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Machine learning models and nomograms based on spectral CT and radiomic features for
predicting the benignancy and malignancy of thyroid nodules
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[Abstract] Objective: To establish the applicability of a predictive model based on spectral computed tomography (CT) parameters
and radiomics features through machine learning for differentiating benign and malignant thyroid nodules. Methods: A retrospective
analysis was conducted on imaging and clinical data from 118 patients with thyroid nodules who underwent spectral CT enhancement
scanning (143 nodules, comprise of 46 benign and 97 malignant nodules). These patients were randomly divided into a training set
(n=100) and a validation set (n=43) in a 7.3 ratio. Discriminative testing, intraclass correlation coefficient (ICC) , and the least
absolute shrinkage and selection operator (LASSO) were employed to select features and calculate a radiomics score (Radscore). Six
machine learning algorithms including decision tree (DT) , random forest (RF) , extreme gradient boosting (XGBoost) , support vector
machine (SVM) , K -nearest neighbors (KNN) , and logistic regression (LR) were utilized to develop models. The optimal model was
selected to construct nomograms. Results: The XGBoost model was demonstrated to be the best in the validation set (AUC: 0.938;
accuracy: 86.05%; sensitivity: 89.29% specificity: 80.00%) , with normalized iodine concentration (NIC) , Radscore, and age identified
as significant predictive factors. The ensuing nomograms exhibited robust performance. Conclusion: The machine learning model that

combines spectral CT and radiomics features with the nomograms provides a highly accurate reference for non-invasive prediction of
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the benignity or malignancy of thyroid nodules.
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Table 1 Basic information of the training and validation sets

Information Training set(n=100) Validation set(n=43) Total (n=143) YA P

Clusters[n(%)] 0.794 0.068

Benign 313D 15(35) 46(32)

Malignant 69(69) 28(65) 97(68)
Sex[n(%)] -0.104 0.747

Female 83(83) 34(79) 117(82)

Male 17C17) 9(21) 26(18)
Age(years,x +s) 53.00 £ 13.73 49.14 + 16.63 51.84 +14.71 -1.339 0.185
NIC(x +5) 0.56 £ 0.19 0.57 £ 0.20 0.56 £ 0.19 0.383 0.705
Nl M(Pas, Prs) ] 2.83(2.09,3.64) 2.85(2.21,3.33) 2.85(2.12,3.58) -0.288 0.773
FT3(pmol/L,x £ ) 4.68 £ 0.69 4.64 + 0.60 4.67 £ 0.66 -0.325 0.746
FT4[ pmol/L, M(Pss, P35) ] 16.45(14.17, 18.80) 15.15(14.00, 19.30) 16.30(14.10, 18.90) -0.326 0.745
TSH[mU/L, M(Pss, P+5) ] 1.72(1.33,2.78) 1.53(1.21,2.64) 1.65(1.27,2.74) -0.564 0.573

A 3, B 60565445403635313025232018118 10 8 76665442221
0.261
0.24 1
g
2 € 0.221
= <
£ =S 0.201
S :
g 0.181
=
0.161
" 0.144 ; ; . .
-2 -6 -5 -4 -3 -2
In(A)
C ; ; ; D
Original_firstorder_Minimum ﬁ
i 37 otk
i 1
Original_firstorder_10Percentile - 21 T
1 _
Original_glszm_LowGrayLevelZoneEmphasis ' 11
®
H ‘g o
Log.sigma.3.0.mm.3D_firstorder_90Percentile - ’§
i [==1
|
H — 1 4
Original_ngtdm_Busyness - _4
| | -2
Log.sigma.4.0.mm.3D_glem_Id _ 4
i i =31
-0.2 0 0.2 0.4 T R
Benign Malignant

Weight

A: LASSO feature selection and tuning, where the vertical dashed line indicated the optimal penalty coefficient A corresponding to the non-zero
features. B: The AUC curve plotted through 10-fold cross-validation, with the dashed lines on the left and right representing Amin and A lse respectively,
Alse was selected for this study. C: The 6 features retained after LASSO filtering and their respective weight coefficients. D : Comparison of the
Radscore obtained by calculation in the training set, where the score for the malignant group was higher than that for the benign group, with a statistical
significance (""P < 0.001).

1 LASSO 5&&HEFFH
Figure1 LASSO and Radscore
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Bk, PN W NIC Ns FT3.FT4. TSH 1 Radscore
HEAT AL, EIIZREET, AUC 2514 0.935.1.000.
1.000.0.953. 1.000+ 0.956; 7E & ilF £ 7, AUC 43 51l

=2

54 0.852.0.910. 0.938.0.902. 0.845.0.886. . 1,
XGBoost & B 7E Y| Zr B AN LG IE 4R b 1 R B N A
(F2.K2),

R SIESR+ 6 7 ML ZZE A TN 1 58

Table 2 Prediction performance of six ML models in the training and validation sets

Algorithm

ACC(%)

SEN(%) SPE(%) PPV(%) NPV(%) PRE(%) REC(%) F1(%)

AUC(95%CD

Training set(n=100, SMOTE: n=38)

DT 89.13 93.55 85.53 84.06 94.20 84.06 93.55 88.55 0.935(0.893-0.977)
RF 100.00 100.00 100.00 100.00 100.00 100.00 100.00  100.00 1.000(1.000-1.000)
XGBoost 100.00 100.00 100.00 100.00 100.00 100.00 100.00  100.00 1.000(1.000-1.000)
SVM 92.03 92.75 91.30 91.43 92.65 91.43 92.75 92.09 0.953(0.915-0.990)
KNN 100.00 100.00 100.00 100.00 100.00 100.00 100.00  100.00 1.000(1.000-1.000)
LR 90.58 91.30 89.86 90.00 91.18 90.00 91.30 90.65 0.956(0.923-0.989)
Validation set(n=43)
DT 81.40 88.46 70.59 82.14 80.00 82.14 88.46 85.19 0.852(0.735-0.970)
RF 76.74 82.14 66.67 82.14 66.67 82.14 82.14 82.14 0.91000.826-0.993)
XGBoost 86.05 89.29 80.00 89.29 80.00 89.29 89.29 89.29 0.938(0.870-1.000)
SVM 74.42 78.57 66.67 81.48 62.50 81.48 78.57 80.00 0.902(0.815-0.990)
KNN 81.40 89.29 66.67 83.33 76.92 83.33 89.29 86.21 0.845(0.716-0.974)
LR 74.42 78.57 66.67 81.48 62.50 81.48 78.57 80.00 0.886(0.788-0.983)
A o0 B DT LR RF XGBoost SYM KNN
' s DT 0.16 0.06 0.25 1.00
0751 ] LR 0.80
£
= 0501 RF 0.60
"R
0251 — LR XGBoost 0.40
— RF
0- : i\ggoosl SYM 0.20
0 025 050 075 100 KNN [XER G 0.34 0.15 034 BEOY o

1-Specificity

Comparison of six ML algorithms on the ROC curves (A) and confusion matrix deLong test(B) in the validation set, showing that the XGBoost had

the best performance.

2 6FIMLEATUMER AL
Figure 2 Compare of six ML algorithms for prediction models
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A: XGBoost model importance gain chart. B: XGBoost SHAP summary plot. The variables were sorted from top to bottom, and it can be observed

that NIC, Radscore, age; A.» and FT3 are the top 5 influential features in the model.
El3 XGBoost {HAITEFERES SHAP HEE
Figure 3 Importance plot and SHAP summary plot of XGBoost model
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Table 3 XGBoost algorithm-variable importance factors for logistic regression

Univariate analysis

Multivariate analysis

Characteristic OR 95% CI 7 P OR 95% CI 7 P
NIC 0.100  0.042-0.200  -5.885  <0.001 0.099 0.032-0233  -4662  <0.001
Radscore 4573 2.853-8.013 5809  <0.001 4918 2.609-10810 4442 <0.001
Age 0954  0926-0981  -3.193  <0.001 0.946 0.902-0.987  -2.465 0.014
Ao 0813  0513-1.135  -1.045 0.296 - - - -
FT3 1061 0.764-1.485 0.355 0.722 - - - -
W, PR P& W R T R I T e 7 AR HFE N RS T mEEN e E

Al PR 58 F A o
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JEARI 25 S5 K, A2 AN B 5CHS R 6 0 R ) [R] S ) LA
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FUTSH (375 PR 22 B BR D e » 32 1M e a2k FF IR A
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REAE 73 AT, REAE 6 7~ A% Gu 2 AR 5 T Te vk R LI U
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I FFCIR il 4y R D7 T B — 5 W 7, Park 5
1 7S AR I 2R A S R AR 3R 4T 2 2R AF L
AUC N 0.75, BRI S5 & CT P41 5 1 SRR E
F e R B 2 T 4P AUC M 0.793. ARHfFFLiz
R T 22 S L | 4 R — B0t VP A 5 LASSO 17
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3ANGUHEFE . Hp, — Y REAE 10Percentile 55
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B=500 repetitions, boot Mean absolute error=0.102, n=43

A: A nomogram was constructed for the training set, incorporating Radscore, NIC, and age. B: Decision curve analysis (DCA) for the validation set.

The horizontal axis represents the threshold probability , while the vertical axis indicates net benefit. The red line depicts the assumption of all cases

being malignant; the green line represents the assumption of all cases being

benign. The DCA of the validation set reveals that when the threshold

exceeds 20% , predictions made using the nomogram offer better clinical benefits. C: The calibration curve for validation set was obtained through 500

bootstrap resampling. The 45° line represents ideal performance, and a closer proximity between the two curves indicates higher precision. The absolute

error of the validation set was 0.102.

El4 FIZEA) FEfZ(B) 5RE/MLZ(C) 2
Figure 4 The nomogram(A),DCA(B), and the calibration(C) curves
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