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Abstract— Pancreatic cancer, particularly pancreatic ductal adenocarcinoma (PDAC), is among the deadliest cancers due to its
asymptomatic early stages, often leading to late diagnoses and poor prognoses. Traditional diagnostic methods, induding computed
tomography (CT) and endoscopic ultrasound (EUS), frequently fail to detect the disease at an early stage, resulting in delayed
interventions. Recent advancements in machine learning (ML) and deep learning (DL) techniques, notably convolutional neural
networks (CNNs) and object detection models like You Only Look Once (YOLO), are significantly enhancing tumor detection and
the simulation of tumor growth.

This review aims to explore these advanced Al strategiesin medical imaging diagnostics, emphasizing their potential to identify
early-stage pancreatic cancer and predict tumor progression. Additionally, it examines innovative imaging techniques, emerging
biomarkers, and liquid biopsy technologies, along with mathematical models for assessing cancer risk. By integrating these tools, the
review underscores the potential for improved screening andtreatment approaches that can enhance patient outcomes.

Index Terms— Pancreatic cancer, tumor detection, imaging techniques, biomarkers, Convolutional Neural Network (CNN), You
Only Look Once (YOLO), liquid biopsy, tumor simulation, multiscale modeling, cancer risk prediction, machine leaming, early
detection.

I. INTRODUCTION
Gall

Pancreatic cancer ranks among the leading causes of bladder
cancer-related deaths globally, with a five-year survival rate
of only approximately 11.5%. The difficulty in diagnosing
this cancer in its early stages is a major contributor to its high
mortality rate. By the time symptoms manifest, the disease
has often progressed to an advanced stage, severely limiting
treatment options and overall prognosis. Surgical

intervention, the only potential curative treatment, is feasible accesory \ N ' \
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for less than 20% of patients, highlighting an urgent need for duct parkestc c(ict
innovative early detection strategies. Duodenal .
.y . . papilla - Duodenum Pancreatic ducts
Artificial Intelligence (Al) has transformed various sectors
of healthcare, particularly in imaging technologies for cancer Figure 1. Pancreas [41]

detection and diagnosis. Machine Learning (ML) and Deep
Learning (DL) models have been increasingly applied to
image classification, anomaly detection, and disease
prognosis. In pancreatic cancer, Convolutional Neural - : g |
Networks (CNNs) are instrumental in analyzing images, exocrine function of the pancreas involves producing

while object detection models like You Only Look Once digestive enzymes, while the endocrine function involves

(YOLO) enable real-time tumor identification. Moreover, ~Producing hormones like insulin and glucagon.
advanced methodologies such as tumor simulation Understanding the anatomy and function of the pancreas is

mathematical modeling, and probability-based  risk crucial for diagnosing and treating various pancreatic

prediction are emerging as promising approaches to enhance diseases.
diagnostic accuracy and improve treatment outcomes.

As shown in Figure 1, The pancreas is a gland behind the
stomach that produces digestive enzymes and hormones. It is
divided into four parts: head, neck, body, and tail. The

Il. LITERATURE REVIEW

Pancreatic cancer research has increasingly focused on the
critical role of cancer stem cells (CSCs) in understanding the
progression ofthe disease and its treatment potential. Barman
et al. (2021) underscores the impact of CSCs on therapy
resistance and tumor recurrence in pancreatic cancer,
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highlighting the importance of targeting these cells to
improve patient outcomes (1). The use of deep learning
techniques for tumor detection is also gaining traction, with
Brownlee (2019) demonstrating how convolutional neural
networks (CNNs), implemented via Keras, can significantly
improve tumor identification accuracy (2). Similarly,
Chandrasekaran et al. (2023) explored how combining
multiple data sources through multimodal approaches can
provide a more complete picture of diagnostics (3).

In medical image analysis, Chou et al. (2023) emphasize
the significance of augmentation techniques, which increase
data diversity and improve model robustness (4). Datta et al.
(2021) applied CNNs to CT scans for detecting pancreatic
cancer, showcasing how these networks can handle complex
imaging data effectively to aid in diagnosis (5). The
foundationalwork by Deng et al. (2009) on ImageNet created
a large-scale database that has been pivotal for advancements
in image recognition, now widely applied in medical imaging
(6).

The study of pancreatic cancer's origins is well explored by
Dobrila-Dintinjana et al. (2012), who identify both genetic
and environmental factors that contribute to the disease (7).
On the therapeutic front, Elsayed and Abdelrahim (2021)
review new treatments and strategies for pancreatic ductal
adenocarcinoma (PDAC), outlining cutting-edge guidelines
aimed at improving patient care (8). In addition, Ghosh et al.
(2022) emphasize the growing need for explainable Al in
healthcare, ensuring that the decision-making processes of
machine learning (ML) models are transparent for healthcare
professionals (9).

The role of biomarkers in diagnosing, predicting, and
determining the prognosis of pancreatic cancer is extensively
covered by Giannis et al. (2021), who underline the
importance of these tools for tailoring treatment (10). Gupta
et al. (2023) further advocate for the use of multimodal
approaches—integrating imaging, clinical data, and genetic
profiles—to simulate tumor growth, which improves
diagnostic precision (11). Hindriksen and Bijlsma (2012)
delve into the roles of CSCs, epithelial-to-mesenchymal
transition (EMT), and developmental pathways in the onset
of pancreatic tumors, providing insights into tumor
development and resistance to treatment (12).

Rashid et al. (2021) analy ze the tumor microenvironment
and signaling pathways in pancreatic cancer, focusing on
how these elements complicate treatment strategies (13). Jia
et al. (2013) used transcriptome and epigenome analysis to
identify new genes related to pancreatic cancer, offering fresh
avenues for research and identifying potential biomarkers
(14). The role of Al in oncology is further expanded upon by
Johnson et al. (2022), who review the effectiveness of
automated systems in improving diagnostic accuracy (15).

For early detection, Kapoor et al. (2022) stresses the
importance of Al-powered predictive models in identifying
pancreatic cancer at treatable stages, which could

significantly improve patient outcomes (16). Kamel et al.
(2021) showcase how ML models, particularly in medical
imaging, enhance cancer detection rates (17). The work of
Kemp et al. (2021) highlights immune cells, such as
tumor-associated macrophages, as potential targets for
innovative therapies in pancreatic cancer (18).

Karas et al. (2022) discuss how Al models can simulate
tumor growth to predict disease progression and treatment
outcomes (19). In a similar vein, Karandish and Mallik
(2016) review the use of biomarkers to guide treatment
decisions in pancreatic cancer, emphasizing personalized
therapeutic approaches (20). Kim et al. (2019) illustrates the
potential of CNNs to predict tumor growth, showing how
imaging data can forecast disease progression (21).

Li et al. (2020) presents a computer-aided diagnosis
system for staging pancreatic cancer, a critical tool for
personalized treatment planning (23). Li et al. (2022) also
explores the real-time detection capabilities of YOLO (You
Only Look Once), demonstrating its effectiveness in medical
image analysis (24). Liu et al. (2021) focus on using Random
Forest models to enhance the accuracy of endoscopic
ultrasound (EUS) imaging in diagnosing pancreatic tumors
(25). Liu et al. (2023) highlight Google’s cloud-based tools
for medical image analysis, which offer scalable Al
deployment solutions for healthcare institutions (26).

Mathews et al. (2020) emphasize the growing role of
explainable Al in medical imaging, stressing that models
must be interpretable for clinical use (27). Nguyen et al.
(2021) discuss the application of ML techniques for
predicting tumor progression, offering insights into how
these models can assist in devising more effective treatment
plans (28). Poudel et al. (2021) focus on the challenges of
applying deep learning to medical imaging, particularly
around issues such as data quality and model generalizability
(29).

The exploration of vaccine therapy for pancreatic cancer
by Salman et al. (2013) outlines promising approaches in
immunotherapy, particularly those targeting tumor-specific
antigens (30). Sharma et al. (2023) examines the security
challenges posed by cloud-based medical data systems,
which are critical to safeguarding sensitive patient
information in Al-driven models (31). Singh et al. (2021)
further discusses the scalability and computational power of
cloud-based Al solutions, particularly their application in
medical imaging (32).

The application of YOLOv8 in tumor detection is
demonstrated by Smith et al. (2022), showing how its rapid
processing capabilities benefit medical imaging analysis
(33). In a broader review, Smith et al. (2021) explore
advancements in deep learning techniques for cancer
detection, noting the improvements in diagnostic accuracy
(34). Sunami et al. (2021) explores a novel therapeutic
approach targeting cancer-associated fibroblasts in the tumor
microenvironment of pancreatic cancer (35).
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Tan et al. (2018) focus on transfer learning, a technique
that has become increasingly important for training Al
models when medical datais limited (36).

I11. LITERATURE SURVEY

This table summarizes the performance of various
machine-learning models applied to pancreatic tumor
detection using different imaging techniques. Support Vector
Machines (SVM), used by Wang et al. (2020) on CT scans,
demonstrated a high accuracy of 89%, effectively balancing
sensitivity and specificity. Liu et al. (2021) employed

Random Forest models on EUS images, which achieved an
85% accuracy, but the sensitivity and specificity were
slightly lower compared to SVM models. Zhang et al. (2022)
applied Logistic Regression on MRI images, achieving an
accuracy of 87%, indicating the model's effectiveness in
medical imaging. Mathews et al. (2021) used Decision Trees
for MRI scans, reaching 83% accuracy. Finally, Kumar et al.
(2021) integrated K-Nearest Neighbours (KNN) across CT
and MRI datasets, achieving 84% accuracy. Overall, these
models illustrate varying levels of performance based on the
imaging modality and model type.

Table I: Performance of Machine Learning Models in Tumor Detection

Study Model Database Accuracy (%) Sensitivity (%) | Specificity (%)
Wang et al. (2020) SVM CT scans (n = 500) 89 87 85
Liu etal. (2021) Random Forest EUS images (n=350) |85 83 82
Zhang et al. (2022) Logistic Regression | MRIimages (n =450) |87 86 84
Mathews et al. (2021) | Decision Tree MRI scans (n =300) 83 80 82
Kumar et al. (2021) KNN CT & MRI (n=400) 84 82 83

This table compares the performance of Convolutional
Neural Networks (CNNs) and YOLO (You Only Look Once)
models in tumor detection. Li et al. (2022) demonstrated the
robustness of CNNs on CT and MRI scans, achieving a 91%
sensitivity, 89% specificity, and 90% accuracy. Zhang et al.
(2021) applied YOLO to MRI images, resulting in a 92%
sensitivity, though the specificity was lower at 87%. Gupta et
al. (2023) explored the integration of CNN and YOLO

performance with an accuracy of 91%. Smith et al. (2022)
tested YOLOv8 on MRI images, achieving the highest
accuracy in the table at 92%. Datta et al. (2021) used 3D
CNNs for CT scan analysis, focusing on improving depth
perception in imaging data, while Ghosh et al. (2020)
leveraged YOLOvVS5 for both MRI and CT datasets, balancing
the performance with a 91% sensitivity and 90% specificity.
This comparison highlights how combining CNN and YOLO

models for CT scan analysis, yielding a balanced can lead to enhanced detection accuracy.
Table II: Performance of CNN and YOLO Models
Study Model Database (SO/eO;mt|V|ty EQ; Ze)szlmty ,(At;joc)uracy
Li etal. (2022) CNN CT &MRI scans (n=450) | 91 89 90
Zhang et al. (2021) YOLO MRIimages (n =300) 92 87 88
Guptaetal. (2023) CNN+ YOLO CT scans (n = 500) 90 91 91
Smith et al. (2022) YOLOv8 MRIimages (n =250) 93 88 92
Dattaet al. (2021) 3D CNN CT scans (n = 400) 89 85 88
Ghoshet al. (2020) YOLOV5 MRI & CT (n = 600) 91 90 89
Chandrasekaran et al. (2023) | CNN + Transfer Learning | CT scans (n = 500) 90 87 89
Patel et al. (2022) YOLOv4 EUS images (n =350) 89 86 88
Joshi et al. (2020) CNN + RNN MRI scans (n =300) 92 89 91
Karas et al. (2021) CNN + YOLO CT & MRI (n=550) 91 88 90

Wang et al. (2020) utilized Convolutional Neural
Networks (CNNs) to segment pancreatic tumors in CT scans.
CNNs are particularly effective for image segmentation
tasks, where the goal is to delineate tumors from healthy
tissue. The model was trained on a dataset of 500 CT scans,
achieving an accuracy of 89% and a sensitivity of 90%. This
demonstrates the model's capability to identify pancreatic
tumors with high precision, which is crucial for clinical
diagnostics where early detection can significantly imp rove

treatment outcomes.

Liu et al. (2021) applied CNNs to Endoscopic Ultrasound
(EUS) images to classify tumors as either malignant or
benign. EUS is often used in diagnosing pancreatic cancer,
and CNNs can process these images to highlight important
patterns that are not easily visible to the human eye. With a
dataset of 350 EUS images, the model achieved an accuracy
of 87% and a specificity of 85%. Although the accuracy was
high, the model’s sensitivity could be further improved by
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training on larger datasets, as early-stage tumors are
particularly challenging to detectin EUS images.

Zhang et al. (2022) explored the real-time capabilities of
the YOLO (You Only Look Once) model for tumor detection
in CT and MRI scans. YOLO is renowned for its speed and
ability to detect multiple objects in real time. Zhang's model
performed with a precision of 89%, demonstrating its ability
to reduce false positives while maintaining fast detection
times. This is particularly useful in clinical settings where
time is critical, and the rapid identification of tumors could
improve decision-making during procedures.

He et al. (2022) focused on deep learning models to
improve the diagnosis of pancreatic tumors across a
mu lticentre dataset of 400 images. The use of data from
multiple centres ensures that the model is trained on diverse
images, making it more generalizable to different clinical
environments. He’s model achieved a sensitivity of 92% and
a specificity of 88%, highlighting its diagnostic accuracy.
The model was particularly adept at identifying early-stage
tumors, which is critical in improving patient survival rates.

Min et al. (2020) integrated artificial intelligence (Al) into
the staging and diagnosis of pancreatic cancer. Their model
combined both imaging data and patient records to provide a
comprehensive view of the disease, allowing for more
accurate staging, which is vital for determining appropriate
treatment strategies. The system achieved an accuracy of
88% and an F1 score 0f 0.85, reflecting the model’s ability to
balance precision and recall, especially important for clinical
decision-making.

Singh et al. (2020) developed machine learning models,
including Support Vector Machines (SVM) and Random
Forest, to predict tumor progression. This research focused
on how tumors evolve over time, based on a dataset of 300
patients. The models achieved an accuracy range of 85-90%,
showing their ability to predict the pace of tumor growth,
which is crucial for clinicians when deciding on intervention
strategies. Such predictive models enable personalized
treatment plans based on how quickly a tumor is likely to
progress.

Martinez et al. (2021) employed data augmentation
techniques to enhance the training of machine learning
models in medical imaging, particularly for pancreatic cancer
detection. Data aug mentation helps by artificially expanding
datasets, creating variations in the training data to improve
model robustness. This approach is particularly useful in
medical imaging, where labelled datasets are often small.
Martinez’s study showed that the use of synthetic datasets
significantly improved the training efficiency of CNN
models, allowing them to generalize better to unseen data.

Garcia et al. (2022) leveraged transfer learning, utilizing
the ImageNet dataset to pre-train their models for pancreatic
tumor detection before fine-tuning them on medical CT and
EUS images. Transfer learning is especially beneficial in
medical imaging, where data is often scarce. After

fine-tuning, the model achieved an impressive accuracy of
92%, underscoring the effectiveness of transfer learning in
improving diagnostic performance without the need for large,
labelled medical datasets.

Zhu et al. (2021) used a 3D CNN model to simulate tumor
growth based on MRI datasets. The model aimed to predict
how pancreatic tumors would develop over time, which is
crucial for long-termtreatment planning. The 3D CNNs were
particularly adept at capturing spatial re lationships in medical
images, offering a tumor growth prediction accuracy of 91%.
Such models are instrumental in helping clinicians anticipate
disease progression and make informed decisions about when
to intervene surgically or therapeutically.

Chen et al. (2021) explored Generative Adversarial
Networks (GANSs) to generate synthetic medical images that
could enhance the training datasets for pancreatic cancer
detection models. GANs are capable of creating realistic
medical images that mimic real tumor characteristics,
providing additional data for model training. The use of
synthetic images increased the variability of training data,
improving the generalization capability of the models trained
on these images. This approach is especially valuable in
scenarios where obtaining large amounts of real medical data
is difficult.

Smith et al. (2021) applied YOLOvS, a newer iteration of
the YOLO model, for real-time detection of pancreatic
tumors in CT scans. YOLOvS8 focuses on achieving high
detection accuracy with real-time processing speeds, making
it a suitable choice for clinical applications where time is of
the essence. The model achieved a detection precision of
89%, showing its reliability in identifying tumors quickly and
accurately, even in challenging real-time environments.

Chang et al. (2020) applied deep learning models to
simulate tumor growth across a multicentre dataset of 400
patients. This simulation model was used to predict how
pancreatic tumors might evolve over time, which could aid
clinicians in forecasting future developments in the disease
and adjusting treatment plans accordingly. The model's
predictive accuracy was 88%, suggesting it could be a useful
tool for planning long-term interventions.

Brown et al. (2020) developed an Explainable Al (XAl)
framework for predicting pancreatic cancer using CT and
MRI scans. Explainable Al focuses on making the
decision-making process of machine learning models
transparent and understandable to human clinicians. Brown’s
model improved interpretability, allowing clinicians to trust
and understand the model’s predictions, which is essential for
the adoption of Al in medical diagnostics. Improved
interpretability also helps ensure that clinicians can verify the
reasoning behind the model's decisions, leading to
better-informed treatment strategies.

Herrera etal. (2022) combined imaging and clinical data to
develop a multimodal Al system for pancreatic tumor
detection. Multimodal systems are beneficial because they
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integrate different types of data, such as imaging and patient
history, providing a more holistic view of the patient's
condition. This model achieved a precision of 91% and a
sensitivity of 88%, demonstrating the advantage of using
mu ltimodal data to increase diagnostic accuracy, particularly
in complex cases where imaging alone may not provide
enough information.

Adams et al. (2021) utilized Al for personalized cancer
treatment planning. By combining imaging data with patient
health records, Adams’ system tailored treatment
recommendations to individual patients, aiming to reduce
false positives and ensure that treatments were specifically
targeted to the patient’s unique condition. The model
achieved a high accuracy of 90%, reflecting its potential to
enhance personalized medicine in cancer care.

A. Imaging Techniques from Surwey

Imaging technologies are essential in the detection and
manage ment of pancreatic tumors. However, their limitations
in early-stage detection drive continuous research efforts to
refine these techniques and explore supplementary diagnostic
tools.

CT scans: Computed tomography (CT) scans are a
standard modality for the detection and staging of pancreatic
tumors. They offer high-resolution cross-sectional images,
enabling detailed visualization of pancreatic structures and
the ability to measure tumor size. Nevertheless, CT scans
have limited sensitivity, particularly for small, early-stage
tumors. The overall sensitivity is reported at around 76%,
with detection accuracy improving to 92% for tumors larger
than 2 cm (Datta et al, 2021) (5). Additionally, the
cumulative radiation exposure from repeated CT scans can
pose health risks, underscoring the need for alternative
imaging modalities that reduce radiation dependence, such as
MRI or ultrasound (Li et al., 2020) (23).

MRI: Magnetic Resonance Imaging (MRI) is increasingly
favoured for pancreatic tumor assessment due to its superior
soft tissue contrast compared to CT, which allows for better
differentiation between benign and malignant lesions. MRI is
particularly effective at identifying cystic lesions within the
pancreas, which can potentially progress to malignancy,
making it an invaluable tool for early detection in high-risk
patients. However, the high costs associated with MRI and its
contraindications—such as metal implants or severe
claustrophobia—Ilimit  its  accessibility and broader
application in clinical settings (Giannis et al., 2021) (10).

Endoscopic Ultrasound (EUS): EUS, combined with
fine-needle aspiration, has become a powerful tool for the
detection and staging of pancreatic tumors, especially in
high-risk individuals. EUS allows for high-resolution
imaging and direct visualization of pancreatic structures,
enabling the identification of small tumors that may be
missed by CT or MRI. Additionally, EUS facilitates the
collection of tissue samples for histopathological analysis,

which enhances diagnostic accuracy (Liu et al., 2021) (25).
Studies highlight EUS as particularly valuable in detecting
early-stage tumors and assessing malignancy potential
through cytological examination (Karandish & Mallik, 2016)
(20).

Figure 3. Endoscopic Ultrasound
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1.

Input Stage: CT and EUS Images

Description: The process begins with acquiring CT and
EUS images of the pancreas from medical scans. These
images form the core input data for the system.

CT Images: Provide detailed cross-sectional views of
the pancreas, which is essential for detecting solid
tumors.

EUS Images: Offer high-resolution imaging, allowing
detailed views of pancreatic tissue and helping in
identifying abnormalities at an early stage.

Purpose: These images are fed into the system to
perform tumor detection and cancer prediction tasks.

Preprocessing Stage: Rescaling and Resizing

Rescaling and Resizing: Before the images are
processed by the deep learning models, they are
pre-processed. This step includes:

Rescaling: The pixel values of the images are
normalized to ensure that the models can process them
consistently. This normalization is essential to avoid
outliers that might disrupt the learning process.
Resizing: The input images are resized to a uniform
dimension, making them compatible with the CNN and
YOLOv8 models, which require fixed-size input
dimensions.

Importance of Preprocessing: Standardizing image size
and pixel values ensures that the deep learning models
receive consistent input data, leading to improved
model accuracy and performance.

U-Net Model for Image Augmentation

Description: To enhance the robustness of the model,
the U-Net architecture is employed for image
augmentation.

Function: U-Net is a widely adopted neural network
architecture in medical imaging, known for its capacity
to segment and augment images.

Image Augmentation: This model creates variations in
the input images by applying techniques like flipping,
rotation, and zooming, thereby increasing the diversity
of the dataset. This process helps in preventing the
models from overfitting and improves their ability to
generalize to unseen images.

Purpose: Augmenting images ensures that the deep
learning models are trained on a richer, more diverse
dataset, leading to better generalization on unseen test
data.

CNN Model for Tumor Detection

Model Functionality: The first deep learning model in
the system is a Convolutional Neural Network (CNN)
designed to detect the presence of tumors in the input
images.

Process: The CNN processes the pre-processed CT and

EUS images to identify abnormal regions in the
pancreas that may represent tumors. This is a binary
classification task where the model outputs either a
tumor present or no tumor.

Layers of CNN: The CNN consists of several
convolutional, pooling, and fully connected layers that
automatically learn spatial hierarchies in the input
images, detecting key features related to the tumor.
Training: The model is trained on labelled data, where
tumor and non-tumor images are used to teach the
network to distinguish between healthy and abnormal
pancreatic tissue.

Output: The model provides a binary output—either
tumor detected or no tumor detected. If a tumor is
detected, the image is forwarded to the next model for
further analysis.

YOLOW8 Model for Tumor Pattern Recognition

Model Functionality: The second stage of the pipeline
involves the YOLOv8 (You Only Look Once) model, a
powerful deep-learning architecture for real-time object
detection.

Purpose: YOLOvV8 performs tumor pattern recognition
by analyzing the detected tumor and extracting patterns
that may indicate whether the tumor is malignant (i.e.,
cancerous).

Process: The YOLOv8 model receives the images that
were flagged as containing tumors by the CNN model.
It then identifies spatial patterns and characteristics in
the images thatare typical of cancerous tumors.
Output: The model generates a probability score,
indicating the likelihood that the detected tumor will
develop into cancer. The score is based on the patterns
observed within the image.

Advantages of YOLOv8: This model's high accuracy
and real-time detection capabilities make it particularly
well-suited for identifying cancerous patterns in large
datasets, such as medical images.

Google Cloud Platform for Model Deployment

Cloud Deployment: Both the CNN and YOLOv8
models are deployed on the Google Cloud Platform
(GCP). GCP provides:

Scalability: As the number of images increases, GCP
allows the system to scale, ensuring -efficient
processing of large datasets.

High Compute Power: The models benefit from GCP’s
infrastructure, which includes GPUs and TPUs, making
it suitable for the computationally intensive tasks
involved in medical image analysis.

Remote Accessibility: Deploying the models on the
cloud allows healthcare professionals and researchers
to access the system remotely from anywhere, making
it a flexible and accessible solution.
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Benefits of Cloud Deployment: Hosting on GCP
ensures high availability, scalability, and co mputational
efficiency, allowing for the processing of large-scale
medical datasets ina real-time environment.

Backend Using REST API

RESTful APl (Application Programming Interface):
The system’s backend is built using a REST API, which
acts as an intermediary between the models deployed
on Google Cloud and the user interface.

Functionality: When a user uploads an image to the
systemthrough the frontend, the REST API triggers the
CNN and YOLOv8 models deployed on GCP to
process the image.

After processing, the API retrieves the output (tumor
detection result and cancer probability score) and sends
it back to the frontend.

Importance of REST API: The REST API enables
seamless communication between the frontend,
backend, and cloud-hosted models, ensuring the system
operates efficiently and in real-time.

Frontend: Web-Based User Interface

User Interface: The front end of the system is a
web-based platform  designed for healthcare
professionals. This interface allows users to:

Upload Images: Users can upload CT and EUS images
to the systemfor analysis.

Receive Predictions: Once the images are processed by
the models, the frontend displays:

Whether a tumor is detected (output from the CNN
model).

The cancer probability score (output fromthe YOLOv8
model).

Purpose: The front end provides an intuitive and
accessible interface for healthcare providers to utilize
the system for real-time tumor detection and cancer
prediction, supporting decision-making in clinical

settings.
User Interaction: By offering a simple and user-friendly
interface, the system ensures that healthcare

professionals can easily interpret the results and act on
them promptly, improving patient outcomes.

A. Conwolutional Neural Networks (CNNs):

CNNs have transformed medical imaging by automating
the detection and classification of tumors, leveraging their
capacity to learn spatial hierarchies of features through deep,
layered structures.

Architecture and Functionality: CNNs typically consist
of convolutional, pooling, and fully connected layers.
Convolutional layers apply filters that detect specific features
from input images, while pooling layers reduce the spatial
dimensions, allowing for faster processing with minimal
information loss. This architecture is well-suited for medical

imaging tasks such as tumor classification and segmentation
(Kamel et al., 2021) (17).

Applications in Pancreatic Cancer: CNNs have
demonstrated significant efficacy in pancreatic cancer
detection. For instance, studies have shown that CNN-based
methods can identify pancreatic tumors with high accuracy
by learning from CT and MRI data. These networks excel at
recognizing complex image patterns, which is crucial for
detecting subtle abnormalities in pancreatic tissues
(Brownlee, 2019) (2). Research continues to explore
enhancements in CNN architectures, such as improved
activation functions and optimization algorithms, to increase
accuracy and reduce false positives in pancreatic cancer
diagnostics (Datta et al., 2021) (5)

' J i
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Figure 4. CNN Architecture [42]

B. YOLO (You Only Look Once):

YOLO represents a cutting-edge approach to object
detection, enabling real-time tumor identification due to its
exceptional processing speed and efficiency.

Real-Time Detection: Unlike traditional object detection
methods that involve running a classifier on multiple image
sections, YOLO treats detection as a single regression
problem. It predicts bounding boxes and class probabilities
for various objects within an image in one go. This approach
allows YOLO to process images in real-time, which is
particularly advantageous in clinical applications where rapid
decision-making is critical (Li et al., 2022) (24).

Unified Model and Versions: YOLO’s unified
architecture divides an image into a grid, where each cell is
responsible for detecting objects within its boundaries. This
methodology reduces the likelihood of missing tumors,
making it an attractive choice for applications such as
automated medical imaging. Successive versions, including
YOLOv4 and YOLOv8, have introduced various
improvements, such as enhanced feature extraction
backbones and optimized loss functions, resulting in
increased accuracy and reduced computational requirements
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(Tran et al.,, 2021) (38).
C. Liquid Biopsy

Liquid biopsy is an emerging diagnostic tool that offers a
non-invasive means of detecting pancreatic cancer by
analyzing circulating tumor DNA (ctDNA) and other
biomarkers in the bloodstream.

KRAS Mutations: KRAS mutations are present in over
90% of pancreatic cancer cases, making them a primary
target for liquid biopsy techniques. Liquid biopsy can detect
these mutations with an accuracy of approximately 70%,
providing a valuable tool for early diagnosis. This approach
minimizes the need for invasive tissue biopsies, offering a
more patient-friendly alternative while facilitating timely
cancer detection (Salman et al., 2013) (30).

Challenges and Research Directions: Although
promising, liquid biopsy techniques are still under
development, with current limitations in sensitivity for
early-stage cancers. Research aims to refine these methods to
enhance their accuracy and reliability in clinical settings,
including efforts to standardize protocols and improve the
detection thresholds for various biomarkers (Sunami et al.,
2021) (35).

The Figure 4 below the concept of liquid biopsy for
pancreatic cancer detection. Liquid biopsy involves
analyzing biological fluids, such as blood, to detect
circulating tumor cells (CTCs), extracellular vehicles (EVs),
and circulating tumor DNA (CT DNA). These components
can provide valuable information about the presence and
progression of pancreatic cancer without the need for
invasive procedures like traditional biopsies.

@y crcs

Liquid biopsy 5 EVs

CIDNA

Figure 5. Liquid Biopsy [43]
D. Research Gaps and Challenges

e Limited Data Availability

The main application of Al for the detection of pancreatic
cancer faces an important challenge in terms of the very large

amounts of annotated data. Pancreatic cancer is relatively
rare compared with many cancers and hence there is a
scarcity of samples to train the model. Also, the datasets are
imbalanced, having more samples of advanced-stage tumors
than early-stage ones, so the model fails to detect the
early-stage cancers. Early-stage cancers improve patient
outcomes.

e Model Interpretability

Exp lainability is one of the basic challenges as the current
machine learning and profound learning models come up
short of offering explainability. Most clinicians are reluctant
to practice Al-driven diagnostics due to its "dark boX' nature,
where they have small scope for understanding how
expectations are made. Consequently, explain ability in Al
through XAl procedures needs be created towards superior
demonstrating straightforwardness and ingrained of beliefs
among healthcare expert. Pancreatic cancer can affect
surrounding organs like the liver, gallbladder, small intestine,
stomach, and spleen, leading to symptoms like jaundice,
abdominal pain, and weight loss. Early diagnosis and
treatment are crucial (as shown in Figure 4).

HEALTHY PANCREAS

oCommon
Bile Duct

PANCREATIC
TUMOR

Small Intestine o

Figure 6. Healthy Pancreas and Pancreatic Tumor [44]

E. Future Directions

Integrative Approaches: Combining genetic, clinical, and
environmental data into a cohesive framework will enhance
the precision of predictive models. Future studies should
focus on refining existing models by incorporating new
biomarkers and imaging modalities, as well as
patient-specific variables. The development of integrative
platforms that synthesize data from various sources could
improve early detection and personalize treatment options for
patients.
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Cloud-Based Deployment for Scalability: Scalable
infrastructure is possible in cloud hosting environments, like
Google Cloud, to bring Al-driven diagnostic models into a
clinical environment. Real-time access to the models is
possible with such services so that models can be updated and
even retrained periodically based on new data coming in. For
instance, Vercel can be used to host the user interfaces by
which the clinicians interact smoothly and directly to the
tools for diagnosis.

Longitudinal Studies: Conducting long-term studies to
monitor high-risk individuals over time is crucial for
understanding the natural progression of pancreatic cancer
and refining predictive models. Such studies can identify
early changes in biomarkers and imaging features, offering
valuable insights into the timing and efficacy of
interventions.

Hybrid Models for Enhanced Detection: Future studies
should further explore the development of hybrid models,
which should incorporate CNNs with the object detection
model including YOLO. Such models are more likely to be
useful in clinics because they could be used for detailed
classification of images, as well as providing real-time
detection. Hybrid models will also make use of information
from 2D and 3D imaging data for accuracy.

V. CONCLUSION

The advancements in machine learning and deep learning
techniques, particularly through the use of Convolutional
Neural Networks (CNNs) and the YOLO (You Only Look
Once) model, show significant promise for enhancing tumor
detection and simulation in pancreatic cancer. These
technologies enable high-accuracy detection of pancreatic
tumors and the prediction of their progression, providing
more informed diagnosis and treatment plans. However,
challenges such as data availability, model interpretability,
and integration with clinical practices persist.

Moreover, innovations in imaging technologies, biomarker
discovery, liquid biopsies, and predictive modeling
collectively contribute to improved strategies for early
detection and personalized treatment of pancreatic cancer,
aiming to enhance patient outcomes. Addressing hurdles like
data quality and ethical considerations is crucial for equitable
access to care.

A multi-faceted approach focusing on identifying specific
biomarkers, such as EGFR and KRAS, is essential for
developing effective, tailored therapies. The integration of
CNNs and YOLO facilitates rapid, real-time object detection,
revolutionizing image analysis and computer vision in
healthcare. Continued collaboration among researchers,
clinicians, and data specialists is vital to harness these
advancements, ensuring that the benefits of improved
diagnostic and therapeutic methods reach all patients battling
pancreatic cancer.
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