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[ Abstract] Objective To analyze the radiomic and clinical features extracted from 2D ultrasound images of
thyroid tumors in patients with Hashimoto's thyroiditis (HT) combined with papillary thyroid carcinoma (PTC) using
machine learning (ML) models, and to explore the diagnostic performance of the method in making preoperative
noninvasive identification of cervical lymph node metastasis (LNM). Methods A total of 528 patients with HT
combined with PTC were enrolled and divided into two groups based on their pathological results of the presence or
absence of LNM. The groups were subsequently designated the With LNM Group and the Without LNM Group. Three
ultrasound doctors independently delineated the regions of interest and extracted radiomic features. Two modes,
radiomic features and radiomics-clinical features, were used to construct random forest (RF), support vector machine
(SVM), LightGBM, K-nearest neighbor (KNN), and XGBoost models. The performance of these five ML models in the
two modes was evaluated by the receiver operating characteristic (ROC) curves on the test dataset, and SHapley Additive
exPlanations (SHAP) was used for model visualization. Results All five ML models showed good performance, with area
under the ROC curve (AUC) ranging from 0.798 to 0.921. LightGBM and XGBoost demonstrated the best performance,
outperforming the other models (P<0.05). The ML models constructed with radiomics-clinical features performed better
than those constructed using only radiomic features (P<0.05). The SHAP visualization of the best-performing models
indicated that the anteroposterior diameter, superoinferior diameter, original_shape_VoxelVolume, age, wavelet-
LHL_firstorder_10Percentile, and left-to-right diameter had the most significant effect on the LightGBM model. On the

other hand, the superoinferior diameter, anteroposterior diameter, left-to-right diameter, original_shape_VoxelVolume,
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original_firstorder_InterquartileRange, and age had the most significant effect on the XGBoost model. Conclusion ML

models based on radiomics and clinical features can accurately evaluate the cervical lymph node status in patients with HT
combined with PTC. Among the 5 ML models, LightGBM and XGBoost demonstrate the best evaluation performance.
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Table 1 Baseline data of the patients enrolled

o With LNM  Without LNM
Characteristic

(n=189) (n=339)
Sex/case <0.001
Female 168 329
Male 21 10
Agelyr. 39.93+11.93  44.10£11.92  0.0013
Transverse diameter/case <0.001
<lcm 107 297
>1 cm 82 42
Anteroposterior diameter/case <0.001
<lcm 124 307
>1 cm 65 32
Superoinferior diameter/case <0.001
<lcm 90 279
>1 cm 99 60

LNM: lymph node metastasis.
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Fig 1 Pearson correlation coefficient heatmap of radiomics features
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Fig 2 ROC curves of radiomics feature models and radiomics-clinical features models

A, Radiomics feature models; B, radiomics-clinical features models; n=152.
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Table 2 Performance of five machine learning models constructed with radiomics features

PPV (95% CI)

NPV (95% CI)

Accuracy (95% CI)

1030
Ey)
Model AUC (95% CI) Sensitivity (95% CI)  Specificity (95% CI)
RF 0.747 (0.678-0.817)  0.723 (0.609-0.820)  0.590 (0.498-0.678)
SVM 0.682 (0.605-0.758)  0.645 (0.527-0.751) 0.639 (0.547-0.724)
LightGBM 0.711 (0.635-0.787)  0.684 (0.567-0.786) 0.566 (0.473-0.655)
KNN 0.700 (0.624-0.775)  0.855 (0.756-0.925) 0.426 (0.337-0.519)
XGBoost 0.727 (0.654-0.800)  0.724 (0.601-0.820)  0.582 (0.489-0.671)

0.524 (0.460-0.587)
0.527 (0.455-0.598)
0.495 (0.432-0.558)
0.481 (0.437-0.526)

0.519 (0.456-0.581)

0.774 (0.698-0.835)
0.743 (0.675-0.801)
0.742 (0.666-0.806)
0.825 (0.725-0.894)

0.636 (0.565-0.703)

0.641 (0.570-0.708)
0.641 (0.570-0.708)
0.611 (0.539-0.679)
0.591 (0.519-0.660)

0.772 (0.695-0.834)

0.608

0.580

0.575

0.616

0.604

AUC: area under curve; CI: confidence interval; PPV: positive predictive value; NPV: negative predictive value.

HAYRF, SVM., LightGBM, KNNFIXGBoost/{JAUC3 4
70.884 (95%CI:0.839 ~0.930), 0.798 (95%CI:
0.734 ~ 0.863) . 0.921 (95%CI: 0.885 ~ 0.957) ., 0.813
(95%ClI: 0.747 ~ 0.878) 10.910 (95%ClI: 0.871 ~ 0.950) ([&]2B).

Ak, ZDeLongk 46, Light GBMAIXGBoost/) AUCIEAL
T HABHL S B (P< 0.05) . AR LA 2 F LS B IR
FROEAS LR BLAR 27 I BAL A F (R B | ERR R | R
£, PPVAINPVH NS IR

HREFRHESE SRR MR B ST 382 SRR A

Table 3 Performance of five machine learning models for radiomics-clinical features

PPV (95% CI)

NPV (95% CI)

Accuracy (95% CI)

x3
Model AUC (95% CI) Sensitivity (95% CI)  Specificity (95% CI)
RF 0.884 (0.839-0.930)  0.605 (0.487-0.716) 0.951 (0.896-0.982)
SVM 0.798 (0.734-0.863)  0.553 (0.434-0.667) 0.893 (0.825-0.942)
LightGBM  0.921 (0.885-0.957)  0.697 (0.581-0.798)  0.902 (0.834-0.948)
KNN 0.813 (0.747-0.878)  0.737 (0.623-0.831)  0.795 (0.713-0.863)
XGBoost 0.910 (0.871-0.950)  0.645 (0.527-0.751)  0.918 (0.854-0.960)

0.885 (0.775-0.945)
0.764 (0.650-0.849)
0.815 (0.717-0.885)
0.691 (0.606-0.765)

0.831 (0.726-0.901)

0.795 (0.745-0.837)
0.762 (0.713-0.806)
0.827 (0.772-0.871)
0.829 (0.767-0.877)

0.806 (0.753-0.849)

0.818 (0.757-0.869)
0.763 (0.697-0.820)
0.823 (0.763-0.874)
0.773 (0.708-0.829)

0.813 (0.752-0.865)

0.719

0.641

0.752

0.713

0.726

AUC: area under curve; CI: confidence interval; PPV: positive predictive value; NPV: negative predictive value.

LA, SR HIDeLong A6 56X HLITAG AR 2 25 5 5
1R 2= 25 B G RFFAE AR MR RE, SR A2 R R4S Bl
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PR (P<0.05) (64) .

F 4 DeLongh b B8 1R 48 SASRITNBR 4B 5 55 & I FRASAE AR B 1 B8

Table4 Performance comparison of the radiomics models and the

radiomics-clinical models using the DeLong's Test

Radiomics models  Radiomics-clinical models

Model (AUC [95% CI]) (AUC [95% CI]) P

RF 0.747 (0.678-0.817) 0.884 (0.839-0.930) <0.0001
SVM 0.682 (0.605-0.758) 0.798 (0.734-0.863) 0.0067
LightGBM 0711 (0.635-0.787)  0.921 (0.885-0957)  <0.0001
KNN 0.700 (0.624-0.775) 0.813 (0.747-0.878) 0.0070
XGBoost 0.727 (0.654-0.800) 0.910 (0.871-0.950) <0.0001
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