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Abstract: Pancreatic cancer, characterized by its high mortality rate and scarce treatment options, poses a formidable 

challenge in the field of oncology. Now, we live in a reality that requires immediate progress in diagnostic and prognostic 

methodologies to find pancreatic cancer early and understand its stage. This study deals with the pressing requirement for 

better diagnostic tools by evaluating and deciding the suitable machine learning (ML) algorithms for detecting pancreatic 

cancer at an early stage. This work uses a publicly available dataset with 590 urine samples which included control, 

benign hepatobiliary disease as well as Pancreatic Ductal Adenocarcinoma (PDAC) samples. The primary objectives of 

the research included developing a predictive model based on clinical data, examining various machine learning (ML) 

algorithms for their diagnostic precision, and improving the early detection rates for pancreatic cancer. The study assessed 

the efficacy of a broad array of ML algorithms in forecasting outcomes associated with pancreatic cancer. This analysis 

systematically explored Random Forest, Support Vector Machine, Decision Trees, K-Nearest Neighbours, XGBoost, 

ADABoost, CatBoost, and GradientBoost. The assessment focused on standard performance metrics such as accuracy, 

precision (also known as positive predicted value or PPV), recall (sometimes called sensitivity or true positive rate), F1-

score, and support. Notably, CatBoost achieved the highest accuracy of 75%, outperforming other models such as Random 

Forest (74%) and XGBoost (74%), demonstrating its superior classification performance in distinguishing between 

pancreatic cancer, benign conditions, and non-cancerous cases. In addition to performance evaluation, this study 

integrates SHAP (Shapley Additive Explanations) analysis to enhance model interpretability, ensuring transparency in 

feature contributions. SHAP analysis revealed that Plasma CA19-9, LYVE1, and TFF1 were the most influential 

biomarkers across all classifications, reinforcing their diagnostic significance. This research emphasizes the critical 

importance of early detection, model interpretability, and clinical applicability, demonstrating that ML algorithms, 

particularly CatBoost, not only enhance diagnostic precision but also provide explainable predictions that support real-

world medical decision-making. 

 

Index Terms: Pancreatic Cancer, Machine Learning Algorithms, Biomarkers, Oncology, Benign Hepatobiliary. 
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1.  Introduction 

The pancreas, a crucial accessory organ of the human body, functions dually as both an endocrine and exocrine gland. 

In a healthy adult, it typically weighs around 100g and ranges from 14 to 25 cm in length [1]. Its structure is lobular and 

elongated, consisting of five distinct anatomical segments: the head, uncinate process, neck, body, and tail. Acting as an 

exocrine gland, its main function is to secrete digestive enzymes that assist in the breakdown and absorption of nutrients, 

particularly fats. Concurrently, as an endocrine gland, it plays a vital role in regulating the body's blood sugar levels and 

ensuring efficient nutrient absorption by cells. Disorders like diabetes and pancreatitis arise from malfunctions in the 

human pancreas, which is responsible for maintaining glucose balance and aiding in digestion. Recent researches have 

highlighted the novel roles of a local renin-angiotensin system (RAS) in the pancreas and its clinical relevance; its 

inappropriate activation leads to pancreatic endocrine and exocrine disease, notably type 2 diabetes [2]. 

Pancreatic cancer is among the deadliest diseases related to the pancreas, where cells grow uncontrollably and 

quickly in this organ. Because it is very aggressive and usually detected at later stages, pancreatic cancer often has a small 

rate of survival. This underlines how important it is to find and predict pancreatic cancer early on to help patients more 

effectively and give them timely medical treatments. In the present time, Machine Learning (ML) is showing great 

promise in medical research and diagnostics. It could play a major role in improving predictive models for pancreatic 

cancer to better detect it at an early stage. 

The term "pancreatic cancer" is usually talking about exocrine pancreatic cancer. Pancreatic cancer is more common 

in Black Americans than any other racial or ethnic group. They have the highest rate of getting this type of cancer in the 

United States, according to National Cancer Institute SEER data (SEER stands for Surveillance, Epidemiology, and End 

Results program). People who are at a higher risk should pay careful attention to their bodies. They need to be aware if 

they experience any symptoms that are out of ordinary and express it openly with their healthcare team. Some examples 

include back or stomach pain, unexplained weight loss, yellow skin colour (jaundice), as well as problems related to 

digestion such as having trouble digesting food properly - all these signs could be indicative of pancreatic cancer. The 

percentage of Black Americans taking part in clinical trials for treating cancer is very low even though they make up 13% 

of the total population in America; currently only 4% participate accordingly [3].  

Pancreatic cancer arises when there are abnormal changes or mutations in the DNA of pancreatic cells. These 

changes make the cells grow and divide without control, which results in a tumour forming. This tumour may spread or 

metastasize to other parts of the body such as liver, abdominal wall, lymph nodes, lungs, or bones. Certain risk elements 

can boost one's chance to get pancreatic cancer. Factors that contribute to developing pancreatic cancer are smoking, 

obesity, diabetes I that lasts quite long, strong family background with the disease, consuming processed food, and red 

meat in diet excessively high as well as having a condition termed chronic pancreatitis. Pancreatic adenocarcinoma is a 

serious disease caused by abnormal cells in the pancreas that divide and grow out of control, forming a tumour [4]. 

Pancreatic cancer holds the position of being fourth most common reason for people dying from cancer in the western 

part of Earth, making it an important health issue. 

Cancer survival rates can be improved by detecting it early on. Certain types of cancer, such as pancreatic cancer, 

are difficult to diagnose or catch at an early stage and their stages progress quickly. This paper presents the most modern 

methods for predicting survival in cases of cancer, making a proposal on how these techniques could be applied to forecast 

the overall life expectancy among patients having pancreatic ductal adenocarcinoma (PDAC) cancer. Due to the confusion 

and large data sets, recent studies have emphasized on machine learning (ML) algorithms such as support vector machines 

and convolutional neural networks. The predictions of studies are that the survival rate for pancreatic ductal 

adenocarcinoma cancer is within limits of 41.7% at one year, 8.7% at three years, and 1.9% after five years with no 

significant correlation found between disease stages and overall survival rate [5]. Techniques of prediction like ML, which 

encompass statistical multivariate regression and deep learning (DL), could be employed for forecasting the survival rate 

of pancreatic ductal adenocarcinoma (PDAC). Nevertheless, it is necessary to fine-tune and optimize these techniques for 

achieving optimal prediction abilities.  

The pancreas is located within the abdominal cavity, positioned horizontally across the upper abdomen behind the 

stomach. It is in proximity to significant organs such as the small intestine, liver, and gallbladder. Within the digestive 

system, the pancreas performs a crucial role by producing enzymes for food breakdown in the small intestine and releasing 

hormones, including insulin, which regulates blood sugar levels. 

The primary contributions of this research include: 

 

• The development of a predictive model for pancreatic cancer utilizing extensive clinical data, significantly 

improving early detection and diagnosis. 

• Utilization of various machine learning algorithms like Support Vector Machine (SVM), Random Forest, K-

Nearest Neighbours, Decision Trees, XGBoost, ADABoost, GradientBoost, and CatBoost for the diagnosis of 

pancreatic cancer. This analysis provides insights into the effectiveness of these algorithms. 

• Emphasis on the significance of early detection in enhancing pancreatic cancer prediction rates and 

demonstrating the transformative impact of machine learning in diagnostics.
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• Demonstration of the efficacy of machine learning techniques through standard performance metrics, 

establishing a benchmark for future research. 

• Exploration of the correlation between support metric and model performance, particularly in dealing with 

imbalanced datasets, underscoring its importance in creating equitable healthcare models. 

 

The rest of the paper is organized as follows. Section 2 presents the research work reported in the literature for 

pancreatic cancer prediction. The methodology adopted for this research is described in section 3. Section 4 presents the 

results, section 5 presents explainability analysis of CatBoost classifier using SHAP values and section 6 concludes. 

2.  Literature Review 

In recent years, there has been a growing utilization of Machine Learning (ML) in predicting cancer, including 

pancreatic cancer. The interest in employing ML technology stems from its capacity to analyze various data types such 

as genomic, proteomic, and clinical data, enabling the identification of patterns and relationships associated with 

pancreatic cancer. An examination of previous studies demonstrates the evolving role of ML in cancer prediction, with a 

particular emphasis on early detection, especially in pancreatic cancer cases. ML algorithms have been deployed across 

a range of datasets, including patient records, medical imaging data, and genetic information, providing valuable insights 

that could potentially reveal patterns indicative of early-stage pancreatic cancer when processed through ML algorithms. 

The enhancement of specific algorithms like support vector machines, neural networks, and ensemble methods has 

exhibited promising results in the early detection of pancreatic cancer [6]. 

A comprehensive analysis of research literature on the prediction of pancreatic cancer highlights a collective 

emphasis on early detection utilizing various contemporary technologies and algorithms. These technologies encompass 

Random Forest, SVMs, K-Nearest Neighbours (KNN), Decision Trees, among others. The field of pancreatic cancer 

prediction and diagnosis has made substantial progress in recent years. Noteworthy research conducted by Bakasa and 

Viriri explored diverse machine learning techniques, including advanced frameworks such as TensorFlow and PyTorch. 

This study employed the TCIA Public Access dataset, focusing on 3D CT scans to predict the overall survival of 

pancreatic cancer patients. Additionally, the U-Net model, renowned for its accuracy, played a pivotal role in image 

processing tasks within this study. 

Davide Placido et al. [7,8] investigated into disease trajectories utilizing various deep learning algorithms, 

introducing a practical prediction-surveillance process through machine learning. By leveraging DNPR disease 

trajectories and CPR36 demographic data, this investigation identified high-risk patients and forecasted the progression 

of pancreatic cancer. Another study by Bahrudeen and Krishnan [9] explored the integration of artificial neural networks 

and diverse imaging modalities to enhance cancer diagnosis. Despite the absence of specific data utilization, the study 

provided valuable insights into harnessing advanced AI techniques for precise diagnostic purposes. 

Furthermore, H.S. Saraswathi and Mohamed Rafi [10] introduced a novel hybrid KNN-IM approach for managing 

missing values, which exhibited superior performance compared to existing methods, demonstrating its potential to 

enhance predictive accuracy in pancreatic cancer diagnosis. Additional research by Haidy Nasief et al. [11] concentrated 

on evaluating treatment response using weekly DRFs data. This study effectively employed a linear regression model and 

delta-radiomic process to anticipate treatment outcomes in patients with pancreatic cancer. Additionally, Seiya Yokoyama 

[12] conducted hierarchical clustering analysis on mRNA expression levels to identify clusters with poor prognoses, 

offering valuable insights into patient outcomes based on molecular characteristics. 

Several investigations have made significant progress in the prediction and prognosis of pancreatic cancer. Faur et 

al. [13] collected a total of 97 studies on pancreatic neoplasms. Similarly, Osman [14] analyzed data from 14,631 patients, 

considering variables such as age, tumor size, surgery, and tumor extension. Through the application of the Random 

Forest algorithm, various performance metrics of the machine learning model, including AUC, Precision, Accuracy, and 

Sensitivity, were assessed over different survival periods. The study emphasized the potential of machine learning in 

predicting survival, assisting in treatment decisions and care planning. 

Pancreatic cancer, despite its challenging nature in detection and treatment, remains a significant concern in the field 

of oncology due to its aggressive characteristics and limited therapy options. Typically diagnosed in advanced stages, this 

disease poses a challenging task for clinicians and researchers alike. Nonetheless, recent advancements in machine 

learning methods have brought optimism towards the prediction of pancreatic cancer. These methods facilitate early 

detection, potentially enhancing patient outcomes and survival rates. In the oncology domain, pancreatic cancer represents 

a daunting obstacle, often identified at late stages, and linked to restricted treatment choices. Nevertheless, the recent 

progress in employing Machine Learning (ML) techniques has demonstrated potential in predicting pancreatic cancer. 

These approaches support early detection, potentially improving patient outcomes and survival rates. Through the 

utilization of ML capabilities, researchers and clinicians may be able to combat this aggressive disease more effectively, 

offering prospects for enhanced detection, treatment, and patient results. 

3.  Methodology 

The methodology outlined here presents a systematic and structured approach to predicting pancreatic cancer. 
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Through careful planning and rigorous execution, this methodology aims to utilize various tools and techniques to achieve 

precise and dependable predictions regarding pancreatic cancer prognosis. By employing an interdisciplinary framework 

that integrates data analysis, machine learning algorithms, and clinical knowledge, this methodology seeks to enhance 

comprehension of pancreatic cancer and facilitate early detection and intervention strategies. This paper sets the 

foundation for a detailed examination of the methodology employed in predicting pancreatic cancer outcomes. 

The employed methodology comprises several key steps: 

 

• Firstly, the process begins with Data Collection and Preprocessing, which involves gathering pertinent datasets 

containing various patient details related to pancreatic cancer, such as age, sex, medical history, and genetic 

markers. The data is then cleansed, missing values are addressed, and features are normalized or standardized 

to ensure accuracy and uniformity. 

• Next, Model Selection is carried out by selecting a diverse range of machine learning algorithms suitable for 

predictive modeling, including traditional ones like decision trees, SVM, and random forest, as well as more 

advanced techniques such as boosting methods. 

• Subsequently, Evaluation Metrics are defined to gauge the performance of each algorithm. Common metrics, 

like accuracy, precision, F1-score, support, and recall, are used for classification tasks in cancer prediction. 

• Lastly, Performance Comparison is conducted to assess the accuracy and reliability of algorithms using various 

evaluation metrics, aiding in the identification of the most precise and dependable models. 

 

By adhering to this structured framework, individuals can effectively assess and pinpoint the machine learning 

algorithm or combination of algorithms that yield the most precise outcomes in predicting pancreatic cancer. This process 

contributes to the advancement of the field by shedding light on the most promising methods for clinical applications, 

ultimately enhancing diagnostic accuracy and patient care. 

3.1.  Data Set  

In this research, a comprehensive and representative dataset has been compiled, incorporating patient histories and 

genetic profiles. This dataset is pivotal for predicting pancreatic cancer stages in patients. It was acquired from multiple 

institutions, including University College London, Spanish National Cancer Research Center, Barts Pancreas Tissue Bank, 

Cambridge University Hospital, University of Liverpool, and the University of Belgrade. The dataset [15] used in this 

study consists of 590 urine samples collected from different patient groups, including individuals diagnosed with 

Pancreatic Ductal Adenocarcinoma (PDAC), patients with benign hepatobiliary diseases, and those with no pancreatic 

disease. It includes 14 attributes covering demographic details, biochemical markers, and clinical information relevant to 

pancreatic cancer diagnosis. The demographic features considered are age and sex, while the biochemical markers include 

Plasma CA19-9, a commonly used biomarker for pancreatic cancer detection, along with Creatinine (a kidney function 

marker for biomarker normalization), LYVE1 (a lymphatic marker linked to tumor progression), REG1B (associated with 

pancreatic disease), TFF1 (linked to gastrointestinal cancers), and REG1A (another relevant biomarker for pancreatic 

cancer). Additionally, the dataset includes clinical information, such as the stage of the disease, benign sample diagnosis, 

and the diagnosis label, which classifies samples into "Pancreatic Cancer," "Benign Hepatobiliary Disease," or "No 

Pancreatic Disease." This dataset provides a comprehensive representation of clinical and biochemical markers, 

supporting the development of machine learning models for early pancreatic cancer detection. 

The dataset provides a diverse representation of diagnostic categories, ensuring a comprehensive evaluation of the 

machine learning models. It includes many samples from individuals with no pancreatic disease, a moderate 

representation of cases with benign hepatobiliary disease, and a significant subset of samples from patients diagnosed 

with Pancreatic Ductal Adenocarcinoma (PDAC). This distribution allows the study to assess model performance across 

different patient groups, highlighting its potential for early pancreatic cancer detection while ensuring robust classification 

across varied clinical conditions. This study maintains the real-world distribution of diagnostic classes, ensuring that 

models learn from naturally occurring case proportions. While pancreatic cancer cases are underrepresented, this approach 

enhances the model’s applicability to real clinical settings. 

3.2.  Data Preprocessing 

Data preprocessing played a crucial role in maintaining the integrity and quality of the dataset, ultimately enhancing 

the accuracy and reliability of the predictive models. A key aspect of this process involved addressing missing data to 

minimize bias and ensure the robustness of the findings. Various imputation techniques were employed based on the 

characteristics and distribution of missing values. Mean substitution was applied to features with a limited number of 

missing values to maintain consistency without introducing significant distortions. For features exhibiting strong 

correlations with other variables, regression imputation was utilized to estimate missing values based on existing data 

relationships. Additionally, multiple imputation methods were implemented for features with complex missing patterns, 

particularly for biomarkers such as REG1A and plasma CA19-9, ensuring that critical information was preserved while 

mitigating potential data loss. 

In addition to handling missing values, feature scaling and normalization were applied to standardize the numerical 

range of different attributes and prevent any individual feature from disproportionately influencing the model's predictions. 

The choice of scaling method was determined based on the nature of the feature. Min-Max scaling was employed for 
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continuous biomarker variables, including LYVE1, REG1B, TFF1, and REG1A, to normalize their values within a fixed 

range of 0 to 1, ensuring uniformity across all samples. Conversely, Z-score standardization was applied to variables such 

as age, transforming them to have a mean of 0 and a standard deviation of 1, facilitating better comparability across 

different scales. By implementing these preprocessing techniques, the dataset was effectively optimized for machine 

learning algorithms, ensuring equitable feature contributions, and reducing the risk of bias introduced by missing data or 

variations in numerical scales. 

3.3.  Model Development 

During the model development phase, the study delved into a variety of Machine Learning (ML) algorithms to build 

resilient predictive models for pancreatic cancer. Algorithms such as Random Forest, SVM, Decision Trees, KNN, 

XGBoost, ADABoost, CatBoost, and GradientBoost were implemented, each with distinct strengths and weaknesses that 

varied in effectiveness depending on the context. In this study, all the models were trained using their default 

hyperparameter settings, ensuring a baseline evaluation of their performance without manual tuning. This approach 

provides an unbiased assessment of how each algorithm performs under standard conditions. By conducting thorough 

performance evaluations, the research identified the most suitable algorithm tailored to the specific prediction task. 

3.4.  Model Evolution 

To evaluate the performance of the machine learning models comprehensively, the following key metrics were 

considered: accuracy, precision, recall, F1-score, support, and confusion matrix. These metrics provide a detailed 

assessment of model effectiveness, particularly in medical diagnostics, where both false positives and false negatives 

have significant consequences. 

A.  Accuracy  

Accuracy is defined as the proportion of accurately identified instances to all instances as shown in equation 1. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                                                 (1) 

B.  Precision 

The precision metric, as described in equation 2, quantifies the percentage of true positive predictions among all the 

positive predictions generated by the model. It shows that the model can prevent false positives. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
                                                  (2) 

C.  Recall (Sensitivity) 

The percentage of true positive predictions among all actual positive data instances is known as recall. It illustrates 

how the model may prevent false negatives by capturing all positive cases as depicted in equation 3. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                                                   (3) 

D.  F1-Score  

The F1-score, as described in equation 4, is the harmonic mean between recall and precision. It offers an equitable 

assessment of a model's effectiveness, particularly in cases where the dataset exhibits class imbalances. 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                               (4) 

E.  Support 

Represents the number of actual occurrences of each class in the dataset. It helps in understanding whether 

performance metrics are calculated on a balanced number of samples or if certain classes dominate the dataset. 

F.  Confusion Matrix 

A tabular overview of the model's predictions compared to the actual class labels is given by a confusion matrix. It 

allows for a more in-depth analysis of the model's performance, showing the counts of true negatives, true positives, false 

negatives, and false positives. 

3.5.  The Algorithms 

This subsection describes the Machine Learning algorithms implemented in this work. 
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A.  Random Forest 

The Random Forest approach aims to enhance accuracy by combining the results of multiple decision trees. Each 

tree is trained on a subset of the original data independently, with their predictions aggregated through a voting mechanism. 

This technique effectively reduces overfitting, thereby improving performance on new challenges and enhancing the 

model's ability to generalize for regression and classification tasks in diverse domains. Essentially, Random Forest 

comprises a collection of decision trees that collectively determine the final output via majority voting. This algorithm 

stands out for its superior performance compared to individual tree classifiers and its robustness against noise. Moreover, 

the efficacy of the Random Forest Algorithm scales with the dataset size, showing better performance with larger datasets 

than with smaller ones. 

B.  Support Vector Machine (SVM) 

The Support Vector Machine (SVM) is a potent supervised learning model known for its effectiveness in both 

classification and regression analyses. It operates by identifying a hyperplane that can accurately segregate classes based 

on data points while maximizing the margin between points of different classes. Particularly adept at handling high-

dimensional data spaces, SVM leverages a kernel trick to explore nonlinear relationships among variables. Central to 

SVM is the concept of structural risk minimization (SRM), where the algorithm's objective is to discern distinct classes 

within training samples and determine the optimal separating hyperplane that efficiently distinguishes them—referred to 

as the "optimal separable hyperplane." Beyond classification and regression, SVM has demonstrated utility in diverse 

domains such as clustering and time series analysis. 

C.  Decision Trees 

Decision Trees are machine learning models extensively utilized for classification and regression tasks, functioning 

by recursively partitioning data based on different features to form a tree-like structure. The internal nodes of the tree 

correspond to decisions made on features, while the leaf nodes provide predicted outcomes. Named for their hierarchical 

tree-like layout, decision trees feature internal nodes representing dataset features, branches showing outcomes of various 

tests, and leaf nodes offering final predictions. Through recursive partitioning, the dataset is segmented into subsets 

primarily composed of data points belonging to specific classes. At each internal node, the optimal split decision is made 

based on impurity measures. The decision tree classifier involves two key stages: tree construction, where the dataset is 

partitioned to ensure distinct representation of features, and tree pruning, which aims to optimize the tree structure to 

mitigate overfitting. Decision trees are highly favored for their efficiency and versatility across a wide range of 

applications. 

D.  K-Nearest Neighbours (KNN) 

KNN or K-Nearest Neighbours is an uncomplicated and understandable algorithm that can be employed for 

classification as well as regression. In the case of K-nearest neighbours, they determine the class by counting which one 

is in majority within their range. When it comes to regression, KNN gives mean value of the k-neighbours. KNN's most 

important characteristic is its non-parametric nature. It does not rely on assumptions about data distribution like other 

algorithms, but instead uses closeness of data points in feature space as the foundation for making decisions. This helps 

KNN to identify patterns in the given data. KNN is an illustration of supervised learning. It applies similarities between 

fresh observation and known labels to carry out classification tasks. Through the process of examining training examples 

inside a certain region, it dedicates the new observation into a suitable category so that accurate classification becomes 

feasible for KNN. 

E.  XGBoost 

XGBoost, which is the short form for Extreme Gradient Boosting, has gained popularity in machine learning because 

of its fast and high-quality functioning. Working on a method named gradient boosting, it uses a structure where weak 

learners - often decision trees - are trained one by one to fix mistakes from earlier models. XGBoost makes use of 

optimization methods to lessen certain loss functions; for example: log loss in classification or squared error when 

working with regression tasks. For stopping overfitting and promoting generalization, it applies different regularization 

methods such as L1 and L2 regularization. Furthermore, XGBoost gives useful knowledge about feature importance. This 

lets the users understand how much each feature contributes comparatively to the model's predictions. 

F.  CatBoost 

CatBoost, which is a boosting algorithm that has strong power in dealing with gradient, shows superiority in its 

handling of categorical features. It does not require manual preprocessing steps like one-hot encoding as seen with other 

algorithms. This algorithm also has good protection against overfitting and it works quite well. This makes CatBoost 

appropriate for different uses. Furthermore, CatBoost handles feature scaling automatically. This means users do not have 

to do any data preprocessing for model training. The good performance of CatBoost on small and big datasets confirms 

its reliability. 
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G.  AdaBoost (Adaptive Boosting) 

AdaBoost, which is also called Adaptive Boosting, applies a method of sequential learning. In this method, there are 

weak learners that are trained one after another to correct mistakes made by the preceding models. AdaBoost assigns 

different weights to data points using instance weighting. The weights are chosen based on how accurately an instance 

has been classified; instances that were misclassified receive more weight in the following iterations. The final prediction 

is decided by combining all weak learner's predictions together and each learner contributes according to its performance 

level. AdaBoost shows a flexible character because it can cooperate with various base classifiers, and decision trees are 

often selected as these are simple yet effective. 

H.  Gradient Boosting 

Gradient Boosting is known for its step-by-step process to improve model ability, which is done by reducing a set 

loss function such as mean squared error or cross-entropy loss. By using residual learning, each next model (also called 

weak learner) gets trained to fix the mistakes made by previous model group, thus getting better at predicting accuracy. 

This method makes it possible for handling complicated data relationships and adjusting well with both linear as well as 

non-linear patterns in Gradient Boosting. In the end, the last forecast is produced by adding together predictions from 

all weak learners. This is commonly done using simple average or weighted average methods. 
The selection of machine learning algorithms for this study was based on their established effectiveness in medical 

diagnostics and classification tasks, particularly in handling structured clinical data. We considered a diverse set of models, 

including tree-based, distance-based, and ensemble learning approaches, to ensure a comprehensive evaluation of 

different learning paradigms. 

 

• Tree-based models (Decision Trees, Random Forest, XGBoost, ADABoost, CatBoost, Gradient Boosting): 

These models are widely used in medical diagnosis due to their ability to handle complex feature interactions, 

interpretability, and robustness against missing data. Ensemble models such as XGBoost and CatBoost were 

included due to their enhanced predictive performance in structured datasets. 

• Support Vector Machine (SVM): SVM is known for its strong classification capabilities, particularly in high-

dimensional spaces, making it suitable for medical applications where features may have nonlinear relationships. 

• K-Nearest Neighbors (KNN): KNN was included as a baseline model due to its simplicity and ability to capture 

local patterns in data, providing a comparative measure against more complex algorithms. 

 

By including a mix of traditional classifiers, ensemble learners, and boosting techniques, we aimed to assess their 

relative strengths in pancreatic cancer prediction and determine the most suitable approach for early diagnosis. 

4.  Results and Analysis 

This section reports the results obtained by various algorithms and compares their efficacy in the prediction process. 

The accuracies obtained by the implemented algorithms are listed in Table 1. 

Table 1. Comparison of accuracies of the implemented algorithms 

Algorithm Accuracy 

Random Forest 0.74 

SVM 0.59 

Decision Trees 0.62 

KNN 0.67 

XG Boost 0.74 

Cat Boost 0.75 

ADA Boost 0.61 

Gradient Boosting 0.72 

 

While CatBoost demonstrated the highest accuracy (75%), its performance was closely followed by Random Forest 

and XGBoost, both achieving 74%. These results indicate that ensemble learning methods, particularly boosting-based 

models, excel in handling complex feature interactions and improving classification accuracy. However, other algorithms 

such as Gradient Boosting (72%) and KNN (67%) also showed competitive performance, highlighting their potential 

utility in specific scenarios. Simpler models like Decision Trees (62%) and AdaBoost (61%) had comparatively lower 

accuracies, primarily due to their inherent limitations in feature representation and sensitivity to data distribution. 

The performances of the implemented algorithms are presented below.  
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4.1.  Random Forest 

Based on the report of Random Forest Classifier as presented in Table 2 and its corresponding confusion matrix 

presented in Fig. 1, it is evident that the model performs reasonably well across the different classes. Class 3 exhibits the 

highest precision, recall, and F1-score values, indicating robust classification performance for this category. However, 

there are slight discrepancies in the precision and recall metrics for Classes 1 and 2, suggesting room for improvement in 

the classifier's ability to accurately predict instances belonging to these classes. Overall, while the model demonstrates 

effectiveness, further refinement may enhance its performance, particularly for Classes 1 and 2, ensuring more accurate 

classification across all categories. 

Table 2. Random forest classifier report 

Classes Precision Recall F1-Score Support 

1 0.71 0.73 0.72 62 

2 0.67 0.60 0.63 63 

3 0.84 0.92 0.88 52 

 

 

Fig.1. Confusion matrix of random forest 

Table 3. SVM classifier report 

Classes Precision Recall F1-Score Support 

1 0.55 0.84 0.67 62 

2 0.49 0.32 0.38 63 

3 0.79 0.63 0.70 52 

 

 

Fig.2. Confusion matrix of SVM 
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4.2.  Support Vector Machine 

The assessment of the SVM Classifier in Table 3 and confusion matrix in Fig. 2 reveals diverse performance metrics 

across different classes. While Class 3 showcases the highest precision and F1-score, Classes 1 and 2 exhibit relatively 

lower precision and recall values. Specifically, Class 1 shows higher recall but lower precision, indicating that the 

classifier correctly identifies more Class 1 instances but also misclassifies some instances from other classes as Class 1. 

On the other hand, Class 2 demonstrates lower recall, suggesting that the classifier misses a significant number of Class 

2 instances. Overall, the SVM Classifier's performance highlights the significance of balancing precision and recall across 

all classes to achieve optimal classification accuracy. 

4.3.  Decision Trees 

The analysis in Table 4 and confusion matrix in Fig. 3 depicts the model's performance across different classes. 

Notably, Class 3 demonstrates the highest precision, recall, and F1-score, signaling strong performance in accurately 

identifying instances of this class. However, Classes 1 and 2 show comparatively lower precision and recall values, 

indicating challenges in correctly classifying instances for these classes. Particularly, Class 2 exhibits the lowest precision 

and recall among the three classes, pointing out areas for improvement in distinguishing Class 2 instances. While the 

Decision Tree Classifier shows strengths in specific classes, enhancing its performance across all classes is crucial for 

achieving comprehensive classification accuracy. 

Table 4. Decision trees classifier report 

Classes Precision Recall F1-Score Support 

1 0.62 0.73 0.67 62 

2 0.51 0.44 0.47 63 

3 0.76 0.73 0.75 52 

 

 

Fig.3. Confusion matrix of decision tree 

4.4.  K-Nearest Neighbours 

The evaluation of the K-Nearest Neighbors (KNN) Classifier is provided in table 5 and its corresponding confusion 

matrix in Fig. 4. A detailed analysis reveals that Class 3 demonstrates the highest precision, recall, and F1-score, 

showcasing the model's ability to precisely identify instances belonging to this category. While Classes 1 and 2 show 

moderate precision, recall, and F1-score values, they exhibit some variability in performance compared to Class 3. 

Specifically, Class 1 displays slightly better precision and recall than Class 2, indicating superior classification 

performance for Class 1 instances. Overall, the KNN Classifier's performance emphasizes its effectiveness in 

distinguishing between different classes, with a strong capability observed in correctly classifying Class 3 instances. 

Table 5. KNN classifier report 

Classes Precision Recall F1-Scoe Support 

1 0.63 0.74 0.68 62 

2 0.62 0.62 0.62 63 

3 0.85 0.67 0.75 52 
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Fig.4. Confusion matrix of KNN 

4.5.  XGBoost 

The assessment in Table 6 and confusion matrix in Fig. 5 for the XGBoost Classifier offers insights into its 

performance metrics across various classes. Notably, Class 3 demonstrates the highest precision, recall, and F1-score, 

showcasing the model's proficiency in accurately identifying instances of this class. Classes 1 and 2 also exhibit 

respectable precision, recall, and F1-score values, although slightly lower than Class 3. Specifically, Class 1 and Class 3 

show similar precision and recall values, while Class 2 displays slightly lower values. Overall, the XGBoost Classifier 

displays robust performance across all classes, with notable strengths in correctly classifying Class 3 instances. 

Table 6. XGBoost classifier report 

Classes Precision Recall F1-Score Support 

1 0.76 0.76 0.76 62 

2 0.67 0.62 0.64 63 

3 0.81 0.88 0.84 52 

 

 

Fig.5. Confusion matrix of XGBoost 

4.6.  CatBoost 

The classification report for the CatBoost Classifier in Table 7 and its confusion matrix in Fig. 6, highlights its 

performance metrics across different classes. Notably, Class 3 exhibits the highest precision, recall, and F1-score values, 

indicating the model's proficiency in accurately identifying instances belonging to this class. Classes 1 and 2 also 

demonstrate respectable precision, recall, and F1-score values, although slightly lower than Class 3. Specifically, Classes 

1 and 2 showcase similar precision and recall values, while Class 3 displays higher values, indicating its strength in 

classification. Overall, the CatBoost Classifier demonstrates robust performance across all classes, with notable strengths 

observed in correctly classifying instances of Class 3. 
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Table 7. CatBoost classifier report 

Classes Precision Recall F1-Score Support 

1 0.76 0.73 0.74 62 

2 0.67 0.63 0.65 63 

3 0.83 0.92 0.87 52 

 

 

Fig.6. Confusion matrix of CatBoost 

4.7.  AdaBoost 

The classification report for the AdaBoost Classifier depicted in Table 8 and confusion matrix in Fig. 7, outlines its 

performance across different classes. Class 3 displays the highest precision, recall, and F1-score values, indicating the 

model's effectiveness in accurately identifying instances from this class. Classes 1 and 2 exhibit relatively lower precision, 

recall, and F1-score values compared to Class 3, indicating some challenges in correctly classifying instances from these 

classes. However, the AdaBoost Classifier demonstrates acceptable performance across all classes, with notable strengths 

observed in correctly classifying instances from Class 3. 

Table 8. AdaBoost classifier report 

Classes Precision Recall F1-Score Support 

1 0.62 0.58 0.60 62 

2 0.48 0.49 0.49 63 

3 0.75 0.79 0.77 52 

4.8.  Gradient Boost 

The classification report is presented in Table 9 and confusion matrix in Fig. 8 for the Gradient Boosting Classifier. 

The results showcase its performance metrics across different classes. Class 3 demonstrates the highest precision, recall, 

and F1-score values, indicating the model's proficiency in accurately identifying instances from this class. While Classes 

1 and 2 exhibit slightly lower precision, recall, and F1-score values compared to Class 3, the Gradient Boosting Classifier 

displays commendable performance overall, with notable strengths observed in correctly classifying instances from Class 

3. 

The comparative analysis of machine learning algorithms in this study reveals key insights into their performance 

variations. CatBoost emerged as the best-performing model with an accuracy of 75%, followed closely by Random Forest 

and XGBoost at 74%. The superior performance of CatBoost can be attributed to its handling of categorical features, 

efficient feature selection, and ability to reduce overfitting through ordered boosting techniques. Additionally, CatBoost's 

use of oblivious trees ensures robust classification performance, particularly in datasets with imbalanced class 

distributions like the one used in this study. 

Tree-based ensemble models such as Random Forest and XGBoost also demonstrated strong performance due to 

their capability to handle nonlinear relationships in the data. Random Forest, with its multiple decision trees, helps in 

reducing variance and improving model stability, making it well-suited for complex classification tasks. Similarly, 

XGBoost, a gradient boosting algorithm, performed well due to its ability to iteratively correct classification errors, 

efficiently optimizing predictive accuracy. Gradient Boosting (72%) followed a similar trend, reinforcing the 

effectiveness of ensemble methods in structured medical datasets.
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Fig.7. Confusion matrix of AdaBoost 

Table 9. Gradient boost classifier report 

Classes Precision Recall F1-Score Support 

1 0.71 0.73 0.72 62 

2 0.63 0.59 0.61 63 

3 0.84 0.88 0.86 52 

 

 

Fig.8. Confusion matrix of gradient boost 

In contrast, SVM (59%) and AdaBoost (61%) exhibited lower accuracies, suggesting limitations in their ability to 

capture intricate feature relationships. SVM struggled due to the dataset's potential nonlinear feature dependencies, as it 

is more effective in high-dimensional spaces where feature separation is clearer. Moreover, AdaBoost, which relies on 

sequentially weighting misclassified instances, may have been more sensitive to noise in the dataset, affecting its 

performance.The performance of K-Nearest Neighbors (67%) highlights its reliance on local distance-based classification. 

While KNN can work well with small datasets, its effectiveness declines when dealing with complex, high-dimensional 

data, where feature relationships are more intricate. 

Decision Trees (62%) performed lower than ensemble-based models because individual trees are prone to overfitting, 

limiting their generalization capability. However, their interpretability remains an advantage, making them useful for 

understanding key decision factors in pancreatic cancer prediction. Overall, the results indicate that ensemble learning 

models, particularly CatBoost, Random Forest, and XGBoost, offer the most promising approach for pancreatic cancer 

prediction due to their ability to handle complex data patterns, reduce overfitting, and optimize decision boundaries. 

Future improvements could focus on refining hyperparameters, integrating feature selection methods, and exploring deep 

learning techniques to further enhance model accuracy and generalizability. 

The proposed CatBoost-based pancreatic cancer prediction model can be seamlessly integrated into clinical 

workflows by serving as a Clinical Decision Support System (CDSS) within Electronic Health Records (EHR), providing 

automated risk assessments based on biomarker profiles. It can assist physicians in diagnostic decision-making, 

differentiating pancreatic cancer from benign conditions, and prioritizing high-risk patients for further testing. The 

model’s explainability through SHAP analysis enhances clinical trust, making it a valuable second-opinion tool. 

Additionally, it can be deployed in screening programs, integrated into pathology labs for automated report generation, 

and utilized in telemedicine for remote assessments.
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5.  SHAP-Based Explainability Analysis of the CatBoost Classifier 

Based on the results presented in the previous section, CatBoost classifier is emerged as the best performing model 

and this section discusses the interpretability of the predictions obtained by CatBoost using SHAP values. 
Explainability in machine learning is crucial for understanding model decisions, particularly in high-stakes 

applications like medical diagnosis. SHAP (Shapley Additive Explanations) is a widely used technique for interpreting 

model predictions by quantifying the contribution of each feature. SHAP assigns a Shapley value to each feature, 

indicating its impact on the model’s output. The SHAP summary plot visually represents the distribution of these values, 

illustrating how feature importance varies across instances. This plot not only ranks features based on their overall 

influence but also shows how different feature values (high or low) affect predictions. By leveraging SHAP, this study 

enhances the interpretability of the CatBoost classifier, offering insights into the most critical predictors of pancreatic 

cancer. 

The x-axis of the SHAP summary plots represents the SHAP values, indicating the impact of each feature on model 

predictions. A positive SHAP value implies that the feature contributes toward classifying a sample into a given category, 

whereas a negative SHAP value suggests that the feature pushes the prediction away from that class. Features with SHAP 

values around zero have minimal influence on the prediction for that instance. The spread of SHAP values highlights how 

the impact of features varies across different samples, providing deeper insights into the model's decision-making process. 

In SHAP summary plots, the colors indicate feature values, with red representing high values and blue representing low 

values. The x-axis shows SHAP values, which determine whether a feature increases or decreases the probability of a 

given classification. If a red-colored (high-value) point has a positive SHAP value, it means higher values of that feature 

contribute to classifying the sample into that class. Conversely, if a blue-colored (low-value) point has a negative SHAP 

value, it suggests that lower feature values reduce the likelihood of that class. This color representation helps interpret the 

directional impact of features on the model’s predictions. 

 

 

Fig.9. SHAP summary plot for No pancreatic disease class 

 

Fig.10. SHAP summary plot for benign hepatobiliary disease class 

SHAP analysis as depicted in Fig. 9 highlights Plasma CA19-9, TFF1, and LYVE1 as the most influential features 

in predicting non-cancerous cases, with lower values increasing the likelihood of a "No Pancreatic Disease" classification. 

Creatinine exhibited a positive association, while REG1B and REG1A negatively impacted non-cancerous predictions, 

linking higher levels to pancreatic disease. Age and gender had moderate influences, suggesting demographic relevance. 

These findings reinforce the established role of Plasma CA19-9 and LYVE1 as key cancer biomarkers, confirming the 

model’s ability to effectively differentiate non-cancerous cases based on biochemical markers. 
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SHAP analysis as shown in Fig. 10 reveals Plasma CA19-9, Age, and LYVE1 as key predictors in distinguishing 

benign hepatobiliary disease from pancreatic cancer and non-cancerous conditions. Lower Plasma CA19-9 values were 

strongly associated with benign diagnoses, while older age and higher LYVE1 and TFF1 values increased the likelihood 

of benign classification. REG1B and REG1A negatively correlated with benign cases, reinforcing their role in identifying 

pancreatic cancer. Additionally, lower creatinine levels were linked to benign conditions, suggesting a metabolic 

association. These findings highlight distinct biochemical profiles, emphasizing the diagnostic significance of Plasma 

CA19-9, TFF1, and LYVE1 in benign disease classification. 

 

 

Fig.11. SHAP summary plot for pancreatic ductal adenocarcinoma class 

SHAP analysis in Fig. 11 identifies Plasma CA19-9, LYVE1, and TFF1 as the most influential predictors of 

pancreatic ductal adenocarcinoma (PDAC), aligning with established clinical biomarkers. Higher Plasma CA19-9 values 

strongly increased PDAC likelihood, while LYVE1 and TFF1 reinforced differentiation from benign conditions. Older 

age contributed positively, suggesting an age-related risk factor, whereas lower creatinine levels were linked to PDAC, 

indicating metabolic alterations. REG1B further supported PDAC classification, confirming its relevance. These findings 

underscore the critical role of Plasma CA19-9, LYVE1, and TFF1 in pancreatic cancer diagnosis, aiding early detection 

and clinical decision-making. 

SHAP analysis highlights Plasma CA19-9, LYVE1, and TFF1 as the most influential features across all diagnostic 

classifications, reinforcing their significance in pancreatic cancer detection. Plasma CA19-9 exhibited the highest SHAP 

values, confirming its strong diagnostic relevance, while LYVE1 and TFF1 effectively differentiated benign and 

malignant conditions. REG1B and REG1A played meaningful roles, particularly in pancreatic cancer classification, and 

creatinine showed an inverse association with disease presence. Age and gender had moderate effects, reflecting 

demographic trends, while cohort-based variations were also observed. These findings validate the model’s robustness in 

leveraging clinically relevant biomarkers for accurate classification, enhancing interpretability in pancreatic cancer 

diagnosis. 

6.  Conclusions and Future Work 

This study emphasizes the transformative role of machine learning in advancing early pancreatic cancer detection, a 

critical challenge in oncology due to the disease's high mortality and limited treatment options. By systematically 

evaluating a diverse set of ML algorithms, we demonstrated that machine learning can significantly enhance diagnostic 

accuracy, potentially aiding clinicians in identifying pancreatic cancer at an early stage. Among the tested models, 

CatBoost emerged as the most effective, showcasing superior accuracy and robustness in classification tasks. The results 

highlight the potential of ML-based diagnostic frameworks in complementing traditional medical approaches, offering 

data-driven insights that could improve clinical decision-making and patient outcomes. Additionally, the study contributes 

to the growing body of knowledge on AI-driven healthcare solutions, reinforcing the viability of ML techniques in 

oncology diagnostics. The findings not only validate machine learning's role in medical applications but also open new 

pathways for integrating AI-based tools into routine clinical workflows. 

While this study effectively demonstrates the potential of machine learning models for pancreatic cancer detection, 

it is currently limited to a single publicly available dataset. Although the dataset is well-structured and diverse in terms 

of sample representation, the absence of external validation on independent datasets remains a limitation. Validation on 

additional datasets, preferably from different clinical sources, would further establish the generalizability and robustness 

of the proposed models. 

Future research should focus on evaluating the models on external datasets to confirm their applicability across 

varied patient demographics and medical conditions. Additionally, real-world validation in collaboration with healthcare 

institutions would provide deeper insights into the clinical feasibility of integrating ML-based diagnostic tools. Despite 

this limitation, the study provides a strong foundation for further research in AI-driven oncology diagnostics and 

underscores the potential of machine learning in improving early pancreatic cancer detection. 
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