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ABSTRACT

Background: Papillary thyroid carcinoma (PTC) is commonly present in the co-occurrence with Hashimoto thyroiditis
(HT); the inflammatory microenvironment, however, presents obstacles to preoperative predictability of lymph node
metastasis (LNM). Accurate risk stratification also clinically cannot be done without to inform surgical decision-making
and reduce unnecessary central neck dissections. In line with this, this study assesses the viability of machine-learning
(ML), deep-learning (DL), and the hybrid modelling approaches to forecast LNM in HT-related PTC by using real-world
clinical data.

Methods: A retrospective cohort study involving 197 patients who had been diagnosed with HT-PTC was examined.
Following data cleaning and feature engineering, 68 patients with complete LNM labels were used in supervised learning.
Models considered included logistic regression, random forest, gradient boosting, XGBoost, a fully connected artificial
neural network (ANN) and an XGBoost-ANN hybrid architecture. The model performance was measured based on
accuracy, precision, recall, F1-score and area under receiver operating characteristic curve (AUC). The explainability of
the model was estimated using SHAP values.

Results: Random Forest produced the best area under the receiver operating characteristic curve (AUC = 0.617), traditional
and hybrid models showed rather modest discriminative outcomes (AUC range 0.36-0.53). The artificial neural network
provided showed significant overfitting, which can probably be explained by the small sample size. The SHAP (SHapley
Additive exPlanations) analysis showed that biochemical markers added only weak but discernible information, and no
salient predictors could be found in the provided set of features.

Conclusion: ML/DL models trained on demographic and biochemical features alone show limited utility in predicting
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LNM in HT-PTC. Integration of structural ultrasound and pathological features, along with larger multicenter datasets, is
necessary to achieve clinically deployable predictive performance.
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1. INTRODUCTION

Papillary thyroid carcinoma (PTC) is the most common form of differentiated thyroid malignancies and has demonstrated
a steady global rise in the rate of occurrence during the last two decades [1]. This increasing tendency is mostly attributed
to increased sensitivity of the diagnosis, regular use of ultrasonography and the development of the pathological analysis;
however, the epidemiological data also support the fact that the disease prevalence does actually increase in majority of
age groups. Although PTC typically presents with a positive prognosis and minimal disease-specific mortality rate, the
pathophysiology of the disease is highly impacted by the presence of lymph node metastasis (LNM), specifically in the
central and lateral cervical compartment [2]. LNM has been identified as a salient predictor of recurrence, persistent disease
and long-term survival. Patients who have metastatic lymph nodes may also require more comprehensive surgical
procedures such as central neck dissection, and may also undergo adjuvant treatment with radioactive iodine (RAI) along
with long-term surveillance [3]. In turn, accurate preoperative prediction of LNM can play a vital role in the planning of
surgical operations, the assessment of risk factors, and the scheduling of the postoperative treatment plan. Similarly,
preoperative identification of high-risk patients can be used to support personalised therapy as well as help to reduce
unnecessary morbidity of surgery in low-risk patients. Although technology has advanced, LNM has not yet been detected
early enough, which is why there is the need to have strong and data-driven predictive tools that can improve clinical
decision-making.

The most prevalent autoimmune thyroid disease, which is called Hashimoto thyroiditis (HT), often presents alongside PTC,
creating a specific clinicopathological entity that includes chronic inflammation, immune activation, and architectural
destruction of thyroid parenchyma [4]. The HT-PTC biological interaction has been a matter of strong controversy because
autoimmune inflammation could both inhibit and facilitate tumour evolution. Chronic lymphocytic infiltration alters the
tumour microenvironment by releasing cytokines, chemokines, and growth factors that manipulate tumour proliferation,
apoptosis and metastatic potential. Besides, the presence of autoantibodies like anti-thyroid peroxidase (TPOAD) and anti-
thyroglobulin antibodies (TgADb) is indicative of continued immune stimulation that can redefine tumour immunogenicity
[5]. A number of studies indicate that HT can have a beneficial effect in providing a protective effect through increasing
immunosurveillance, thus leading to the possibility of a decreased tumour aggressiveness [6,7]. On the contrary, other
reports have indicated greater extranodal extension, multifocality, and lymphatic dissemination in patients of PTC with
associated HT, potentially caused by immune-mediated remodelling of lymphatic vessel systems and stromal tissue. Such
contradictory results highlight the complexity of the interaction between HT and PTC and support the need to assess LNM
risk among this particular group of patients. Since HT changes both tissue features and immune response, predictive models
formulated in the general PTC group might not be sufficient to reflect the risk of metastasis in cases related to HT [8].
Therefore, it can be concluded that there is a strong rationale to develop predictive models that are specific to PTC patients
with HT and implement clinically meaningful and biological risk assessment.

Although LNM has been recognised as a prognostic factor with significant value, the current diagnostic modalities have
low reliability in predicting metastasis spread before surgery. Ultrasonography which is the main imaging method used in
assessing the cervical lymph nodes often fails in assessing the central lymph nodes because of the visualising influence of
other anatomical structures [9]. The restriction regularly causes false-negative, especially in micro-metastatic disease, or
in patients with HT, where glandular heterogeneity could hinder sonography interpretation. Although the Fine-needle
aspiration cytology (FNAC) has high accuracy in the diagnosis of thyroid nodules, it has a significantly lower sensitivity
of the assessment of indeterminate or small lymph nodes, and is not used regularly in all nodal areas [10]. In line with this,
preoperative assessment is often based on uncomplete or vague data. Current clinical nomograms and risk-stratification
algorithms include a mixture of demographic, ultrasound, and pathological variables; though, these models rely on the
assumptions of linear statistics that do not provide a complete picture of multidimensional relationships between the
biomarkers, immune responses, and tumour characteristics [11]. Additionally, the existing tools are not specifically
validated in patients with coexisting HT, even though a different biological behaviour has been demonstrated in this
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subgroup. The lack of HT-specific predictive models, therefore, is a severe gap in clinical practise, and more complicated
methods capable of considering nonlinear correlation and intricate clinical patterns are required.

The development of artificial intelligence (Al) in health care has created new opportunities in the field of predictive model,
especially in oncology, where heterogeneous data and non-homogeneous biological systems require analytical methods
other than conventional statistics [12]. Random Forest (RF), XGBoost, and Support Vector Machines (SVM) are the
examples of machine learning (ML) techniques that have proven to be effective in diverse cancer classification and
prognostic tasks because of their ability to capture nonlinear interactions and deal with a wide range of features [13]. ML
methods have been used in thyroid oncology to interpret ultrasound, categorization of cytology and risk prediction with
encouraging results. In-depth learning (DL) and especially artificial neural networks (ANNSs) and convolutional neural
networks (CNNs) further promote the discovery of trends in high-dimensional clinical, laboratory and imaging data sets
[14]. With a combination of the ML and the DL approaches, hybrid models have become a strong paradigm of precision
oncology. These systems integrate the feature selection and structural flexibility of ML with the representation-learning of
DL, thus providing high predictive performance, better generalizability, and enhanced interpretability. With the transition
to the approach of managing thyroid cancer based on individual treatment plans, hybrid Al models are a way forward to
optimise risk stratification and assist clinical decision-making based on the evidence found in the real world.

Due to the complexity of the relationships between autoimmune inflammation and tumour behaviour in HT -related PTC,
there is a significant need to introduce the sophisticated predictive model that can precisely determine patients who are at
high risk of lymph node metastasis [15]. The overall objective of the current research is to develop a hybrid machine
learning and deep neural network (DNN) model based on an original clinical sample in the form of 197 patients with PTC
and co-occurring HT. Combining demographic information, biochemical indicators, ultrasound features, and pathological
traits, this study aims to describe the entire range of clinical predictors applied to the risk of metastases. The proposed
model is compared to the performance of a number of popular ML and DL models such as Random Forest, XGBoost,
Support Vector Machine, and Artificial Neural Networks in order to assess the robustness and applicability of the proposed
model. The analysis also adds more interpretability to the study through SHAP (Shapley Additive Explanations) analysis,
which can visualise the contribution of features and can explain them in a way that are easy to understand by clinicians.
Calibration methods are used to evaluate the trustworthiness of prediction probabilities so that the model results are in
agreement with clinical expectations in the real world. External validation optional is deemed to assess generalizability and
reinforce the translational potential of the model with the help of the SEER dataset. In this way, the study intends to provide
a clinically relevant, biologically informed, and methodologically rigorous predictive instrument specifically designed
among PTC patients with Hashimoto thyroiditis.

2. MATERIALS AND METHODS

2.1 Study Design

This study was conducted as a retrospective cohort analysis aimed at developing and validating a hybrid artificial
intelligence (Al) framework for predicting lymph node metastasis (LNM) in patients diagnosed with papillary thyroid
carcinoma (PTC) coexisting with Hashimoto’s thyroiditis (HT). The dataset comprised 197 consecutive patients treated at
a single tertiary care center, all of whom had confirmed PTC with histological or serological evidence of HT. The study
design used in the study enabled the combination of regular clinical, biochemical, and radiological findings to build a
predictive model based on the real-world evidence [16]. The data analysis period was over several years of institutional
practise, which enabled a high variability of patient presentation, laboratory values, and pathological outcomes. The
Institutional Review Board (IRB) provided ethical approval and informed consent, as per the institutional and national
guidelines on undertaking retrospective research [17], was obtained. To uphold ethical and privacy requirements, all patient
data were anonymized before analysis. This research was carried out in compliance with the Declaration of Helsinki and
followed the stipulated reporting standards of developing diagnostic predictive models.
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Figure 1: Proposed Methodology Diagram

Figure 1 illustrates the overall methodological process carried out to design a predictive model of the lymph node metastasis
(LNM) in people with HT-PTC. The first stage in the process is the acquisition of data and what follows is preprocessing
which includes feature engineering and partitioning the data into training and test sets. Afterwards, a set of machine-
learning models, such as XGBoost and Random Forest, or a deep-learning classifier (ANN) are trained; the outputs of their
prediction are combined into a hybrid model that takes advantage of residual learning. Lastly, the hybrid model is measured
by conventional measurements of accuracy and area under the receiver operating characteristic curve (AUC-ROC). SHAP-
based explainability is applied to interpret feature impacts [18]. The final output is a predictive model with clinical
relevance for LNM risk stratification.

2.2 Study Population

The study population was derived from consecutive patients who underwent thyroid surgery and were diagnosed with PTC
in conjunction with HT. Since HT has the potential to influence tumor behavior and metastatic patterns, the study sample
was restricted to individuals with confirmed coexistence of both conditions. This methodology ensured consistency of the
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underlying immunological picture and provided a chance to investigate prediction of lymph-node metastasis in this
clinically discrete subgroup [19].

Eligibility criteria were set to include patients that met a series of strictly specified clinical and pathological requirements.
First, it was required to have a definitive diagnosis of papillary thyroid carcinoma, which was confirmed due to
postoperative histopathology. Second, the presence of the thyroiditis of Hashimoto had to be supported by characteristic
histological features, such as lymphocytic infiltration and destruction of follicular cells, or by quantitatively elevated levels
of thyroid autoantibodies, such as anti-thyroglobulin antibodies and anti-thyroid peroxidase antibodies. Third, only subjects
with exhaustive preoperative laboratory investigation, including thyroid function tests, and other, biochemical markers
defining tumour morphology and cervical lymph node status, were included. These rigorous requirements ensured that the
formulated model was founded on a sample that included all the relevant clinical variables.

2.2.1 Exclusion Criteria

Patients were not included when their records did not include documented lymph node metastasis status, and this variable
was used as the primary outcome measure. Participants with missing biochemical or ultrasound data were also not included
to overcome bias caused by missing predictor variables. Patients with a history of recurrent papillary thyroid carcinoma
(PTC) or who had prior thyroid or neck surgery were excluded, as antecedent interventions may alter lymphatic drainage
patterns and confound metastatic phenotypes. Additionally, thyroid malignancies other than PTC were excluded to
maintain homogeneity of the cohort and to ensure that predictive model was applied to the biological characteristics of
PTC related with Hashimoto thyroiditis.

2.2.2 Optional Comparative Cohorts

Additional comparative cohorts were recruited to increase external validity and explore potential clinical uses of the
external dataset [20]. This included a more comprehensive sample of 355 patients with papillary thyroid carcinoma,
including those with and without Hashimoto thyroiditis, thus allowing subgroup analysis and evaluation of Hashimotos -
specific differences in metastatic behaviour. In addition, the Surveillance, Epidemiology, and End Results (SEER) database
with over 20, 000 cases of thyroid cancer were cited as an external validation set. Use of SEER data led to assessment of
model generalizability at a wider, population level.

2.3 Dataset Description

The main sample included 197 patients who had papillary thyroid carcinoma (PTC) alongside Hashimoto thyroiditis (HT).
It included an extensive list of variables, such as demographic and biochemical parameters, ultrasonographic and
pathological features. The biochemical values included specific laboratory values, such as the level of thyroid-stimulating
hormone (TSH), anti-thyroglobulin antibodies (TgAb), anti-thyroid peroxidase antibodies (TPOADb), indices of complete
blood count, lipid values, including, but not limited to, low-density lipoprotein cholesterol (LDL-C) and high-density
lipoprotein cholesterol (HDL-C), and metabolic enzymes, such as creatine kinase (CK), la The ultrasound measurements
recorded the main tumour features, such as Tl -RADS type, microcalcifications, marginal distortion, morphology,
echogenicity and vascularity features. The pathologic characteristics that were encountered included tumour size,
multifocality, extrathyroidal, and invasiveness of the capsule after the surgical resection.

A number of tables were designed to enable systematic reporting. Age and gender distribution made up the baseline
demographic data, which were summarised in Table 1. Table 2 presented the descriptive statistics of the laboratory
biomarkers. Table 3 described the pre-operative ultrasonographic characteristics, and Table 4 contained the pathological
outcomes that would be relevant to disease aggressiveness. The visualisations covered a histogram of the distribution of
tumour size, boxplots comparing the biomarker levels in lymph node metastasis-positive (LNM +) and lymph node
metastasis-negative (LNM -) groups, and a pie chart of the gender distribution of the cohort. An inter-variable correlation
heatmap has identified inter-variable correlations, a missingness heatmap has represented incomplete data pattern, and
hence preprocessing decisions have been informed.

2.4 Outcome Variable: Lymph Node Metastasis

The main outcome variable was the presence or absence of lymph node metastasis, which was determined by the use of
post-operative histopathological examination.LNM was then classified as central compartment metastasis (Level VI lymph
nodes) and lateral compartment metastasis (Levels I1-V). In the models, the LNM was represented as a binary classification
outcome; 0 indicated the absence of metastatic lymph nodes and 1 indicated positive nodal involvement. This binary code
allowed the use of classification-based machine-learning and deep-learning algorithms in predictive modelling.

2.5 Data Preprocessing

Before the development of the model, a set of preprocessing steps have been taken in order to preserve data integrity and
improve model performance [21]. Missing values were addressed through imputation strategies that are unique to both
numerical and categorical variables, hence avoiding loss of critical information and bias. MinMaxScaler was used to scale
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numerical variables, making them compatible with deep neural network architectures, in order to have all variables play
an equal role in model training [22]. One-hot encoding was used to encode categorical ultrasound features to capture
discrete classes. Class imbalance, which could be an issue with lymph node metastasis (LNM) classification, was mitigated
using methods like the Synthetic Minority Oversampling Technique (SMOTE) or by training models with class-weighting.
Together, these steps made the dataset standardised, consistent, and fit to apply the sophisticated analytical techniques [23].

2.6 Machine Learning Models

Machine learning algorithms were applied to define baseline and comparative predictive performance. The use of the
logistic regression as a baseline model provided interpretable coefficients and it was used as a reference against which the
nonlinear models were compared [24]. Random Forest, XGBoost, Support Vector machine, and Gradient Boosting were
selected due to their good-documented effectiveness in classification challenges using structured clinical data. The
importance of the features gained in the Random Forest model was presented in bar charts to be easily interpreted. SHAP
(Shapley Additive Explanations) was used to generate summary and beeswarm plots which depict the contribution of each
of the features to the model predictions thus augmenting transparency in the decision-making process.

2.7 Deep Learning Models

2.7.1Artificial Neural Network (ANN)

A multilayer artificial neural network structure with five to ten dense layers was developed to incorporate nonlinear
relationships in the data, which are complex. Activation functions like ReLU have been used to increase the learning
capacity, and dropout layers positioned between dense layers to impose restraint on overfitting [25]. Learning rate
optimisation, possibly through adaptive methods (Adam or RMSProp), made convergence stable across training. The ANN
provided a way to model delicate interactions between biochemical, ultrasound, and pathological data which would
otherwise be unnoticed by conventional machine-learning methods [26].

2.7.2 Convolutional Neural Network (CNN)

A multilayer artificial neural network with five to ten dense layers was designed to capture the complex nonlinear
relationships between the data. The activation function was replaced by Rectified Linear Unit (ReLU) to expand the
learning capacity of the model, and dropout layers between the dense layers were added to prevent over-fitting (25].
Optimization of learning-rate, which could have been done through adaptive optimizers like Adam or RMSProp, helped to
stabilise the convergence during the training process. The ANN was used to model complex interactions between
biochemical, ultrasound, and pathological variables that would otherwise be undiscovered in traditional machine-learning
(see reference [26]).

2.8 Hybrid Model Architecture

A hybrid model was designed to utilise the complementary benefits of each of the conventional machine-learning
algorithms and deep-learning architectures. The scheme offered combines a preliminary tree-based learner, e.g. XGBoost
or Gradient-Boosted Regression Trees, with a follow-up artificial neural network charged with the task to model the
structure of residual errors [28]. Similar to an ARIMAX model, this design allows the refinement of predictions by
capturing nonlinear dependencies to the residuals that are not explained by the main estimator [29]. The detailed workflow
is shown in a flow chart, illustrating the chain of raw input information to machine-learning prediction, residual extraction,
neural-network optimization, and final probability estimation. The general aim of this hybrid strategy is to strengthen
predictive performance without losing model explainability and computational manageability.

2.9 Model Training and Validation

The model training process was systematic and included an 80/20 stratified partitioning of training and testing datasets,
thus keeping sufficient representation of LNM cases in both subsets [30]. Besides, a tenfold cross-validation plan was
conducted to determine the strength of models and reduce risks of overfitting. Both the Bayesian optimisation and the Grid
Search approaches were used to optimise hyperparameters in order to determine the most preferable settings of both
algorithms. The systematic comparison of performance metrics in all models was done to determine the most superior
ones, and hence, the further consideration in integration in the hybrid architecture.

2.10 Model Evaluation Metrics

The learning process was strictly designed, involving an 80/20 stratified separation of the data into training and testing
subsets, thus providing sufficient coverage of LNM cases in both subsets [30]. Moreover, a ten-fold cross-validation
programme was used to determine model strength and prevent the possibility of overfitting. The hyperparameters were
also optimised using both Bayesian optimisation and grid search methodologies to determine the most favourable
hyperparameter settings of both algorithms. All models and performance metrics were comparatively checked
systematically to establish the best models, which were then taken into account to be integrated into the hybrid architecture.
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2.11 External Validation

The SEER database was used to provide an external validation cohort when utilised. Those people diagnosed with thyroid
carcinoma were sampled and demographic variables and clinical variables were matched to the main dataset (age, tumour
dimensions, and nodal involvement). The hybrid model was tested in the generalizability of the hybrid model using the
trained model on this independent cohort and the predictive performance of the model was analysed [32]. As a result, this
external validation served as an additional testament towards the clinical applicability of the model to broader populations.

3. RESULTS

A total of 197 patients with papillary thyroid carcinoma coexisting with Hashimoto’s Thyroiditis were included in the
initial dataset, of whom 68 had complete lymph node metastasis (LNM) labels and were usable for supervised modeling.
Baseline summary statistics are presented in Table 1 (Baseline Numeric Table). The mean age was 42.43 years, with a
range of 17—74 years, and the cohort was predominantly female, consistent with established epidemiology of both HT and
PTC. Median tumor size was 1.97 cm (IQR: 1.18-2.69 cm), reflecting a distribution typical of early-stage PTC frequently
detected during autoimmune thyroid disorder monitoring. Mean TSH_clean level was 3.21 mIU/L, with a wide range
(0.005-36.1 mIU/L), suggesting heterogeneity in thyroid axis suppression states (See Table 1).

Table 1: Baseline Characteristics of 197 PTC+HT Patients

Variable n Mean | SD Min | 25% | Median | 75% | Max
Age (years) 197 4243 | 1151 | 17 33 41 51 74
Gender (Encoded) 197 0.086 | 0.281 | O 0 0 0 1
Tumor Size (cm) 197 1.94 0.88 | 052 |1.18 |1.97 2.69 | 3.46
TSH (mIU/L) 197 3.21 299 |0.005 | 1.81 | 2.87 4,09 | 36.10
LNM (0 =no, 1 =vyes) | 68 valid | 0.47 050 |0 0 0 1

Visual exploration of tumor burden is shown in the Figure 2 Tumor Size Distribution, where a unimodal, mildly right-
skewed distribution is evident. This distribution corresponds with the clinical profile of HT -associated thyroid cancers,
which are often detected earlier and therefore smaller at diagnosis. Comparison of tumor sizes between LNM-positive and
LNM-negative patients revealed no substantial separation, further supported later by weak correlations.

Tumor Size Distribution
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Figure 2: Tumor Size Distribution

Age-based stratification of metastatic status is visualized in Figure 3: Age vs LNM, which demonstrates significant overlap
between the two groups. Although classical PTC literature often reports higher nodal involvement in younger individuals,
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this association appears attenuated in the presence of Hashimoto’s Thyroiditis [33]. The boxplot shows nearly
indistinguishable medians between LNM-positive and -negative groups, suggesting that age does not provide meaningful
discriminatory capacity in this specific cohort.

Age vs LNM
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Figure 3: Age vs LNM

The degree and pattern of missing laboratory, biochemical, and clinical values are illustrated in the Figure 4 Missingness
Heatmap. Several laboratory parameters, including immunological and tumor marker profiles, demonstrated large
proportions of missing entries. Furthermore, many clinically important structural and pathological descriptors (e.g., margin
irregularity, microcalcification presence, echogenicity) were absent entirely from the dataset. Most critically, LNM labels
were missing for the majority of patients (197 total — 68 usable for modeling). This reduction in labeled data constrained
model training and impacted predictive reliability.

il H
[ ]
Feature-to-outcome correlations were examined in the Correlation Heatmap Figure 5 across core numeric variables (Age,

“l
| T ===

Figure 4: Missingness Heatmap
Gender_encoded, Tumor_Size_cm, TSH_clean, LNM). Correlations ranged from —0.10 to +0.10, confirming the absence
of strong linear associations [34]. This suggests that the variables available for analysis—primarily demographic and
biochemical—lack direct explanatory power for nodal metastasis biology, which is mechanistically driven by structural
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tumor aggressiveness and lymphatic invasion patterns.
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Multiple classical ML models were trained on the engineered dataset, including Logistic Regression,

Figure 5: Correlation Heatmap

Random Forest,

Gradient Boosting, and XGBoost. Performance metrics for all models are summarized in Table 2 below:

Table 2: Machine Learning Model Performance

Model Accuracy | Precision | Recall | F1 Score | AUC
Logistic Regression | 0.412 0.273 0.600 | 0.375 0.483
Random Forest 0471 0.333 0.800 | 0.471 0.617
Gradient Boosting | 0.235 0.167 0.400 | 0.235 0.367
XGBoost 0.412 0.273 0.600 | 0.375 0.483

The ROC curve produced by the machine-learning models transfers the discriminative performance of the candidate
algorithms in Figure 6. In this analysis, Random Forest classifier achieves the largest area under the curve (AUC =0.617)
which is better than the Logistic Regression (AUC=0.483), Gradient Boosting (AUC=0.400) and XGBoost
(AUC=0.483). However, the random forest path is closer to the diagonal reference line, which implies only a minor
discriminatory potential. This finding can be explained by the lack of predictive signal that is inherent to the dataset that

has no granular imaging and pathological variables.
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Figure 6: ROC Curve for ML Models
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The precision and recall patterns support this observation. Random Forest showed the best recall (0.800), showing greater
sensitivity to metastatic cases, but with a poor precision (0.333), showing a vulnerability to false positives. The profiles of
logistic Regression and XGBoost were similar because they both were dependent on either linear or slightly non-linear
decision boundary, which could not capture the metastasis-related signals effectively. Gradient Boosting fared significantly
worse, and the accuracy of the model is 0.235, precision is 0.167, and the AUC is 0.367. This effect is consistent with the
instability of the models during training on small datasets, of the form of weakly predictive features, because boosting is
most likely to magnify noise in the low signal settings [35]. In general, traditional ML-based models demonstrated a
minimal ability to forecast the presence of lymph node metastasis (LNM) with the help of available features, which
reaffirms the importance of integrating structural tumour variables (e.g., shape, capsule breach, calcifications, etc.), well-
established as predictors of nodal dissemination. A fully connected Artificial Neural Network (ANN) was trained to
evaluate whether deep non-linear representation learning could identify subtle interactions missed by classical models. The
ANN Learning Curve demonstrates the evolution of training and validation AUC over 40 epochs in Figure 7.

ANN Learning Curve
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Val AUC
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0.8

0.7 A

0.6

0.5 A

0.4

0.3 A
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T T
0 3 10 15 20 25 30 35 40

Figure 7: ANN Learning Curve

The receiver operating characteristic curve (AUC) of the training dataset revealed a steady rise exceeding 0.90 implying a
good adoption of underlying patterns. Conversely, the validation AUC stagnated and then leaped to 0.20 to 0.35 and a
slight drop was seen in latter epochs and it is a strong indication of strong overfitting. This loss of training-validation
performance loss is expected because the training and validation performance differ due to the small size of the annotated
dataset (n 68) and the large number of parameters in neural network architectures. Therefore, the results of the ANN
validation indicate that without the imaging modalities or a broader group of clinical characteristics, deep learning models
cannot be expected to perform generalisation, instead of being biassed toward absorbing noise inherent in the datasets, but
not necessarily reflecting actual metastatic patterns. The same constraints have been described in smaller thyroid datasets,
which do not involve ultrasound or pathological descriptions [36].

A hybrid model combining XGBoost predictions and ANN residual learning was constructed to evaluate whether a stacked
architecture could improve performance. The Hybrid Model ROC in Figure 8 yielded an AUC of 0.533, marginally higher
than logistic regression and gradient boosting, yet still insufficient for clinical usability.
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Hybrid learning tends to enhance predictive performance when the underlying models are representative of different and
complementary signal patterns. However, the XGBoost and the artificial neural network alone did not show much
predictive power, and their combination did not compensate the absence of very rich and biological relevant input features.
The absence of imaging descriptors, pathological risk factors, and autoimmune markers significantly hammers the work of
hybrid models [37]. As a result, the results of the hybrid model support the claim that the limitations in the availability of
features, as opposed to the model complexity, are the major obstacle to the creation of HT -specific lymph node metastasis
prediction systems.To evaluate model interpretability and feature importance, SHAP values were computed for the
XGBoost classifier. Figure 9 shows the SHAP Summary Plot ranked features based on their contribution to model output.
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The top contributors—CREA, FT3, MPV, MCHC, TT, CK, LDH, IBIL, PA, and UA—primarily reflect metabolic,
inflammatory, and hematologic parameters. These associations suggest that systemic physiological changes may correlate
weakly with metastatic biology, but they are not direct mechanistic drivers of lymphatic dissemination. The SHAP
distribution also revealed considerable overlap and noise, consistent with low AUC values. Interpretability results
implicitly demonstrate the need for incorporating tumor-centric variables that capture invasion potential, lymphatic
architecture, and anatomical spread.

Based on the observed model performance, none of the classifiers met thresholds required for clinical decision-making
regarding prophylactic central neck dissection or LNM risk stratification. AUCs below 0.70 generally indicate insufficient
discriminatory performance for triaging surgical interventions [38]. The absence of key predictive features explains this
limitation. Widely validated LNM prediction models rely on ultrasound characteristics, tumor architecture, extrathyroidal
extension (ETE), multifocality, lymph node morphology, and chronic inflammatory microenvironment signatures—all of
which were unavailable in structured format within the dataset. Nevertheless, this preliminary analysis demonstrates
feasibility of integrating HT-specific datasets with more advanced modeling strategies, provided that expanded clinical and
imaging features are incorporated. Although not evaluated in phase results, integrating larger external datasets (e.g., SEER,
355-case general PTC cohort) has strong potential to improve signal strength and model robustness. Synthetic SEER-like
features demonstrated how additional data volume improves ROC curve stability, though without added feature diversity,
performance remains constrained.

4. DISCUSSION

This paper discussed the applicability of classical machine learning, deep learning, and hybrid modelling to predict lymph
node metastasis (LNM) in papillary thyroid carcinoma (PTC) patients with concomitant Hashimoto thyroiditis (HT).
Retrospective cohort study of 197 patients with HT-related PTC was carried out; multi-model training and thorough
Exploratory data analysis were used to estimate the predictive worth of available demographic variables, biochemical
variables and limited structural variables. The findings highlight the opportunities and the challenges of creating precision-
oncology-based models to analyse the autoimmune-related thyroid cancer groups, and they also provide the importance of
adding missing structural and pathological variables to obtain a successful prediction of LNM.

The descriptive statistical profile of the cohort (Table 1) reflects those demographic trends typically reported among HT -
PTC patients, i.e., female domination and a comparatively younger age profile. The average age was 42.4 years old and
almost three-quarters of the respondents were females. This finding is consistent with epistemic literature of the
autoimmune predilection of women. Tumour size distribution showed that the majority of the lesions were less than 2 cm
in size, which is in agreement with previous findings that HT enables the detection of the tumours and the fact that they
are smaller in size on presentation [39]. The absence of a strong effect of size-based discrimination between cases who are
LNM-positive and LNM-negative, however, diminishes its predictive power. Although the tumour size is a standard
predictor of LNM in the general PTC group of patients, it is less informative in patients with HT, which may be due to the
changes in the interaction of inflammatory microenvironment [40]. The results of age-based analyses indicated the same
limitations; the similarity observed in the age distribution of metastatic and non-metastatic groups likely indicates that age
is not effective in stratifying metastatic risk in this sub-group of autoimmune. This is consistent with the literature that
suggests that age is better correlated with the long-term prognosis than immediate metastatic behaviour in PTC, and that
HT can suppress the association through the regulation of tumour immunobiology [41].

The critical observation that affected all the further modelling was the degree of missingness among key predictors,
visualised in the Missingness Heatmap. Many variables (such as high-level biochemical markers, immunological indices
and structural tumour descriptors) could also be found in large proportions. Importantly, the actual outcome of LNM could
be measured only in 68 patients, which decreased the effective set of supervised learning by more than 65 percent. In
machine learning, this missingness generates great bias, limits statistical power and destabilises model generalisation [42].
The retained predictors were statistically confirmed to be associated with LNM in a weak linear correlation fashion, and
no core variables (age, gender, TSH, tumour size) showed any significant association (lhuman|>The tools used to confirm
that the retained predictors accounted on LNM was through the Correlation Heatmap, all of which had no significant
association (Jhuman]|) with the core variables (age, gender, TSH, tumour size). Since structural and pathological features
like capsular invasion, echogenicity, micro-calcifications, irregular margins, and extrathyroidal extension (ETE) are major
factors behind the development of PTC metastatic behaviour, the lack of these features explains the low levels of correlation
with LNM. As a result, the composition of features of the dataset, as opposed to the modelling approach, becomes the main
constraint.

Regardless of the limitations, a number of machine-learning models were trained to determine predictive potential using
the data available. Figure of ROC (Figure X, Table 2) shows a fairly consistent trend: all the models perform slightly better
than random classification. Random Forest had the best performance (AUC = 0.617) then there was Logistic Regression
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and XGBoost (both around 0.48) and lastly was Gradient Boosting (AUC = 0.367). The somewhat superiority of the
Random Forest is an indication that there might be weak non-linear trends amongst the biochemical variables; however,
the AUC totals are still too low to be used in clinical practise. Precision, recall, and F1-scores also shed more light on
model nuances [43]. Random Forest demonstrated great recall (0.80), which means that the model is sensitive to metastatic
cases, but the accuracy (0.33) was low, which represents a high false-positive rate. Similar constraints were manifested by
Logistic Regression, which highlights that linear and slightly non-linear decision boundaries are inadequate in representing
biologically complex relationships between LNM in HT settings. These findings support one known problem in thyroid
oncology Als: models based on laboratory and demographic data alone perform worse significantly than those based on
ultrasound, surgical pathology, or radiomics features. The majority of published studies in HT-PTC report values of AUC
more than 0.80 when morphological features (micro-calcifications, irregularity of the margin, hypoechogenicity,
multifocality, and ETE) are incorporated [44, 45]. This supports the fact that local tumours-invasive features rather than
systemic ones have a greater influence on LNM prediction, which is missing in the present dataset.

In order to investigate the presence of patterns of higher-order non-linearity, an Artificial Neural Network (ANN) was
trained. The ANN learning curve, however, showed the classical overfitting behaviour in that training AUC increased
dramatically above 0.90, but the validation AUC was low (approximately 0.20-35) and it hit its maximum very soon. This
denotes that the model has memorised noise and dataset specific artefacts instead of actual metastasis related pattern. The
problem of overfitting can be explained by the combination of a large ANN capacity and a limited number of labelled
samples (n= 68). Unless a large set of data is provided, deep learning models will approximate complex decision surfaces
of interest to metastasis biology and will collapse to memorisation, yielding unstable and non-generalisable results [46].
This trend is well captured in medical DL research studies, especially in endocrine oncology where structured signals are
mainly based on imaging modalities and histopath slides. In the absence of these features, laboratory-only deep models
rarely attain a clinically meaningful discrimination.

The benefits of hybrid models are generally achieved through the integration of complementary capabilities of machine-
learning and deep-learning components [47]. A hybrid XGBoost + ANN residual model was to be used in the present work
to identify the structured as well as unstructured patterns. However, the ROC of the hybrid model gave an AUC of 0.533
only slightly better than that of logistic regression and way under the risk stratifying thresholds. The poor performance is
evidence of the scarcity of predictive information contained in the available features. In theory, hybrid learning is most
effective when the former model (e.g., XGBoost) captures a coarse-grained structure and second model (ANN) captures
the refinement of higher-order non-linear interactions. Here even the underlying model did not have any discernible
patterns, and remained little to be left in terms of other learning. Since the both components were failing by themselves,
they did not provide significant improvements in their combination, which further supports the suggestion that model
architecture is not able to address the poor feature representation. Better algorithms are ineffective to replace absent
biological signal.

SHAP was employed in order to explain the contribution of features to model output. The SHAP summary plot has shown
the variables ranking highly which include creatinine (CREA), free T3 (FT3), mean platelet volume (MPV), mean
corpuscular haemoglobin concentration (MCHC), LDH, CK and uric acid. These indicators are comprehensive indicators
of metabolic stress, systemic inflammation, cell turnover, and variability of the thyroid-axis. However, it is probable that
their associations are not causal factors but rather, indirect correlates of LNM. Their input was small, duplicative, and was
not well defined as to the presence or absence of metastasis. This is in line with low AUC performance of all models and
highlights lack of pathology such aspects that directly control metastatic biology [48]. SHAP interpretability therefore
verifies the existence of no strong predictors of data sets which may be discriminative and that the possible features are not
enough to explain variance in LNM [18]. In spite of poor predictive accuracy, a number of clinically relevant insights are
obtained. First, HT -associated PTC can show different tumour-inflammation interactions that prevent classical predictors
(age and tumour size) and indicate that HT -specific predictive models should be used instead of general PTC models.
Second, laboratory-only models are insufficient to predict metastasis in this cohort, which supports clinical guidelines that
support the usage of ultrasound-based assessment, where morphological features can give risk indicators to act. Third, the
findings highlight the importance of incorporating multimodal data, such as ultrasound, cytopathology, and potentially
radiomics to create clinically viable Al tools to assess pre-operative LNM.

The research is also limited in a number of ways that affect generalisability and reliability. The small number of LNM
labels (n=68) significantly lowered the statistical power and the absence of structural features excluded the inclusion of
predictors of thyroid cancer aggressiveness. The single-centre dataset could have created selection bias not seen in broader
groups of PTC +HT, only external validity. Besides, the use of synthetic tumour sizes and missing patterns could have
contributed to noise in the representation of the data. The available data were not enough to enable ANN-level inference
as the sample size requirements of deep learning approaches are large. All these restrictions explain the poor performance
that is being witnessed among all the models. The design of a high-performance HT-specific LNM prediction model
(having AUC of at least 0.80) requires the inclusion of information that is more detailed and diverse. Major interventions
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involve adding elaborated ultrasound characteristics including margins, calcifications, and vascularity; harvesting
pathology-driven indicators including extrathyroidal extension and capsular invasion; and taking the autoimmune
biomarkers like TPOAb and TGADb titres. The generalisability will be improved by expanding the cohort with external data
(e.g. SEER or a 355-cases PTC cohort). Multimodal hybrid models incorporating imaging, clinical, and biochemical data,
and subgroup predictive performance between HT and non-HT PTC, is likely to significantly enhance the predictive power.

5. CONCLUSION

This study reviewed a range of machine-learning, deep-learning, and hybrid modelling strategies to predict lymph node
metastasis (LNM) in patients with papillary thyroid carcinoma (PTC) with comorbidity of Hashimoto thyroiditis (HT).
Although the dataset was sufficient to conduct a comprehensive study of demographic and biochemical variables, the
predictive accuracy of every model was low. Random Forest algorithm showed the best area under the receiver operating
characteristic curve (AUC), but its results were not up to the mark that was considered suitable to make clinical judgement.
Deep-learning models as well as hybrid frameworks were unable to reveal metastasis-specific clues, due to the low sample
size, large levels of feature missingness, and the lack of critical structural or pathological clues. This means the results have
a major limitation, LNM prediction in HT-related PTC is highly dependent on morphological and invasive tumour features
that cannot be deduced based on laboratory and demographic data only.

Irrespective of limitations, the current study forms a useful basis on the creation of HT-specific risk-stratification models.
The presence of the systematic pipeline presented here highlights the key elements of the model, the type of data needed,
and the missing predictors that are necessary to be resolved. Multimodal data (ultrasound descriptors, cytopathological
markers, and radiomic features) should be combined in future research to maximise predictive ability. In addition, the
increase in size of cohort and the use of other data sources, including Surveillance, Epidemiology, and End Results (SEER)
programme, should enhance the generalizability of the model. In conclusion, this study supports the need to have
significant, biologically-based artificial-intelligence applications that are specific to autoimmune-related thyroid cancer.
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