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Focus on personalized medicine:

▪ Traditional medical paradigm: one-size fits all treatment

▪ Personalized medicine: treatment is tailored to an 
individual patient

Q: how can we predict which treatment is optimal for a given patient? 
=> New statistical method to evaluate predictive biomarkers
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Setting the scene:

▪ Design: data from a randomized clinical trial with two 
parallel treatment arms

▪ Candidate-predictors of treatment success (predictive 
biomarkers): 𝑺 = (𝑆1, 𝑆2, … 𝑆𝑝)

′

▪ True endpoint T: outcome to evaluate which treatment is best

𝑆1: basal EGF concentration

𝑆2: proportion of CD4 T−cells
…

𝑆10: white blood cell count 

T = outcome to evaluate 
which treatment is best, e.g., 

survival time

𝑆9: monocyte count 

S: candidate-predictors of  
treatment success (= candidate-

predictive biomarkers): 

Q: based on S, can we predict which treatment is optimal/best for this 
particular patient? 
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Rubin’s causal-inference framework:

▪ Central concept: potential outcomes (or 
counterfactuals)

▪ Individual causal treatment effect: Δ𝑇 = 𝑇1 − 𝑇0
– E.g., survival time for a patient with treatment A = 5 years and with 

treatment B = 3 years, then Δ𝑇 = 2 years. 

– This is the individual causal treatment effect for this particular patient 

𝑇0: true endpoint if the patient receives the control treatment

𝑇1: true endpoint if the patient receives the experimental treatment
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The Predictive Causal Information (PCI; 𝑹𝝍
𝟐 ):

▪ How well can we predict 𝜟𝑻 based on the candidate predictive 
biomarkers S?

▪ PCI quantifies the mutual information between S and 𝜟𝑻
– How much uncertainty in 𝜟𝑻 is removed when we know S for a patient?

𝑅𝜓
2 (PCI) is the squared correlation between 𝜟𝑻 and a linear combination 

of S (~coefficient of determination)
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The fundamental problem of causal 
inference (Holland, 1986):

▪ Idea of potential outcomes (or counterfactuals)
▪ 𝑇0: true endpoint if the patient receives the control treatment 

▪ 𝑇1: true endpoint if the patient receives the experimental treatment

▪ PCI: how well can we predict Δ𝑇(= 𝑇1 − 𝑇0) based on S?

▪ Setting here: parallel treatment arms
– 𝜎𝑇0𝑇1 is unidentifiable -> PCI is unidentifiable… 
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Dealing with unidentifiability:

▪ Sensitivity analysis Approach:
- Fix identifiable parameters at their 

estimated values
- Define a grid for the unidentifiable 

correlation 𝜌𝑇0𝑇1; G = {-1, -0.99, … 1}
- Consider each value of G in 𝜮 and 

retain the PD 𝜮
- Compute PCI for the retained 𝜮

=> We will get estimates of the PCI across 
all “plausible realities”, i.e., in all 
scenarios where the unidentifiable 
𝜌𝑇0𝑇1 is compatible with the observed 
data
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A case study in oncology:

Observe:
- When only 1 S is considered, PCI is 

low and the uncertainty attributable 
due to non-identifiability is large 
(many 𝜌𝑇0𝑇1 are compatible with 
the observed data)

- When more S are considerded, PCI 
increases and uncertainty reduces

▪ CIMAvax-EGF: therapeutic anti-cancer vaccine in lung cancer (Lorenzo-
Luaces et al., 2022)

▪ Evidence of heterogeneity in treatment response (T = survival time): 
why do some patients respond well to the treatment, and others not? 

▪ Q: are there predictive biomarkers?
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A case study in oncology:

▪ Based on the model, we can also predict Δ𝑇 based on S for an individual 
patient

▪ Example: predict Δ𝑇 for a patient with high level of basal EGF 
concentration (𝑆1) and CD4 T-cells (𝑆2), and average values for the 
other S
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A case study in oncology:

▪ Easy to implement in user-friendly software like MS Excel:
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A case study in oncology:

▪ Good responder (probability >50% of positive response) 
versus bad responders (probability <50%)
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Summary:

▪ Causal-inference based approach to predict treatment 
success
– PCI: how well can we predict Δ𝑇 based on S

– Unidentifiability: sensitivity analysis

▪ Focus was here on predictive biomarkers, but similar 
methodology can be used for multivariate surrogate 
endpoints (Van der Elst et al., 2019) 

▪ Methodology is implemented in the R package EffectTreat
https://cran.r-project.org/web/packages/EffectTreat/index.html

https://cran.r-project.org/web/packages/EffectTreat/index.html
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