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Abstract
Papillary thyroid carcinoma (PTC) is a common endocrine malignancy with a generally favorable prognosis, but lymph node
metastasis (LNM) complicates treatment and increases recurrence risk. Current preoperative methods like neck ultrasound
often miss LNM, leading to unnecessary surgeries. This study developed a non-invasive, artificial intelligence (AI)-driven
predictive model for LNM using gene expression data from 157 PTC patients and validated it with qRT-PCR across 807
participants frommultiple centers. The model focused on three key genes – RPS4Y1, PKHD1L1, and CRABP1 – chosen for their
predictive strength. A random forest algorithm achieved high accuracy, with an AUROC of 0.992 in training and 0.911–0.953 in
external validation. RPS4Y1 emerged as a standout predictor, showing the strongest distinction between metastatic and
non-metastatic cases. The study also identified immune-related pathways, such as TGF-β signaling and cancer-associated
fibroblast activation, as critical in metastasis. This gene expression-based model offers a non-invasive, cost-effective solution for
predicting LNM, providing valuable insights to guide surgical decisions and reduce unnecessary procedures, ultimately
improving patient outcomes.
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Background

Thyroid cancer, one of the most prevalent endocrine malignan-
cies, has experienced a significant global rise in incidence[1,2].
Papillary thyroid carcinoma (PTC), which accounts for
approximately 90% of all thyroid cancers, is categorized as
a well-differentiated subtype[1,3]. Although PTC typically car-
ries favorable prognosis, it frequently presents with lymph
node metastasis (LNM), complicating surgical treatment and
increasing the risk of recurrence[3,4]. Central LNM in PTC is
reported to occur in 30–65% of cases, while lateral LNM is
observed in approximately 20–30%, with more aggressive dis-
ease reaching as high as 50%[5-8].

Preoperative LNM assessment primarily depends on neck
ultrasound, but its diagnostic accuracy is limited, particularly
for central cervical LNM. Studies have shown that central and
lateral metastases are either misreported or overlooked in
78.6% and 42.3% of cases, respectively, prompting surgical
management changes based on surgeon-performed ultrasound
in 65.4% of patients[9]. This diagnostic uncertainty often leads
to unnecessary fine needle aspiration and prophylactic lymph
node dissection in suspected cases[4,10]. Thus, an accurate, non-
invasive, and efficient preoperative method for predicting LNM
is urgently needed.

This study aims to combine genomic data with advanced
artificial intelligence (AI) algorithms to develop a predictive
model for LNM based on gene expression profiles in primary
thyroid tumors. This approach could greatly enhance preopera-
tive LNM risk assessment, leading to more precise surgical
planning, fewer unnecessary lymph node dissections, and
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a reduced risk of recurrence and secondary surgeries, ultimately
improving patient outcomes.

Methods

The detailed experimental procedures are provided in the
Supplementary Methods (Supplementary File 1, available at:
http://links.lww.com/MS9/A803).

Transcription profiling and marker discovery for metastatic
PTC

To investigate transcriptional changes during PTC metastasis,
RNA-seq was performed on tumor tissues from 157 PTC
patients, including 107 metastatic and 50 primary cases.
Differential expression analysis identified 180 upregulated and
236 downregulated genes in metastatic PTC (Figure S1A, avail-
able at: http://links.lww.com/MS9/A804). MSigDB Hallmark
analysis highlighted TGF-β signaling and estrogen response
pathways, both associated with tumor invasion (Figure S1B
and 1C, available at: http://links.lww.com/MS9/A804).
Downregulated genes were enriched in immune-related path-
ways such as cytokine-cytokine receptor interaction, aligning
with the enhanced mobility of metastatic cells (Figure S1D and
1E, available at: http://links.lww.com/MS9/A804). MCP-
Counter analysis further revealed a significant reduction in
B lineage cells in metastatic PTC, indicating impaired immune
responses (Figure S1F, available at: http://links.lww.com/MS9/
A804).

To identify diagnostic markers for LNM, 40 marker genes
were selected from the identified DEGs using the Boruta feature
selection method based on the random forest models trained on
the 157 PTC patients. The final trained random forest model
based on the selected genes achieved a strong area under the

curve (AUC) of 0.923 (95% CI: 0.880–0.966) with 80.4%
sensitivity (95% CI: 71.9–86.8%) and 90.0% specificity (95%
CI: 78.6–95.7%) (Figure S1G and 1H, available at: http://links.
lww.com/MS9/A804). Further analysis using RNA-seq data
from the TCGA-THCA (Thyroid carcinoma) cohort compared
185 PTC patients with LNM and 102 primary PTC, identifying
152 upregulated and 332 downregulated genes (Figure S2A,
available at: http://links.lww.com/MS9/A804). The Boruta
method identified 33 marker genes from the identified DEGs
to train another random forest model, achieving an AUC of
0.802 (95% CI: 0.751–0.853) (Figure S2B and 2C, available
at: http://links.lww.com/MS9/A804). Despite some variation
between the Chinese cohort and TCGA data, four genes –
RPS4Y1, PKHD1L1, CRABP1, and RBP4 – were shared,
demonstrating their diagnostic potential across populations
(Figure S2D, available at: http://links.lww.com/MS9/A804).

Due to the limitations of conventional qRT-PCR, which
allows for testing only three markers simultaneously, RPS4Y1,
PKHD1L1, and CRABP1 were selected for downstream qPCR
validation. These genes were prioritized based on their high
predictive value, excellent primer and probe specificity, and
strong signal intensity, making them optimal candidates for
reliable and precise testing. To further investigate the association
between three genes and clinical characteristics of the patients,
gene expression levels were categorized as high or low based on
the median value and assessed with Chi-square tests. Overall,
CRABP1 and PKHD1L1 were significantly associated with
T stage and lymph node detection, while RPS4Y1 was signifi-
cantly associated with age, T stage, vital status, and gender. No
significant associations were found for race (Table S1, available
at: http://links.lww.com/MS9/A805). GSEA analysis revealed
that high CRABP1 expression enriched hormone signaling, thyr-
oid hormone synthesis, and vascular smooth muscle contraction
(Figure S3A, available at: http://links.lww.com/MS9/A804); ele-
vated PKHD1L1 expression enriched B cell receptor signaling,
hormone signaling, TRP channel regulation, and thyroid hor-
mone synthesis (Figure S3B, available at: http://links.lww.com/
MS9/A804); and high RPS4Y1 expression enriched amino acid
biosynthesis, cell cycle, DNA replication, IL-17, and NF-κB
signaling pathways (Figure S3C, available at: http://links.lww.
com/MS9/A804).

Algorithm development and clinical validation

The predictive performance of five machine learning models was
evaluated across three independent datasets (Nantong,
Zhongshan, and Xuzhou) to assess their effectiveness in predict-
ing thyroid cancer metastasis. The overall study workflow is
illustrated in Fig. 1, consisting of two main phases: algorithm
development and clinical validation. In the algorithm develop-
ment phase, 458 participants from the Nantong dataset were
used for model training and testing, with hyperparameter tuning
performed through 5-fold cross-validation to optimize perfor-
mance. In the clinical validation phase, 366 participants from
Zhongshan and Xuzhou datasets were initially considered, with
349 undergoing qPCR testing. After applying exclusion criteria,
339 cases were included in the final analysis. The cohort was
stratified into non-metastasis (n = 185) and metastasis (n = 154)
groups for primary analysis. Additionally, among the metastasis
cases, 24 participants had recorded location data, enabling
a secondary analysis of central compartment (n = 17) and

HIGHLIGHTS

● Developed an artificial intelligence-driven model for
predicting lymph node metastasis (LNM) in papillary
thyroid carcinoma (PTC) using gene expression data
from 157 patients, validated with qRT-PCR across
807 participants.

● Focused on three predictive genes – RPS4Y1, PKHD1L1,
and CRABP1 – demonstrating strong predictive strength
for LNM.

● The random forest algorithm achieved an AUROC of
0.992 in training and 0.911–0.953 in external validation,
indicating robust predictive performance.

● Identified critical immune-related pathways, including
TGF-β signaling, associated with metastasis, highlighting
the role of immune response in tumor progression.

● The gene expression-based model offers a cost-effective,
non-invasive solution for LNM prediction, aiding surgical
decision-making and potentially reducing unnecessary
procedures.

● Acknowledged the necessity for more diverse cohorts and
additional validation of key predictors to establish their
causality and enhance model robustness across different
populations.
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cervical metastasis (n = 7). A total of 130 cases were excluded
from the location-based analysis due to missing records. As
summarized in Table S2 (available at: http://links.lww.com/
MS9/A805), the random forest model consistently outper-
formed the other algorithms across all datasets. In the
Nantong dataset, random forest achieved the highest scores,
with an accuracy of 0.949, precision of 0.896, recall of 0.976,
F1-score of 0.934, and an AUROC of 0.992. Similarly, the
Zhongshan and Xuzhou datasets demonstrated robust perfor-
mance, with random forest achieving accuracies of 0.894 and
0.886, and AUROCs of 0.911 and 0.953, respectively. In con-
trast, logistic regression and deep learning models generally
underperformed, particularly in recall and AUROC metrics,
across all three datasets.

To explore the role of PKHD1L1, RPS4Y1, and CRABP1 in
metastasis, their ΔCT values were analyzed across three datasets
(Fig. 2A), revealing significant differences between metastatic
and non-metastatic cases, with RPS4Y1 showing the most dis-
tinct separation. ROC curves (Fig. 2B) demonstrated strong
predictive performance of the random forest model, achieving
AUCs of 0.992 (Nantong), 0.953 (Xuzhou), and 0.911
(Zhongshan). Confusion matrices (Fig. 2C–E) confirmed high
classification accuracy: Nantong achieved 271 true negatives
and 164 true positives, Zhongshan identified 17 true negatives
and 34 true positives, and Xuzhou classified 151 non-metastasis
and 99 metastasis cases with minimal errors.

The performance of four machine learning models was also
assessed using the Nantong and Zhongshan datasets to predict
the location of thyroid cancer metastasis (central compartment
vs. cervical). Random forest consistently outperformed the other
models (Table S3, available at: http://links.lww.com/MS9/

A805), achieving an accuracy of 0.952, precision of 0.891, recall
of 1.000, F1-score of 0.942, and an AUROC of 0.991 in the
Nantong dataset. While XGBoost performed well, it did not
surpass random forest in any metric. In the Zhongshan dataset,
random forest’s accuracy dropped to 0.833 with an AUROC of
0.870, reflecting decreased performance compared to Nantong.
This decline may be attributed to differences in patient demo-
graphics, clinical practices, or technical variations in sample
processing across different institutions. Further investigation is
needed to determine the extent to which these factors impact
model performance and to explore potential strategies for
improving generalizability across clinical settings. Figure 2F
shows the ΔCT value distributions of PKHD1L1, RPS4Y1, and
CRABP1 in central and cervical metastasis groups, highlighting
distinct expression differences across both datasets. ROC curves
(Fig. 2G) demonstrate our model’s strong performance, with an
AUC of 0.991 in Nantong but a lower AUC of 0.870 in
Zhongshan. Confusion matrices (Fig. 2H, 2I) further illustrate
the model’s performance. These results demonstrate our model’s
superior accuracy and consistency across different clinical set-
tings, establishing it as a robust tool for metastasis prediction,
though its predictive power may vary depending on the clinical
environment. To further understand the model’s decision-mak-
ing process, we analyzed feature contributions using SHAP
values (Fig. 2J, 2K). The SHAP summary plots illustrate the
importance and directional impact of key features on metastasis
and location predictions. The color gradient highlights how high
or low feature values influence predictions. Higher SHAP values
indicate a stronger positive impact on the model’s output,
increasing the likelihood of the predicted outcome, whereas
more negative SHAP values suggest a protective effect, reducing

Figure 1. Flowchart showing the algorithm development and clinical validation process for predicting thyroid cancer metastasis. In the Algorithm Development
phase, 458 participants from the Nantong dataset were used for prediction model training and testing, with 5-fold cross-validation applied to optimize
parameters. In the Clinical Validation phase, 366 participants from the Zhongshan and Xuzhou datasets were considered, with 349 undergoing qPCR testing.
A total of 339 participants were included in the final analysis, with exclusions due to insufficient histopathologic information (n = 17) and insufficient RNA
concentration (n = 10). The cohort was divided into non-metastasis (n = 185) and metastasis (n = 154) groups, with 24 participants further analyzed for central
compartment (n = 17) and cervical (n = 7) metastasis location. Additionally, 130 participants were excluded due to a lack of location record.
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Figure 2. Performance of random forest in predicting thyroid cancer metastasis occurrence on multiple datasets. (A) Boxplots showing the distribution of ΔCT
values for three genes (PKHD1L1, RPS4Y1, and CRABP1) across the Nantong, Zhongshan, and Xuzhou datasets, categorized into metastasis and non-
metastasis groups. An asterisk (*) is added above two boxes if the statistical test shows a significant difference (P < 0.05). (B) Receiver operating characteristic
(ROC) curves for metastasis prediction across the three datasets, with respective area under the curve (AUC) values: Nantong (0.992), Zhongshan (0.911), and
Xuzhou (0.953). (C–E) Confusion matrices demonstrating the performance of random forest on the Nantong, Zhongshan, and Xuzhou datasets, respectively, for
metastasis prediction. (F) Boxplots showing the distribution of ΔCT values for three genes (PKHD1L1, RPS4Y1, and CRABP1) across the Nantong and
Zhongshan datasets, categorized into central compartment and cervical metastasis groups. An asterisk (*) is added above two boxes if the statistical test shows
a significant difference (P < 0.05). (G) Receiver operating characteristic (ROC) curves for central compartment and cervical metastasis prediction, with respective
AUC values: Nantong (0.991) and Zhongshan (0.870). (H and I) Confusion matrices demonstrating random forest performance on the Nantong (H) and
Zhongshan (I) datasets for predicting metastasis location. (J and K) display the importance ranking and impact of different features on the model’s output.
Each dot represents a sample, with SHAP values indicating the contribution of each feature to the prediction. Positive SHAP values suggest a higher likelihood of
the predicted outcome. The color gradient represents feature values, where red denotes higher values and blue denotes lower values. In metastasis prediction
(J), PKHD1L1 was identified as the most important feature, while in location prediction (K), CRABP1 had the highest impact.
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the probability of metastasis. In the metastasis prediction task
(Fig. 2J), higher expression of PKHD1L1, RPS4Y1, and
CRABP1 was associated with more negative SHAP values, sug-
gesting that these genes may have a protective role against
metastasis. In the location prediction task (Fig. 2K), these fea-
tures also played a significant role, but their impact varied,
indicating a distinct biological mechanisms underlying metasta-
sis and tumor localization.

For metastasis prediction (non-metastasis vs. metastasis), we
performed 5-fold cross-validation using the Nantong dataset,
obtaining a Brier score of 0.0651 on each held-out fold. The
Brier score measures both the accuracy and calibration of prob-
abilistic predictions, where lower values indicate better-cali-
brated predictions. The relatively low Brier score in cross-
validation suggests that the model performs well in predicting
metastasis within the Nantong dataset. To assess the model’s
generalizability, we evaluated its performance on two external
test datasets. The Brier scores for Zhongshan (0.1654) and
Xuzhou (0.1444) were higher than those from the cross-valida-
tion results, indicating some degree of performance degradation
when applied to unseen data. This suggests potential domain
shifts or differences in patient populations across datasets,
which may affect the model’s calibration and reliability in exter-
nal settings. For location prediction (central compartment vs.
cervical), we conducted 5-fold cross-validation on the Nantong
dataset, achieving a Brier score of 0.0544, indicating well-cali-
brated predictions within the training distribution. When tested
on the Zhongshan dataset, the Brier score increased to 0.1332,
reflecting a decline in predictive calibration. This performance
drop highlights dataset variability and potential challenges in
generalizing across different clinical cohorts.

Discussion

Accurate LNM prediction is essential for effective patient manage-
ment, especially given the limitations of ultrasound (US) in certain
anatomical regions. Central LNM detection via US is particularly
challenging due to anatomical constraints and the absence of
typical LNM features such as microcalcifications and increased
vascularity[4,11]. To overcome these limitations, machine learning
(ML) has shown great promise as a tool for predictive modeling in
various biomedical fields[12,13]. ML and radiomics have emerged
as promising alternatives for improving LNM prediction. For
instance, Liu et al utilized radiomics to predict LNM by extracting
614 features from B-mode ultrasound images and developed
a support vector machine model that achieved an AUC of 0.78
on the training set and0.73 on the test set[14]. Similarly, Chang et al
designed a nomogram incorporating deep learning, clinical data,
and US features, with AUCs ranging from 0.809 to 0.829 in the
validation cohort[15]. A recent meta-analysis reported pooled
AUCs of 0.84 for radiomics-only models and 0.81 for models
combining radiomics with clinical data, suggesting that the inclu-
sion of clinical data does not significantly enhance diagnostic
performance[16]. However, in multicenter and cross-machine
applications, the performance of both clinical and traditional
radiomics models decreased substantially. Independent tests
revealed AUCs of 0.67 and 0.56 for models based solely on clinical
information and traditional radiomics, respectively[3]. These find-
ings underscore the need for more robust and reproducible diag-
nostic tools to improve LNM prediction.

Our findings suggest that RPS4Y1, CRABP1, and PKHD1L1
play critical roles in LNM prediction. While RPS4Y1 remains
underexplored, CRABP1 and PKHD1L1 have established asso-
ciations with PTC and metastasis. CRABP1, involved in reti-
noid signaling, is significantly downregulated in PTC,
promoting epithelial-mesenchymal transition via the epidermal
growth factor receptor pathway and contributing to tumor
invasiveness[17,18]. Its downregulation, often due to promoter
hypermethylation, has been linked to increased LNM risk[19].
Similarly, PKHD1L1 acts as a potential tumor suppressor in
thyroid cancer, with reduced expression correlating with larger
tumor size, distant metastasis, and advanced disease
stage[20,21]. It has also been implicated in immune cell infiltra-
tion, suggesting a role in the tumor microenvironment[22,23].
Our pathway analysis further supports immune-related altera-
tions in metastatic PTC, reinforcing the biological relevance of
these genes in LNM prediction.

Despite promising results, limitations remain. Although our
study used multi-center data from hospitals in China, the cohort
is predominantly Chinese. This may limit the model’s general-
izability to other ethnic groups or regions. Further validation in
diverse populations is needed to assess its broader applicability.
Core predictors like RPS4Y1, CRABP1, and PKHD1L1 require
further validation to establish causality. Additionally, relying
solely on gene expression may overlook factors like post-tran-
scriptional modifications and protein interactions that impact
metastasis.

Conclusions

In conclusion, this study highlights the potential of integrating
gene expression profiles with AI models to predict LNM in PTC
accurately. Key gene markers provide insights into metastasis
mechanisms, and the externally validated model offers a non-
invasive, cost-effective tool for preoperative risk assessment,
enhancing surgical decisions and minimizing unnecessary inter-
ventions. Future studies with larger, more diverse populations
and further validation of these markers will be crucial to max-
imize the model’s clinical impact.
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