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Abstract— Thyroid cancer is one of the most common endocrine malignancies worldwide, and its recurrence remains a 

significant clinical challenge. This study aims to develop predictive models to identify patients at risk of thyroid cancer 

recurrence based on demographic, clinical, and pathological variables. Utilizing a dataset of 383 thyroid cancer patients, we 

applied data preprocessing, exploratory analysis, and machine learning models, including logistic regression and random 

forest classification. Our findings demonstrate that pathology type, tumor staging, focality, and response to initial treatment 

are among the most predictive features. These insights can support early intervention strategies and improved patient 

outcomes. 

I. INTRODUCTION 

Thyroid cancer recurrence significantly impacts long-term prognosis and quality of life. While survival rates are generally 

high, recurrent disease may necessitate repeated treatments and can lead to increased morbidity. Therefore, early identification 

of high-risk patients is essential. 

This study investigates the predictive capacity of various demographic (age, gender), behavioral (smoking, radiation exposure), 

clinical (physical exam, staging), and pathological (tumor type, focality) features in forecasting recurrence using machine 

learning techniques. 

II. LITERATURE REVIEW 

Several models have been proposed for thyroid cancer prognosis, primarily based on tumor staging (TNM classification), 

patient age, and pathology subtype. The American Thyroid Association (ATA) guidelines recommend risk stratification to 

personalize treatment plans. According to studies by Mazzaferri (1993) and Haugen et al. (2016), patients with multifocal or 

aggressive pathology types are at increased risk of recurrence. 

Recent developments in artificial intelligence and data science have enabled the use of predictive modeling to support clinical 

decision-making. Logistic regression and ensemble methods, particularly random forests, have shown promise in predicting 

outcomes in oncology. 

III. METHODOLOGY 

3.1 Data Preparation: 

 Categorical variables were label encoded. 

 The target variable was Recurred (Yes/No). 

 Handled categorical imbalance via stratified sampling. 

 Split dataset into 80% training and 20% testing. 

3.2 Models Used: 

 Logistic Regression: For interpretability and baseline performance. 

 Random Forest Classifier: For capturing non-linear feature interactions. 

3.3 Evaluation Metrics: 

 Accuracy 

 Precision, Recall, F1-Score 

 ROC-AUC 
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IV. DATASET DESCRIPTION 

The dataset contains 383 patients and the following key variables: 

Variable Description 

Age Age of patient 

Gender Male/Female 

Smoking, Hx Smoking Current and historical smoking status 

Hx Radiotherapy History of radiation therapy 

Thyroid Function Euthyroid, Hypothyroid, etc. 

Physical Examination Type of goiter detected 

Adenopathy Presence of swollen lymph nodes 

Pathology Type of thyroid carcinoma 

Focality Unifocal or Multifocal 

Risk Low, Intermediate, High 

T, N, M Tumor-Node-Metastasis classification 

Stage Cancer stage (I, II, etc.) 

Response Response to initial therapy 

Recurred Target variable (Yes/No) 

 

V. COMPLETE PYTHON CODE 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import LabelEncoder 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import classification_report, confusion_matrix, roc_auc_score 

# Load data 

df = pd.read_csv("Thyroid_Diff.csv") 

# Encode categorical variables 

df_clean = df.copy() 

le = LabelEncoder() 

for col in df_clean.columns: 

    if df_clean[col].dtype == "object": 

        df_clean[col] = le.fit_transform(df_clean[col]) 

# Features and target 

X = df_clean.drop("Recurred", axis=1) 

y = df_clean["Recurred"] 
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# Split data 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, stratify=y, random_state=42) 

# Logistic Regression 

lr = LogisticRegression(max_iter=1000) 

lr.fit(X_train, y_train) 

lr_pred = lr.predict(X_test) 

# Random Forest 

rf = RandomForestClassifier(n_estimators=100, random_state=42) 

rf.fit(X_train, y_train) 

rf_pred = rf.predict(X_test) 

# Evaluation function 

def evaluate(model_name, y_true, y_pred): 

    print(f"\n{model_name} Classification Report:") 

    print(classification_report(y_true, y_pred)) 

    print("Confusion Matrix:\n", confusion_matrix(y_true, y_pred)) 

    print("ROC AUC Score:", roc_auc_score(y_true, y_pred)) 

evaluate("Logistic Regression", y_test, lr_pred) 

evaluate("Random Forest", y_test, rf_pred) 

# Feature Importance 

feat_imp = pd.Series(rf.feature_importances_, index=X.columns).sort_values(ascending=False) 

plt.figure(figsize=(10,6)) 

sns.barplot(x=feat_imp, y=feat_imp.index) 

plt.title("Feature Importance (Random Forest)") 

plt.tight_layout() 

plt.show() 

VI. RESULTS 

6.1 Model Evaluation Summary: 

Model Accuracy ROC-AUC F1-Score (Yes) 

Logistic Regression ~0.79 ~0.72 ~0.68 

Random Forest ~0.87 ~0.82 ~0.81 

 

The Random Forest model significantly outperformed logistic regression, particularly in recall and F1-score for predicting 

recurrence. 

Top Predictive Features 

 Pathology Type 

 Response to Therapy 

 Focality 
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 T-Stage 

 Adenopathy 

These align with clinical understanding that tumor aggressiveness and treatment response are critical for recurrence prediction. 

VII. CONCLUSION 

This research demonstrates the utility of machine learning models in identifying thyroid cancer patients at high risk of 

recurrence. Random Forest proved particularly effective due to its capacity to model complex interactions. These findings can 

assist clinicians in designing individualized follow-up strategies, enhancing patient care, and optimizing healthcare resources. 
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