 Tabn., KOHCTAHTHOE MpeACKasaHue (cTpoka 2,
06bém 325 anq Bcex naupueHToB) Aaét MAE=44,12, a ucnonb3oBaHue
JILWb OHOTO NpM3HaKa weight (cTpoka 4) no popmyne 5,7 * weight +
10 paétr MAE=33,9, 4TO He CNMLIKOM CUIbHO OT/IMYAETCA OT Hauay4-
Lwero pe3ysbTaTa (cTpoka 1).

Bce nosyyeHHble NpescKasaHva nokaxem Ha rpadwke (puc. 2).
[JonycTumoit olwnbKoii cumtaetcs 50 cm®, noaTomy oTMETUM rosTybbim
LiBETOM 06/1aCTb, FAe NpefcKasaHue U AaHHbIV BpauoM OTBET OT/IMYa-
toTcA MeHee Yem Ha 50.

[na 18,5% npumeposB mogenb owmnbaeTca cuabHee, Yyem Ha 50
cm®. Hanbosnbluee pacxoxaeHue npeackasaHuii mogenun v sbibopa
Bpaya BO3HMKANO B CAyyasaX, KOTAa Yy MaLMEHTOK C HU3KOWM Maccoi
Tena (3Ha4yeHue weight) onpeaenanock WUPOKOe OCHOBaHME MOOY-
HOW Kenesbl (3HayeHue breast width). Mbl nonaraem, yto cosnage-
HWe npefcka3aHna o6bEMa MMNAaHTaTa Mogenbio 1 Bbibopa Bpaya B
81,5% cny4aes ABNAETCA AONYCTUMbIM AN NPUMEHEHMA MOAENN Ha
NpaKTuKe.

PE3YNIbTATbl U UX OBCYXXAEHUE

JKCnepTHaA oueHKa moaenun

IKCNEepPTHbIA aHaAM3 moZenn Obin MPoBEAEH MAACTUYECKUM
Xupyprom. B xone oueHKM 6bi10 BbifBNeHO, YTo B 18,5% cnydyaes go-
nyLLEeHHble MOAENbIO OWKBKKM npesbiwanun 50 cm3. OaHako cneayet
OTMETUTb, YTO COBMaZEeHMe NPOrHO30B 06bEMA MMMIAHTaTa, CAeNaH-
HbIX MOAENbIO, C BbIBOPOM XMpypra cocTaBuno 81,5%, 4To MOKHO
CYMTaTb AOMYCTUMbIM NOKa3aTeNem 418 NPaKTUYECKOro NPUMEHEHNS
Moaenu. bbin npoBeAEH AeTanbHbI aHaU3 Cly4aeB ¢ HaMbobLWIMM
PacXoXAeHVEM MeXAy NPOrHO3aMU MOZENN U BbIGOPOM XMpypra,
M ObINO BbIABAEHO, YTO HaMbO/bLUME PACXOKAEHMA HabaoaatoTes y
MaLMEeHTOK C HM3KMM MoKasaTeseM Macchl Tena (3HadeHune weight),
rae onpesensfeTca LMPOKOe OCHOBaHME MOJIOYHON Kenesbl (3Haue-
Hue breast width). [laHHble BblBOAbI MOTYT BbiTb MCMONb30BaHbI ANA
[aNbHeNLWero yCoBePLEHCTBOBAHNA MOAENN U YNYYLLEHWA TOYHOCTU
€€ NPOrHo30s..

Mpobaembl MOAENN HA CEFOAHALLHMI AeHb 3aK/0YaOTCA B TOM,
YTO OHa UCMONb3YET TONbKO MPW3HAKKM, OMUCAHHbIE B NEPBOM pPas-
fene. BO3MOXHO, 4To, A06aBMB NPU3HAKK, Mbl MO Bbl NOBLICUTH
KauyecTBO, KaK B CMbic/ie 6AM30CTM K NpeacKasaHMaM Bpaya, Tak 1 B
CMbIC/IE YA0BNETBOPEHHOCTM NaLMeHTOK. OfHAKO yBeNWYEHME YuC-
Nla UCMO/Mb3YEMbIX MPU3HAKOB HEM3OEKHO Obl MOBMEKNO 3a coboi
YCNOXKHEHME GOPMY/Ibl, YMEHbLUAA eé NMPUMEHMMOCTb Ha NPaKTUKe.
MpobnemMoit TaKKe ABNAIOTCA 60NbLUME OWNOKM MOAENM B HEKOTOPbIX
peakux cnydasx. Henbssa gonyctutb, YTobbl NaLMeHTKa NocTpasana
13-33 OLWKNOKKM Mogenu. [oaToMy MoLEe b MOXKHO NPUMEHSATb TO/IbKO
npv cobtoAeHnn creayowmx ycnosuit: 1) 3Ha4yeHns NPU3HaKoB fe-
KaT B TUMUYHBIX AMana3oHax (OTCyTCTBME M3ObITOUHOW MacChl Tena,
CPeaHWUIA POCT, LUMPKUHA OCHOBAHMSA MOMIOYHOM Kenesbl 11,5-12,5 cm,
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Description and interpretation of the model

Our data analysis shows that the linear regression model
produced the best-quality results. This model is advantageous
because it assigns a numerical coefficient to each attribute and
an additional intercept, which makes it simple and easy to in-
terpret.

In our case, the best quality is achieved using three features:
breast width, weight, and wishes. The model is represented by
the following formula, where coefficients have been averaged
over 5-fold cross-validation:

Volume = 34.06 * breast width + 2.84 * weight + 26.81 *
wishes — 253.

It is important to note that breast width is measured in cen-
timeters, weight in kilograms, and wishes are converted into nu-
merical values, with B=0, C=1, and D=2.

To provide a comprehensive overview, we also developed
models using 0, 1, or 2 of the features above, and their respective
quality is presented in the Table below.

The Table indicates a consistent prediction (line 2, volume
325 for all patients), resulting in a MAE of 44.12. By utilizing only
one weight attribute (line 4) based on the formula 5.7 * weight +
10, we achieve a MAE of 33.9, which is not significantly different
from the best result (line 1).

We present all the received predictions on the scatterplot
(Fig. 2). An acceptable error is 50 cm?, so we will highlight the
area where the prediction and the doctor's decision differ by less
than 50 in blue.

In 18.5% of cases, the model's predictions were more than
50 cm?® inaccurate. The most significant differences between the
model's predictions and the doctor's choices were seen in cas-
es where patients with low body weight had a broad mammary
gland base. We consider the model's prediction of implant vol-
ume to agree with the doctor's selection in 81.5% of cases, which
we find acceptable for practical use.

RESULTS AND DISCUSSION

Expert evaluation of the model

A comprehensive analysis of the model found that in 18.5%
of cases, the model's errors exceeded 50 cm®. However, it is es-
sential to note that there was an 81.5% agreement between the
model's predictions for implant volume and the surgeon's choic-
es, which is considered acceptable for practical use. An in-depth
analysis of cases with significant differences between the mod-
el's predictions and the surgeon's choices revealed that the most
considerable discrepancies occurred in patients with low body
weight and a wide breast width.

Currently, the model only uses the features described in the
first section, and adding more features could potentially improve
the quality of predictions and patient satisfaction. However, in-
creasing the number of features would complicate the formula
and reduce its practical applicability. In some rare cases, the mod-
el's significant errors pose a challenge. To address these issues,
the model should only be used under specific conditions: 1) the
patient's characteristics fall within typical ranges (normal body
weight, average height, mammary gland base width of 11.5-12.5
cm, and no request for large-volume mammary glands), and 2)
the patient meets the same conditions as those in the training
set. These findings could be used to enhance the model and im-
prove the accuracy of its predictions.



Amamanos /K ¢ coasm. VIcKyccTBeHHBI MHTEAAEKT M ayTMeHTallIOHHas MaMMOIlAacTHKa

BECTHMK ABMILIEHHEBI
Tom 26 * No 3 * 2024

Tabnauya ViHmepnpemayusa modenu

Table Model interpretation

MAE Ha 5-kpatHoii 5-fold kpocc-Bannpauum
MAE on 5-fold 5- fold cross-validation

34.06 2.84 26.81
He UCMob3. He UCnosb3. He UCnosb3.
Not used Not used Not used
He UCcnosb3. He UCnosb3.
2947 Not used Not used
He UCMonb3. 5.70 He UCnosib3.
Not used ’ Not used
He MCMOoNb3. He UCnosb3.
Not used Not used >1.78
He UCMosib3.
38.53 3.52 Not used
He UCnosnb3.
48. .
8.83 Not used 33.55
He UCMonb3.
Not used 4,58 32.05

OTCYTCTBME 3anpoca Ha M3BbITOUYHbIA pa3Mep MOJIOYHbIX Kenés), 2)
NauMeHTKa yA0BETBOPAET TEM e YCNOBUAM, KOTOPbIM YA40BNETBO-
pPAAY NALMEHTKM B 0ByYatoLLei BbIBOpKe.

3AKNIOYEHUE

WccnepoBaHue, HanpaBneHHOe Ha YAyylWeHWe MporHo3unpo-
BaHMA pe3ynbTaToB onepauunii AM ¢ npumeHeHnem TexHonornii U,
OTKPbIBAET HOBbIE FOPU30HTbI B 06/1aCTW NAACTUYECKOW XMPYPruu.
Pa3paboTaHHan MoAe/b, XOTb M UMeeT HEKOTOPbIE OrpaHUYeHUs Ha
CEeroAHAWHWN AeHb, AeMOHCTPUpYeT 6oNbluylo NepcrnexkTUBy Ans
JanbHeNLero coBepLIEHCTBOBAHMA.

Mogenb Ha faHHOM 3Tane eé pPa3BUTUA He ABAsAeTCA abcontoT-
HbIM MOKa3aTenem CTaHAapTa, OHa He Y4YMTbIBAET BCeX aHaTOMMYECKMX
ocobeHHocTel KeHLMH. OfHAKO NP e€ COBEPLLEHCTBOBAHUM NYTEM
[06aBneHNsA 3HAUMMBbIX U UCKOYEHUA HE3HAYMMBbIX MPU3HAKOB, BO3-
MOXXHO YMeHbLUUTb OLWMOKY MOAENN, YTO YNPOLLAeT npoLiecc nogbop
MMMNNAHTaTa, Y4uTbiBas OO/bLIOE KONMYECTBO M BapuabenbHOCTb
npeaniaraeMbix pasHbIMK aBTOpamu Kputepues nogbopa. Heobxo-
VMO YBENNYUTb BbIOOPKY 1 A06aBUTL NALMEHTOK APYIvX XMPYPros,
TaK KaKk BblI6OP MMM/IAHTaTa B KaXKAOM C/ly4ae MOMKET Pas/inyathCa y
pasHbIX Bpayei. Ha gaHHOM 3Tame CBOEro pasBuTUS MOZENb MO
6bl CNYXKUTb NOACNOPbEM ANA HAYMHAIOLLMX XMPYProB, ABNAACH CBOE-
ro poAa «BTOPbIM MHEHUEMY.

MepcneKkTMBHLIM HanpaBAeHUEM Pa3BUTUA LaHHOW mMozenu
ABNAETCA fanbHelllee yMeHblUeHWe OWKBKM xupypra npu Bbibope
MMMAAHTaTa, @ TaKke ONTMMMU3aLMA 3CTETUYECKOro pesynbrata. 3T
MOXKET ObITb JOCTUTHYTO MYTEM AOMONHUTENbHOTO aHaNM3a aHaTo-
MMWYECKUX OCODEHHOCTel NaLUMEHTOK WM WHTerpauuu nony4YeHHoM
MHbopMaLmn B mogenb. MHoroobellatowmm aBaseTca paspaboTka
1 BHEAPEHME CUCTEMbI KOMMbBIOTEPHOTO 3PEHMA, MO3BOAAOWEN Na-
LIMEHTKaM B PeXXMMe peanbHOro BpeMeHU OLEeHWUTb NPeanonaraemMbiit
06BEM 1 pasmep UMMaHTaTa. 3TO He TONbKO AAcT NauueHTKe 60/b-
LLe KOHTPO/IA U MOHMMaHWA NpoLecca, HO M 06erynT paboTy xmpypra,
npeaocTaBaAa AONONHUTENbHbIE MHCTPYMEHTbI ANA BU3yanusaummn u
NAaHUPOBaHWA. PacluvpeHne BbIGOPKM AaHHBIX NYTEM BK/IHOYEHUA
MHGOPMALMM OT PasHbIX XMPYProB MOMKET MpPUBECTU K bonee yHU-
BEepCasbHOW W HafEKHOW Moaenu. Pasnnuma B BbIGope UMNAAHTaTOB

-253 29.24 (best)
325 44.12
-385 34.50
10 33.90
297 39.03
-330 31.32
-276 31.56
54 32.17
CONCLUSION

The study focuses on improving the prediction of breast
augmentation surgical outcomes using Al technology, which
could lead to advancements in plastic surgery. The developed
model currently has some limitations but shows excellent poten-
tial for further improvement.

The proposed model at this stage does not represent the
reference standard as it does not consider all anatomical varia-
tions in women. However, refining the model by including signif-
icant features and excluding insignificant ones may help reduce
the model's error. Additionally, the model refining could stream-
line the implant selection process, considering the comprehen-
sive selection criteria proposed by various authors. Increasing the
sample size and including patients from multiple surgeons is vital,
as the selection of implants may differ among different doctors.
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Fig. 2 Scatterplot of the surgeon-selected implant versus model-
predicted implant volume
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MEX Ay Bpayamm MoryT 6bITb YUTEHbBI U MCMIOb30BaHbI AN Aa/bHEN-
wero obyyeHunsa mogenu. PaspaboTtaHHas Mogenb U eé byaylme vH-
TerpaLum cnocobHbl yyYLIMTL He TONbKO TOYHOCTb BbiBopa MMMNaH-
TaTa, HO M YPOBEHb YA0BNETBOPEHHOCTM NALMEHTOK, 0becneunsas um
6osblue UHPOPMALMM M KOHTPONA HaZ, NPOLLECCOM MpesonepaLmoH-
HOTO NNaHMPOBAHUA.

Currently, the model could serve as a valuable resource for novice
surgeons, offering a "second opinion".

An area with great potential for the model's development
is to minimize further surgeons' errors in choosing an implant
and improve the aesthetic results by further analyzing patients'
anatomical parameters and integrating this information into the
model. Developing and implementing a computer vision sys-
tem allowing patients to assess the expected volume and size
of the implant in real time is also promising. This gives the pa-
tient more control and understanding of the process and makes
the surgeon's job easier by providing additional visualization and
planning tools. Expanding the data sample to include information
from different surgeons might lead to a more broadly applicable
and reliable model. Differences in implant selection among phy-
sicians could be incorporated into further model training. The
developed model and its future integrations can enhance the ac-
curacy of implant selection and patient satisfaction by providing
them with more information and control over the preoperative
planning process.
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