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ABSTRACT

This study proposes an advanced computer-aided diagnosis (CAD) framework for
thyroid disease diagnosis that integrates numerical patient data and ultrasound
images. The framework uses cutting edge technologies, including Vision
Transformers (ViTs) and SHapley Additive exPlanations (SHAPs), to increase
diagnostic accuracy, interpretability, and clinical applicability. The proposed CAD
framework employs the sparse search algorithm (SSA) for optimized feature selection
from numerical data and the tree-structured Parzen estimator for tuning the
hyperparameters. ViTs are utilized for analyzing thyroid ultrasound images, whereas
SHAP provides explainable Al insights into model predictions. Extensive
experiments were conducted on two datasets: the thyroid disease patient dataset and
the DDTT: Thyroid Ultrasound Images dataset. Performance was evaluated via
five-fold and ten-fold cross-validation utilizing metrics including accuracy, precision,
and recall. The framework achieved promising performance, with models trained
without data augmentation consistently outperforming their augmented
counterparts. For the thyroid disease patient dataset, the best-performing model
reported an accuracy of 99.71%, precision of 97.05%, recall of 99.29%, and F1-score
of 98.16%. For the DDTI dataset, ViTs achieved an accuracy of 95.06% without
augmentation, surpassing existing methodologies. Key features such as thyroxine,
thyroid surgery, and thyroid-stimulating hormone (TSH) were identified as critical
predictors of thyroid conditions. This study underscores the potentiality of AI-driven
approaches in healthcare, paving the way for improved diagnostic outcomes and
personalized treatment strategies.

Subjects Artificial Intelligence, Computer Vision, Data Mining and Machine Learning, Neural
Networks

Keywords Computer-aided diagnosis (CAD), Deep learning (DL), SHapley Additive exPlanations
(SHAP), Thyroid diagnosis, Tree-structured Parzen estimator (TPE), Machine learning (ML)

INTRODUCTION

Thyroid disorders represent a widespread global health concern, impacting millions of
people regardless of age or gender (Farling, 2000). Situated in the front of the neck, the
thyroid gland is a small, butterfly-shaped organ that produces hormones like thyroxine
(T4) and triiodothyronine (T3), which are important for regulating metabolism, growth
and energy levels (Vanderpump, 2011). When the thyroid gland malfunctions, it can result
in various conditions, such as hypothyroidism, hyperthyroidism, thyroid nodules, and
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thyroid cancer (Ahmadi et al., 2020). Early and precise diagnosis of these disorders is
crucial for effective treatment and to prevent potential health complications (Kratzsch ¢
Pulzer, 2008). Since the thyroid gland plays a key role in maintaining bodily balance, any
impairment in its function can significantly affect an individual’s overall health and
well-being.

The global burden of thyroid disorders is substantial, with significant implications for
public health systems worldwide (Deng et al., 2020). According to the American Thyroid
Association, over 20M people in the United States (US) alone are affected by thyroid
disorders, with up to 60% of cases remaining undiagnosed (Gessl, Lemmens-Gruber ¢
Kautzky-Willer, 2012). This high rate of undiagnosed cases underscores the need for
improved diagnostic tools and strategies. Women are particularly susceptible, being five to
eight times more likely to develop thyroid disorders than men are, a disparity that
highlights the importance of gender-specific approaches in thyroid health management
(Castello & Caputo, 2019). Additionally, the incidence of thyroid cancer has consistently
increased in recent years, making it one of the most rapidly growing cancers in terms of
new diagnoses (Antonelli et al., 2015). This trend necessitates advancements in early
detection and treatment methodologies to address the growing prevalence of thyroid
cancer.

The diagnosis of thyroid disorders typically involves a multifaceted approach,
combining clinical evaluation, thyroid function tests, imaging studies, and, when
necessary, biopsy procedures (Nachiappan et al., 2014). Thyroid function tests, which
measure the levels of thyroid-stimulating hormone (TSH), free thyroxine (FT4), and
triilodothyronine (T3), are commonly used to assess thyroid function (Shukla et al., 2009).
These tests provide critical insights into the hormonal output of the gland and help identify
abnormalities in thyroid activity. Imaging techniques, including computed tomography
(CT), ultrasound, and magnetic resonance imaging (MRI), are utilized to assess the
structure of the thyroid gland and detect abnormalities such as nodules or tumors (Frunzac
¢ Richards, 2016). These imaging modalities offer a noninvasive means of visualizing the
gland and identifying potential pathologies. Fine-needle aspiration biopsy (FNAB) is often
utilized to obtain tissue samples from thyroid nodules for histological analysis, aiding in
the exclusion of malignancy (Wellby, 1976; Margret, Lakshmipathi & Kumar, 2012). This
biopsy technique is particularly valuable in distinguishing between benign and malignant
nodules, guiding subsequent treatment decisions (Strauss et al., 2010).

Treatment strategies for thyroid disorders vary depending on the specific condition and
may include medication, radioactive iodine therapy, thyroid surgery, or a combination of
these approaches (Rivkees et al., 2011). Hypothyroidism is typically controlled by thyroid
hormone replacement therapy to restore hormone levels to normal (Pund et al., 2022).
This treatment approach aims to alleviate symptoms and prevent long-term complications
associated with hormone deficiency. Hyperthyroidism may be treated with antithyroid
medications, radioactive iodine therapy, or thyroidectomy, which involves partial (or even
complete) removal of the thyroid gland (De Leo, Lee ¢ Braverman, 2016). Each treatment
option has its own set of benefits and risks, requiring careful consideration on the basis of
the patient’s clinical profile. Thyroid cancer treatment often involves surgical intervention
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followed by radioactive iodine therapy and, in some cases, targeted therapy or
chemotherapy (Papaleontiou ¢» Haymart, 2012). The choice of treatment is influenced by
factors such as the cancer stage, patient age, and overall health status, emphasizing the
need for personalized treatment plans.

In recent times, artificial intelligence (AI) has become a transformative tool in
improving the diagnosis and management of thyroid disorders (Nagendra, Pappachan &
Fernandez, 2023; AbdulAzeem et al., 2025b). Al-based algorithms are capable of processing
medical imaging data (Abd El-Khalek et al., 2024), including ultrasound or CT scans, to aid
in the identification and classification of thyroid nodules and tumors (Sorrenti et al., 2022).
These systems utilize sophisticated machine learning (ML) methods to detect patterns and
irregularities that may signal thyroid-related conditions. Predictive models, developed
using ML, can assess demographic, clinical, and laboratory data to identify individuals at
higher risk of thyroid disease (Bini et al., 2021). Such models facilitate a proactive strategy
for managing thyroid health, allowing for early detection and potentially reducing the
prevalence of undiagnosed cases. Additionally, AI-powered decision support mechanisms
can assist the healthcare staff in analyzing thyroid function tests and imaging results,
leading to more precise diagnoses and tailored treatment strategies (Peng et al., 2021;
Ludwig et al., 2023). The integration of Al into healthcare practices enhances diagnostic
precision, optimizes workflows, and ultimately improves patient care outcomes.

The major objective of this study is to propose a computer-aided diagnosis (CAD)
framework for thyroid diagnosis that integrates both numerical data and ultrasound
images from patients with thyroid disease. This framework uses advanced technologies,
including vision transformers (ViTs) and SHapley Additive exPlanations (SHAP)
explainable AJ, to increase the accuracy and interpretability of diagnostic outcomes. ViT's
are employed to analyze ultrasound images effectively, aiding in the detection of
abnormalities and potential diseases. These transformers utilize self-attention mechanisms
to capture global dependencies within the images, enabling comprehensive feature
extraction and representation. Additionally, SHAP explainable Al techniques provide
transparency to the diagnostic process, enabling clinicians to understand the rationale
behind the system’s recommendations.

By quantifying the contribution of each input feature to the model’s predictions, SHAP
enhances the interpretability of Al-driven diagnostic tools, fostering trust and confidence
among healthcare providers. The CAD framework also incorporates numerical patient
data optimized via the Sparrow Search Algorithm to select the most informative features.
This optimization process ensures that the model focuses on the most relevant attributes,
improving diagnostic performance and reducing computational complexity. Furthermore,
this study integrates the tree-structured parameter (TPE) to fine-tune hyperparameters,
thereby enhancing overall performance while minimizing computational resources and
time. The TPE employs Bayesian optimization to explore the hyperparameter space,
identifying configurations that maximize model performance metrics.

The structure of this manuscript is organized as follows: “Related Studies” offers a
comprehensive review of pertinent studies, emphasizing significant advancements and
methodologies in thyroid disease diagnosis. “Methodology” goes into the proposed
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approach, providing a detailed analysis and visual depiction of the methodology, which
integrates numerical data and ultrasound images into a CAD framework. “Experiments
and Discussion” explores the experiments performed using diverse datasets, accompanied
by an analysis of the results and their broader implications. Lastly, “Conclusions and
Future Directions” summarizes the findings, discusses their significance, and suggests
potential avenues for future research, underscoring the importance of ongoing innovation
and clinical validation in the realm of AI-powered thyroid diagnosis.

RELATED STUDIES

The diagnosis of thyroid disorders has undergone significant advancements in recent
years, with numerous studies utilizing various methodologies and technologies to improve
diagnostic accuracy and efficiency. Researchers such as Liu et al. (2023) and Bal-Ghaoui
et al. (2023) have made notable contributions to this field, employing innovative
approaches to address the challenges associated with thyroid disease diagnosis. Despite
these advancements, there remains a research gap in the integration of multiple data
modalities, such as numerical patient data and ultrasound images, within a unified
framework to increase diagnostic precision and interpretability. This gap raises the need
for a more holistic approach that combines the strengths of both data types to improve
diagnostic outcomes.

Margret, Lakshmipathi & Kumar (2012) explored the use of decision tree attribute
splitting criteria for diagnosing thyroid disorders. Their study investigated five distinct
splitting criteria for constructing decision trees, including the information gain, likelihood
ratio y? statistics, and distance measure. Among these, three criteria are based on impurity
measures, whereas the remaining two utilize normalized impurity-based approaches. The
decision tree model effectively classified the thyroid dataset into three categories of thyroid
illnesses, demonstrating the potential of decision trees in thyroid disease diagnosis.
However, these studies focused primarily on numerical data, leaving room for further
exploration into the integration of imaging data for a more comprehensive diagnostic
approach. This limitation underscores the importance of combining multiple data sources
to achieve a more robust diagnostic framework.

In their research, Margret, Lakshmipathi ¢» Kumar (2012) and Shukla et al. (2009)
tackled a significant challenge in medical science by investigating the use of artificial neural
networks (ANNSs) for diagnosing thyroid disorders. Their study utilized a feed-forward
neural network trained with three distinct ANN algorithms, including the
backpropagation algorithm (BPA). By evaluating the performance of these algorithms, the
research sought to determine the most effective model for thyroid disorder diagnosis.
Although the findings demonstrated the promise of ANNSs in this domain, the study did
not incorporate imaging data, which could enhance diagnostic precision. This gap
underscores the importance of adopting a more comprehensive approach that combines
both numerical and imaging data for improved accuracy.

Similarly, Nguyen et al. (2020) concentrated on creating CAD systems to help clinicians
detect thyroid nodules. Their research introduced an Al-based technique for diagnosing
malignant thyroid nodules by analyzing data in both spatial and frequency domains. To
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tackle the challenge of imbalanced training datasets, the authors employed a weighted
binary cross-entropy loss function to train deep convolutional neural networks. Their
approach outperformed existing methods when evaluated on the Thyroid Digital Image
Database (TDID). However, the study primarily relied on ultrasound images, neglecting
the integration of numerical patient data, which could have provided a more
comprehensive diagnostic framework. This limitation emphasizes the need to combine
imaging data with clinical and laboratory information to enhance diagnostic precision and
overall effectiveness.

Building on the application of deep learning (DL), Liu et al. (2023) employed advanced
techniques to enhance the precision of thyroid cancer diagnosis. The researchers
introduced a dynamic integration model named DiTNet, which merges transformer and
convolutional neural network (CNN) architectures. This model was specifically designed
to distinguish between benign and malignant thyroid nodules. The study utilized data from
202 patients at Quzhou People’s Hospital and 102 patients from the publicly available
Thyroid Ultrasound Images (DDTI) dataset. When evaluated using receiver operating
characteristic (ROC) analysis, DiTNet achieved an area under the curve (AUC) of 95%,
along with an accuracy, sensitivity, and specificity of 89%. Although the study highlighted
the potential of DL in thyroid cancer diagnosis, it did not incorporate numerical patient
data, which could offer valuable diagnostic insights. This limitation indicates that
integrating imaging data with clinical information could further improve the assessment
performance of Al-based systems.

Similarly, Bal-Ghaoui et al. (2023) investigated the diagnostic efficacy of
ultrasonography for thyroid and breast cancers, which predominantly affect women
worldwide. This study proposed a CNN model for breast ultrasonography and applied it to
categorize thyroid nodules. By utilizing shared ultrasound features between the two
diseases, researchers have evaluated five pretrained models on both datasets. Their CNN
achieved accuracy rates of 0.9484 and 0.8535 for the breast and thyroid datasets,
respectively, while maintaining low false-positive rates. Despite these promising results,
the study did not incorporate numerical patient data, which could further enhance the
diagnostic framework. This omission underscores the need for a more comprehensive
approach that integrates both imaging and clinical data.

Research gap
While the aforementioned studies have made significant strides in thyroid disorder
diagnosis, there is a notable gap in the integration of multiple data modalities, such as
numerical patient data and ultrasound images, within a unified diagnostic framework.
Existing studies often focus on either numerical data or imaging data, but not both. This
limitation hinders the development of comprehensive diagnostic tools that can utilize the
strengths of both data types. Additionally, there is a need for more interpretable AI models
that can provide clinicians with transparent insights into the diagnostic process.

The current study aims to address these gaps by proposing a CAD framework that
integrates numerical data and ultrasound images, utilizing advanced technologies such as
ViTs and SHAP explainable Al to increase diagnostic accuracy and interpretability. By
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bridging these gaps, this study seeks to advance the field of thyroid diagnosis and provide
clinicians with a more robust and transparent diagnostic tool.

METHODOLOGY

This study proposes a CAD framework (see Fig. 1) for thyroid disease diagnosis, which
uses both numerical patient data and ultrasound images. The framework integrates ViTs
and SHAP explainable Al to increase diagnostic accuracy and interpretability. ViTs,
renowned for their exceptional performance in image classification tasks, are employed to
analyze thyroid ultrasound images, facilitating the identification of abnormalities and
potential diseases.

The incorporation of SHAP explainable AI techniques introduces a layer of
transparency into the diagnostic process. SHAP enables the interpretation of model
predictions by attributing them to the contribution of each input feature, thereby
providing valuable insights into the decision-making process of the CAD system. This
transparency not only enhances the trustworthiness of diagnostic results but also allows
clinicians to understand the rationale behind the system’s recommendations.

In addition to ultrasound images, the CAD framework incorporates numerical data
from thyroid disease patients. This study employs the sparse search algorithm (SSA) to
optimize the selection of the most promising features from these data. The SSA efficiently
searches the feature space to determine the most informative characteristics for precise
diagnosis. By utilizing SSA, the CAD system can effectively handle high-dimensional
numerical data and extract meaningful insights, thereby improving diagnostic
performance.

Furthermore, the TPE is integrated to fine-tune the hyperparameters of the CAD
framework and enhance its overall performance. It is a Bayesian-based optimization
technique that systematically searches the hyperparameter space to identify configurations
that maximize the model’s performance metrics. By utilizing it, the CAD system can
adaptively adjust its parameters to achieve optimal diagnostic accuracy while minimizing
computational resources and time.

MATERIALS

The study uses two primary datasets: the thyroid disease patient dataset and the DDTT:
Thyroid Ultrasound Images dataset. The thyroid disease patient dataset encompasses a
wide range of attributes, including demographic information (e.g., age, sex), medical
history (e.g., thyroxine intake, antithyroid medications, past surgeries), and current health
status (e.g., presence of goiter, tumor, or hypopituitary conditions). Laboratory results such
as TSH, T3, TT4, T4U, and FT1 levels are also included. This dataset is accessible at https://
www.kaggle.com/datasets/kapoorprakhar/thyroid-disease-patient-dataset.

The DDTI dataset, an open-access resource supported by Universidad Nacional de
Colombia, CIM@LAB, and IDIME, comprises 99 cases and 134 ultrasound images. Each
case includes an XML file with expert annotations and patient information. The dataset is
available at https://www.kaggle.com/datasets/dasmehdixtr/ddti-thyroid-ultrasound-
images.
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Figure 1 The proposed CAD framework for thyroid diagnosis utilizing tabular and image data. Full-size &l DOI: 10.7717/peerj-cs.3063/fig-1

Numerical feature selection via the sparrow search algorithm

Feature selection is a useful step in building effective ML models, particularly for medical
diagnosis tasks such as thyroid disease classification (Balaha, Hassan ¢ Balaha, 2025). The
SSA, inspired by the foraging behavior of sparrows, is employed to optimize feature
selection. The SSA mimics the exploration and exploitation strategies of sparrows to search
efficiently for the most informative features (Xue ¢ Shen, 2020).

The primary objective of feature selection via SSA is to identify the subset of input
features that have the greatest impact on the prediction performance of the ML model.
This approach reduces the dimensionality of the feature space, improving model
interpretability and reducing computational complexity (Gad et al., 2022).

Mathematically, the SSA operates by iteratively updating the position of a population of
candidate solutions (sparrows) in the search space. The position of each sparrow
represents a potential solution, i.e., a subset of features selected for classification. The
movement of sparrows is guided by a combination of exploration and exploitation
strategies, aiming to balance the search for new regions and the exploitation of promising
solutions (Gharehchopogh et al., 2023).

The movement of sparrows in SSA is governed by Egs. (1) and (2), where Pos(t)
represents the position of sparrows at iteration ¢, StepSize(t) denotes the step size
controlling the magnitude of movement, Rand is a random number sampled from a
uniform distribution, / is a scaling factor, f is a control parameter, and I' denotes the
gamma function. Algorithm 1 summarizes the major steps for feature selection via
the SSA.
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Algorithm 1 Pseudocode of SSA for feature selection.

1 Initialize the population of sparrows with random feature subsets.

2 Initialize parameters: StepSize ., StepSize ., A, p, MaxIter, NumFeatures.

3 for each iteration t until convergence do

X

o) X e
min MaxIter”

4 Update step size: StepSize(t) = StepSize,;, + (StepSize, . — StepSize

5 Generate Levy flight: LevyFlight = Rand x x (%) l/ﬁ.
6 Update sparrow positions: Pos(t 4+ 1) = Pos(t) + StepSize(t) x LevyFlight.
7 Evaluate the fitness of each sparrow via a feature selection metric (e.g., classification accuracy).
8 The global best solution is updated if the current solution is better.
9 Update the local best solution for each sparrow.
10 end
Pos(t + 1) = Pos(t) + StepSize(t) x LevyFlight (1)

(2)

, A xT(1+ B) xsin(m x B/2)\"*
LevyFlight = Rand x (F((l T B)/2) % f X 2(/3—1)/2>
Numerical classification via machine learning
Machine learning techniques play a pivotal role in thyroid disease classification by utilizing
patient data to distinguish between benign vs. malignant cases. A diverse range of
classifiers, including support vector machine (SVM), random forest (RF), AdaBoost,
LightGBM (LGBM), and logistic regression (LR), are employed to achieve accurate and
reliable predictions (Song, Ristenpart ¢» Shmatikov, 2017; Balaha et al., 2024b). To increase
the performance of these classifiers, various scaling techniques are applied to preprocess
the input features. These include robust scaling, min-max scaling (MinMax), max absolute
scaling (MaxAbs), standardization (STD), L1 normalization (L1), L2 normalization (L2),
and max normalization (Max). These scaling techniques ensure that the input features are
appropriately scaled and centered, thereby improving the convergence and stability of the
ML algorithms (Ahsan et al., 2021).

Additionally, the TPE is employed to optimize the hyperparameters of the classifiers
and scalers. It is a Bayesian-based optimization technique that efficiently searches the
hyperparameter space to identify configurations that maximize the model’s performance
metrics (Watanabe, 2023). The optimization process involves maximizing the expected
improvement over the current best solution, as formulated in Eq. (3), where x represents
the hyperparameter configuration, u(x) and g(x) are the mean and standard deviation of
the predictive distribution, respectively, f(x*) represents the best-observed value thus far,
and ( is a tunable exploration-exploitation trade-off parameter.

a(x) ’ . (3)
0, otherwise

El(x) = {H(x)_f—(x*)_g if o(x)>0
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By iteratively evaluating the performance of different hyperparameter configurations
and updating the surrogate model, TPE guides the search toward regions of the
hyperparameter space that are likely to yield better results, ultimately improving the
classification accuracy of the models.

Imaginary classification via vision transformers

ViTs are promising approaches for classification tasks in thyroid diagnosis via ultrasound
images. Initially designed for natural image classification, ViTs have demonstrated
remarkable adaptability to medical image analysis domains (Park ¢ Kim, 2022). The core
of ViTs lies in their ability to process input images through a series of self-attention
mechanisms, enabling comprehensive feature extraction and representation (Raghu et al.,
2021). Mathematically, the mechanism of the self-attention (A(Q, K, V)) can be expressed
as shown in Eq. (4), where Q, K, and V correspond to the query, key, and value matrices,
respectively; di represents the dimensionality of the key vectors; and the SoftMax function
calculates the weights of the attention vectors. These weights are subsequently multiplied
by the value vectors to produce the attention output (Zhou et al., 2022).

T
A(QK,V) = SoftMax<Q\;d_Ik< ) V. (4)

In the context of thyroid diagnosis, ViT's can effectively distinguish between benign and
malignant thyroid nodules by processing ultrasound images through multiple layers of
self-attention blocks. These blocks capture both low-level image features and high-level
contextual information, enabling the model to learn hierarchical representations of the
data. Each self-attention block comprises multiple attention heads that support the model
to simultaneously attend to different regions of the image (Khan et al., 2022).

The feature representation obtained from the self-attention blocks is further refined
through feed-forward neural network layers, facilitating classification. Mathematically, the
feed-forward transformation is represented in Eq. (5), where x represents the input feature
representation; Wy, b;, W5, and b, denote the weights and biases of the feed-forward
neural network layers, and ReLU denotes the rectified linear unit activation function
(Jamil, Jalil Piran ¢ Kwon, 2023).

FFN(x) = ReLU(x X Wy + by) X W, + b;. (5)

Through extensive training on large-scale datasets, ViTs can learn discriminative
features indicative of pathological characteristics associated with thyroid malignancy, such
as irregular borders, microcalcifications, and increased vascularity.

eXplainable Al using SHAP: enhancing medical understanding of
thyroid conditions

Explainable artificial intelligence (XAI) employing SHAP provides invaluable insights into
the decision-making processes of the ML models, especially in healthcare (Arrieta et al,
2020). SHAP values offer a comprehensive view of how individual features contribute to
model predictions, enhancing interpretability and trust (Garcia & Aznarte, 2020; Aljadani
et al., 2023).
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Mathematically, SHAP values are represented as in Eq. (6), where ¢;(f) represents the
SHAP value of feature i for prediction f, F denotes the set of all features, S represents a
subset of features excluding feature i, and f(S) and f(SU {i}) denote the model’s output
for subsets S and S with feature i included, respectively (Speith, 2022).

| — —1)!
b= 3 SHE ‘F",S' DU s U (i) - f(s). ©
SCF\{i} '

From a medical perspective, SHAP analysis reveals the significance of various factors in
diagnosing and managing thyroid conditions. For example, in assessing thyroid disorders
such as hypothyroidism or hyperthyroidism, SHAP highlights the contributions of crucial
biomarkers such as TSH and thyroxine levels and patient demographics. By quantifying
the impact of each feature on model predictions, SHAP enables clinicians to prioritize
relevant clinical markers and tailor treatment strategies accordingly (Tjoa ¢ Guan, 2020).

Moreover, SHAP-based explanations facilitate patient-centered care by empowering
individuals to understand the rationale behind diagnostic decisions. Patients can learn how
their medical history, laboratory results, and demographic characteristics influence the
likelihood of having thyroid disease. This transparency fosters trust between patients and
healthcare providers, ultimately leading to more collaborative decision-making processes
and improved health outcomes.

Evaluation method

To assess the performance of ML models in classifying thyroid diseases, a range of
evaluation metrics are utilized, such as accuracy (ACC), balanced accuracy (BAC),
precision (PRC), recall (REC), specificity (SPC), F1-score, and intersection over union
(IoU). Each metric offers distinct insights into different facets of the model’s classification
performance (AbdulAzeem et al., 2025a). Accuracy reflects the overall correctness of the
model’s predictions, while BAC addresses class imbalance by averaging the accuracy of
both classes. Precision evaluates the ratio of true positive predictions among all

positive predictions, and recall (or sensitivity) measures the ratio of true positives
identified out of all actual positive cases (Balaha et al., 2025). Specificity assesses the
model’s ability to classify negative cases correctly, and the F1-score provides a harmonic
balance between precision and recall. Lastly, IoU measures the overlap between predicted
and ground truth labels, making it particularly valuable for tasks like semantic
segmentation (Adhikari et al., 2021).

To ensure the robustness of the performance evaluation, cross-validation is employed
with both 5-fold and 10-fold schemes. Each cross-validation iteration divides the dataset
into multiple subsets, with a portion reserved for training and the rest reserved for
validation. This process is repeated numerous times, with different subsets used for
training and validation in each iteration. The model’s generalization ability can be reliably
assessed by averaging the performance metrics across multiple cross-validation folds
(Balaha et al., 2024a).

To account for variability in performance due to randomness in the data and model
initialization, 100 trials are conducted for each cross-validation scheme. This extensive
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experimentation enables the estimation of 95% confidence intervals (CIs) for each
performance metric, providing a measure of the uncertainty associated with the reported
results. Through this rigorous evaluation process, the reliability and generalization ability
of ML models for thyroid disease classification can be accurately assessed, facilitating
informed clinical decision-making and improving patient care (Kim, Hong ¢» Yoon, 2020).

Training details of vision transformers

The ViTs were trained using the following setup:

— Pretraining details: The ViT models were pretrained on large-scale datasets such as
ImageNet-21k to utilize transfer learning. This pretraining step helps the model capture
generic image features before fine-tuning on the specific task of thyroid ultrasound
image classification.

- Fine-tuning parameters: (1) Learning rate: We employed a cosine annealing learning
rate scheduler with an initial learning rate of 0.001. The learning rate was gradually
reduced over the course of training to ensure convergence. (2) Number of epochs: The
models were fine-tuned for a total of 50 epochs. (3) Early stopping with a patience of 10
epochs was implemented to prevent overfitting and to optimize training time. (4) Batch
size: A batch size of 32 was used during fine-tuning to balance computational efficiency
and model performance.

- Regularization techniques: (1) Weight decay: L2 regularization (weight decay) was
applied with a coefficient of 0.0001 to penalize large weights and improve generalization.
(2) Dropout: Dropout layers with a dropout rate of 0.1 were incorporated within the
transformer blocks to further mitigate overfitting. (3) Data augmentation: Although data
augmentation led to decreased performance in our experiments (as discussed in the
Experiments section), standard augmentations such as random horizontal flipping and
minor rotations were initially considered but later excluded from the final model
training due to their negative impact on accuracy.

- Optimizer: Adam optimizer was utilized for its adaptive learning rate properties, which
are beneficial for training deep neural networks like ViTs.

— Loss function: Cross-entropy loss was used as the objective function to optimize the
classification performance of the ViT models.

- Hardware and software: The models were trained on an NVIDIA GPU with 6 GB of
memory, utilizing Python and relevant deep learning libraries such as PyTorch for
implementation.

EXPERIMENTS AND DISCUSSION

Computing infrastructure

The experiments for this study were designed to rigorously evaluate the performance of the
proposed CAD framework for thyroid disease diagnosis. The software configuration was
centered on Python, utilizing Windows 11 as the operating system and Anaconda as the
distribution platform. The hardware specifications included an NVIDIA GPU with 6 GB of
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Table 1 Performance metrics (average with 95% confidence interval) from feature selection via 10-fold cross-validation after 100 trials on the
thyroid disease patient dataset.

Approach ACC BAC PRC REC SPC F1 IoU

SVM 98.46% =+ 0.0 91.29% =+ 0.0 96.79% =+ 0.0 82.82% =+ 0.0 99.77% =+ 0.0 89.26% =+ 0.0 80.6% + 0.0
RF 99.66% =+ 0.0 99.46% 4+ 0.0001 96.51% + 0.0005 99.23% =+ 0.0002  99.7% =+ 0.0 97.85% + 0.0003 95.79% =+ 0.0005
AdaBoost 99.6% =+ 0.0 98.68% =+ 0.0 97.26% + 0.0 97.59% =+ 0.0 99.77% =+ 0.0 97.43% + 0.0 94.98% =+ 0.0
LGBM 99.6% + 0.0 99.0% =+ 0.0 96.62% + 0.0 98.28% =+ 0.0 99.71% =+ 0.0 97.44% + 0.0 95.02% =+ 0.0
XGB 99.52% =+ 0.0 98.17% + 0.0 97.23% + 0.0 96.56% =+ 0.0 99.77% + 0.0 96.9% =+ 0.0 93.98% =+ 0.0
HGB 99.55% =+ 0.0 98.97% + 0.0 95.97% + 0.0 98.28% =+ 0.0 99.66% =+ 0.0 97.11% + 0.0 94.39% =+ 0.0
MLP 99.28% =4 0.0001 97.56% =+ 0.0006 95.17% =+ 0.0009 95.52% =+ 0.0012 99.59% =+ 0.0001 95.34% =+ 0.0008  91.1% =+ 0.0014
KNN 98.12% =+ 0.0 90.0% =+ 0.0 94.35% + 0.0 80.41% =+ 0.0 99.6% =+ 0.0 86.83% =+ 0.0 76.72% =+ 0.0
DT 99.67% =+ 0.0001 99.1% =+ 0.0002 97.32% =4 0.0006 98.42% =+ 0.0004 99.77% =+ 0.0001 97.87% =+ 0.0003 95.82% = 0.0006
ET 94.01% =4 0.0003 61.48% =+ 0.0018 97.17% =+ 0.002  23.02% =+ 0.0035 99.94% + 0.0 37.18% =+ 0.0047 22.86% =+ 0.0035
LR 97.32% + 0.0 87.84% £ 0.0 87.11% + 0.0 76.63% =+ 0.0 99.05% =+ 0.0 81.54% + 0.0 68.83% =+ 0.0
Best 99.71% =+ 0.0 99.52% 4+ 0.0001 97.05% =+ 0.0005 99.29% =+ 0.0002 99.75% =+ 0.0 98.16% + 0.0003 96.38% =+ 0.0005

memory, 128 GB of RAM, and an Intel Core i7 processor, ensuring sufficient

computational power for training and evaluating DL models.

Experiments on the numerical thyroid disease patient dataset

Table 1 presents the performance metrics obtained from feature selection via a 10-fold

cross-validation setup. The metrics are represented as the mean values with 95%

confidence intervals (CIs) derived from 100 trials on the thyroid disease patient dataset.

The “Best” row highlights the performance metrics from the top-performing models

employing majority voting.

Among the evaluated algorithms, AdaBoost, decision tree (DT), histogram-based

gradient boosting (HGB), logistic regression (LR), and random forest (RF) emerged as the

top performers. These models were optimized with specific hyperparameters, such as the

regularization parameter C = 2.0288193 for logistic regression and the learning rate

n = 0.193226797 for AdaBoost. The decision tree was configured with entropy as the

splitting criterion, a maximum depth of 4, and the best splitter. The random forest

algorithm adopted a Gini criterion, a maximum depth of 8, and 99 estimators, whereas the

HGB algorithm employed a learning rate of # = 0.3412151542 and a maximum depth of

10. The number of features selected varied across the models, with logistic regression

utilizing nine features, AdaBoost and random forest employing 13 features each, and

decision tree and HGB using 16 features. Scaling techniques further enhanced model

performance, with logistic regression using L1 normalization, AdaBoost employing

MinMax scaling, decision tree utilizing MaxAbs scaling, and both random forest and HGB

employing robust scaling.

Table 2 presents similar results for 5-fold cross-validation. The top-performing

algorithms include DTs, multilayer perceptrons (MLPs), RFs, and support vector machines

(SVMs). These models were assessed on the basis of their classification accuracy and

robustness across different hyperparameter configurations. The optimal hyperparameters
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Table 2 Performance metrics (average with 95% confidence interval) from feature selection via 5-fold cross-validation after 100 trials on the
thyroid disease patient dataset.

Approach ACC BAC PRC REC SPC F1 IoU

SVM 98.49% =+ 0.0 94.14% + 0.0 91.2% =+ 0.0 89.0% + 0.0 99.28% =+ 0.0 90.09% =+ 0.0 81.96% =+ 0.0
RF 99.63% 4 0.0001 99.45% =+ 0.0001 96.12% =+ 0.0008 99.23% =+ 0.0002 99.66% =+ 0.0001 97.65% + 0.0004 95.41% =+ 0.0008
AdaBoost 99.6% =+ 0.0 98.68% =+ 0.0 97.26% + 0.0 97.59% =+ 0.0 99.77% =+ 0.0 97.43% + 0.0 94.98% =+ 0.0
LGBM 99.52% =+ 0.0 98.95% + 0.0 95.65% + 0.0 98.28% =+ 0.0 99.63% =+ 0.0 96.95% + 0.0 94.08% =+ 0.0
XGB 99.44% =+ 0.0 98.28% =+ 0.0 95.92% + 0.0 96.91% =+ 0.0 99.66% =+ 0.0 96.41% + 0.0 93.07% =+ 0.0
HGB 99.52% =+ 0.0 98.48% =+ 0.0 96.59% =+ 0.0 97.25% + 0.0 99.71% + 0.0 96.92% + 0.0 94.02% =+ 0.0
MLP 99.22% =4 0.0001 97.04% =+ 0.0005 95.44% =+ 0.0008 94.46% + 0.001  99.62% =+ 0.0001 94.95% =+ 0.0007 90.38% =+ 0.0012
KNN 98.57% =+ 0.0 93.08% =+ 0.0 94.38% + 0.0 86.6% + 0.0 99.57% 4+ 0.0 90.32% + 0.0 82.35% =+ 0.0
DT 99.59% =+ 0.0001 98.95% =+ 0.0002 96.63% =+ 0.001 98.18% =4 0.0005 99.71% =+ 0.0001 97.39% =+ 0.0005 94.92% =+ 0.001
ET 94.55% 4 0.0003 65.04% =+ 0.0019 97.36% =+ 0.0012 30.15% =+ 0.0037 99.93% =+ 0.0 46.01% =+ 0.0043  29.9% =+ 0.0037
LR 96.79% =+ 0.0 80.94% =+ 0.0 94.27% + 0.0 62.2% £ 0.0 99.68% =+ 0.0 74.95% + 0.0 59.93% =+ 0.0
Best 99.69% 4+ 0.0001 99.23% + 0.0002 97.28% =+ 0.0011 98.69% =+ 0.0004 99.77% =+ 0.0001 97.98% -+ 0.0006 96.04% =+ 0.0011

for each model were determined through extensive experimentation, with MLP employing
a ReLU activation function, 256 hidden layers, and an Adam solver; RF utilizing a Gini
criterion, a maximum depth of 8, and 86 estimators; DT employing a Gini criterion, a
maximum depth of 18, and the best splitter; and SVM utilizing a radial basis function
kernel with a regularization parameter C = 1.59.

Figure 2 visualizes the feature importance of the 5- and 10-fold approaches for the
thyroid disease patient dataset. The features were assessed for their importance in
predicting thyroid conditions. Among the features, “thyroxine”, “thyroidsurgery”, and
“TSH” were identified as the most important, each with an importance score of >80% for
ten folds and > 65% for five folds. Similarly, “T4” exhibited less importance between 60%
and 70% for the ten folds and between 50% and 60% for the five folds.

»  «

The results highlight the pivotal role of “thyroxine”, “thyroidsurgery”, and “TSH” from
the medical perspective of thyroid conditions. Thyroxine (T}) is a hormone crucial for
regulating metabolism, energy production, and growth. Its high importance in
predicting thyroid conditions suggests its importance in diagnosing and managing
thyroid disorders, such as hypothyroidism or hyperthyroidism. Thyroidsurgery indicates a
history of surgical intervention, possibly due to thyroid nodules, tumors, or other
thyroid-related pathologies. This feature underscores the clinical importance of past
surgical procedures in understanding and treating thyroid disorders. TSH, a
thyroid-stimulating hormone, is a key marker of thyroid function, with elevated

levels indicative of hypothyroidism and suppressed levels suggestive of
hyperthyroidism. Its prominence underscores its fundamental role in thyroid diagnosis
and monitoring.

Experiments on the DDTI: thyroid ultrasound images dataset
Table 3 lists the performance metrics derived from the DDTI (Thyroid Ultrasound
Images) dataset employing ViTs, with a particular focus on the impact of data
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Figure 2 Visual presentation of the feature importance for the 5- and 10-fold comparisons with respect to the thyroid disease patient dataset.

Full-size k&l DOI: 10.7717/peerj-cs.3063/fig-2

Table 3 Performance metrics resulting from DDTI: thyroid ultrasound image dataset using ViTs (using base-32 model).

Model Augmentation ACC (%) PRC (%) REC (%) SPC (%) F1 (%) IoU (%) BAC (%) MCC (%) Youden (%) Yule (%)
P16-224-In21K X 92.02 82.21 80.69 94.69 81.03 68.43 87.69 76.17 75.39 97.36
P16-224 X 95.00 88.24 87.90 96.47 87.93 78.53 92.18 84.77 84.36 99.09
P32-384 X 95.06 88.19 87.61 96.53 87.65 78.11 92.07 84.61 84.13 99.14
P16-224-In21K v 68.64 55.33 28.53 73.93 17.58 10.71 51.23 3.47 2.46 50.49
P16-224 v 74.49 43.21 38.62 81.44 37.44 23.24 60.03 22.48 20.06 54.87
P32-384 v 75.71 44.35 40.63 82.45 3934 2477 61.54 25.11 23.08 60.15

augmentation. The models are categorized on the basis of whether augmentation was
employed or not, and various evaluation metrics, including accuracy, precision, recall,
specificity, and Yule’s Q coefficient, are presented.

In analyzing the outcomes, it becomes evident that models trained without data
augmentation consistently outperform their augmented counterparts, particularly in the
context of ultrasound imagery. Notably, the models denoted as P16-224 and P32-384
exhibit superior performance, boasting accuracy scores of 95.00% and 95.06%,
respectively, alongside commendable precision, recall, specificity, and F1-scores. These
results underscore the efficacy of these models in accurately classifying thyroid ultrasound
images without the need for data augmentation.
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However, upon introducing augmentation (v'), a significant decline in performance is
observed across all the metrics. For example, the accuracy decreases to 68.64%, 74.49%,
and 75.71% for the augmented models P16-224-In21K, P16-224, and P32-384,
respectively. This decline raises pertinent concerns regarding the applicability and efficacy
of data augmentation in the domain of ultrasound imaging.

One of the primary concerns revolves around the intricate nature of ultrasound data.
Ultrasound images inherently possess unique characteristics, such as varying tissue
densities, acoustic impedance, and imaging artifacts, which can hinder traditional
augmentation techniques. Moreover, the clinical relevance and diagnostic accuracy of
ultrasound images necessitate preserving the integrity and fidelity of the data, making it
imperative to tread cautiously when applying augmentation.

Furthermore, the efficacy of augmentation techniques in enhancing model
generalizability and robustness may be contingent upon the appropriateness of the
augmentation strategies employed. Given the nuanced nature of ultrasound imaging,
conventional augmentation techniques may inadvertently introduce distortions or artifacts
that compromise the interpretability and diagnostic utility of the images. Consequently, a
delicate balance exists between augmenting the data to improve model performance and
preserving the inherent characteristics of ultrasound images.

Figure 3 illustrates the interpretability achieved through SHAP on DDTI: the Thyroid
Ultrasound Images dataset. The visualization shows two randomly selected samples from
the dataset, each accompanied by the top three predictions generated by the model.
Additionally, the figure provides insights into the interpretability of these predictions,
offering a transparent view of the features contributing most significantly to each
prediction. This comprehensive approach enhances the understanding of the model’s
decision-making process and facilitates the identification of crucial diagnostic factors in
thyroid ultrasound images.

The current study outperforms the related studies by Liu et al. (2023) and Bal-Ghaoui
et al. (2023) regarding diagnostic accuracy for thyroid disorders via ultrasound imaging.
Liu et al. (2023) achieved an AUC of 0.95 in receiver operating characteristic (ROC)
analysis with their dynamic integration model. Bal-Ghaoui et al. (2023) attained high
accuracy rates of 94.84% and 85.35% for breast and thyroid datasets, respectively, with
their customized CNN architecture; the current study achieved even higher accuracy rates.
Specifically, models trained without data augmentation consistently demonstrated
superior performance across various evaluation metrics, with accuracy scores reaching
95.06%. These results highlight the effectiveness of the suggested approach in accurately
classifying thyroid ultrasound images, surpassing the performance of existing
methodologies in the field.

Clinical relevance

The experiments conducted in this study hold significant clinical relevance, particularly in
the context of improving diagnostic accuracy and interpretability for thyroid disorders.
Thyroid diseases, including hypothyroidism, hyperthyroidism, thyroid nodules, and
thyroid cancer, pose substantial challenges to healthcare systems worldwide due to their
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Figure 3 Visual presentation of explainability using SHAP on DDTI: Thyroid Ultrasound Image
dataset. Full-size E&] DOTI: 10.7717/peerj-cs.3063/fig-3

high prevalence and potential impact on patient health. Early and precise diagnosis is
critical for effective treatment and the prevention of long-term complications. The
integration of numerical patient data and ultrasound images into a unified CAD
framework represents a major advancement in addressing these challenges. By utilizing
advanced technologies such as ViTs and SHAP, the proposed framework not only
enhances diagnostic accuracy but also provides transparency in the decision-making
process, fostering trust among clinicians and patients.

From a clinical perspective, the use of ViT's for analyzing thyroid ultrasound images is
particularly noteworthy. Ultrasound imaging is a non-invasive and widely used modality
for evaluating thyroid conditions, but its interpretation can be subjective and prone to
variability among radiologists. The ability of ViTs to capture global dependencies within
images and extract hierarchical features enables the model to identify subtle abnormalities
that may be missed by human observers. For instance, the detection of irregular borders,
microcalcifications, and increased vascularity (key indicators of malignancy) is
significantly improved through the use of ViTs. This capability aligns with the clinical need
for tools that can assist radiologists in making more accurate and consistent diagnoses,
thereby reducing the risk of false positives and false negatives.

The incorporation of SHAP into the framework further enhances its clinical utility by
providing interpretable insights into the model’s predictions. Clinicians can now
understand the contribution of individual features, such as thyroxine levels, TSH, and
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patient demographics, to the final diagnostic outcome. This level of transparency is
invaluable in clinical settings, where decisions must be justified and aligned with
established medical knowledge. For example, SHAP analysis revealed that “thyroxine”,
“thyroidsurgery”, and “TSH” were among the most important predictors of thyroid
conditions. These findings are consistent with clinical observations, as thyroxine and TSH
are well-established biomarkers for thyroid function, while a history of thyroid surgery
often indicates prior pathology. By quantifying the impact of these features, SHAP
empowers clinicians to prioritize relevant clinical markers and tailor treatment strategies
accordingly.

Another critical aspect of the experiments is the optimization of feature selection using
the SSA. In clinical practice, datasets often contain a large number of features, many of
which may be irrelevant or redundant. The SSA efficiently identifies the most informative
features, reducing dimensionality and improving model interpretability without sacrificing
performance. This approach ensures that the CAD framework focuses on clinically
meaningful attributes, such as laboratory results and patient history, which are directly
actionable in diagnosis and treatment planning. Additionally, the use of the TPE for
hyperparameter tuning enhances the robustness of the models, ensuring that they perform
optimally across diverse clinical scenarios.

Finally, the evaluation metrics used in the experiments (such as accuracy, precision,
recall, specificity, and F1-score) are highly relevant to clinical decision-making. These
metrics provide a comprehensive assessment of the model’s performance, addressing both
the correctness of predictions and the balance between sensitivity and specificity. The high
accuracy scores achieved by the models, particularly those trained without data
augmentation (e.g., 95.06% for the DDTI dataset), underscore their potential to serve as
reliable diagnostic aids in real-world clinical settings. Moreover, the rigorous
cross-validation and confidence interval estimation ensure that the results are
generalizable and robust, further enhancing their applicability in clinical practice. By
bridging the gap between advanced Al techniques and clinical needs, this study paves the
way for improved diagnostic outcomes and personalized treatment strategies in thyroid
disease management.

LIMITATIONS

While this study presents a comprehensive CAD framework for thyroid disease diagnosis,
it has few limitations that should be acknowledged. First, the framework’s performance
was evaluated using only two datasets: the Thyroid Disease Patient dataset and the DDTTI:
Thyroid Ultrasound Images dataset. This limited scope may restrict the generalizability of
the findings to broader populations and diverse clinical settings. Future work should
incorporate additional datasets from varied demographic groups and healthcare systems to
ensure robustness across different contexts.

Second, although the integration of numerical data and ultrasound images represents a
significant advancement, the study did not incorporate other potentially valuable data
modalities, such as genetic markers, clinical notes, or histopathological reports. These
additional data sources could provide deeper insights into thyroid conditions and further
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enhance diagnostic accuracy. For instance, genetic markers like BRAF mutations or RET/
PTC rearrangements are known to play a critical role in thyroid cancer, and their inclusion
could improve the framework’s ability to identify malignancies.

Third, the study focused primarily on static data, neglecting temporal dynamics that
could be crucial for understanding disease progression. Longitudinal data, such as repeated
measurements of thyroid function tests over time, could offer valuable information about
changes in patient status and help refine predictive models. Additionally, the lack of
real-world clinical validation in this study highlights the need for prospective trials to
assess the framework’s effectiveness in practical healthcare environments.

Finally, while SHAP-based explainability enhances transparency, the interpretability of
Al models remains an ongoing challenge. The current framework relies heavily on domain
expertise to validate SHAP outputs, which may not always be feasible in clinical practice.
Further advancements in XAI techniques, such as integrating causal inference or
counterfactual analysis, could address these limitations and provide even more actionable
insights for clinicians.

Addressing these limitations in future research will be essential to enhance the
scalability, adaptability, and clinical applicability of the proposed CAD framework.

CONCLUSIONS AND FUTURE DIRECTIONS

This study presented a comprehensive CAD framework for thyroid disease, integrating
numerical patient data and ultrasound images to enhance diagnostic accuracy and
interpretability. By utilizing advanced technologies such as ViTs and SHAP, the
framework demonstrated significant improvements in thyroid disease diagnosis. The SSA
was employed for optimized feature selection, while the TPE was utilized for
hyperparameter tuning, resulting in superior performance compared to existing
methodologies. The experimental results underscored the efficacy of the proposed
framework, particularly in accurately classifying thyroid conditions. Notably, models
trained without data augmentation consistently outperformed their augmented
counterparts, achieving accuracy scores of up to 95.06% on ultrasound images and 99.71%
on numerical data. These results highlight the robustness and reliability of the framework
in handling diverse data modalities, making it a powerful tool for clinical decision support
and treatment planning. The integration of XAI techniques, such as SHAP, provided
transparent and interpretable diagnostic results, fostering trust and collaboration among
healthcare practitioners and patients. By identifying key diagnostic features (e.g.,
thyroxine, TSH, and thyroidsurgery), the framework not only improved diagnostic
accuracy but also enhanced the understanding of thyroid disease pathology. This
transparency is crucial for facilitating patient—centered care and improving health
outcomes.

FUTURE DIRECTIONS

Future research could explore advanced image analysis techniques like 3D CNNs and
GAN:Ss to detect subtle thyroid abnormalities, integrate additional data modalities
(e.g., genetic markers, clinical notes) for personalized diagnosis, and extend the framework
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to cross-disease analysis. Clinical validation across diverse populations, federated learning
for data privacy, and enhanced SHAP-based explainability are essential for real-world
adoption. Longitudinal studies will assess long-term diagnostic accuracy and clinical
impact, ensuring the framework’s scalability and effectiveness in healthcare.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions

e Saleh Ateeq Almutairi conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures and/
or tables, authored or reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The Thyroid Disease Patient Dataset is available at Kaggle: https://www.kaggle.com/
datasets/kapoorprakhar/thyroid-disease-patient-dataset.

The DDTTI: Thyroid Ultrasound Images Dataset is available at Kaggle: https://www.
kaggle.com/datasets/dasmehdixtr/ddti-thyroid-ultrasound-images.

The code is available at GitHub and Zenodo:

- https://github.com/saleh Ateq/Integrating- AI-driven-CAD-Framework-with-
Numerical-Data-and-Ultrasound-Images/tree/main

- salehAteq. (2025). salehAteq/Integrating- Al-driven-CAD-Framework-with-
Numerical-Data-and-Ultrasound-Images: Paper Release (Manuscript). Zenodo. https://
doi.org/10.5281/zenodo.15712614.

REFERENCES

Abd El-Khalek AA, Balaha HM, Alghamdi NS, Ghazal M, Khalil AT, Abo-Elsoud MEA, El-Baz
A. 2024. A concentrated machine learning-based classification system for age-related macular
degeneration (AMD) diagnosis using fundus images. Scientific Reports 14(1):2434
DOI 10.1038/s41598-024-52131-2.

AbdulAzeem Y, Balaha HM, Bamaqa A, Badawy M, Elhosseini MA. 2025a. ESARSA-MRFO-FS:
optimizing manta-ray foraging optimizer using expected-sarsa reinforcement learning for
features selection. Knowledge-Based Systems 321(5):113695 DOI 10.1016/j.knosys.2025.113695.

AbdulAzeem Y, Balaha HM, ZainEldin H, Abuain WA, Badawy M, Elhosseini MA. 2025b.
Challenging the status quo: why artificial intelligence models must go beyond accuracy in
cervical cancer diagnosis. Biomedical Signal Processing and Control 105(9376):107620
DOI 10.1016/j.bspc.2025.107620.

Ateeq Almutairi (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.3063 19/22


https://www.kaggle.com/datasets/kapoorprakhar/thyroid-disease-patient-dataset
https://www.kaggle.com/datasets/kapoorprakhar/thyroid-disease-patient-dataset
https://www.kaggle.com/datasets/dasmehdixtr/ddti-thyroid-ultrasound-images
https://www.kaggle.com/datasets/dasmehdixtr/ddti-thyroid-ultrasound-images
https://github.com/salehAteq/Integrating-AI-driven-CAD-Framework-with-Numerical-Data-and-Ultrasound-Images/tree/main
https://github.com/salehAteq/Integrating-AI-driven-CAD-Framework-with-Numerical-Data-and-Ultrasound-Images/tree/main
https://doi.org/10.5281/zenodo.15712614
https://doi.org/10.5281/zenodo.15712614
http://dx.doi.org/10.1038/s41598-024-52131-2
http://dx.doi.org/10.1016/j.knosys.2025.113695
http://dx.doi.org/10.1016/j.bspc.2025.107620
http://dx.doi.org/10.7717/peerj-cs.3063
https://peerj.com/computer-science/

PeerJ Computer Science

Adhikari S, Normand S-L, Bloom J, Shahian D, Rose S. 2021. Revisiting performance metrics for
prediction with rare outcomes. Statistical Methods in Medical Research 30(10):2352-2366
DOI 10.1177/09622802211038754.

Ahmadi N, Ahmadi F, Sadiqi M, Ziemnicka K, Minczykowski A. 2020. Thyroid gland
dysfunction and its effect on the cardiovascular system: a comprehensive review of the literature.
Endokrynologia Polska 71(5):466-478 DOI 10.5603/ep.a2020.0052.

Ahsan MM, Mahmud MP, Saha PK, Gupta KD, Siddique Z. 2021. Effect of data scaling methods
on machine learning algorithms and model performance. Technologies 9(3):52
DOI 10.3390/technologies9030052.

Aljadani A, Alharthi B, Farsi MA, Balaha HM, Badawy M, Elhosseini MA. 2023. Mathematical
modeling and analysis of credit scoring using the lime explainer: a comprehensive approach.
Mathematics 11(19):4055 DOI 10.3390/math11194055.

Antonelli A, Ferrari SM, Corrado A, Di Domenicantonio A, Fallahi P. 2015. Autoimmune
thyroid disorders. Autoimmunity Reviews 14(2):174-180 DOI 10.1016/j.autrev.2014.10.016.
Arrieta AB, Diaz-Rodriguez N, Del Ser J, Bennetot A, Tabik S, Barbado A, Garcia S, Gil-Lopez
S, Molina D, Benjamins R, Chatila R, Herrera F. 2020. Explainable artificial intelligence (XAI):
concepts, taxonomies, opportunities and challenges toward responsible Al Information Fusion

58(3):82-115 DOI 10.1016/j.inffus.2019.12.012.

Bal-Ghaoui M, Alaoui MHEY, Jilbab A, Bourouhou A. 2023. Approaching cross-disease features
for improved classification of thyroid and breast cancer in ultrasound images. In: 2023 3rd
International Conference on Innovative Research in Applied Science, Engineering and Technology
(IRASET). Piscataway: IEEE, 1-5.

Balaha HM, Bahgat WM, Aljohani M, Bamaqa A, Atlam E-S, Badawy M, Elhosseini MA. 2025.
AOA-guided hyperparameter refinement for precise medical image segmentation. Alexandria
Engineering Journal 120(3):547-560 DOI 10.1016/j.a¢j.2025.02.037.

Balaha HM, Hassan AE-S, Balaha MH. 2025. H2LFR: a hybrid two-layered feature ranking
approach for enhanced data analysis. Knowledge and Information Systems 7(3):1-53
DOI 10.1007/s10115-025-02463-w.

Balaha HM, Hassan AE-S, El-Gendy EM, ZainEldin H, Saafan MM. 2024a. An aseptic approach
towards skin lesion localization and grading using deep learning and Harris Hawks
optimization. Multimedia Tools and Applications 83(7):19787-19815
DOI 10.1007/s11042-023-16201-3.

Balaha HM, Shaban AO, El-Gendy EM, Saafan MM. 2024b. Prostate cancer grading framework
based on deep transfer learning and aquila optimizer. Neural Computing and Applications
36(14):7877-7902 DOI 10.1007/s00521-024-09499-7.

Bini F, Pica A, Azzimonti L, Giusti A, Ruinelli L, Marinozzi F, Trimboli P. 2021. Artificial
intelligence in thyroid field—a comprehensive review. Cancers 13(19):4740
DOI 10.3390/cancers13194740.

Castello R, Caputo M. 2019. Thyroid diseases and gender. Journal of Sex-and Gender-Specific
Medicine 5(3):136-141 DOI 10.1723/3245.32148.

De Leo S, Lee SY, Braverman LE. 2016. Hyperthyroidism. Lancet (London, England)
388(10047):906 DOI 10.1016/50140-6736(16)00278-6.

Deng Y, Li H, Wang M, Li N, Tian T, Wu Y, Xu P, Yang S, Zhai Z, Zhou L, Hao Q, Song D, Jin
T, Lyu ], Dai Z. 2020. Global burden of thyroid cancer from 1990 to 2017. JAMA Network Open
3(6):2208759 DOI 10.1001/jamanetworkopen.2020.8759.

Farling P. 2000. Thyroid disease. British Journal of Anaesthesia 85(1):15-28
DOI 10.1093/bja/85.1.15.

Ateeq Almutairi (2025), PeerdJ Comput. Sci., DOI 10.7717/peerj-cs.3063 20/22


http://dx.doi.org/10.1177/09622802211038754
http://dx.doi.org/10.5603/ep.a2020.0052
http://dx.doi.org/10.3390/technologies9030052
http://dx.doi.org/10.3390/math11194055
http://dx.doi.org/10.1016/j.autrev.2014.10.016
http://dx.doi.org/10.1016/j.inffus.2019.12.012
http://dx.doi.org/10.1016/j.aej.2025.02.037
http://dx.doi.org/10.1007/s10115-025-02463-w
http://dx.doi.org/10.1007/s11042-023-16201-3
http://dx.doi.org/10.1007/s00521-024-09499-z
http://dx.doi.org/10.3390/cancers13194740
http://dx.doi.org/10.1723/3245.32148
http://dx.doi.org/10.1016/S0140-6736(16)00278-6
http://dx.doi.org/10.1001/jamanetworkopen.2020.8759
http://dx.doi.org/10.1093/bja/85.1.15
http://dx.doi.org/10.7717/peerj-cs.3063
https://peerj.com/computer-science/

PeerJ Computer Science

Frunzac RW, Richards M. 2016. Computed tomography and magnetic resonance imaging of the
thyroid and parathyroid glands. Imaging in Endocrine Disorders 45:16-23
DOI 10.1159/000442274.

Gad AG, Sallam KM, Chakrabortty RK, Ryan MJ, Abohany AA. 2022. An improved binary
sparrow search algorithm for feature selection in data classification. Neural Computing and
Applications 34(18):15705-15752 DOI 10.1007/s00521-022-07203-7.

Garcia MV, Aznarte JL. 2020. Shapley additive explanations for NO, forecasting. Ecological
Informatics 56(2):101039 DOI 10.1016/j.ecoinf.2019.101039.

Gessl A, Lemmens-Gruber R, Kautzky-Willer A. 2012. Thyroid disorders. In: Vera R-Z, ed. Sex
and Gender Differences in Pharmacology. Berlin: Springer-Verlag Berlin-Heidelberg, 361-386.

Gharehchopogh FS, Namazi M, Ebrahimi L, Abdollahzadeh B. 2023. Advances in sparrow
search algorithm: a comprehensive survey. Archives of Computational Methods in Engineering
30(1):427-455 DOI 10.1007/s11831-022-09804-w.

Jamil S, Jalil Piran M, Kwon O-J. 2023. A comprehensive survey of transformers for computer
vision. Drones 7(5):287 DOI 10.3390/drones7050287.

Khan S, Naseer M, Hayat M, Zamir SW, Khan FS, Shah M. 2022. Transformers in vision: a
survey. ACM Computing Surveys (CSUR) 54(10s):1-41 DOI 10.1145/3505244.

Kim H, Hong H, Yoon SH. 2020. Diagnostic performance of CT and reverse transcriptase
polymerase chain reaction for coronavirus disease 2019: a meta-analysis. Radiology
296(3):E145-E155 DOI 10.1148/radiol.2020201343.

Kratzsch J, Pulzer F. 2008. Thyroid gland development and defects. Best Practice ¢ Research
Clinical Endocrinology & Metabolism 22(1):57-75 DOI 10.1016/j.beem.2007.08.006.

Liu X, Ren X, Wu L, Fu Z, Liu X, Zhou Y, Fang Y, Yu L. 2023. Prediction of benign and
malignant thyroid nodules based on multicenter ultrasound images.

DOI 10.21203/rs.3.rs-3456675/v1.

Ludwig M, Ludwig B, Mikula A, Biernat S, Rudnicki J, Kaliszewski K. 2023. The use of artificial
intelligence in the diagnosis and classification of thyroid nodules: an update. Cancers 15(3):708
DOI 10.3390/cancers15030708.

Margret J, Lakshmipathi B, Kumar SA. 2012. Diagnosis of thyroid disorders using decision tree
splitting rules. International Journal of Computer Applications 44(8):43-46
DOI 10.5120/6287-8474.

Nachiappan AC, Metwalli ZA, Hailey BS, Patel RA, Ostrowski ML, Wynne DM. 2014. The
thyroid: review of imaging features and biopsy techniques with radiologic-pathologic
correlation. Radiographics 34(2):276-293 DOI 10.1148/rg.342135067.

Nagendra L, Pappachan JM, Fernandez CJ. 2023. Artificial intelligence in the diagnosis of thyroid
cancer: recent advances and future directions. Artificial Intelligence in Cancer 4(1):1-10
DOI 10.35713/aic.v4.i1.1.

Nguyen DT, Kang JK, Pham TD, Batchuluun G, Park KR. 2020. Ultrasound image-based
diagnosis of malignant thyroid nodule using artificial intelligence. Sensors 20(7):1822
DOI 10.3390/520071822.

Papaleontiou M, Haymart MR. 2012. Approach to and treatment of thyroid disorders in the
elderly. Medical Clinics 96(2):297-310 DOI 10.1016/j.mcna.2012.01.013.

Park N, Kim S. 2022. How do vision transformers work? ArXiv DOI 10.48550/arXiv.2202.06709.

Peng S, Liu Y, Lv W, Liu L, Zhou Q, Yang H, Ren J, Liu G, Wang X, Zhang X, Du Q, Nie F,
Huang G, Guo Y, Li J, Liang J, Hu H, Xiao H, Liu Z, Lai F, Zheng Q, Wang H, Li Y,
Alexander EK, Wang W, Xiao H. 2021. Deep learning-based artificial intelligence model to

Ateeq Almutairi (2025), PeerdJ Comput. Sci., DOI 10.7717/peerj-cs.3063 21/22


http://dx.doi.org/10.1159/000442274
http://dx.doi.org/10.1007/s00521-022-07203-7
http://dx.doi.org/10.1016/j.ecoinf.2019.101039
http://dx.doi.org/10.1007/s11831-022-09804-w
http://dx.doi.org/10.3390/drones7050287
http://dx.doi.org/10.1145/3505244
http://dx.doi.org/10.1148/radiol.2020201343
http://dx.doi.org/10.1016/j.beem.2007.08.006
http://dx.doi.org/10.21203/rs.3.rs-3456675/v1
http://dx.doi.org/10.3390/cancers15030708
http://dx.doi.org/10.5120/6287-8474
http://dx.doi.org/10.1148/rg.342135067
http://dx.doi.org/10.35713/aic.v4.i1.1
http://dx.doi.org/10.3390/s20071822
http://dx.doi.org/10.1016/j.mcna.2012.01.013
http://dx.doi.org/10.48550/arXiv.2202.06709
http://dx.doi.org/10.7717/peerj-cs.3063
https://peerj.com/computer-science/

PeerJ Computer Science

assist thyroid nodule diagnosis and management: a multicentre diagnostic study. The Lancet
Digital Health 3(4):¢250-e259 DOI 10.1016/s2589-7500(21)00041-8.

Pund S, Chandak R, Rajurkar V, Kharat N, Khalil SSS, Shaikh S, Parve K, Kadam M,
Choudante S, Pulate C, Wakale V, Tare H. 2022. A review on nanomedicines in treatment of
thyroid and their applications in management of thyroid disorders. International Journal of
Health Sciences 6(S5):11141-11154 DOI 10.53730/ijhs.v6ns5.10936.

Raghu M, Unterthiner T, Kornblith S, Zhang C, Dosovitskiy A. 2021. Do vision transformers see
like convolutional neural networks? Advances in Neural Information Processing Systems
34:12116-12128 ArXiv DOI 10.48550/arXiv.2108.08810.

Rivkees SA, Mazzaferri EL, Verburg FA, Reiners C, Luster M, Breuer CK, Dinauer CA,
Udelsman R. 2011. The treatment of differentiated thyroid cancer in children: emphasis on
surgical approach and radioactive iodine therapy. Endocrine Reviews 32(6):798-826
DOI 10.1210/er.2011-0011.

Shukla A, Tiwari R, Kaur P, Janghel R. 2009. Diagnosis of thyroid disorders using artificial neural
networks. In: 2009 IEEE International Advance Computing Conference. Piscataway: IEEE,
1016-1020.

Song C, Ristenpart T, Shmatikov V. 2017. Machine learning models that remember too much.
In: Proceedings of the 2017 ACM SIGSAC Conference on Computer and Communications
Security, 587-601.

Sorrenti S, Dolcetti V, Radzina M, Bellini MI, Frezza F, Munir K, Grani G, Durante C,
D’Andrea V, David E, Calo P, Lori E, Cantisani V. 2022. Artificial intelligence for thyroid
nodule characterization: where are we standing? Cancers 14(14):3357
DOI 10.3390/cancers14143357.

Speith T. 2022. A review of taxonomies of explainable artificial intelligence (XAI) methods.

In: Proceedings of the 2022 ACM Conference on Fairness, Accountability, and Transparency,
2239-2250.

Strauss D, Qureshi Y, Hayes A, Thway K, Fisher C, Thomas J. 2010. The role of core needle
biopsy in the diagnosis of suspected soft tissue tumours. Journal of Surgical Oncology
102(5):523-529 DOI 10.1002/js0.21600.

Tjoa E, Guan C. 2020. A survey on explainable artificial intelligence (XAI): toward medical XAIL
IEEE Transactions on Neural Networks and Learning Systems 32(11):4793-4813
DOI 10.1109/tnnls.2020.3027314.

Vanderpump MP. 2011. The epidemiology of thyroid disease. British Medical Bulletin 99(1):39-51
DOI 10.1093/bmb/1dr030.

Watanabe S. 2023. Tree-structured Parzen estimator: understanding its algorithm components
and their roles for better empirical performance. ArXiv DOI 10.48550/arXiv.2304.11127.

Wellby ML. 1976. The laboratory diagnosis of thyroid disorders. Advances in Clinical Chemistry
18:103-172 DOI 10.1016/S0065-2423(08)60297-8.

Xue J, Shen B. 2020. A novel swarm intelligence optimization approach: sparrow search algorithm.
Systems Science & Control Engineering 8(1):22-34 DOI 10.1080/21642583.2019.1708830.

Zhou D, Yu Z, Xie E, Xiao C, Anandkumar A, Feng J, Alvarez JM. 2022. Understanding the
robustness in vision transformers. In: International Conference on Machine Learning. New York:
PMLR, 27378-27394.

Ateeq Almutairi (2025), PeerdJ Comput. Sci., DOI 10.7717/peerj-cs.3063 22/22


http://dx.doi.org/10.1016/s2589-7500(21)00041-8
http://dx.doi.org/10.53730/ijhs.v6ns5.10936
http://dx.doi.org/10.48550/arXiv.2108.08810
http://dx.doi.org/10.1210/er.2011-0011
http://dx.doi.org/10.3390/cancers14143357
http://dx.doi.org/10.1002/jso.21600
http://dx.doi.org/10.1109/tnnls.2020.3027314
http://dx.doi.org/10.1093/bmb/ldr030
http://dx.doi.org/10.48550/arXiv.2304.11127
http://dx.doi.org/10.1016/S0065-2423(08)60297-8
http://dx.doi.org/10.1080/21642583.2019.1708830
http://dx.doi.org/10.7717/peerj-cs.3063
https://peerj.com/computer-science/

	Advancing thyroid diagnosis: integrating AI-driven CAD framework with numerical data and ultrasound images
	Introduction
	Related studies
	Methodology
	Materials
	Experiments and discussion
	Limitations
	Conclusions and future directions
	Future directions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


