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Abstract: Objective To develop a neural network-based deep learning model for predicting postoperative recurrence in
thyroid tumor patients and validate the model with external datasets for providing clinicians with a reliable decision support
tool. Methods An artificial neural network structure was adopted in the study, with thyroid tumor data from the SEER
database serving as the training set. External validation was conducted with open-source data from the University of
California, Irvine (UCIrvine), and the data from 100 patients at a general tertiary hospital in Hunan province. The model's
accuracy and reliability in predicting recurrence were evaluated through multiple performance metrics. Results Experimental
results showed that the model outperformed Logistic model in recurrence prediction, with accuracy, recall rate, precision and
F1 score reaching 0.915 3, 0.981 8, 0.921 1 and 0.947 4 in internal validation. Moreover, the model achieved accuracies,
recall rates, precisions, F1 scores and ROC_AUC values of 0.832 9, 0.945 5, 0.841 4, 0.890 4 and 0.78 on the UCIrvine
validation set, while 0.870 0, 0.880 0, 0.862 7, 0.871 3 and 0.80 on the local validation set. Conclusion This neural network-
based predictive model exhibits excellent performance in thyroid tumor recurrence prediction, providing clinicians with a
valuable decision support tool that can help optimize postoperative treatment plans and improve patient prognosis
management.
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Table 1 Feature names and their meanings
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Figure 1 Model structure diagram
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Table 2 Classification frequency of the training dataset

IR SRR hOChREE KEE  BE
Gender F bk 244 149
Gender M A 51 146
Radiotherapy History No TETIRYT L 146 78
Radiotherapy History Yes FEp i E iRt d 149 217
Types of Thyroid Cancer (Pathology) Follicular T8 0L TR FRRR 98 15 26
Types of Thyroid Cancer (Pathology) Hurthel cell Hurthle £ g 784 FR Bt 5 23
Types of Thyroid Cancer (Pathology) Papillary with Follicular Variant il SV DS ING R N3 59 50
Types of Thyroid Cancer (Pathology) Micropapillary TRl S AU FER B e 55 19
Types of Thyroid Cancer (Pathology) Papillary LR IR g 153 150
Types of Thyroid Cancer (Pathology) Medullary HHERE R AR 8 27
Focality_Multi-Focal EZsRis 14 70
Focality Uni-Focal gt 281 225
T, IR A R 3 em 169 44
T, iR AL 1 em 90 21
T, T 1 em (HAN S 2 cm 79 23
T, iR R T 3 em (A 5 cm 60 29
T, IR KT 5 em (HAS S 7 om 59 115
T, BRI R F 7 em 7 107
T, noscs) fifgE KT 7 em HoAR B EVEH 0 1
T,, JitsEa K F 7 em H B4 H FIRAR 7 50
T JifEE K F 7 om LRI (R A 4B 4544 0 56
N, ToX Bk L2455 72 218 120
N, S e X A B 25 5 38 48
N, S DX B 45 e R 32 114
N,NOS DB I 5 A A% e R DL R N 7 10
NX R DL ICIR AL 0 3
M, pmi 291 215
M, EEpIr YT 4 80
Stage First-Stage Hi—BirB 217 28
Stage Second-Stage B 26 14
Stage Third-Stage 5B B 33 56
Stage IVA IVA BBt 17 89
Stage IVB IVB BBt 0 27
Stage IVC IVC BBt 2 78
Stage IVNOS IV B BEAR PEAL 0 3
Recurred No KEK 295 0
Recurred_Yes 2R 0 295
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Table 3 Classification frequency of UCIrvine external dataset
Y GE 3 €A bR TE No Yes
Gender F p-gis 246 66
Gender M Bk 29 42
Radiotherapy History No TCHHATT 274 102
Radiotherapy History Yes A AT 1 6
Types of Thyroid Cancer (Pathology) Follicular &0 T PR 16 12
Types of Thyroid Cancer (Pathology) Hurthel cell Hurthle Zil fg 7Y B AR AR 14 6
Types of Thyroid Cancer (Pathology) Micropapillary LSk T IR iR e 48 0
Types of Thyroid Cancer (Pathology) Papillary FLIR FUIR 197 90
Focality Multi-Focal ZHErE 66 70
Focality Uni-Focal EBSR o 209 38
Tumor_tumor that is 1 cm or smaller IREASKE L 1 em 48 1
Tumor_tumor larger than 1 ¢cm but not larger than 2 cm JidEE R F 1 em AN 2 cm 38 5
Tumor_tumor larger than 3 cm but not larger than 5 cm R RT3 em (H AT 5 cm 131 20
Tumor_tumor larger than 5 cm but not larger than 7 cm IERT S em (B4 7 cm 57| 55
The tumor is larger than 7 cm and has extended beyond the thyroid gland. MERT 7 em HE K H HUR AR 119
The tumor is larger than 7 cm and has invaded adjacent structures. i KT 7 em HWR R AR 4548 0 8
Lymph Nodes_no evidence of regional lymph node metastasis JCIX Stk I 2577 7% 241 27
Lymph Nodes_regional lymph node metastasis in the central of the neck S Hh e X L 2 A RS 12 10
Lymph Nodes_regional lymph node metastasis in the lateral of the neck UM X Ik L 55 % 75 22 71
Cancer Metastasis_no evidence of distant metastasis T b7 275 90
Cancer Metastasis_the presence of distant metastasis A AR 0 18
Stage First-Stage FE—HrEt 268 65
Stage Second-Stage 5 BB 7 25
Stage Third-Stage 5 =B 0 4
Stage IVA IVA BBt 0 3
Stage IVB IVB BBt 0 11
Recurred No KEK 275 0
Recurred Yes g2k 0 108
R4 KN EREIRER 53 LI
Table 4 Classification frequency of local external dataset
JF IR S HA R rh SChRTE No Yes
Gender F Lk 62 16
Gender M Bk 14 8
Radiotherapy History No TCHCBTT 74 20
Radiotherapy History_Yes AT 2 4
Types of Thyroid Cancer (Pathology) Follicular DB R i 4 3
Types of Thyroid Cancer (Pathology) Hurthel cell Hurthle 2 fitd 784 B AR 5 0 1
Types of Thyroid Cancer (Pathology) Micropapillary oL Sk B F R AR 2 3
Types of Thyroid Cancer (Pathology) Papillary LR BOBR B 70 17
Focality Multi-Focal EZsR s 21 16
Focality Uni-Focal AL 55 8
Tumor_tumor that is 1 cm or smaller JipE AL 1 em 12 0
Tumor_tumor larger than 1 ¢cm but not larger than 2 cm PR KT 1 em AL 2 em 4 0
Tumor_tumor larger than 3 cm but not larger than 5 cm JlgE KT 3 em (HAHE L S cm 50 8
Tumor_tumor larger than 5 cm but not larger than 7 cm MIERT 5 em (B4 7 em 7 6
The tumor is larger than 7 cm and has extended beyond the thyroid gland. MR 7 em HLE A H HUR IR 2 7
The tumor is larger than 7 cm and has invaded adjacent structures. MK T 7 cm IR IRALRE S 1 3
Lymph Nodes_no evidence of regional lymph node metastasis TCIX Stk L 2577 7% 73 9
Lymph Nodes_regional lymph node metastasis in the central of the neck SIS H g X el pk L 5 A A 0 8
Lymph Nodes_regional lymph node metastasis in the lateral of the neck ST X Ik L 25 7 75 3 7
Cancer Metastasis_no evidence of distant metastasis Tom A F 76 20
Cancer Metastasis_the presence of distant metastasis AR 0 4
Stage First-Stage B 69 0
Stage Second-Stage 5 KB 4 6
Stage Third-Stage =B 0 5
Stage TVA IVA BBt 0o 2
Stage VB IVB BBt 3011
Recurred No KEK 76 0
Recurred Yes 2R 0 24
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Figure 3 Validation results on the UCIrvine dataset
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Figure 4 Validation results on the local dataset
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