(FRBER2E) 20244F 5534561 R o
CHINA ONCOLOGY 2024 Vol.34 No.6 AT AR E 581

it &

BT B 0 sm CT 2 AR 4 7 B A ) 5 i iRy
RHIWETT

Fokw Y BHBC, kB

1THRARSE R, T35 HUT, 212013;
2. LIS K B MR WRHEBS RO, 1 200030

(HE ] ES580: WIREARE S INAITTRRIRA R, (HRBUATE— & WM, AWFTE S 78 B TH 0 o
BUARJZ 1% ( contrast-enhanced computed tomography, CECT ) A% ZH 4 A0 i IR XU 3 25Ul Al Jf e Hovk g . 7T
SEPERZARRE ). ik AT AT AT T A b A A 2 B B I B R 2R [BE20084F 1 H —20174F 12 7 #2232 i i
JEVIGRF AR EE (Masaoka-Koga T ~MH) MIGIRTERE . G B AL Z N IZRAL (80% ) FMAZ (20% ) , ARG
G B AG A 25 SRR b . RS SR 2R R IEA . ABFIBL . T AU 2H U242 MU FE B2 B3 . F3h 0 E R ETCECT
PG A e g DX S HR IBUAR A AR AE o o e/ N XTUR BRI 55 F (least absolute shrinkage and selection operator,

LASSO ) MIFHFFFRERERE, FAG I PRAFME G I 8PS AL . BRI ME AR AR A0 35 52 10 TAERHE (receiver operating
characteristic, ROC ) HiZHHZE T AL (area under curve, AUC) . REUEAFRE ., &R P A478%IEBE (P4
i%51.3+£123%, H1EA48.1%) o IMRIAL | JETCECTH AR B AVFITEMNA SR Al IR PR AN CTHRAME AR AUC i1
40.666 . 0.831F10.850, MEREHATAIBIAL R HUE H0.829, FEFBEH0.764, L5k KT RFEICECTHYSL AR # R A i i
AR A s rh R I R AT

[ ocsin | gAbmis; MR THANURZUG; Pldss>]

hESZES: R7342 CEARER: A DOI: 10.19401/j.cnki.1007-3639.2024.06.006

Contrast-enhanced computed tomography-based radiomics models for the risk categorization of
thymoma JIANG Tiaoyan"’, JIA Tianying’, ZHANG Qin’ (1. Jiangsu University School of Medicine, Zhenjiang
212013, Jiangsu Province, China; 2. Department of Radiation Oncology, Shanghai Chest Hospital, Shanghai Jiao Tong
University School of Medicine, Shanghai 200030, China)

Correspondence to: ZHANG Qin E-mail: zhangq0616@163.com

[ Abstract ] Background and purpose: Preoperative risk categorization of thymoma is useful for treatment decisions but remains
challenging. This study focused on training radiomics models using contrast-enhanced computed tomography (CECT) images for
thymoma risk categorization and validating the model's performance, reliability and generalizability in a relatively large cohort.
Methods: This retrospective cohort study analyzed the clinical data of thymoma patients (Masaoka Koga I -1IlI) who underwent
thymectomy surgery at the Affiliated Chest Hospital of Shanghai Jiao Tong University School of Medicine from January 2008 to
December 2017. The cohort was divided into a training group (80%) and a test group (20%) using stratified random selection. The
gold standard for histologic types was based on surgically resected specimens. Low-risk histologic types included A, AB and B1.
High-risk histologic types included B2 and B3. Radiomics features were extracted from manually segmented regions of interest on
preoperative CECT images. Interobserver correlation and least absolute shrinkage and selection operator (LASSO) regression were
used for feature selection. Model performance metrics included area under the curve (AUC) of receiver operating characteristic (ROC)
curve, sensitivity and specificity. Clinical characteristics were added to the combined model. Results: A total of 478 patients (mean
age 51.3£12.3 years, 48.1% was male) were included. The AUC of the clinical model, the CECT-based model, and the model using
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both clinical and CECT features on the test set were 0.666, 0.831 and 0.850, respectively. The best performing model had a sensitivity

of 0.829 and a specificity of 0.764. Conclusion: CECT-based radiomics models showed good performance in risk categorization of

thymomas.
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Fig. 1 Workflow of study cohort, radiomics feature extraction and selection, classification model training and performance validation
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Tab. 1 Clinical characteristics of patients
Characteristics Low-risk thymomas (n=273) High-risk thymomas (n=205) P value
Gender n (%)
Male 122 (44.69) 107 (52.2) 0.10
Female 151 (55.31) 98 (47.8)
Agel/year
X*ts 54.5+10.8 50.9+13.7 0.01
Maximal diameter D/cm
Xts 6.181+2.97 6.07+2.57 0.98
Comorbidity n(%)
Present 9(3.3) 36 (17.56) <0.001
Absent 264 (96.70) 169 (82.44)
Masaoka-Koga stage 7 (%)
I 110 (40.29) 28 (13.66) <0.001
| 148 (54.21) 117 (57.07)
Iir 15 (5.49) 60 (29.27)
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0.850 (95% CI: 0.773~0.927) . XI3EAIK L,
BN, FETCECTHIQDAM AN A T 1l RS
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Tab.2 Comparison of clinical characteristics between training and test set

Characteristics Training set (n=382) Test set (n=96) P value
Gender
Male 218 (57.07) 55(57.29) 0.97
Female 164 (42.93) 41 (42.71)
Agelyear
Xts 529+12.3 53.1£12.0 0.66
Maximal diameter D/cm
X*s 6.03+2.74 6.361+3.09 0.38
Concomitant disease n (%)
Present 35(9.16) 10 (10.42) 0.71
Absent 347 (90.84) 86 (89.58)
Masaoka-Koga stage n(%)
I 111 (29.06) 27 (28.13) 0.91
| 211 (55.24) 54 (56.25)
Iir 60 (15.71) 15 (15.63)
Risk category 1 (%)
Low risk 218 (57.07) 55(57.29) 0.97
High risk 164 (42.93) 41 (42.71)
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Fig. 2 Feature selection using the LASSO regression algorithm and the performance of the baseline logistic regression model

A: The LASSO coefficients of the 581 features; B: Mean square error with respect to log(R). The average binominal deviance values for each model
at a given A were indicated by the dashed red curve; C: Mean accuracy of the baseline logistic model at a given number of features. Two regional
maxima were found at 4 and 14 features.
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Fig.3 ROC curves of risk group classification models on the training and test sets

A: ROC curve of the QDA model based on clinical features with an area under the ROC curve (AUC) of 0.652 (95% CI: 0.596-0.707) and 0.666 (95%
CI: 0.554-0.777) on the training and test sets. The sensitivity and specificity at the best decision point were 0.341 and 0.945 on the test set. B: LDA
model using fourteen radiomics features with an AUC of 0.849 on the training set and 0.800 on the test set. Sensitivity and specificity were 0.707 and
0.782 on the test set. C: QDA model using four radiomics features with an AUC of 0.831 on both the training and test sets. Sensitivity and specificity
were 0.756 and 0.818, respectively, on the test set. D: Logistic regression model based on clinical and radiomic features with an AUC of 0.830 (95%
CI: 0.788-0.871) and 0.850 (95% CI: 0.773-0.927) on the training and test set, respectively. Sensitivity and specificity were 0.829 and 0.764 on the
test set. E: Comparison of the ROC curves of the three models.
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Tab.3 Model performance measured on the test set
Data AUC 95% CI P value Sensitivity Specificity Accuracy

Clinical 0.666 0.554-0.777 0.0028 0.341 0.945 0.688
CECT-1" 0.800 0.711-0.890 <<0.001 0.707 0.782 0.750
CECT-2" 0.831 0.747-0.914 <0.001 0.756 0.818 0.792
Combined™™” 0.850 0.773-0.927 <0.001 0.829 0.764 0.792

": Model constructed using 14 radiomics features; ~: Model constructed using 4 radiomics features; ~ : Model constructed using 4 radiomics features

and clinical features.
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