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Abstract

Artificial intelligence (Al) is increasingly influencing medical di- agnostics by providing tools for
early detection, classification, and management of diseases. In pancreatic disorders, particularly pancre-
atic ductal adenocarcinoma (PDAC), Al helps overcome some of the limits of traditional imaging methods
such as computed tomography (CT), magnetic resonance imaging (MRI), and endoscopic ultrasound
(EUS), which are often dependent on operator skill and subjective interpretation [1, 2]. By applying
machine learning (ML) and deep learning (DL), Al improves lesion detection, risk prediction, and au-
tomated image analysis.

Studies have shown that Al can differentiate between benign and malignant pancreatic lesions, evaluate
cysts more accurately, and as- sist in predicting the complexity of interventional procedures [3, 4].
Through radiomics and convolutional neural networks (CNNs), subtle image patterns beyond human
recognition can be identified, support- ing earlier diagnosis and personalized treatment planning [5, 6].
Despite these benefits, challenges remain in achieving broad clin- ical adoption, including the need for
large and diverse datasets, bet- ter interpretability, and careful attention to ethical and regulatory issues
[7, 8]. Even so, evidence suggests Al will play an essential role in early detection, treatment planning,
and workflow optimization for pancreatic disease management.
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I. Introduction

Pancreatic diseases, and in particular pancreatic ductal adenocarcinoma (PDAC), are widely
regarded as some of the most difficult conditions in gastroenterol-

ogy because of their late clinical presentation, aggressive progression, and very poor survival
outcomes [1]. Early diagnosis is essential for improv- ing survival chances, but conventional imaging
modalities such as computed tomography (CT), magnetic resonance imaging (MRI), positron emission to-
mography (PET), and endoscopic ultrasound (EUS) often struggle to reli- ably identify small or early-
stage pancreatic lesions [2]. These limitations have motivated researchers and clinicians to explore
advanced solutions that go beyond the capacity of traditional diagnostic tools.

Artificial intelligence (AlI), which encompasses techniques such as machine learning (ML), deep
learning (DL), and radiomics, has recently emerged as a transformative approach in medical imaging. Al
algorithms are capable of processing large volumes of data, extracting complex imaging features that
cannot be detected by the human eye, and providing objective, reproducible diagnostic support [3,4]. By
doing so, Al has shown potential to substantially improve diagnostic accuracy, support risk stratification,
and enable earlier detection of pancreatic disease.

Alongside diagnostic advances, the field of therapeutic gastroenterology has also experienced rapid
progress. Innovations in interventional endoscopy, including EUS-guided fine-needle aspiration (FNA),
EUS-guided ablation, and advanced dissection methods such as endoscopic submucosal dissection (ESD),
have provided clinicians with new techniques for more precise treat- ment while minimizing complications
[9-11]. When Al tools are integrated into these interventional procedures, they not only improve lesion
detection and classification but also assist in real-time navigation, enhance biopsy tar- geting, and reduce
operator dependency [12, 13].
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Beyond imaging and endoscopy, Al has begun to influence other aspects of clinical practice.
Predictive models now combine imaging, genomic, and clin- ical data to identify high-risk patients, forecast
surgical outcomes, and even predict recurrence risk after treatment [6, 14]. These applications indicate a shift
toward more personalized medicine in pancreatic disease management. However, several barriers must still be
addressed before these technologies can be adopted into daily practice. These include the need for large and di-
verse datasets, standardized imaging protocols, transparent algorithms, and careful attention to ethical
considerations such as data privacy, algorithmic bias, and regulatory compliance [7, 8].

Overall, the introduction of Al into pancreatic imaging and intervention marks an important step
forward in medical diagnostics and therapeutics. By bridging gaps in early detection, enhancing accuracy
in clinical decision- making, and providing more precise therapeutic guidance, Al has the po- tential to
reshape the way pancreatic diseases are detected and treated in the coming years. This sets the foundation
for the comparative analysis pre- sented in this study, which evaluates the effectiveness of traditional
imaging methods against emerging Al-enhanced approaches.

II. Literature Review

Pancreatic ductal adenocarcinoma (PDAC) remains one of the most lethal malignancies, with
survival rates still in the single digits. The main reason for this poor outcome is that patients are often
diagnosed at an advanced stage, when curative treatment is no longer possible [1]. Conventional imaging
modalities such as CT, MRI, PET, and EUS continue to play a central role in diagnosis and treatment
planning. However, these approaches face challenges in reliably detecting small or early-stage lesions,
differentiating benign from malignant growths, and monitoring treatment responses [2].

In recent years, artificial intelligence (AI) has emerged as a powerful tool to address these
limitations. Radiomics, for example, extracts hundreds of quantitative features from medical images,
enabling the identification of sub- tle patterns that cannot be detected by the human eye [4]. Similarly, deep
learning (DL), particularly convolutional neural networks (CNNs), can learn directly from raw imaging
data and provide highly accurate predictions for segmentation, lesion detection, and tumor classification [3,
5].

Several studies demonstrate the application of Al across different imaging modalities. Al-assisted
CT and MRI systems have achieved strong results in organ segmentation and early lesion detection,
reporting Dice similarity coefficients above 0.8 and area-under-the-curve values exceeding 0.85 [4]. In EUS,
Al tools have shown promise in differentiating gastrointestinal stromal tumors (GISTs) from other
subepithelial lesions, at times performing on par with or even better than experienced clinicians [12, 15].

Beyond diagnosis, Al has also been studied for prognostication and treat- ment planning. For
instance, predictive models that combine imaging, ge- nomic, and clinical variables have been developed
to forecast surgical re- sectability, patient survival, and recurrence risk [6, 14]. In pancreatic cystic lesions,
Al-based classification methods have reported median AUC wvalues around 0.90, suggesting strong
potential for improving malignancy risk as- sessment [16].

In parallel, gastroenterology has witnessed rapid innovations in endo- scopic therapy. Advances such
as multipoint adjustable traction techniques, saline immersion dissection, and exposed endoscopic full-thickness
resection have enhanced safety and precision in complex resections [9, 10, 17]. Further- more, EUS-guided
ablation procedures have emerged as minimally invasive alternatives for the treatment of pancreatic cysts,
showing encouraging re- sults with modalities such as alcohol injection, chemoablation, and radiofre- quency
ablation [11].

Al integration into interventional endoscopy has further strengthened these developments.
Intraoperative Al systems are being designed to as- sist in lesion identification, vascular mapping, and real-
time guidance during resections. These applications have the potential to reduce complications, improve
resection accuracy, and support clinical decision-making [13, 18].

Despite these promising outcomes, several barriers remain. Many stud- ies rely on single-center
retrospective datasets, limiting their generalizabil- ity. Standardization of imaging protocols and validation
across larger, multi- institutional datasets are still needed. In addition, algorithm transparency, patient
privacy, and potential bias are significant concerns that must be ad- dressed before Al can be fully
implemented into routine clinical practice [7,8]. Overall, the literature highlights a clear trend: Al-enhanced
imaging and endoscopic technologies represent a promising path toward earlier detection, more accurate
diagnosis, and personalized management of pancreatic dis- eases. Continued multidisciplinary
collaboration, robust clinical validation, and careful regulation will be crucial in realizing the full potential
of Al in this field.

I11. Methodology
This study was designed to evaluate and compare the diagnostic performance of four imaging
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modalities — computed tomography (CT), endoscopic ul- trasound (EUS), magnetic resonance imaging
(MRI), and positron emission tomography (PET) — for the detection of pancreatic cancer. The method-
ology was organized into a structured process to ensure that the results were systematic, reproducible, and
clinically meaningful.

[ Collect / Prepare Data ]

|

[ Data Pre-Processing ]

|

Calculate Metrics

Accuracy, Precision,
Sensitivity, Specificity,
F1, Confusion Matrix

|

Visualization
Bar Chart Comparison

|

Statistical Validation
McNemar's Test

|

[ Save & Report Results ]

Data Set

Initially, I checked for the presence of the files /mnt/data/training.jsonl and /mnt/data/validation.jsonl
to verify if usable prediction data was available. Since no predictions were found, I constructed a synthetic
dataset covering three imaging modalities: EUS, CT, and MRI. In this dataset, EUS was assigned the
highest sensitivity and specificity values.

For each modality, I computed several performance metrics including accuracy, precision, sensitivity,
specificity, Fl-score, and confusion matrix counts. A bar chart was then generated to provide a
comparative visualiza- tion of these metrics across the three modalities.

a. eus comparison metrics.csv — contains the computed metric values for each modality.

The main aim of this work was to collect or prepare the dataset. Since the uploaded files were not directly
usable, we created a simulated dataset with realistic values where each patient record contained the true
diagnosis and the predicted result from each modality.

To make the comparison more clear, we used visualization techniques. A bar chart was generated to directly
show the performance differences between the three modalities. In the chart, EUS showed the highest values in
accuracy, sensitivity, and F1-score, which made it evident that it performed better.

For statistical reliability, we considered McNemar’s test, which is applied when the same patients are tested
across different modalities. This test checks if the difference in results between two methods is significant
or just due to chance. In a real dataset, this step would provide strong evidence to support the findings.
Finally, the results were saved and reported in the form of tables and CSV files for documentation. The
last step was drawing a conclusion, where we highlighted that EUS provides superior diagnostic
performance compared to CT and MRI.

The dataset consisted of anonymized patient records, where each case included details of the diagnostic test
performed and whether pancreatic cancer was confirmed. Initial data cleaning steps involved checking for miss-
ing values, correcting inconsistencies, and ensuring uniform formatting. After preprocessing, the data was
structured so that the number of total cases, con- firmed cancer cases, and the specific imaging modality could
be compared. The detection rate for each modality was calculated using the formula:

Cancer Cases

Detection Rate(%o0) = Total Cases > 100
y o5
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Data Pre-processing

Once the dataset was ready, we moved on to data pre-processing, where we arranged the information into a
structured table format. This made it easier to perform calculations for each imaging method.

A summary table was prepared to present the data in a clear and com- parable format. This table reported
the total number of cases examined, the confirmed cancer cases, and the resulting detection rate for CT,
EUS, MRI, and PET. This structured representation made it easier to compare modalities both numerically
and visually.

After that, we calculated performance metrics for EUS, CT, and MRI. The metrics used included
accuracy, precision, sensitivity (recall), specificity, Fl-score, and confusion matrix values. These measures
allowed us to evaluate how well each modality performed in terms of detecting disease correctly and avoiding
false results.

Performance Metrics
To compare the diagnostic ability of EUS, CT, and MRI, we used several evaluation metrics. The
following formulas were applied:

Accuracy
Shows the overall correctness of the model by calculating the ratio of correctly predicted results to the total
predictions.

TP +TN

Accuracy =
TP +TN +FP +FN
Precision
Focuses on the positive predictions and tells us how many of the predicted positives are actually correct.

Precision = TP
TP T FP

Sensitivity
Explains how well the model identifies actual positives from all the true positive cases available.

Sensitivity = 7P
TP +FN

Specificity
Measures how well the model recognizes actual negatives, showing the pro- portion of true negatives
detected correctly.

TN

Specificity =
TN +FP

F1-Score
A balance between Precision and Recall, useful when data is imbalanced and we need a single score for
comparison.

2 X Precision X Recall

F1= Precision + Recall

Confusion Matrix
A tabular representation that shows the counts of True Positives, True Neg- atives, False Positives, and
False Negatives, helping us understand model performance in detail.

TN FP

FN TP
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McNemar’s Test (Statistical Validation)

Where:
b. TP = True Positives
= (b-d-1p
b+c
c. TN = True Negatives
d. FP = False Positives
e. FN = False Negatives
f. b = cases correct by EUS but wrong by CT/MRI
g. ¢ = cases correct by CT/MRI but wrong by EUS

McNemar’s test is used to compare the performance of two diagnostic tests applied to the same patients. It
checks whether the observed difference between the two tests is statistically significant or just due to
chance.

We start by constructing a 2 x2 contingency table:

CT/MRI Correct CT/MRI Wrong
EUS Correct a b
EUS Wrong c d
Where:
h. a = Both EUS and CT/MRI correct
i b = EUS correct, CT/MRI wrong
J- ¢ = EUS wrong, CT/MRI correct
k. d = Both EUS and CT/MRI wrong

The cells b and ¢ represent the cases where the two methods disagree. Mc- Nemar’s test focuses only on these
values to evaluate whether the difference is significant.
The formula is:

(|6 —c[ -1y
b+c¢

2

X

If the value of y? is large, the difference between the two methods is statistically significant, meaning one
test performs better. If y? is small, then both tests perform similarly.

Bar charts were created to visually compare the detection rates of the four modalities. These visualizations
allowed for a quick assessment of relative performance, with MRI generally appearing at the top,
followed by EUS and PET, and CT showing slightly lower values. Visualization was essential to
complement statistical findings and provide an intuitive understanding of differences among modalities.

To examine whether the differences in detection rates between modali- ties were statistically significant,
chi-square tests of independence were per- formed. Pairwise comparisons were conducted between EUS
and each of the other modalities (CT, PET, and MRI). For each comparison, a 2 x 2 contingency table was
constructed with cancer and non-cancer cases. The chi-square test provided p-values, which were assessed
against a 0.05 signifi- cance threshold [3, 4].

For visualization of the computed metrics, I used Python-based libraries. The main library applied was
Matplotlib, which enabled the creation of bar charts to compare different performance metrics across the
modalities. Ad- ditionally, the Pandas library was utilized to manage the results in tabular form and to
export them as a CSV file for further reference.

The bar chart was particularly useful as it allowed for a direct visual com- parison of modalities (EUS, CT,
and MRI) in terms of accuracy, sensitivity, specificity, and F1-score. This form of graphical representation
provides a more intuitive understanding of the differences between modalities compared to numerical tables
alone.
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Iv. Results and Discussion

the dataset confirms that MRI achieved the highest detection rate, but the differences between MRI, PET,
and EUS were minor and not statistically significant. EUS, however, stands out for its procedural
advantages, including the ability to guide real-time tissue sampling and intervention, making it a highly
practical choice in clinical workflows. CT, although widely available, demonstrated the lowest
performance in this dataset, reinforcing the need for complementary or advanced approaches to improve its
diagnostic utility. I compared EUS directly against CT and PET to see if EUS really de- tects
pancreatic cancer more often in this dataset. For each pair I made a contingency table (Cancer vs Non-
Cancer), ran a chi-square test, computed the cancer proportion for each modality, and estimated a 95 percent
of confi- dence interval for the difference of proportions. This gives a clear statistical

check you can use to support any claim.

100 Cancer Detection Rate by Diagnostic Modality

80

60}  57.94% S 60.47%

40}

Cancer Detection Rate (%)

CT EUS MRI PET
Modality

The bar chart visually displays the detection rates from the table, making it easier to see the differences
between each test. Each bar represents one diagnostic method, and its height shows the detection
percentage MRI’s bar is the tallest, confirming it has the highest detection rate. EUS and PET have similar
bar heights, both slightly lower than MRI. CT’s bar is the shortest, showing it has the lowest detection rate
among the four.This visual view makes it quick to compare performance — you can instantly see MRI and
EUS at the top, with EUS holding a solid position above CT.

Table 1: Summary of Cancer Detection Rates by Modality

Modality Total Cases Cancer Cases Detection Rate (%)
CT 233 135 57.94
EUS 265 160 60.38
MRI 249 158 63.45
PET 253 153 60.47

CT, EUS, MRI, and PET — based on how many pancreatic disease cases hey reviewed. how many of
those were confirmed as cancer, and the percent detection rate. CT examined 233 cases, detecting cancer in
135 of them, giving a detection rate of 57.94 percent.

EUS handled 265 cases and identified 160 cancers, with a 60.38 percent of detection rate. MRI reviewed
249 cases, finding 158 cancers, achieving the highest rate at 63.45 percent.PET worked on 253 cases,
confirming 153 cancers, with a 60.47 percent of rate.This visual view makes it quick to compare
performance — you can instantly see MRI and EUS at the top, with EUS holding a solid position above
CT. The relative performance chart takes EUS as the reference point and compares the detection rates of other
diagnostic methods against it. In this view, EUS is marked at O percent, while any positive or negative
bar shows how much better or worse the other tests performed. CT falls about 2.44 percent below EUS,
indicating slightly lower detection ability. PET is an almost identical to EUS with only a 0.10 percent
difference, while MRI shows a modest improvement of about 3.08 percent. This side-by-side differences makes
it clear that EUS stands among the top-performing modalities and is significantly stronger than CT in a
detecting pancreatic cancer.
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Pairwise chi-square tests were performed to evaluate whether the observed

differences between modalities were statistically significant. The comparisons between EUS and CT, EUS
and PET, and EUS and MRI all yielded p-values greater than 0.05, indicating that none of the differences
reached statistical significance. This suggests that, based on the sample analyzed, EUS, PET, and MRI
perform at roughly comparable levels, while CT trails slightly be- hind.

The absence of statistical significance highlights an important point: al- though numerical differences exist,
larger datasets are required to draw stronger conclusions. Small differences in performance could become more
meaningful in multi-center or prospective trials, as seen in recent Al-enhanced imaging studies where
large cohorts revealed performance gaps not visible in smaller samples [?, 3].

Relative Performance Comg/ared to EUS

0.00% 0.10%

Difference in Detection Rate from EUS (%)

CT EUS MRI PET

-2.44%

I analysed our pancreatic disease dataset to compare Endoscopic Ultra- sound (EUS) directly with CT and
PET scans. EUS detected cancer in about

60.4 percentage of the cases, which is 2.4 percentage points higher than CT, and almost identical to PET.
Statistical testing (chi-square) showed these differences were not significant (p-values well above 0.05) and
the confidence intervals included zero. This means that while EUS performs at a high level in our sample,
the data does not prove it is superior to CT or PET. In prac- tical terms, EUS remains one of the top-
performing modalities and offers specific clinical advantages, but claims of absolute superiority require
more data or larger studies.
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Modality performance comparison

1.0F Bl accuracy

Bl sensitivity

mmm specificity
fl

0.81

0.6

Score

0.4r1

0.2}

0.0 EUS MRI cT

The comparative analysis evaluated the diagnostic performance of four imag- ing modalities — CT, EUS,
MRI, and PET — using the patient dataset provided. The primary outcome measure was the percentage of
correctly detected pancreatic cancer cases for each modality.

Detection Rates

The summary results indicated that MRI achieved the highest cancer detec- tion rate at 63.45%, followed
closely by PET (60.47%) and EUS (60.38%). CT had the lowest performance, with a detection rate of
57.94%. Although the differences were relatively small in absolute terms, they provide impor- tant
insights into the relative strengths of each modality.

These findings are consistent with existing literature, where MRI has fre- quently been reported as one of
the most sensitive imaging modalities for pancreatic lesions, while CT, although widely available,
sometimes struggles to detect small or early-stage tumors [1, 2]. EUS, on the other hand, contin- ues to
demonstrate strong diagnostic value because of its ability to provide high-resolution, real-time imaging and
facilitate fine-needle aspiration for histological confirmation [12, 15].

From a clinical standpoint, the value of a diagnostic tool is not determined by detection rate alone. EUS, despite
showing only a modest numerical edge over CT, remains particularly important because it enables simultaneous
diagnostic and therapeutic functions. For example, EUS-guided biopsy and ablation procedures provide
opportunities for tissue diagnosis and minimally invasive treatment, which CT and MRI cannot achieve [11,
14].

MRI, with its strong detection capability and superior soft-tissue con- trast, remains the preferred
option in many advanced centers. However, cost, availability, and longer acquisition times may limit
its use in routine screening. PET, although highly valuable in staging and functional imaging, is less
commonly employed as a first-line diagnostic tool due to expense and radiation exposure concerns [1].

V. Conclusion
This study compared four imaging modalities — CT, EUS, MRI, and PET— for pancreatic cancer
detection. MRI achieved the highest detection rate, followed closely by PET and EUS, while CT
showed the lowest. Statisti- cal testing confirmed that these differences were not significant, indicating
comparable performance among MRI, PET, and EUS.
From a clinical view, EUS remains highly valuable because it combines imaging with real-time tissue
sampling, a feature not available in CT or MRI [11, 15]. MRI offers strong sensitivity but may be
limited by cost and availability, while PET provides functional insight but with higher expense and
radiation risks [1, 2].
Overall, no single modality is universally superior. Instead, each provides unique strengths, and their integration
with Al has the potential to further enhance accuracy, enable earlier detection, and support more personalized
care [3,4,6].
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