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Abstract

Differentiated thyroid cancer represents the most common pathological type
of thyroid malignancy, for which postoperative radioiodine therapy serves as
a crucial adjuvant treatment modality. However, significant inter-individual
heterogeneity exists in the response to radioiodine therapy among differentiated
thyroid cancer patients, which current staging systems, such as the tumor-node-
metastasis staging and the American Thyroid Association risk stratification sys-
tem, are insufficient to accurately predict. Currently, research into predicting
the response to radioiodine therapy has progressively evolved from the iden-
tification of independent predictive factors and the construction of composite
parameters, through the development of traditional statistical models, to the
application of machine learning algorithms. This article aims to review the
aforementioned research progress, critically evaluate the advantages and lim-
itations of existing methods, and thereby provide a reference for the develop-
ment of precise predictive models and the optimization of individualized treat-
ment strategies.
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1. Introduction

Thyroid cancer is the most common malignancy of the endocrine system. Its in-
cidence has steadily increased in recent years, largely due to the widespread appli-
cation of imaging modalities such as neck ultrasound, attracting considerable at-

tention from clinicians and researchers [1] [2]. Based on histopathological classi-
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fication, thyroid cancer can be categorized into papillary thyroid carcinoma
(PTC), follicular thyroid carcinoma (FT'C), medullary thyroid carcinoma, and an-
aplastic thyroid carcinoma. Among these, PTC accounts for approximately 90%
of all cases, and FT'C for about 4.4%, with these two subtypes collectively compris-
ing differentiated thyroid carcinoma (DTC) [3].

DTC cells usually retain the differentiated functions of follicular epithelial cells,
such as expressing the sodium-iodide symporter, which enables iodine uptake.
This provides the molecular basis for targeted therapy with radioactive iodine
(RAI). RAI therapy is a core part of standard adjuvant treatment for postopera-
tively assessed intermediate-to-high recurrence risk DTC patients, as well as low-
risk patients who choose this therapy. It aims to reduce the risks of recurrence and
distant metastasis by ablating residual thyroid tissue and occult micrometastases.
Although DTC generally carries a favorable prognosis, with the majority of pa-
tients achieving a clinical disease-free state following standardized comprehensive
treatment, a subset of patients still faces the risk of treatment resistance or long-
term recurrence. The underlying reason lies in the significant inter-individual het-
erogeneity in the response to RAI therapy among DTC patients [4] [5]. Thus, ac-
curately predicting RAI therapy efficacy in DTC patients has become an urgent
problem to be solved in clinical practice and research.

Current research on predicting the efficacy of postoperative RAI therapy in
DTC either employs DTC as the overall study population, wherein PTC consti-
tutes the overwhelming majority of cases, or directly focuses on PTC for analysis.
In contrast, evidence from studies specifically addressing FTC remains limited.
Given this distribution of available evidence, the present review summarizes the
research progress on the prediction of postoperative RAI therapy efficacy within
the framework of DTC.

2. Clinical Needs and Challenges

According to the dynamic risk stratification system established in the 2015 Amer-
ican Thyroid Association (ATA) guidelines, the response to RAI therapy in pa-
tients with DTC can be categorized into four outcomes: excellent response (ER),
indeterminate response (IDR), biochemical incomplete response (BIR), and struc-
tural incomplete response (SIR) [6]. This clinical continuum from ER to SIR high-
lights the complexity and significant individual differences in RAI therapy re-
sponse.

Current clinical prediction of RAI therapy efficacy mainly relies on the 8th edi-
tion of the American Joint Committee on Cancer (AJCC) tumor-node-metastasis
(TNM) staging system or the 2015 ATA risk stratification system. However, both
are essentially static, population-based risk classification tools, not specific pre-
dictive models for RAI response. Specifically, TNM staging depends largely on
anatomical tumor characteristics, such as tumor size, extrathyroidal extension
(ETE), and lymph node or distant metastasis. Similarly, the core of the ATA risk

stratification system remains a postoperative risk classification based on immedi-
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ate pathological data.

Growing clinical evidence shows that even DTC patients with the same TNM
stage or ATA risk stratification may have significantly different actual responses
to RAI therapy. These variations may be closely associated with heterogeneity
among individual patients, distinct tumor biological behaviors, and differential
capacities for radioiodine uptake [7] [8]. For example, in intermediate-risk PTC
patients, some rapidly achieve ER, while others may progress to BIR or SIR [9].
This phenomenon highlights a fundamental limitation of traditional stratification
tools: their inability to fully integrate multi-dimensional influencing factors, thereby
failing to meet the clinical demand for personalized efficacy prediction.

Early and accurate prediction of RAI treatment efficacy has important clinical
value and practical significance for DTC management. Clinically, early identifica-
tion of patients prone to poor response allows timely adjustment of subsequent
thyroid-stimulating hormone (TSH) suppression strategies or addition of alterna-
tive interventions, such as targeted therapy or external beam radiotherapy, ulti-
mately improving patient prognosis. Furthermore, individualized follow-up pro-
tocols based on predictive results can facilitate the more rational allocation of
healthcare resources, alleviate patient anxiety, and improve treatment adherence
by tailoring the frequency and intensity of surveillance to the patient’s actual risk
profile.

Therefore, developing a predictive tool that goes beyond traditional static strat-
ification, fully integrates multi-dimensional data, and enables early, individual-
ized, and accurate prediction of all RAI therapeutic outcomes in DTC patients has
emerged as a critical bottleneck requiring urgent resolution in both current clini-
cal practice and research. This effort is not only a core part of risk-adaptive DTC
management but also a key step in advancing thyroid cancer research into true

precision medicine.

3. Predictive Factors and Traditional Prediction Models

Before reviewing specific predictive factors and models, it should be noted that
some of the evidence discussed below is derived from PTC-specific cohorts. Ac-
cordingly, extrapolation of such findings to FT'C or all DTC requires further vali-
dation.

3.1. Independent Predictive Factors

To overcome the limitations of AJCC/TNM staging and ATA risk stratification in
predicting individual treatment outcomes, numerous studies have focused on
identifying independent risk factors associated with the response to RAI therapy
in patients with DTC. Among these, pre-ablation stimulated thyroglobulin (sTg)
levels are currently recognized as one of the most powerful predictive factors.
Multiple studies have confirmed that lower sTg levels are strongly associated with
a higher rate of ER, whereas elevated sTg levels are strongly indicative of persistent

disease or increased recurrence risk [10]-[12]. Notably, thyroglobulin antibody
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(TgAb) has evolved from a pre-analytical variable that interferes with sTg meas-
urement to an independent prognostic marker, with elevated titers significantly
associated with poor therapeutic responses [13].

In addition to sTg and TgAb, multidimensional clinicopathological, molecular,
and imaging factors have all been demonstrated to be closely associated with the
efficacy of RAI therapy in DTC patients. Among clinical characteristics, age, TNM
stage, and ATA risk stratification serve as fundamental predictive indicators [14]
[15]. Regarding histopathological features, larger tumor size, ETE, and multifo-
cality are all negative predictors of treatment response [16] [17]. In terms of lymph
node metastasis, studies indicate that the optimal cut-off values for predicting the
initial response to RAI are 5 for the number of metastatic lymph nodes and 0.30
for the lymph node ratio [18]. At the molecular level, BRAF V600E, RAS, and
TERT promoter mutations are often associated with increased tumor aggressive-
ness and reduced RAI avidity. When BRAF or RAS mutations coexist with TERT
promoter mutations, the adverse prognostic effect of the latter is further potenti-
ated [19] [20]. Concerning imaging characteristics, post-therapy whole-body
scanning (Rx-WBS) provides intuitive visualization of RAI uptake in lesions, and
quantitative parameters of the thyroid bed (maximum standardized uptake value,
mean standardized uptake value, and percentage of injected dose) can effectively
predict the outcome of RAI therapy [21] [22]. Elevated metabolic activity of le-
sions on FDG PET/CT indicates tumor dedifferentiation and increased risk of RAI
resistance [23].

Unlike the aforementioned well-validated factors, the impact of the interval be-
tween thyroidectomy and RAI therapy on treatment efficacy remains controver-
sial. Conventional wisdom favors early postoperative RAI therapy to eliminate
potential micrometastases. Relevant studies have confirmed that delayed RAI
therapy (exceeding three months) in intermediate- and high-risk patients is asso-
ciated with IDR [24]. Retrospective studies including low- and intermediate-risk
patients also suggest that the time interval is an independent predictor of IDR
[25]. However, other studies suggest that the timing of RAI therapy has no signif-
icant impact on patient prognosis or overall survival [26] [27]. These discrepan-
cies indicate that the value of treatment timing as an independent predictor war-

rants further in-depth exploration and validation.

3.2. Composite Predictive Indicators

Since thyroglobulin (Tg) measurements are prone to interference from various
factors, researchers have recently proposed several corrected derivative indicators
to enhance predictive accuracy.

TSH directly regulates Tg synthesis and release, and higher serum TSH levels
usually stimulate more Tg production. The sTg/TSH ratio is designed to mitigate
the confounding effect of inter-patient TSH level differences on Tg release,
thereby more accurately reflecting the actual Tg secretory capacity of the tumor

or residual thyroid tissue per unit of TSH stimulation, essentially representing a
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correction for tumor burden. For intermediate- to high-risk DTC patients, an
sTg/TSH ratio > 0.095 before the initial *'I ablation indicates poor treatment ef-
ficacy and shorter progression-free survival. Although sTg alone possesses predic-
tive value, the sTg/TSH ratio demonstrates superior specificity, indicating en-
hanced capability for identifying patients with poor prognosis [28].

TgAb not only specifically binds to Tg to form complexes that accelerate Tg clear-
ance and thereby reduce its serum levels, but also acts as a dynamically changing
tumor marker. The sTg x TgAb product integrates these two interrelated indica-
tors, providing a comprehensive quantitative measure of tumor burden. In DTC
patients who have undergone total thyroidectomy, the pre-ablation sTg x TgAb
product has been identified as an independent risk factor for ablation failure. This
composite indicator demonstrates predictive value in both TgAb-negative and
TgAb-positive subgroups, suggesting its potential applicability as a universal met-
ric for all patients. Notably, in TgAb-positive patients, it addresses the blind spot
inherent in relying solely on Tg monitoring [29].

Rx-WBS provides functional imaging information, visualizing lesional iodine-
avid capacity. Recent studies [30] have combined biochemical and imaging mo-
dalities, proposing a stepwise integrated strategy: first, assessing lesion functional
status based on the Rx-WBS iodine uptake pattern; then conducting a compre-
hensive evaluation by integrating pre- and post-therapy Tg dynamics. This Rx-
WBS-calibrated Tg assessment approach enhances the predictive capability for
RAI therapeutic efficacy.

It is worth emphasizing that, compared with absolute values obtained from sin-
gle measurements, the rate of change in Tg concentration reflects disease activity
earlier and more sensitively. Studies have demonstrated that thyroglobulin dou-
bling time holds significant value in predicting therapeutic response, disease re-
currence, and overall survival [31]. For patients with undetectable Tg, a greater
than 50% decline in TgAb within the first postoperative year suggests an excellent
prognosis [32]. Although these composite indicators partially correct biases and
improve predictive accuracy, no consensus has been reached on their calculation

methods or optimal cut-off values.

3.3. Traditional Statistical Models

Based on the identification of the aforementioned independent and composite
predictive factors, research has advanced to constructing comprehensive predic-
tive models using traditional statistical methods. Multivariate logistic regression
and Cox proportional hazards models represent the core methodologies of this
phase, enabling quantification of each factor’s independent contribution to ther-
apeutic response or survival-related outcomes and calculating individual risk
scores to provide quantitative references for clinical decision-making.

In clinical practice, TSH suppression therapy is initiated shortly after RAI, and
all early efficacy assessments therefore represent the combined effect of RAI and

subsequent TSH suppression. Several studies have developed models for pre-
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treatment prediction of non-excellent response (Non-ER) within the ATA dy-
namic response assessment system, a composite outcome comprising IDR, BIR,
and SIR. In a dual-center study of intermediate- to high-risk DTC patients, Wen
et al [33] identified the number of metastatic lymph nodes, sTg, TgAb, and
sTg/TSH ratio as independent predictors of Non-ER at 6 - 12 months after RAI
therapy. The resulting nomogram demonstrated favorable discrimination and cal-
ibration in both training and validation cohorts. Wu et al. [34] focused specifically
on the papillary thyroid microcarcinoma subtype. Multivariate logistic regression
analysis revealed that positive ETE and sTg > 1.37 ng/mL were risk factors for
Non-ER at approximately 6 months after initial RAI therapy, while TSH > 67.97
mU/L was associated with better therapeutic outcomes. The authors subsequently
developed a visualized nomogram tool.

Turning to recurrence/prognosis prediction, Piccardo et al. [35] employed Cox
proportional hazards models to demonstrate that an advanced model integrating
pre-ablation Tg levels with Rx-WBS findings significantly outperformed a basic
model based solely on TNM staging in predicting structural disease-free survival.
Moreover, incorporating sex and age further improved the accuracy of mortality
risk prediction.

However, traditional statistical models are constrained by inherent technical
limitations in capturing nonlinear variable relationships, handling complex vari-
able interactions, and adapting to high-dimensional or incomplete data, which has
prompted the shift to more advanced machine learning algorithms for precise RAI

therapy efficacy prediction.

4. Machine Learning Models

4.1. Overview and Clinical Application of Machine Learning

Machine learning (ML), a pivotal branch of artificial intelligence, excels at mining
complex data features and recognizing patterns, offering novel approaches to im-
prove upon traditional clinical predictive models. Unlike conventional statistical
models dependent on predefined assumptions, ML algorithms can automatically
detect nonlinear relationships and high-order interactions in data, rendering them
well-suited for processing multidimensional and heterogeneous clinical infor-
mation [36]. In medical research, researchers commonly employ diverse ML al-
gorithms to build predictive models, and select optimal models via comparison
and validation for use in disease diagnosis, treatment efficacy prediction, and
prognostic evaluation [37] [38].

Toro-Tobon et al. [39] retrospectively analyzed Al applications in thyroid dis-
eases, revealing that 64% of original studies focused on differentiating benign
from malignant thyroid nodules, primarily aiming to optimize healthcare re-
source utilization, enhance diagnostic precision, and enable individualized man-
agement. Compared with the thyroid nodule field, research on ML-based predic-
tion of RAI therapy response in DTC patients remains relatively limited but has

demonstrated rapid development in recent years.

DOI: 10.4236/jbm.2026.144029

400 Journal of Biosciences and Medicines


https://doi.org/10.4236/jbm.2026.144029

Z.Y.Tang, H. Pang

4.2. Machine Learning in Predicting RAI Efficacy in DTC

To date, several research teams have developed RAI efficacy prediction models
with diverse patient cohorts and algorithmic approaches, demonstrating favorable
discrimination, calibration, and clinical utility, thereby providing novel tools for
individualized treatment decision-making. The machine learning models dis-
cussed herein should be applied cautiously, considering their original study pop-
ulations.

Biilbiil et al [40] based their study on comprehensive pre- and post-RAI treat-
ment data from 151 distant metastasis-free DTC patients to predict ER to RAI
plus TSH-suppression therapy at 6 - 24 months, enabling early post-ablation re-
sponse stratification. After balancing the dataset using the SMOTE oversampling
technique, the authors applied nine algorithms to construct predictive models: k-
nearest neighbors (KNN), random forest (RF), gradient boosting (GB), extreme
gradient boosting (XGBoost), naive Bayes (NB), decision tree (DT), logistic re-
gression (LR), neural network (NN), and adaptive boosting (AdaBoost). Results
demonstrated that the XGBoost model achieved the highest area under the curve
(AUC: 0.871), while the GB model attained the highest accuracy (81%). Notably,
conventional statistical analysis only identified a significant difference in pre-
treatment TgAb positivity rates between ER and Non-ER groups. In contrast, the
machine learning models achieved precise efficacy prediction by uncovering com-
plex associations among variables, highlighting the unique advantage of ML in
processing seemingly unrelated predictors.

With different algorithmic strategies, Sa et al [41] performed pre-treatment
prediction of the response to RAI plus TSH-suppression therapy. They retrospec-
tively analyzed 854 DTC patients without structural disease progression before or
within six months of RAI treatment and defined effective response as undetectable
suppressed thyroglobulin measured 4 - 6 months after treatment. The training
and testing cohorts had comparable distributions of treatment response catego-
ries. During variable selection, LASSO regression identified eight core predictors
from candidate variables: sex, TNM-N stage, ATA risk stratification, RAI uptake
rate, suppressed Tg, stimulated Tg, stimulated TSH, and number of prior RAI
treatments. Subsequently, six machine learning models were constructed: LR,
support vector machine (SVM), RF, NN, AdaBoost, and GB. Among these, the RF
model demonstrated superior predictive performance (AUC: 0.896, accuracy:
81.3%). SHAP analysis was used for model interpretation, further clarifying the
contribution and predictive direction of each variable.

By contrast, Wang et al. [42], after excluding TgAb-positive and initial distant
metastasis patients, utilized a 2244 PTC cohort to focus on structural recurrence
in the context of recurrence/prognosis prediction. The study incorporated 29 var-
iables across four dimensions: demographic characteristics and comorbidities, tu-
mor-related variables, lymph node-related variables, and metabolic and inflam-
matory markers. To address data imbalance caused by the low recurrence rate

(8.0%) in the cohort, one-sided selection under-sampling was further applied to
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establish a balanced training set for subsequent model development. Following
LASSO regression-based variable selection, predictive models were constructed
using various algorithms. The RF model was identified as the optimal model for
its generally consistent calibration, alongside favorable discrimination and inter-
pretability. It significantly outperformed the ATA risk stratification system (AUC:
0.766 vs. 0.620, accuracy: 0.775 vs. 0.742, F1 score: 0.331 vs. 0.216), thus providing

a novel tool for the early intervention of high-risk patients.

4.3. Limitations of Current Machine Learning Models

Despite the methodological advancement from traditional statistical models to
ML algorithms in this field, current research still faces several critical limitations
that impede its clinical translation and widespread application.

Collective critical appraisal of these three key machine learning studies reveals
substantial methodological heterogeneity. Sample sizes were 151, 854, and 2244
patients, respectively. While Sa et al [41] exhibited naturally balanced classes, the
other two studies used distinct strategies (SMOTE oversampling and one-sided
selection under-sampling) to address class imbalance. For TgAb-positive patients,
only Wang et al. [42] imposed exclusion. The types of reported performance met-
rics varied across studies; nonetheless, AUC values ranged from 0.766 to 0.896
and accuracy from 77.5% to 81.3%. Notably, all studies relied exclusively on in-
ternal validation, with no prospective or external validation performed.

The binary classification design adopted in these studies fails to distinguish the
four hierarchical RAI therapy response categories, which inevitably leads to the
loss of critical clinical decision-making information and cannot meet the individ-
ualized management needs of patients across different risk strata. Additionally,
few existing studies have explored the integration of such models into clinical
workflows, engagement with clinical end-users, or long-term performance moni-

toring following clinical implementation.

5. Conclusion and Outlook

The prediction of response to postoperative RAI therapy in DTC has undergone
a clear evolutionary trajectory, from macroscopic to microscopic perspectives,
from static to dynamic assessments, and from single indicators to multidimen-
sional integration, resulting in progressively improved predictive accuracy. This
progress, however, is accompanied by two interrelated challenges. First, direct
comparisons of predictors and model performance across studies are hampered
by marked heterogeneity in endpoint definitions, such as ER/Non-ER based on the
ATA response, suppressed Tg, structural recurrence, and disease-specific mortality.
Second, the granularity of current predictive tools remains misaligned with the
level of decision-making required in clinical management, hindering their ability
to fully meet the demands of individualized treatment for DTC patients. Further-
more, the current evidence base for RAI efficacy prediction is overwhelmingly de-

rived from the PTC population, which constitutes the major subtype of DTC,
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while studies specifically addressing FT'C remain extremely scarce, representing
an urgent research gap to be filled.

Building upon the aforementioned research progress and existing limitations
of the field, future predictive models for RAI efficacy in DTC patients should be
developed toward greater precision, comprehensiveness, and clinical utility. For
outcome design, future studies should move beyond the binary classification
framework and adopt a multicategory strategy to finely distinguish the four re-
sponse categories (ER, IDR, BIR, SIR), enabling true risk-adaptive management.
For data construction, research efforts should include TgAb-positive populations,
conduct multicenter studies to reduce selection bias, and pay attention to accu-
mulating evidence for the FTC subtype. For model development, integrating mul-
timodal data with explainability analysis methods will enhance clinical trust in
predictive models. For validation and translation, it is imperative to strengthen
prospective, multicenter external validation and develop user-friendly clinical
tools to facilitate the translation of these models from research to routine clinical
practice.

With the continuous advancement of methods and the in-depth development
of multi-omics research, these multidimensional collaborative research efforts are
expected to develop truly precise predictive tools that can effectively guide clinical
practice for DTC. Ultimately, such advances will optimize individualized treat-
ment decision-making for DTC patients and drive the field of thyroid cancer re-

search further forward into the era of precision medicine.
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