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Abstract

Objective: To explore the application value of radiomics features based on combined T2WI and
DWI images in distinguishing serous borderline ovarian tumor (SBOT) and ovarian benign cystic
lesion (OBCL). Method: Clinical and MRI data of 98 patients (42 SBOT and 56 OBCL) confirmed by
pathology were retrospectively analyzed. Manually sketch the region of interest (ROI) using the
3D Slicer, extract features using Python, and reduce dimensionality using the Lasso algorithm. Es-
tablish a logistic regression model (LR) for classification training of the selected feature parame-
ters, use leave one out cross validation for cross validation to evaluate model performance, and
draw ROC curves to evaluate model performance. A total of 2446 radiomics features were extracted,
and 39 features were obtained after dimensionality reduction. The sensitivity, specificity, and ac-
curacy of the T2ZWI and DWI combined radiomics model for diagnostic efficacy were 90.4%, 96.4%,
and 93.8%, respectively. Its AUC value (0.98) was higher than the AUC value diagnosed by imaging
physicians (0.79). Conclusion: The imaging omics model based on combined T2WI and DWI im-
ages has important clinical value in distinguishing SBOT and OBCL.
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1. 518

YR 5527 A _E R il 8 (borderline epithelial ovarian tumor, BEOT) (5 _F Jz P BRI 1) 15%~20% [1], 3 £
FRUEAEM 2, KSR Z PR, (HEAREXE2] [3]. U9 TR R R (serous
borderline ovarian tumor, SBOT) & BEOT & WLARELRA, S BEOT £ 50%~55% [4]. HT
SBOT i ZRHEVEIGIR R I, H HIMERIRTT K0S L1, AW R B[5] [6] [7], SBOT 5 0p & R H4FE MR
7% (ovarian benign cystic lesion, OBCL){E AR = FRIA FHIE, A MR A RS m, KHEARR]TY]
fifs SBOT 2 Wixf e F AR Ty Ak 45 5 B E M5 2 ¢ E 2 [8] [9] [10]. B2 i Thndisu B A, 42
HUBO R XSG 2 R AIE, K LA e B0 , | ST AR RN EAT 237, JX B s A8 M 1 H [11] [12].
AICEIE T MRI ) T2WI AT DWI PSR FAR A 22 BOARSK 2550 SBOT, LASA Bl il PR = AR BT 2 W
SBOT il OBCL f#ER=

2. #IRE I
2.1. sk &ER
PEEX 2017 4 1 H & 2021 4 12 A I o LB E R 2 4 F AR B SLH) 42 %1 SBOT F1 56 1
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OBCL H# 1) MRI ¥kl . SBOT 41 42 ], % 14~80 %9, F 7 4E#S 35 %, “FHI4F#%(39 + 14.8)¥; OBCL
20 56 %, S 13~74 %, LIRS 44 %, FRFERA2+147)%

NAFRHE: 1) A0 F ARG R, ik Do s B8 35 2) RETTH M MRIF4 + DWI
FEl; 3) B NLEE IGR R 528, n B HERRARHE: 1) SHF5E B B9 — S HoAth o 508 (B
FESLME N F IR M) 2) MRI FAIA BB G R ER % 3) MRI BURME SR A e 8. ARt
FOEE VG L) LE R B R A R R e B A, bRl AE F R, 5. (NO): 21-045.

22. WERE

KH GE 1.5T Signa HDxt i 5 AU RESLIRFAFIAX , 187 P AR R 8 a2k P8l , Sz (82 R F A EMO
BT RENTHE, BB PE R A . B7 5 &S FIERZ)E 5.0 mm, ZHEE 1.0 mm, FOV
350 mm x 350 mm. &/ FSE 41, GFEREHA7 TIWI F41(TR 580 ms, TE 8 ms). T2WI & T2wWI #iflg 5
FIJ(TR 2700 ms, TE 65 ms) [ B4 Wi 7 3™ SO A B 4% (DWI1) 51 (TR 5000 ms, b = 1000 s/mm?)$34#. 36
BT 5 KM AR X Sk, BT K 4

2.3. EfRSEIRAFERE

¥ MRIF$ T2wWI1 AT DWI K55\ 3D Slicer #{F(4.11.20210226,

https://commonfund.nih.gov/bioinformatics) it 17 K% 43 %1 . P15 = 4k %% 0 [X 35 (region of interest, ROI) 1%
J2 53 B P A7 AT T4 DL AR 258 (1) HLAN Rl 28 m PR A B SR SR RHE I 5E . ROL i [l A4
TEA MR A, HHAR MRIFAUMESN RO A 2%, LUSATREX 73 iR 5 1R 5 H 20 5 (K 1).
b8 J= 15 F 3£ Python (version3.6) () Pyradiomics (version3.0, http:/pyradiomics.html), 43 %M T2WI 751
K DWI T R 46 G /N A8 e % LA K. Laplacian of Gaussian (Log, sigma = 2, 3, 4, 5) &% 5 %
PERUR A RRAE S 2446 A4, B35 7 KA JAR(shape). — B REAE (first order). K 3L A AR (GLCM) . K%
12 AT K M (GLRLM) . 7K FEE [X 38 K /N RE B (GLSZM) - 7K 5 AH 5% 4 [ (GLDM) - 4Fdsk 7K B 22 55 4 B
(NGTDM). WHFIEEHEIHAT Z A HARHE AL, fH LASSO FHEf R, #Hi84IEN 241 Lambda &
PGB E (107, 10), HCZ [EAH [ FIBG A 100 AN, SR 10 4728 XHGIEIEAR 1000 VAl Bh IR 1 Bk
PRI AR IE N AL 221 Lambda, T2WI1 J751).DWI 751  T2WI + DWI 35173 5l fx %4 240 Lambda = 0.045.
Lambda = 0.037. Lambda = 0.031 F£43 7 M 1223 4~ 1223 4. 2446 ANMEFAEFFESE 21 4~ 27 4~ 39 M
LIRS, (FAEBIIRHESE. T2WI + DWI FFFRZER-E B E 2(a) s, BAMRHE Z 25 Lambda
AR 1] 2(b) o, I BERFE AN 22 1 TR

Figure 1. Borderline serous tumor, with the region of interest delineated along the tumor edge
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Table 1. LASSO screening feature variables
% 1. LASSO 45 EE &

RHER Y T2WI K DWI &
— MR 'log-sigma-3-0-mm-3D_firstorder_90Percentile’ ‘original_firstorder_Kurtosis'
‘'wavelet-LHL_firstorder_10Percentile' 'log-sigma-2-0-mm-3D_firstorder_Skewness'
‘wavelet-LHH_firstorder_Skewness' 'log-sigma-3-0-mm-3D_firstorder_Skewness'
‘wavelet-HHL _firstorder_10Percentile' ‘wavelet-LHH_firstorder_Maximum'
‘wavelet-HHL _firstorder_Skewness' ‘wavelet-HLL_firstorder_Skewness'
‘wavelet-LLL_firstorder_10Percentile'
GLCM ‘original_glcm_ClusterTendency' 'log-sigma-3-0-mm-3D_glcm_MCC'

'log-sigma-3-0-mm-3D_glcm_ClusterShade'
'wavelet-LLH_glcm_JointAverage'
‘wavelet-LLH_glcm_SumAuverage'

‘wavelet-LHH_glcm_MCC'
‘wavelet-HLL_glcm_Imc2'
'‘wavelet-HLH_glcm_MCC'

'wavelet-LLL_glcm_ClusterTendency'

GLRLM ‘wavelet-LLH_glrim_LongRunHighGrayLevelEmphasis'

‘wavelet-LLH_glem_Imc2'

‘wavelet-HLH_glrlm_LongRunEmphasis'

‘wavelet-HLH_glrlm_RunVariance'

GLSZM 'log-sigma-2-0-mm-3D_glszm_SmallAreaEmphasis'
‘wavelet-LLH_glszm_SmallAreaEmphasis'
‘wavelet-LHL_glszm_ZoneEntropy'
GLDM log-sigma-5-0-mm-3D_gldm_SmallDependence

LowGrayLevelEmphasis'

‘wavelet-HLL_gldm_DependenceEntropy'

‘wavelet-HLL_gldm_DependenceVariance

‘original_glszm_SmallAreaLowGrayLevelEmphasis'

'log-sigma-4-0-mm-3D_glszm_SmallAreaLowGrayLe
velEmphasis'

'log-sigma-5-0-mm-3D_glszm_SmallAreaEmphasis'

‘wavelet-LHH_glszm_SmallAreaHighGrayLevelEmp
hasis'

‘wavelet-HLL_glszm_SizeZoneNonUniformityNorma
lized'

‘wavelet-HHL _glszm_GrayLevelNonUniformity'
‘wavelet-HHH_glszm_LowGrayL evelZoneEmphasis'

‘original_gldm_LargeDependenceHighGrayLevelEmp
hasis'

‘wavelet-LLL_gldm_LargeDependenceHighGrayLeve
IEmphasis'
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Figure 2. Feature selection diagram based on LASSO regression
2. EF LASSO EIHHIEEFEE

2.4, G ENH

NiFH SPSS 23.0 A, THEFRIHIIE £ MRAEE(X £5)FR, THETRI LIS R (%) For . AlE L
BL RS ATRHMSLREA ¢ R 50 sl aS A R R R 56 . 22 ROC #h 2k #E47 2 Wi RBe 704 -

SR 5 R e B AN TN A Y R g v () G202 7 VR AE Python B4 kAT o #3248 [l 5 (logistic
regression, LRI AT 705k, KA — 1528 I UE PR A B M B8, A FH v % (accuracy) . F1 AEL
(F1-score). U (sensitivity) . 557 (specificity) . 5217 TAFHF1iE (receiver operating characteristic, ROC)
th £k S il 26 "~ 1 A (area under curve, AUC)IENIFAlifa45. De Long % 7E Python ¥t Li47. P < 0.05
NEFAHGFE L
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3. &R
3.1. FNEIFGEFHEB AT,

T2WI G LH A5 DWI AL LL 2B . T2WI + DWI SUSEURE S 5L A8 4 A ) 45 I ITis W 45
FxF SBOT #1 OBCL (M2 Wi ALRE LB W72 2.5 2 B T 3 PR AL K s A8 R T2 W &5 SR A AEAf W F L AAL
MU . R A AUC{H, Hodb 3 RMPBEZY () ROC HiZk sl 3 Bor, TS EAG 4 SR E J& W
SR AR A AU SBOT Ml OBCL M2 mIHA —EMIZMEE. T2WI + DWI WS HI & AR A
SRR RNV PRI 4 BoR, EIRARZE 0 RER M, #%8 1ARERAZ T, BARFR AR TN
A, PAEARARR SR, HIRIEH MR LLE A S R AR R AR T R .

Table 2. Comparison of diagnostic efficiency of each model

2. BIRENSWIRERTEL

TR F11{& HUR RS AUC {f
T2WI F 7 0.785 0.740 0.714 0.839 0.871
DWI & #Y 0.867 0.847 0.857 0.875 0.914
T2WI + DWI B4 0.938 0.926 0.904 0.964 0.985
SR BRI W 2 S 0.816 0.743 0.619 0.964 0.792
ROC Curve for Models
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Figure 3. ROC curves of the three models and the diagnosis by the
radiologist
3. ZHREI R ERIFI2#TEY ROC #hZk
3.2. HREIT MRI iSEEEREISHETAE

st B, AR BT MRI 2SS R L% 3. 2 Wi RkaE R H ROC &R #E4T 0 M (18] 3). oz
THEF(AUC) N 0.792, HUKIE 0.619, H72/¥ 0.964, #EME 0.816, f# 2.
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Figure 4. Confusion matrix of classification training of the combined
T2WI + DWI two-parameter imageology model

4. T2WI + DWI WS BL & &G A F R 0 N GRRUR B ERE

Table 3. Diagnostic results cross-table of radiologists using MRI plain scans and enhanced images to distinguish SBOT and
OBCL

% 3. BEEIFET MRI E£13 + HEEAIERER] SBOT #1 OBCL RIISHiZERRE N &

MRI £ &t )

OBCL SBOT Bt
OBCL 54 2 56
I B 25 SBOT 16 26 42
Mt 70 28 98

3.3. ®&EIT MRI BE SRGEFISEIRBE KIS BT BELL

81T Delong ti%, AR LT MRI 2B Al 28 4 F AL AUC {56 Gt 2 7 (P < 0.05), H T2WI +
DWI Sk & AR AL 5 B3 3 1) AUC {H 5 fL(0.98), & & T2 R R IM Y AUC 1£(0.79).
4. 71ig

AH5E SBOT Al OBCL & A7 eF i 737l /& 35 HH1 44 %5, IR T BRIV, MRk = 5 57
P, 21 42%1) SBOT &35 1 46%M) OBCL &3 bR, 7RI AR sliic RHE 75 f 2 AR 2R K I A,
BB E A AR IR I TR B M 2R, X5 & R IL RS Fu 4 F[13] [14]13E A —
B, WS BRI SBOT HIdkritk, (HAPIKHEWIRIEAE, £ A LB KT 5 B )RR Bk
ZIRFR[15]c MRI TR L0 e LUBUBURR, RATAT MRI A EAA B T4 00, (H4E AR BR[14] [16],
ARG LR ITZ e 2 81.6%AH . T LI T 75 BAR B AR B DhRE R A Sk Uk, $2m MRI R AFTIZ I E
RIS W ik e N E

HATs B 4 %4 SBOT M1 OBCL W nli2 Wiy i Cf 7 WIE a7, W iBuREE N[17]8 3 2 T3 g
CT WIS G AL AR, I0AE T S8 41 - 7E 45 7)) SBOT 1 OBCL A # s iIRLAE, H AUC B 0.90 & T
AT T2WI A AL(AUC = 0.89), {KT DWI A (AUC = 0.91) 2 WS Bk & HUE A (AUC = 0.98), £ H] T2WI
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+ DWI I IR AR A A AR RIS - 3 58 CT I RAAR 2 #4586 SBOT A OBCL 11 %5 7112 Wi nl e 5 LA A
B N [8]2E T T2WI $2H 1288 MG EHFAE, A 4 FhASRI IR AE A ik 77 2 B 7 FPOAS [ IR AL 25 2% 2] A8
A, SR EIR RIEARIAE FPELL AUC =2 B mTIA 0.97 A1 0.93 CREAEJRigE Al 3 AR IE VW BRIE, HLER
SESPRERUGE K T A84r 35 88) . AR IET T2WI 1 DWI EESRIE £ (58 20 2245 1E (2446 1), T4
FEAEf R T 36 MFIESE(1L A —BYRE. 9 DMKBEILAFERE . 3 NKBEBAT K ERERE . 8 /N AKFEIX K
ANFERE L B ANIREEAHSCHERE), Bl S 70 il S T2WI AL, DWIBASRT T2WI + DWI B &AL 3EAT 73 280
Sk, TALTY %002 W 2 E 1 ROC 4k T AR 4> 72 0. 89, 0.91. 0.98, KIIWSHIL AL T 1S
Hpi A, BRI %0 S-BOT A1 OBCL A # & 2 ik it -

KSR E FAAR L I R VURRAE 1] B8 5 R 1 R B SR A A B B, H— e R AR T RA%
LT R 2256 3E AT PP [18]. BB S N [71F 7T s MRITE MBS AL RS Wb, 28 U1 g
iR im, HBUKE 52.0%, FF3E 94.0%, HEMIE N 85.6%, 5AHE TR L2 W i U s
61.9%, 4F5/% 96.4%, HEHIE 81.6%, FEAMFT. MHETRAREITISE, A5 4 575 50 3R 2 Wi 7 T
R BEEIEM . ol EE M SIS W% AT, T2WI+ DWI A A 4 257745 Bl et AUC
1£(0.98) & 2 =1 T- SR B2 I 2 Wr i) AUC 1£(0.79), Delong ¥:%: P < 0.005, A 4it¥E X, F#W7E SBOT
F1OBCL K% iz, 2B A =2 WL T2 B R ITZ T, et i S KA BT s B2 Wi R It SBOT
A1 OBCL M2 s 2

KIAFAERIAR R : 1) ARSCEE R/ DR AL T, SRz ee )1, & e —59 K
FEAE . HOINAMERIG UMb 7oA s 2) ARSI BRIV 24, 7F MR AR 34 5 7 THI ER T B 1] 225 R it
AR 22 o

i b, FETECE T2WI + DWI BUR ISR 4 S RRAE A 22 1 2 SR 2 A5 20 ] DA 4 %5 03] SBOT Al
OBCL, W LLAIGIKIAYT J5 ik B (4 Bh iE
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