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Capacities in Intensive Care Units are under constant pressure and 
strongly constraint – who profits the most from monitoring?

3Sources: Keskinocak, P., & Savva, N. (2019); Bai et al. (2018); Chan et al. (2012); Kramer et al. (2016); Niven et al. (2014); Vogel et al. (2025)
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Introduction/ Background

Our focus



Our research objective is to estimate and 

leverage individualized average treatment 

effects (IATEs) for learning a policy that 

helps physicians prioritize the right patients
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2. Methods

5



Prediction and ATEs alone are not sufficient for (this kind of) 
decision support!

6Sources: Feuerriegel et al. (2024)
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Causal ML | Predict a patient’s outcome when adherent vs. non-
adherent – delta is the effect

7Sources: Figure 1, p. 959, from Feuerriegel et al. (2024)
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To estimate causal effects, we rely on the potential outcomes 
framework and doubly-robust CML…

8Sources: Rubin (1974); Rosenbaum and Rubin (1983); Angrist et al. (1996); Imbens (2000); Lechner (2001); Wooldridge (2010); Chernozhukov et al. (2018); Wager and Athey (2018); Athey et al. (2019) 

Unconfoundedness

0 < 𝑝 𝑊𝑖 = 1 𝑋𝑖 = 𝑥 < 1 ∀ 𝑥 ∈ 𝑋 

Common support / overlap

Stable-unit-treatment-value assumption

Exogeneity
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AIPW / double-robustness yields an acceptable 

rate of convergence (1/4 𝑛) and limits bias



… and use causal forests to learn how strongly effects of treatment 
target non-adherence differ between patients

9Sources: Lechner and Mareckova (2025); Athey and Imbens (2016); Wager and Athey (2018); Athey et al. (2019)
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𝐼𝐴𝑇𝐸(𝑊; 𝑥) = 𝐸 𝑌 1 − 𝑌 0 | 𝑋 = 𝑥  

Individualized Average Treatment Effect (IATE)

Logic of causal trees and forests (Athey and Imbens, 2016; Wager and Athey, 2018)
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Generalized Random Forests (Athey et al., 2019)

“Honest” Trees for valid inference and smaller bias
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Treatment & Outcome | We investigate the effect of non-
adherence to mean arterial pressure targets on 28-day mortality
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Outcome (Y)

• 28-day mortality

• Average 28-day mortality (first window): Overall 6.72%, Q1 3.81%, Q4 9.58%

Treatment (W)

• Non-adherence to treatment target for mean arterial pressure (most common target)

• Lower threshold >90% of patients at 65 mmHg

• Adherence quartiles: Q1 most adherent, Q4 least adherent

• Measure confounders prior to adherence to avoid bias

• 27 sliding windows; 1st window considers 2 hours confounders and the following 8 hours for 

adherence; 1 hour added to confounders and 8-hour adherence shifted 1 hour for each new 

window



We can extract and engineer hundreds of features to use them as 
confounders (and potentially IVs) – sample size of 10,314 ICU stays
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We are not done yet! 

Data cleaning and feature 

engineering is a never-ending 

story with real-world data…

Data years 2018 to 2024

Roughly 1,900 ICU stays per year, 18-20 

operatable beds

Sample size: 10,314 ICU stays for first and 

4,326 for last window

More confounders may be engineered from 

clinical scores, infusions, ventilation mode, 

therapies, basic data (e.g., number of prior ICU 

stays), etc.



One strength of our study is that we can control for hundreds of 
confounders – typical overlap for real-world data settings
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3
First results

1) Possibly, certain medication that only influences mean arterial pressure and does not influence mortality risk could serve as IV.

Sources: Angrist et al. (1996); Imbens (2000); Lechner (2001)
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𝑌: outcome

𝑊: treatment (status)

𝑋: confounders

𝑍: Instrumental variable (IV)1

V

𝑉: Unobserved confounder

Unconfoundedness

0 < 𝑝 𝑊𝑖 = 1 𝑋𝑖 = 𝑥 < 1 ∀ 𝑥 ∈ 𝑋 

Common support / overlap

Local overlap is more 

important for IATEs!

Difficult bias-variance 

trade-off when tuning 

minimum leaf size of 

terminal nodes!

Example: First 

treatment window



3./4. (First) Results and 
Discussion
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Strong non-adherence increases mortality risk across all treatment 
windows
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3/4
3./4. (First) Results and Discussion

All treatment windows

Primary window



Primary window IATE distribution | The stronger the non-
adherence, the larger the share of patients with positive effects
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3/4
3./4. (First) Results and Discussion



Generally, strong non-adherence to MAP 

targets seems to increase mortality risk

Individualized effects are positive for most 

patients, yet the magnitude of the effect 

differs – this enables ranking patients 

according to their effect and can be used for 

decision-making



Open to-dos remain until we can be fully confident of our results…
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1 Include more confounders and improve feature engineering

2 Explore IV strategy to manage remaining confounding

4 Develop decision policy for prioritization

5 Explore other treatment targets and add more data (from other centers…)

3
Hyperparameter tuning (more trees? Minimum node sizes?) and evaluation of 

standard errors for IATEs



APPENDIX
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Variable Importance Measure Score – Top 10
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Identifying assumptions | SUTVA and Exogeneity should both be 
fulfilled

20Sources: Angrist et al. (1996); Imbens (2000); Lechner (2001)

Stable Unit Treatment Value Assumption Exogeneity

Patient characteristics used as confounders (X) are not influenced 

by the discharge at point in time t (W, the treatment)

The treatment state of one unit only influences its own outcome

Treatment variation between units is minimal, meaning that the 

observed outcome of one patient in the treatment state 

corresponds to the potential outcome for all patients in that state

“No spillover”

Discharging one patient does not directly influence the 

readmission risk of another patient

What if 𝐵𝑎 ≥ 0 holds? And no additional discharges occur even 

if they were possible/ meaningful from a medical perspective? →

This might influence the treatment state of another patient but 

not their outcome

We observe 𝑋 before the discharge occurs



With unconfoundedness, we can restate the ATE with conditional 
response functions 𝜇𝑤 𝑥 

21Sources: Rubin (1974); Lechner (2001); Rosenbaum and Rubin (1983); Wooldridge (2010)



Propensity scores are used to weigh 𝜇𝑤 𝑥 , yielding augmented 
inverse probability weighted or “double-robust” scores 

22Sources: Rosenbaum and Rubin (1983); Chernozhukov et al. (2018); Robins et al. (1994)

Propensity score: Gives the 

probability of receiving treatmnt

based on 𝑋𝑖

The oracle IPW estimator is 

unbiased, but the rate of 

convergence is too slow when 

using machine learning methods

AIPW / double-robustness yields 

an acceptable rate of convergence 

(1/4 𝑛) and limits bias

෠Γ𝑖 marks an individual’s double-

robust score
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