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1. Introduction and
Background



Introduction/ Background

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

Scheduled appointments
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Our research objective is to estimate and
leverage individualized average treatment
effects (IATEs) for learning a policy that
reduces readmission risk across all

discharges



2. Related Work



Related work

Predictive Machine Learning and causal inference are common in
(applied) OR/ OM — causal machine learning still less utilized

Recavd: 73 Dcenber 377 | v 28 March 34| Acempied 3 Aprd 326
‘ [T ——

While the primary focus of matching and synthetic
control methods is to estimate an average treatment
effect, or sometimes a time-varying treatment effect,
researchers might also be interested in how the treatment
effect varies within subpopulations of the units, defined
by observed covariates. Although this heterogeneity can
be explored with interaction terms or split-sample analy-
there is no guarantee ling properties
EMENT [nthetic control
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Related work

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

Perspective | Published: 19 April 2024

Causal machine learning for predicting treatment
outcomes

Stefan Feuerriegel E’l, Dennis Frauen, Valentyn Melnychuk, Jonas Schweisthal, Konstantin Hess, Alicia Curth

Stefan Bauer, Niki Kilbertus, Isaac S. Kohane & Mihaela van der Schaar

Nature Medicine 30, 958-968 (2024) | Cite this article
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Abstract

Causal machine learning (ML) offers flexible, data-driven methods for predicting treatment
outcomes including efficacy and toxicity, thereby supporting the assessment and safety of
drugs. A key benefit of causal ML is that it allows for estimating individualized treatment
effects, so that clinical decision-making can be personalized to individual patient profiles.
Causal ML can be used in combination with both clinical trial data and real-world data, such as
clinical registries and electronic health records, but caution is needed to avoid biased or
incorrect predictions. In this Perspective, we discuss the benefits of causal ML (relative to
traditional statistical or ML approaches) and outline the key components and steps. Finally,
we provide recommendations for the reliable use of causal ML and effective translation into

the clinic.

Sources: Feuerriegel et al. (2024) “



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



Remember our starting point — uncertainty in hospital flow? — We
formulate the “ICU bed constraint” as decision constraint

Scheduled appointments

OQutpatient

Clinic (surgery
indication, and
pre-medication)

I

Emergency

Normal Care

Unit

e, e, e e ———— T D e = ]

Department

t t

1 1
Walk-ins 1 Helicopter
1

Ambulance

Sources: Vogel et al. (2025)

Transfers from
other hospitals

@ Process flows
of interest

Empirical Model

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?




Empirical Model

Potential outcomes framework for treatment effect estimation —
augmented inverse propensity weighting needed for averaging

In an i.i.d. sample, there is a set of patients i = 1, 2, ..., n, each described by a feature vector X; € R, a
treatment assignment W; which, in a binary setting, equals 1 if i was treated and 0 otherwise, and an

outcome Y; € R. The average treatment effect is given by:
T=E[Y(1) —Y(0)]

Unconfoundedness

[{¥:(0), Y;(D} L W] X;

AIPW / double-robustness yields an acceptable rate of convergence (1/3/n) and limits bias

1 n W, 1—-—W.
fAIPW = EZ (ﬁl(Xl) - ﬁO(XI) + m(yz - ﬁl(XL)) - i _ é(XZ))

Y- ﬁo(X.r;)))

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



Empirical Model

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

Grow trees: Recursively partition examples into
IATE
heterogeneous groups

() = E[Y;(1) - ¥;(0)1X, = x] Examples in one group have similar predicted

outcome differences
Different groups have different outcome differences

. " “Honesty”: For each example i, only use the
B(x; S,T) = Ni z v - NO z Y’ response Y; to grow the tree or to estimate
l . . l . . .
i-Xiel(x:T) i-Xiel(x:T) treatment effect in a leave

Honest forest: Each example will be used for setting
splits for some trees and effect estimation for other
trees

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



. Empirical

Data and Setting



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

All ICU stays
n=15,118

Empirical data and setting

ICU stays of patients with positive
or waived general consent
n=14,121
12,932 unique cases

Sample A: Arrival
and discharge
pattern analyses

Stays of patients with a negative
general consent
n =997

ICU stays with potential
readmission
n = 12,950
11,873 unique cases

Sources: Kramer et al. (2013) for exclusion criteria; Vogel et al. (2025)

Sample B: Causal
effects and policy
learning

Death in ICU 589 stays 518 cases
Not candidate for readmission 436 stays 417 cases
Missing values 146 stays 124 cases




We can extract and engineer more than 4,600 features from our

dataset — full ICU data pool!

We are not done yet!
Data cleaning and feature
engineering is a never-ending
story with real-world data...

Empirical data and setting

Feature Number Numeric Considered Description and examples
category of features type measurements
Medication 3,938 Continuous  Last 24 hours Hundreds of different substances with at
and drugs least one, oftentimes several dosages and
volume units, e.g., Noradrenalin
peripheral in microgram, Noradrenalin
in microgram
Clinical 224 Continuous  Last two 8 different scores, e.g., SAPSII, SAPS 3,
sCores (20), du:m.my measurements NEMS, GCS5, etc.
(204)
Laboratory 197 Continuous  Last 197 different laboratory values, e.g.,
tests measurement Kalium, Creatinine, Cholesterol, HbAlc
Diagnoses 116 Dummy Time invariant 58 indication areas for first and follow-
up diagnosis, e.g., "diseases of the liver
and biliary tract”
Infusions 35 Continuous  Last24 hours 22 different infusions, partially with
more than one dosage, e.g., Glucose 5%,
10%, 20%, 40%, 50%; all in ml
Ventilation 30 Dummy Last 24 hours 30 different types of (non-) invasive
mode ventilation
Infections 29 Dummy Time invariant For instance, Hepatitis A, B, and/ or C or
HIV/ AIDS
Therapies 25 Dummy Time invariant 25 intervention/ surgery groups, e.g.
orthopedic interventions
Vital signs 20 Continuous  Last 4 hours Mean, SD, and upper and lower
thresholds for blood pressure, body
temperature, and heart rate
Blood gas 20 Continuous  Last 24 hours Mean and SD of ten different values
analysis
Basic data 9 Continuous  Timeinvariant Gender, age, BMI, height, weight
(4), dummy
6]
Blood 3 Continuous  Last 24 hours  Fresh frozen plasma, platelet
products concentrate, erythrocyte concentrate; all
a
Total 4,646




We find empirical evidence for our defined decision constraint
Sample A

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



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

Overlap in our sample

V)

750

7)
7)
7

77y

E 500 / 777— §§ %?m
7 N -

7 N

2501 / i N

0.00 0.25 0.50 0.75 1.00
Estimated Propensity

D<pW;=1|X;,=x)<1 Vx€eX

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

Degree of selectivity in experiments with modified
causal forest (mcf), Lechner & Mareckova (2024)

Figure 1: Distribution of treatment probabilities in treated and non-treated population

Medium selectivity Strong selectivity

Nontreated
 Teated

G
Q10

04 06 00 04 06 08 10
‘Featment probability ‘Featment probability

Note: Two treatments and 50% treatment share (base specification). Figures are based on 1°000°000 observations.




Estimation Results

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

Sample g
IATEs estimated with GRF IATEs estimated with MCF
? Older Modeg|
Matrjy
40 40
% 30 é 30
3 3
5 £
z z
10 10
0 0
-0.10 -0.05 0.00 0.05 0.10 -0.10 -0.05 0.00 0.05 0.10
IATE Value IATE Value

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



6. Managerial Implications



We use our GRF model (and will also use MCF) to support daily
decisions in the ICU — GRF decisions differ for negative IATES

Density

120~

-0.02 0.00
GRF: No discharge - Physician: No discharge
GRF: Discharge - Physician: Discharge
GRF: No discharge - Physician: Discharge
GRF: Discharge — Physician: Not discharged

IATE

0.02

Empirical Model

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!



Causal Machine Learning enables estimation
of IATEs with unconfoundedness from ICU
data.

Decision policies based on IATEs can
support physicians to check their decisions.



APPENDIX —
Background / Related VWork




ICU readmissions are strongly researched in the medica
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Abstract

Objective:

To examine the association between ICU readmission rates and case-mix-adjusted outcomes.
Design:

Retrospective cohort study of ICU admissions fram 2002 to 2010.

Setting:

One hundred five ICUs at 46 United States hospitals.

Patients:

0f 369,129 admissions, 263,082 were first admissions that were alive at ICU discharge and
candidates for readmission.

Interventions:

None.

Measurements and Main Results:

The median unit readmission rate was 5.9% (intraquartile range 51%-7.0%). Across all admissions,
hosoital mortalitv for patients with and without readmission was 21.3% vs. 3.6%. mean ICU stav 49
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It is 3:00 a.m. on Saturday morning, and there are no
empty beds in your ICU. The trauma team has requeste
a bed for an unstable abdominal gunshot wound
Only two current patients are not receiving mechas
ventilation or vasopressors: one is a 63-year-old diabetic,
dialysis patient who was admitted 3 ago for heart
failure. After overnight mechanical ventilation and
emergency dialysis, she is now extubated and on a high-
flow oxygen mask. The other is a 75-year-old man who
underwent elective coronary bypass surgery on Friday
morning and is doing well 12 h after ventilator libera-
tion. Beds are av. ble on wards and a step-down unit
Which patient isk I
adverse eves
trauma patient?

Intensivists are routinely presented with discharge
decisions similar (o the one above. In this article we focus
on two major concerns when making ICU discharge

if’ discharged to make room for the
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decisions: the possibility of ICU readmission, and death
on a ward or intermediate care unit.

Which patients are readmitted?

Because di
ment, phys

arge decisions are based o ical judg-
ns can improve patient !uﬁ,ly by being

aware of the risk factors for ICU readmission (Table 1).
The diagns

ses most often associated with subsequent
n include heart failure, gastrointestinal bleed-
pneumonia, and chronic _obstructive
se [1]. Other patient risk factors include
severity of physiological abnormali-
es at ICU discharge, dialysis, mechanical ventilation,
and length of initial ICU stay

In addition to patient fisk factors, ICU discharge
decisions are also influenced by institutional factors [1-
8. A review of patient discharges from ICUs reported
that limited availability of ICU and ward resources
(26 %) and patient and family anxiety (21 %) were the
most frequent barriers to high-quality care [6]. The
presence of intermediate care units in a hospital has also
been associated with higher readmission rates, implying
that units may be prematurely discharging patients with
borderline stability to step-down units [8]. In contrast, the

risk for ICU readmission appears 1o be reduced in insti-
tutions with critical care transition (outreach team, nurse
liaison) programs [6, 7]

The impact of institutional factors on readmission may
explain why predictive models that focus on patient risk

0.77) 1, 9, 10]. In addition, variations among ins
and across healthcare systems may explain, at leas
the failure of models 1o accurately predict ICU madmmmn
in external validation studies [11]
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APPENDIX —
-mpirical Model




Four identifying assumptions must be fulfilled to enable robust
causal effect estimation

a Unconfoundedness / Conditional Indepence Assumption / Selection on observables

e Common Support / overlap

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

9 Exogeneity



Unconfoundedness | Random selection in the treatment or control
group, conditional on confounders X
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X
Y: outcome V:Unobserved confounder

W': treatment (status)
X: confounders

Z: Instrumental variable

1) Possibilities for lvs: (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)

Unconfoundedness [{¥;(0), Y;(1)} L Wi] | X;

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

Overlap in our sample

V)

750

7)
7)
7

77y

E 500 / 777— §§ %?m
7 N -

7 N

2501 / i N

0.00 0.25 0.50 0.75 1.00
Estimated Propensity

D<pW;=1|X;,=x)<1 Vx€eX

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

Degree of selectivity in experiments with modified
causal forest (mcf), Lechner & Mareckova (2024)

Figure 1: Distribution of treatment probabilities in treated and non-treated population
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Note: Two treatments and 50% treatment share (base specification). Figures are based on 1°000°000 observations.




|dentifying assumptions | SUTVA and Exogeneity should both be

fulfilled

Stable Unit Treatment Value Assumption

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 B, = 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

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

Exogeneity

Patient characteristics used as confounders (X) are not influenced
by the discharge at point in time t (W, the treatment)

We observe X before the discharge occurs
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Empirical data and setting

Almost every second day, the ICU needs to accommodate at least
one readmission — hourly admissions follow all admission trend
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Sources: Vogel et al. (2025) ﬂ



Empirical data and setting

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

Samp|e B

Rates according to time between discharge and readmission

Reasons for using raw rate: Every
readmission (1) aggravates ICU
bottleneck congestion and (2)

10%

8%

marks health status deterioration; a
higher rate might help to show
magnitude of relationship between
decision and readmission

Readmission Rate

Reason against using raw rate: The
longer the time between discharge
and readmission, the smaller the
“theoretical” effect of ICU

0% discharge at t on readmission

Raw 144h 120h 96h 72h 48h

Time Interval

Quelle: Vogel et al. (2025) m



Empirical data and setting

Treatment | Length of stay of >14°000 stays — every case is
discharged at some point! How to define the treatment!?
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Treatment | We define a binary treatment based on how often a

patient was “dischargeable”

Share of discharges that were dischargeable n times
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Share of discharges
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Number of regular discharge decision times n

Empirical data and setting

Sample B

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 d; = {max(n; — 1,0),n;} with equal
probability for i to be discharged at d; = max(n; —
1,0) and d; = n;

W; = 1forall d; = n;, W; = 0 otherwise

For robustness: Run assignment multiple times and
multiple causal forests; average results from all runs

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 ﬂ
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)



Empirical data and setting

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

&3

%

W1:Of0rd1:n1_1

| Time invariant: Basic data, diagnoses, etc.

. Last 24h: Blood products, Blood gas

analysis, Ventilation mode, medication L X;

¢ . Last (two) measurement(s):
Clinical scores, lab tests

{1 4h:Vital signs -
i ¢

07:00 a.m. W, =1ford, =n,

07:00 a.m.

x Discharge at d (=actual discharge) 23 No discharge at d (random assignment) ﬂ
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