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Abstract. The predominant type of cancer within the endocrine system
is Thyroid Cancer (TC), with the majority falling under the category of
low-risk tumour. However, the over-diagnosis and over-treatment of such
conditions serve as primary factors contributing to a patient’s deteriorat-
ing state, heightening the risk of recurrence and potentially complicat-
ing future interventions. Consequently, these practices elevate mortality
rates and hinder complete recovery. Our paper focuses on developing a
robust neural network model that integrates ultrasound radiomics with
clinical data to accurately diagnose malignant thyroid tumours, aiming
to mitigate issues associated with misdiagnosis and over-diagnosis. Based
on independent cohort testing, the model demonstrates outstanding per-
formance metrics with values of 0.97, 0.99, 0.97, and 0.98 for accuracy,
AUC, precision, and recall, respectively.

Keywords: Deep learning· Feature selection· Thyroid cancer diagnosis·
Ultrasound radiomics features· Data Fusion.

1 Introduction

Cancer poses an increasing health problem for our world [25]. The World Health
Organization (WHO) has declared TC has the ninth-highest cancer incidence
worldwide and has been rising for the past 40 years [7]. The WHO estimated the
new case number of TC to be around 586,202 cases in 2020. The vast majority of
the affected cases are women, accounting for 448,915 cases, which is 76.5% of all
instances of TC. In Algeria among women, TC has the third-highest incidence,
accounting for 9.3 new cases per 100,000 women [6]. The thyroid gland, situated
in the lower neck region, is an endocrine system component. This gland controls
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numerous bodily functions, including metabolism, growth, and development, by
secreting hormones like thyroxine and triiodothyronine. Generally, cancer is a
non-typical cell, that has been genetically mutated and earned the capability to
multiply and grow murderously and spread to other tissues, constructing nodules
which could be malignant or benign. TC has four sub-types, i.e. papillary, follic-
ular, medullary and anaplastic. These sub-types differ from most common, well
prognosis, low rate aggressive and progression to little common, poor prognosis,
high rate aggressive and progression, orderly [4] [15] [23].

One of the reasons that have a high impact on the increasing incidence of TC
is the improvement of diagnostic tools, which now leads to the over-diagnosis
of patients, enabling the detection of small and low-risk tumours [22]. These
contribute to the problem of over-treatment and worsen the condition of the
patients. The ultrasound instrument is a pivotal diagnostic tool for screening
nodules in the thyroid gland. Renowned healthcare organizations have recom-
mended it as the primary imaging modality for assessing suspected thyroid tis-
sue [16] [10].

Ultrasound-based risk stratification systems are guidelines based on sono-
graphic features extracted from ultrasound images, to classify nodules into high-
suspicious malignant thyroid nodules that warrant biopsy test, or non-threatening
benign thyroid nodules that warrant ultrasonography follow-up [26]. The Thy-
roid Imaging Reporting and Data Systems (TI-RADS), designed with the Amer-
ican College of Radiology, is a highly esteemed and widely recognized system for
staging thyroid nodules. This system relies on sonographic features (e.g., ane-
choic, spongiform, etc.) pre-assigned based on risk levels and categorized accord-
ing to the five characteristic keys (shape, margin, composition, echogenic foci,
echogenicity). After inspection and collecting sonographic features, all the scores
associated with sonographic features aggregate together to calculate the ti-rads
level, which extends across TR1 non-threatening benign nodules to TR5 highly
threatening malignant nodules [26]. However, extracting sonographic features
heavily relies on the radiologist’s experience and the diagnostic instruments’
capabilities. Consequently, this can make the diagnosis subjective, leading to
potential misdiagnosis and thereby contributing to over-treatment [30] [8].

Ultrasound radiomics is a method of analysing ultrasound images and ex-
tracting numerical data, named sonographic features, to diagnose the malignancy
of thyroid nodules, perform prognostic analysis, or even predict the presence
of genetic mutations [17] [1]. The radiomics method is considered a noninva-
sive, cost-effective, time-saving, and repeatable method. Moreover, radiomics is
highly effective in addressing tumour heterogeneity and serves as an intermedi-
ate step between imaging and biopsy tests, facilitating a deeper understanding of
tumours and thereby enhancing treatment planning for the lesion [19] [28] [20].
Radiomics typically involves a five-step process: data collection, region of inter-
est (ROI) delineation, feature extraction, feature selection, and modelling, with
traditional machine learning models being commonly utilized [24].

This paper aims to enhance TC diagnostic accuracy and reduce problems as-
sociated with over-diagnosis and unnecessary treatment. To achieve this, we uti-
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lized an ultrasound-based radiomics approach and integrated the One-dimensional
CNN (1D-CNN) model into our methodology. We used deep learning due to the
capability of deep learning compared with traditional machine learning that
is usually used in the radiomics method, showing great performance in a load
of fields [5] [11] [13] [21]. Fig 1 shows the full proposed approach, which con-
sists of three layers. The first layer involves extracting ultrasound images and
their segmentation, then passing them through the PyRadiomics library to ob-
tain sonographic features for ROI in the images. The second layer concatenates
sonographic features with metadata attached to the image (i.e., demographic
data, size and location information, and acr ti-rads descriptors) by nodule id.
Subsequently, it selects the most pertinent features to assess the tumour’s con-
dition, utilizing feature selection techniques. Finally, on the thread layer, we
build and perform cross-validation to test the model’s robustness and validate its
performance. The model’s code is accessible at https://github.com/Daizwpa/
One-Dimension-CNN-for-thyroid-cancer-diangosis.git.

The structure of the paper is as follows: Section 2 presents a review of the
literature and related works. Section 3 outlines the adopted approach, includ-
ing detailed methodology and implementation. Section 4 shows the effectiveness
and capabilities of the developed model. Finally, section 5 critically examines
and discusses the overarching approach, providing insights and reflections on its
strengths and limitations.
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Fig. 1. Full proposed approach.
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2 Related work

In this section, exhibiting some applications of machine learning to improve the
accuracy of diagnosing malignant thyroid tumours, showcasing the comparison
between the capabilities of machine learning and radiologists, along with inves-
tigation methods for integration into clinical settings. Table 1 summarises the
section.

Pre-operative assessment of thyroid nodules is a crucial task, while 30% of
all biopsy tests are categorized as indeterminate cytology type [18], and this one
affected the management of surgery and complicated intervention. Zhang et al.
compared the performance of the Back Propagation Neural Network (BPNN)
with the multivariate logistic regression model. model for the pre-operative as-
sessment of Papillary Thyroid Carcinoma (PTC) malignancy, particularly for
tumours categorized as Bethesda III and IV, which are considered indeterminate
type tumours. The dataset comprised 2090 TC patients (571 benign, 1519 malig-
nant), incorporating serological, demographic, sonographic, and biopsy features.
Statistical analyses such as the Chi-square test, T-test, and multivariate and
univariate analyses were adopted to select highly relevant features for PTC ma-
lignancy. Multivariate logistic regression and BPNN were trained on the selected
features. Both models satisfactorily differentiated PTC from benign cases, with
AUCs of 94.8% and 92.4%, respectively. Only the BPNN outperformed the logis-
tic model in specificity, achieving 88.3% and 73.9%, respectively. Their findings
underscore the potential and feasibility of utilizing Bethesda categories, ti-rads,
nodule size, and serum levels of high-density lipoprotein cholesterol in assessing
PTC malignancy, providing valuable insights for clinical decision-making [29].

The inherent subjectivity in decision-making is an inevitable aspect of di-
agnostics, stemming from variations in instrument settings and expertise levels.
Zhou et al. developed a systematic and objective deep learning model called
Deep Learning Radiomics of Thyroid (DLRT), which is a pre-trained CNN model
from their prior work. The model was transformed to distinguish between malig-
nant and benign thyroid nodules using ultrasound images. DLRT comprises four
layers, with the initial three layers representing the transfer model, seamlessly
integrated with a fully connected dense layer tailored to address the specific
problem. To elucidate the model’s insights, they implemented class activation
maps to generate heat maps on images. Remarkably, the model achieved impres-
sive AUC scores of 0.96, 0.97 and 0.95 in the train, external and internal cohorts,
respectively. Also, they Evaluated the model against two radiologists—one with
over 12 years of thyroid diagnosis experience and the other with three years—on
both internal and external validation cohorts, which demonstrated the model’s
superior sensitivity and specificity. The radiologists were completely blinded to
the results during this comparison [30].

Affectivity ultrasound-extracted features for malignancy assessment is a con-
troversial task. Arabi et al. highlighted the importance of these features as effi-
cient, cost-effective, and non-invasive biomarkers for thyroid nodule evaluation.
The study involved 210 patients (172 benign, 38 malignant) whose images were
captured using two different ultrasound machines at two separate centres. Using
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LifeX software, they extracted 64 radiomics features from ultrasound images and
developed two models: Random Forest (RF) and XGBoost, incorporating them
with two selection methods, Lasso and Mrmr. The model shows outstanding
performance in differentiating benign and malignant thyroid nodules [2].

Tian et al. developed a pioneering multiscale-level CNN model, named Effective-
CNN (E-CNN), tailored for tumour classification, training five versions using
breast and thyroid cancer ultrasound image datasets. These versions encom-
passed E-CNN trained on breast cancer data, thyroid cancer data, a combination
of both, and fine-tuned models for cross-application. They introduced a novel
cropping algorithm for ROI, customized cross-entropy for imbalanced datasets,
and utilized Grad-Cam for heatmap generation. Their models exhibited remark-
able performance, showcasing superior learning abilities compared to other CNN
architectures in tumour classification tasks [27].

Chen et al. explored the potential of the Light Gradient Boosting Machine
by training three versions using radiomics features data, clinical data, and a
combination of both, known as radiomics-clinical. To predict papillary micro-
carcinoma in thyroid nodules categorised as TR3. The radiomics features set,
comprising 1477 features extracted by the PyRadiomics library, was narrowed
down to 50 through Lasso selection. Clinical data included parameters like age,
sex, tumour diameter, echogenicity, and echotexture. They highlighted a su-
perior model trained on radiomics-clinical data, achieving an AUC of 0.898,
emphasizing the effectiveness of ultrasound-based radiomics in predicting TR3
microcarcinoma tumors [9].

The literature demonstrates the effort to enhance the diagnosis performance
of TC, and the ability of AI to reduce the subjective diagnosis and work as
a computer-aided diagnosis system to assist in making the decision and the
planning of treatment. Ultrasound-based radiomics combined with other source
types of data, proves the strong ability to diagnose micro-carcinoma nodules
and even indeterminate cytology nodules. The fusion technique could improve
the accuracy and shift the gear to a more precise diagnosis.

Table 1. Summarise table for related work.

Year Ref Model Features selection Transform learning Content dataset Accuracy AUC Precision Recall

2022 [29] BPNN No No demographic, serolog-
ical, ultrasound, and
biopsy data

NA 0.94 0.88 0.93

2020 [30] DLRT No Yes ultrasound images NA 0.97 0.84 0.89
2023 [2] RF and XGBoost Mrmr, Lasso No ultrasound images 0.89 0.94 NA NA
2023 [27] Multiscale-level CNN No Yes ultrasound images 0.94 0.95 0.88 0.95
2024 [9] LightGBM Lasso No ultrasound images, clini-

cal data
NA 0.89 0.84 0.90

Note: values in the table represent measurements obtained from the test cohort.
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3 Material and approach

In this section, we delve deeper into our proposed approach, covering key as-
pects such as data preparation, model architecture, and dataset description. As
previously outlined, our approach comprises three distinct layers. Illustrated in
Figure 1, the overarching approach begins with the first layer focused on fea-
ture extraction, followed by the second layer dedicated to data preparation and
feature selection. Finally, the third layer involves constructing the model and
assessing its performance.

3.1 Data preparation

Data preparation is a crucial part of machine learning development, which in-
volves procedures to deal with missed values, splitting datasets into train and
test sets, normalization into similar scales, and balancing class to avert bias
problems [3]. We divided the dataset into 80% and 20% for training and testing,
respectively. The dataset includes only one missed value in size_z column, we
patched it with size_x column of the same row. To normalize the dataset, this
study divides the features into three types (i.e. categorical, numerical and acr
ti-rads description data except ti-rads level ). For categorical types e.g. sex and
location, we implement one hot coding, while acr ti-rads have a scoring nature,
we implement ordinal coding with a min-max scaler. All the rest of the features
(e.g. age, size, ti-rads level, and all extracted radiomics features) were processed
with a standard scaler. To deal with the imbalanced dataset, we use the over-
sampling technique on train and test sets separately. The technique duplicates
the instance in the set to balance the class in a set.

3.2 Features extraction and Selection

We obtained 487 radiomics features within ROI in an ultrasound image using a
PyRadiomics Python library [12]. The features include shape, first order, neigh-
bouring grey tone difference matrix (NGTDM), and grey level matrices (GLCM,
GLRLM, GLSZM, GLDM), generated using both original and wavelet filters.
To effectively identify features closely linked to the target variable, we employ
a combination of Lasso and Mrmr. Initially, Lasso regression was utilized to
constrain the feature set to just 190, retaining those with non-zero coefficients.
These selected features then underwent further refinement through the Mrmr al-
gorithm, resulting in a final subset of 30 features. Despite attempting the Boruta
algorithm, no features were excluded through its application. Fig 2 exhibits the
selected features and Pearson correlation coefficient (PCC) for selected features
with the result of histopathology diagnosis.
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Fig. 2. List of selected features along with their respective PCC correlated with the
histopathology diagnosis results.

3.3 Model and train

In this paper, we prefer to use the radiomics method, regarding its effectivity in
the diagnosis state of tumours and Acceptance in clinical practices. Radiomics
offers a promising approach to tumour diagnosis that integrates imaging data
with advanced computational methods to provide valuable insights into tumour
biology, patient management, and treatment outcomes [17] [1]. Typically, the ra-
diomics method employs classical machine learning models. However, integrating
CNN into the workflow could potentially augment the method’s performance.
CNN is widely used in classification problems, especially in images, due to its
capability to capture non-linear complex problems and automatic Feature Ex-
traction. This motivates us to implement a one-dimensional version of CNN.
Fig 3 shows the full architecture of our 1D-CNN model. In our architecture,
we’ve standardized the kernel size for all convolution and pooling layers at 6.
The model utilizes 30 input features, chosen by Lasso and Mrmr algorithms. We
performed model training for a total of 600 epochs. The batch size and learn-
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ing rate were 32, 0.01 respectively. Furthermore, we incorporated scheduler and
shuffling techniques to optimize the model training for improved performance
and efficiency.

Input 29Input 0
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Fig. 3. Full architecture of 1D-CNN model.

3.4 Data description

This study used a Thyroid Ultrasound Cine-clip dataset from Stanford AIMI
Shared Datasets, including 17412 ultrasound images of 192 thyroid nodules from
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167 patients, which were confirmed by biopsy tests, radiologist-annotated seg-
mentations for ROI, patient demographics (e.g. age and sex), lesion size and
location, acr ti-rads descriptors and level, and histopathological diagnosis. The
dataset was collected at the Stanford University Medical Center. In this dataset,
each image is considered an independent case for analysis.

Fig. 4. The confusion matrix generated by the model on the test cohort.

4 Result and experiment

Our model exhibits astonishing performance in validation and independent test
sets. Fig 5 and 6 are the standard deviation and the average for the loss function
and ROC curves in seven cross-validations. Those curves showcase the capability
of the model to learn from the train set and generalize on the validation set and
a low rate error on the test set. In the validation set, the model achieved scores
of 0.9840, 0.9709, and 0.9980 for accuracy, precision, and recall, respectively. In
the test cohort, it achieved scores of 0.9767, 0.9724, and 0.9812 for accuracy,
precision, and recall, respectively. Table 2 summarizes the model performance.
Fig 4 displays the confusion matrix of the model for the test set. Our training
and experimentation were conducted on an Intel I5 12500H machine with 16GB
RAM.
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Fig. 5. Average loss function curve and standard deviation through cross-validation in
training and validation set.

Fig. 6. Average and standard deviation for ROC Curve and AUC through cross-
validation in the test set.
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5 Discussion

This paper introduces a 1D-CNN model aimed at distinguishing malignant thy-
roid nodules by leveraging extracted radiomics values, encompassing parameters
such as shape, density, texture, and wavelet features, alongside clinical data in-
cluding age, sex, acr ti-rads descriptors, tumour location, and size. The radiomics
features, obtained from the ROI in ultrasound images, are combined with clin-
ical data and subjected to feature selection using Lasso and Mrmr techniques.
Despite attempts to reduce dimensionality using the Boruta algorithm with ran-
dom forest classification, all features selected by Lasso and Mrmr were retained.
Before training, we preprocessed the dataset using scalers and encoders, and
balanced target classes via oversampling techniques.

Our 1D-CNN model architecture includes five layers of convolution, two lay-
ers of pooling, and fully connected dense layers. To evaluate its ability to differ-
entiate malignant nodules, we employed seven cross-validations, yielding average
classification accuracy and AUC of 0.9854 and 0.9946, respectively. Furthermore,
assessment on an independent test set demonstrated compelling performance,
with an accuracy of 0.9766, precision of 0.9724, and recall of 0.9812. Notably,
the integration of radiomics with clinical data yields remarkable diagnostic per-
formance, underscoring the robustness and potential of our approach. These
findings contribute to the existing literature and affirm the viability of our di-
agnostic methodology.

The model showcases remarkable performance improvements regarding the
mentioned model in the related work section. Table 2 and 1 depicted our model’s
and other models’ performances in related work.

Table 2. Preformance table of our model.

Performance metrics Validation cohort Test cohort

AUC 0.99 0.99
Accuracy 0.98 0.97
Recall 0.99 0.98
Precision 0.97 0.97

6 Conclusion

1D-CNN model based on fusion radiomics features with clinical data showed
good performance. Also, we emphasize about information fusion technique, and
the ability of the 1D-CNN model to solve no-linear problems. However, our
study faces some limitations. The first one is the explainability problem, which
is a crucial problem that prevents the adoption of those systems in daily clinical
practices. Our approach does not involve any explanation method. Most of the
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research in the radiomics method that involves feature extraction uses classical
machine learning due to the interpretability nature of those models. For this
one, we plan to incorporate the explainability concept into our further searches.
The second limitation is a lack of multi-centre validation test sets, incorporating
multi-centre and different ultrasound instruments could help the model to well
generalize [14], so further research should direct to construct such a benchmark
dataset.
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