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Abstract

Aim: The aim of the study was to train, evaluate, and optimize machine learning models for classifying
focal lesions in the thyroid gland as benign or malignant based on their features. Material and methods:
A dataset of 841 focal thyroid lesions described by 17 features (ultrasonographic and patient characteristics)
was considered. Using the Python programming language, statistical and then exploratory data analyses
were conducted using the libraries, including the generation of graphs and heat maps of correlations
between the considered features. Binary classification models were selected to categorize the focal lesion
on the basis of their characteristics into one of two classes (benign lesion, malignant lesion). The following
models were used: logistic regression-based, support vector machine-based, k-nearest neighbor model,
Random Forest model, and decision tree classifier. We applied formulas to select those focal lesion features
that most contributed to the models’ classification decisions. The final dataset consisted of 841 focal thyroid
lesions described by seven ultrasonographic features and histopathological assessment of malignancy
(benign or malignant). Classifiers were validated using 10-fold cross-validation. Model performance
was evaluated using sensitivity, accuracy, measure-E precision, area under the ROC curve, PPV, NPV,
specificity. Results: The best-performing model (in term of sensitivity) was the classifier based on a support
vector machine: sensitivity = 71.17%, accuracy = 83.24%, area under the ROC curve = 84.86%, measure f1
= 69.13%, precision = 68.85%, PPV = 68.49%, NPV = 89.06%. Conclusions: The study demonstrates the
usefulness of data science methods in predicting the malignant nature of focal lesions in the thyroid gland.
It proves that classification decisions made by the studied models are based on specific ultrasonographic
features associated with increased or reduced risk of malignancy.

In the context of growing morbidity, it is worth noting the increas-
ing number of tools developed to support the diagnostic process®”.

The incidence of thyroid cancer is steadily increasing. Nodular dis-
ease is five times more common in women, and its risk rises with
age. Although thyroid nodular disease is one of the most com-
mon endocrine diseases encountered in clinical practice, the risk of
malignancy of a lesion diagnosed in the thyroid gland is relatively
low (about 3-10%). Ultrasound in combination with biopsy plays
an essential role in the initial differential diagnosis of thyroid focal
lesions. Qualification for biopsy, on the other hand, is based on the
assessment of ultrasound features®.

Some of these tools are based on data science, which involves ex-
tracting knowledge from data, using statistics, data analysis, ma-
chine learning, and other related methods® (Fig. 1).

We employed data science methods to select and optimize the best
machine learning model for classifying focal lesions in the thyroid
gland as benign or malignant based on their characteristics.
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Fig. 1. Data science process

Machine learning is a branch of artificial intelligence (AI). Al refers
to the ability to program computers (or more broadly, machines) to
solve complicated and usually very time-consuming tasks. An ex-
ample of a time-consuming and complicated task is the extraction
of useful information (data mining) from large or complex clinical
datasets.

Two major classes of machine learning algorithms exist: supervised
and unsupervised learning. The first class is mainly used to predict
outcomes using input features, whereas the second class is used to
cluster unlabeled data.

Supervised algorithms are applied when learning to predict future
outcomes, such as the presence of malignancy in a focal lesion based
on labeled data (e.g., focal lesions with known ultrasonographic fea-
tures that appear to be either malignant or benign)®.

Materials and methods

The study used a dataset of the authors of previously published re-
search®. The dataset consisted of 841 thyroid nodules evaluated by
experienced sonographers and subsequently by histopathologists.
The dataset consisted of related histopathological features, ultra-
sound features of nodules, and patient characteristics. The authors’
database was collected from January 2009 to July 2018. All thyroid
nodules diagnosed as benign or malignant on the basis of the final
histopathological examination of the resected specimens were in-
cluded in this study. Ultrasound examinations were performed by
one of five sonographers with 9 to 22 years of experience in thy-
roid imaging. Final histopathological diagnoses were obtained after
thyroidectomy for all 841 analyzed nodules. Among the 229 malig-
nant neoplasms, papillary thyroid carcinoma (PTC) was the most
common (184), while hyperplastic lesions were the most common
among the benign lesions. The pathologists were blinded to the re-
sults of the ultrasound examination. The goal of the study was to
validate the EU-TIRADS system in a multi-institutional database of
thyroid nodules by analyzing the relationship between EU-TIRADS
scores and histopathology results. This analysis constitutes a unique
large multicenter cohort analysis of the diagnostic performance of

the EU-TIRADS scale in a previously iodine-deficient region. The
authors concluded that the application of the EU-TIRADS guide-
lines resulted in moderate specificity. The vast majority of malig-
nancies classified as EU-TIRADS 3, 4, and 5 would not have been
recommended for biopsy because they are smaller in size than those
proposed in the classification.

Specific methods and materials from the study whose database was
used are summarize in the supplementary material (Suppl. 1).

Initially, a set of 841 nodules was considered (one lesion instance
was missing from the database). The lesions were described by 17
features (ultrasound, patient-related, histopathological) and in
order to use all instances of the set (all lesions examined by ultra-
sound specialists), features that were not reported for all surgically
removed focal lesions were excluded. In the next step, using the
Python programming language in Jupyter Notebook environment
(Google Colab), with the NumPy and Pandas libraries, the com-
pleteness of the data and its types were checked. What is more, in
the following steps, methods from the sklearn Python library were
applied; they are listed and explained in greater detail in the next
paragraphs and in the technical supplement (Suppl. 2).

Statistical and then exploratory analysis of the data was performed.
Using the Seaborn library, graphs illustrating relationships between
features and heat maps were generated (visualizing the degree of
correlation between the considered features — higher correlation,
higher color saturation) (Fig. 2). Binary classifiers were selected,
classifying lesions into one of two categories: malignant change or
benign change.

A supervised learning process was applied to train models for fu-
ture prediction, such as the presence of malignancy in focal lesions.
Labeled data were used (like focal lesions that appear to be either
malignant or benign, with known ultrasonographic features)®.

The input data consisted of ultrasound features of focal lesions in
the thyroid gland, and the output was the predicted presence of
malignancy.
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Fig. 2. Feature correlation heat map for one of the datasets (14 nodule features). The lighter the color, the stronger the positive correlation; the darker the color, the
stronger the negative correlation. The exception is the white color, which indicates that it is impossible to determine the correlation due to insufficient data

or a large number of gaps in the set for a given feature

In supervised learning, analysis starts from a known training da-
taset, and an algorithm is used to infer predictions. The algorithm
compares its output to the labels in order to modify it accordingly to
match the expected values (Fig. 3).

In the field of data science, it is very important to validate the ob-
tained models. In our work, we used 10-fold cross-validation with
the proportion of predicted classes appropriate for the entire dataset
(StratifiedKFold)"?,

Another way to validate the model involved dividing the dataset
into training, test, and validation sets, e.g., in the proportions of
80:10:10. This way of testing data requires more data than k-fold
cross-validation to achieve good model results. The more fea-
tures are considered in classification models, the larger the data-
set needed to achieve good results. For this reason, validation was
performed 10 times using cross-validation while maintaining the
proportions of the predicted classes (benign change, malignant
change).

In the context of algorithms belonging to the field of data science,
it is important to select an appropriate classifier for the discussed
issues and data type. Binary classifiers (assigning each lesion to one
of two classes: benign or malignant) are a good choice for classifying
focal lesions (Fig. 4).

In the next step, the following binary classifiers were applied: logis-
tic regression-based (LogReg), support vector machine SVC-based
classifier (SVC), k-nearest neighbor classifier (KNN), Random For-
est (RF), and decision tree (DT). All classifiers were applied using
dedicated methods from the sklearn Python library. Specific meth-
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Fig. 3. Diagram of supervised machine learning

ods are described in the attached technical supplement (Suppl. 2). In
addition to methods implementing classifiers, several other meth-
ods were used, which are described in the preceding and follow-
ing paragraphs. Those are also, more technically, described in the
attached supplement.
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Fig. 4. K-fold cross-validation

The RFEC (recursive feature elimination with cross-validation) for-
mula was used to identify the nodule features most important for
the correct classification decision of the models (benign lesion/ma-
lignant lesion). The most significant features for the studied model
were irregular margins, and a solid or almost solid composition of
the lesion (i.e., >90%).

The following features describing the lesions were identified:

e irregular margins (yes/no),

¢ solid composition >90% (yes/no),

*  mixed cystic-solid composition (yes/no),

*  echogenicity - expressed on a four-point scale (I-very hy-
poechoic, II-hypoechoic, III-isoechoic, IV-hyperechoic),

¢ lesion taller than wide (yes/no),

*  macrocalcifications (yes/no),

*  spongiform nodule (yes/no),

*  cyst(yes/no).

To ensure the reliability of classifier assessment, 10-fold cross-val-
idation was applied while maintaining the proportion of predicted
classes, appropriate for the entire dataset (StratifiedKFold). This
means that the dataset was divided into 10 parts, each containing
the same proportion of malignant and benign lesions. Nine of these
parts were used to train the model and one for testing. This process

was repeated 10 times; each time, a different subset was used for
testing. Classifier performance was calculated as the average of the
results obtained.

The models were evaluated on the basis of mean values of such met-
rics as sensitivity, accuracy, F-measure, precision, and area under
the ROC curve (AUC). Given the clinical consequences of the miss-
ing malignant lesion scenario, sensitivity was chosen as a major cri-
terion. In the next steps, in the best models, SVC, LogReg, RF, and
DT hyperparameter optimization (model “tuning”) was carried out
with the help of the GridSearchCV library, thanks to which further
improvement of model performance was obtained.

Results

The results obtained using each binary classifier are presented in
Table 1 and Figure 5.

Discussion

In this study, the best results were achieved by the SVC classifier

based on the support vector machine; the selection criterion was the
highest sensitivity, for SVC sensitivity = 71.17% (Tab. 1).

Tab. 1. Performance metrics of the studied binary classifiers: Support vector machine-based classifier (SVC), Logistic regression-based (LogReg), Random
Forest classifier (RF) and Decision Tree classifier (DT) , k-nearest neighbors (KNN)

SVC LogReg RF DT KNN
Sensitivity 71.17% 68.99% 69.86% 69.86% 23.54%
AUC 84.86% 87.11% 84.57% 84.18% 64.91%
Accuracy 83.24% 83.96% 84.08% 84.19% 74.80%
F-measure 69.13% 69.34% 70.17% 69.93% 29.11%
Precision 68.85% 71.49% 70.9% 71.34% 40.40%
PPV 68.49% 71.17% 70.18% 69.7% 44.36%
NPV 89.05% 88.53% 88.74% 88.85% 80.7%
Specificity 87.74% 89.55% 88.89% 89.55% 75.82%
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Fig. 5. Mean ROC curves for the studied binary classifiers: Support vector machine-based classifier (SVC), Logistic Regression-based (LogReg), Random Forest
classifier (RF), and Decision Tree classifier (DT), k-nearest neighbor classifier (KNN)

Satisfactory performance was achieved in distinguishing between
malignant and benign focal lesions (AUC ROC >80%, Accuracy
>80%). We can compare our results with metrics reported by Os-
man Melih Topcuoglu et al.'V, in which the diagnostic perfor-
mance of six different currently available guidelines was compared,
including the American College of Radiology Thyroid Imaging and
Reporting Data System (ACR-TIRADS), Kwak-TIRADS, Korean
TIRADS (K-TIRADS), European TIRADS (EU-TIRADS), Ameri-
can Thyroid Association (ATA), and Chinese TIRADS (C-TI-
RADS), in differentiating malignant from benign thyroid nodules.
These guidelines aim to detect more thyroid cancers while reduc-
ing unnecessary biopsies. In that single-center study, between Jan-
uary 2007 and September 2023, ultrasound (US) images of thyroid
nodules that were pathologically confirmed either by surgery or by
fine needle aspiration biopsy (FNAB) were retrospectively evalu-
ated and categorized according to six different currently available
guidelines.

In that study, C-TIRADS offered the highest AUC, which was 84.2%.
In our study, three of the four binary classification models that were
trained and cross-validated achieved better results (SVC = 84.86%,
LogReg = 87.11%, Random FC = 84.57%), while the DT classifier
achieved comparable AUC results (84.18%).

Measured in the publication by Osman Melih Topcuoglu et al., the
accuracy of ACR-TIRADS, K-TIRADS, EU-TIRADS, ATA, or C-
TIRADS (63.1%, 62.8%, 59.1%, 64.2%, 68.8%) was lower than the
accuracy of any binary model classifiers assessed: SVC, Log Reg, RF,
DT (83.24%, 83.96%, 84.08%, 84.19%).

Osman Melih Topcuoglu et al. measured unnecessary FNAB
rates (%) for ACR-TIRADS, K-TIRADS, EU-TIRADS, ATA, and
C-TIRADS; they were 69.2%, 70.2%, 70.6%, 69.7%, and 71.7%
respectively.

Conversely, sensitivity of any classification system (ACR-TIRADS,
K-TIRADS, EU-TIRADS, ATA, or C-TIRADS, (99.8%, 97.8%,
97.6%, 97.8%, 97.5%, 92.8%) in that study was higher than the sen-
sitivity that our models achieved (SVC, Log.Reg, RF, DT, 71.17%,
68.99%, 69.86%, 69.86%)1V.

As it turned out, the models obtained the best results when clas-
sification decisions were made on the basis of features commonly as
associated with increased or reduced risk of malignancy. However,
these features were inferred by the Recursive Feature Elimination
process. The RFEC formula was used, thanks to which the nodule
features most important for the correct classification decision of the
models (benign lesion/malignant lesion) were identified. The most
significant features for the studied model included irregular margins
and solid or almost solid composition of the lesion (>90%). It cor-
responds to the US features most significantly associated with ma-
lignancy as identified by Dobruch-Sobczak et al., irregular margins
(Odds Ratio = 13.82), which was also associated with high specific-
ity, and solid or almost solid composition (Odds Ratio = 9.82)"1?
(Fig. 6).

The authors of the article, in which histopathological images were
classified, among others, based on some of their features also ex-
pressed in numbers, referred to the algorithms we used and dem-
onstrated their high accuracy and classification efficiency. In that
study, these classic classifiers achieved higher effectiveness than the
more complex deep learning models often used today, requiring
greater computational power?. In our research, classic classifiers
(SVC, LogReg, RE, and DT models) achieved consistent results, as
shown in Table 1.

How the best one - in terms of sensitivity — Support Vector Ma-
chine-based classifier (SVC) works can be easily understood. This
classifier uses the Support Vector Machine technique, which is
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Fig. 6. Thyroid focal lesion: solid composition, hypoechogenicity, irregular mar-
gins, irregular shape, and extrathyroidal expansion

based on determining a hyperplane (represented as a line in the fig-
ure) separating (in this case, malignant from benign nodules) as far
points as possible belonging to different classes (i.e., benign nodules
and malignant nodules)*'%. Each point corresponds to an instance
(focal lesions) and is described by a set of features that “locate” it in
space (in Fig. 7) by two features, which makes it possible to place
it in a two-dimensional space that is easy to imagine; in the stud-
ied dataset described by eight features, focal lesions are located in
eight-dimensional space). The role of the hyperplane is to separate
all benign from malignant nodules.

To conclude, deep learning strategies mimic the structure and func-
tion of the human brain. Instead of neurons, artificial neural net-
works (ANNSs) are composed of linked computational units called
nodes, arranged in layers. The information to be evaluated, such as
a sonogram of a nodule, is presented in digital format to an input
layer, and subsequently processed through a series of hidden lay-
ers comprising additional nodes. This approach can significantly
improve the diagnostic accuracy of radiologists on thyroid nodule
differentiation and could potentially decrease the number of unnec-
essary fine needle biopsies, especially when images are associated
with clinical data?'71®.

Limitations of the study

Models that we train, optimize, and test have not been validated
using an external dataset. Although the binary classifiers achieved
satisfactory results in distinguishing malignant from benign focal
lesions (AUC ROC >80%, Accuracy >80%), the best model’s sensi-
tivity of 71.17% means that almost 30% of malignant lesions were
not detected, which in a real-life scenario could have serious clinical
implication. Domain knowledge (in that case, clinical insight) is cru-

X2

N
i

Fig. 7. Maximum-margin hyperplane and margins for an SVM trained on
samples from two classes (red and green circles)

cial in a data science approach; some clinical features are critical to
identify certain subtypes of thyroid cancers included in the database.

Conclusions

1. The study presents the usefulness of data science methods in pre-
dicting the malignant nature of focal lesions in the thyroid gland.

2. Classification decisions produced by the models studied are relat-
ed to ultrasound features considered to reflect increased or reduced
risk of malignancy. These conclusions were reached using data sci-
ence reasoning.

3. Analysis of the present results and findings reported by other au-
thors indicates that the use of the described algorithms can be an
added value to the diagnostics performed by specialists.
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