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x
Process flows 

of interest

Hospital process flow is prone to uncertainties - we are interested 
in reducing readmission flows to the intensive care unit

5Sources: Keskinocak, P., & Savva, N. (2019); Bai et al. (2018); Chan et al. (2012); Kramer et al. (2016); Niven et al. (2014)
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Introduction/ Background



Our research objective is to estimate and 

leverage individualized average treatment 

effects (IATEs) for learning a policy that 

reduces readmission risk across all 

discharges
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2. Related Work
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Predictive Machine Learning and causal inference are common in 
(applied) OR/ OM – causal machine learning still less utilized

8Sources: Chou et al. (2022); Wang et al. (2022); Yilmaz et al. (2024); Hopp et al. (2018); Wang et al. (2023); Chan et al. (2012); Wager and Athey (2018) 
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Related work



Prediction alone is not sufficient for (this kind of) decision support!

9Sources: Feuerriegel et al. (2024)
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Related work



Causal ML | Predict patient’s readmission risk for discharge today 
(treated) and discharge tomorrow (control) – delta is the effect

10Sources: Figure 1, p.4, from Feuerriegel et al. (2024)
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Related work



3. Empirical Model
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Remember our starting point – uncertainty in hospital flow? – We 
formulate the “ICU bed constraint” as decision constraint

12Sources: Vogel et al. (2025)

ICU decision makers must consider 

five different kinds of arrivals

Natural, planned early and ad-hoc 

discharges of patients and 

cancellation/ rejection of arrivals 

possible levers for complying with 

decision constraint

How to select patients for discharge 

with the lowest change in 

readmission risk due to the 

discharge?

3
Empirical Model
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Potential outcomes framework for treatment effect estimation –
augmented inverse propensity weighting needed for averaging 

13Sources: Rubin (1974); Lechner (2001); Rosenbaum and Rubin (1983); Wooldridge (2010); Chernozhukov et al. (2018); Wager and Athey (2018); Athey et al. (2019) 

Unconfoundedness

3
Empirical Model

AIPW / double-robustness yields an acceptable rate of convergence (1/4 𝑛) and limits bias

In an i.i.d. sample, there is a set of patients 𝑖 = 1, 2, … , 𝑛, each described by a feature vector 𝑋𝑖 𝜖 ℝ, a

treatment assignment 𝑊𝑖 which, in a binary setting, equals 1 if 𝑖 was treated and 0 otherwise, and an

outcome 𝑌𝑖 𝜖 ℝ. The average treatment effect is given by:

𝜏 = 𝐸 𝑌 1 − 𝑌 0



But we are interested in individualized average treatment effects –
these come from the leaves of the causal trees of a forest

14Sources: Athey and Imbens (2016); Athey et al. (2019); Wager and Athey (2018); Lechner and Mareckova (2025)

Grow trees: Recursively partition examples into 

heterogeneous groups

Examples in one group have similar predicted 

outcome differences

Different groups have different outcome differences

“Honesty”: For each example i, only use the 

response Yi to grow the tree or to estimate 

treatment effect in a leave

Honest forest: Each example will be used for setting 

splits for some trees and effect estimation for other 

trees

3
Empirical Model
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4. Empirical Data and Setting

15



Our final sample comprises roughly 13’000 ICU stays of unique 
cases (patients), admitted between Jan 01, 2016, and Dec 31, 2023

16Sources: Kramer et al. (2013) for exclusion criteria; Vogel et al. (2025)
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Empirical data and setting



We can extract and engineer more than 4,600 features from our 
dataset – full ICU data pool!

17

We are not done yet! 

Data cleaning and feature 

engineering is a never-ending 

story with real-world data…

4
Empirical data and setting



We find empirical evidence for our defined decision constraint

18

Number of admissions per hour of the day Number of discharges per hour of the day w/o deaths

Sources: Vogel et al. (2025)
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5. Estimation Results
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Common Support | Any unit could be observed with or without 
treatment (“overlap”) – our setting: Medium to strong selectivity

20Sources: Angrist et al. (1996); Imbens (2000); Lechner (2001); Lechner and Mareckova (2025, p. 30)

Overlap in our sample Degree of selectivity in experiments with modified 

causal forest (mcf), Lechner & Mareckova (2024)



Preliminary results | GRF estimates are less extreme than MCF 
estimates and are distributed differently

21

5
Estimation Results

IATEs estimated with GRF IATEs estimated with MCF

Sources: Lechner and Mareckova (2025, Table 5, p. 36)



6. Managerial Implications
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We use our GRF model (and will also use MCF) to support daily 
decisions in the ICU – GRF decisions differ for negative IATES

23

Physicians and GRF agree on 

discharge decisions for more 

moderate point estimates

Especially if point estimates are 

negative, GRF will suggest a 

different suggestion as taken by 

physicians

Physicians can use our 

model to check their 

discharge decisions!

6
Empirical Model

GRF: No discharge - Physician: No discharge

GRF: No discharge - Physician: Discharge

GRF: Discharge – Physician: Not discharged

GRF: Discharge - Physician: Discharge



Causal Machine Learning enables estimation 

of IATEs with unconfoundedness from ICU 

data. 

Decision policies based on IATEs can 

support physicians to check their decisions.
24



APPENDIX –
Background / Related Work
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ICU readmissions are strongly researched in the medical literature

26Sources: Kramer et al. (2013); Kramer et al. (2016)



APPENDIX –
Empirical Model
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Four identifying assumptions must be fulfilled to enable robust 
causal effect estimation

28

1 Unconfoundedness / Conditional Indepence Assumption / Selection on observables

2 Common Support / overlap

3 Stable-Unit-Treatment-Assumption / no “spillover” effects

4 Exogeneity



Unconfoundedness | Random selection in the treatment or control 
group, conditional on confounders 𝑋

291) Possibilities for Ivs: (i) Number of arrivals 24h before 7 a.m. point of the day of discharge, (ii) Potential discharge candidates 24h before 7 a.m. point of the day of discharge

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

W

X

YZ

𝑌: outcome

𝑊: treatment (status)

𝑋: confounders

𝑍: Instrumental variable

V

𝑉: Unobserved confounder

Unconfoundedness

We observe all variables available to the ICU decision 

maker at any point in time! (exception: Allergies)

We believe we have a strong foundation to claim that 

the CIA holds / unconfoundedness is given

(1) Only one candidate at point in time 𝑡 →

exogenous

(2) Contraindication → Treatment only possible 

afterwards

(3) “Visual” control → Should correlate with 𝑋

(4) Downstream resources and skill mix?



Common Support | Any unit could be observed with or without 
treatment (“overlap”) – our setting: Medium to strong selectivity

30Sources: Angrist et al. (1996); Imbens (2000); Lechner (2001); Lechner and Mareckova (2024, p. 30)

Overlap in our sample Degree of selectivity in experiments with modified 

causal forest (mcf), Lechner & Mareckova (2024)



Identifying assumptions | SUTVA and Exogeneity should both be 
fulfilled

31Sources: 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



APPENDIX –
Empirical Data and Setting
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Almost every second day, the ICU needs to accommodate at least 
one readmission – hourly admissions follow all admission trend

33

Share of days with n readmissions per day Share of readmissions per hour of the day

Sources: Vogel et al. (2025)

4
Empirical data and setting



Outcome | We include all readmissions in our model, sensitivity 
analysis planned with time limit of 48h

34Quelle: Vogel et al. (2025)

Rates according to time between discharge and readmission

Reasons for using raw rate: Every 

readmission (1) aggravates ICU 

bottleneck congestion and (2) 

marks health status deterioration; a 

higher rate might help to show 

magnitude of relationship between 

decision and readmission

Reason against using raw rate: The 

longer the time between discharge 

and readmission, the smaller the 

“theoretical” effect of ICU 

discharge at 𝑡 on readmission

4
Empirical data and setting



Treatment | Length of stay of >14’000 stays – every case is 
discharged at some point! How to define the treatment?

35

Number of stays per number of ICU nights1,2

1) Number of times a stay passes midnight   2) Visualization excludes 369 stays (~2.61%) with a LOS of 16 nights and more
Sources: Vogel et al. (2025)

Share of stays per number of ICU nights1,2

4
Empirical data and setting



Treatment | We define a binary treatment based on how often a 
patient was “dischargeable”

36

Share of discharges that were dischargeable 𝒏 times

Annotation: 𝑛 is defined as the number of times a patient passes the regular discharge decision time after becoming a potential candidate for discharge. The plot is based on Sample B (12,950 ICU 

stays and 11,873 unique cases), limited to all observations with 𝑛 ≤ 20 (𝑛 > 20 is true for 2 ICU stays in our dataset) Sources: Heidegger et al. (2005) for exclusion criteria; Vogel et al. (2025)

Dischargeable at point in time 𝑥: Identify time stamp 

with stop of exclusion criteria for discharge (invasive 

ventilation and catecholamines) and add four hours

𝒏: Count number of times 07:00 a.m. is passed 

between 𝑥 and discharge time

Random theoretic discharge point in time 𝑑 of 

patient 𝑖 with 𝑑𝑖 = max 𝑛𝑖 − 1,0 , 𝑛𝑖 with equal 

probability for 𝑖 to be discharged at 𝑑𝑖 = max 

 

𝑛𝑖 −

1,0 and 𝑑𝑖 = 𝑛𝑖

𝑊𝑖 = 1 for all 𝑑𝑖 = 𝑛𝑖 , 𝑊𝑖 = 0 otherwise

For robustness: Run assignment multiple times and 

multiple causal forests; average results from all runs

4
Empirical data and setting



Treatment | Let’s take a closer look at how we assign the treatment 
status

37

𝑖1

𝑖2

𝑊2 = 1 for 𝑑2 = 𝑛2

𝑊1 = 0 for 𝑑1 = 𝑛1 − 1

07: 00 𝑎.𝑚.
07: 00 𝑎.𝑚.

Discharge at d (=actual discharge) No discharge at d (random assignment)

4h: Vital signs

Last (two) measurement(s): 

Clinical scores, lab tests

Last 24h: Blood products, Blood gas 

analysis, Ventilation mode, medication

Time invariant: Basic data, diagnoses, etc.

𝑋𝑖

4
Empirical data and setting
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