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ABSTRACT: At present, deep learning becomes an important tool in medical image analysis, with good
performance in diagnosing, pattern detection, and segmentation. Ultrasound imaging offers an easy and rapid
method to detect and diagnose thyroid disorders. With the help of a computer-aided diagnosis (CAD) system based
on deep learning, we have the possibility of real-time and non-invasive diagnosing of thyroidal US images. This paper
proposed a study based on deep learning with transfer learning for differentiating the thyroidal ultrasound images
using image pixels and diagnosis labels as inputs. We trained, assessed, and compared two pre-trained models
(VGG-19 and Inception v3) using a dataset of ultrasound images consisting of 2 types of thyroid ultrasound images:
autoimmune and normal. The training dataset consisted of 615 thyroid ultrasound images, from which 415 images
were diagnosed as autoimmune, and 200 images as normal. The models were assessed using a dataset of
120 images, from which 80 images were diagnosed as autoimmune, and 40 images diagnosed as normal. The two
deep learning models obtained very good results, as follows: the pre-trained VGG-19 model obtained 98.60% for the
overall test accuracy with an overall specificity of 98.94% and overall sensitivity of 97.97%, while the Inception
v3 model obtained 96.4% for the overall test accuracy with an overall specificity of 95.58% and overall sensitivity of
95.58%

KEYWORDS: Ultrasound imaging, autoimmune disorders; deep learning, convolutional neural networks, transfer
learning.

Introduction
Autoimmune thyroid diseases are thought to
be the most prevalent autoimmune disease with
a 5% incidence and a gradually growing
prevalence in females. Adult women are more
likely than men to experience thyroid
autoimmunity, and irregular thyroid function is
more common in this setting (7%-9% in females
vs. 1%-2% in males) [1].
AITDs are T-cell mediated autoimmune
disorders caused by organ-specific immune
system
deregulation.
The
mechanisms
underlying this autoimmune reaction are yet to
be fully understood, but an association between
genetic predisposition and environmental factors
has been shown to initiate the autoimmune
process [2].
10.12865/CHSJ.47.02.12

Thyroiditis diagnosis is not always quick and
immediate, since, in the early stages of the
condition, precise laboratory test modifications
are not detectable. Some characteristics, such as
thyroid gland scale, form, and echogenicity, can
now be assessed earlier and more accurately as
imaging methods advance.
As a consequence, ultrasonography has been
useful for evaluating the thyroid gland,
especially
in
uncertain
cases
where
morphological and functional characteristics on
color Doppler mapping may indicate the actual
enteropathogenic of the disease. Any of these
characteristics are generally accepted in the
global literature [3].
Due to its safety, lower costs, and portability,
ultrasound imaging diagnosis became an
important technique used for visualizing and
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diagnosing pathological patterns of organs such
as thyroid, breast, liver, heart, muscles, and
vessels [4].
The great disadvantage of ultrasound is the
strong operator dependence. In order to resolve
this issue, artificial and machine learning
techniques could be developed.
As a subfield of machine learning and
artificial intelligence, the deep learning domain
is a fascinating and powerful tool for computer
vision.
Its accelerated growth is due to the
development of powerful hardware, new
optimized techniques, software libraries, and
large datasets.
The deep learning techniques are very
powerful due to the artificial neural networks
with many layers designed to extract a hierarchy
of discriminant features from raw images.
Deep learning with convolutional neural
networks becomes a promising and robust tool
in ultrasound imaging classification, detection,
and segmentation [5].
Practical ultrasound applications of deep
learning have been developed by researchers in
the field. In [6], it was developed an architecture
of two cascaded CNN models for the assessment
of fetal ultrasound images.
Ma et al. [7] proposed a convolutional neural
network approach to automatically segment
thyroidal nodules from ultrasound images.
Yu et al. [8] developed a CNN architecture
with 16 layers to classify the fetal US plane.

In [9] it was proposed a method based on
Single Shot MultiBox Detector (SSD), for
detecting tumors in breast ultrasound images.
In [10] it was used a pre-trained VGG
architecture to classify the anatomic location and
plane of abdominal ultrasound images.
In our study, we used the potential of two
powerful deep learning pre-trained architectures,
Inception v3 and VGG-19, to differentiate the
autoimmune disorder in US images.
We designed and re-purposed these
architectures using transfer learning with finetuning.

Materials and Methods
Method Description
The overall architecture of our methods is
illustrated in Figure 1, having the following
pipeline:
• The US thyroid nodules images are
preprocessed by transformations as resizing and
shifting. The result was an augmented dataset.
• The augmented dataset was split into train
and test sets.
• We trained our pre-trained CNN models on
100 epochs, using the training dataset.
• The performance of the proposed methods
was measured using the test dataset, with the
following
evaluation
metrics:
accuracy,
AUC-ROC,
specificity,
sensitivity,
and
Precision/Recall.

Figure 1. The overall architecture of the proposed method.

Transfer Learning with Fine-Tuning
Transfer learning introduces a different
training prototype of using already pre-trained
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classifiers as a starting point for a new
classification problem.
For this purpose, the convolutional neural
networks (Inception, VGG, ResNet, etc.) were
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trained to recognize more than 1,000 classes
from large-scale datasets [11-13].
Then we could use the same convolutional
neural networks to recognize, for example,
medical images.
These deep neural networks were trained on
large-scale datasets such as ImageNet and
demonstrated to be very performant for transfer
learning.
Being trained to learn a large set of
representative features, these architectures can
be re-purposed for classification problems other
than those they were originally trained on.
Design and Implementation of the
Proposed Pre-Trained Models
The first method we proposed was based on
the pre-trained Inception v3 network.
The Inception module introduced by Szegedy
et al. [11] is a complex architecture with many
improvements to increase the performance in
terms of speed and accuracy. The idea behind
the Inception module was of a multi-level
feature extractor by computing 1x1, 3x3, and
5x5 convolution operations in the same module
of the network. The weights for Inception v3 are
of 96MB size, being smaller than VGG
architectures [12].
We designed and re-purposed the Inception
v3, by transfer learning with fine-tuning, in the
following steps:
• removing the original classifier of the
network.
• adding at the top of the network one fully
connected layer with 256 hidden units and
ReLU activation function.
• choosing to train the top 2 inception blocks:
we have frozen the first 249 layers and unfrozen
the rest.
• adding the last fully connected layer the with
softmax activation function for classification.
• choosing RMSprop with a learning rate of
0.001 as optimizer [14].
The second pre-trained method was based on
the VGG-19 pre-trained architecture. VGG-19 is
an architecture that consists of 19 layers from
which, 16 layers are convolution layers, 3 layers
are fully connected, 5 layers are maximized pool
and one layer is a softmax layer [14].
We designed and re-purposed the VGG-19,
by transfer learning with fine-tuning, in the
following steps:
• replacing the original classifier of the VGG19 architecture.
• freezing the convolutional base and then used
its outputs to feed the diagnosis classifier.
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• adding at the top of the network one fully
connected layer of 512 hidden units and ReLU
activation function.
• adding the last layer as a softmax dense layer
with 2 hidden units used for classification.
• using the Adam with a learning rate of
0.0001 as an optimizer [15].
The input of the two networks was a fixed
size of (224 * 224) gray image, which means
that the matrix was of shape (224, 224, 3). The
images flowed in batches of 32.
Patients and Image Dataset
Our study included 123 patients who were
referred for thyroid ultrasound to the Craiova
Endocrinology Private Clinic, Pediatric Clinic of
County Hospital of Craiova, Endocrinology
Clinic of the Municipal Hospital of Craiova.
Eighty-three patients had an autoimmune
thyroidal aspect on ultrasound, and 40 had a
normal aspect.
Every person included in the study signed a
written informed consent form.
Prior to the procedure, the age, gender,
background area, weight, current medication,
and other conditions were recorded for each
patient.
None of the patients included in the study
were pregnant or breast-feeding, and none were
under treatment with Tyrozol or Euthyrox.
The patients’ ages ranged from 17 days to 75
years, with a slight predominance of the female
gender.
Thyroid ultrasounds were performed by
endocrinologists with a minimum of 20 years'
experience using a low-medium-resolution (7.5
MHz) ultrasound device (Siemens SonoAce)
equipped with a linear transducer.
The patient remains comfortable throughout
the exam, which normally takes only a few
minutes unless the lateral neck needs to be
evaluated.
The test does not need the patient to
discontinue any medication or to be prepared.
The procedure is generally performed with
the patient in supine position and the neck
hyperextended, but it can also be performed
seated.
Multiple laboratory tests were performed to
evaluate thyroid function: TSH (thyroid
stimulating hormone), free T4 (thyroxine),
thyroid peroxidase and thyroglobulin antibodies,
blood glucose levels, calcium, liver function,
and vitamin D intake.
Additional dosage of Thyrotropin Receptor
Antibodies (TRAb) was recommended for
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patients with hyperthyroidism. Thyroid volume,
ultrasound pattern, heterogeneity, nodule
presence and size, and the presence of pseudonodules and cysts were all observed on
ultrasound.
The sonographic appearance of Autoimmune
thyroiditis is well recognized, the gland is often

diffusely enlarged, and the parenchyma is
coarsened, hypoechoic, and often hypervascular.
All images were classified into the
autoimmune aspect and normal (Figure 2).
For each patient, 5 thyroid ultrasound images
were performed by an endocrinologist, in cross
and longitudinal sections for each lobe.

Figure 2. Examples of thyroidal US images collected from patients: (a) autoimmune; (b) normal.

The dataset contains 615 grayscale thyroid
images with a final resolution of 224x224 pixels,
after removing the patients ’details.

We used 495 images from 99 patients for
training and 120 images from 24 patients for
testing. The distribution of patients and images
among the diagnosis are described in Table1.

Table1. The distribution of images and patients in the training and testing datasets.

Diagnosis

Autoimmune
Normal
Total

Training
No
No
Patients
Images
67
335
32
256
99
495

Evaluation Metrics
The following metrics were used to evaluate
the classification performance: specificity (Sp)

𝑆𝑆𝑆𝑆 =
𝑆𝑆𝑆𝑆 =

|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝|
|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝|+|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛|

|𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|

We also computed the Precision-Recall
curves for each diagnosis class. The precision
shows how accurate our model was from
predicted positive cases.

Total
No
No
Patients
Images
83
415
40
200
123
615

(1), sensitivity or recall (Se) (2), the test
accuracy (Accuracy) (3), and the area under the
ROC curve.

|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛|
|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛|+|𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝|

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
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Testing
No
No
Patients
Images
16
80
8
40
24
120

|𝑡𝑡𝑒𝑒𝑠𝑠𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|

(1)
(2)
(3)

The recall or sensitivity calculates how many
of the actual positive cases our model captured.
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Experimental Results Analysis

For the Inception v3 classification model, our
results showed an overall diagnosis accuracy of
96.4% and an AUC of 0.96, while for VGG-19
classification model we recorded the overall
diagnosis accuracy of 98.6% and an AUC of
0.98.
Better overall performance was achieved
when using the VGG-19 architecture as
compared with the Inception v3 architecture.
The Inception v3 recorded a maximum
sensitivity of 100% in differentiating the
autoimmune cases with a specificity of 91.17%.
The VGG-19 model assured a very good
balance between precision (95.94%) and
specificity (100%) in differentiating the
autoimmune patterns in thyroid images.
All metrics computed for our models are
summarized in Table 2 and Table 3 and showed
accurate results achieved by using the VGG-19
model with transfer learning.

Experimental Setup
The thyroid ultrasound images dataset of
615 images was randomly split into the training
dataset and test dataset (80% of images for
training and 20% of images for testing).
We designed two experiments in order to
differentiate the autoimmune from normal US
images:
1. Training and assessing the Inception
v3 model on the train (563 images) and test
datasets (138 images)
2. Training and assessing the VGG-19 model
on the train (563 images) and test datasets
(138 images)

Results
We compared the diagnosis performance of
the two pre-trained models (Inception v3 and
VGG-19) in the test dataset.

Table 2. Evaluation metrics for classification of thyroid nodules images with Inception v3 model.

Diagnosis
Autoimmune
Normal
Average

Accuracy (%)
96.40
96.40
96.4

AUC
0.96
0.96
0.96

Sensitivity (%)
100
91.17
95.58

Specificity (%)
91.17
100
95.58

Table 3. Evaluation metrics for classification of thyroid nodules images with VGG-19 model.

Diagnosis
Autoimmune
Normal
Average

Accuracy (%)
98.80
98.40
98.60

AUC
0.98
0.99
0.98

Sensitivity (%)
95.94
100
97.97

Specificity (%)
100
97.89
98.94

The precision-recall curves for Inception v3 and VGG-19 models could be observed in Figure 3.

a

b

Figure 3. The Precision/Recall curves for each diagnosis class: a) Inception v3; b) VGG-19.
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Discussion
Even though the deep learning system used
for the analysis of ultrasound had shown
promising performance, further improvement is
expected.
The current deep learning system cannot
accurately accomplish tasks that are impossible
for endocrinologists but may also make mistakes
that a practicing physician will not [16].
The most reliable method of imaging for the
diagnosis
of
thyroid
disorders
is
Ultrasonography (US).
Despite its significance, numerous studies
have revealed that US diagnostic quality is
variable and is influenced by the operator's
experience [17-21].
As a result, a new CAD model based on
artificial intelligence was expected to boost US
diagnostic
efficiency
while
reducing
interobserver variability through the use of a
semi-automated workflow [22-27].
Concerning the CAD system's diagnostic
performance, multiple studies have found
comparable diagnostic performance between the
CAD system and experienced radiologists
[23,24].
By analyzing the results, our proposed
methods based on deep learning with transfer
learning and fine-tuning had significant results
in the differentiation of thyroid images.
Our transfer learning VGG-19 model can
distinguish autoimmune aspects from normal
cases with a great overall accuracy of 98.6%,
while the Inception v3 model recorded an
overall accuracy of 96.4%.
Computer-aided diagnosis (CAD) systems
have been recently applied in the differential
diagnosis of thyroid nodules and disorders and
show a great potential to reduce human
dependence and improve the classification
performance of US thyroid images.
Our pre-trained CNN methods used for
differentiating autoimmune thyroid aspect from
normal aspect had some limitations:
- the testing dataset was known and there was
a risk of overfitting and weak generalization;
- the dataset was imbalanced and had fewer
images for thyroid normal aspect;
- the ultrasound images did not have the best
resolution.

Conclusion
In this study, we focused on finding a way to
differentiate the autoimmune thyroid aspect
from the normal thyroidal aspect.
For this purpose, we developed a novel DL
algorithm that is superior to the traditional ML
methods as it does not require an initial
description of visual features of medical images.
The experimental results indicated that the
proposed VGG-19 architecture outperforms the
Inception v3 network, with a precision of
95.94% and specificity (100%) in differentiating
the autoimmune aspects from the normal in
thyroid images.
In clinical practice, the methods based on
deep learning algorithms could become effective
diagnosis tools in assisting endocrinologists.
Abbreviations
AITD - Autoimmune thyroid disease
HT - Hashimoto's thyroiditis
GD - Graves Disease
US - Ultrasound
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