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Abstract

Thyroid cancer is the most prevalent endocrine malignancy worldwide, and
although the majority of patients have a good prognosis, a significant number
suffer from disease recurrences. Thus, early detection of patients with high-risk
of recurrence is crucial to guide clinical management, individualized treatment,
and long-term surveillance. With the increased access to clinical health data, Al
and DL have become promising tools for predictive models in medical diagno-
sis and prognosis. In this work, we introduce ThyroNet, a sophisticated hybrid
deep learning model, to predict the recurrence of thyroid cancer with better
accuracy by utilizing clinical and pathological features. The proposed ThyroNet
model comprises CNN, BiLSTM and DNN layers to model hidden nonlinear cor-
relations and high-level feature interactions among patients’ data. The model
is trained on a collected thyroid cancer dataset which consists of 383 patient
records with 13 clinical attributes such as demographic information, tumor stag-
ing details, pathological findings, and treatment information. Before modelling,
the categorical features were one-hot encoded, the data were scaled to 0-1 range,
and the class imbalance was dealt with using Synthetic Minority Oversampling
Technique (SMOTE). Feature patterns of clinical sections were extracted by the
CNN layers, while contextual bidirectional dependency of these clinical features
were revealed by the BiLSTM layer. Finally, binary classification for recurrence
prediction was performed using dense neural layers. Experimental result shows



that the proposed model is good prediction. ThyroNet achieved 99.77% of train-
ing accuracy and 94.81% of testing accuracy, indicating its powerful learning and
generalization capabilities. Results for the classification on the test data were
Precision = Recall = F1 = 0.96 for the non-recurrent class and for the recur-
rent class Precision = Recall = F1 = 0.91, with an overall weighted F1-score of
0.95. These confirm that the hybrid deep learning architecture is more powerful
to capture representative features for predicting recurrence risk in patients with
thyroid cancer. With our approach, the developed model may serve as a smart
clinical decision support tool to assist early recurrence risk prediction and person-
alized treatment planning for medical expert. By leveraging hybrid deep learning
ThyroNet demonstrates that machine learning has the potential to transform
predictive analytics and change the way patients with thyroid cancer are treated.

Keywords: Cancer, Recurrence Prediction, Deep Learning, HNN, CNN, BiL.STM,
Clinical Data Analysis, Al in Healthcare

1 Introduction

Thyroid cancer (TC) [1] is one of the most common endocrine malignancies which has
experienced a rapidly increasing incidence worldwide during the past several decades.
The increase in detection rate was due to the introduction of medical imaging, diagnos-
tic techniques and screening programs;Nevertheless, the survival is generally favorable,
many patients relapsed after treatment. Thyroid cancer recurrence may cause com-
plications, further treatments, more medical expenses, and a worse quality of life for
patients. Therefore, early detection of patients who are more likely to develop recur-
rence is valuable for clinicians to tailor the treatments, to offer suitable follow-up, and
possibly to improve long-term outcome of patients. Traditional clinical approaches to
assessing prognosis are eventually based on the clinical expertise and a small num-
ber of prognostic indicators, which might not reflect all of the complex relationships
between clinical and pathological variables [2]. As a result, the demand for intelli-
gent predictive models that can assist clinicians in predicting recurrence risk more
accurately utilizing the data of existing patients is gradually growing. In the past few
years, Artificial Intelligence (AI) [3] and machine learning (ML) [4] techniques have
shown great promise in the field of medicine, especially for disease prediction, diagno-
sis and prognosis evaluation. Some common traditional ML models including logistic
regression, decision trees, random forests, support vector machines have also been suc-
cessfully applied to medical data for prediction. These approaches possess the ability
to yield good solutions for many problems; however, their performance may degrade
when applied to complex nonlinear relationship with high-dimensional clinical data.
Deep learning methods [5], which have the ability to learn hierarchical feature rep-
resentations directly from the original raw data, have also demonstrated superiority
as an alternative tool for predictive modeling in medical applications. Convolutional
Neural Network (CNN) can detect meaningful patterns or shapes or local relationships
among features, and Recurrent Neural Network (RNN), in particular LSTM, can learn



high-order nonlinear dependencies among sequential or correlated features. The inte-
grated design of the two networks in the hybrid model can also significantly enhance
the predictive performance based on merits of the two models [6]. Motivated by these
advances, we introduce ThyroNet, a hybrid deep learning predictor for thyroid can-
cer recurrence using clinical and pathological features in this work. The method is
based on CNN and BiLSTM layers as well as a DNN classifier to capture local and
contextual relationships between clinical features. The CNN layers learn discrimina-
tive feature patterns from the encoded patient features and the BiLSTM layer enables
learning of bidirectional feature dependencies, which has been shown to assists mod-
els in learning complex interactions among clinical features [7] such as tumor age,
pathology type, treatment history and response outcomes. Then, the high-level fea-
tures transformation and classification are accomplished by the fully connected layers
for the prediction of the risk of recurrence. This hybrid structure allows the model to
efficiently learn from the heterogeneous clinical data for clinical outcome prediction
with high accuracy [8]. The important thing about this study is that it could help
the doctors in early prediction of possibility of recurrence and individualized treat-
ment of patients with thyroid cancer.. Reliable predictive models may thus help to
reduce the burden of unnecessary interventions for the low-risk patients while facili-
tating closer monitoring/aggressive management of the high-risk patients. Exploiting
the power of end-to-end deep learning, our approach enables discovery of complex rela-
tionships among clinical attributes that cannot be spotted by traditional statistics.
Moreover, predictive schemes such as ThyroNet can potentially trigger development
of novel intelligent clinical decision-support systems directly contributing in increasing
the effectiveness/reliability of healthcare services [9]. Furthermore, this study advances
the state-of-the-art Al solutions for cancer by addressing a hypothyroid cancer recur-
rence prediction that is an extremely vital but difficult real-world problem. In contrast
to classical methods which use one type of machine learning method, the proposed
integrated framework combines spatial feature patterns and sequential dependence
information in clinical data using convolutional and recurrent neural network models.
The study also includes critical preprocessing such as encoding categorical variables,
feature scaling, and balancing the classes using SMOTE (Synthetic Minority Oversam-
pling Technique), for tackling class imbalance problems that is prevalent in healthcare
datasets. The Performance metrics,e.g., Accuracy, Precision, Recall and F1-score of
the proposed model are encouraging in clinical prediction application and the feasibil-
ity of application is also testified by case study in the real-world. The novelty of this
study is in the development and implementation of a hybrid CNN-BiLSTM deep learn-
ing strategy for predicting recurrence based on structured clinical data instead of the
conventional imaging-based data. Although numerous prior works are largely based on
radiological or genomic information, in this paper, we have shown that significant pre-
dictive knowledge can also be obtained from clinical features, including tumor staging
information, path type, risk classification and treat response parameters. Leveraging
convolutional and bidirectional recurrent neural network-based elements in a single
architecture, ThyroNet thus models feature interactions and context dependencies of
patient features, leading to higher predictive performance and better generalization.



Our work demonstrates the applicability of hybrid deep learning techniques in health-
care analytics, and paves the way for future work on Al-based clinical decision support
systems for cancer prognosis and prediction of recurrence.

The objectives of this research are as follows,

1. To present a hybrid deep learning model (ThyroNet) for the purpose of predicting
the recurrence of the thyroid cancer.

2. Preprocessing and conversion of thyroid clinical data for model training.

3. To investigate the influence of clinical and pathologiccharacteristics on recurrence
of thyroid cancer.

4. The assessment of the proposed model is done in terms of the accuracy, and other
performance parameters.

5. To offer a predictive instrument,operational in supporting an early detection of
recurrence, and useful for clinicians in the decisional process.

2 LITERATURE SURVEY

Penner et al. (2025) [10] studied the implications of the machine learning algorithms to
differentiated thyroid cancer patients for recurrence prediction. Their work was ded-
icated to investigating the clinical and also the pathological features that affect the
risk of recurrence and they applied several ML models to pinpoint key predictive fac-
tors. The findings indicated that ML algorithms could achieve promising results for
the prediction of recurrence by effectively modeling the complex correlations between
clinical variables (including tumor stage, treatment response, and patient demograph-
ics). The authors emphasized that ML-based predictive models have the potential to
help clinicians in the risk stratification and long-term surveillance of thyroid cancer
patients. Ahmad and Haddad (2024) [11] study brought a new perspective by focus-
ing on the need for interpretability in clinical decision-making through deep learning
models enhanced with explainability methods. The study demonstrated explainable
AT techniques that achieve both a high level of accuracy and identify which causes
are potentially responsible for the recurrence. This promotes confidence and openness
between Al-medical system and medical staff to better understand the process of pre-
diction development and the contribution of the important clinical features purpose
of prediction of recurrence. Clark et al.(2024) [12] study employed various classifica-
tion algorithms on clinical data to evaluate MLs ability to predict recurrence risk.
The results indicated that MIL-based approaches can provide high predictive accu-
racy by learning complex nonlinear relationships between patient features and disease
outcomes. The authors noted that predictive analytics might be extremely effective
for assisting clinicians in detecting patients at risk for early recurrence and, as such,
the potential for improved patient management.” Aida et. al (2024) [13] performed
a comparative analysis between two algorithms which are ELM and also the HMM
for the purpose of predicting recurrence on differentiated thyroid cancer patients. In
order to solve the class imbalance problem, which is commonly seen in medical data,
was employed to the data. Their experimental results are indicative that the HMM
method yields higher predictive accuracy than ELM, i.e., 86.96significance of this —
when to make the datasets balanced and not; and which algorithm to choose from



in order to improve prediction accuracy in the best manner on healthcare solutions.
Park et al. (2021) [14] built a prediction model for thyroid cancer recurrence using
clinicopathological factors based on machine learning. The relevant features were the
top 19 features evaluated by the algorithm from the multi-dimension feature space
for prediction of recurrence, among different ML models. Their results showed that
ML models can reach over 90% accuracy in predictions indicating that the ML based
approach is a potential way to derive knowledge from clinical data, as well as to pre-
dict prognosis of patients with thyroid cancer. As per above research paper, make a
summary of all Research Paper Study as shown in Table 1 indicates the different ML
models provide significantly enhancement in prediction performance and clinical deci-
sion support. Techniques such as SMOTE have improved performance in the presence
of class imbalance, with reported accuracy of 87% and more than 90%. Explainable Al
has also improved the interpretability, and thus the trust, of prediction models. Nev-
ertheless, challenges such as few dataset diversities, model interpretability, and need
for external validation still remain. Subsequent research is warranted in larger multi-
enter datasets with more robust Al models, potentially increasing the clinical value of
thyroid cancer recurrence prediction system.

3 RESEARCH METHODOLOGY

The adopted research approach is that a comprehensive intelligent DL based prediction
model is devised to predict the recurrence of the thyroid cancer patients using the
patient clinical and pathological information. The method is designed in stages as
follows: data collection, data preprocessing, feature encoding, class balancing, model
development, model training, model evaluation [15]. In order to avoid this, each stage of
our proposed approach has been carefully crafted so that the final model can accurately
capture patterns concealed in clinical data and provide reliable predictions for patients
risk of recurrence. We collect and prepare the dataset as the first step of the method.
We have a filtered Go dataset for thyroid cancer, which contains 383 patient records
and 13 clinical attributes. The important demographic and clinical variables, including
age, sex, etc.., are covered in this data set [16]. These features are clinically relevant and
are regularly used by endocrinologists in evaluating the prognosis of thyroid cancers.
The target variable of the dataset is the recurrence status of the patient and it is
denoted as “Yes” or “No”. Prior to preprocessing, the dataset was loaded and examined
to gain familiarity with its structure, to identify anomalies, and to verify the integrity
of the data. Then, data preprocessing and feature engineering [17] is performed to
make the dataset ready for deep learning model training. Due to the existence of
categorical variables in the dataset (e.g. gender, pathology type, tumor stage), these
fields were encoded as numerical values using one-hot encoding. This transformation
converts categorical values to binary vectors which effectively enables the deep learning
model to process them. Also, the target variable for recurrence was transformed into
binary values (1 for recurrence and 0 for no recurrence). Next, Feature scaling has
been performed on data using StandardScaler method to normalize the feature values
and also to give equal contribution to all the variables during learning. Normalization



Table 1 Different ML Models

Author Name | Technique Findings Limitations

(Year)

Penner et al. | Machine ML models accurately pre- | The study relied mainly on
(2025) Learning algo- | dicted TSR by integrating | available clinical variables and

rithms
diction

pathological

recurrence pre-
using
clinical and

data demogra-

complicated interactions
of tumor stage, response
to treatment, and patient

demography. Our study
demonstrated that ML may
help clinicians in risk strati-

may require larger and more
diverse datasets for improved
generalization. Interpretability
of some ML models may also
remain limited.

phy. fication and long-term follow
up of patients with thyroid
cancer.
Ahmad and | Explainable The proposed XAI model | Requirement of large datasets.
Haddad (2024) Artificial Intel- | achieved high prediction | The explainability techniques
ligence (XAI) | accuracy while providing | may still be complex for non-

integrated with
Deep Learning

explanations for the factors
influencing recurrence. The
study improved transparency
and trust in Al-based medical
decision systems by highlight-
ing significant clinical features
affecting recurrence.

technical clinicians to fully
interpret.

The study demonstrated that
ML algorithms can effectively
capture nonlinear relationships
between clinical features and
disease outcomes, resulting in
strong predictive performance
for thyroid cancer recurrence
risk.

Performance may vary depend-
ing on dataset quality and
feature selection. The study
did not focus deeply on model
interpretability or  clinical
deployment challenges.

Clark et al. | Multiple

(2024) Machine
Learning
Classification
Algorithms for
predictive ana-
lytics

Aida et al. | (ELM) and

(2024) (HMM)  with

SMOTE

class imbalance

The study showed that HMM
achieved Dbetter prediction
accuracy (86.96%) compared
to ELM. The use of SMOTE
improved dataset balance and
enhanced model performance
in recurrence prediction.

The comparison was limited
to two algorithms. SMOTE
may introduce synthetic sam-
ples that do not perfectly
The comparison was limited
to two algorithms. SMOTE
may introduce synthetic sam-
ples that do not perfectly rep-
resent real clinical cases.

Park et al

(2021) Models

Different ML

The models used 19 clin-
icopathological features and
achieved over 90% prediction
accuracy for thyroid cancer
recurrence. The study demon-
strated the effectiveness of ML
in extracting knowledge from
clinical datasets for prognosis
prediction.

The model may depend heav-
ily on selected features and
dataset characteristics. Exter-
nal validation across different
populations was limited.

is needed especially for deep learning models to smoothen gradient updates and speed
up convergence during training [18].
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The data processing includes dealing with missing values, encoding categorical
features, normalizing numerical features and balancing classes by SMOTE [19]. Sub-
sequently the data were divided into 80% for training and 20% for testing [20]. The
proposed ThyroNet is a hybrid model that utilizes CNN to extract local information
from the input and BiLSTM [21] to capture bidirectional relationships between clin-
ical features. Binary classification is performed using a sigmoid activated dense layer
with dropout. The model was trained on with the Adam optimizer and binary cross-
entropy loss [22] and tested based on accuracy, precision, recall, F1l-score, confusion
matrix, ROC curve, Precision Recall curve and training/validation learning curves,
which verify its efficiency for thyroid cancer recurrence prediction. Sample body text.
Sample body text. Sample body text. Sample body text. Sample body text. Sample
body text. Sample body text. Sample body text.

3.1 Convolutional Neural Network (CNN)

CNN [23] is a deep learning-based technique primarily required for the purpose of
extraction of the features from the structured or spatial data. CNN uses convolutional
layers that convolve the input to extract essential features and to detect patterns and
statistical relationships among features. These masks allow the model to learn useful
representations for free, without any feature engineering.

3.2 Bidirectional Long Short-Term Memory (Bi-LSTM)

Bi-LSTM [24] is an expansion of LSTM to take advantage of the information from
both directions of the sequence. Unlike normal LSTM-based model that only goes
through the sequence in one direction, Bi-LSTM can have both backward and forward
contexts. For the model to learn more richer contextual relations between the features.
Here, we use the Bi-LSTM layer to capture the complex interactions among clinical
factors such as tumor stage, pathology, treatment response, and recurrence prediction
accuracy in our application.



3.3 Deep Neural Network (DNN)

A Deep Neural Network [25] consists of a number of fully connected layers that trans-
form the extracted input features into high level representations in classification or
regression tasks. The DNN layers are nonlinear transformations of its input layers,
which let the model learn complex associations between the input features and a
dependent variable. In our proposed model, DNN layers follow the CNN and Bi-LSTM
layers to integrate the captured feature representations and classify(predict) the recur-
rence of thyroid cancer. This hierarchical design brings more accuracy in prediction
and informed decision making.

3.4 Algorithm: Proposed Work

D. Algorithm: Proposed CNN—-BiLSTM Framework for Thyroid Cancer
Recurrence Prediction

Input: Clinical dataset D = {(z;,v;)}_,, where x; represents feature vectors and

y; € {0,1} denotes the recurrence label.
Output: Predicted recurrence probability g.

Step 1: Data Preprocessing

Convert categorical attributes into numerical representation using one-hot encod-
ing.

Normalize the dataset using standardization:

X—p
o

Balance the dataset using SMOTE to address class imbalance.
Split the dataset into training set Dipain and testing set Diest-

X/

Step 2: CNN Feature Extraction
Apply convolution operation:

hcnn = f(chn * X' + bcnn) (2)

where W.,,,, denotes convolution weights.
Apply max pooling:

p = max(henn) (3)

Step 3: Bidirectional LSTM Layer
Forward propagation:

—
Ty Ne—1

Ty = LSTM( ) (4)

Backward propagation:

hy = LSTM (24, hyi1) (5)

Combine forward and backward states:



Step 4: Dense Neural Network
Generate dense representation:

z = f(Wdht + bd) (7)

Step 5: Output Layer
Predict recurrence probability using sigmoid activation:

g=0c(Wyz+b,) (8)
where
1
o) =T ®)
Step 6: Loss Function
Compute Binary Cross-Entropy loss:
1 X
L=-v ; [yilog (i) + (1 — yi) log(1 — )] (10)

Step 7: Model Optimization
Update model parameters using gradient descent:

9t+1 = 9t - OCVQL (11)

Return predicted recurrence probability 4.

4 RESEARCH METHODOLOGY
4.1 Dataset

The dataset which we used in our experiments is a curated thyroid cancer clinical
dataset based on real-world data to facilitate prediction of thyroid cancer recurrence
by employing deep learning methods. It includes 383 patient records with 13 clinical
features, which are key demographic information, pathological information and treat-
ment information of patients with thyroid cancer. The age, sex, history of radiotherapy
and adenopathy, pathology type, focality etc.. are also included in the dataset. These
features are commonly used in clinical practice to predict prognosis and risk of recur-
rence in thyroid cancer patients. The data are composed of numerical and categorical
features, which were properly encoded and preprocessed for model training. The label
“Recurred” identifies if the patient had a re-occurrence of cancer post treatment or
not and is a binary class (Yes/No). This dataset has a significant clinical information
which enables — the proposed ThyroNet hybrid deep model to capture the patterns
of recurrence risk to help in early prediction and clinical decision-making for thyroid
cancer treatment.



Table 2 Description of Dataset Attributes

Attribute Description

Age Age of the patient at the time of diagnosis.

Gender Gender of the patient (Male/Female).

Hx Radiotherapy Indicates whether the patient previously received radiotherapy.
Adenopathy Presence of lymph node enlargement related to thyroid cancer.
Pathology Histological type of thyroid cancer.

Focality Indicates whether the tumour is unifocal or multifocal.

Risk Risk classification of the patient based on clinical assessment.

T Tumour size and extent according to the TNM classification.

N Lymph node involvement according to the TNM staging system.
M Presence or absence of distant metastasis.

Stage Overall stage of thyroid cancer based on the TNM classification.
Response Patient response to treatment.

Recurred Target variable indicating recurrence of thyroid cancer (Yes/No).

The above table II displays the list of clinical features used in the thyroid cancer
dataset with their descriptions. The were demographic, pathological, tumour staging,
and treatment-related factors that influence risk of recurrence. These features provide
full details about the patient’s condition and disease. With these features, our proposed
ThyroNet deep model can effectively learn the clinical variable-recurrence association
for predicting the recurrence of thyroid cancer.

4.2 Performance Analysis

The confusion matrix for the proposed ThyroNet on the testing set is shown in figure
2. The matrix contains information about the number of correct and wrong predicted
samples for recurrence class and non-recurrence class. Of the 53 non-recurrence and
20 recurrence cases were correctly classified by the model, with 2 misclassifications
in each class, which indicated a strong predictive power and a balanced classification
ability.

The Figure 3 is the training and validation accuracy of the ThyroNet model for 150
training epochs. From the figure, we can see that the training and validation accuracies
rise slowly and tend to level off at 100 percent, which indicates that the model learns
the patterns well from the dataset, and achieves a good generalization performance.

In Figure 4, shows the training vs validation loss graphs to understand the model
performance.

The ROC curve in Figure 5 is is ROC curve for TPR Vs FPR and shows AUC of
.97 Training results in Table 3 of ThyroNet show that it is an excellent learner with
100% accuracy and precision, recall, and F1-score are 1.00 in both recurrence and non-
recurrence classes. The SMOTE-constructed balanced dataset made the model learn

10
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Table 3 Performance Evaluation of ThyroNet on Training Dataset

Class Precision | Recall | F1-Score | Support
Non-Recurred (0) 1.00 1.00 1.00 220
Recurred (1) 1.00 1.00 1.00 220
Accuracy - 1.00 440
Macro Avg 1.00 1.00 1.00 440
Weighted Avg 1.00 1.00 1.00 440

both classes in a balanced manner. These results show that the hybrid CNN-BiLSTM
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framework enables modeling complex clinical feature relationships. Although the train-
ing performance is perfect, the model needs to be evaluated on unseen test data to
verify its generalization ability and to prevent overfitting.

Table 4 Performance Evaluation of ThyroNet on Testing Dataset

Class Precision | Recall | F1-Score | Support
Non-Recurred (0) 0.96 0.96 0.96 55
Recurred (1) 0.91 0.91 0.91 22
Accuracy 0.95 s
Macro Avg 0.94 0.94 0.94 77
Weighted Avg 0.95 0.95 0.95 7

12



The testing results in Table 4 indicate that our proposed ThyroNet method has a
good generalization towards unseen patient and the accuracy is overall 94.81%. The
results were 96% precision, recall and F1 for the nonrecurrence class and 91% precision,
recall and F1 for the recurrence class, which implies reasonably reliable prediction
performance in both classes. The macro Fl-score (0.94) and weighted F1-score (0.95)
indicate balanced classification also. In summary, these findings demonstrate that the
hybrid CNN-BiLSTM-DNN model can serve as a powerful tool for predicting thyroid
cancer recurrence, suggesting that it has considerable capability to assist clinicians
with early recurrence risk prediction and treatment planning.

Table 5 Comparison with Previous Research

Study Method Used Dataset Type Key Contribution Accuracy

Park et al. (2021) Random Forest, SVM, Clinicopathological Developed an ML-based pre- 90%
Neural Network thyroid dataset diction model for thyroid
cancer recurrence using clin-
ical features.

Aida et al. (2024) ELM, HMM  with Differentiated thy- Compared probabilistic and 86.96%

SMOTE roid cancer dataset neural algorithms for recur-
rence prediction.
Clark et al. (2024) Multiple Machine Clinical dataset Applied predictive analytics 91-92%
Learning Algorithms for thyroid cancer recurrence

risk prediction.
Ahmad & Haddad Explainable AI Deep Clinical dataset Introduced an explainable 96%

(2024) Learning Model AT model to improve inter-
pretability of recurrence pre-
diction.

Penner et al. Machine Learning with Differentiated thy- Identified key predictive 95%

(2025) Feature Selection roid cancer dataset clinical features influencing

recurrence risk.

Proposed Study Hybrid CNN + BiL- Thyroid clini- Hybrid deep learning 94.81%
(ThyroNet) STM + DNN cal dataset (383 architecture capturing
patients) feature interactions and
contextual dependencies
for thyroid cancer recur-
rence prediction.

The above table 5 presents a comparison of the ThyroNet hybrid deep learning
model with other state-of-the-art approaches for prediction of thyroid cancer recur-
rence. The comparative overview of the methods include the applied methodologies,
data utilized, and the reporting predictive performances. Early work such as that of
Park et al. (2021) Traditional machine learning algorithms, such as RF, SVM and
neural network classifiers, were used in most of the early studies (Park et al. 2021).
They found that machine learning models can be used to accurately analyze clinico-
pathological features for prediction of recurrence with an accuracy 90%. While all of
these models showed great potential, they were not powerful enough to account for
complex nonlinear associations among clinical variables. On the other hand, recently,
there have been investigations that aimed at increasing the predictive performance
by means of more sophisticated algorithms and/or advanced data preprocessing tech-
niques. For instance, Aida et al. (2024) assessed the ELM and HMM methods for the
purpose of predicting recurrence in the case of differentiated thyroid cancer patients.

13



With their investigations, Schlaf et al, (2009) obtained the prediction accuracy of 86.96
%, where SMOTE was also employed to balance the data set. This solution can pro-
vide a balanced data set and more reliable classification results, but the constructed
model is shallow and may not be capable of extracting extremely hidden clinical knowl-
edge. Also, Clark et al. (2024) investigated predictive analytics with various machine
learning approaches in risk prediction of thyroid cancer recurrence.

Their results indicated that the ML techniques were able to reach 91-92% pre-
diction accuracy, demonstrating that the data-driven approach might be an effective
method to predict recurrence risk. However, this approach is heavily centered on
traditional ML techniques and does not incorporate DL architectures for learning
hierarchical features representations. On the a separate note, scarcely 96% accuracy
was obtained in an interpretable deep learning model introduced by Ahmad and Had-
dad(2024) focusing on sidewalk trafficability. Their results emphasized the need to
create a clinically interpretable AI system that would enable clinicians to understand
the foundations of the predictions. In the same way, Penner et al. (2025) also show
that models can predict risk of recurrence with as much as with 95% accuracy while
using feature selection methods. Proposed model approaches are better compared with
the preceding aforementioned techniques. The CNN layer is responsible for learning
informative feature patterns from the encoded patient information, the BiLSTM layer
captures bidirectional dependencies between clinical factors like tumor stage, pathol-
ogy type, treatment response, etc. The dense neural layers then execute high-level
feature transformation and classification. This model reached 94.81% testing accu-
racy, which is comparable with those state-of-the-art methods in the literature. Unlike
conventional machine learning models, ThyroNet directly learns feature representa-
tions from data, so that the manual effort in designing features can be avoided. In
addition, the combination of CNN and BiLLSTM layers enables the model to represent
high-level nonlinear interactions among clinical variables. In summary, the compari-
son study demonstrates that our developed hybrid deep learning framework offers a
powerful and promising solution for prediction of recurrence of transition papillary
thyroid cancer and can help saving patients in clinical decisions.

Figure 6 illustrates the comparison of prediction accuracy among various models
of thyroid cancer recurrence in the literature. Traditional machine learning based
methods reported accuracy ranging from 86.96% to 92%, while more sophisticated
deep learning and explainable AI models achieved accuracy of 95-96%. The proposed
ThyroNet model attains a testing accuracy of 94.81% which is better than most of
the traditional machine learning techniques and comparable to recent state-of-the-
art technique. The findings conclude that the proposed hybrid CNN-BiLSTM-DNN
model well captures the complicated clinical temporal dynamics and is trustworthy to
predict thyroid cancer recurrence.

5 CONCLUSION

In this study, we introduced ThyroNet, a deep learning network based on CNN, BiL-
STM and DNN for prediction of thyroid cancer recurrence with clinical 4+ pathological
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data. As a result of preprocessing, resampling using SMOTE and class balanced learn-
ing, the model had precision of 99.77% for training, and 94.81% for testing, with AUC
of about 0.97 and the model was robust high precision, high recall, and high F1-score.
These findings suggest that ThyroNet can serve as a feasible clinical decision support
tool to predict patients at high-risk for recurrence. It is worth noting that our future
work will involve further validation using larger multi-center datasets or incorporat-
ing medical imaging with multimodal learning, incorporating explainable AT (XAI)
to enhance interpretability, and investigating advanced architectures such as atten-
tion mechanisms, transformers, and graph neural networks to push the performance
of prediction even further.
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