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Biomarkers Guide Clinical Decisions

In healthcare, biomarkers drive the clinical 
decisions. Examples include: 

Brain 
Biomarkers

Blood 
Biomarkers

Cognitive 
Markers

An example of brain biomarker for Alzheimer’s 
Disease is Hippocampal volume



Learning Predictors of Biomarker

• Predictors of biomarker trajectories can make mistakes.
• Such mistakes lead to wrong decision making such as no intervention for high-risk 
patients and unnecessary treatment for healthy patients

We need uncertainty calibration of biomarker trajectory predictors.



Uncertainty-Calibrated Prediction of
Biomarker Trajectories

•Data from N subjects: (X(1), Y(1) ,T(1)), …, (X(N), Y(N) ,T(N))

{MRI features, 64 years old, female, hippocampal volume on 1st clinical visit}

{Time in months of 1st ,2nd  , 3rd  clinical visit} 

{Hippocampal volume on 2nd  , 3rd, … clinical visit} 



Uncertainty-Calibrated Prediction of
Biomarker Trajectories

•Data from N subjects: (X(1), Y(1) ,T(1)), …, (X(N), Y(N) ,T(N))
- Arbitrary data distribution 

• Arbitrary predictor yields predicted trajectories Ŷ(1) , …, Ŷ(N)

Goal: Given a test subject input X, design a prediction band C(X) s.t.:
P(Y∈C(X))≥1-α



Contribution

1. We design conformal prediction bands of randomly-timed biomarker trajectories.

P(Y∈C(X))≥1-α



Contribution

1. We design conformal prediction bands of randomly-timed biomarker trajectories.

2. Using these prediction bands, we develop an uncertainty-calibrated method of identifying 
high-risk patients.

P(Y∈C(X))≥1-α



Prior Work

• Limiting assumptions on the data distribution and the predictor
e.g., Gaussian noise, Bayesian models, …

• Prior Conformal Prediction methods assume fixed-time trajectories

Q1: What about arbitrary data distributions and predictors?

Q2: How to handle 
random clinical visits for 
each patient?



Conformal Prediction for Randomly-Timed 
Trajectories

•Patients visit the hospital at random days.

•Idea: Introduce a normalized non-conformity score:

Biomarker prediction 

error for patient i at time 

t



Conformal Prediction for Randomly-Timed 
Trajectories

•Patients visit the hospital at random days.

•Idea: Introduce a normalized non-conformity score:

Model-based 

(baseline) prediction 

uncertainty



Conformal Prediction for Randomly-Timed 
Trajectories

•Patients visit the hospital at random days.

•Idea: Introduce a normalized non-conformity score:

Maximum over 

all timepoints



Conformal Prediction for Randomly-Timed 
Biomarker Trajectories



Conformal Prediction on Brain 
Biomarkers

• We apply our conformal method on Hippocampal- and Ventricular-volume.

• We conformalize baseline and state-of-the-art predictors: 

• Deep Kernel Gaussian Process (DKGP) [5]

• Deep Mixed Effects (DME) [1] 

• Deep Quantile Regression (DQR) 

• Bootstrap Deep Regression 

• Deep Regression with Monte Carlo Dropout 

• For each biomarker, we use a dataset of 2,200 subjects.



Results on Brain Biomarkers



Qualitative Example

Our conformal prediction bands:
•Contain the true trajectories
•Are tight compared to baseline 
prediction bands



Group-Conditional Conformal Prediction
Idea:
• Stratify calibration data by 

demographic and clinical covariates. 
E.g., age, sex, race, diagnosis

• Apply our conformal method
within each group separately.

Example (Diagnosis):

•P(Y∈C(X)|Group(X)=CN)≥1-α
•P(Y∈C(X)|Group(X)=MCI)≥1-α
•P(Y∈C(X)|Group(X)=AD)≥1-α



Group-Conditional Conformal Prediction
Application



Uncertainty-Calibrated Identification of
High-Risk Subjects

Our proposal: 
Rate-of-change bound for the biomarker

for decreasing biomarkers

for increasing biomarkers

Standard tool: 
Predicted rate of change of the biomarker



Uncertainty-Calibrated Identification of
High-Risk Subjects
• Task: Identify MCI subjects that will probably convert to Alzheimer’s Disease.

• Method: Compare the diagnostic success of the predicted rate of change and our   
rate-of-change bound.*

* Identification based on Youden’s optimized threshold.



Summary

Our Code is available at: 

github.com/vatass/ConformalBiomarkerTrajectories

P(Y∈C(X))≥1-α

https://github.com/vatass/ConformalBiomarkerTrajectories
https://github.com/vatass/ConformalBiomarkerTrajectories
https://github.com/vatass/ConformalBiomarkerTrajectories
https://github.com/vatass/ConformalBiomarkerTrajectories
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