™

Check for
updates

Performance Analysis Based on Deep Learning
Architecture to Track Out Cholangiocarcinoma

Md Amzad Sadik Abid', Md. Tahmeed Kowsher Hameem?, Md. Arafath Hossen
Abir?, Md. Moijeuddin Molla?, Abdul Latif?>, Imrul Kayes Shefat?>, Abdul Kader?,
Ahnaf Tahmid Jamee?

! Lamar University, Texas, United States
2Daffodil International University, Dhaka, Bangladesh
3 Wentworth Institute of Higher Education, Surry Hills, Australia

{sadik.brac*, tahmeedhameeml, arafathkhanabir,
2016moize}@gmail.com, latifl15-11375Q@diu.edu.bd,
{shefatl44, abdulkader.gen, Jameeedl5}@gmail.com

Abstract. Deep learning has recently garnered significant attention for
developing fast, automated, and accurate image classification and identification
systems. This study focuses on enhancing and evaluating state-of-the-art deep
convolutional neural network (CNN) architectures for imaging-based
cholangiocarcinoma classification. The architectures analyzed include
ResNet152V2, MobileNetV2, InceptionV3, Xception, VGGI19, and
DenseNet201. The experimental dataset comprised medical images of healthy
and affected common bile duct tissue from 174 individuals, categorized into three
groups. The primary objective was to establish a reliable and efficient model for
early cholangiocarcinoma diagnosis using precise and rapid analytical methods.
DenseNet201 demonstrated superior performance, exhibiting no signs of
overfitting and achieving a test accuracy of 93%, outperforming other
architectures in original and transfer learning approaches. Furthermore,
DenseNet201 achieved this high performance with fewer parameters and reduced
computational cost. The models were trained using the Keras framework with a
Theano backend. This research provides valuable insights for data scientists and
medical professionals seeking to improve diagnostic accuracy in
cholangiocarcinoma detection.

Keywords: Cholangiocarcinoma Detection, Deep Learning, CNN, Transfer
Learning, Disease Detection.

1 Introduction

Data scientists have modified their approach to use Convolutional neural networks with
deep layers (D-CNN) for cholangiocarcinoma detection, classification, and segmenta-
tion due to the visible advantages of D-CNN in medical image analysis [1]. The enor-
mous amounts of data generated by scan centers necessitate a significant amount of
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time and effort spent on the part of doctors and radiologists for the classification pro-
cess, D-CNN illustrates exceptional performance when resolving issues with classifi-
cation based on difficult tasks such as fractionalization of cholangiocarcinoma cells in
medical image scans [2] [3].

When the initial tumor expands to the stage where a significant liver mass is formed
or when hepatitis develops as a result of biliary branch obstructions, CCA is frequently
identified at a more advanced stage. In particular, 60— 70% of CCA patients were iden-
tified to have distant tumors or local invasion, which considered aggressive treatment
unfeasible. Less than a year was the median total survival time [2][4][6]. It is generally
recognized that cholestasis and ongoing inflammation cause anomalies in several intra-
cellular pathways that are regulated by multiple proto-oncogenes, which in turns causes
cholangiocarcinoma [5]. The identification and treatment of diseases mainly depend on
histopathology investigation. As artificial intelligence evolved, an increasing number
of pathological databases for histopathological detection have been reported. Micros-
copy hyperspectral images of a patient's liver among digital images are an effective tool
for identifying cholangiocarcinoma. Large data sets and various kinds of cholangiocar-
cinoma as make the traditional method costly and susceptible to human error [4].

1.1 Motivation

Cholangiocarcinoma usually requires two approaches: detection and segmentation.
These have recently been made accessible. Unfortunately, these approaches are labor-
intensive and susceptible to inaccuracy since they require manual tumor segmentation
and feature extraction. It requires an automated tumor diagnostic technique to precisely
extract features and detect cholangiocarcinoma [7]. The use of D-CNN for cholangio-
carcinoma detection is one approach. Since the approach is less susceptible to mistakes
and is time-consuming, it is dependent upon the detection and classification of cholan-
giocarcinoma based on medical photographs [6] [8]. The primary target of this research
is to use MRI images and a D-CNN to detect, segment, and categorize cholangiocarci-
noma. This research will use the D-CNN with transfer learning, region-based convolu-
tion neural networks (R-CNN), and the traditional CNN architecture. This study inves-
tigated the original CNNs Resnet152V2, InceptionV3, Xception, MobileNetV2, Dense-
Net201, and VGG19. Several types of width-based, depth-based, and spatial-based ar-
chitecture are included in the array of original CNN [9]. The study that examined deep
CNN is needed for image processing has an impact on the objective as well. whereas
CNN-based architectures have been developed and used in this study to address the
problem of cholangiocarcinoma classification, including VGG19, Resnet152V2, Incep-
tionV3, Xception, MobileNetV2, and DenseNet201.

Despite the breakthrough in cholangiocarcinoma research applying D-CNN, current
academics of the case study claim that despite substantial advances in the creation of
CAD in identifying cholangiocarcinoma, the approaches face obstacles owing to poor
accuracy. The erroneous categorization of the liver will lead to disastrous effects. Con-
sequently, understanding the proper kind Thus the early tumor grade plays an essential
part to play in establishing a specific treatment strategy [4]. However, most existing
research approach cholangiocarcinoma for detection, whereas the type of the tumor,



Performance Analysis Based on Deep Learning Architecture to Track... 9

stage of the tumor, and related information on the tumor remain under- researched. Our
observation is also supported by the study of, who purported that more research works
toward cholangiocarcinoma classification should be implemented.

1.2  Expected Outcome

The main significance of this study is that the cholangiocarcinoma patient is ex-
pected to benefit from a more accurate diagnosis of tumors than before, providing an
opportunity for proper treatment. An effective treatment plan and an accurate diagnosis
of cholangiocarcinoma depend on early detection. We investigate a novel CNN ap-
proach based on deep learning that offers good accuracy in the diagnosis and classifi-
cation of cholangiocarcinoma by processing RGB pictures. This is because despite a
handful of research devoted in cholangiocarcinoma research, recently criticizes the sub-
stantial false-positive results and poor accuracy in cholangiocarcinoma studies. More
features will contribute toward the accuracy of the detection/classification process of
cholangiocarcinoma which will accelerate the development of the cholangiocarcinoma
research area.

2 Literature review

The tumour's location significantly influences the available surgical procedures, treat-
ment decisions for advanced stages, and the overall prognosis [1]. Between 50% and
60% of cases belong to the perihilar cholangiocarcinoma (pcca) subtype, with distal
cholangiocarcinoma (dcca) accounting for approximately 25% of instances, and intra-
hepatic cholangiocarcinoma (icca) representing about 20% of cases. Despite variations
in histologic subtypes, most cases are identified as sclerosing-type carcinomas. Forner,
A., Vidili, G. (2019), and colleagues addressed Cholangiocarcinoma (CCA) in their
study, focusing on clinical presentations, diagnostic methodologies, and staging tech-
niques. They highlighted the importance of understanding CCA's clinical manifesta-
tions, employing effective diagnostic strategies including imaging, and accurately stag-
ing the disease, as these phases significantly influence the formulation of a successful
treatment strategy [2].

Zhang, Q., Li, Q., Yu, G., et al. (2019) conducted a study that categorised a multidi-
mensional choledoch database containing hyperspectral microscopy and RGB colour
images with meticulous labelling [3]. The study aimed to achieve the following objec-
tives: a) to provide a comprehensive and up-to-date review of pathological imaging
systems; b) Offer a detailed describing of the proposed database, including the login
method; and c) to announce that the multidimensional database has been released and
is available for download after registration, with access information provided on the
official website.

Most intrahepatic cholangiocarcinomas typically present as a single mass, predomi-
nantly located in the right lobe of the liver (approximately 35%), compared to the left
lobe (about 22%) [4][5]. A smaller proportion of these tumours are centrally located
(around 12%), while others may appear as multiple growths (approximately 31%).
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These algorithms play a crucial role in automating and enhancing the accuracy of image
analysis, aiding in the early detection and precise diagnosis of cholangiocarcinoma [6].
Duangkumpha, K., Stoll, T. (2019) et al. carried out serum protein biomarker discovery
[7]. The process involved shotgun without labels, where 30 participants (n = 10 for the
“USnormal, US-PDF, and CCA groups”) had depleting serum samples on which pro-
teomics was conducted. Using supervised multivariate statistical analysis, 11 discrimi-
nating proteins were found among the 40 protein candidates selected (n = 30 per group)
based on repeated reaction monitoring on an additional 90 samples. This process of
discovery and qualification is crucial as it identifies potential biomarkers that can aid
in the early detection and accurate diagnosis of cholangiocarcinoma. Using ELISA and
immunohistochemistry (IHC), we further assessed 3 candidates. Infiltrating tumour
stroma immune cells included S100A9, which was found. Depleted sera exhibited en-
couraging results from proteomics discovery and qualification [8].

Ultrasound was used to confirm the presence of a PDF or a normal bile duct in 42
patients' pooled urine samples used for the biomarker development process [9]. After
high-abundance proteins were removed, 338 urine proteins remained. Seventy potential
proteins were chosen based on fold change and thorough research for further evaluation
using MRM-MS. These proteins were tested across 90 urine samples, with 30 samples
in each group [10].

Sciarra, A., Park, Y. N. (2020) et al. investigated the important points of the 2018
agreement, which is now included in the 2019 WHO classification, and provide a brief
survival guide to assist surgical pathologists encountering cHCC-CCA in their usual
workup [8]. Gad et al. classified the SEER 18 database analyzed cholangiocarcinoma
cases in the United States spanning from 2000 to 2015. This investigation delved into
the incidence and death rates of cholangiocarcinoma among different racial groups, ex-
pressed per 1,000,000 person-years. Researchers employed join-point regression soft-
ware to calculate the Annual Percent Change (APC). The study encompassed 16,189
cholangiocarcinoma patients, with the majority (64.4%) presenting with intrahepatic
tumors. The demographic profile showed a predominance of white individuals (78.4%),
men (51.3%), and individuals aged over 65 years (63%). These were notably higher
among Asians, men, and those aged over 65. The study observed a significant increase
in incidence rates over the study duration. Similarly, mortality rates also exhibited a
significant rise in study time, although there was a subsequent decrease after 2013 (APC
=-25.029, P <.001).

Lapitz et al. serial ultracentrifugation were used to separate serum and urine EVs,
which were then examined using transmission electron microscopy, immunoblotting,
and nanoparticle tracking analyses [11]. An Illumina gene expression array was utilized
to scrutinize the transcriptome of extracellular vesicles (EVs), encompassing both mes-
senger RNAs and non-coding RNAs. The examination revealed 105 and 39 transcripts
that exhibited frequent alterations in serum and urine EVs. The pathogenetic mecha-
nisms behind PSC-CCA were also described by Grimsrud and Folseraas (2019), along
with methods for identifying and treating the premalignant and malignant stages of
CCA in relation to PSC [12].



Performance Analysis Based on Deep Learning Architecture to Track... 11

A CapsNet classifier was created by Swaraj, K. P. et al. (2021) to recognise the liver
regions in CT scans. The CapsNet helps in instance classification through pre-pro-
cessing and feature extraction phases. Different liver images from the input datasets are
used to train the classifier, and test images are used to verify the classifier's accuracy
[15]. Wakiya, T. et al. (2022) investigate on utilizing DL algorithms to predict early
postoperative recurrence by analyzing preoperative plain computed tomography (CT)
images has shown promising outcomes. A dataset comprising CT images before sur-
gery was collected from 41 patients who underwent curative surgery for iCCA across
medical areas. Using a residual convolutional neural network, a CT patch-based pre-
dictive model was developed and assessed through a fivefold cross-validation process.
Early recurrence, defined as recurrence within a year post-surgical resection, was ob-
served in 20 out of the 41 patients (48.8%). The segmented tumor area from each patient
yielded 71,081 patches for analysis. The constructed ResNet model demonstrated an
average training dataset accuracy of 98.2%. The summary of literature review presented
in Table 1.

Table 1. Comparison of Deep Learning Approaches for Cholangiocarcinoma Detection

Per-
Deep for-
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92% noise.
Multi- Preci- | b oposed a  multi-
Zhang et | Image clas- | modal CNN (In- | sion: P

. . . . modal approach but
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(2019) CCA cal image | ResNet) Recall: dataset size &

dataset 88% )
€T and Focused on liver can-
Wang et | Computer- MRI scans | CNN (Mo- | Accu- .

. . . . cer, with a smaller da-
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. CT liver 98%, .
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(2021) detection & Networks) tivity: tion, achieving high

94% sensitivity.
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Successfully im-
Trans- Seg- .
Hyperspec- | Hyper- proved segmentation
. b former menta- :
Li et al. | tral image | spectral model tion ac- | dceuracy with SCAT,
(2022) segmenta- CCA da- . _ | but not directly appli-
tion taset with CUracy: | cable to full CCA de-
SCAT 93% .
tection.
. . Sensi- | Demonstrated use of
Tera GAN for Tissue CNN with tivity: GANs for rare dis-
moto et . samples GAN- o .
rare disease 95%, eases with successful
al. . from IIP | generated . .
detection . AUC: image generation for
(2022) patients data i
0.98 training.

3 RESEARCH METHODOLOGY

For cholangiocarcinoma diagnosis, this research applied the original “VGG19, Res-
Netl152V2, MobileNetV2, Inception-V3, DenseNet201, and Xception” architectures.
The selection of CNN architectures was based on the study by [15], which categorized
the taxonomy of CNN depending on the type of architecture into seven different classes,
namely; “spatial exploitation, depth, multipath, width, feature-map exploitation, chan-
nel boosting, and attention-based CNNs”. From each of the category, one architecture
was selected. However, there is overlap, such as ResNet falls in depth, width, and multi-
path category. The methodology is illustrated in Figure 1, the data distribution is shown
in Table 2, and sample images are provided in Figure 2.
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Figure 1: Research Methodology.
Table 2: Distribution of cholangiocarcinoma images

No of Images Training images | Validation images
Samples-Part of 690 483 138
cancer
Full-Full Part of 49 34 10
cancer
Normal-With- 142 99 28
out cancer part
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881 616 176

Samples-Part of cancer Full-Full Part of cancer Normal-Without cancer part

Figure 2. Example of 3 classes: Samples-Part of cancer, Full-Full Part of cancer, Nor-
mal-Without cancer part.

The multidimensional choledoch database organizes its image filenames to convey spe-
cific information about the content. These filenames encompass three distinct types of
samples: Sample-samples containing partial areas affected by cancer, Full- samples
portraying complete cancer areas, and Normal samples showcasing regions devoid of
cancerous presence. The filename structure follows a pattern delimited by dashes, ex-
emplified by entries like 030406-20x-roil. The initial part, such as 030406, signifies
the unique identifier for tissue specimens. The second segment, denoted by 20x, indi-
cates the magnification level attained through the objective lens used during imaging.
The pre-processing steps applied to pathological choledoch tissue RGB images are out-
lined in Figure 3, illustrating the sequential application of various techniques aimed at
optimizing the images for subsequent analysis and diagnosis in the research.

Original Image Center Augmentation Center combined Combined Augmentation
Augmentation

Figure 3. Results of image augmentation

3.1 Dataset

The dataset comprises of RGB images of healthy and malignant tissue from MRI.
It was divided in training, validation and test sets with 881, 616 and 176 images re-
spectively. The images were resized to 224x224 pixels, and then normalized, which
could improve the stability of training. Data augmentation including rotation, flipping
and zooming was performed to training set in order to add model robustness. Augmen-
tation techniques helped mitigate the limited dataset size, but further augmentation
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strategies or synthetic data generation could improve robustness. The models were
trained for 250 epochs and early stopping was used if the validation performance was
not better than that estimated at any time over a period of 10 successive epochs. We
employed Adam optimizer with learning rate of 0.0001 and batch size of 16. Precision,
Recall, F1-score, and Specificity were used to evaluate the models.

3.2  Applied Mechanism

CNN learner model was constructed using various architectures like VGG19, Res-
net152V2, InceptionV3, Xception, MobileNetV2, and DenseNet201. These models un-
derwent training using a specific dataset and were subsequently tested to assess their
classification accuracy. Each of the models was trained over 250 epochs (iterations)
while incorporating Early Stopping callbacks, set with a patience parameter of 10 iter-
ations. This means that if there was no improvement in performance for 10 consecutive
epochs, the training process would cease. The models underwent training using the
same optimizer and were subsequently saved as .h5 files. Training durations varied:
DenseNet201 took approximately 31 seconds per epoch, while ResNet152V2 and In-
ceptionv3 each required about 17 seconds per epoch. Within this research, standard
deviation served as the chosen performance metric, as the dataset exhibited no signifi-
cant imbalances. Hyperparameters were set as follows: “a dropout rate of 0.3, learning
rate of 0.0001, batch size of 16, and 250 epochs”. Neural networks were selected for
their established success as classifiers across numerous real-world applications. The
proposed system diagram is presented in Figure 4.

T e e = N B O

Figure 4: Proposed system diagram.
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4 EXPERIMENTAL RESULTS AND DISCUSSION

The performance of six transfer learning CNN architectures is presented. DenseNet201
model achieved not only the highest training accuracy but also the highest model accu-
racy with the values of 99% and 93% respectively. Meanwhile, the VGG19 provides
the lowest training accuracy (84%) and the MobileNetV2 provides lowest model accu-
racy (89%). The rest of architectures got the lowest training accuracy of 99% except
the VGG19 which has 84% training accuracy. On the other hand, “VGG19, Incep-
tionV3, Xception, ResNet152V2, and DenseNet201” produce 90% to 93% model ac-
curacy for cholangiocarcinoma diagnosis through transfer learning [16].

Table 3 give the “Precision, Recall, F1-score, and Specificity” results of transfer learn-
ing. Resnet152 V2 architecture provides the best performance and VGG19 stipulates
the worst performance. The MobileNetV2 performed mentionable lowest Recall value
91% for the identification of the Sample (Part of cancer). The test results of transfer
learning also show that, the Sample (Part of cancer) is identified correctly with the most
Precision, Recall and F1-score value by the Xception. In term of Normal (Without can-
cer) class, best recall (95%) is achieved through Densenet201and MobileNetV2 while
VGG19 stipulates lowest F1-score (78%). In contrast, the Full (Full part of Cancer) is
classified with 54% Precision and 31% F1-score which is the best score among all pro-
vided by Xception and MobileNetV2 respectively and 36% Recall is achieved through
MobileNetV2.

Table 3. Classification Report of Transfer learning

DenseNet201 Full Normal Sample
Precision 17% 87% 94%
Recall 1% 96% 98%
F1-score 2% 91% 96%
Support (N) 164 470 2278
VGG19 Full Normal Sample
Precision 00% 97% 89%
Recall 00% 71% 100%
F1-score 00% 82% 94%
Support (N) 156 465 2195
InceptionV3 Full Normal Sample
Precision 54% 77% 95%
Recall 12% 94% 96%
F1-score 20% 85% 96%
Support (N) 157 453 2206
Xception Full Normal Sample
Precision 00% 85% 94%
Recall 00% 89% 99%
F1-score 00% 87% 96%
Support (N) 154 450 2212
Resnet152V2 Full Normal Sample
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Precision 36% 78% 95%
Recall 17% 93% 95%
F1-score 23% 84% 95%
Support (N) 156 455 2205
MobilenetV2 Full Normal Sample

Precision 27% 85% 96%
Recall 36% 96% 91%
F1-score 31% 90% 94%
Support (N) 163 453 2200

The performance of transfer learning is presented through confusion matrix. The con-
fusion matrixes illustrate that Resnet152 V2 predict Meningioma through high TP val-
ues than any other networks and it predicts 2396 samples correctly out of 2940. Besides,
VGG16 has low TP values and high FP and FN values. Regarding the No-tumor class,
Densenet201outperforms others by predicting 3050 samples with correctly out of 3582.
However, there are higher FP and FN values comparing to other classes. Similarly,
Densenet201 overtakes others through predicting 3009 Pituitary samples accurately out
of 3146 samples. In contrast, Xception shows high performance with 2610 TP values
for Glioma. The Loss and Accuracy curve of Transfer learning CNN models VGG19,
ResNet152V2, InceptionV3, Xception, MobielNetV2, and DenseNet201 are presented
in Figure 5, Figure 6, Figure 7, Figure 8, Figure 9, Figure 10, respectively.
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Figure 5. Loss and Accuracy curve of VGG19.



Performance Analysis Based on Deep Learning Architecture to Track... 17

09

08

07

06

05

04

03

—— Tain loss
~ Validation loss

0.7

0.6

0.5

0.4

0.3

0.7

0.6

0.5

0.4

0.3

10

10

20

20

—— Train loss
—— Validation loss

30 40 50 60

09

08

07

06

05

0.900
0.875
0.850
0.825
0.800
0.775
0.750

— Tain Accuracy
~ Validation Accuracy

T

0
Figure 6. Loss and Accuracy curve of Resnet152V2.

20

)

& &

0

10

20

—— Train Accuracy
—— Validation Accuracy

30

Figure 7. Loss and Accuracy curve of InceptionV3.

—— Train loss
—— Validation loss

30 40 50 60

0.900
0.875
0.850
0.825
0.800
0.775

0.750

40 50 60

0

10

20

—— Train Accuracy
—— Validation Accuracy

30

Figure 8. Loss and Accuracy curve of Xception.

40 50 60




18 M. A. S. Abid et al.

— ?a?n loss 090
Validation loss

A

085

0.80

08 075

070

ie 065

0.60
04

055

s e o ~— Train Accuracy
s - 050 Validation Accuracy

I T

Figure 9. Loss and Accuracy curve of MobilenetV2.

—_ iain loss 090
09 Validation loss

0385
08

07 0380

06 075

05 070

04 0.65

03 060 —— Train Accuracy

Validation Accuracy

v n » ® & u @ 0 L
Figure 10. Loss and Accuracy curve of Densenet201.

The accuracy evaluated of appropriately classified samples total number of all samples.
In term of training accuracy, DenseNet201, Xception, InceptionV3, VGG19, Mo-
bileNetV2, and Resnet152V2 have the highest value (99%). DenseNet201 exhibits the
maximum value of 93% while MobileNetV2 has the minimum percentage of 89%. The
rest of the architecture shows the moderate model accuracy.

5 SUMMARY, CONCLUSION, AND IMPLICATION FOR
FUTURE RESEARCH
5.1 Summary of the Study

The study revealed differing accuracy rates in the classification of cholangiocarci-
noma images using VGG19, Resnet1 52V2, InceptionV3, Xception, MobileNetV2, and
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DenseNet201, all trained on the same dataset. The original DenseNet201, Xception,
and InceptionV3 models displayed the highest accuracies, achieving 93%, 92%, and
91%, respectively, for the same brain cholangiocarcinoma images.

Transfer learning, a method aimed at enhancing a learner's performance by leveraging
knowledge from related environments, was explored. Pinto et al. highlighted the im-
portance of utilizing transfer learning when the source and target datasets exhibit a cer-
tain degree of similarity to avoid a decrease in performance. The study underscored the
risk of negative transfer arising from dissimilarities between the target and source da-
tasets. However, it emphasized the potential efficacy of transfer learning in effectively
training deep learning models.

5.2 Conclusion

Detecting and classifying cholangiocarcinoma early on stands as a critical need for
accurate diagnosis and subsequent treatment. This study's primary focus is to compre-
hensively assess the performance of D-CNN (Deep Convolutional Neural Network) in
detecting and classifying cholangiocarcinoma. Our research indicates that employing
MR-CNN (Magnetic Resonance Convolutional Neural Network) proves effective, es-
pecially when dealing with limited and potentially unclean datasets. Notably, the exist-
ing literature on cholangiocarcinoma detection is quite scarce, prompting this compar-
ative study, which holds significant promise in enhancing cholangiocarcinoma man-
agement. Our investigation into cholangiocarcinoma classification involved evaluating
various CNN models, including those utilizing transfer learning techniques. The model
demonstrated promising performance, achieving an average precision of 0.885 with an
inference time of 3173 milliseconds. However, the research faces several limitations
that require attention in future investigations.

References

1. Buckholz, A. P., & Brown, R. S. (2020). Cholangiocarcinoma: diagnosis and management.
Clinics in Liver Disease, 24(3), 421-436.

2. Forner, A., Vidili, G., Rengo, M., Bujanda, L., Ponz-Sarvisé, M., & Lamarca, A. (2019).
Clinical presentation, diagnosis and staging of cholangiocarcinoma. Liver International, 39,
98-107

3. Zhang, Q., Li, Q., Yu, G., Sun, L., Zhou, M., & Chu, J. (2019). A multidimensional chole-
doch database and benchmarks for cholangiocarcinoma diagnosis. IEEE access, 7, 149414-
149421.

4. Oliveira, L. S., Kilcoyne, A., Everett, J. M., Mino-Kenudson, M., Harisinghani, M. G., &
Ganesan, K. (2017). Cholangiocarcinoma: classification, diagnosis, staging, imaging fea-
tures, and management. Abdominal radiology, 42(6), 1637-1649..

5. Ejaz, A., Cloyd, J. M., & Pawlik, T. M. (2020). Advances in the diagnosis and treatment of
patients with intrahepatic cholangiocarcinoma. Annals of Surgical Oncology, 27(2), 552-
560.



20

10.

11.

12.

13.

14.

15.

16.

M. A. S. Abid et al.

Wang, S., Liu, X., Zhao, J., Liu, Y., Liu, S, Liu, Y., & Zhao, J. (2021). Computer auxiliary
diagnosis technique of detecting cholangiocarcinoma based on medical imaging: A review.
Computer Methods and Programs in Biomedicine, 208, 106265.

Duangkumpha, K., Stoll, T., Phetcharaburanin, J., Yongvanit, P., Thanan, R., Techasen, A.,
... & Loilome, W. (2019). Discovery and qualification of serum protein biomarker candi-
dates for cholangiocarcinoma diagnosis. Journal of proteome research, 18(9), 3305-3316.

. Sciarra, A., Park, Y. N., & Sempoux, C. (2020). Updates in the diagnosis of combined hepa-

tocellular-cholangiocarcinoma. Human pathology, 96, 48-55.

Duangkumpha, K., Stoll, T., Phetcharaburanin, J., Yongvanit, P., Thanan, R., Techasen, A.,
... & Loilome, W. (2019). Urine proteomics study reveals potential biomarkers for the dif-
ferential diagnosis of cholangiocarcinoma and periductal fibrosis. PLoS One, 14(8),
€0221024.

Gad, M. M., Saad, A. M., Faisaluddin, M., Gaman, M. A., Ruhban, I. A., Jazieh, K. A., ...
& Estfan, B. N. (2020). Epidemiology of cholangiocarcinoma; United States incidence and
mortality trends. Clinics and research in hepatology and gastroenterology, 44(6), 885-893.
Lapitz, A., Arbelaiz, A., O’Rourke, C. J., Lavin, J. L., La Casta, A., Ibarra, C., ... & Banales,
J. M. (2020). Patients with cholangiocarcinoma present specific RNA profiles in serum and
urine extracellular vesicles mirroring the tumor expression: novel liquid biopsy biomarkers
for disease diagnosis. Cells, 9(3), 721.

Grimsrud, M. M., & Folseraas, T. (2019). Pathogenesis, diagnosis and treatment of
premalignant and malignant stages of cholangiocarcinoma in primary sclerosing cholangitis.
Liver International, 39(12), 2230-2237.

Li, Q., Sun, Z., Wang, Y., Liu, H., Guo, F., & Zhu, J. (2014). Histological skin morphology
enhancement base on molecular hyperspectral imaging technology. Skin Research and
Technology, 20(3), 332-340.

Tobore, 1., Li, J., Yuhang, L., Al-Handarish, Y., Kandwal, A., Nie, Z., & Wang, L. (2019).
Deep learning intervention for health care challenges: some biomedical domain considera-
tions. JMIR mHealth and uHealth, 7(8), e11966.

P, Swaraj & G, Kiruthiga & P, Madhu. (2021). DETECTION OF LIVER CANCER FROM
CT IMAGES USING CAPSNET. ICTACT Journal on Image and Video Processing. 12.
2601-2604. 10.21917/ijivp.2021.0368.

M. Maniruzzaman, M. S. Jaman, M. A. S. Abid, Z. Mahmud, M. E. Rahman and M. N. A.
Siddiky, "A Hybrid mRMR-RFE and Al Framework for Advancing Alzheimer's Biomarkers
Discovery," 2025 International Conference on Artificial Intelligence in Information and
Communication  (ICAIIC), Fukuoka, Japan, 2025, pp. 0282-0287, doi:
10.1109/ICAIIC64266.2025.10920700.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's

Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Performance Analysis Based on Deep LearningArchitecture to Track Out Cholangiocarcinoma



