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Abstract: Background/Objectives: Thyroid cancer, particularly well-differentiated thyroid cancer,
is one of the most prevalent endocrine malignancies, with a rising incidence. Although it generally
has a favorable prognosis, recurrence is common. Accurate prediction of recurrence is crucial for
optimizing treatment plans and improving patient outcomes. This study aimed to advance the state-
of-the-art in thyroid cancer recurrence prediction by refining feature engineering techniques and
exploring a diverse ensemble of machine learning algorithms and an artificial neural network, using
the differentiated thyroid cancer dataset from the UCI Machine Learning Repository; Methods:
Various unsupervised data engineering methods, such as dimensionality reduction and clustering,
were employed to enhance feature quality and mitigate noise, using stratified 10-fold cross-
validation. The best-performing dimensionality reduction techniques were used to build
classification model pipelines employing each of several machine learning models and an artificial
neural network. The performance of these classification pipelines were assessed using metrics
sensitive to class imbalance; Results: Principal Component Analysis and Truncated Singular Value
Decomposition achieved superior clustering performance and moderate variances in their first
principal components. Logistic Regression, Random Forest, Support Vector Machine, K-Nearest
Neighbors, and Feedforward Neural Network models all achieved high performance, with Logistic
Regression pipelines demonstrating balanced accuracy, F1 score, AUC, sensitivity, specificity, and
precision—all greater than 0.93 on the test set and slightly lower in 10-fold cross-validation.
Gradient Boosting classification pipelines performed the lowest, though still with respectable
metrics; Conclusions: This study shows that employing feature engineering techniques like
Principal Component Analysis or Truncated Singular Value Decomposition in Logistic Regression,
Random Forest, Feedforward Neural Networks, Support Vector Machine, and K-Nearest Neighbors
classification pipelines can improve thyroid cancer recurrence prediction accuracy and reliability,
supporting more personalized treatment strategies in post-treatment patients.

Keywords: well-differentiated thyroid cancer; recurrence prediction; unsupervised data
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Component Analysis; Truncated Singular Value Decomposition; Logistic Regression

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202409.2121.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 September 2024

1. Introduction

Thyroid cancer, particularly well-differentiated thyroid cancer (WDTC), is one of the most
common endocrine malignancies, with an increasing incidence over recent decades [1,2]. Although
WDTC generally has a favorable prognosis with appropriate treatment, a subset of patients’
experience recurrence, which complicates management and adversely affects long-term outcomes [3].
Current estimates suggest that 5-30% of WDTC patients may face recurrence, which can significantly
impact quality of life and survival rates [4,5]. Accurate prediction of recurrence is therefore essential
to optimize treatment plans and improve patient outcomes. Historically, prognosis in thyroid cancer
has been guided by conventional clinicopathologic factors, including tumor size, extrathyroidal
extension, lymph node involvement, and distant metastasis (T/N/M stages) [6-8]. While these factors
are useful, they often fail to capture the complexity of individual patient risk profiles, leading to less
personalized and sometimes suboptimal management strategies [9]. Recent advancements in
machine learning (ML) and data science offer promising avenues to enhance prediction models by
incorporating a broader range of features and leveraging sophisticated analytical techniques [10].

In their landmark study, Borzooei et al. (2024) [11] conducted an in-depth exploration of the
potential of various machine learning (ML) algorithms for predicting cancer recurrence using the
Differentiated Thyroid Cancer Recurrence Dataset. Their research primarily focused on assessing the
predictive performance of a suite of traditional ML models, including Support Vector Machine, k-
Nearest Neighbors, Decision Tree, and Random Forest, in addition to an Artificial Neural Network.
The study provided valuable insights into the strengths and limitations of these algorithms in the
context of thyroid cancer recurrence prediction.

However, while Borzooei et al.'s work made significant contributions to the field, it was
constrained by the use of only 13 clinicopathologic features available in the dataset. These features,
while relevant, may not fully encapsulate the complex and multifactorial nature of differentiated
thyroid cancer recurrence. Important sociodemographic variables, as well as other clinical nuances,
were not included in their analysis, potentially limiting the models’ ability to capture subtle patterns
that could influence patient outcomes. Moreover, their study did not fully address the challenges
posed by imbalanced data—a common issue in medical datasets where the number of recurrence
cases is often much smaller than non-recurrence cases. This imbalance can lead to biased models that
favor the majority class, thus reducing the reliability of predictions for the minority class [12], which
in this case is the recurrence of thyroid cancer. Without appropriate techniques to handle such
imbalances, the performance metrics reported by Borzooei et al. may overestimate the models'
effectiveness in real-world applications.

This study seeks to advance the state-of-the-art in predicting differentiated thyroid cancer
recurrence by refining feature engineering techniques and exploring a diverse ensemble of machine
learning algorithms. We will leverage all 16 sociodemographic and clinicopathologic variables,
employing unsupervised data engineering methods, including dimensionality reduction techniques
(Principal Component Analysis, Truncated Singular Value Decomposition, Uniform Manifold
Approximation and Projection, etc.) and clustering, to enhance feature quality and mitigate noise.
Model performance will be evaluated using a comprehensive set of metrics sensitive to imbalanced
datasets, with stratified 10-fold cross-validation employed to ensure robust generalization [13]. By
systematically comparing these methods, we aim to identify the optimal combinations of feature
engineering and predictive modeling techniques, ultimately improving predictive accuracy and
contributing to more personalized and effective treatment strategies for thyroid cancer patients.

2. Materials and Methods

2.1. Dataset

The differentiated thyroid cancer dataset was obtained from the UCI Machine Learning
Repository [14]. It comprises 383 instances, each characterized by 16 sociodemographic and
clinicopathologic features, including Age, Gender, Smoking Status, History of Smoking, History of
Radiotherapy, Thyroid Function, Physical Examination, Adenopathy, Pathology, Focality, Risk,
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Tumor Stage (T), Node Stage (N), Metastasis Stage (M), Overall Stage, and Treatment Response. The
target variable (Recurred) indicates whether or not the cancer has recurred post-treatment. The
dataset contains no missing values across any features. However, there is a class imbalance in the
target variable, with 108 instances of recurrence and 275 instances of non-recurrence. Table 1 provides
a detailed description of each feature in the dataset.

Table 1. Dataset Description.

Feature Name [Type Description Feature Value
Age Integer The age of the patient in years.  |Any positive integer value (e.g.,
20, 45, 60)
Gender Categorical [The gender of the patient. Male or Female
Smoking Categorical [Indicates whether the patientis a [Yes or No
current smoker.
Hx Smoking  |Categorical [History of smoking. Yes or No
Hx Categorical [History of receiving radiotherapy,[Yes or No
Radiothreapy particularly in the head and neck
area.
Thyroid Categorical [The functional status of the Euthyroid,
Function thyroid gland (e.g., Normal, Clinical Hyperthyroidism,
Hyperthyroidism, Subclinical Hypothyroidism,
Hypothyroidism). Clinical Hypothyroidism, or
Subclinical Hyperthyroidism,
Physical Categorical [Findings from a physical Multinodular goiter, Single
Examination examination of the patient. nodular goiter-right, Single
nodular goiter-left, Normal or
Diffuse goiter
Adenopathy Categorical [Presence of swollen or enlarged |[No, Right, Bilateral, Left,
lymph nodes, indicating potential [Extensive, or Posterior
spread of cancer.
Pathology Categorical [Histopathological findings from a [Papillary, Micropapillary,
biopsy of the thyroid tissue (e.g., |[Follicular, or Hurthel cell
Papillary, Follicular).
Focality Categorical |Indicates whether the canceris  |[Uni-Focal or Multi-Focal
unifocal (single tumor) or
multifocal (multiple tumors).
Risk Categorical |Overall risk assessment based on |Low, Intermediate or High
various factors like tumor size,
lymph node involvement, etc.
T Categorical [Tumor (T) stage in the TNM T2, T3a, T1a, T1b, T4a, T3b, or T4b
classification system, describing
the size and extent of the primary
tumor.
N Categorical |[Node (N) stage in the TNM INO, N1b, or Nla
classification system, indicating
lymph node involvement.
M Categorical [Metastasis (M) stage in the TNM MO or M1

classification system, indicating
whether cancer has spread

distantly.
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Stage Categorical Overall cancer stage determined |[L, II, III, IVA or IVB

by combining T, N, and M stages

(L 11, 111, IV).
Response Categorical |Indicates the patient's response to [Excellent, Indeterminate,

treatment (e.g., Complete, Partial, Structural Incomplete, or

Stable, Progressive). Biochemical Incomplete
Recurred Categorical [Target variable indicating Yes or No

whether the thyroid cancer has

recurred after treatment.

2.2. Feature Engineering

Dimensionality reduction is a well-established technique for mitigating the curse of
dimensionality by projecting high-dimensional data onto a lower-dimensional space, thus simplifies
models, making them easier to interpret and understand. Therefore, prior to predictive model
building, we applied various dimensionality reduction techniques, both linear methods—such as
Principal Component Analysis (PCA), Truncated Singular Value Decomposition (tSVD), Fast
Independent Component Analysis (f-ICA), and Non-Negative Matrix Factorization (NMF)—as well
as manifold learning techniques—such as T-distributed Stochastic Neighbor Embedding (t-SNE),
Isometric Mapping (Isomap), Uniform Manifold Approximation and Projection (UMAP), and Locally
Linear Embedding (LLE). PCA linearly projects data onto axes capturing maximum variance [15,16],
while tSVD, similar but often for sparse data, factorizes the data matrix. ICA extracts independent
components from multivariate signals [17], with f-ICA accelerating computations. NMF seeks non-
negative factors, aiding interpretable feature extraction [18]. t-SNE non-linearly maps data preserving
similarities [19], while Isomap focuses on global geometric structure through geodesic distances [20].
UMAP preserves both local and global structure by optimizing a low-dimensional graph
representation [21]. LLE maintains local linear relationships by constructing a weighted graph and
embedding data accordingly [22]. Initially, the dataset was partitioned into a training set (75%) for
hyperparameter tuning and model development, and a holdout test set (25%) for unbiased
evaluation. Categorical features were one-hot encoded, while numerical features were scaled using
Min-Max normalization, resulting in a preprocessed dataset referred to as “BaseData.” This BaseData
served as the starting point of the various dimensionality reduction techniques. All data engineering
steps were applied independently to the training and test sets, ensuring consistency in preprocessing
parameters. This rigorous approach ensures that model evaluation on the holdout test set is unbiased
and reflective of real-world performance.

2.3. Dimensionality Reduction Technique Evaluation and Selection for Classification Models Building.

To select the optimal dimensionality reduction technique for predictive model building, we
evaluated the quality of clusters in the engineered datasets using three clustering metrics: adjusted
Rand Index (ARI), V-Measure, and Silhouette Coefficient using 10-fold CV. ARI assesses the
agreement between the clustering results and ground truth labels (U), adjusted for chance, with
scores ranging from -1 (complete disagreement) to 1 (perfect agreement) [23,24]. V-Measure balances
homogeneity (where each cluster contains only members of a single class) and completeness (where
all members of a class are assigned to the same cluster), with scores ranging from 0 to 1 (perfect
homogeneity and completeness) [25]. Unlike the other two metrics, the Silhouette coefficient
evaluates intrinsic cluster quality without relying on ground truth, measuring how similar data
points are to their own cluster compared to others, with scores ranging from -1 to 1 (higher values
indicate better-defined clusters) [26]. K-means clustering was applied to each dataset to generate
predicted clusters (V), enabling the calculation of ARI and V-Measure. Cluster centroids and the
variance in the first principal components (PC1) of each engineered features were also analyzed to
aid in selecting the optimal dimensionality reduction technique to use in the classification models.
The engineered features with the best performance across these metrics were chosen for predictive
modeling. The mathematical formulations of these metrics are provided below.
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RI — E[RI]
max(RI) — E[RI]

ARI =

where RI is the Rand Index, calculated as the proportion of pairs of points that are either in the same
cluster in both the ground truth (U) and the predicted clustering (V), or in different clusters in both
and E[RI] is the expected value of the Rand Index for random clustering.

V — Measure = 2 X hxc,
h+c
where:
. 1 H(C|K)
h (homogeneity) = 1 ~ho

with H(C|K) being the conditional entropy of the classes given the clusters, and H(C) being the

entropy of the classes, and

H(K|C)
H(K) ~’

¢ (completeness) = 1 — 1)

with H(K|C) being the conditional entropy of the clusters given the classes, and H(K) being the
entropy of the clusters.

b(i) — a(i)

Silhouette coefficient (i) = max(@(®), bO)

where a(i) is the average distance between i and all other points in the same cluster and b(i) is the
average distance between i and all points in the nearest neighboring cluster. The overall Silhouette
Score is the mean of s(i) for all data points i.

2.4. Classification Models, Hyperparameter Tuning and Evaluation

We employed six classification models, namely Logistic Regression (LR), Gradient Boosting
(GB), Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbors (KNN), and a
Feedforward Neural Network (FNN) using a pipeline with each of the best performing
dimensionality reduction techniques explored. These models were chosen for their diverse
approaches to classification, which range from linear methods to ensemble learning and neural
networks, providing a comprehensive comparison of different algorithms for the task at hand. LR,
valued for its interpretability by linking model coefficients to log-odds [27], struggles with non-linear
data. GB, an ensemble method that builds models sequentially to correct errors, excels in handling
complex patterns, particularly in imbalanced datasets [28,29]. SVM constructs hyperplanes in high-
dimensional spaces, offering robustness against overfitting and adaptability through kernel functions
[30]. RF, another ensemble technique, creates multiple decision trees to reduce overfitting while
effectively managing high-dimensional data [31]. KNN, though straightforward in classifying
samples based on the majority class of nearest neighbors, can be computationally intensive and
sensitive to the choice of k [32]. Lastly, FNN, capable of modeling complex non-linear relationships
through layered neurons, are well-suited for diverse tasks but demand careful hyperparameter
tuning and significant computational resources [33].

To optimize the performance of each model, we conducted an exhaustive search over the
hyperparameters. Initially, a wide range of hyperparameters was explored to identify the best
combination that maximizes model performance. Subsequently, fine-tuning was performed by
narrowing the search to specific intervals around the initially identified best parameters. Grid search
was implemented with 10-fold cross-validation (CV) to ensure that the results were robust and
generalizable [34]. Cross-validation is a critical step to avoid overfitting and to ensure that the model
performs well on unseen data [35].

Model performance was first evaluated on a holdout test set, reserved from the original dataset,
ensuring that the models were tested on data they had not seen during training. Given the
imbalanced nature of the dataset, where certain classes were underrepresented, we utilized a
comprehensive set of evaluation metrics sensitive to class imbalance. These included balanced
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accuracy, area under the receiver operating characteristic curve (AUC), sensitivity, specificity,
precision, and F1 score Balanced accuracy was particularly emphasized as it accounts for imbalances
by averaging the recall obtained on each class [36,37]. Additionally, AUC was used to assess the
trade-off between true positive and false positive rates across different threshold settings [38,39].
Sensitivity (recall) and specificity provided insights into the model's ability to correctly identify
positive and negative cases, respectively [40—-42], while precision and F1-score were used to evaluate
the relevance of the positive predictions [41]. Additionally, the Detection Error Tradeoff (DET) curve,
which is a plot that shows the trade-off between false positive rate (FPR) and false negative rate (FNR)
for a binary classifier was employed to further evaluate the models” performance.

These metrics are defined by the following formulas, where the symbols and notations have
their usual meaning.

Balanced accuracy = %(Sensitivity + Specificity),

AUC = [ TPR(FPR)d(FPR),

e s TP
Sensitivity = ,
TP+FN

TN

Specificity =

pecificity TN+FP’

.. TP
Precision = ——,
TP+FP

F1 Score = 2(

Precision x Sensitivity)
Precision+Sensitivity

To further ensure the robustness and generalizability of our models, stratified 10-fold cross-
validation was employed on the entire dataset. Stratification was particularly important in this
context to maintain the distribution of classes across all folds, ensuring that each fold was
representative of the overall class distribution. This method provided a more reliable estimate of
model performance, especially in scenarios with imbalanced data, and helped identify models that
generalize well beyond the specific dataset used [36,37]. Figure 1 illustrates the workflow of the
feature engineering techniques and classification modeling methodologies employed in the study.
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Figure 1. Workflow of feature engineering techniques and classification modeling methodologies
employed in the study. PCA=Principal Component Analysis, tSVD=Truncated Singular Value
Decomposition, fICA=Fast Independent Component Analysis, NNM=Non-Negative Matrix
Factorization, t-SNE=T-distributed Stochastic Neighbor Embedding, Isomap=Isometric Mapping,
UMAP=Uniform Manifold Approximation and Projection, LLE=Locally Linear Embedding (LLE),
ARI=Adjusted Rand Index, LR=Logistic Regression, GB=Gradient Boosting, SVM=Support Vector
Machine, RF=Random Forest, KNN=K-Nearest Neighbors, FNN=Feedforward Neural Network,
AUC= area under the receiver operating characteristic (ROC) curve.

2.5. Software and Computational Tools

The codebase was implemented entirely in Python 3.8.10 [43]. The dimensionality reduction
technique, clustering, modeling, and evaluation were implemented using scikit-learn version 1.2.2
[44], SciPy version 1.7.3 [45], NumPy version 1.21.2 [46], and UMAP version 0.5.1 [21]. Data
manipulations and visualization were performed with Pandas version 1.3.3 [47], Matplotlib version
3.4.3 [48], and Seaborn version 0.11.2 [49].

3. Results and Discussion

In this study, we employed a variety of unsupervised machine learning techniques, including
dimensionality reduction methods such as PCA, tICA, tSVD, NMF, UMAP, t-SNE, Isomap, LLE, and
K-means clustering, to engineer features for classification models designed to predict thyroid cancer
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recurrence in patients’ post-treatment. The dataset used was the differentiated thyroid cancer dataset
from the UCI Machine Learning Repository [14]. We selected a diverse set of models including LR,
GB, SVM, RF, KNN, and FNN due to their different learning paradigms. We have emphasized that
stratification was employed to ensure that the distribution of recurrence and non-recurrence
examples remains uniform across all 10 folds during the 10-fold cross-validation (CV) trials. The
performance metrics we reported are the mean values calculated across the folds in the loop, which,
while computationally demanding, minimizes data wastage [50]. Additionally, evaluating multiple
cross-validated performance metrics is recognized as a best practice, as it offers a more
comprehensive and unbiased assessment of model performance, mitigating the risk of relying on a
single metric that may be skewed by a particular subset of the data. This method reduces the
likelihood of overfitting [42]. To further ensure the robustness of our findings, the model's
performance was also assessed on an independent test set that had not been previously exposed to
the models, providing a more accurate measure of predictive strength.

3.1. Feature Engineering Using Dimensionality Reduction

To identify the optimal dimensionality reduction technique for building the classification
models, we established a selection criterion based on the Adjusted Rand Index (ARI) and V-measure
scores, with an arbitrary cut-off of both metrics above 0.4. This threshold ensured that the clusters
observed after applying each dimensionality reduction technique were reflective of actual patterns
in the dataset rather than artifacts introduced by the techniques themselves. K-means clustering, set
to two clusters, was employed to identify cluster centroids and label data points accordingly.

Table 2 provides the scores for each method across the clustering metrics utilized. Among the
methods evaluated, PCA and tSVD exhibited the highest performance across all clustering metrics,
both achieving ARI scores of 0.557 and 0.558, respectively, and V-measure scores of 0.451 and 0.459.
Notably, tSVD's silhouette coefficient of 0.537 was slightly higher than PCA's 0.489, underscoring its
potential for capturing meaningful clusters. Techniques such as t-SNE and Isomap followed, with
ARI, V-measure, and silhouette coefficients ranging between 0.258 — 0.292, 0.277 - 0.292, and 0.334 —
0.362, respectively. These methods demonstrated moderate clustering performance, albeit with
higher variance in the first principal component (PC1) (see Table 2). The poor performance of tICA
and NMF, with ARI and V-measure scores below 0.2 and silhouette coefficients below 0.36, indicated
that these techniques were less effective at capturing the intrinsic structure of the dataset.

Interestingly, UMAP and LLE, despite their negative ARI scores and low V-measure values,
achieved the highest silhouette scores, exceeding 0.6. This suggests that embedding methods such as
UMAP and LLE may better preserve the intrinsic properties of the data when compared to linear
techniques like PCA and tSVD. However, their negative ARI scores indicate that the clusters
identified by these methods diverged significantly from the ground truth labels.

Furthermore, the variance of PC1 across the various methods (Table 2) revealed that PCA and
tSVD, which clustered data points most closely with respect to the ground truth, exhibited low to
moderate variance. In contrast, methods like t-SNE and Isomap showed significantly higher variance,
which could reflect their ability to capture more complex, non-linear patterns in the data. As depicted
in Figures 2 and 3, the clustering distinctiveness and the spread of PC1 across these methods provide
further insight into their respective capabilities. Based on these findings, PCA and tSVD were selected
as the optimal dimensionality reduction techniques for the classification pipelines. The superior
clustering performance of these methods, combined with their moderate PC1 variance, suggests they
strike a balance between capturing meaningful data patterns and maintaining the interpretability of
the resulting features.
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Table 2. Performance metrics of the engineered data clustering.

Dataset Method ARI V-Measure Silhouette Coefficient PC1 Variance
BaseData PCA* 0.557 0.451 0.489 1.200

tICA 0.179 0.165 0.318 1.001

tSVD* 0.558 0.459 0.537 0.537

NMEF 0.013 0.102 0.352 0.156

UMAP -0.076 0.093 0.604 2.565

t-SNE 0.258 0.277 0.362 22.727

Isomap 0.258 0.292 0.334 4.477

LLE -0.081 0.083 0.633 0.049

The methods marked with asterisks (*) are the one adopted in the predictive model development
pipeline. The choice is based on the performance of the clustering metrics, PC1 variance and how
distinct the clusters are (see Figure 2). PCA=Principal Component Analysis, tSVD=Truncated
Singular Value Decomposition, fICA=Fast Independent Component Analysis, NNM=Non-Negative
Matrix Factorization, t-SNE=T-distributed Stochastic Neighbor Embedding, Isomap=Isometric
Mapping, UMAP=Uniform Manifold Approximation and Projection, LLE=Locally Linear Embedding
(LLE), PC1=first principal components.
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Figure 2. Scatter plots illustrating the dataset clusters from each dimensionality reduction technique.
[a] PCA-Decomposed data, [b] tICA-Decomposed data, [c] tSVD-Decomposed data, [d] NMEF-
Decomposed data [e] UMAP-Decomposed data [f] t-NSE-Decomposed data [g] Isomap-Decomposed
data [h] LLE-Decomposed data. The red “+” indicate K-means predicted cluster centers. The data
points coloring is in accordance with the grand truth (class labels in the dataset) not the K-means
predicted classes.

3.2. Distributions of the Engineered Features

The distribution of the first principal component (PC1) derived from various dimensionality
reduction techniques, as illustrated in Figure 3, Panel A, exhibits a distinct bimodal pattern. This
bimodality is significant as it suggests the presence of two latent subpopulations within the dataset.
The characteristics of these distributions—such as their height, sharpness (kurtosis), and width—
provide insights into the underlying data structure and the effectiveness of each dimensionality
reduction method.

Techniques like PCA (curve ‘a’) and tSVD (curve ‘c’), which clustered data points most closely
with respect to the ground truth, display moderate to sharp peaks in their bimodal distributions,
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indicating that the variance captured by these methods is concentrated around two distinct clusters
with minimal overlap. The sharpness of these peaks suggests that these methods decompose features
that are highly informative, leading to a clear separation between the two underlying groups. This
clear separation is crucial in a binary classification context, as it enhances the discriminative power
of the classifier by providing a strong signal corresponding to each class. The concentrated variance
around the two modes reinforces the idea that PCA and tSVD effectively capture the intrinsic
structure of the data, making them suitable for feature engineering in this context.

In contrast, techniques like t-SNE (curve ‘f’) and Isomap (curve ‘g’) produce broader, lower
peaks. This broader distribution implies a more gradual separation between the two clusters, with a
higher degree of overlap. The lower height of the peaks suggests that these methods capture a more
diffuse variance, possibly reflecting non-linear relationships in the data that are less sharply defined.
While capturing these complex patterns can be valuable, it may also indicate that these methods are
less effective in creating a clear-cut separation between the classes. This could introduce ambiguity
in the classification task, potentially leading to reduced model performance.

The heatmap in Figure 3, Panel B complements this distribution analysis by visually
representing how the standardized PC1 values vary across the dataset. Techniques like PCA, tSVD,
and NMF exhibit abrupt transitions between high and low PC1 values, consistent with the sharp
peaks observed in the density plots. This abruptness reflects the strong underlying structure captured
by these techniques, clearly distinguishing the two subpopulations. On the other hand, methods such
as Isomap and LLE show more gradual transitions in the heatmap, with a smoother gradient of PC1
values. This corresponds to the broader peaks in the density plots and suggests a more nuanced
capture of the data's structure, potentially blending the two subpopulations together more than the
other techniques.

These varying characteristics of the PC1 distributions and heatmap patterns across different
dimensionality reduction techniques underscore the importance of technique selection in the feature
engineering process. Techniques that produce sharp, well-separated bimodal distributions, such as
PCA and tSVD, are likely to yield features that are more effective for binary classification tasks due
to their ability to create a clearer distinction between classes. Conversely, methods that produce
broader distributions, like Isomap and LLE, may capture more complex, non-linear relationships but
could introduce more ambiguity in class separation, potentially impacting model performance.

While the observed bimodality in the distributions is encouraging, it is essential to recognize
potential limitations. The robustness of these findings requires further investigation, particularly in
elucidating the underlying biological mechanisms driving the observed heterogeneity. Future
research should explore additional clustering algorithms and incorporate external data sources to
validate and refine the identified subgroups. A deeper understanding of these subpopulations could
lead to the development of more precise predictive models, ultimately improving patient outcomes.
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Figure 3. [A] Density distributions and [B] heatmap of the standardized first principal components
(PC1) derived from features obtained through various dimensionality reduction techniques. The
subplots correspond to: [a] PC1 from PCA-derived features, [b] PC1 from tICA-derived features, [c]
PC1 from tSVD-derived features, [d] PC1 from NMF-derived features, [e] PC1 from UMAP-derived
features, [f] PC1 from t-SNE-derived features, [g] PC1 from Isomap-derived features, and [h] PC1
from LLE-derived features.

3.3. Hyperparameter Optimization for Classification Model Pipelines

Following the identification of PCA and tSVD as the optimal dimensionality reduction
techniques, classification pipelines were constructed using each technique for data preprocessing.
For both PCA and tSVD, only the first three principal components were selected as input features for
the classification models. Before model development, an exhaustive grid search with 10-fold cross-
validation (CV) was performed to optimize the hyperparameters of each classification model.
Initially, broader ranges for each hyperparameter were explored to ensure comprehensive coverage.
Subsequently, fine-tuning was carried out with more granular adjustments around the most
promising hyperparameter values. Table 3 presents the optimal hyperparameters that resulted in the
best performance on both the test set and during 10-fold CV.

Table 3. Optimal Hyperparameters Discovered for Each Classification Model Pipeline.

Model Hyperparameter PCA-Model Pipeline tSVD-Model Pipeline

RF criterion log_loss entropy
max_depth None None
class_weight {0:1, 1:3} {0:1, 1:3}
min_sample_leaf 4 2
sample_split 4 5
n_estimators 400 400
max_features log2 log2

GB criterion squared_error friedman_mse
learning_rate 0.36 0.35
loss Exponential log_loss
max_depth 5 5
n_estimators 152 150

SVM C 0.12 0.25
kernel Sigmoid sigmoid

LR C 0.35 0.1
solver Liblinear Liblinear
max_iter 5000 5000
penalty 12 12

KNN n_neighbors 17 18
weight distance Distance
p 2 4

FNN alpha 1.0 1.0
activation relu Identity
hidden_layer_size (100, 100) (125,155)
learning_rate constant Adaptive
solver sgd Sgd
max_iter 8000 15000

LR=Logistic Regression, GB=Gradient Boosting, SVM=Support Vector Machine, RF=Random Forest, KNN=K-
Nearest Neighbors, FNN=Feedforward Neural Network.
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3.4. Classification Model Pipeline Evaluation

The evaluation of classification models using PCA and tSVD dimensionality reduction
techniques provides nuanced insights into their performance in predicting thyroid cancer recurrence.
The findings suggest that both approaches enhance model performance, though with distinct
implications for clinical applications. We observed notable variations across different models and
metrics, offering insights into the effectiveness of each model and dimensionality reduction
approach. Table 4 presents the performance of the classification model pipelines across six metrics
employed in the study, highlighting results from both the test set and 10-fold cross-validation (CV),
while Figure 4 displays the ROC and DET curves for each classification model pipeline on the test
set.

3.4.1. Performance of PCA-Model Pipelines

The PCA-based model pipelines demonstrated strong performance across several metrics.
Logistic Regression (LR) achieved the highest balanced accuracy of 0.952 on the test set and
maintained robust performance in 10-fold CV with a balanced accuracy of 0.850. Its impressive F1
score of 0.935 on the test set and 0.849 in 10-fold CV, combined with an AUC of 0.992 and 0.967 on
the test set and 10-fold CV, respectively, underscores LR's consistent ability to correctly classify true
positives while minimizing false positives. As shown in Figure 4A, the LR model's ROC curve on the
test set closely follows the top left corner, highlighting its strong predictive capability in
distinguishing between recurrence and non-recurrence of thyroid cancer, a crucial characteristic for
clinical settings. The sensitivity of LR was also high at 0.935 on the test set and 0.859 in 10-fold CV,
further supporting its efficacy in identifying true positive cases of thyroid cancer recurrence.

SVM, RF, and KNN models also performed admirably. SVM achieved a balanced accuracy and
AUC of 0.929 and 0.992 on the test set and 0.873 and 0.960 in 10-fold CV, respectively, demonstrating
its effectiveness in distinguishing between positive and negative cases. RF achieved a balanced
accuracy of 0.906 on the test set and 0.882 in 10-fold CV, with a high AUC of 0.977 and 0.966,
indicating its strong ability to distinguish between positive and negative outcomes. KNN, while
showing slightly higher precision at 0.900 on the test set and 0.881 in 10-fold CV, exhibited lower
sensitivity (0.871 on the test set and 0.788 in 10-fold CV) compared to LR and RF, suggesting it may
miss some positive cases, which could impact its overall classification performance. Their ROC
curves (see Figure 4A) suggest strong predictive capability, particularly RF's consistent ability to
maintain high sensitivity across the specificity range. However, KNN's slightly lower sensitivity
aligns with the earlier observation of potentially missing some positive cases, thereby affecting its
overall classification performance.

Among the models, FNN demonstrated robust performance with a balanced accuracy of 0.938
on the test set and 0.903 in 10-fold CV. The F1 score of 0.896 on the test set and 0.897 in 10-fold CV
reflects its balanced ability to classify both positive and negative cases effectively. Its AUC of 0.971
on the test set and 0.961 in 10-fold CV further confirms its strong discriminatory power, though there
is a slight drop in sensitivity from 0.968 on the test set to 0.862 in 10-fold CV, suggesting its
performance may vary when exposed to different data subsets.

Figure 4C complements the ROC analysis with DET (Detection Error Tradeoff) curves, offering
additional insights into model performance, particularly regarding the trade-off between false
positive rates (FPR) and false negative rates (FNR). In general, all models demonstrate similar error
trade-offs, as evidenced by the proximity of their curves to one another. However, a closer inspection
shows that the DET curve for LR, which remains closest to the origin, consistently achieves a lower
FNR at comparable FPR levels, particularly in the low FPR region (<10%). This further confirms its
robustness, making it a reliable choice for binary classification tasks in clinical applications where
minimizing false negatives is critical. SVM, RF, and KNN also display strong performance, though
RF's slightly higher FNR highlights the need for potential adjustments to improve sensitivity.

GB, however, showed the lowest performance among the models in the PCA pipeline, with a
balanced accuracy of 0.849 on the test set. Despite this, it tends to perform better when tested on
various subsets of the dataset, as evidenced by its 10-fold CV results. The GB model’s ROC curve
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indicates a more gradual increase in sensitivity relative to specificity, reflecting its challenges in fully
capturing the complex relationships within the data. The DET curve further reveals that GB has a
higher false negative rate compared to the other models, which is a critical consideration in clinical
settings where missing positive cases can lead to suboptimal outcomes. Despite these limitations, GB
still provides valuable insights, especially in cases where more interpretability or the combination of
weak learners might be necessary.

3.4.2. Performance of tSVD-Model Pipelines

The tSVD-based pipelines provided comparable performance, often outperforming their PCA
counterparts. LR again demonstrated superior performance with a balanced accuracy of 0.944 on the
test set and 0.854 in cross-validation. Its F1 score of 0.933 on the test set and 0.859 in cross-validation,
along with a high AUC of 0.994 on the test set and 0.965 in 10-fold CV, underscores LR's effectiveness
in accurately predicting thyroid cancer recurrence while maintaining a high level of robustness. As
shown in Figure 4B, the LR model's ROC curve on the test set closely follows the top left corner,
highlighting its exceptional ability to distinguish between recurrence and non-recurrence—an
essential feature for clinical applications. The sensitivity of LR, at 0.903 on the test set and 0.874 in
cross-validation, indicates its high efficacy in identifying true positive cases, reinforcing its suitability
for clinical use.

RF, using tSVD-engineered features, achieved the second-best performance with a balanced
accuracy of 0.937 on the test set and 0.889 in 10-fold CV, along with an impressive AUC of 0.986 and
0.965, respectively. These results suggest that RF is highly effective at classifying cases and
distinguishing between positive and negative outcomes. SVM also performed impressively, with
balanced accuracies of 0.928 and 0.846 on the test set and 10-fold CV, respectively. However, with the
specificity (0.853) slightly less than the sensitivity (0.963) on the test set, and an even more significant
difference between specificity and sensitivity in 10-fold CV, the imbalanced nature of the dataset with
positive examples as the minority class may explain these results. KNN also performed well with a
balanced accuracy of 0.908 on the test set and 0.872 in 10-fold CV. Its AUC of 0.987 on the test set and
0.960 in 10-fold CV shows strong classification capabilities, though its sensitivity was somewhat
lower at 0.853 on the test set and 0.788 in 10-fold CV compared to other models. Figure 4D reveals
that both RF and KNN classification pipelines maintain low FNR across a range of FPR values,
suggesting that the tSVD-based features enhance these models' ability to handle complex, high-
dimensional data effectively.

FNN’s performance with tSVD was particularly noteworthy, achieving a balanced accuracy of
0.912 on the test set and 0.859 in 10-fold CV. The F1 score of 0.903 on the test set and 0.870 in 10-fold
CV, along with the remarkable AUC of 0.989 and 0.963, highlights its strong classification accuracy,
particularly in predicting positive cases accurately. However, the lower sensitivity of 0.824 on the test
set and 0.872 in 10-fold CV indicates a potential area for improvement, especially in capturing all true
positive cases. Another impressive aspect of FNN’s performance using the tSVD pipeline is its perfect
precision score (1.00) and specificity (1.00) on the training set, with just a slight decline in 10-fold CV.
The ROC and DET curves suggest that FNN is highly capable of distinguishing between classes, with
performance nearly equivalent to that of LR.

GB again displayed the lowest performance among the models in the tSVD pipeline, with a
balanced accuracy of 0.896 on the test set and 0.884 in 10-fold CV. While this is an improvement over
its PCA counterpart, the GB model's ROC curve remains less steep (0.978), indicating that it continues
to struggle with sensitivity and specificity compared to the other models. The DET curve similarly
highlights the model's higher false negative rate, suggesting that GB might be less suited for tasks
where minimizing false negatives is crucial. Nonetheless, the GB model’s performance, while lower,
might still be valuable in scenarios where its strengths, such as handling complex interactions in the
data, could be leveraged with additional tuning.

This comparative analysis of PCA and tSVD-based pipelines shows that while both
dimensionality reduction techniques enhance model performance, tSVD often provides a slight edge
in classification accuracy, particularly for models like RF, SVM, and FNN. The DET curves further
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support these findings, showing that tSVD-based pipelines generally result in lower false negative
rates and, consequently, fewer missed cases of thyroid cancer recurrence. This highlights the
importance of selecting the appropriate dimensionality reduction technique based on the specific
clinical context and the desired trade-offs between sensitivity, specificity, and overall classification
accuracy. In both PCA and tSVD classification pipelines, we observe strong performance from LR,
RF, SVM, and FNN models, with GB being the least effective but still providing valuable insights in
certain contexts. These results suggest that both dimensionality reduction techniques can enhance
the prediction of thyroid cancer recurrence, with the choice between PCA and tSVD depending on
the specific clinical context and desired trade-offs between sensitivity, specificity, and overall
classification accuracy.

Table 4. Performance of the Classification Model pipelines on the Test set and 10-Fold CV.

Model

RF
GB
SVM
LR
KNN
FNN

RF
GB
SVM
LR
KNN
FNN

PCA-Model Pipeline

Test set Performance 10-fold CV Performance
B. Acc. F1 AUC Sen. Spec. Prec. [B.Acc.F1 AUC Sen. Spec. Prec.
score Score

0906 0.853 0.977 0935 0.877 0.784 (0.882 0.867 0.966 0.862 0902 0.779
0.849 0.794 0948 0.806 0.892 0.781 (0.868 0.873 0.946 0.797 0.939 0.856
0.929 0.892 0.992 0935 0923 0.853 (0.873 0.861 0.960 0.845 0.902 0.776
0.952 0.935 0.992 0935 0969 0.935 (0.850 0.849 0.967 0.779 0.920 0.798
0912 0.885 0985 0.871 0954 0900 [0.872 0.881 0.960 0.788 0.957 0.883
0938 0.896 0.971 0968 0908 0.833 (0903 0.897 0961 0.871 0.935 0.855

tSVD-Model Pipeline

Test set Performance 10-fold CV Performance
B. Acc. F1 AUC Sen. Spec. Prec. [B.Acc. Fl1 AUC Sen. Spec. Prec.
score Score

0937 0.886 0.986 0912 0938 0.861 [0.889 0.892 0.965 0.844 0949 0.871
0.896 0.853 0.978 0.853 0.938 0.853 (0.884 0.886 0.957 0.825 0.938 0.858
0.928 0.879 0.992 0.853 0.963 0906 [0.846 0.848 0.961 0.780 0.916 0.789
0944 0.933 0.994 0903 0985 0.966 (0.854 0.859 0965 0.770 0.931 0.832
0.908 0.885 0.987 0.853 0.963 0.906 (0.860 0.868 0.952 0.770 0.949 0.862
0912 0.903 0.989 0.824 1.000 1.000 (0.859 0.870 0.963 0.762 0.967 0.906

B. Acc=Balanced Accuracy, AUC= area under the receiver operating characteristic (ROC) curve, Sen. =

Sensitivity, Spec. = Specificity, Prec.=Precision, LR=Logistic Regression, GB=Gradient Boosting, SVM=Support
Vector Machine, RF=Random Forest, KNN=K-Nearest Neighbors, FNN=Feedforward Neural Network.
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Figure 4. [A] ROC-Curves of PCA-model pipelines, [B] ROC-Curves of tSVD-model pipelines, [C]
DET-Curves of the PCA-model pipelines [D] DET-Curves of the tSVD-model pipelines.

3.5. Comparison with Other Methods

Compared with existing studies on predicting the likelihood of differentiated thyroid cancer
(DTC) recurrence or metastasis in post-treatment patients, including those by Borzooei et al. (2024)
[11], Qiao et al. (2024) [51], and Wang et al. (2024) [52], our study demonstrates several notable
strengths and innovations that enhance the accuracy and robustness of predictions.

3.5.1. Advanced Dimensionality Reduction Techniques

Our study employs a comprehensive range of dimensionality reduction techniques to address
the curse of dimensionality. We utilized both linear methods such as PCA and tSVD, as well as
manifold learning techniques like t-SNE and UMAP. This approach allowed us to reduce the dataset
to a manageable number of features—three in this case—that retained the highest variance. The
application of these methods aligns with recent advancements in data preprocessing for high-
dimensional datasets [21].

3.5.2. Rigorous Feature Engineering and Clustering Validation

To refine our feature engineering techniques, we implemented k-means clustering on the
generated feature sets. We evaluated the clustering results using ARI and V-measure, and assessed
the intrinsic properties of each cluster using the silhouette coefficient score. Stratified 10-fold CV was
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used to ensure the robustness and reliability of these metrics. This meticulous approach to feature
selection and clustering validation reflects best practices in ensuring high-quality feature sets and
aligns with methodologies reported by Ester et al. (1996) [53] on clustering evaluation and Hennig
(2007) [54] on cluster validation techniques.

3.5.3. Diverse Machine Learning Models and Comprehensive Evaluation Metrics

Our study leverages a wide array of machine learning (ML) and neural network models, each
with distinct learning behaviors, to capture various aspects of the data. We applied diverse
classification metrics, including AUC, Balanced Accuracy, Sensitivity, Specificity, Precision, and DET
curves. These metrics are particularly valuable for addressing class imbalance and assessing model
performance comprehensively. The use of stratified 10-fold CV and testing with an external dataset
further ensures that our metrics are generalizable and reflect the true performance of the models on
unseen data. This approach is in line with the evaluation practices emphasized by He and Garcia
(2009) [37] for dealing with imbalanced datasets and by Sokolova and Lapalme (2009) [55] for
evaluating classifier performance.

3.5.4. Comparative Performance Analysis

Table 5 presents a comparison of our approach with previous studies in terms of selected
performance metrics. While studies like Borzooei et al. (2024) [11] demonstrated high sensitivity and
specificity using traditional feature sets and models, our study's application of advanced
dimensionality reduction and comprehensive feature engineering techniques resulted in comparable
performance metrics. For example, our SVM model achieved an AUC of 99.2% and sensitivity of
96.1%, which is consistent with the high performance reported by Borzooei et al [11]. for SVM but
with enhanced feature engineering. Similarly, our RF model's AUC and sensitivity align with the
results from Qiao et al. (2024) [51], demonstrating the robustness of Random Forest across various
datasets and feature sets.

Table 5. Performance Comparison of Our Approach and Previous Studies on Selected Metrics for
Predicting DTC Recurrence on the Test Set.

Study Model Dataset/Features AUC Sen. Spec. Comment
Our Study SVM PCA/tSVD pipelines 99.2% 93.5% (PCA), >92% Confirms SVM's
85.3% (tSVD) effectiveness; aligns
with Borzooei et al.
KNN PCA/tSVD pipelines >98.4% >85% >95% Suggests improved

predictive ability
with high-variance
features.
RF PCA/tSVD pipelines >97% 93.5% (PCA), 87.7% (PCA), Consistent with
91.2% (tSVD) 93.8% (tSVD) Borzooei et al.;
reliable performance.
FNN PCA/tSVD pipelines >97% 96.8% (PCA), 90.8% (PCA), Comparable
82.4% (tSVD) 100% (tSVD)  performance with
Borzooei et al.’

ANN model; high
spec and sen.
LR  PCA/tSVD pipelines >99% 93.5% (PCA), >96% Superior performance
90.6% (tSVD) to Wang et al. LR
Borzooei et al. SVM 13 clinicopathologic 99.71  99.33% 97.14% High performance;
(2024) [11] features aligns with your

tSVD-based SVM
(AUC: 99.2%).
KNN 13 clinicopathologic 98.44 83% 97.14% Our KNN models in
features PCA/tSVD pipelines
show slightly higher
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AUC (>98%) and
sensitivity (>85%).

RF 13 clinicopathologic 99.38  99.66% 94.28% Comparable to our

features RF models with AUC
>97% in both PCA
and tSVD pipelines.

ANN 13 clinicopathologic 99.64 96.6% 95.71% High performance
features comparable to our

FNN model.
Qiao et al. RF Distant metastasis dataset0.960 92.9% N/A High performance
(2024) [51] similar to our RF
model's performance.
Wang et al. RF Larger cohort (2244 0.766 0.757 0.682 Lower performance
(2024) [52] patients), perioperative than our study;
variables variation may be due
to different feature
sets.

LR Larger cohort (2244 0.738 0.865 0.495 Lower performance
patients), perioperative than our LR;
variables variation may be due

to different feature
sets.

SVM Larger cohort (2244 0.752  0.568 0.903 Lower performance
patients), perioperative than our SVM but
variables with comparable

spec.

Sen. = Sensitivity, Spec. = Specificity, LR=Logistic Regression, GB=Gradient Boosting, SVM=Support Vector
Machine, RF=Random Forest, KNN=K-Nearest Neighbors, FNN=Feedforward Neural Network.

3.6. Implications and Future Directions

The results of this study highlight several important implications for the application of
dimensionality reduction and classification techniques in predicting thyroid cancer recurrence. Both
PCA and tSVD proved to be effective dimensionality reduction techniques, facilitating the
development of robust classification models. The superior performance of PCA and tSVD in terms of
clustering metrics and PC1 variance suggests their capability to retain significant data structures,
which is crucial for accurate classification.

Among the models evaluated, LR consistently delivered the best performance across both PCA
and tSVD pipelines, indicating its robustness and reliability in binary classification tasks related to
cancer recurrence prediction. The high precision and balanced accuracy achieved by LR suggest that
it is well-suited for clinical applications where accurate prediction and differentiation between
recurrence and non-recurrence are critical. RF and KNN also demonstrated strong performance,
particularly with tSVD-engineered features, which could be attributed to their ability to handle
complex, high-dimensional data effectively. However, the lower sensitivity in KNN compared to
other models suggests that while it excels in precision, it may require further optimization to enhance
its ability to identify all positive cases. FNN’s performance, particularly with tSVD, shows promise
in terms of AUC and precision, though there is room for improvement in sensitivity. The ability of
FNN to achieve high precision and AUC indicates its potential utility in scenarios where
distinguishing between classes is critical, but adjustments may be needed to improve its sensitivity.

These findings underscore the importance of selecting appropriate dimensionality reduction
and classification techniques to optimize predictive performance. The choice of dimensionality
reduction method and model can significantly impact the accuracy and reliability of predictions, with
practical implications for improving patient management and treatment strategies in differentiated
thyroid cancer. Future work should continue to refine these models and explore additional
techniques to further enhance predictive accuracy and clinical applicability. Selecting the appropriate
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dimensionality reduction method and model based on the trade-offs between accuracy, sensitivity,
and generalizability is crucial.

4. Conclusions

This study demonstrates that feature engineering techniques, such as PCA and tSVD, can
significantly enhance the performance of classification models in predicting differentiated thyroid
cancer recurrence in post-treatment patients. Classification pipelines incorporating PCA or tSVD,
particularly when paired with models like LR, RF, FNN, SVM, and KNN, showed highly promising
results. Among these, LR-based pipelines exhibited the best performance in predicting cancer
recurrence. This approach has the potential to support more effective and personalized treatment
strategies, improving patient outcomes by accurately predicting the likelihood of recurrence and
enabling timely interventions. The source codes are freely available for download from the GitHub
link provided here (https://github.com/OnahPmi/Thyroid-Cancer-Recurrence-Prediction-Project).

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org, Dataset S1: PCA generated data; Dataset S2: t-SVD generated data; Dataset S3: {-
ICA generated data; Dataset S4: NMF generated data; Dataset S5: t-SNE generated data; Dataset S6: Isomap
generated data; Dataset S7: UMAP generated data; Dataset S8: LLE generated data.
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