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Abstract

Objective: The aim of this study is to predict the virtual pathology of pancreatic cancer by integrat-
ing unsupervised machine learning algorithms with hybrid relaxation diffusion magnetic reso-
nance imaging (MRI). Methods: We established a pancreatic tumor-bearing nude mouse model and
acquired diffusion-weighted imaging data with multiple b-values (0, 150, 500, 1500 s/mm?2) and
multiple echo times (25, 50, 75, 100 ms) using an 11.7-T MRI scanner. Utilizing a Gaussian mixture
model and the Expectation-Maximization algorithm, we developed a quantitative analysis method
for hybrid relaxation diffusion to calculate the volume fraction parameter maps of epithelial, stro-
mal, and lumen components in tumors, and then compared with the pathological results to verify
the feasibility of the method. Results: Relaxation diffusion imaging of the pancreatic cancer-bear-
ing nude mouse model performed under ultra-high field MRI was feasible, with an image resolu-
tion of 0.5 x 0.5 x 1 mm3, and the T2 values of tumor tissue ranged from 39 to 90 ms. Based on the
assumptions of the hybrid diffusion relaxation model, our established Expectation-Maximization
algorithm could rapidly calculate the corresponding weights of the epithelial, stromal, and lumen
components in tumor. In two tumors with different degrees of fibrosis, the volumes of epithelial
(58.63%/86.55%), stromal (41.00%/13.18%), and lumen (1.65%/1.19%) components calculated
based on the hybrid diffusion relaxation parameter maps were similar to the pathological results.
Conclusion: The unsupervised hybrid diffusion relaxation quantitative analysis method proposed
in this study provides a new means for the virtual pathological prediction of the proportions of
stroma, epithelium, and lumen within tumor.
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2. MMERHE
2.1. ARMR

N R J e 4 B (P ANCC-1) RN figi i i AH O Al 41 4 4 Jid (pancreatic cancer-associated fibroblasts, pCAFs)
L H _FEFRAERH AR AR . MRE4IIR % AV ERAE N, SR =R E R —RIG IR, Ui
FEIRE] 80%% 90%H, HHATALAR LR Gt BE AR K . FRAI SR B SEIRER IS, % PANC-1 5 pCAFs %%k
& 11 B 1S RA W AR, TR SR 1R 5 R A3 BN [ () R R A SR . P 1 mL VRS IR
ER A 29503 ml), VENTH] 5 RS BALB/c #R L T (B BUUE T8 DR R = EARG BR A 7)), b
JEKAAE 0.8 cm AR T MRI 5258 . B ahscse 35 o vb [ b i 42 28 B R 5258 — I B = B h 4
546 BN H AL o

2.2. MRI &

K H BioSpec 11.7-T B3R BSUGACH 14 2 B BR B AL EAT %, HE A 11 om BFLATERE, 740 mT/m
BB EESREE, 6600 T/m/s BREENCT 2. FHART, ARic L, R FH 7 98000 N P JRR I 247 751 % 4R R ZEAT R
fits, ASARTE TN 300 ml/min, WREEHTIA 3%~4%, 4ERFZ 3 0, SRS SR, #EHT MRIH
o FEHWTILSEUT:

(1) BUUK E e RIS - ~F- 1 [713% 548 7 51 (spin-echo single-shot echo-planar imaging sequence, SE-EPI)
HHATZ B3 2 b Y EOInAU% A% (diffusion weighted imaging, DWI). $9$§2%. & &I} TR (3000 ms),
4 AR TR TE (05002 25+ 50. 75, 100 ms), 4 4> b EZ 312 0. 150, 7500 1500 s/mm?); 10 2,
FEE/ZAEE: 1 mm/l mm, BEME FOV: 30 mm * 30 mm, SR 120 * 120, 5 RERE: 3 K.

(2) KHZ [H19 E i [F19% 7 51 (multi-echo spin-echo, MESE)SEZH T2mapping 1%« BAASHINT: EE
i [E](TR: 3600 ms), 30 /N[EIJ S [AI(TE: 7.5~225ms, [HFg 7.5 ms); 15 2, JZE/JZHE: 0.5 mm/0.5 mm,
FOV: 30 mm * 30 mm, SKREMFE: 150 * 150, HERERE: 11K,
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S 75K - 41 (hematoxylin-eosin, H&E) X I8 5 K JZ B B o U0 UE B2 45 R 1, FRAT TR 3
FEUGHEAT T AR H R 152 29T . K H Tmage J #2F, R StarDist T E[27]%F HE Je o [X 34740
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Flgure 1. The flow chart of the EM algorithm for solving GMM parameters
1. SRR UEEKE GMM SHURIZEE

ARHE T S EM A TR S0 BRI AR 0 T

() VB S%0° -

WML R E,, NERKZ,, .

Q) E #f(#ﬁli%ﬂ%ﬁ@ﬁﬂié@);

THEL e R A B AR ek B, e e B R (D, Z, ) -

log(L(g))legP( > )zlogp({Sn}r]:V:I’ 2 “’FM’{ZHI’ZnZ’.”9ZnM},],V:1’{Uj}:/:])

=ilogN(Sn;KF(Zn),o-fI) (8)
- 5 @),

THEST AR B T AE LS 5 W BHE AT 24 R0 S 80 6 N A EIE Z B4R A i, |
Q BRH. MIEZEE (Jensen) N A 15 :

0(0.6")=E_, ,[log(L(0 ))]=ZZ:P(Z,,|D,6’(’))1ogP( Z,

) )

Heir Yy P(2,|D,0")=1.
B)M B (AR Q HiE):
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KA Q(e, 9<'>) WRALE 0, 75 —HikRm 0" =0 .
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2
(1 =gl (2, ) - S5, -] T2 an
m= Iﬂi] 2
{an}f:l :argrnax10gN<Sn;KF(Zn),afl) (12)
Z;tt:lznm:‘

3 R AR A7 RN IR N B AT SR AR
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3. 5%
3.1. BuEAE

FIH Python # Fi 18] T2 mapping LA Z [l 2 b 18 dicom #% 3 G L &4k nii #4520, X T8 #L
ST, K BARYR S RS b EA TE A R ATEIR, 3% 16 P LS. Wl 2 Frs.

¥t 4b x ATE HIHE #6 He U 4ERE RS (x, 3,2, /) = (120,120,10,16) , Herx, y 3 RIFREUGIAEE, 2 %
AEARERG j RO b EM TE MASH.
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Figure 2. DWI of pancreatic cancer with multiple b- and TE
values
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3.2. ¥IAMEIRE

AR PLENR, ARG AL A 3 FAFE S LR B, NN M &N 3. EilTS
HORMRRS, TFEBITSHAIRNL. RIEXQG), ACERESHER T, @ RE T, 5 D ERYIRE, W
YRR K B . 922, M T2 mapping FIERHEAT = miiiith &, 321 =S A, X RAH
HA R FetE, BARALERAT

FIF] T2 mapping FME 1B A4 B B 7, SR Origin AT HUE AT Gauss BB Z WA 40T, 7T
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Figure 3. Gaussian fitting results of T2 values
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3.3. BIESHT

H£F Matlab2019b V5, 70 5PK P2 b EH 2 BRREERE [ 1o D BTG EIE NS, SR EI5ET,
Bk BRI i o B A E A EL A EM SR ARIE MR AN S HE, RN ERER

&, BRAG IR AN TR ZH 23 70 A AR P (1] 4) BB i XSRS EL (R 1)
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Figure 4. Weight maps of different tissue components in two tumors
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Table 1. Mean volume fractions of different tissue components in two tumors

* 1. AEIMEAREIARM S RS BHE

‘ ROI [X 35,

AR ;73 ) Bl
1 58.63 41.00 1.65
2 86.55 13.18 1.19

e PRI RS FI 2L o AR 7 B(%) . ROL: JESHERIX I

3.4. RIBLERELE:

BT R s Y] A HE Qe &g, o pa iR b AT bRz (e BANE o, o BI AR 5 pr
s HER R LA LA 2,

MR 1

Figure 5. (a): Original pathology image; (b): Partial region of pathology; (c): Segmentation of cell nuclei to estimate cell
distribution; (d): Tissue components are divided into epithelium (yellow = nuclei, gray = cytoplasm), stroma (blue), and lumen
(green)

5.(a): RIATRIEE; (b): FRIERROXE; (o): MUMAEZHEITHBILUEITHAEST; (d): BARST D ALR(EE
= @R, K& = @R, BRAES). ERGe)

Table 2. Pathological analysis of the percentage area occupied by different tissue components (%)

2. RIS ARELE RS T A (%)

A JE B ER 1F] 53 B
1 61.28 3745 1.27
2 79.64 19.49 0.87

4. Tig
BESLIRIR AT B - SR OB S AT 2 IR T MG S R AR [A], E A TR, IR B S R

TR 5 T s RN E . BEE AR HED, 2R RN R ERE R, WaTsIR12]-[16]
FBREE[17] [18]FF B M KRG . Chatterjee 25 N[161F] IR A £ 4k MRI HiA, @i #A A HLE D1
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water imaging, LWI) [32 803 T4 8501 H A G g 4 p Al i g7 . 4 i 2052 BR 4™ B (VERDICT) [33]+
PR 1] 1% B 4% (Restriction spectrum imaging, RSI) [34)f15K EAH§ BLmi[35], PLEAHIR MRS 1% -
B . AR Gy s AR B S 2 A J7 19, WiR 4 2 48 MRI (Hybrid multi-dimensional MRI, HM-MRI)
[12] [13], B2 Hpit% (Time-dependent diffusion) [36], A HL - 575 AH 561 B A% (Diffusion-relaxation
correlation spectrum Imaging, DR-CSI) [6]5F . A FE KA H HM-MRI #iR, HETHIMRIES
o ADC 1 T2 Z [ FIAH BRI, I — Pk SRR SR AR it 77 kA7 2 sl &, — 5l
ZEARBE R FAR R . SEO BRI, ST, WG RKE TR R IR AT R . A
WHott, AT E0E MR RS, 345 & B AE R LG, S0 7 b B R AE & s 7 T A AR A
IARIE .

AW TR B RRI L F () MR B4 AT SESS, FE5IN T sl G180 DL B fe KA s, 58
PURAY Boh 4R MR S8 A 0 THE . R B AT E T P96 g 2H 2R34T 2 A, AELAHIT 98 8 A OGTE I
SR TR WO R BE AT YR AT, SRR S 2 S — MR (4 -t B3 B AT S B2 4 E B Al
it 4, WS RKE, NHFAE PSS R R R R FERWHHEZER, 5&
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FRE, DI R R R PR RZ A RE 0, RIS R o 25008 o b 5 SR 5 3 B 4 TR 2 TR0 R AT A St 4 AT
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%, SEHLTIRGY B - b MRIBIZLZUS Le Bl 70 Ar, DBl i B ds b R o TRV ff =l B ol 7
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