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Short-axis cine cardiac magnetic resonance images-derived radiomics for hypertrophic
cardiomyopathy and healthy control classification
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[Abstract] Objective: To analyze the differences and classify hypertrophic cardiomyopathy (HCM) patients and healthy controls
(HC) using short-axis cine cardiac magnetic resonance (CMR) images-derived radiomics features. Methods-One hundred HCM
subjects were included, and fifty HC were randomly selected at 2 : 1 ratio during January 2018 to December 2021 in the
Department of Cardiology, Renji Hospital, Shanghai Jiao Tong University School of Medicine. The CMR examinations were
performed by experienced radiologists on these subjects. CVI 42 post-processing software was used to obtain left ventricular
morphology and function measurements, including left ventricular ejection fraction (LVEF), left ventricular end-diastolic volume
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(LVEDV) and left ventricular end-diastolic mass (LVEDM). The 3D radiomic features of the end-diastolic myocardial region were
extracted from short-axis images CMR cine. The distribution of the radiomic features in the two groups was analysed and machine
learning models were constructed to classify the two groups. Results:One hundred and seven 3D radiomic features were selected
and extracted. After exclusion of highly correlated features, least absolute shrinkage and selection operator (LASSO) was used, and
a 5-fold cross-validation was performed. There were still 11 characteristics with non-zero coefficients. The K-best method was used
to decide the top 8 features for subsequent analysis. Among them, four features were significantly different between the two groups
(all P<0.05). Support vector machine (SVM) and random forest (RF) models were constructed to discriminate the two groups. The
results showed that the maximum area under the curve (AUC) for the single-feature model (first order grayscale: entropy) was 0.833
(95%CT 0.685—-0.968) and the maximum accuracy for the multi-feature model was 83.3% with an AUC of 0.882 (95%CI 0.705—
0.980). ConclusionThere are significant differences in both left ventricular function and left ventricular morphology between
HCM and HC. The 3D myocardial radiomic features of the two groups are also significantly different. Although single feature is
able to distinguish the two groups, the combination of multi-features show better classification performance.

[Key words] cardiac magnetic resonance (CMR); radiomics; hypertrophic cardiomyopathy (HCM); cine sequence; short-axis image
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Tab 1 Comparison of demographic data and CMR parameters between the HCM group and HC group

Indicator Total HCM HC P value
(n=150) (n=100) (n=50)
Age/year 51 (39, 60) 52 (43, 60) 46 (36, 61) 0.408
Male/n(%) 110 (73) 71 (71) 39 (78) 0.362
Weight/kg 71.2+13.1 70.5£12.8 72.7£13.7 0.671
Height/cm 170 (162, 175) 170 (160, 173) 173 (166, 180) 0.002
BMI/(kg'm>) 242 (22.4,26.6) 24.5(22.5,26.8) 23.9(22.3,25.3) 0.253
BSA/m’ 1.79+£0.21 1.7740.20 1.83+0.22 0.419
CMR parameter
LVEF/% 66.3+7.1 67.1+7.8 64.6+5.0 0.019
LVEDV/mL 132.4432.3 132.3+£29.0 132.7+£38.4 0.035
LVEDYV index/(mL-m?) 72.3+31.7 75.0+15.4 71.8+15.6 0.876
LVEDM/g 114.0 (90.9, 158.4) 137.1 (104.8, 178.0) 90.4 (68.7, 103.5) 0.000
LVEDM index/(g-m?) 62.7 (49.9, 88.1) 77.8 (59.3, 99.0) 47.4 (42.4,55.1) 0.000

Note: BMI—body mass index.

F2 MXEHCMASHCALDE DD HERAFEHELR
Tab 2 Comparison of 3D radiomic features between the HCM group and HC group in testing dataset

Feature class and name HCM HC P value
GLDM: large dependence high gray level emphasis 34 779.60 23 528.60 0.047
First-order grayscale: kurtosis 5.92 5.05 0.116
First-order grayscale: entropy 4.03 4.38 0.004
GLSZM: zone entropy 7.76 7.67 0.037
GLCM: correlation 0.86 0.84 0.077
First-order grayscale: 90th percentile 129.70 174.60 0.054
Shape: major axis length 94.00 88.20 0.037
Shape: least axis length 75.10 72.50 0.322

Note: Features were sorted according to K-best ranking, and the best 8 features were showed in this table. GLDM—gray level dependence matrix; GLSZM—
gray level size zone matrix; GLCM—gray level co-occurrence matrix.
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Note: A shows that MSE reached minimum with A=0.005 336 699. B shows that when MSE reached minimum, 11 features had non-zero coefficient.
1 LASSO [O)3 f FHE i % B i R 2L E

Fig 1 Performance of LASSO regression on feature selection
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Note: Boxplot on the left side showed the distribution of feature values in training dataset. Boxplot on the right side showed the distribution of feature values
in testing dataset.

2 YISGERMREEIDHEAFHENZ3 BN ELE

Fig 2 Boxplots of Z-score for 3D radiomic features in training and testing datasets
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Tab 3 Performance of single 3D radiomic feature-based classification models in testing dataset

AUC (95%CI)
Feature class and name

GLDM: large dependence high gray level emphasis
First-order grayscale: kurtosis

First-order grayscale: entropy

GLSZM: zone entropy

GLCM: correlation

First-order grayscale: 90th percentile

Shape: major axis length

Shape: least axis length

Note: Features were sorted according to K-best ranking, and the best 8 features were showed in this table.
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SVM
0.758 (0.520-0.863)
0.726 (0.517-0.866)
0.833 (0.695-0.968)
0.712 (0.365-0.801)
0.707 (0.507-0.857)
0.752 (0.544-0.910)
0.673 (0.282-0.735)
0.680 (0.318-0.740)

RFE AL REAIRBE (K3), SRR, MR
L LT, FERRAE R A E]
8ANET, 24N RGN 2 R PEAL 38 A 438 B B (i

B s, KRR B

RF
0.668 (0.486-0.825)
0.623 (0.445-0.803)
0.679 (0.435-0.782)
0.648 (0.449-0.836)
0.667 (0.511-0.845)
0.697 (0.446-0.801)
0.554 (0.323-0.677)
0.810 (0.625-0.912)
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09 r

Accuracy/%
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Note: Blue reprents SVM model. Orange reprents RF model.
3 HCM 5 HC B S HEH IR B R PR 2R B
Fig 3 Line plot for multi-feature-based HCM and HC classification
performance
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Tab 4 Performance of multi-3D radiomic features-based classification

models in testing dataset

Feature P for P for
Model  Accuracy/% AUC

number accuracy  AUC

2 SVM 66.7+0 0.756+0 0.000 0.000
RF 60.7+4.1 0.729+0.20

4 SVM 70.0+0 0.776+0 0.000 0.000
RF 61.7+2.4 0.740+0.22

6 SVM 80.0+0 0.871+0.03 0.080 0.043
RF 76.0+6.8 0.847+0.35

8 SVM 83.3+0 0.882+0.05 0.005 0.022
RF 77.7£5.7 0.868+0.18

3 itie

AT AT T HCM S (g X B CMR S 50F15%
TQRUERRE, I KRB AR EAT LT CMR 24,
RETE AP b X 43 2 R A HE . AR R B CMR K A 11 3%
Wi &, CMRAHSCHESY 2 B s, BT CMRW
HCM HI T FEtL bl > 1 22 . NEISIUS 25 7' 38 i 43 #r
HCM ., & M PR O RS A HC B CMR 9 [ 5th 7
B[] 52 B % (T1 mapping) FEARMZAZLF, KB
A FEABE (HCM 4 MR DG ) e i 2D 5%
TRAFHRIE S HO A BB S . YU SR P2 18 76 45
WAL 7RISR RS TAIE R AR . AR,

@ JOURNAL OF SHANGHAI JIAO TONG UNIVERSITY (MEDICAL SCIENCE)

2024, 44(1)

IXUERFSY BRI T 2D R AR, T2 T
oy R B o XHF MBS, XA R R A
FE, RN O MR R 75 R AL BRI AR, TS
SLEMEE 2R, 5T CMR L1 3D #1454
SO0 R B SR T LA 2 AN A 7RISR S T T
CMR HLF G RIS, LI PR AT 4 J e il e
B s IRIE AT EOR R, T LKA S5 A R R 1Y
3IDfFE—RAAFIE, FIHIBRIRE 2 > WA H
B, X REORZE AL R UG ARRAE HEA T 5 R A 1 40 50

AR A AE R AT 10 4F S ek & Jig i — T % 2 52
BOER IR, TERARZHEA WEH . Mk
GNTEF, R NEUGA G R, % WL 5]
BRI A XTI R, IR TAE T
RAETEEAER 222 R TR, R4
SFRHERA TR A, BRI XK RE
B AR AT R

AW el it A H 22 BRI CMR S 506 HCM
K HC NBE#EAT T8 45 BoR, SHCH L,
HCM B35 75 22 O S5 48 A2 0 D g 34945 B i ek AR
i T JE 53 LVEDM J2 LVEDM #5 %t i 1 hn,  [6]
B HCM A8 & % A P D e oC E 2 8, X iR 7
HCM 41 A\ #f LVEF % HC 41 {2 14 X — 2 2 1.

AW 5T HE— BB T CMR 6 5l H 52 % 19 3D
O WU AR A 2EARAE . R T 00T, R BETE
B B KE R SCGR )T IA BAEE RRE, S
PRMEREE R EA 8. Wit — P 2R T
HCM 5 HC A BFH0 50 #E 47 g BEI A . A 0F 5% 3 %
SVM FIRF 2 Fh 7L FEH BT LU FILA: O Ltk
995 B it T 8. (@ XGBoost 25 57 198 2= HL I 4
A, KT /INFEACHE AEE R B LA . ASHE
FEHPEFEARNCR 150 6], #kik . GRF & SVM X
2R B R SR D s 5 SE s B SR, A
HLES 2= 2 G T2 N . e TR I,
TRE0 & BB — AR () X0 2 s 1) 5]
BIEAT N . BT B — 2 A AE R AR R 3, AR
R T ZRAE NI . ZAERTREE R T LA
TMER: O BEEFEERE I, SRR MRS T
TEPTE A RAE R T R PN, B 4005 S i
ZALRE I AR WAL A . @ SVM 77 404 RF )5 i A T
wHER R, B ZRFERIALTE R B AR T SRR
BRUE T, 27 A LR g R /R , HCM 5 HC A Bf
) CMR 5214 25 5 0 LL3E 1 52 AR A 22 25 A L 2 2T A

Vol.44 No.1 Jan. 2024



xR

RUHEATHI 5

KT HAGA RSO, 158 T IR L
A, I PRE AR IR R R 2 R AE . D AR BFSY
FEAE R 150 1], A0SR Xof UG 2R 47 U6 gl Ak 312 BBy
fiE, FRESEREEE 104, KB, 55 %
FOR A G &, SRR 2 AR RE Ty 20
@ R FH D s FEIAR B I 5 A5 2 4 e AE LA AR Ay T
flR Rt . DU — RSO B i A 5], mT LK FL
it Ry K A A3 A BEALE 9 — PP R IE X 456 HCM
HHCOWNMESZS, HCM B H 54 X FRrEALE
KA, X TRAHIE 1Y 3R 5 K BEAE Y 43 A1 S AR A A 56
I, XRYBAE B4 I R ISE FH A4l Bh BRARAT — 2 O S Bl

AR FEAAEAE— W R BRYE . O FEAR R 5D,
HA 150 BIAHANGL, TE—E R FRRE 7 FA 1L sE
HF Ui AR A2 AR E B . @ REEAT MR
Uk, JoiE SRR ALIE SRR A Rz ARE T . B %
FRAZ A AESE , I B B AE I RS AL R —
SEFEES, I HALER 2] N0 TAE 2 5 e 455l 53
A1 X} 55 A 3% B 1 R ) DA 2 — 2B R 4 W S T A
R

25 Pk, AAFSEIE AL 530 3D SR 4 2E7E HCM
S5 HC AR K2R, W TR T 3D ¢G4
MBI F BT . L R TR

[1] MARON B J, MARON M S. Hypertrophic cardiomyopathy[J].
Lancet, 2013, 381(9862): 242-255.

[2] WANG J, BRAVO L, ZHANG J Q, et al. Radiomics analysis
derived from LGE-MRI predict sudden cardiac death in participants
with hypertrophic cardiomyopathy[J]. Front Cardiovasc Med, 2021,
8:766287.

[3] GEORGIOPOULOS G, FIGLIOZZI S, PATERAS K, et al.
Comparison of demographic, clinical, biochemical, and imaging
findings in hypertrophic cardiomyopathy prognosis: a network meta-
analysis[J]. JACC Heart Fail, 2023, 11(1): 30-41.

[4] LOCKIE T, ISHIDA M, PERERA D, et al. High-resolution magnetic
resonance myocardial perfusion imaging at 3.0-Tesla to detect
hemodynamically significant coronary stenoses as determined by
fractional flow reserve[J]. J Am Coll Cardiol, 2011, 57(1): 70-75.

[5] CHIRIBIRI A, HAUTVAST G L T F, LOCKIE T, et al. Assessment
of coronary artery stenosis severity and location[J]. JACC Cardiovasc
Imaging, 2013, 6(5): 600-609.

[6] NEISIUS U, MYERSON L, FAHMY A S, et al. Cardiovascular
magnetic resonance feature tracking strain analysis for
discrimination between hypertensive heart disease and hypertrophic
cardiomyopathy[J]. PLoS One, 2019, 14(8): ¢0221061.

[71 NEISIUS U, EL-REWAIDY H, NAKAMORI S, et al. Radiomic
analysis of myocardial native T1 imaging discriminates between
hypertensive heart disease and hypertrophic cardiomyopathy[J].
JACC Cardiovasc Imaging, 2019, 12(10): 1946-1954.

http://xuebao.shsmu.edu.cn

o ERESE AR Sl B AR AR 2 e WA 0 0 DU S i exi g | 85

% AR AR . AR TR 5 bl PR P {5 b B
ARG, KA BT R R HCM 82 1 A

F 75 i 22 75 BH/Conflict of Interests

B e LA L LR T

All authors declare no conflict of interest.

1E 1Bt /# Fn &115 [F) & /Ethics Approval and Patient Consent

AAFFE CF 36 WG RIS 48 - (ClinicalTrials.gov) VEMF, M
‘5 NCT03271385, ZRAFI C il ad b 1 AT A B 2 B g A= 3%
BE B A B2 b 2t (HEIES 201704060) , FrA 21k 4% B
TR,

This study has been registered (ClinicalTrials. gov, NCT03271385).
This study was approved by Ethics Committee of Renji Hospital,
Shanghai Jiao Tong University School of Medicine (Approved No.

201704067J). Informed consents were obtained from all subjects.

{£& TT#k/Authors’ Contributions

LW MES SO, XURDLL ST RIS SERRE,
XU T, XURM, Sy R RISt Ry

JIANG Meng and PU Jun participated in research plan. LIU Qiming,
CHAI Yezi and LU Qifan participated in data collection. LIU Qiming
was in charge of data analysis. LIU Qiming, CHAI Yezi and LU Qifan

participated in manuscript drafting.

* Received: 2023-03-21
* Accepted: 2023-09-06
* Published online: 2023-12-27

[8] LIUJ,ZHAO SH, YU S Q, et al. Patterns of replacement fibrosis in
hypertrophic cardiomyopathy[J]. Radiology, 2022, 302(2): 298-306.

[9]1 GERMAIN P, VARDAZARYAN A, PADOY N, et al. Classification
of cardiomyopathies from MR cine images using convolutional
neural network with transfer learning[J]. Diagnostics (Basel), 2021,
11(9): 1554.

[10] JIANG S, ZHANG L L, WANG ], et al. Differentiating between
cardiac amyloidosis and hypertrophic cardiomyopathy on non-
contrast cine-magnetic resonance images using machine learning-
based radiomics[J]. Front Cardiovasc Med, 2022, 9: 1001269.

[11] CHENG S N, FANG M J, CUI C, et al. LGE-CMR-derived texture
features reflect poor prognosis in hypertrophic cardiomyopathy
patients with systolic dysfunction: preliminary results[J]. Eur
Radiol, 2018, 28(11): 4615-4624.

[12] AVARD E, SHIRI I, HAJIANFAR G, et al. Non-contrast cine
cardiac magnetic resonance image radiomics features and machine
learning algorithms for myocardial infarction detection[J]. Comput
Biol Med, 2022, 141: 105145.

[13] SHIR Y, WU R, AN D A L, et al. Texture analysis applied in T1
maps and extracellular volume obtained using cardiac MRI in the
diagnosis of hypertrophic cardiomyopathy and hypertensive heart
disease compared with normal controls[J]. Clin Radiol, 2021, 76(3):
236.e9-236.¢19.

[14] ANTONOPOULOS A S, BOUTSIKOU M, SIMANTIRIS 8, et al.
Machine learning of native T1 mapping radiomics for classification

LSRR (B0, 2004, 44(1) (@)



86 | r@mzmmAzem (B

of hypertrophic cardiomyopathy phenotypes[J]. Sci Rep, 2021,

2024, 44(1)

1995, 20(3): 273-297.

11(1): 23596. [21] PEDREGOSA F, VAROQUAUX G, GRAMFORT A, et al. Scikit-
[15] FAHMY A S, ROWIN E J, ARAFATI A, et al. Radiomics and learn: machine learning in python[EB/OL]. arXiv: 1201.0490v4

deep learning for myocardial scar screening in hypertrophic (2018-07-05)[2023-03-20]. https://arxiv.org/abs/1201.0490.

cardiomyopathy[J]. J Cardiovasc Magn Reson, 2022, 24(1): 40. [22] YU F, HUANG H B, YU Q H, et al. Attificial intelligence-based
[16] ZHOU D, XU J, ZHAO S H, et al. CMR publications from China of myocardial texture analysis in etiological differentiation of left

the last more than 30 years[J]. Int J Cardiovasc Imaging, 2020, ventricular hypertrophy[J]. Ann Transl Med, 2021, 9(2): 108.

36(9): 1737-1747. [23] GILLIES R J, KINAHAN P E, HRICAK H. Radiomics: images are
[17] LIU Q M, LU Q F, CHAI Y Z, et al. Papillary-muscle-derived more than pictures, they are data[J]. Radiology, 2016, 278(2):

radiomic  features for hypertrophic cardiomyopathy versus 563-577.

hypertensive heart disease classification[J]. Diagnostics (Basel), [24] LAMBIN P, LEUENAAR R T H, DEIST T M, et al. Radiomics: the

2023, 13(9): 1544. bridge between medical imaging and personalized medicine[J]. Nat
[18] VAN GRIETHUYSEN J J M, FEDOROV A, PARMAR C, et al. Rev Clin Oncol, 2017, 14(12): 749-762.

Computational radiomics system to decode the radiographic [25] RAISI-ESTABRAGH Z, IZQUIERDO C, CAMPELLO V M, et al.

phenotype[J]. Cancer Res, 2017, 77(21): e104-¢107.

Cardiac magnetic resonance radiomics: basic principles and clinical

[19] BIAU G. Analysis of a random forests model[EB/OL]. arXiv:
1005.0208v3(2012-05-26) [2023-03-20]. https://doi. org/10.48550/
arXiv.1005.0208. [26]

[20] CORTES C, VAPNIK V. Support-vector networks[J]. Mach Lang,

perspectives[J]. Eur Heart J Cardiovasc Imaging, 2020, 21(4):
349-356.

YING X. An overview of overfitting and its solutions[J]. J Phys:
Conf Ser, 2019, 1168: 022022.

[Ax%mE] 8 %

FAPER

2 IR 4 K & 1 I A8 PR F TR BR8] Treg 20 B Hp 57 S IR IR B4 2h T & 0 AL )

20241 A28, LHERBRFESFRLEET RIEFA LT F80RA A A A 1F A A £ B B8 Nature
Communications 7£ & % k. T # & FOXP3+regulatory T cell perturbation mediated by the IFNy-STAT1-IFITM3 feedback
loop is essential for anti-tumor immunity #9 B 4 X o Z R A I T I I8 404752 18 Treg 28 fe P 7 £ IFNy 4R 81 69
STATI-IFITM3 i RA% R 8&483h, IR i@ i T 47 STAT1 5 IFITM3 4930 A & A, #7502 1 Treg 4 L6 o) e A4
M, WA B AR IR T B R R AIR A, T ME AT 8 03 T8 Treg 2m it S J2 40w 2h Ak T B, 1t 3G SR ALY B
FedE B . Bk, ZEaRAT R AR BT a8 ad A7 A M i3 Treg 4n AL 69 0 R T ERIEAF) T4, R T AT 98 S 9k IT 2L
89 BT E . IHAT R A Y i Treg 20 i3 Ak 5 A8 T MGG BT FUARAE T #09 ZIR 35, &4 e R LA K 3) Treg 2m
JOLRAS 5 IR BT AE A 3G IR SUNY G 0K 76 7T Fe B ARAR T #7183

@ JOURNAL OF SHANGHAI JIAO TONG UNIVERSITY (MEDICAL SCIENCE) Vol.44 No.1 Jan. 2024



