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ARTICLE INFO ABSTRACT

Keywords: Background: Radioactive iodine ('*'I) therapy remains the cornerstone for treating differentiated thyroid

Machine learning cancer (DTC) with distant metastasis. However, a substantial subset of patients exhibit '*'I-refractory

SHAP analysis disease (RAIR-DTC), characterized by poor iodine uptake and limited response to conventional treatment.

thyroid cancer Accurate early prediction of iodine avidity and therapeutic efficacy is crucial for personalized intervention

distant metastasis strategies, yet traditional clinical models often fail to capture the complex biological heterogeneity of RAIR-
DTC.

Methods: A retrospective single-center study was conducted using data from 439 DTC patients with
pulmonary metastases treated between 2007 and 2020. A total of eight machine learning classifiers—
including support vector machine (SVM), XGBoost, and CatBoost—were trained to predict *'T uptake and
treatment response based on clinicopathological, biochemical, and treatment-related features. Feature
selection was performed using correlation analysis and principal component analysis (PCA). Model
performance was evaluated using accuracy, AUC, sensitivity, specificity, precision, and F1-score. SHAP
(SHapley Additive exPlanations) was applied to interpret model predictions, and decision curve analysis
(DCA) was used to assess clinical net benefit.

Results: For iodine uptake prediction, SVM achieved the highest AUC (0.8119), while CatBoost yielded
the highest accuracy (0.8030) and specificity (0.9101). SHAP analysis identified age, serum thyroglobulin
(Tg), pulmonary nodule size, and initial '3'I activity as key predictive features, which are clinically
associated with radioactive iodine (RAI) avidity. For treatment response prediction, random forest achieved
the highest AUC (0.70), while soft voting yielded the highest F1-score (0.674). SHAP analysis indicated
that age, pulmonary nodule size, initial 131, activity, T stage, gender, and thyroglobulin (Tg) were the most
influential predictors. Decision curve analysis (DCA) further demonstrated that XGBoost and CatBoost
provided greater net clinical benefit across varying decision threshold.

Conclusion: This study demonstrates the feasibility and clinical relevance of multi-modal, interpretable
machine learning models for predicting iodine uptake and treatment outcomes in metastatic DTC. By
integrating SHAP and DCA, the framework provides both predictive accuracy and clinical decision
support. Future efforts should include external validation, incorporation of molecular/radiomic features,

and development of clinician-friendly tools to advance personalized care in RAIR-DTC management.
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1. Introduction

Thyroid cancer is one of the most common endocrine malignancies, and
its incidence has surged in recent years. However, approximately 10%
of patients with differentiated thyroid cancer (DTC) experience disease
recurrence, always characterized by extensive lymph node involvement
and distant metastases [1]. Due to hemodynamic factors, the lungs are
the most frequent site of distant metastasis, occurring in 3-20% of DTC
patients and accounting for 55%-85% of all distant metastasis cases [2-
4]. Although radioactive iodine ('*'I) therapy plays a central role in the
management of metastatic DTC, there is significant heterogeneity in
treatment response. A subset of patients exhibits poor sensitivity to '*'1
therapy, defined as radioactive iodine-refractory differentiated thyroid
cancer (RAIR-DTC). According to the Chinese Management Guidelines
for Radioactive lodine-Refractory Differentiated Thyroid Cancer (2025
Edition) [5], RAIR-DTC is simplistically defined as: (1) all known DTC
lesions demonstrate non-RAl-avidity and (2) despite RAl-avidity in
some or all lesions, disease progression occurs within 1 year after RAI
therapy (RAIT). Disease progression can be characterized by the
presence of at least one of the followings: increasing levels of
thyroglobulin (Tg) or thyroglobulin antibody (TgAb), enlargementof the
persistent lesion or emergence of new lesions, worsening of prior
disease-related symptoms, appearance of new disease-related symptoms,
or disease-related death. Among all follicular cell-derived differentiated
thyroid cancers, RAIR-DTC is associated with poor prognosis, with a
10-year survival rate of only 10% [6]. For these high-risk RAIR-DTC
patients, early evaluation and risk prediction are crucial for informing
timely clinical intervention and improving patient outcomes.

Prognostication and treatment response assessment for patients with
distant metastases from thyroid cancer remain major challenges in
clinical practice. Physicians must be able to stratify risk among
metastatic patients and identify those with poor prognosis who may
benefit from novel therapies or early enrollment in clinical trials.
Currently, the assessment of distant metastases in thyroid cancer
primarily relies on clinical characteristics, histopathological sub-types,
molecular markers, age, sex, tumor size, and TNM staging. However,
the prognostic value of these indicators varies considerably across
studies. Traditional tools such as the TNM staging system and the
American Thyroid Association (ATA) risk stratification guidelines [7]
provide some degree of risk classification but are limited in their ability
to predict individualized treatment responses with precision. Nomogram
models, which offer intuitive graphical visualization and good clinical
applicability, are based on generalized linear models (e.g., logistic
regression). As such, they are inherently limited in capturing complex
nonlinear relationships and higher-order interactions among features [8].
Therefore, there is a pressing need to develop a more accurate and
flexible approach for evaluating the risk of distant metastasis in DTC.

In this context, there is increasing interest in leveraging machine learning
(ML) methodologies to model the complex decision boundaries
encountered in real-world clinical settings with greater precision. ML
approaches have demonstrated strong potential in medical predictive
modeling, offering the ability to integrate multi-modal data and
automatically learn intricate feature relationships. Nevertheless, existing
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studies have largely focused on comparative performance evaluation of
individual models, lacking comprehensive exploration of model
interpretability and clinical decision optimization. Moreover, translating
predictive outputs into actionable clinical strategies remains a critical
challenge.

This study aims to develop a multi-modal machine leaming ensemble
framework that incorporates demographic parameters population
character, clinicopathological features, imaging indicators, and
treatment-related variables to enhance prognostic prediction for DTC
patients with distant metastases. Furthermore, the study integrates SHAP
(Shapley Additive Explanations) for model interpretability and decision
curve analysis (DCA) to optimize clinical decision-making.

2. Method

2.1. Patients and Data Collection

This was a single-center retrospective study including patients with
differentiated thyroid cancer (DTC) who received radioactive iodine
(*'T) therapy at Zhejiang Cancer Hospital between 2007 and 2020.
Inclusion criteria were as follows: (1) patients who underwent total or
near-total thyroidectomy; (2) histopathological confirmation of papillary
or follicular thyroid carcinoma; (3) completion of standard *'I therapy;
(4) evidence of pulmonary metastasis (with or without concurrent bone
or lymph node metastases). Distant metastases, including those to the
lungs, were confirmed using at least one of the following methods: (1)
imaging modalities such as chest computed tomography (CT), '*'I
whole-body  scan, '8F-fluorodeoxyglucose positron  emission
tomography/computed tomography (**F-FDG PET/CT), or magnetic
resonance imaging (MRI); (2) elevated serum thyroglobulin (Tg) levels
as a biomarker; (3) pathological confirmation of thyroid origin via
surgical biopsy of metastatic lesions.

Clinical data at baseline and during follow-up were extracted from
medical records and included demographic characteristics (age, sex),
clinicopathological parameters (TNM staging, metastatic sites), '*'I
therapeutic dosages, and follow-up data (Tg levels and imaging
outcomes). The study was approved by the Institutional Review Board
of Zhejiang Cancer Hospital (Approval No. IRB-2024-53) and was
conducted in accordance with the Declaration of Helsinki.

2.2. Treatment Protocol

Prior to "'l administration, patients discontinued thyroid hormone
therapy for at least three weeks and followed a low-iodine diet for more
than two weeks. Pre-treatment evaluations included chest CT, neck
ultrasound, whole-body bone scintigraphy, and measurements of serum
thyroid-stimulating hormone (TSH) and Tg levels. Additional
assessments, including PET-CT or MRI, were performed as clinically
indicated to evaluate tumor burden and staging. The administered
activity of "' was determined using an empirically fixed activity
strategy based on established guidelines, considering factors such as
patient age, body weight, and tumor burden [7]. Thyroid hormone
suppression therapy was resumed two days after '3 treatment. Whole-
body imaging using single-photon emission computed tomography
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(SPECT), with or without CT fusion, was performed 3-4 days post-
therapy to assess '*!I uptake and lesion distribution.

2.3. Evaluation of Therapeutic Efficacy

Therapeutic response to '*'I was assessed using imaging studies
(including CT and others) and serum stimulated thyroglobulin (sTg)
levels, measured after at least three weeks of thyroid hormone
withdrawal. CT-based evaluations were performed according to the
Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1 by
two independent radiologists with over 10 years of experience.

Patients were classified into the *'I-avid group if metastatic lesions
showed persistent '*'I uptake during both initial and subsequent
therapies. While those classified as non-"'I-avid if lesions showed no
131] uptake at any time point (primary non-avidity), or if '3'I uptake was
observed in the first treatment but lost in subsequent therapies
(secondary non-avidity). Response criteria were as follows:

(1) Complete Response (CR): No structural lesions with sTg levels
reduced to the normal range (<10 ng/mL).

(2) Partial Response (PR): >25% decrease in sTg or >30% reduction in
lesion size on imaging.

(3) Stable Disease (SD): <25% change in sTg and no significant
radiographic progression.

(4) Progressive Disease (PD): >25% increase in sTg or radiographic
evidence of lesion enlargement or new lesion development.

In cases of inconsistency between sTg levels and CT imaging, the
imaging findings were used to determine the therapeutic outcome. If
post-treatment imaging showed no structural or functional lesions and
both suppressed Tg and sTg levels were >1 pg/L and >10 pg/L,
respectively, the patient was classified as PR. Conversely, if the imaging
was negative and both Tg and sTg were <1 pg/L and <10 pg/L,
respectively, the patient was classified as CR[9]. Patients with CR or PR
were defined as the "effective treatment group," while those with SD or
PD were classified as the "ineffective treatment group."

2.4. Model Validation and Statistical Analysis

All statistical analyses were performed using Python 3.8.0, with
packages including scikit-learn, xgboost, lightgbm, catboost, imblearn,
and shap and R software (version 4.3.0) to explore the relationship
between different variables and the prognosis of the thyroid cancer
patients. Raw data were first preprocessed by imputing missing values
using multivariate Iterative Imputer.

To address class imbalance, Synthetic Minority Over-sampling
Technique (SMOTE) was applied to the training set. Subsequently, eight
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machine leamning classifiers—Logistic ~ Regression, k-Nearest
Neighbors, Support Vector Machine, Random Forest, XGBoost,
LightGBM, CatBoost, and Multi-layer Perceptron—were trained and
evaluated using a stratified 70/30 train-test split. Model performance was
assessed based on Accuracy, Sensitivity, Specificity, Precision, F1 score,
and area under the ROC curve (AUC). Also To enhance model stability
and overall prediction performance, ensemble learming techniques—
Voting and Stacking—were adopted based on the outputs of eight base
classifiers (Supplementary Material 3).

Model interpretability was further investigated via SHAP (SHapley
Additive exPlanations) for the XGBoost and Logistic Regression models
to assess feature importance. A Pearson correlation heatmap andt-SNE
projection were also generated to visualize feature relationships and
sample clustering, respectively (Supplementary Materials 1 & 4). Final
model performances were compared using bar charts, and all results
were exported for further interpretation, the methodology used in this
work is depicted in (Figure 1).

2.5. Feature Extraction

Ensure the quality of input data and improve the performance of machine
learning models, feature extraction was performed using correlation
analysis and Principal Component Analysis (PCA). Prior to PCA, all
numerical features were standardized to zero mean and unit variance to
ensure consistency across scales. Initially (Supplementary Material 2), a
heatmap was generated to visualize the pairwise correlations among the
numerical features. This enabled the identification of highly correlated
variables, which may contribute to multicollinearity and potentially bias
the learning process.

3. Result

3.1. Dataset Characteristics

The general characteristics of the patients are shown in (Table 1). A total
of 439 patients were available in this study, the age ranges from 6 to 79
years old while the average age was 46.9. The total number of male
patients was 143, accounting for 32.6% of the total number of thyroid
patients. The total number of female patients was 296, accounting for
67.4% of the total number of the patients. In terms of the pathological,
there were 381 cases (87%) belong to class 1 (PTC), and 50 (11.4%) and
8 (1.6%) belong to class 2 (FTC) and class 3 (PTC+FTC) respectively.
With respect to metastatic distribution, 359 cases (81.8%) were
classified as Class 1 (lung-only metastases), whereas 66 (15%) and 14
(3.2%) were categorized as Class 2 (lung and bone metastases) and Class
3 (other visceral metastases, such as liver and brain), respectively. The
detail information for T stage, N stage, First ' activity,
Pulmonary nodule_size, Uptake "'l were displayed in (Table 1).
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Fig. 1. Flow chart of the methodology used for the ML model development.
Table. 1. Baseline demographical and clinicopathological characteristics of patients.
Demographic variable Category Number Percentage
Gender Male 143 32.6%
Female 296 67.4%
Age Under 18 17 3.9%
18-60 321 73.1%
Above 60 101 23%
Pathological 1 381 87%
2 50 11.4%
3 8 1.6%
T stage T1 87 19.8%
T2 98 22.3%
T3 173 39.4%
T4 81 18.8%
N stage N1 71 16.2%
N2 368 83.8%
Site of metastases 1 359 81.8%
2 66 15%
3 14 32%
First_"'I_activity 0-150 99 22.6%
150+ 340 77.4%
Pulmonary nodule_size 0-1 274 63.4%
1-2 144 32.8%
2-3 21 4.8%
Uptake'3'T 0 143 32.6%
Non 0 296 67.4%

3.2. Principal Component Analysis

Principal Component Analysis (PCA) is a widely used unsupervised
technique for reducing the dimensionality of high-dimensional datasets.
Figure 2A presents the explained variance ratio for each principal
component obtained through Principal Component Analysis (PCA). The

bar plot shows the individual contribution of each component to the total
variance, while the line plot illustrates the cumulative explained
variance. Notably, the first two principal components together account
for a significant portion of the total variance, justifying their use for
dimensionality reduction and visualization. Figure 2B provides a
heatmap of the loading scores, which quantify the contribution of each
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original variable to the first two principal components. Strong positive
or negative loadings indicate that a variable heavily influences the
direction of the corresponding component. For instance, Pathological

A

Explained Variance by Principal Components with Feature Labels
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and N_stage show large contributions to PC1 (negative), while T stage
and Tg dominate PC2 (positive).

B

Feature Contributions to PC1 and PC2 (Loadings)

Gender - o1 027 06
Age &
Pathalogical
T_stage -

N_stage

First_1311_activity -

Tg-

Principal Components

Fig. 2. Principal Component Analysis (PCA) of factors associated with '3'T uptake in patient lesions. A) Bar plot of the explained variance ratio for each
principal component and line plot of cumulative explained variance. B) Heatmap of loading scores for key variables.

3.3. Correlation Analysis

Correlation Analysis is used to measure the strength of the relationship
between different features. Correlations analysis was carried out to find
the association among different attributes of the patient data.
Correlations were visualized by generating a heatmap (Supplementary
4). The graph displayed a correlation in color format and value between
0 to 1 positive whose color was red and 0 to -1 negative correlations
whose color was blue, The result showed that the correlations among all
the variables were significant, the detailed information was shown
below.

3.4. ML Models

Based on the results of principal component analysis (PCA) and prior
correlation analysis, a panel of clinically and biologically relevant

features was selected to serve as input variables for iodine uptake

ROC Curve for All Models

prediction modeling. These features included age, serum thyroglobulin
(Tg) level, pulmonary nodule size, first *'T activity, T stage, N stage,
gender, pathological sub-type, and site of metastases.

Using this refined feature set, we developed and compared the
classification performance of eight machine learning algorithms with the
goal of accurately predicting the ('3'T) uptake status of metastatic lesions
in differentiated thyroid cancer (DTC) patients. To evaluate the
classification performance of eight machine learning models, the
multiple metrics including Accuracy, Sensitivity (Recall), Precision,
Specificity, F1 score, and Area Under the ROC Curve (AUC) were
compared. The Results from all the developed models for predicting '*'T
uptake are shown in (Table 2 & Figure 3A). The findings indicated that
Support Vector Machine (SVM) model achieved the highest AUC value
(0.8119), indicating superior discriminative ability among all models. It
also demonstrated a balanced performance across other metrics, with an
Accuracy of 0.7652, Sensitivity of 0.7442, and F1 Score of 0.6737.

Meodel Performance Comparison

Fatse Postive Rate.

A

- Accuracy
N F1 Score
- AuC

Fig. 3. A) ROC curves of models for predicting '*'T uptake and non-uptake in patient lesions. B) Model performance comparison conducted by Accuracy,

F1 Score and AUC.
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Table. 2. Comparison of machine learning models for predicting '*'T uptake status using PCA-selected clinical features.
Accuracy Sensitivity Precision Specificity F1 Score AUC
Logistic Regression 0.6969 0.8139 0.5223 0.6404 0.6363 0.7789
KNN 0.6969 0.7209 0.5254 0.6853 0.6078 0.7411
SVM 0.7651 0.7441 0.6153 0.7752 0.6736 0.8118
Random Forest 0.7348 0.7674 0.5689 0.7191 0.6534 0.7763
XGBoost 0.7878 0.6744 0.6744 0.8426 0.6744 0.7666
LightGBM 0.7727 0.6976 0.6382 0.8089 0.6666 0.7661
CatBoost 0.8030 0.5813 0.7575 0.9101 0.6578 0.7695
MLP 0.7575 0.7441 0.6037 0.7640 0.6666 0.7951

CatBoost attained the highest overall Accuracy (0.8030) and
outperformed other models in Precision (0.7576) and Specificity
(0.9101), suggesting it is highly reliable in correctly identifying negative
samples. However, its relatively low Sensitivity (0.5814) indicates that
it may underperform in detecting positive cases. XGBoost also showed
strong performance, with high Accuracy (0.7879), balanced Precision
and Recall (both 0.6744), and a solid AUC 0f0.7667, MLP (Multi-layer
Perception) yielded stable results with a good trade-off between
Sensitivity (0.7442) and AUC (0.7951), making it another viable choice.

In contrast, KNN and Logistic Regression performed relatively poorly,
both achieving an Accuracy of only 0.6970 and lower AUC values
(0.7412 and 0.7789, respectively). These models may not be suitable for
tasks requiring high discriminative power.

In summary, SVM emerged as the best-performing model in terms of
overall classification ability, followed closely by CatBoost and Xgboost,
which excelled in different metric dimensions. These conclusions are
visually reinforced in Figure 3 (B) (Bar Chart), where Accuracy, F1
Score, and AUC are compared across all models.

In order to evaluate whether the model adds clinical or practical value
across a range of threshold probabilities, a decision curve analysis
(DCA) was further performed. The Decision Curve Analysis (DCA) plot
provides an evaluation of the clinical usefulness of each predictive model
by illustrating the net benefit across a range of threshold probabilities. A
model provides clinical value only when its curve lies above both of
these lines as shown in (Figure 4).

Decision Curve Analysis

0.4

03

02

0.1

Net Benefit

0.0

\ \ /\ CatBoost
\ \ — mp
\

—— Logistic Regression
KNN
— svwM

—— Random Forest
—— XGBoost
—— LightGBM

Treat None
=== Treat All

0 20

40
Threshold Probability in %

60 80

Fig. 4. Decision curve analysis (DCA) for multiple models. This analysis evaluates the clinical value of each model in predicting '*'T uptake in patient

lesions. The x-axis represents threshold probabilities—the risk level at which intervention would be considered. The y-axis shows net benefit, calculated by

balancing true positives against false positives, with greater penalties at lower thresholds. "Treat All" indicates the net benefit if all patients were assumed

to have *'T uptake and received intervention. "Treat None" represents the net benefit if no patients were treated.

In this analysis, XGBoost and CatBoost consistently demonstrate higher
net benefit across a wide range of threshold probabilities, particularly
between 0% and 40%, indicating that these models support more
effective clinical decision-making by identifying high-risk patients while
minimizing unnecessary treatment. LightGBM and Logistic Regression
also perform relatively well, while KNN shows the lowest net benefit,

often falling below the “Treat All” line—suggesting it may lead to
overtreatment without sufficient predictive accuracy to justify it.

Interestingly, although SVM achieves the best performance across
multiple traditional classification metrics—such as AUC (0.81), F1-
score, and specificity—this does not translate into the highest clinical
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utility in the DCA. A model may achieve high AUC and precision but
still lead to sub-optimal treatment decisions if it does not align well with
practical decision boundaries. DCA accounts for these considerations by
explicitly incorporating threshold-based decision consequences.
Therefore, while SVM is statistically strong, models like XGBoost and
CatBoost may be more effective in practice due to their favorable
benefit-risk trade-offs across decision thresholds.

3.6. Model Explanation with SHAP

Machine learning models are often perceived as black box models,
making it challenging to understand their internal mechanisms, To

A
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enhance the model’s interpretability, SHAP analysis was conducted,
providing two types of explanations including global explanations at the
feature level and local explanations at the individual level. As manifested
in (Figure 5A), the SHAP value exhibited an upward trend in concert
with the augmentation of age, along with Tg, Pulmonary_nodule_size,
First 'l activity, Gender, Site of metastases, N_stage, Pathological
and T stage, providing a more detailed view of the impact of each
feature on individual predictions. Figure.5B displays the absolute values
of the average SHAP values for different features.

+0.28

Pulmonary_nodule_size
First_1311_activity
Gender
Site_of_metastases
N_stage

Pathological

T stage

0.10
mean(|SHAP value|

0.15 0.20 0.25 0.30
N

Fig. 5. SHAP analysis for model interpretability. A) Summary plot showing global feature importance and the distribution of SHAP values for each feature.
B) Bar plot of mean absolute SHAP values, ranking features by their overall contribution to the model’s predictions.

3.7. Overall Efficacy Prediction

To evaluate the efficacy of machine learning models in predicting
treatment response for pulmonary metastasis in thyroid cancer patients,
nine clinical and pathological variables were used as input features.

ROC Curve for All Models

—— Logistic Regression (AUC=0.64)
—— KN (AUC=D.66)
— svm (auc=0.67)
—— Random Forest (AUC=0.70)
—— XGBoost (AUC=0.64)
—— LightGBM (AUC=D0.63)
—— CatBoost (AUC=0.67)
MLP (AUC=0.65)

True Positive Rate

02 04 g
False Positive Rate

Multiple classification algorithms, including Logistic Regression, KNN,
SVM, Random Forest, XGBoost, LightGBM, CatBoost, and MLP were
trained and tested. Model performance was evaluated using key metrics
such as Accuracy, F1 Score, and Area Under the ROC Curve (AUC), as
shown in (Figure 6).

Model Performance Comparison

. Accuracy
. F1 Score
. AUC
&
& &
&8 e . & & o &
& vboe £ & &
& &
¥

Fig. 6. A) ROC curves of models in predicting treatment response. B) Model performance comparison conducted by Accuracy, F1 Score and AUC for

assessment treatment.

According to the ROC analysis (Figure 6A), the Random Forest model

achieved the best overall discrimination ability with the highest AUC of
0.70, followed closely by SVM and CatBoost, each reaching an AUC of

0.67. Most models performed moderately, with AUC values ranging
between 0.63 and 0.70. The bar chart (Figure 6B) comparing Accuracy,
F1 Score, and AUC also highlighted Random Forest as the top-
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performing model across all metrics, with a notable balance between
precision and recall (as reflected by its F1 Score). In contrast, KNN and
LightGBM showed relatively lower F1 Scores, suggesting a poorer
handling of class imbalance or model generalizability.

3.8. Model Explanation with SHAP for Treatment

Figure 7 presents the SHAP summary plot derived from the best-
performing treatment response prediction model. Figure 7A, each dot
represents a patient sample, with the x-axis denoting the SHAP value of
a specific feature, indicating its positive or negative impact on the
predicted probability of favorable treatment response. Features are
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ranked in descending order of their average importance. Color coding
reflects the original feature value (red = high, blue = low).

As manifested in Figure 7B The analysis identifies thyroglobulin (Tg)
level, age, number of metastatic lymph nodes, and initial *'I activity as
top predictors. High Tg and advanced age are associated with reduced
probability of treatment response, suggesting underlying tumor
dedifferentiation and impaired iodine metabolism. In contrast, moderate
lymph node burden and lower first-activity RAI activity correlate with
better outcomes, potentially indicating less aggressive disease at

baseline.

Age
Pulmonary_nodule_size
First_1311_activity
T_stage

Gender

Tg

N_stage

Pathological

Site_of_metastases

0.00 002 0.04 006 008 010 012 014 016
mean(|SHAP value|)

Fig. 7. SHAP summary plot of the best-performing model for predicting treatment response. A) Summary plot showing global feature importance and the
distribution of SHAP values for each feature. B) Bar plot of mean absolute SHAP values, ranking features by their overall contribution to the model’s

predictions.
4. Discussion

This study explored the use of interpretable, multi-modal machine
learning (ML) models to predict both radioactive iodine (RAI) uptake
and treatment response in patients with metastatic differentiated thyroid
cancer (DTC). Leveraging routinely collected clinical variables, we
demonstrated the feasibility and utility of ML in supporting
individualized decision-making for patients with high-risk disease,
particularly those at risk for radioactive iodine-refractory DTC (RAIR-
DTC).

Our findings revealed that Support Vector Machine (SVM) achieved the
highest area under the curve (AUC) of 0.8119 for iodine uptake
prediction, indicating strong discriminatory performance. CatBoost
achieved the highest overall accuracy (0.8030) and specificity (0.9101),
highlighting its effectiveness in correctly identifying patients without
iodine uptake. While SVM demonstrated a good balance across all
metrics, its relatively lower clinical utility observed in the decision curve
analysis (DCA) suggests that high statistical performance does not
necessarily translate into better clinical outcomes. Instead, XGBoost and
CatBoost, despite slightly lower AUCs, yielded superior net benefit
across clinically relevant threshold probabilities, indicating their
This
highlights the importance of combining performance metrics with

stronger alignment with practical decision-making needs.

clinical utility evaluations when assessing predictive models in real-
world applications.

In contrast, treatment response prediction presented greater challenges.
Despite the use of a comprehensive feature set and multiple classification
algorithms, model performance remained moderate, with AUCs ranging
from 0.63 to 0.70. The Random Forest model achieved the best overall
performance, followed by SVM and CatBoost. The soft voting ensemble
yielded the highest F1-score (0.674), suggesting that combining multiple
classifiers improves robustness in the context of class imbalance and
biological variability. However, these results underscore the intrinsic
complexity of treatment response prediction, which is influenced by
numerous post-treatment variables—such as immune status, tumor
microenvironment, and TSH suppression—that are not captured in
baseline datasets.

Model interpretability was a key focus in our study, addressed through
SHAP (Shapley Additive Explanations) analysis. For iodine uptake
prediction, SHAP identified age, serum thyroglobulin (Tg), pulmonary
nodule size, and initial RAI activity as the most impactful features.
Advanced age was associated with reduced iodine uptake [10],
consistent with known biological mechanisms including age-related
dedifferentiation [11], impaired sodium-iodide symporter (NIS) function
[12], and increased genomic instability [13]. While our results align with
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these known trends, we acknowledge that the inferred links between
SHAP-derived features and molecular mechanisms remain speculative.
We have therefore revised related statements to present such
interpretations more cautiously.

Thyroglobulin level, an established biomarker of tumor burden, also
showed strong predictive value. Persistent Tg elevation post-surgery
suggests residual or recurrent disease, even in the absence of iodine
avidity, possibly due to partial retention of thyroid-like synthetic
function despite NIS downregulation [14-18]. Pulmonary nodule size
was another key factor; smaller nodules (typically < 1 cm) are more
likely to retain NIS expression and be RAI-avid [19-20], whereas larger
nodules are often hypoxic [21], necrotic, and less responsive to RAI due
to dedifferentiation and perfusion barriers [22]. Together, these features
serve as practical surrogates for underlying tumor biology and help guide
clinical expectations regarding RAI effectiveness.

SHAP analysis for treatment response prediction highlighted age, Tg,
lymph node burden, and initial RAI dose as influential variables.
Elevated Tg and older age were associated with poor treatment response
[23], again reflecting biological aggressiveness and impaired iodine
metabolism [24, 25]. Interestingly, patients with a moderate number of
lymph node metastases had better predicted outcomes compared to those
with either minimal or extensive nodal involvement [26, 27]. This may
reflect a "window of opportunity" in which the disease remains partially
iodine-sensitive. Additionally, a higher initial RAI dose was
paradoxically linked to poor outcomes [28], possibly because clinicians
tend to escalate dose in patients with more aggressive or refractory
disease—a confounding effect that ML models detect but cannot resolve
causally [29-34].

Despite encouraging results, our study has several limitations. First, it is
a retrospective single-center study, which may limit generalizability.
Second, clinical labels such as "partial response" and "stable disease"
inherently involve subjective interpretation and may introduce noise.
Third, while our feature set captured key clinical and biochemical
variables, molecular markers (e.g., BRAF V600E, TERT promoter
mutations) and radiomic data were not included. These elements could
significantly enhance predictive performance and mechanistic insight if
incorporated in future studies.

From a clinical perspective, our proposed framework offers tangible
utility. Physicians can use these models to stratify patients at high risk
for RAI non-avidity or poor treatment response, and to make early
decisions regarding alternative therapies such as tyrosine kinase
inhibitors (TKIs) or external beam radiation therapy (EBRT).
Importantly, the use of SHAP values ensures that predictions are
explainable and aligned with clinical reasoning, increasing the likelihood
of adoption in real-world practice.

In conclusion, this study provides a clinically interpretable and practical
ML-based framework for early prediction of iodine uptake and treatment
efficacy in metastatic DTC. Future directions include external validation
with multi-center cohorts, integration of multi-omic data, and
deployment of clinician-in-the-loop systems to ensure actionable, real-
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time decision support. With continued development, such models hold
promise in advancing personalized care for patients with RAIR-DTC.

5. Conclusion

This study proposed a clinically interpretable, multi-modal machine
learning framework to predict both radioactive iodine (**'I) uptake and
treatment response in differentiated thyroid cancer (DTC) patients with
pulmonary metastases. By leveraging diverse clinical, pathological, and
treatment-related variables, ensemble-based models—particularly SVM,
XGBoost, and CatBoost—achieved high performance in identifying
iodine-avid versus refractory disease. SHAP analysis elucidated the
biological underpinnings of model predictions, highlighting age, serum
thyroglobulin (Tg), pulmonary nodule size, and initial *'I activity as
dominant factors linked to tumor differentiation and NIS function.
Despite moderate accuracy in treatment response prediction, the model
successfully captured meaningful clinical patterns, such as the negative
impact of high Tg and age, and the nuanced role of lymph node burden.
Furthermore, decision curve analysis confirmed the added clinical value
of these models in guiding treatment decisions. This integrative
framework not only improves prediction of RAIR-DTC but also
enhances mechanistic understanding and supports personalized
therapeutic strategies in metastatic thyroid cancer.
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