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Objectives: The growing incidence of differentiated thyroid cancer (DTC) have

been linked to insulin resistance and metabolic syndrome. The imperative need

for developing effective diagnostic imaging tools to predict the non-iodine-avid

status of lung metastasis (LMs) in differentiated thyroid cancer (DTC) patients is

underscored to prevent unnecessary radioactive iodine treatment (RAI).

Methods: Primary cohort consisted 1962 pretreated LMs of 496 consecutive

DTC patients with pretreated initially diagnosed LMs who underwent chest CT

and subsequent post-treatment radioiodine SPECT. After automatic lesion

segmentation by SE V-Net, SE Net deep learning was trained to predict non-

iodine-avid status of LMs. External validation cohort contained 123 pretreated

LMs of 24 consecutive patients from other two hospitals. Stepwise validation was

further performed according to the nodule’s largest diameter.

Results: The SE-Net deep learning network yielded area under the receiver

operating characteristic curve (AUC) values of 0.879 (95% confidence interval:

0.852–0.906) and 0.713 (95% confidence interval: 0.613–0.813) for internal and

external validation. With the LM diameter decreasing from ≥10mm to ≤4mm, the

AUCs remained relatively stable, for smallest nodules (≤4mm), the model yielded

an AUC of 0.783. Decision curve analysis showed that most patients benefited

using deep learning to decide radioactive I131 treatment.
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Conclusion: This study presents a noninvasive, less radioactive and fully

automatic approach that can facilitate suitable DTC patient selection for RAI

therapy of LMs. Further prospective multicenter studies with larger study

cohorts and related metabolic factors should address the possibility of

comprehensive clinical transformation.
KEYWORDS

differentiated thyroid cancer, radioactive iodine therapy, lung metastases, RAI
refractory, deep learning
1 Introduction

In recent decades, there has been a simultaneous rise in

metabolic abnormalities, including chronic inflammation and

insulin resistance, as well as an increase in the prevalence and

incidence of thyroid cancer globally (1). The escalation of thyroid

cancer may be linked to insulin resistance (2–4). Differentiated

thyroid cancer (DTC) is the most common subtype, comprising

approximately 95% of all cases (5, 6). Established risk factors for

DTC include exposure to radiation, deficiencies or excesses in

iodine, and the consumption of alcohol and tobacco. In recent

studies, an increased prevalence of metabolic abnormalities, such as

insulin resistance, obesity, hyperinsulinemia, and diabetes mellitus,

has been associated with a higher incidence of differentiated thyroid

cancer (7, 8).

Although most DTC carry with indolent clinical course and

show good prognosis, metastatic DTC could be fatal, with 10% of

patients developing distant metastasis (9, 10). Lung is the most

common site for distant metastases in DTC, and lung metastases

(LMs) has been reported accounting for 4% in adult DTC (11), with

a higher risk in children and young adults, with an incidence rate up

to 23% -25% (12, 13). The treatment of DTC typically involves total

thyroidectomy followed by radioactive I131 therapy (14) (RAI).

According to the iodine-concentrating status, LMs are classified

as RAI-avid and RAI-refractory. RAI therapy is only recommended

for patients with RAI-avid lung metastases. I131 therapy has shown

limited efficacy in both the detection and treatment of RAI-

refractory lung metastases. For those cases, the consideration of

treatments with tyrosine kinase inhibitors are recommended. A
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timely shift in treatment strategy towards target therapy, followed

by RAI therapy, may potentially reverse resistance to RAI in

metastatic differentiated thyroid cancer (5, 15, 16).

The key challenge in utilizing RAI for DTC patients with LMs

lies in the selection of patients who are likely to benefit from

radioactive I131 and the exclusion of those with RAI-refractory

LMs. The diagnosis of RAI-refractory lung metastases was mainly

relied on diagnostic radioiodine whole-body scanning (DxWBS),

which assesses the uptake of radioactive I131 in LMs prior to I131

therapy. However, the utilization of DxWBS has significantly

declined over the past two decades (17), due to concerns

regarding the potential short-term morbidity (18) and risk of

secondary malignancy (19), especially in pediatric and young

patients (20) with metastatic DTC. Currently in China, DxWBS is

not routinely conducted prior to RAI treatment for patients with

distant metastatic DTC. Following clinical diagnosis of LMs post-

thyroidectomy, DTC patients are typically treated with radioactive

iodine and undergo post-treatment-WBS (RxWBS). However, in

cases of RAI-refractory LMs, patients may receive unnecessarily

high doses of radioactive I131, presenting a significant clinical

challenge. Both diagnostic (DxWBS) and post-treatment

(RxWBS) scans are unable to accurately predict iodine uptake in

lung metastases without the administration of radioactive I131,

potentially leading to unnecessary radioactive accumulation and

treatment delay in DTC patients with RAI-refractory LMs. The

imperative need for developing effective diagnostic imaging tools to

predict the non-iodine-avid status of lung metastasis in DTC is

underscored in order to prevent unnecessary radioactive iodine

treatment and tailor effective therapeutic interventions, such as

targeted therapy, for individual patients.

The American Thyroid Association Guidelines (14)

recommended the use of chest CT for identifying RAI-refractory

DTC in routine clinical practice. However, actually distinguishing

the initial iodine-concentrating status of DTC lung metastases on

CT scans poses a challenge for clinicians. Radiology artificial

intelligence enables the extraction of image-driven biomarkers for

the objective in-depth classification of tumor phenotypes (21) and

their microenvironment in DTC patients. However, the feasibility

of artificial intelligence utilizing routine chest CT scans to predict

non-iodine-avid LMs from iodine-avid LMs remains to be
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determined. The identification of CT-driven biomarkers may

facilitate the noninvasive classification of non-iodine-avid status

of LMs in DTC patients, thereby assisting in timely clinical

decision-making for selecting patients most likely to benefit from

RAI therapy.

It is an urgent clinical problem to predict the initial I131 uptake

of lung metastases in patients with differentiated thyroid cancer

without introducing any radionuclides, so as to predict the efficacy

of radioactive I131 therapy. In this research, it was hypothesized that

distinct image-driven biomarkers present in non-contrast chest CT

scans prior to radioactive iodine treatment could indicate varying

levels of tumor heterogeneity between noniodine-avid and iodine-

avid lung metastases in patients with differentiated thyroid cancer.

To test this hypothesis, an automated and noninvasive approach

utilizing two deep learning networks was developed to differentiate

RAI-refractory lung metastases from RAI-avid lung metastases in

differentiated thyroid cancer patients based on pre-treatment non-

contrast chest CT scans. To assess the generalizability of the models,

internal and external validations were conducted across multiple

medical centers.
2 Materials and methods

2.1 Study design and participant

This observational study was in accordance with the

Declaration of Helsinki and obtained institutional review board

(IRB) approval of the Ethics Committee of Zhejiang Cancer
Frontiers in Endocrinology 03
Hospital (IRB-2022149), with written informed consent waived

according to the rules. External validation was conducted

retrospectively from data obtained for clinical purposes, and the

Ethics Committee of Fudan University Shanghai Cancer Center and

the Ethics Committee of Shanghai Tenth People’s Hospital have

confirmed that no ethical approval was required. The STROBE

guideline was used for reporting in this study.

Figure 1 (by Figdraw) shows the flowchart of this study. The

medical records of 496 consecutive DTC patients with pretreated

initially diagnosed LMs who underwent both chest CT and

subsequent RxWBS single-photon emission computed tomography

(SPECT) between February 2009 and October 2022 admitted in the

nuclear medicine ward of Zhejiang Cancer Hospital were reviewed.

The CT images and subsequent RxWBS SPECT scans at the time of

initial LMs diagnosis were independently reviewed by a nuclear

medicine physician (YW, with 9 years of experience) and

rechecked by a nuclear medicine professor (more than 20-year

experience in the diagnosis and treatment of DTC LMs). LMs were

classified as either RAI-avid or RAI-refractory according to the I131

uptake onWBS: LMs with clear uptake onWBS were defined as RAI-

avid and LMs without visible or with <10% uptakes were defined

as RAI refractory (22–24). The inclusion criteria were: 1) a

histopathologically confirmed DTC; 2) performance of chest CT

scans when LMs was first appeared; 3) with pretreated LMs

diagnosed by following histopathology or RxWBS SPECT (RAI-

avid); 4) For RAI-refractory LMs we applied more strict criteria

than common clinical diagnosis: a) with <10% uptake on RxWBS or

b) LMs without visible uptake on RxWBS SPECT and with a

pathological conformation or c) LMs without visible uptake on
A B

FIGURE 1

The flowchart of this study. (A) shows the research mechanism diagram of this study. (B) shows the study flowchart. In this multicenter study, a total
of 520 patients with differentiated thyroid cancer treated at three large medical centers in China were included, with a collective total of 2085 lung
metastases. After automatic lesion segmentation by SE V-Net, SE Net deep learning was trained to predict non-iodine-avid status of LMs. ROI,
region of interest; RAI, radioactive I131 treatment; DTC, differentiated thyroid cancer.
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RxWBS SPECT and with increasing thyroglobulin level and

increasing in size of 6-month to 2-years follow-up by CT (in such

case: RxWBS SPECT, medical records including serial thyroglobulin

levels and serial CT scans would be rechecked through the

multidisciplinary team composed of two radiologists and two

nuclear medicine physicians, consistent diagnosis was made to

determine RAI-refractory LMs), which satisfied diagnostic criteria

of metastatic pulmonary disease (25); 5) availability of RxWBS

SPECT scans with an interval of no more than two weeks between

CT and subsequent RxWBS SPECT; 6) did not have cancer history

other than DTC. Exclusion criteria included: 1) RAI treatment for

LMs prior to initial LMs CT scans; 2) presence of compound cancer
Frontiers in Endocrinology 04
history; 3) unavailable of CT, RxWBS SPECT ormedical data; 4) poor

image quality that may hinder further analysis.

All the models were applied at per lesion level. In the primary

cohort, for those patients with multiple LMs, only ≤ 5 lesions were

randomly selected in further analysis. The detailed CT imaging

parameters are listed in Supplementary A. Independent external

validation cohort contained 24 consecutive DTC patients with

pretreated LMs between October 2015 and October 2023 from

Fudan University Shanghai Cancer Center (3 females, 6 males) and

Shanghai Tenth People’s Hospital (11 females, 4 males). For those

patients with multiple LMs in external validation cohorts, all lesions

were selected in further analysis.
A

B

FIGURE 2

The architecture of our deep learning networks. (A) The pipeline of the automatic ROI segmentation network based on SE V-Net deep learning in
this study. (B) Details of a SE Block and the pipeline of the deep learning network in this study based on SE Net.
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2.2 Image preprocessing and automatic
ROI segmentation

CT scans were resampled into 1mm*1mm*1mm and were

normalized into [0, 1]. Previously, we developed an automatic

region of interest (ROI) segmentation network based on SE V-

Net for DTC LMs. Figure 2A depicts the pipeline of this deep

learning network. According to the chronological order, all the LMs

of the 1st-187th DTC patients were manually segmented. A total of

1275 LMs were segmented on CT images by a skilled radiologist

(ANZ), including 1034 subcentimeter LMs and 241 larger LMs. The

delineations were then validated by a professor (YJG) and served as

the ground truth for the study. The ROIs were subsequently

partitioned into training (932) and validation (343) sets to

construct the segmentation network. The dice coefficient between

manual and automatic segmentation was evaluated. All CT images

were input into this model for automatic segmentation and then

reviewed by a radiologist (XYG.) to define the final ROI.
2.3 SE Net deep learning

Anaconda (Conda 4.13.0, Python 3.9.7, Continuum Analytics

Inc., Austin, TX, USA) was used to build the model. Figure 2B

demonstrates the pipeline of the deep learning network in this study

based on SE Net. This model was constructed based on a

combination of SE and Res modules. Initially, a batch containing

a 3D image of dimensions (1, 32, 48, 48) was inputted into the

model. Given that the CT image was monochromatic, the number

of channels utilized was 1. The input layer consisted of 64 channels,

followed by the subsequent residual module with SE module. After

two 3 × 3 × 3 convolution layers and a SE module, the

downsampling with 2 × 2 maximum pool was performed and

sent to the next residual module after being directly added to the

original input. The next residual module doubled the number of

characteristic channels to 128. After a total of 4 residual modules, a

Batch composed of (512) 3D images was output. After average pool

compression, the global space was output to the full connection

layer to get a probabilistic result. Among them, SE-Block was the

key compression excitation module, which can compress the output

results of the convolution layer in the global space, form a sequence

of channel weights, learn the interdependent relationship between

channels, re-calibrate the weights of each characteristic channel,

and make the network pay attention to the channels with larger

weights. The original feature map output of the convolution layer

was first compressed in the global space to form a channel weight

sequence, and then the weight of each characteristic channel was re-

calibrated through two layers of linear layers. In the first layer, the

number of characteristic channels was compressed to 1 stroke 4,

and after ReLU activation function, the number of channels was

extended to the original size and each weight value was mapped to

0–1 by Sigmoid activation function. Then the filtered channel

weight sequence was multiplied by the original feature graph

output of the convolution layer to achieve the redistribution of

the channel weight.
Frontiers in Endocrinology 05
2.4 Statistical analysis

The area under the receiver operating characteristic curve

(AUC) with 95% confidential interval (CI) and accuracy (ACC),

specificity, sensitivity, negative predictive value (NPV) and positive

predictive value (PPV) were calculated to evaluate discrimination

performance. Statistical analysis was performed using Anaconda

(Conda 4.13.0, Python 3.9.7, Continuum Analytics Inc., Austin, TX,

USA). The Chi-square test was used to compare categorical

variables between subsets, and the independent-samples t-test was

used to compare continuous variables. A p-value < 0.05 indicated a

statistically significant difference.
3 Results

3.1 Patients characteristics

Table 1 shows the characteristics of DTC patients with lung

metastases. Statistical analysis indicated that there was no statistically

significant difference (P=0.08) in sex between initial RAI-avid group and

initial RAI-refractory group in the primary cohort. The age of patients in

RAI-refractory group was found to be significantly older than that in

RAI-avid group (P <0.001). The median largest diameter of RAI-avid

group was 8.50 ± 5.68 mm. The median largest diameter of RAI-

refractory group was 8.87 ± 4.35mm. There was no significant difference

in the overall diameter between RAI-avid and RAI-refractory groups

(P=0.06). The distribution of the largest diameter for both RAI-avid and

RAI-refractory groups in the primary cohort are shown in

Supplementary B. The segmented LMs were randomly assigned to

the training group and the validation group at a ratio of 7:3. In the

training group, 733 lung metastatic lesions (54.42%) were classified as

RAI-avid lung metastases, while 614 lung metastatic lesions (45.58%)

were classified as RAI-refractory lung metastases. In the internal

validation group, 344 (55.93%) lung metastases exhibited RAI-avid

characteristics, while 271 (44.07%) were classified as RAI-refractory lung

metastases. There was no statistical difference in the diameter
TABLE 1 Clinical characteristics in the primary cohort and
external cohorts.

Primary
Cohort (n=496)

External
Cohorts (n=24)

RAI-avid
n=318

RAI-
refractory
n=178

RAI-avid
n=11

RAI-
refractory
n=13

Sex

Male 104 (32.70%) 72 (40.45%) 5 (45.45%) 5 (38.46%)

Female 214 (67.30%) 106 (59.55%) 6 (54.55%) 8 (61.54%)

Age, years 49.24 ± 15.90 54.93 ± 16.31 52.3 ± 19.72 49.15 ± 12.31

Max
diameter,
mm

8.50 ± 5.68 8.87 ± 4.35 6.40 ± 2.45 6.83 ± 2.52
RAI, radioactive I131 therapy.
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distribution within the training and internal validation groups (P=0.30).

The detailed patient characteristics of the external validation cohorts

from Fudan University Shanghai Cancer Center and Shanghai Tenth

People’s Hospital were presented in Table 1. In external cohorts, there

were 11 patients with 40 RAI-avid LMs and 13 patients with 83 RAI-

refractory LMs. The nodule sizes in the external cohorts were

significantly smaller than those in the primary cohort (P <0.001).
3.2 Segmentation performance

TheDice Loss was used to evaluate the similarity between predictive

segmentation mask (Predicted Mask) and real segmented image

(Ground Truth), with the relationship defined as Dice Loss=1-Dice

Coefficient. In this study, Dice loss served as the loss function for

training SE V-Net, utilizing the Adam optimization algorithm. The

learning rate was set at 0.01 for a total of 320 rounds of training. The

Dice coefficient and Dice loss values for each round (Each Epoch) in the

training set are presented in Supplementary C. The Dice coefficient

exhibited rapid improvement in the first 20 rounds of training, followed

by continuous fluctuations until the model achieved stability around

250th round. Upon completion of training in the final 320th round, the

Dice coefficient for the validation set reached 0.821, with a

corresponding Dice Loss of 0.179, demonstrating the successful

implementation of an automatic ROI segmentation approach.

Through this automatic deep learning method, the nodule region in

the image can be segmented quickly, and then the independent nodule

can be obtained by detecting the connected domain.
3.3 Prediction performance of overall
nodule size

The AUC curves in internal and external validation were

depicted in Figure 3, while Table 2 outlined the detailed
Frontiers in Endocrinology 06
diagnostic performance of all nodule sizes in the internal

validation. The AUC values for internal validation were 0.879

(95% CI: 0.852–0.906) and 0.713 (95% CI: 0.613–0.813). The

accuracy rates for internal and external validation were 78.86%

and 69.11%, respectively, with the sensitivity values of 0.768 and

0.723, and the specificity values of 0.805 and 0.625, respectively. The

positive predictive values for internal and external validation were

0.756 and 0.800, respectively, while the negative predictive values

were 0.815 and 0.721.

The decision curve analysis (DCA) depicted in Figure 4

indicated that within a large range of high-risk probabilities, the

utilization of deep learning diagnosis based on non-contrast

pretreatment CT scans for determining radioactive I131 treatment

decisions for differentiated thyroid cancer patients with lung

metastases yielded a greater clinical benefit compared to the

strategies of treating all or treating none in the internal validation

group. Supplementary D shows the representing CT images of a

RAI-avid LM and a RAI-refractory LM and the heat maps of the

features for the SE Net deep learning model.
3.4 Stepwise validation of different
subgroups in the internal validation

Despite the absence of a significant discrepancy in the overall

diameter between RAI-avid and RAI-refractory groups, diagnosing

smaller lung metastases proves to be more challenging in clinical

practice. Furthermore, the AUC value of the external validation was

lower than that of the internal validation. On one hand, the sample

of the external validation was smaller than the internal validation;

on the other hand, the nodule size of external cohorts was

significantly smaller than that in the primary cohort. To

investigate the impact of smaller nodule size on the model’s

predictive performance, we conducted stepwise validation based

on the sizes of the lung metastatic nodules. These nodules were
A B C

FIGURE 3

The receiver operating characteristic curves of validation groups. (A) The receiver operating characteristic curve of all nodules in independent
internal validation. (B) The receiver operating characteristic curve of all nodules in independent external validation. (C) The receiver operating
characteristic curve in stepwise internal validation of different nodule sizes. AUC, area under the receiver operating characteristic curve.
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further divided into seven subgroups by the largest diameter as

follows: ≥10mm, among 9mm, 8mm, 7mm, 6mm, 5mm, ≤ 4mm.

Overall, the ≥10mm subgroup showed a higher likelihood of

accurate prediction by deep learning model; and the AUCs

remained relatively stable for 5mm to 9mm subgroups, but

decreased for ≤ 4mm subgroup (Figure 3). For the ≤ 4mm

subgroup, the SE-Net deep learning network achieved an AUC

value of 0.783 for internal validation; the accuracy, sensitivity,

specificity, positive predictive value, and negative predictive value

were 75.00%, 0.652, 0.818, 0.714, and 0.771, respectively.
4 Discussion

The rising occurrence of DTC has been attributed to insulin

resistance and metabolic syndrome (26). To predict I131 avidity
Frontiers in Endocrinology 07
noninvasively and with less radioactivity before radioactive I131

therapy treatment is crucial for the differentiated thyroid cancer

patient with lung metastases. This study utilized a noninvasive and

fully automatic deep learning approach based on pretreatment non-

contrast chest CT scans to predict the iodine-avid status of lung

metastatic nodules of radioactive I131 therapy treatment in

differentiated thyroid cancer patients. The deep learning networks

demonstrated robustness in both internal and external validation

processes. Stepwise validation indicated the model’s stability even as

the lung metastatic nodule largest diameter decreased from 9mm to

5mm. This study represents a novel demonstration of fully

automatic, noninvasive and less radioactive approach that may

aid DTC patient selection for lung metastases of radioactive I131

and identify patients with the RAI-refractory LMs before treatment

to avoid unnecessary radiation and proper treatment delay, thus

assisting clinical decision-making.

A notable proportion of fatalities among patients with

differentiated thyroid cancer were attributed to secondary

malignancies. In a longitudinal study spanning 30–50 years and

involving 215 individuals diagnosed with thyroid cancer before the

age of 21, the primary cause of death (68%) was identified as

secondary cancer, with 73% of deceased patients(19) having received

cumulative doses of radioactive I131. In accordance with established

principles of radioprotection (27), it is imperative to limit

unnecessary radiation exposure in order to minimize the use of

radioactive agents, especially in cases where minimal therapeutic

benefit is anticipated. However, DTC patients with initial

radioiodine-refractory lung metastases would not derive benefit

from radioactive I131 therapy (28). Therefore, the use of less

radioactive diagnostic methods is necessary to accurately predict

the iodine-avid status of lung metastases in differentiated thyroid

cancer, allowing for the assessment of treatment strategies

in advance.

RAI-refractory cells in lung metastases of differentiated thyroid

cancer patients may lose their ability to uptake iodine, but PET/CT

tended to show positive uptake on fluorodeoxyglucose (29).

Nakajoet al. observed a sensitivity, specificity, and accuracy of

45% (33 out of 73 lesions), 100% (207 out of 207 lesions), and

85.7% (240 out of 280 lesions) for distant metastases in

differentiated thyroid cancer, with the low sensitivity potentially
FIGURE 4

The decision curve analyses of the deep learning model in the
internal validation. Figure 4 shows the decision curve analyses of the
SE Net deep learning in the internal validation.
TABLE 2 Deep learning diagnosis performance in internal validation.

Accuracy AUC Sensitivity Specificity PPV NPV

All 78.86% 0.879 0.768 0.805 0.756 0.815

≥10mm 85.14% 0.943 0.833 0.864 0.806 0.884

9mm 78.46% 0.822 0.829 0.708 0.829 0.708

8mm 75.34% 0.851 0.806 0.714 0.676 0.833

7mm 79.12% 0.894 0.816 0.774 0.721 0.854

6mm 76.53% 0.879 0.696 0.827 0.780 0.754

5mm 76.19% 0.860 0.656 0.827 0.700 0.796

≤4mm 75.00% 0.783 0.652 0.818 0.714 0.771
AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value.
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attributed to the limited resolution of PET for small lung metastases

(30). Considering the scanning time, cost and availability, the

routine PET/CT in most cases was unsatisfactory. Agate et.al (31)

proposed that for the detection of lung metastases in DTC patients,

chest examination using CT is preferable to PET/CT due to its

superior spatial resolution in visualizing lung nodules. Additionally,

the radiation dose associated with chest CT is lower comparing with

DxWBS, RxWBS or PET/SPECT. Given the widespread availability

and routine use of chest CT, the deep learning model developed in

our study could serve as a viable alternative for monitoring the

progression of lung metastases in DTC patients during longitudinal

RAI treatment, offering greater efficacy than PET/CT while

simultaneously reducing radiation exposure.

Age, sex, and tumor size are established prognostic factors in

differentiated thyroid cancer. Previous studies indicated that

patients over 55 years have a poorer response to RAI therapy (32)

and a worse overall prognosis (33) in thyroid cancer with lung

metastases, with mortality rates increasing with age (34). Consistent

with these findings, the average age of patients in RAI-refractory

group were 5 years older (P <0.05) than those in RAI-avid group in

the primary cohort. Additionally, male gender has been associated

with a worse prognosis compared to female gender. Moreover, the

RAI-refractory group patients were older and had larger lung

metastatic nodules in our study (22, 23, 35, 36).

Previous research has indicated that smaller lesions, specifically

those less than 1cm in size, are associated with a more favorable

prognosis in patients with metastatic differentiated thyroid cancer.

A recent study highlighted the significance of the initial size of these

metastatic lesions as a key predictor of prognosis and survival.

Additionally, RAI therapy was more effective in treating smaller

lesions compared to larger lesions. The median largest diameter of

RAI-avid group was 8.50 ± 5.68mm, while the median largest

diameter of RAI-refractory group was 8.87 ± 4.35mm. However,

statistical analysis indicated that distinguishing iodine uptake based

solely on the largest diameter of lung metastatic nodules was not

feasible (P>0.05). Smaller lung metastases were found to be more

challenging to diagnose compared to larger lung metastases. The

AUC value for external validation was lower than that of internal

validation, potentially due to the limited sample size and smaller

nodule size of the external validation cohort. Additionally, the

nodules in external cohorts were significantly smaller than those

in the primary cohort (P<0.01). Furthermore, stepwise validation in

the primary cohort further demonstrated that lung metastases

measuring greater than 10mm were more accurately predicted by

deep learning model. For those size ranging from 5mm to 9mm, the

AUC remained relatively consistent, while for those measuring 4mm

or less, the AUC decreased. In summary, the fully automated non-

invasive deep learning model, utilizing pretreatment non-contrast

chest CT scans, can effectively predict non-iodine-avid lung

metastases across a range of sizes, including those with very small

diameters (≤ 4mm).

Our research demonstrates that CT image-driven biomarkers

can differentiate between RAI-avid and RAI-refractory lung

metastases in patients with DTC, indicating tumor heterogeneity.
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Furthermore, abnormal glucose metabolism including DM,

hyperinsulinemia and insulin resistance, were associated with the

aggressiveness of DTC (37). Therefore, further study is needed to

improve current understanding of inner mechanisms suggesting the

relationship between metabolic abnormalities and RAI-refractory of

radioactive I131 therapy in patients with DTC LMs. Importantly, our

study provided a fully automated tool for predicting non-iodine-

avid status of LMs in DTC noninvasively using CT image-driven

biomarkers. RAI-refractory represents a major obstacle to the

effective treatment for DTC patients with LMs. Understanding

the mechanisms underlying RAI-refractory may lead to the

development of novel treatment strategies for patient

management and long-term survival. Future research should

investigate the potential impact of insulin resistance on the

response to radioactive I131 therapy in metastatic DTC. For

instance, the triglyceride glucose index (TyG) is a novel and

quantitative biomarker of insulin resistance (38), which may

predict papillary thyroid cancer incidence (26). Type 2 diabetes

was an independent risk factor for thyroid cancer specific death

(39). In addition to CT imaging biomarkers, more potential

biomarkers that may predict iodine-avid status and RAI-

refractory need to be explored from a metabolic point of view.

Insulin resistance plays a core role in the disease development of

thyroid cancer, and repairing insulin resistance could improve the

therapeutic effect (40). Further identification of modifiable

metabolic factors affecting DTC lung metastases prognosis has the

potential to improve radioactive I131 therapy treatment and

patients’ outcomes.

This study has several limitations. First, although patients were

enrolled from three of the largest nuclear medicine treatment

centers for thyroid cancer in China the study population was

relatively limited. Further multicenter studies with larger study

cohorts covering diverse races, and metabolic factors should

address the possibility of comprehensive clinical transformation.

Second, selection bias may exist due to retrospective study design.

Third, the imbalance between non-iodine-avid and iodine-avid

status due to different incidence rates and limited sample size (in

particular, the smaller sample of external validation) may introduce

potential bias. Conducting future studies will significantly improve

the quality of the content, fostering a stronger research community.
5 Conclusions

In conclusion, this multicenter study highlights a possible role

of deep learning approach from routine pretreatment chest CT as

an automatic, noninvasive, less radioactive and cost-effective way to

predict non-iodine-avid status of LMs in DTC. This research has

the potential to inform the optimal approach to aid the selection of

DTC patients who are likely to benefit from radioactive I131 for

initial lung metastases, and identify patients with RAI-refractory

lung metastases to prevent unnecessary radioactive iodine

treatment and tailor effective therapeutic interventions, ultimately

improving personalized treatment strategies and patient outcomes.
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