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I. Evolution from Universal to Precision Screening

CASE-PASS Demonstration: 
Adjusting for Self-Selection and Lead-Time Bias 

in Screening Evaluation



Real-world 
Screening Evaluation
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Who is 
eligible?

Who 
participated?

Who 
developed 

cancer?

Who died 
from cancer?

Population 
Registry

Screening 
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Cancer 
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Mortality
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Historical Control Design

Step 1. Construct Exposed and Unexposed Person-Years

Calculate the 20-year cumulative breast cancer mortality among women aged 40–69 years 
during the prescreening period (1960–1981) and the screening period (1982–2003)



Historical Control Design

Step 2. Estimate Mortality in Each Period

Calculate the 20-year cumulative breast cancer mortality among women aged 40–69 years 
during the prescreening period (1960–1981) and the screening period (1982–2003)
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Historical Control Design Calculate the 20-year cumulative breast cancer mortality among women aged 40–69 years 
during the prescreening period (1960–1981) and the screening period (1982–2003)
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Calculate breast cancer survival time among women aged 40–69 years 
by screening detected and clinical detected.
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Thank you for your attention
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II. Artificial Intelligence and Machine Learning for 
Precision Screening

Machine Learning Classifiers for Risk Prediction: 
from Conventional Algorithms to Deep Learning
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From One-Size-Fits-All to Precision Screening
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What Assumptions
should we make?

What patterns can we 

learn from the data?
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Book. Statistics for Machine Learning 27
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• Each new tree is trained on the residual errors from previous trees.
• The model gradually improves prediction by focusing on difficult cases.

How Does XGBoost Learn?
Each tree learns from the errors of previous trees

Identify Prediction Errors

Focus on Difficult Cases

Correct Remaining Errors

Improved Prediction
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Data source: Prof. László Tabár, Sweden.
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SVM
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II. Artificial Intelligence and Machine Learning for 
Precision Screening

Explainable Artificial Intelligence (XAI) for 
Personalized Risk Assessment and Prediction
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❓

Suppose a patient has a 
larger tumor size, positive 
lymph nodes, and HER2-
negative status. 

What would the predicted 
risk of breast cancer 
mortality be?
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❓

Suppose a patient has a 
larger tumor size, positive 
lymph nodes, and HER2-
negative status. 

What would the predicted 
risk of breast cancer 
mortality be?



Global SHAP 
Importance Plot
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II. Artificial Intelligence and Machine Learning for 
Precision Screening

Practice: Machine Learning Approaches for 
Differentiating Screen-Detected and Clinically 
Detected Cases



Real-World Data :
Taiwan Community-based Integrated Screening Program

Characteristics
Age, Gender, Education, 

Family History

Dietary Habits
Meat/Vegetable

/Bean & Egg
/Milk/ Coffee/ Fruit

Metabolic 
syndrome factors

Waist/ TG/ HDL/ Blood 
Pressure/ Glucose

Biomarkers
Fecal hemoglobin 

concentration (FIT)/ Uric 
Acid/ Creatinine

Life Style
Smoking/ 

Betel quid chewing/
Alcohol Screening/

Awareness/ Health check 

Dynamic data
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Random Forest Classification

https://ml.iaccs-metaverse.com.tw/rf_iaccs2026/
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FITGP
0: Undetected
1: 1-49
2: 50-99
3: 100-149
4: 150-249
5: 250-449
6: >450

Induction time>7Induction time7

FIT: 250-449

Male Female

How Does the Model Make Decisions?
Example: One Decision Tree from the Random Forest

FIT: 1-49

Screen-detected  
vs Normal

Induction time>10
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Which AUC should we use to estimate real-
world performance?

A. Training AUC = 0.9899

B. Test AUC = 0.9283



Which AUC should we use to estimate real-
world performance?

A. Training AUC = 0.9899

B. Test AUC = 0.9283
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Artificial Neural Network Analysis

https://ml.iaccs-metaverse.com.tw/ann_iaccs2026/




What is the predicted probability of breast cancer under the 
following conditions (ANN)?

size Grade Nodes Extent ER PR
Basal 
like

LVI
Mammography 

appearance
HER2

Detection 
mode

Focality BCD
Predicted 

BCD

Predicted 
Probabilities 

Death
ID

60 Grade 3 Positive Positive Positive
Negativ

e

Negativ

e
Positive

Architecture 

distortion
Negative

Interval 

cancer
Diffuse 1 520
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appearance
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Detection 
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Predicted 

BCD

Predicted 
Probabilities 
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ID
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Negativ

e

Negativ

e
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Architecture 

distortion
Negative

Interval 

cancer
Diffuse 1 1 0.929 520
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III. Digital Twin AI for Precision Screening

M-state demonstration
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III. Digital Twin AI for Precision Screening

M-state demonstration
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Multi-state Disease Prediction System
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