J South Med Univ, 2026, 46(1): 141-149 doi 10.12122/j.issn.1673-4254.2026.01.15 + 141 -

BETREFNFREAFZNNSESF IRBEAITNFENBSERE
RESBEFHRIBR

BB R L AE Y B R, A, e, kT
B XKFWES —ER LA, Has, & 7N 510630; 4.0 T 42 sh 4R 2 s 404 S da#H, S & bl
528000 M % —AREREF, 5 & S 510180; L K FHP 5 by TSR, & b 528231

FEE: B HIRFR AT Ao IR A BRI B ASTAG ) R (4 157 T, LAt AL ST AR A i T 75 AL e it o SR
FEE R (HIFU) JH AR AR PE . 73k WOEAEOE LTI Ia4h AR Be 5k i2 14 140 6 HIF U AT 15 WUR HUE I PR B AR 22 5
T e RlR 2 104 491) , BRI Rl R 2H 36 4], BEHUR 5 MRI-T2WIRAAR 4L A45E , M 2 HIFU YA ML A7 > TR . 15 7 Rk
RFETT i, BIBENLOCRER(RUS) (TR St i i 2P (RENN) 4 KT SR (ANIKNN) GEABHAE-3(NM) R G4 (CNN) &R
TR (NCR ) F1S2 (A BE 7 (THT) , £ ] 4 Rl s SRR | B K 548 (KNN) BEHLERAR (RF) SR AL (SVM) A 22 )2
FOHLOMLP) 33 {A4 2 28 Flr FIRMIAR A b PR I AP R , et 5 738 IR IE Ak A28 TAEARAE M 2 T AL (AUC) (HER
R QR ERARER PGS AT . SR RORFET A S MR ST RERIAE AL A A5 R - A FiR 41 & AUC Bl CNN-RF
0.772(95% E A5 X ] : 0.566~0.942) NM-SVM 47 0.797 (95% B {5 X [f1] : 0.600~0.950) Lk & CNN-KNN FI NM-MLP # 47 0.822
(95% B {7 X 8] 53514 0.635~0.964 ,0.632~0.960) . - HLAN2~ I RRIT) AUC 78 CRAE 5 30 2 14 e, Ferp L MLP AR R s A
i3 AR [ 4 [ 224, 5 354, B CNIN-RF 4 5] 28384111 0.389 \NM-SVM 4 0.836 .CNN-KNN 4 0.532 NM-MLP 4 0.372, %
W RRBE T 1L TG SR/ INER A AN S (] 52, A A 7 LIRS FTF U S s R B M e 2 > TR TR R4 S i

KRR T WUR 5 W AR BG5S P s AL 2T 5 USR5 28 Al s sEAR 412 5 RCRAT:

Enhancement of radiomics-based machine learning models for predicting efficacy of
high-intensity focused ultrasound ablation of uterine fibroids using undersampling
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Abstract: Objective To improve the accuracy of machine learning models for preoperative prediction of high-intensity focused
ultrasound (HIFU) ablation efficacy for uterine fibroids by correcting class imbalance in small sample datasets using
undersampling methods. Methods Clinical and imaging data were collected from 140 patients with uterine fibroids
undergoing HIFU treatment at Foshan Women and Children Hospital, including 104 with high ablation rates and 36 with low
ablation rates. Radiomic features were extracted from MRI T2-weighted images (T2WI) of the patients, and machine learning
models were constructed to predict HIFU treatment outcomes. Four machine learning algorithms, including k-Nearest
Neighbors (KNN), Random Forest (RF), Support Vector Machine (SVM), and Multilayer Perceptron (MLP), were coupled with
7 undersampling methods, namely Random Undersampling (RUS), Repeated Edited Nearest Neighbors (RENN), All k-
Nearest Neighbors (AIIKNN), Neighborhood Cleaning Rule-3 (NM), Condensed Nearest Neighbor (CNN), Neighborhood
Cleaning Rule (NCR), and Instance Hardness Threshold (IHT), for handling class imbalance in the datasets. The 28 prediction
models were evaluated using 5-fold cross-validation for areas under the receiver operating characteristic curve (AUC),
accuracy, recall, and specificity. Results The best combinations of undersampling methods and machine learning models CNN-
RF, NM-SVM, CNN-KNN, and NM-MLP had AUCs of 0.772 (95% CI: 0.566-0.942), 0.797 (95% CI: 0.600-0.950), 0.822 (95% ClI:
0.635-0.964), and 0.822 (95% CI: 0.632-0.960), respectively. The AUCs of the machine learning models significantly increased
after coupling with undersampling methods, with the MLP model showing the most pronounced improvement. The recall
rates of the 4 combined models also improved significantly (by 0.389 for CNN-RF, 0.836 for NM-SVM, 0.532 for CNN-KNN,
and 0.372 for NM-MLP). Conclusion The use of undersampling methods can effectively correct class imbalance in small
sample datasets to improve the accuracy of machine learning models for predicting the efficacy of HIFU ablation for uterine
fibroids.

Keywords: uterine fibroid; magnetic resonance imaging; high-intensity focused ultrasound; machine learning; prediction; class
imbalance; radiomics; undersampling
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Fig.1 Diagram of the main data processing procedures in this study. Seven undersampling methods are used in

combination with 4 types of classifiers to construct predictive models for HIFU treatment of uterine fibroids.
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Fig.2 Aschematic sketch of the region of interest (ROI).
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Fig.3 Flowchart of model establishment and evaluation in this
study. The procedures boxed using dotted lines are repeated 5
times for the 5-fold cross-validation scheme.
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Tab.1 Performances of different models associated with KNN learning

Models AUC (95% CI) Accuracy Recall Specificity
RUS-KNN 0.792(0.586-0.958) 0.679 0.728 0.664
RENN-KNN 0.736(0.519-0.925) 0.643 0.678 0.637
AIIKNN-KNN 0.708(0.465-0.909) 0.679 0.750 0.655
NM-KNN 0.769(0.558-0.939) 0.679 0.782 0.646
CNN-KNN 0.822(0.635-0.964) 0.714 0.675 0.733
NCR-KNN 0.734(0.507-0.927) 0.664 0.618 0.684
IHT-KNN 0.710(0.479-0.909) 0.664 0.728 0.646
KNN-baseline 0.784(0.571-0.955) 0.750 0.143 0.962
Bold values indicate the best among all the tested models.
&2 SRFEXHSTEERIMERE
Tab.2 Performances of different models associated with RF learning
Models AUC (95% CI) Accuracy Recall Specificity
RUS-RF 0.768(0.556-0.932) 0.636 0.696 0.617
RENN-RF 0.722(0.504-0.907) 0.543 0.793 0.465
AIIKNN-RF 0.692(0.476-0.883) 0.593 0.675 0.569
NM-RF 0.701(0.475-0.892) 0.579 0.586 0.580
CNN-RF 0.772(0.566-0.942) 0.700 0.725 0.694
NCR-RF 0.672(0.466-0.876) 0.614 0.504 0.656
IHT-RF 0.656(0.430-0.854) 0.550 0.750 0.482
RF-baseline 0.731(0.518-0.909) 0.750 0.336 0.895

Bold values indicate the best among all the tested models.
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Tab.3 Performances of different models associated with SVM learning

Models AUC (95% CI) Accuracy Recall Specificity
RUS-SVM 0.791(0.595-0.955) 0.728 0.807 0.702
RENN-SVM 0.702(0.363-0.828) 0.593 0.843 0.513
AIIKNN-SVM 0.708(0.490-0.895) 0.629 0.778 0.579
NM-SVM 0.797(0.600-0.950) 0.664 0.836 0.607
CNN-SVM 0.782(0.577-0.950) 0.757 0.700 0.780
NCR-SVM 0.714(0.495-0.902) 0.671 0.643 0.684
IHT-SVM 0.734(0.511-0.912) 0.621 0.778 0.568
SVM-baseline 0.712(0.485-0.910) 0.743 0 1
Bold values indicate the best among all the tested models.
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Tab.4 Performances of different models associated with MLP learning
Models AUC (95% CI) Accuracy Recall Specificity
RUS-MLP 0.791(0.593-0.949) 0.657 0.721 0.634
RENN-MLP 0.723(0.504-0.910) 0.607 0.818 0.541
AlIKNN-MLP 0.729(0.520-0.911) 0.664 0.807 0.616
NM-MLP 0.822(0.632-0.960) 0.729 0.786 0.713
CNN-MLP 0.782(0.570-0.954) 0.679 0.728 0.666
NCR-MLP 0.730(0.499-0.913) 0.693 0.614 0.722
IHT-MLP 0.736(0.530-0.909) 0.629 0.811 0.568
MLP-baseline 0.710(0.467-0.911) 0.736 0.414 0.847
Bold values indicate the best among all the tested models.
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Fig.4 ROC and AUC for the 5-fold cross-validation tests of the two best models: CNN-KNN (A) andNM-MLP (B).
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Fig.5 Comparison of prediction performances (AUC, accuracy, recall and specificity) among KNN, RF, SVM and MLP

models without and with under-sampling. ACC: Accuracy.

KA L FEIRRIRY T AU, AR N TIFAE CESE T
AR LRI RTE SRR T
B2 R S (5 B, X ok s i o s AR
FRIE LR R TIr4n. BET I, SR A S HOR iz
A, B LA 20 IR A A 2R A R
BLERF 2B SR A A A e A B AR B AT FH T 7
Py S E R TR Y v R P O E . AR G
FAAEAT-A 5] 8, 3= e/ VAR S B s LS )
TSR UL A TR) &, FRATTRE 7 R EE R A T
5 4R LR D BRASS G T 10 HIFU T @il
EWURERRCR . FREE R BR , 5AR IR R LR
AHEL T RORFET IR B i 242 5 T i WiERE . 7F
ARG 28 FlAE AL CNN-KNN FINM-MLP 7E AUC J7
T2 IR A, (H NM-MLP 7EAER R 55 HE A 01507 T
TIN5 IR S G i 16t FHAE ED HIFU
ISP RCRANIF RN, AT DA BT, ATTREAIR
BEBET A B, HERRH NM-MLP /R ML AL
)07 T AT MRI-T2W AR A4 T 206
SRR AR, A E U AP BT Rl RS
B

Rt THEH IR AR TR RERY R & i, HLaR2= ]
OB B2 28 R 2 S R A% O T g 7 i 4
A2 )7 S8 BB 3 M DA S 22 AR 55 i
GBI TR R DT RAR R R A 2 A R
MITRIZ IR, W BT T Ry T RO ARG 1 B S A
TTIE BT R . SR 2730 o B R rh 4R
FE T ORI R A B T2 A T
K> BRAEMFIECUESE B MRUARA 22 RN AT
I HIFU JH fila 715 U A8CR v a] itk — 2D AR s Al
IPERE" " ST HLaR I R R BR IR 5y, BOEdE )
JT e AR i e A e . o BRSO A
VER G /3BT DL IR, R /F 2 B2 F o T ARG 4

2, AT B S 2 5 O R P R AT ST ZEAE
e, B B AR D | SO AL T W 48 s ]
R RN AR LB T RALRY 4 D HLAS 7 > B
RS- 2 3 0] R AT 0.223+0.187. (HA3 B H 2,
SVM AL A [IREEFIMIE, RISk 0, 3R B I AT RE AR 0t
FEr T 2 A B SRR R I A A0 . R
TR — A, AR T IR IFIEA T 7
FRA T JCRAE T %, AVFAG O RE R 52 . Y
FE R RRAE T R T 2 F R &R W55 1P o A5t
3R TR R RS AS PRI (SRR A S AR X
e R BRI A A B AT R PR
PESS R, ST A SR IR R 1Y HIFU VR T RICR Fil
D, 223 M S IR ATY SRR A e I P I E R A 1
1y

AN AT FAGA AR P et R ) 4 T
TSR RIS . et A 4 DREE 31 < SR
fix K{H (original firstorder Maximum) ./)MNJ HL K3t
HHEREAR O (wavelet-HL _glem Correlation) /)N HH
P F A R e AH S (wavelet-HH_glem_ Correlation) |
/N HL R B A SRR A TR BE N R TIE (wavelet-
HL glrlm LongRunLowGrayLevelEmphasis). Z}if
WA R BB L T IRE X CRHER A Y2 505 I
PREE SRS AR ST, (L2 AR A AH 7 1% At S R R AT Al
T« D L B8 S5 A T R S g eI 1) 8 1 v 2 B IXC
B, 2R AT BRI EABE T S IE YT R . /N IA
48 34~ IR A A= JE R AIE 1T BB i B2 241 4k HE S
I HES R e XSS FE SRR, PRl bt 2552
el HIFU 3657 H A% 28 A3 BRaion; A& 4 ik g
SEMIRY TR o H R WA 205 i 4 R S i Sk
TERIHDT s R B AR AR B2 PR A Y —
STt AR St — DR S e ARSI I EAE
AR MR AR 2 ARG PRIV FH I — A B L



+ 148 - J South Med Univ, 2026, 46(1): 141-149

http://www.j-smu.com

ARSI SRS R | RORAE T ¥ AT A = T
DUHERE , AEXGF 4 B B g7 > AR ) s i A B S 1
PS5t TETRIRCRFE) 1, CNN X KNN FRF i fe
B2, 8 AUC 43 542 T+ T 0.038 F10.041, 1fif NM Xf
SVM Fl MLP #4554, B+ AUC $£ T+ T 0.085 F110.112,
RUS WA A AR Fr R A R CRAE . XF KNN AT
RF, HA3 2 R RCRAE 73 (RUS A CNN) #E 1 T R KR
FERIELAR, AHELZ N, 5 3EE A RUAR L, 5 PP i
(RUS.NM.CNN NCR.IHT)#£5 T SVM P e,
FIA RCRFEDT A4 438 MLP ROTEPERE . % T MLP,7
Tt R R AE T 1L W Pk EHE 24 O : NM>RUS>CNN>IHT>
NCR>AIKNN>RENN, i Jy AR i T Rl
(AR A2, 4E SVM FI MLP 75 fd FH R A 145
FGE , HIELLRMEREISR AN I RF ATKNN, J5 &7 413
LA R R IR A, Li A5 (A58t B, 8 NM-RF
DR AR AR RE . R AR, AR,
SRR ML SRR 10 JORFERAR il iRk
TR

bR T AUC Z b AR 4 IR AR PR EAG 4
Pl 48T, X T 4 B AR AR Rl ——CNN-KNN,
CNN-RF, NM-SVM F1 NM-MLP, 3 [a] & 43 51| 4% 5
0.532.0.389.0.836 f110.372, BRI F , A KoRFE
I FEUR A IR (B A R 25 4R iy XA
AIFFE I R A s LSRR 758 S0, BRI A et Tl i ot
R BB 6 T BE AR kS T HIFURYT
AT E R A BRI B S L, SR
SRR AT g S EUR PP E R AT BT, NI 46Y 71
ok —E B A ME (R I A2 3 R R T, X
FE AT AR HAIEY T /2, PR, it JCRAER A
TRESCH AN )T, A B E S SR T AR 11 1
REJT, SR B AL A BT T SR, DT e+
BRSO, 20T LUl A 24 3 ES
BN BN R B TR A vk AR AR R
[Fi] s AP A BH 2

AR PR . T 58 DFSE REAS S ARG 4R
N IR S B FA US| 1 SRR A AR ) A i
%, AT BE SFEUR SCILE 10 AUC 19 95% 15 X a] Fe i
TEIZSFINGE ,— R AR PR T AR AR A 1)
o ARSI ATE Z BH ST, 2R HIFU
TRIT RN, DA G M B0 UE RN AR SR 4 R . BB A
SCAH R RN R A R A 4 R S T AN 2 A 28 S
UERE—J T IEBIEA TR, BE N T — 2 Bt & XU, mT
RS MR A PERE . 58 = AR AUE ] T
TRBERIBLES 2 2 Tk AR A L AR & i iy
TR HAR . FRATTAE I KRR R I R TR 24 > il
DAY, R 7E B BAE A FRAIE LT, b —25 4

TR TERE . B0 AN MRI-T2WIA]
G P BE I SEAR 2 “F R SfC 7 OIS  (E A% p ]
1, AL SERARAE : WG RAF BRI 2= 28, I
MRI HAth 7 51 B 532 1 000 265 28, SO A 2 1915
B, T RE SR R A AR S PRI R R 558 Hh Ay 00 et
S RA TS HHERF 25 R X LR
AUCHUE , A i — L AT A8 I GET 220 BT LA
e AR A i S T AR , SR TG PR 1 B SR 1Y)
SERENERYGE WUE AT 4R/ )N, RVHIFUIRYY
Je W AR, Je 2 BRI 5 I At Rk — ey B , 300
AT HF e T 4 TS (R SRR 76 TS A fr S

ZE LTk AR F MRI-T2WI EMR 152
PG AR TN T2 LR HIFU T RlCR , 38 4 Tk
B AT [ AHFFEES AR DR 7 Fh R
FEJT 15 ARMHL AR SR ZE &, BV 7R/ REA LA
SEAFIZRBRE LT RORAER AR A W] 5 24 = Tt
PERE . (EA5E 002 NM KRR T 5 MLP #E R
G54 PRI 28 BT REAY JCRAE DT IR AIHLAR 27 2T AR
ARSI T R FNES . X & IS T e T
BT S0 HIFU I8 fliE Y7 7 U B R AL &
S IR, FORFERARAE R M NFEAS A it 4
R BRI T S M A R G e WA B Y
i PRI SRE A AR AP R

Declaration of interests: The authors declare no competing
interests.

Sk

[1] Giuliani E, As-Sanie S, Marsh EE. Epidemiology and management
of uterine fibroids [J]. Int J Gynaecol Obstet, 2020, 149(1): 3-9.

[2] Management of symptomatic uterine leiomyomas: ACOG practice
bulletin, number 228 [J]. Obstet Gynecol, 2021, 137(6): €100-15.

[3] Grube M, Neis F, Brucker SY, et al. Uterine fibroids - current trends
and strategies [J]. Surg Technol Int, 2019, 34: 257-63.

[4] Haviv E, Schwarzman P, Bernstein EH, et al. Subsequent pregnancy
outcomes after abdominal vs. laparoscopic myomectomy[J]. J
Matern Fetal Neonatal Med, 2022, 35(25): 8219-25.

[5] Hajian-Tilaki K. Sample size estimation in diagnostic test studies of
biomedical informatics[J]. J Biomed Inform, 2014, 48: 193-204.

[6] LiuL, Wang T, Lei B. Ultrasound-guided microwave ablation in the
management of symptomatic uterine myomas: a systematic review
and meta-analysis[J]. J Minim Invasive Gynecol, 2021, 28(12):
1982-92.

[7] Jenne JW, Preusser T, Giinther M. High-intensity focused
ultrasound: principles, therapy guidance, simulations and
applications[J]. Z Fiir Med Phys, 2012, 22(4): 311-22.

[8] Machtinger R, Inbar Y, Cohen-Eylon S, et al. MR-guided focus
ultrasound (MRgFUS) for symptomatic uterine fibroids: predictors
of treatment success [J]. Hum Reprod, 2012, 27(12): 3425-31.

[9] Mindjuk I, Trumm CG, Herzog P, et al. MRI predictors of clinical
success in MR-guided focused ultrasound (MRgFUS) treatments of



http://www.j-smu.com

J South Med Univ, 2026, 46(1): 141-149

+ 149 -

uterine fibroids: results from a single centre [J]. Eur Radiol, 2015, 25
(5):1317-28.

[10] Lambin P, Rios-Velazquez E, Leijenaar R, et al. Radiomics:
Extracting more information from medical images using advanced
feature analysis[J]. Eur J Cancer, 2012, 48(4): 441-6.

[11] Avanzo M, Wei L, Stancanello J, et al. Machine and deep learning
methods for radiomics[J]. Med Phys, 2020, 47(5): e185-202.

[12]Yip SS, Aerts HJ. Applications and limitations of radiomics[J].
Phys Med Biol, 2016, 61(13): R150-66.

[13] Hocquelet A, Denis de Senneville B, Frulio N, et al. Magnetic
resonance texture parameters are associated with ablation efficiency
in MR-guided high-intensity focussed ultrasound treatment of
uterine fibroids [J]. Int J Hyperthermia, 2017, 33(2): 142-9.

[14]Li ZC, Zhang J, Song Y, et al. Utilization of radiomics to predict
long-term outcome of magnetic resonance-guided focused
ultrasound ablation therapy in adenomyosis [J]. Eur Radiol, 2021, 31
(1):392-402.

[15] Zheng Y, Chen L, Liu M, et al. Prediction of clinical outcome for
high-intensity focused ultrasound ablation of uterine leiomyomas
using multiparametric MRI radiomics-based machine leaning model
[J]. Front Oncol, 2021, 11: 618604.

[16] Li DC, Liu CW, Hu SC. A learning method for the class imbalance
problem with medical data sets[J]. Comput Biol Med, 2010, 40(5):
509-18.

[17] Galar M, Fernandez A, Barrenechea E, et al. A review on ensembles
for the class imbalance problem: bagging-, boosting-, and hybrid-
based approaches[J]. IEEE Trans Syst, Man, Cybern C, 42(4):
463-84.

[18] Funaki K, Fukunishi H, Funaki T, et al. Magnetic resonance-guided
focused ultrasound surgery for uterine fibroids: relationship between
the therapeutic effects and signal intensity of preexisting T2-
weighted magnetic resonance images[J]. Am J Obstet Gynecol,
2007,196(2): 184.e1-6.

[19]Kim YS, Lim HK, Park MJ, et al. Screening magnetic resonance
imaging-based prediction model for assessing immediate
therapeutic response to magnetic resonance imaging-guided high-
intensity focused ultrasound ablation of uterine fibroids[J]. Invest
Radiol, 2016, 51(1): 15-24.

[20] Jiang Y, Qin S, Wang Y, et al. Intravoxel incoherent motion diffusion-
weighted MRI for predicting the efficacy of high-intensity focused
ultrasound ablation for uterine fibroids[J]. Front Oncol, 2023, 13:
1178649.

[21] Carré A, Klausner G, Edjlali M, et al. Standardization of brain MR
images across machines and protocols: bridging the gap for MRI-
based radiomics [J]. Sci Rep, 2020, 10(1): 12340.

[22] Nyul LG, Udupa JK, Zhang X. New variants of a method of MRI
scale standardization[J]. IEEE Trans Med Imaging, 19(2): 143-50.

[23] Zwanenburg A, Vallieres M, Abdalah MA, et al. The image
biomarker standardization initiative: standardized quantitative
radiomics for high-throughput image-based phenotyping[J].
Radiology, 2020, 295(2): 328-38.

[24] Kira K, Rendell LA. A practical approach to feature selection[C]//
Proceedings of the 9th International Workshop on Machine Learning

(ML 1992), Aberdeen, Scotland, UK, July 1-3, 1992.[S.1.]: Morgan

Kaufmann Publishers Inc, 1992: 249-26.

[25] Prusa J, Khoshgoftaar TM, Dittman DJ, et al. Using random
undersampling to alleviate class imbalance on tweet sentiment data
[C1//2015 IEEE International Conference on Information Reuse and
Integration. August 13-15, 2015. San Francisco, CA, USA. IEEE,
2015:197-202.

[26] Tomek I. An experiment with the edited nearest-neighbor rule[J].
IEEE Trans Syst, Man, Cybern, SMC-6(6): 448-52.

[27] Wilson DL. Asymptotic properties of nearest neighbor rules using
edited data[J]. IEEE Trans Syst, Man, Cybern, SMC-2(3): 408-21.

[28] Zhang JP, Mani I: kNN approach to unbalanced data distributions: A
case study involving information extraction. In: Proceeding of
International Conference on Machine Learning (ICML 2003),
Workshop on Learning from Imbalanced Data Sets: 2003;
Washington D.C.: ICML; 2003: 1-7.

[29] Hart P. The condensed nearest neighbor rule (Corresp.) [J]. IEEE
Trans Inform Theory, 14(3): 515-6.

[30] Laurikkala J. Improving identification of difficult small classes by
balancing class distribution[M]//Artificial Intelligence in Medicine.
Berlin, Heidelberg: Springer Berlin Heidelberg, 2001: 63-6.

[31] Smith MR, Martinez T, Giraud-Carrier C. An instance level analysis
of data complexity [J]. Mach Learn, 2014, 95(2): 225-56.

[32] Tomaszewski MR, Gillies RJ. The biological meaning of radiomic
features[J]. Radiology, 2021, 298(3): 505-16.

[33] Zhao WP, Chen JY, Chen WZ. Dynamic contrast-enhanced MRI
serves as a predictor of HIFU treatment outcome for uterine fibroids
with hyperintensity in T2-weighted images[J]. Exp Ther Med,
2016, 11(1): 328-34.

[34] Fribbens C, O'Leary B, Kilburn L, et al. Plasma ESR 1 mutations and
the treatment of estrogen receptor-positive advanced breast cancer
[J].J Clin Oncol, 2016, 34(25): 2961-8.

[35] Rogers W, Thulasi Seetha S, Reface TAG, et al. Radiomics: from
qualitative to quantitative imaging[J]. Br J Radiol, 2020, 93(1108):
20190948.

[36] Zheng Y, Chen L, Liu M, et al. Nonenhanced MRI-based radiomics
model for preoperative prediction of nonperfused volume ratio for
high-intensity focused ultrasound ablation of uterine leiomyomas
[J]. IntJ Hyperthermia, 2021, 38(1): 1349-58.

[37] Walsh R, Tardy M. A comparison of techniques for class imbalance
in deep learning classification of breast cancer[J]. Diagnostics:
Basel, 2022, 13(1): 67.

[38] Guo HX, Li YJ, Shang J, et al. Learning from class-imbalanced data:
review of methods and applications [J]. Expert Syst Appl, 2017, 73:
220-39.

[39] Kraiem MS, Sanchez-Hernandez F, Moreno-Garcia MN. Selecting
the suitable resampling strategy for imbalanced data classification
regarding dataset properties. an approach based on association
models[J]. Appl Sci, 2021, 11(18): 8546.

[40]Li M, Wu Z, Wang W, et al. Protein-protein interaction sites
prediction based on an under-sampling strategy and random forest
algorithm[J]. IEEE/ACM Trans Comput Biol Bioinform, 2022, 19
(6): 3646-54.

(% AT )



