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Prevalence of Pancreatic Cancer
• Deadly disease that is difficult to diagnose at an early stage (Siegel et al., 2020)

Introduction
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37%3%
5-yr Survival Rate for 
Late-Stage Diagnosis 

(Siegel et al., 2020)

5-yr Survival Rate for 
Early-Stage Diagnosis 

(Siegel et al., 2020)

Early diagnosis is key!

Need an effective way to aid in the diagnosis of pancreatic cancer at an early stage

• Effective screening for pancreatic cancer at an early stage is lacking (McGuigan et al., 2018; Poruk et al., 2013)



Common Risk Factors of Pancreatic Cancer
Introduction
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Age Sex Race Smoking BMI Diabetes

Significant Risk Factors

Possible Risk Factors

Activity Alcohol Consumption Heart Conditions Depression

Lowenfels & Maisonneuve, 2006; Arnold et al., 2009; Larsson et al., 2007; Gomez-Rubio et al., 2015; Muhammad et al., 2019; Everhart & Wright, 1995; Hassan et al., 2008; Ye et al., 2002; Lindgren 
et al., 2005; Zheng et al., 1993; Coughlin et al., 2000; Michaud et al., 2001; “Pancreatic Cancer Risk Factors,” n.d.)



Use of Machine Learning (ML) for Disease Prediction
Introduction

Large Dataset of 
Patient Records

Develop and 
Train Model

Feed Model New 
Patient Data

Make 
Predictions

Perform further medical 
diagnosis on the patient

Good chance the patient 
will not develop the disease
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Sensitivity 
(true positive rate)

Specificity 
(true negative rate)

AUC 
(area under the ROC curve)

Methods to Evaluate Models

Image taken from “Classification: ROC Curve and AUC”



My Goals
1. Develop an effective machine learning model to predict one’s risk of developing 

pancreatic cancer, improving upon previously-created models


• Random Forest (RF), Decision Tree (DT), Boosted Trees (BT), Logistic 
Regression (LR), and Support Vector Machine (SVM)


• Determine the most important variables for inclusion in a model


• Specifically, determine the impact of including depression


2. Develop an iPhone app to facilitate data input and prediction output by doctors 
and/or patients

Introduction
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Dataset, Preprocessing, Training, and App
Methods

Data from IPUMS Health Surveys  
and PLCO Study (1993-2018) 

752,527 participants (983 with PC) 
17 variables

SPSS for re-coding 
certain variables

Missing value 
imputation 

(Aljuaid & Sasi, 2016)

10%

20%

70%

Data randomly split into 
70% training, 20% 

validation, 10% testing

Normalize the data 
(Muhammad et al., 2019; 

Roffman et al., 2018a, 
Roffman et al., 2018b)

Balance dataset 
using upsampling 
(0.13% PC Cases) 

(Boyle, 2019)

2

3 4

8 2

6 5

Trained using 
CreateML 

(“Create ML,” n.d.)

App created using 
CoreML/SwiftUI 

(“Core ML,” n.d.; “SwiftUI,” n.d.)

￼6
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1 3

2 1

3 2



Model Performance
Results/Discussion

Data were obtained by evaluating the sensitivity, specificity, and AUC each model after training. Error 
bars represent the 95% confidence interval. n = 10 for all models.

• AUC of all models > ~0.8

• The highest-AUC model 

observed among the 10 runs 
was a BT, with AUC = 0.87


• All models varied in 
sensitivity and specificity
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Variable Importance
Results/Discussion

Data were obtained by evaluating the difference in AUC between the final BT model and that from each variable permutation. 
The greater the difference in AUC, the greater importance that given variable has on predicting pancreatic cancer.

• Most Important: Age, physical 
activity, smoking, race, and diabetes


• Least Important: Depression, 
emphysema, and heart conditions
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Comparison to Previous Pancreatic Cancer Models
Results/Discussion

• The Boosted Trees model performed slightly worse than all previous pancreatic 
cancer models in terms of sensitivity and specificity, but better in terms of AUC

Model Sensitivity Specificity AUC

My BT 0.788 0.791 0.870

Muhammad et al., 2019 (ANN) 0.807 0.807 0.850

Hsieh et al., 2018 (ANN) 0.873 (not calculated) 0.642

Hsieh et al., 2018 (LR) 0.998 (not calculated) 0.707

Comparison of the sensitivity, specificity, and AUC of the final BT model and that of previous pancreatic cancer models
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iPhone App
Results/Discussion

Screenshots of the iPhone app created to facilitate user input of data and prediction output. The final BT model was embedded 
within the app. From left to right: welcome screen; question list; categorical answer view; final predictions.￼10



Conclusions
• 5 algorithms are effective in using machine learning to discriminate between 

patients with and without pancreatic cancer.  The tree-based models had the 
highest AUC.


• Age, physical activity, smoking, and race were the most influential risk factors


• Cannot evaluate the role of depression yet due to missing data and lack of 
information to determine a sudden onset


• An iOS application was created to facilitate data input and prediction output using 
the final BT model - potential use by doctors.
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Future Research
• An Artificial Neural Network (ANN) should be developed as well


• Need more depression data and better criteria to distinguish between a sudden 
onset to further determine its importance


• Improvements to data upsampling (i.e., using SMOTE) (Brownlee, 2020)


• Improvements to the dataset - additional variables and data for more PC cases


• Once this is fully optimized, it could be an important tool assisting in the early 
diagnosis of pancreatic cancer by identifying appropriate candidates for further 
screening
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