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[ Abstract ] Objective: To explore the value of the multiparametric magnetic resonance imaging (MRI) habitat radiomics
combined with machine learning models for preoperatively predicting lymphovascular invasion (LVI) in patients with gastric cancer.
Methods: Patients with pathologically confirmed gastric cancer from a retrospective cohort at Shanxi Provincial Cancer Hospital
were included between October 2012 and May 2024, and the patients were then randomly divided into a training set and a validation
set at a ratio of 7 : 3. Following preprocessing of multiparametric MRI sequences (including axial T2-weighted imaging, apparent
diffusion coefficient maps, and contrast-enhanced T1-weighted imaging), manual tumor segmentation was performed. Subsequently,
the fuzzy c-means clustering algorithm was applied to partition each tumor into distinct subregions. Radiomic features were extracted
and screened on both the defined subregions and the whole tumor region. Three machine learning algorithms, including random forest
(RF), logistic regression (LR), and support vector machine (SVM), were employed to construct habitat-based radiomic models for
predicting LVI. The optimal algorithm identified from habitat analysis was subsequently applied to build the whole tumor radiomics
model. The predictive efficacy and clinical benefits of each model were assessed using receiver operating characteristic (ROC)
curves and decision curve analysis (DCA). Results: This study enrolled 446 patients, who were allocated to a training set (n=313)
and a validation set (n=133). The habitat radiomics model on SVM yielded the highest area under curve (AUC) among all machine
learning models, with AUCs of 0.803 in the training set and 0.751 in the validation set. Furthermore, it exhibited significantly
superior performance compared to the whole-tumor radiomics model (DeLong test, <<0.05). Conclusion: The multiparametric MRI
habitat-based machine learning model serves as a non-invasive and accurate tool for predicting LVI status in gastric cancer patients,
providing a valuable rationale for informing personalized clinical treatment.

[ Key words ] Gastric cancer; Lymphovascular invasion; Magnetic resonance imaging; Habitat analysis; Machine learning
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Tab.1 MRI sequences and parameters

Wl JZJEE JZ ]/

mm mm
T2WI  1230ms/75ms 30cmx37cm 309x244 5 1
DWI 2750 ms /60 ms 37cmx3lcm 124x 101 5 1

cTIWI
(I 3.0ms/l1.4ms 37cmx30cm 236x186 5 1
Jiidh )
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IR R B . R R PHME
TN 1 T A

i M 0 B A A A BE A AL, I FHAH . (Y ML
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I e B H A 2 fig . AS R BE AR 00 RE #Y B Bk H
DeLongh 4
1.6 SritF4bE

MR 4.1.00UAR B A440 (http://www.rproject.
org ) HATEIES I . KRN (%) R
/R, RMFisherE B R A 50 8 4056 . A7 A I
A W) IE G A i Uxts Ko, AFEIESD
WIPAM ( Py, Piys) o, RIS FEAS ok 5 55
Mann-Whitney UK, K FHDeLongh 56 174l 45
BERIRL e 2 R DA G o RS M
283#H7 (decision curve analysis, DCA ) I #E
Mk, DAIPPAhIG RZOH A dErEfE . P<0.052%
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Fig.1 Enrollment flow chart of gastric cancer patients
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Tab.2 Comparison of clinicopathological features between LVI-positive and LVI-negative groups

n (%) ﬁM(st, P75)

FRIE Yilghde BUEAE
LVIItE (n=149) LVIFHPE (n=164) PH LVIFIE (n=63) LVIFHE (#=70) Pl
el 0.892 0.810
Eycs 21 (14.1) 24 (14.6) 9 (143) 9(12.9)
Pl 128 (85.9) 140 (85.4) 54 (85.7) 61 (87.1)
AR Y 62.0 (56.0, 67.0) 61.0 (56.0, 68.0) 0.816 63.0 (59.0, 69.0) 61.5 (53.0, 67.0) 0.145
CEA/ (U-mL") 0.401 0.146
<3.0 109 (74.7) 114 (70.4) 45 (73.8) 42 (61.8)
>3.0 37 (25.3) 48 (29.6) 16 (26.2) 26 (38.2)
CA19-9/ (UmL ") 0.013 0.019
<37 127 (87.0) 123 (75.9) 56 (91.8) 52 (76.5)
>37 19 (13.0) 39 (24.1) 5(82) 16 (23.5)
CA125/ (UmL") 0.755 0.241
<30 80 (93.0) 81(942) 42 (95.5) 33 (86.8)
>30 6(7.0) 5(5.8) 2(45) 5(132)
cpan SIvA 0.831 0.609
e 68 (45.6) 73 (44.5) 30 (47.6) 27 (38.6)
Bk 45 (30.2) 45 (27.4) 14 (22.2) 18 (25.7)
cE 35(23.5) 44 (26.8) 19 (30.2) 24 (34.3)
=2/3~14H 1(07) 2(12) 0(0) 1(1.4)
TR <0.001 0.008
ik 82 (55.8) 134 (82.2) 34 (55.7) 55 (78.6)
h 64 (43.5) 27 (16.6) 27 (44.3) 15 (21.4)
& 1(07) 2(12) 0(0) 0(0)
pT <0.001 <0.001
1 32(21.5) 1(06) 17 (27.0) 1(1.4)
2 18 (12.1) 10 (6.1) 12 (19.0) 2(29)
3 72 (48.3) 98 (59.8) 27 (42.9) 41 (58.6)
4 27 (18.1) 55(33.5) 7 (11.1) 26 (37.1)
pN <0.001 <0.001
0 81 (54.4) 15 (9.1) 38 (60.3) 5(7.1)
1 23 (15.4) 20 (12.2) 16 (25.4) 9 (129)
2 24 (16.1) 37 (22.6) 2(32) 15 (21.4)
3a 17 (11.4) 67 (40.9) 6(9.5) 24 (34.3)
3b 4(2.7) 25 (15.2) 1(1.6) 17 (24.3)

CEA: PR ; pT: SREIT/M; pN: SBEN/MY . CEA. CA19-9. CAI25¥R/M A B 3 ARG I I AR H Bl ok, Ferh AR, %
FEPRERSL %L . CEAYIZREESH, TOUFAE4M]; CA19-9IZ25M, Wilbd24/; CA125YIZREE14140], BiELES 1,
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Tab.3 Performance of the model in predicting LVI in the training set

- AUC e R K BT i PR i
- (95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)
tet

LR 0.636 (0.575~0.698 ) 0.642 (0.586~0.695) 0.921 (0.755~0.957) 0.336 (0.208~0.409) 0.604 ( 0.556~0.613) 0.794 (0.705~0.824 )
RF  0.758 (0.705~0.811) 0.709 (0.656~0.759) 0.756 ( 0.628~0.841) 0.658 (0.544~0.732) 0.709 ( 0.669~0.730) 0.710 ( 0.669~0.732)
SVM 0.803 (0.754~0.852) 0.741 ( 0.689~0.789) 0.756 ( 0.640~0.829) 0.725 ( 0.584~0.812) 0.752 (0.719~0.768 ) 0.730 ( 0.685~0.752)

498 0.679 (0.620~0.738 ) 0.658 (0.603~0.711) 0.841 (0.719~0.902 ) 0.456 (0.342~0.537) 0.630 ( 0.593~0.646 ) 0.723 ( 0.662~0.755 )

F4 BEBAERIEETILVIFERRT

Tab.4 Performance of the model in predicting LVI in the validation set

pom AUC e R FEs B P T FAPETI i
- (95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)

LR  0.531 (0.430~0.632) 0.602 (0.513~0.685) 0.914 (0.556~1.000) 0.254 (0.143~0.365) 0.577 (0.453~0.598 ) 0.727 (0.600~0.793 )
RF  0.688 (0.596~0.781) 0.654 (0.567~0.734) 0.843 ( 0.695~0.929 ) 0.444 (0.254~0.619) 0.628 ( 0.581~0.650) 0.718 ( 0.592~0.780 )
SVM 0.751 (0.666~0.835) 0.677 (0.590~0.755) 0.729 (0.600~0.872) 0.619 ( 0.444~0.794) 0.680 ( 0.636~0.718) 0.672 (0.596~0.725 )

498 0.691 (0.601~0.781) 0.632 (0.544~0.714) 0.786 (0.685~0.900) 0.460 ( 0.254~0.651) 0.618 (0.585~0.650) 0.659 (0.516~0.732)

A B
1.0 1.0 4
0.8 0.8
0.6 0.6 -
= el
= %
T 0.4 T 04
0.2 - AUC (95% CI) 0.2 AUC (95% CI)
= ifﬂi IﬁlFQ: g.ggg ((8.%?8.319?)) — %ﬁ LR: 0.531 (0.430~0.632)
— 4:BE RF: 0. .705~0. % RF: 0.688 (0.596~0.781)
0.0 4 — /3% SVM: 0.803 (0.754~0.852) 0.0 4 — k85 SVM: 0.751 (0.666~0.835)
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 1S

B4 ETARNFZIEREENERZGAFEEHROCH L
Fig.4 ROC curves of habitat radiomics models on three machine learning algorithms

A: YIZdE; B: KiEdE.

FeA1E— 2 i SVMALgs 27 > Bk Ay i 4 (KI5A. B) . T SVMAA BRI B T4
RIS L 2R FEAUCH 3 0.679 (95% CI J8 ( DeLongf&%P<<0.001) , Jf4eft 7o madi
0.620~0.738 ) F10.691 (95% CI 0.601~0.781) Wik (KSC) .
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Fig.5 ROC curves and decision curves of the habitat and whole-tumor radiomics models based on SVM

A: JIZRAE; B: BiEdE; C: Juskhik.
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RE, IS EIE—PRHE,

RIGTEF AR IS B E 2Ry ik, Hi
AR5 R B E A A I LVIS B 1 b, H AT
WA AT EE LGB ARBIIEN ik . ARWF5EH,
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K, GEEEFT L. AT Z LV
PHME B B UG BLVIIE R B 22, X B R
F AR SIS TS5 7 RIS 2 CHE, #
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