1JCBS, 24(12) (2023): 455--468

International Journal of Chemical and Biochemical Sciences
‘"1 (ISSN 2226-9614)

International

SCIENTIFIC ~

Journal Home page: www.iscientific.org/Journal.html
—Organization—

© International Scientific Organization

An Accurate Deep Learning Based Framework for Detection of

Thyroid Cancer Using Ultrasound Images
Samaa A. Nasr", Hanan M. Abdel-Fattah?, Mohamed M. Abdelsalam?®, Hossam EI-Din

Moustafa?
1Biomedical Engineering Program, Faculty of Engineering, Mansoura University, Egypt
2Electronics and Communications Engineering Department, Faculty of Engineering, Mansoura University,
Egypt
3Computers Engineering and Control System Department, Faculty of Engineering, Mansoura University,

Egypt

Abstract

Thyroid cancer tends to have a relatively high survival rate and is often treatable if detected early. However, its
prevalence and impact can vary by country due to factors like healthcare access, screening practices, and environmental factors.
The ultrasound images can detect abnormal changes in the structure or size of the thyroid gland. This includes the presence of
nodules or growths within the thyroid tissue. The present study presents a framework to classify thyroid cancer cells using
ultrasound images into two main specified cell types using deep learning algorithms. The DDTI (The digital database of Thyroid
Ultrasound Images) is used in this investigation. Depending on their internal composition, echogenicity, margins, calcifications,
and TI-RADs, experts categorize the cells into two main distinct types which are benign and Malignant cells. Introducing a
pipeline to improve diagnostic accuracy by experimenting keras application models and choosing the appropriate model result is
the main contribution. The study reached the conclusion that deep learning could improve ultrasound screening classification
results. The most suitable algorithms for this application appear to be VGG16, MobileNet, and InceptionResNetV2. The VGG16,
MobileNet, and InceptionResNetVV2 have the highest accuracy of 99.9%. These results support the proposed framework as a
reliable diagnostic tool for thyroid cancer.
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three times more frequently and has a threefold higher

1. Introduction

Cancer is the body's abnormal cells growing
uncontrollably. Uncontrolled growth and division of cancer
cells allow them to invade healthy tissues and organs and
subsequently spread throughout the body [1]. The thyroid
gland, resembling a butterfly in shape, plays a vital role in
regulating key physiological functions such as body
temperature, heart rate, and blood pressure in humans [2]. In
recent decades, there has been a growing focus on this
crucial organ due to the increasing detection of malignant
thyroid nodules [3]. This trend has garnered global attention,
with over 300 million individuals diagnosed with thyroid-
related conditions in 2018, and the numbers continue to rise
today [4]. Notably, thyroid cancer, which is the most
prevalent cancer in men aged 30 to 39 years, affects women
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diagnosis rate [5]. The thyroid gland consists of two primary
types of cells: follicular cells and parafollicular cells, with
follicular cells dominating the tissue. These cells are
responsible for producing thyroid hormones that contain
iodine. The Thyroid Imaging Reporting and Data System
(TI-RADS) is a contemporary classification system
designed to offer a comprehensive assessment, primarily
focusing on malignancy categorization. This system
includes the following classifications: TIRAD 1 (indicating
normal findings, occasionally benign with no need for Fine
Needle Aspiration or FNA), TIRAD 2 (suggesting a benign
cluster), TIRAD 3 (likely benign), TIRAD 4 (indicating a
suspicious abnormality), TIRAD 5 (signifying a high
likelihood of malignancy), and TIRAD 6 (confirming
proven malignancy).
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Despite the continual increase in thyroid disease cases,
diagnostic procedures in clinical settings have seen limited
advancements since the 20th century [6]. The early detection
and diagnosis of thyroid nodules can significantly impact
lives by preventing cancer, ultimately leading to reduced
rates of illness and mortality. Thyroid nodules are a
common clinical finding, with a prevalence of
approximately 19-68% in the general population, as reported
in various studies. While the majority of thyroid nodules are
benign, the ability to accurately distinguish between benign
and malignant nodules is crucial for appropriate patient
management and to reduce unnecessary surgical
interventions [7-8]. Ultrasound imaging is a widely used
modality for the evaluation of thyroid nodules due to its
safety, accessibility, and ability to provide real-time, high-
resolution images. Thyroid ultrasound, an imaging method
employing sound waves, is utilized to evaluate various
aspects of thyroid health, including the size, location, and
characteristics of the primary nodule. Additionally, it helps
identify the presence of other thyroid nodules, such as those
in the contralateral lobe, and assesses suspicious-looking
lymph nodes. It's important to note that the size of a nodule
alone does not reliably indicate whether it is malignant or
benign. However, the subjective interpretation of ultrasound
images by radiologists can lead to variations in diagnostic
accuracy [9]. Therefore, radiologists rely on ultrasound
findings, coupled with a physical examination of the neck.
Further diagnostic tests, such as thyroid CT, thyroid MRI,
and tissue sampling, may be necessary to confirm a
diagnosis. To address the challenge and improve the
accuracy of thyroid nodule classification, Computer-Aided
Diagnosis (CAD) systems have emerged as a promising
solution. CAD systems are computer-based tools designed
to assist radiologists and clinicians in the interpretation of
medical images [10-11]. In the context of thyroid nodule
assessment, CAD systems can provide an objective and
standardized approach to nodule classification, aiding in the
early detection of malignant nodules and reducing the rate of
unnecessary biopsies or surgeries. For instance, the presence
of thyroid nodules ranging from 1.0 to 1.9 cm in diameter on
an ultrasound is often indicative of an elevated cancer risk.
Deep learning techniques, specifically within the realm of
Computer-Aided Diagnosis (CAD), have gained widespread
application in clinical practice, spanning disease prediction,
diagnosis, and treatment. In diagnosing conditions like
hypothyroidism and hyperthyroidism, researchers have
explored various statistical methods and machine learning
algorithms, including k-nearest neighbor, linear discriminant
analysis, and decision trees [12-15]. Notably, deep learning
algorithms have been prominently employed in the
classification of thyroid nodules from medical images.
Researchers have dedicated substantial efforts to enhancing
the accuracy of thyroid disease diagnosis through the
analysis of ultrasound images. Results have shown that the
accuracy of detecting malignant thyroid nodules using
ultrasound images falls within the range of 72% to 92%,
often surpassing the capabilities of less-experienced
radiologists [16-20].

1.1. Type A: Papillary carcinoma

Papillary carcinoma is the most common and typically
less aggressive form of thyroid cancer, originating from
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follicular cells and often forming finger-like projections as
shown in Figure 1 (a) [21].

1.2. Type B: Follicular carcinoma

Follicular carcinoma is a thyroid cancer type originating
from follicular cells and is more aggressive than papillary
carcinoma, with a greater tendency to spread as shown in
Figure 1 (b) [22].

1.3. Type C: medullary carcinoma

Medullary carcinoma is a less common and aggressive
type of thyroid cancer originating from C cells. It can occur
sporadically or hereditarily and is not linked to thyroid
hormone production as shown in Figure 1 (c) [23].

1.4. Type D: anaplastic carcinoma

Anaplastic carcinoma is an uncommon and highly
aggressive thyroid cancer that arises from follicular or
papillary thyroid cells, rapidly transforming into an
undifferentiated and fast-growing form. It tends to spread
quickly and is challenging to treat as shown in Figure 1 (d)
[24].

2. Related work

The study entailed a comprehensive exploration of
modern approaches for early thyroid cancer diagnosis. It
encompassed a thorough comparative analysis of these
approaches, considering factors like the datasets,
classification algorithms, performance metrics, and
publication details, all presented in Table 1. This extensive
comparison revealed a significant finding: none of the
models employed in prior studies achieved a comparable
level of accuracy to the proposed models. The models stand
out not only for its ease of implementation but also for its
exceptional accuracy, distinguishing it from existing
approaches.

3. Materials and methods
In the investigation, Thyroid ultrasound images were
sourced from the Digital Database Thyroid Image (DDTI),
an openly accessible repository of such images, accessed via
reference [46]. The dataset comprised a total of 260 cases
and 350 thyroid ultrasound images in JPG format, with 61
categorized as benign and 289 as malignant, spanning a
wide age range from 21 to 92 years. Each image presented
in 8-bit grayscale [47]. Figure 2 visually illustrates both a
benign and a malignant image from the dataset for
reference. These thyroid ultrasound images underwent a
meticulous evaluation and categorization process carried out
by experienced radiologists using the Thyroid Imaging
Reporting and Data System (TIRADS). The TIRADS
system classifies these images into seven distinct categories,
each contingent on specific ultrasound features: (3) absence
of suspicious features, (4a) presence of one suspicious
feature, (4b) presence of two suspicious features, (4c)
presence of three or four suspicious features, and (5)
presence of five or more suspicious features [46]. In the
study, the focus was on selecting images categorized as
benign, specifically those classified as TIRADS 2 and 3.
Conversely, Images were classified as malignant when
falling into categories 4a, 4b, 4c, or 5, based on a
categorization strategy established in prior research findings
[16,48].
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Radiologists assessed sonographic characteristics and
measurements, such as composition, echogenicity,
calcification, margin, and shape, using the TI-RADS
guidelines proposed by Kwak et al., (2011) [50] as a
reference. Nodule compositions were categorized into three
primary groups: solid, cystic, or spongiform. A spongiform
composition indicated that the nodule primarily consisted of
small cystic spaces. Echogenicity was classified as
hyperechoic, isoechoic, hypoechoic, or markedly
hypoechoic by comparing nodule echoes to those from
normal thyroid tissues. Marked hypo-echogenicity was
identified when the nodule displayed lower echogenicity
than the surrounding strap muscle. Microcalcification
referred to tiny, punctate, or "dot-like" foci without posterior
acoustic artifacts, each measuring less than 1 mm in
diameter. On the other hand, calcifications were grouped
into macrocalcification or triangular reverberation artifacts,
with a diminishing width known as comet-tail artifacts.
Margins were categorized based on their smoothness, with
options including irregular, lobulated, ill-defined, halo, or
displaying extrathyroidal extension (ETE). Lastly, Nodule
shapes were classified as either wider or taller in comparison
to their natural proportions [49]. Fine-tuning is a specific
form of transfer learning that involves taking a pre-trained
model and further training it on a task-specific dataset.
Instead of training from scratch, fine-tuning modifies the top
layers of the pre-trained model to adapt it to the target task
while retaining the valuable features learned from the
original data. This approach is particularly useful when
working with limited data or for customizing pre-trained
models for specific applications. In this study, A total of
twenty-four fine-tuned models were employed with the
primary goal of identifying the optimal model that could
achieve the peak classification effectiveness. To accomplish
this, a comprehensive comparison among diverse tested
algorithms ~ was  conducted. These  methodologies
encompassed a range of well-known models, including
ResNet (50, 50Vv2, 101, 101Vv2, 152, and 152V2),
MobileNet (V1 and V2), Inception (V3 and ResNetV2),
Xception, VGG (16), DenseNet (121, 169, and 201), NasNet
(Mobile and Large), and EfficientNet (B0, B1, B2, B3, B4,
B5, and B6).

3.1. ResNet

ResNet, short for Residual Networks, is a pivotal
advancement in deep learning and convolutional neural
networks (CNNs). It was introduced to overcome the
problem of vanishing gradients in deep networks by
introducing residual connections, allowing information to
flow more effectively [51]. | extensively explored multiple
ResNet models, including ResNet50, ResNet50V2,
ResNet101, ResNet101V2, ResNet152, and ResNet152V2,
among which ResNet101V2 exhibited the most promising
outcomes. Enclosed is a Figure illustrating the architecture
of this particularly successful model in Figure 3.

3.2. MobileNet

MobileNet is a family of neural network architectures
tailored for mobile and resource-limited devices. Their key
feature is efficiency, achieved through depth-wise separable
convolutions that reduce computational demands while
maintaining accuracy. It striked a balance between speed
and accuracy, thus serving as a valuable tool for deploying

Nasr et al., 2023

deep learning models on devices with limited computing
power [53]. | delved into various MobileNet models—
MobileNet, and MobileNetV2. Among these, the
performance of MobileNet stood out as the most impressive,
showcasing superior results. Figure 4 included a visual
representation detailing the architecture of this impactful
model for reference. (A) The complete structure of
MobileNet and (B) a detailed elucidation of the DS layer.

3.3. Inception

Inception, also known as GoogleNet, is a pioneering
deep neural network architecture. Inception modules employ
parallel convolutional layers with different filter sizes to
capture multi-scale features efficiently. Inception was
crafted to tackle the challenges of deep neural networks,
offering a balance between model depth and computational
efficiency. This architecture's ability to reduce parameters
while maintaining high accuracy has made it a crucial
component in image classification [55]. | thoroughly
examined several Inception models, including InceptionV3,
and InceptionResNetV2. Among these variations,
InceptionResNetV2 emerged as the standout performer,
exhibiting exceptional results. Additionally, Figure 5
incorporated a visual representation elucidating the
architecture of this highly effective model for review.

3.4. Xception

Xception is a neural network architecture that extends
the Inception model by utilizing depth-wise separable
convolutions. This innovative technique isolates spatial and
channel-wise convolutions, resulting in a significant
reduction in model parameters without compromising
performance. Xception's strength lies in its efficient feature
extraction, making it particularly well-suited for computer
vision tasks like image classification [57]. Figure 6 included
a graphical illustration that clarifies the structure of this
exceptionally efficient model for examination.

3.5. VGG

VGG, or Visual Geometry Group, is a widely
recognized deep neural network architecture known for its
straightforward and effective design. It distinguishes itself
by employing a deep stack of 3x3 convolutional filters,
resulting in a uniform and easy-to-understand structure.
Although VGG models are relatively deep and parameter-
heavy compared to some alternatives, their simplicity has
made them a pivotal benchmark in the realm of deep
learning. VGG networks have demonstrated remarkable
performance in image classification [59]. | employed the
VGG16 model for my analysis, and Figure 7 serves as a
graphical depiction elucidating its architectural layout.

3.6. DenseNet

DenseNet, or Densely Connected Convolutional
Networks, is an influential deep learning architecture
distinguished by its dense interlayer connections. Unlike
conventional convolutional neural networks (CNNSs),
DenseNet employs dense connections where each layer is
directly connected to every subsequent layer. This dense
connectivity promotes enhanced feature reuse, smoother
gradient flow, and more compact model designs [61]. |
extensively explored multiple DenseNet models—
DenseNet121, DenseNet169, and DenseNet201.
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Due to its superior performance compared to the other
two models, DenseNet201 stands out notably, especially
when trained with a batch size of 24. Figure 8 included
architectural representations that depict this model's
configuration.

3.7. NasNet

NASNet, or Neural Architecture Search Network, is an
automated deep learning architecture that employs
reinforcement learning to autonomously design neural
network structures. Unlike traditional manual design
methods, NASNet uses a search algorithm to discover
optimal architectures for specific tasks, reducing the need
for human expertise in architecture crafting [63]. | delved
into different NasNet models, encompassing NasNetMobile
and NasNetLarge. NasNetLarge distinguishes itself
significantly due to its better performance in comparison to
the other model. Figure 9 provided architectural
representations illustrating the configuration of this standout
model.

3.8. EfficientNet

EfficientNet represents a family of convolutional neural
network architectures celebrated for their exceptional
performance-efficiency balance. Through a unique scaling
technique that adjusts network width, depth, and resolution
uniformly, EfficientNet optimizes model size and
computational demands [65]. | thoroughly examined various
EfficientNet  models—EfficientNetB0, EfficientNetB1,
EfficientNetB2, EfficientNetB3, EfficientNetB4,
EfficientNetB5, EfficientNetB6, and EfficientNetB7. Given
that all EfficientNet models yield identical results, Figure 10
opted to utilize EfficientNetB0 as a representative example
for showcasing the EfficientNet architecture (Figure 10).

4. Evaluation metrics

Key performance metrics of significant importance
include precision, recall, sensitivity, specificity, and
accuracy. To compute these evaluation metrics effectively,
the analysis relies on four essential variables. Metrics such
as true positives (TP), false positives (FP), true negatives
(TN), and false negatives (FN) play a critical role in

(a) (b)

accurately evaluating the model's performance [67].

4.1. Accuracy
Accuracy denotes the proportion of correctly identified

cases among the total instances.
TP+TN

Accuracy = ——M@X@ —
y TP+TN+FN+FP

(€
4.2. Precision

Precision represents the fraction of accurately predicted
positive results among all outcomes identified as positive.

TP
TP+FP (2)

Precision =

4.3. Recall
Recall signifies the ratio of accurately predicted events
to all the events that were anticipated.

TP
Recall =
TP+FN

@)

4.4, Sensitivity
Sensitivity measures the average fraction of true positives
that are accurately recognized among all actual positives.

Sensitivity = TPTerFN 4)

4.5. Specificity
Specificity quantifies the proportion of correctly identified
negative values among all actual negatives.

Specificity = N (5)

TN+FP

5. Results and discussion

The dataset was divided into two parts, with 80%
allocated for training and 20% for testing purposes. The
training and testing phases were executed using Google
Colab as the computing environment. The experiments were
carried out specifically on the DDTI dataset, and their
outcomes are elaborated upon in the subsequent discussions.
In this section, the outcomes of the experiments are outlined.
The efficiency of the network is significantly influenced by
the learning rate, batch size, and dimensions of the input
image. These factors play substantial roles in determining
the network's performance.

(©)

Figure 1: Ultrasound images for different types of thyroid carcinoma: (a) Papillary carcinoma, (b) Follicular carcinoma, (c)
Medullary carcinoma, (d) Anaplastic carcinoma.
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Table 1: A comparison of the relevant research from the perspectives of image modality, classification methods, outcomes, and
publishing information

Author, Year Image Modalities Method Sensitivity | Specificity | Accuracy
L.C. Long 2023 [25] Ultrasound images CascadeMaskR-CNN 93% 95% 94%
X.Zhang 2022 [26] colrﬂ;)rﬁtseodu{]odni(Tgargipnr?ya(nCdT) Xception neural network 94% — 98%

Y.J.Lin 2021 [27] Whole slide imaging VGG16 94% — 99%
A.Naglah 2021 [28] MRI Multi-input CNN 69% 97% 87%
A.Naglah 2021 [29] MRI Multi-input CNN 82% - 88%

Y.Liu 2021 [30] Ultrasound images ThyNet 94% 81% —

S.Peng 2021 [31] Ultrasound images ThyNet 94% 81% 89%
W.K.Chan 2021 [32] Ultrasound images ResNet101 72.5% 81.4% 77.6%

J.H.Lee 2020 [33] CT images Xception 80.2% 83% 82.5%

M.S.Kavetha 2020 [34] P&iﬂi?';";;?; ‘("g‘;\;\?é’ggy MFDN — 85% 93%
V.Kumor 2020 [35] Sonographic images Muztilvﬂg%n,\?,\%NN 88% 73% —
C.Sun 2020 [36] Ultrasound images SVM + CNN 96.4% 83.1% 92.5%

Y.Wang 2020 [37] Ultrasound images VGG16 63% 80% 74%
S.W.Kwon 2020 [38] Ultrasound images VGG16 70% 92% —
F.Abdolali 2020 [39] Ultrasound images Mask R-CNN 79% — —

Y. Lu 2020 [40] Ultrasound images CascadeMaskR-CNN 93% 95% 94%

J.H.Lee 2019 [41] CT images VGG19 89% 94% 92%

X.Li 2019 [42] Sonographic images Deeﬁ]gt"vcg’fli“(t[i)ogg\rl‘)e“ra' 93% 86% 89%

Q.Guan 2019 [43] Ultrasound images Inception v3 93.3% 87.4% ~95%

P. Tsou 2019 [44] Histopathology images Google inception v3 — — 95%

H.Li 2018 [45] Ultrasound images R-CNN 81% — —

Figure 2: TIRADS 2 has ill-defined margins and micro-calcification on the left; TIRADS 5 on the right has well-defined margins
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and micro-calcification and is labelled "malignant.”

459




1JCBS, 24(12) (2023): 455--468

Input 77 conv el comw S MMW 313 conv W3conv 33 conv

ummum 64 e Humum s L s 12 e "’“uam 28 2o

ihﬂ@ D? @Dﬁmﬁ] @D? mm mm

Rlni‘.lual block Rosidual block W Residual block

Wicony 3 conv Meom 33 conv
266 fiters 256 fiters nm zﬁﬁm

s

O Flatten

O Dense (FC) + RelU + Dropout

Figure 3: ResNet101V2 architecture diagram [52].

224 x 224 x 3 L
| Ix3I ComawT |

112 x 112 x 32 L

DS Conw > 2 Depthhiwise Separable Convolhatiorns
DS
>0 I >0 = G 3 x 3 Deepthwise
[ DS Conwv x 2 | | Comnv !
Z2ZEx 28 x 128 -L i
I DS Conwv x 2 | [ = ]

14 = 14 = 256 L
DS Conwv x & :E |

?x?xSlZi
DS o

T x T = 1024 | i
+ [ )

LI Asre Prool i
rd e 10223 ‘L 'L
1= 1= 1024% L
Softmasc }

L B
Figure 4: MobileNet architecture diagram [54].

Nasr et al., 2023 460



1JCBS, 24(12) (2023): 455--468

Inception Resnet V2 Network

20x

10

Convalution
1 MaxPool
mw AvgPoct
mm Concat
- oot
- Fully Connected
- Softmax

10

o~ E

m

a8
® Residual S | |
Figure 5: InceptionResNetV2 architecture schematic diagram [56].
Q Q Q
- 3 -
o 8 3 3
g o Q.
X
£ 8 |ro ® | 8 |ro
Pt
© £ o € © £ ©
v v v
U] 2 c 0 e ) =
(+'4 o) o ™ ° m S
< ¥ v} v L
o~ - S S
N 3 ] ]
. fra s e
N
o~
o
~
©
o
5
X
o E|| = 5 | ®
S m S o | E
[ X (2 Q | &
o) m o o | ©
v (V] > 5
b - © J
g g 5 |2
i i 2 §
o |-
Figure 6: Xception deep CNN architecture diagram [58].
461

Nasr et al., 2023



1JCBS, 24(12) (2023): 455--468

224 x224x3 224 X224 x64

Nasr et al., 2023

112 x]112 x 128

28 X 28 X 512 TXTx512

14 x14x 512

convolution+RelLU
max pooling

QQ

softmax

dd

Figure 7: Vgg16 neural network architecture diagram [60].

INI;[ DA |

| Conv. (7x7). stride 2

IMax Pool. (3x3). stride 2 |

1x1x4096 1x1

| Dense Block 1

| < Conwv. (1x1)
Conv. (3x3)

| Conv. (1x1)

| ~__

|Avg Pool. (2x2),

/ Transition Layer 1
stride 2 I

| Dense Block 2

I < Conv. (1x1)
Conv. (3x3)

| Conv. (1x1)

|Avg Pool. (2x2),

/ Transition Layer 2
stride 2 l

I Dense Block 3

| < Conv. (1x1)
Conv. (3x3)

+

I Conv. (1x1)

LAvg Pool. (2x2).

/ Transition Layer 3
stride 2 J

I Dense Block 4

I < Conv. (1x1)
Conv. (3x3)

| Global Avg Pool. (7x7) I\

I Softmax
v

/ Classification Laver

ouUTPU>r

Figure 8: DenseNet201 layered architecture diagram [62].

’

fully connected+RelLU

xX 6

x 12

xX 48

x 32

x 1000

462



1JCBS, 24(12) (2023): 455--468

Image

1

Sx3 conv, sSstride 2

1

Reduction cell

1

Normal Cell

1

Reduction Ceil

l

Norrmal

Cell

1

Reduction Cell

1

Normal Cell

Figure 9: NasNetLarge architecture diagram [64].

|

Softrmasx

2

>N

Table 2: Comparison of various Fine-tuned models in binary classification task using batch size of 32.

Model Name Accuracy precision recall sensitivity Specificity
ResNet50 82.3% 82.6% 82.6% 95.1% 95.1%
ResNet50V2 94.1% 94.7% 94.7% 99.9% 99.9%
ResNet101 82.3% 82.5% 82.5% 93.4% 93.4%
ResNet101V2 97% 94% 94% 99.7% 99.7%
ResNet152 82.3% 82.5% 82.5% 93.4% 93.4%
ResNet152V2 91.1% 91.1% 91.1% 99.9% 99.9%
MobileNet 99.9% 99.7% 99.7% 99.7% 99.7%
MobileNetV2 94.1% 94.1% 94.1% 99.9% 99.9%
InceptionV3 82.3% 82.5% 82.5% 96.1% 96.1%
InceptionResNetV2 99.9% 99.9% 99.9% 99.9% 99.9%
Xception 91.1% 92.5% 92.5% 99.2% 99.2%
Vggl6 99.9% 99.9% 99.9% 99.9% 99.9%
DenseNet121 82.3% 82.5% 82.5% 97.9% 97.9%
DenseNet169 85.2% 85.6% 85.6% 96.6% 96.6%
DenseNet201 85.2% 84.1% 84.1% 97.3% 97.3%
NasNetMobile 82.3% 82.5% 82.5% 95.3% 95.3%
NasNetLarge 85.2% 84.3% 84.3% 96.3% 96.3%
EfficientNetB0 82.3% 82.5% 82.5% 82.5% 82.5%
EfficientNetB1 82.3% 82.5% 82.5% 82.5% 82.5%
EfficientNetB2 82.3% 82.5% 82.5% 91.1% 91.1%
EfficientNetB3 82.3% 82.5% 82.5% 89.5% 89.5%
EfficientNetB4 82.3% 82.5% 82.5% 85.8% 85.8%
EfficientNetB5 82.3% 82.5% 82.5% 90.3% 90.3%
EfficientNetB6 82.3% 82.5% 82.5% 92.7% 92.7%

Nasr et al., 2023
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Figure 10: EfficientNetBO0 architecture diagram [66].
Table 3: Comparing different Fine-tuned models in binary classification task employing batch size of 24.
Model Name Accuracy Precision Recall Sensitivity Specificity
ResNet50 82.3% 82.5% 82.5% 96.1% 96.1%
ResNet50Vv2 94.1% 94.7% 94.7% 99.7% 99.7%
ResNet101 82.3% 82.5% 82.5% 93.4% 93.4%
ResNet101V2 91.1% 91.9% 91.9% 98.9% 98.9%
ResNet152 82.3% 82.5% 82.5% 95% 95%
ResNet152V2 85.2% 89.3% 89.3% 99.2% 99.2%
MobileNet 99.7% 99.7% 99.7% 99.7% 99.7%
MobileNetV2 91.1% 92.7% 92.7% 99.9% 99.9%
InceptionV3 82.3% 82.7% 82.7% 95.2% 95.2%
InceptionResNetV2 94.1% 96% 96% 99.7% 99.7%
Xception 94.1% 94.2% 94.2% 99.5% 99.5%
Vggl6 99.9% 99.7% 99.7% 99.9% 99.9%
DenseNet121 82.3% 82.5% 82.5% 97.9% 97.9%
DenseNet169 82.3% 85.6% 85.6% 96.6% 96.6%
DenseNet201 85.2% 84.1% 84.1% 98.1% 98.1%
NasNetMobile 85.2% 82.8% 82.8% 95.5% 95.5%
NasNetLarge 85.2% 84.6% 84.6% 96.8% 96.8%
EfficientNetB0 82.3% 82.5% 82.5% 89% 89%
EfficientNetB1 82.3% 82.5% 82.5% 82.5% 82.5%
EfficientNetB2 82.3% 82.5% 82.5% 85.6% 85.6%
EfficientNetB3 82.3% 82.5% 82.5% 90.1% 90.1%
EfficientNetB4 82.3% 82.5% 82.5% 85.2% 85.2%
EfficientNetB5 82.3% 82.5% 82.5% 88.2% 88.2%
EfficientNetB6 82.3% 82.5% 82.5% 90.8% 90.8%
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Differences in classification sensitivity, specificity,
precision, recall, and accuracy were observed across various
batch sizes while maintaining a constant split ratio, image
size, number of epochs, learning rate, and optimizer (20%—
80%, 224 x 224, 400, 0.0001, and Adam, respectively) for
the DDTI dataset. Notably, the most optimal classification
performance was achieved specifically when utilizing a
batch size of 32. Results are summarized in Table 2 and
Table 3. A comprehensive comparison of twenty-four
alternative models revealed that Vggl6, MobileNet, and
inceptionresnetv2 models consistently delivered the most
favorable outcomes across various metrics using batch size
of 32. These advancements in deep learning have spurred
the creation and evaluation of sophisticated models
specifically for identifying malignant thyroid nodules. In
response, a versatile framework was devised, leveraging
CNN architecture and the aforementioned twenty-four
models. This study aimed to address the challenge of early
thyroid cancer detection using thyroid ultrasound images.
For this purpose, a Convolutional Neural Network model
employing transfer learning and fine-tuning with pretrained
models was employed to distinguish between malignant and
benign images. The experiment's effectiveness was gauged
through accuracy, precision, recall, sensitivity, and
specificity metrics. Notably, Vggl6, MobileNet, and
inceptionresnetv2 models, employing Transfer Learning for
accelerated learning, achieved an outstanding recognition
accuracy of 0.999. The results, delineated in Table 2 for a
batch size of 32 and Table 3 for a batch size of 24, were
obtained utilizing the adam optimizer across 400 epochs.

6. Conclusions

Diagnosing the severity of thyroid cancer with
exceptional accuracy represents a formidable task in current
biomedical research. This study addresses this challenge by
introducing a deep learning-based approach designed to
effectively detect thyroid diseases using a dataset
comprising 350 samples categorized into six TIRAD
(Thyroid Imaging Reporting and Data System) classes but
with binary target classification. To achieve the objective,
Multiple deep learning algorithms, including ResNet,
MobileNet, Inception, Xception, DenseNet, NasNet, and
EfficientNet, were extensively explored and evaluated. This
was followed by a comprehensive performance comparison
of these algorithms. In the evaluation of models, VGG16,
MobileNet, and  InceptionResNetV2  demonstrated
exceptional performance, achieving accuracy rates of
99.9%, respectively, along with precision scores of 99.9%
but MobileNet has precision score 99.7%. Following
closely, ResNet101V2 secured the second position with an
accuracy of 97% and a precision of 94%. These evaluations
encompassed both validation and testing phases. Future
research endeavors will involve the implementation of more
sophisticated machine learning (ML) and deep learning
(DL) algorithms. These algorithms will be applied to diverse
datasets, including both statistical data and medical images.
The primary aim is to enhance the efficiency and
effectiveness of thyroid cancer disease prediction and
diagnosis, particularly in the early stages of detection.
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