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Abstract

Machine learning (ML) models in healthcare
are typically evaluated using curated real-world
electronic health record (EHR) data. A key
limitation of such evaluations is that they may
fail to assess the robustness of ML models
to changes in the data at deployment, which
is a common issue because EHR data used
for ML model development cannot capture all
such changes. Mass casualty incidents (MClIs)
caused by disasters are critical instances where
this will be an issue, as they induce rare, un-
certain, and novel changes to routine system
conditions. Because real-world EHR data from
MCIs are often limited or unavailable, assess-
ing ML robustness under such conditions be-
fore deployment remains challenging. Here, we
propose an agent-based modelling approach for
generating synthetic EHR data to evaluate the
robustness of ML models under MCI scenar-
ios. We use real-world EHR data to develop
and calibrate an agent-based model (ABM) of
an emergency department (ED) that explicitly
models patient arrivals, resource capacity, and
clinical workflow. By changing these system
conditions to reflect plausible MCI scenarios,
the ED model generates synthetic versions of
the real-world EHR data that exhibit shifts in
system behaviour. Using these synthetic data,
we test ML models for predicting length of stay.
We observed consistent declines in recall under
MCIT conditions relative to baseline system con-
ditions, resulting in an increase in the number
of patients with prolonged length of stay that
were missed by the ML models. These results
highlight the impact of changes in system con-
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ditions on patient outcomes, EHR data, and
ML model performance. Our work establishes
ABM-based synthetic EHR data generation as
a proactive and systematic approach for evalu-
ating the robustness of ML models under MCI
or other system conditions not captured in real-
world EHR data, supporting the safer and more
effective deployment of ML models in health-
care systems.

Data and Code Availability This work uses the
MIMIC-IV dataset, which is available on the Phy-
sioNet repository (Goldberger et al., 2000; Johnson
et al., 2023a,b,c). The code used for this work is
available at: https://github.com/rddelosreyes/
ed-abm-synthetic-ehr.

Institutional Review Board (IRB) This work
does not require IRB approval.

1. Introduction

Machine learning (ML) models are increasingly de-
ployed in healthcare systems to support various as-
pects of clinical and operational decision making
(Zhang et al., 2022; Poon et al., 2025). One impor-
tant application of ML models is predicting patient
outcomes, such as hospitalisation, inpatient mortal-
ity, readmission, and length of stay, as these predic-
tions can inform decisions on patient care and re-
source management. Many ML models have been
shown to make such predictions accurately when
trained and tested on curated electronic health record
(EHR) datasets (Hilton et al., 2020; Xie et al., 2022;
Stone et al., 2022; Lee et al., 2024; Farimani et al.,
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2024). Despite such promising results, a typical chal-
lenge with ML models is that they lack robustness
to changes in the data caused by changes in the sys-
tem in which they are used (Zech et al., 2018; Nestor
et al., 2019; Zhang et al., 2022). These changes in
system conditions reflect real-world variations in pa-
tient populations, healthcare resources, and clinical
practices present in the deployment data that are not
sufficiently captured in the development data used
to train and test the ML models (Finlayson et al.,
2021). Hence, for safety-critical applications such as
healthcare, evaluating the robustness of ML models
on data under various real-world system conditions
during the ML model development phase is essential
to ensure their safe and effective use in clinical prac-
tice (Lekadir et al., 2025; Balendran et al., 2025).

Mass casualty incidents (MCIs) caused by disasters
such as earthquakes and infectious disease outbreaks
are critical instances in which the development data
may not capture real-world situations, yet ML models
must remain robust. When MCIs occur, healthcare
systems experience sudden changes in demand and
operating conditions (Carrington et al., 2021). To
evaluate the robustness of ML models under such con-
ditions, EHR data reflecting system conditions and
patient outcomes across plausible MCI scenarios are
necessary. However, real-world EHR, data needed for
such robustness evaluation are often difficult to ob-
tain for many reasons. For one, access to real-world
EHR data is tightly regulated by national authorities
and healthcare institutions due to the sensitive infor-
mation they carry. Even when credentialed access is
granted, components of the data are anonymised to
comply with these regulations (Johnson et al., 2023c).
Furthermore, real-world EHR data capture only what
was observed and recorded from reality, which may
not include sufficient data for training and testing
ML models under various MCI conditions. Thus,
the standard process of evaluating ML model per-
formance using a held-out test set from a given real-
world EHR dataset is inherently limited in providing
insights into the accuracy and robustness of ML mod-
els (van Breugel et al., 2023).

To address the limited availability of real-world
data, synthetic EHR data have been used as comple-
mentary data sources (Gonzales et al., 2023). Syn-
thetic EHR data are artificially generated data based
on real-world EHR data and medical knowledge us-
ing approaches like computational or generative ML
models (Hernandez et al., 2022). These synthetic
EHR data generation approaches enable the training

and testing of ML models for contexts where real-
world EHR data are inadequate or unavailable. A
key distinguishing feature of these approaches is that
the generation process can be controlled to produce
data with specific characteristics. Hence, plausible
variations of real-world EHR data can be deliber-
ately added in the synthetic EHR data (van Breugel
et al., 2023). The generated synthetic EHR data can
then be utilised to test the robustness of ML mod-
els systematically against various robustness issues in
healthcare (Finlayson et al., 2021; Zhang et al., 2022;
Balendran et al., 2025).

However, many existing synthetic EHR data gen-
eration approaches lack the capability to explicitly
model the system conditions of the healthcare system,
where and when patients receive care. The current
focus of existing approaches is to mimic the proper-
ties of real-world EHR data, such that the synthetic
data represent patient characteristics and outcomes
that are realistic but do not reveal real patient infor-
mation (Yan et al., 2022; Budu et al., 2024). In that
process, they implicitly model the same system con-
ditions in which the real-world EHR data were col-
lected. Yet, such system conditions do not necessarily
extend to MCI scenarios where demand and operat-
ing conditions change in uncertain ways (Carrington
et al., 2021). Moreover, patient outcomes are also af-
fected by such changes in system conditions. For in-
stance, crowding in the emergency department affects
the quality of care, resulting in worse patient out-
comes such as higher inpatient mortality, increased
risk of readmission, and longer length of stay (Bern-
stein et al., 2009; Morley et al., 2018; Bravata et al.,
2021; Kadri et al., 2021).

To be able to test how robust ML models are during
MCIs, there remains a need to capture how system
conditions and patient outcomes are reflected in real-
world EHR data and control how they are integrated
into their synthetic versions. Here, we investigate
the use of agent-based models (ABMs) for generat-
ing synthetic EHR data to evaluate the robustness
of ML models in predicting patient outcomes under
MCI conditions. ABMSs are mechanistic representa-
tions of real-world systems, where entities are mod-
elled as autonomous agents that interact in a system
environment according to defined behavioural rules
(Bonabeau, 2002). In ABMs, system conditions of
real-world systems can be explicitly modelled and
simulated. Such an approach makes them particu-
larly suited for investigating how interactions among
agents and the environment affect emergent system
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properties, from understanding and mitigating dis-
ease outbreaks to analysing and optimising health-
care operations (Tracy et al., 2018; Willem et al.,
2017; Liu et al., 2017; Delos Reyes et al., 2026).
ABMs have also been used to generate realistic syn-
thetic populations for exploring how different poli-
cies and interventions affect demographic, social, and
health patterns (Geard et al., 2013; Prédhumeau and
Manley, 2023; Von Hoene et al., 2025). However, this
capability of ABMs for synthetic data generation has
not yet been fully explored and leveraged in existing
literature on ML robustness.

In this work, we use the emergency department
(ED) as the operational setting. We first describe
the standard ML process for training and testing an
ML model for an ED task using real-world EHR data.
We then present an ABM of an ED and demonstrate
how patients captured in the real test set can be sim-
ulated in the ABM. Finally, we simulate these pa-
tients across various MCI scenarios and show how
synthetic test sets generated from these ABM sim-
ulations can be used to evaluate the robustness of
ML models under those conditions. We provide a
schematic overview of our proposed approach in Fig-
ure 1.

2. Methods
2.1. Real-world EHR data

We use real-world EHR data from the Medical Infor-
mation Mart for Intensive Care (MIMIC) dataset to
develop both the ML model (described in Section 2.2)
and the ABM of an ED (described in Section 2.3).
MIMIC-IV, the latest version of MIMIC, provides
credentialed access to de-identified data of patient ad-
missions at the Beth Israel Deaconess Medical Center
in Boston, Massachusetts (Johnson et al., 2023b,c).
We focus on ED admissions from the MIMIC-IV-ED
module (version 2.2), which contains 425,087 records
of ED stays from 2011 to 2019 (Goldberger et al.,
2000; Johnson et al., 2023a). These records are as-
sociated with a unique stay identifier, which can be
used to extract information on patients’ demograph-
ics, conditions, and the various activities they un-
dergo in the ED, including arrival, triage, vital sign
checks, medicine dispensations and administrations,
laboratory and imaging tests, and discharge. For sim-
plicity, we consider each ED stay record to be associ-
ated with a unique patient p in this work.

2.2. ML task and model

We consider the ML task of predicting, at triage upon
the patient’s arrival in the ED, whether or not a pa-
tient will have a length of stay (LOS) in the ED be-
yond a prespecified duration (Farimani et al., 2024).
LOS is a critical performance indicator in the ED that
affects patient care and outcomes (Wiler et al., 2015;
Vanbrabant et al., 2019). National health guidelines
specify target LOS values for treating ED patients to
ensure that they are receiving timely and adequate
care (e.g., 4 hours in Australia and the UK (Vezyridis
and Timmons, 2014; Forero et al., 2019)). Accurate
predictions of patients’ LOS outcomes could thus sup-
port more effective resource utilisation and patient
management.

To train and test an ML model for this task, we pre-
processed the MIMIC-IV dataset following a bench-
marking study of ML models for ED prediction tasks
(Xie et al., 2022). The preprocessed dataset made up
the full dataset D used during the ML model devel-
opment phase:

D= {(fvpvyp)}ﬁ,lu (1)

where x, is a vector of features characterising patient
D, Yp is an indicator of the outcome of patient p, and P
is the number of patients included in the full dataset
D. The feature vector x, encapsulates the patient-
level features of patient p, which consists of age, vital
signs, chief complaints, comorbidities, past admission
counts, and acuity. The outcome label y, € {0,1}
indicates whether patient p has an LOS greater than
the LOS threshold ¢, where we set ¢ = 4. The full
dataset D was then split into a training set Diyqin
(80%) and a test set Diest (20%).

Given the feature vector x, of patient p, an ML
model f predicts the LOS outcome of patient p:

(2)

where g, € {0,1} is the predicted label of the out-
come and 0y denotes the parameters of the ML model
f. The ML model’s parameters ¢ are learned from
the training set Diyqin- The ML model’s performance
is measured based on the accuracy of the predicted
outcome label g, relative to the true outcome la-
bel y, for every patient p in the test set Dics;. We
trained and tested three common ML models: ran-
dom forest, gradient boosting, and multilayer per-
ceptron. These ML models are widely used for tab-
ular data and demonstrate performance that is com-
petitive with more recent architectures on such data

p = f(p; 0y),
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1. Training and testing ML models 2. Running ABM simulations to
generate synthetic test sets

using the standard ML process

3. Evaluating ML robustness
across system conditions

real-world electronic emergency department synthetic test sets
health record (EHR) data agent-based model (ED ABM)
under baseline system conditions patie_nt ABM TRErbEeElhE
sampling patients simulations conditions
- (real)
training set test set
system conditions under MCI
conditions
model (standard) plausible mass casualty
. model S .
training . incident (MCI) scenarios
evaluation

robustness evaluation under MCls

machine learning (ML) models

Figure 1: Schematic overview of our ABM-based approach for synthetic EHR generation and ML robustness

evaluation under MCI scenarios.

(Nestor et al., 2019; Hilton et al., 2020; Xie et al.,
2022; van Breugel et al., 2023; Farimani et al., 2024;
Lee et al., 2024).

2.3. ED ABM description

We adapt a previously published ABM of the
ED at the Beth Israel Deaconess Medical Center,
which was developed using the MIMIC-IV dataset
(Delos Reyes et al., 2024). For simplicity, we refer
to it as ED ABM. Whereas the ML model described
in Section 2.2 is designed to predict patients’ LOS
outcomes, this ED ABM is designed to generate
synthetic EHR data for evaluating the robustness
of the ML model in making those predictions
under different system conditions of the ED. The
ED ABM represents the ED environment and its
resources, as well as the flow of patients through that
environment. The state of the ED environment is
defined by its hourly_arrival rate, bed_capacity,
clinician_capacity, imaging _capacity, and
clinical workflow. Every patient in this
ED environment has a state variable for age,
vital_signs, chief_complaints, comorbidities,
past_admission_counts, acuity, disposition,
trajectory, and length of_stay.

The state of the ED ABM is updated at discrete
time steps. At each time step, the following occurs.
First, patient arrivals are generated stochastically fol-

lowing the prespecified hourly_arrival _rate. The
state variables of each generated patient, except the
length_of _stay, are specified according to the pa-
tient record sampled stochastically from the given
dataset (explained in Section 2.4). Second, patients
are assigned to beds based on their acuity and bed
availability, with those of higher acuity given priority.
Finally, patients in bed are treated. Once patients
are discharged from the ED, their state variables are
recorded and are then removed from the ED environ-
ment.

Since resources are limited and shared among all
patients in the ED environment, patients may have
to wait, for resources during their ED stay. This wait-
ing time is not included in the patient’s trajectory,
which only encapsulates the execution time of each
activity. Hence, the length of_stay, which is the
sum of all execution and waiting times, is a stochas-
tic and emergent output of the ED ABM.

2.4. Sampling patients from the real test set

When patient arrivals are generated in the ED ABM,
their state variables need to be initialised. Except for
length_of _stay which is initialised to 0, we specify
the values of these state variables based on patient
records from the test set Dyes;. This setup can be
viewed as putting a patient from the test set Dyest
into the ED ABM. For every new patient p, we sam-
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ple the patient’s acuity and disposition based on
observed frequencies from the test set Diesr. We
then randomly sample with replacement a patient
from the test set Dy.s; with that acuity and dispo-
sition. The age, vital_signs, chief_complaints,
comorbidities, and past_admission_counts of the
new patient p are then directly specified according to
the sampled patient’s ED stay record.

The trajectory of the new patient p indicates the
sequence and execution time of activities that the pa-
tient will undergo in the ED, starting with arrival in
the ED and ending with discharge from the ED. Spec-
ifying the sequence and execution time of these ac-
tivities requires further preprocessing of the MIMIC-
IV dataset. To extract patient trajectories from the
dataset, we obtained the event log of patients in the
test set Dyesr- An event log is a digital record of
the activities that patients underwent in the system
(Rojas et al., 2016). Each recorded event includes a
patient identifier, the name of the activity, and the
timestamp at which the activity was recorded into
the EHR. By sorting each patient’s recorded events
chronologically, we can reconstruct the series of activ-
ities that patients underwent in the ED from arrival
to discharge, and use that to specify the trajectory
of the new patient p in the ED ABM. Since the activ-
ity timestamps in the MIMIC-IV dataset only indi-
cate the time at which an activity was recorded into
the EHR, the recorded time duration between two ac-
tivities may include both waiting and execution times
for the latter activity. We removed the waiting times
embedded in the recorded patient trajectories as de-
tailed in Appendix A.

2.5. Generating synthetic test sets

We used the ED ABM to generate synthetic EHR
data under different system conditions. In formal
terms, the ED ABM g takes as input the real test
set Diest and outputs a synthetic test set Dyyp:

Dsyn - g(Dtest; gg)a (3)

where 6, denotes the parameters of the ED envi-
ronment that describe the system conditions in the
ED. The ED environment’s parameters 6, include the
hourly patient arrival rate, the resource capacity for
beds, clinicians, and imaging equipment, and the ED
workflow, which were all initially set based on pre-
viously calibrated values (Delos Reyes et al., 2024).
We note that these calibrated values represent the
baseline system conditions of the ED, reflecting the

system conditions from which data in the MIMIC-IV
dataset were collected. By changing these parameter
values, we can simulate the ED under different sys-
tem conditions and generate a synthetic test set Dy,
that reflects those conditions.

Similar to the real test set Diegt, every patient p
included in the synthetic test set D,y is also repre-
sented using the simulated patient-level feature vec-
tor T, and the simulated outcome label #,:

(4)

As per the patient sampling described in Section 2.4,
the simulated patient-level feature vector Z, € Dyyp
of patient p is always similar to the real patient-
level feature vector z, € Diesr. However, the sim-
ulated outcome label 3, € Dy, may differ from the
true outcome label y, € D5 because patient p’s
length_of_stay is also affected by the ED environ-
ment’s parameters 6,.

2.6. Experimental setup

We conducted two experiments to evaluate the util-
ity of our proposed ABM-based approach for gen-
erating synthetic EHR data and evaluating ML ro-
bustness. Since the ED ABM is stochastic, we re-
port results across 1,000 simulation runs, each run
generating a synthetic test set. The first experiment
evaluated how well the ED ABM could generate syn-
thetic EHR data with LOS characteristics that match
the MIMIC-IV dataset at the population and patient
levels. For each simulation run n, we compared the
simulated LOS values in the synthetic test set Dy,
to the true LOS values in the real test set Dyess. At
the population level, we examined the LOS distribu-
tions across the overall patient population and pa-
tient groups by acuity and disposition. At the pa-
tient level, we calculated coverage and width to ex-
amine whether each patient’s LOS was reproduced
correctly. Coverage measures the fraction of patients
whose true LOS value falls within the interval of sim-
ulated LOS values generated across simulation runs,
while width measures the average size of this interval
across all patients (van Breugel et al., 2023). In ad-
dition, we also compared the performance of the ML
models trained on the real training set Diqin When
tested on the real test set Dy.s; versus when tested
on each synthetic test set Dy, ,,.

The second experiment assessed the robustness of
ML models under MCI conditions using the synthetic
test sets generated by the ED ABM. We simulated a
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Population level

Patient level

Real Simulated ‘Wasserstein Coverage Width
median LOS median LOS distance
Acuity
1 5.20 5.10 (4.69-5.50)  0.86 (0.68-1.07)  0.80 0.60 (0.40-0.89)
2 6.70 6.32 (6.12-6.56)  0.86 (0.63-1.13)  0.63 0.68 (0.45-0.98)
3 5.82 5.90 (5.60-6.28)  0.65 (0.50-0.85)  0.87 3.15 (2.14-4.26)
4 2.92 3.09 (2.73-3.48) 0.73 (0.60-0.94) 0.91 3.05 (2.04-4.12)
5 2.03 2.30 (1.43-3.71)  1.42 (1.20-1.90) 0.92 2.54 (1.45-3.75)
Disposition
Home 5.25 5.30 (5.05-5.60)  0.77 (0.61-0.96)  0.79 2.47 (0.95-3.83)
Ward 7.07 7.00 (6.76-7.28)  0.55 (0.42-0.73)  0.78 1.12 (0.59-2.91)
ICU 5.17 5.26 (4.92-5.60)  0.71 (0.58-0.90)  0.87 0.80 (0.50-1.32)
Overall 5.85 5.81 (5.60-6.07)  0.59 (0.47-0.76)  0.79 1.85 (0.72-3.50)

Table 1: Validation of the ED ABM under baseline system conditions. The ED ABM generated synthetic
test sets that accurately reproduced the LOS distributions from the real test set across the overall
patient population and different acuity and disposition groups. The simulated median LOS (in
hours) closely matches the real median LOS, with small Wasserstein distances between distributions.
At the patient level, simulated LOS intervals capture the real LOS value for 79% of patients, with
a median interval width of 1.85. Values in parentheses indicate the interquartile range across 1,000

simulation runs.

4-day MCI period, during which ED system condi-
tions were systematically modified to reflect (1) an
increase in patient arrivals, (2) a decrease in resource
capacity, or (3) a delay in clinical workflow. Only pa-
tients who arrived in the ED during this time period
were included in the analysis for both the baseline
and MCI conditions. With 1,000 simulation runs un-
der this setup, each patient was sampled an average
of 9.4 times. We used the standard precision and re-
call metrics to measure ML model performance. To
contextualise these ML model-based metrics in terms
of patient and operational impact, we also calculated
the number of patients with LOS >4 hours who were
missed by the models per 100 ED stays.

3. Results

3.1. Baseline system conditions

The ED ABM reproduced accurately the LOS val-
ues from the real test set under baseline conditions,
as shown in Table 1. For the overall patient popu-
lation, the real median LOS is 5.85 hours, while the
simulated median LOS is 5.81 hours. The median
Wasserstein distance between the real and simulated
LOS distributions is 0.59, indicating high similarity.
Likewise, the true and simulated LOS distributions
across different acuity and disposition groups have

Wasserstein distances ranging from 0.55 to 1.42. The
ED ABM also generated simulated LOS intervals that
captured well the true LOS value of each patient.
For the overall patient population, coverage is 79%
and width is 1.85. For the different acuity and pa-
tient groups, coverage ranges from 63% to 92%, while
width ranges from 0.60 to 3.05.

The three ML models also showed similar preci-
sion and recall on the real test set and synthetic test
sets under baseline system conditions, as shown in
Table 3. On the real test set, model precision ranges
from 0.78 to 0.79, while model recall ranges from 0.92
to 0.95. On the synthetic test sets, model precision
ranges from 0.79 to 0.80, while model recall ranges
from 0.91 to 0.95. Correspondingly, the number of
missed patients with LOS >4 hours is 4-7 per 100
ED stays under baseline system conditions.

3.2. Synthetic MCI conditions

Under MCI conditions, LOS distributions in the syn-
thetic test sets shifted relative to baseline system
conditions, as shown in Table 2. Increases in ED
system load from MCIs, resulting from higher pa-
tient arrivals, reduced clinician capacity, and delays
in laboratory workflow, led to longer LOS on average.
Across the synthetic MCI scenarios considered, over-
all median LOS increased by 0.21-3.26 hours, while
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Median LOS LOS >4 hrs

Baseline conditions
Real test set
Synthetic test sets

5.85
5.81 (5.60-6.07)

0.74
0.75 (0.72-0.77)

Synthetic MCI conditions:
+5% daily arrivals
+10% daily arrivals
+15% daily arrivals
+20% daily arrivals

increase in arrivals

6.20 (5.88-6.56) 0.78 (0.75-0.81)
6.74 (6.28-7.29) 0.81 (0.79-0.84)
7.66 (6.97-8.60) 0.85 (0.82-0.87)
9.07 (7.97-10.49) 0.87 (0.85-0.89)

Synthetic MCI conditions: decrease in resources
-5% clinicians 6.02 (5.73-6.41) 0.76 (0.73-0.79)
-10% clinicians 6.30 (5.93-6.80) 0.78 (0.75-0.82)
-15% clinicians 7.39 (6.67-8.59) 0.84 (0.81-0.88)
-20% clinicians 8.72 (7.47-10.31) 0.88 (0.84-0.91)

Synthetic MCI conditions: delay in workflow
+5 mins for lab tests  6.33 (6.04-6.65)
+10 mins for lab tests 6.90 (6.58-7.29)
+15 mins for lab tests 7.56 (7.17-8.08)
+20 mins for lab tests 8.39 (7.83-9.17)

0.79 (0.77-0.82)
0.83 (0.81-0.85)
0.86 (0.84-0.88)
0.89 (0.87-0.91)

Table 2: LOS characteristics of the real and synthetic
test sets under baseline and MCI conditions.
Median LOS (in hours) increases as system
load increases (via an increase in arrivals,
a decrease in resources, or a delay in work-
flow), as well as the fraction of patients with
LOS >4 hours. Values are reported as me-
dian (interquartile range) across 1,000 sim-
ulation runs.

the fraction of patients with LOS >4 hours increased
by 0.01-0.14.

When evaluated on synthetic test sets generated
under MCI conditions, all ML models exhibited a
lack of robustness to shifts in LOS distributions aris-
ing from increases in system load, as shown in Table
3. Although model precision increased by 0.01-0.12
relative to baseline, model recall consistently declined
by 0.01-0.04. This reduction in recall translates into
an additional 1-5 patients with LOS >4 hours missed
per 100 ED stays, indicating a degradation in the
ability of the ML models to predict patients at risk
of staying longer in the ED during MCls.

4. Discussion

Robustness evaluation should be a standard part of
machine learning (ML) model evaluation before de-
ployment of ML models in healthcare systems, de-
termining when and how they can be safely and ef-
fectively used to support clinical and operational de-

cisions (Finlayson et al., 2021; Lekadir et al., 2025;
Balendran et al., 2025). When evaluating ML models
during the ML model development phase, the stan-
dard use of a held-out test set from a real-world elec-
tronic health record (EHR) dataset is inadequate for
measuring the accuracy and robustness of these ML
models in deployment because of its scarcity and po-
tential data misalignment (Zech et al., 2018; Nestor
et al., 2019; Zhang et al., 2022; van Breugel et al.,
2023). Hence, relying solely on ML model perfor-
mance based on evaluations on this held-out test set
could lead to a retrospective identification of ML
model vulnerabilities, posing risks to patients and
healthcare providers.

Here, we focused on evaluating the robustness of
ML models under mass casualty incidents (MCIs),
wherein crowding resulting from changes in system
conditions, such as increases in patient arrivals, de-
creases in resource capacity, and delays in clinical
workflow, negatively affects patient outcomes, such as
inpatient mortality and length of stay (LOS) (Bern-
stein et al., 2009; Morley et al., 2018; Bravata et al.,
2021; Kadri et al., 2021). Since MCIs are relatively
rare, stochastic in nature, and potentially novel, real-
world EHR data that adequately capture changes in
system conditions and patient outcomes during MCIs
are often limited or unavailable. This data limita-
tion makes it difficult or impossible to evaluate ML
robustness under MCI conditions. To enable this
robustness evaluation, we presented an agent-based
model (ABM) of an emergency department (ED) for
generating synthetic EHR data during MClIs.

By explicitly modelling system conditions, our
ABM-based approach to generating synthetic EHR
data can simulate realistic and interpretable changes
to arrivals, resources, and workflow induced by MCIs.
It accounts for how the impact of system conditions
on patient outcomes is captured in real-world EHR
data and enables control over how these system con-
ditions and their impact are reflected in synthetic
EHR data. Such capabilities are rarely considered or
demonstrated in existing synthetic EHR data gener-
ation approaches (Hernandez et al., 2022; Yan et al.,
2022; van Breugel et al., 2023; Budu et al., 2024).
Our work thus improves on existing approaches to
synthetic EHR data generation and ML model eval-
uation by enabling the stress testing of ML models
under MCI and other system conditions expected in
deployment but not sufficiently captured in the devel-
opment data. The system conditions in the ABM can
be readily adapted to consider other scenarios. For
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Precision Recall Missed patients with LOS >4 hrs
(per 100 ED stays)
RF GB MLP RF GB MLP RF GB MLP

Baseline conditions

Real test set 0.79 0.78 0.79 0.92 0.95 0.94 5.93 3.62 4.11

Synthetic test sets 0.80 £ 0.06 0.79 £ 0.06 0.79 £ 0.06 0.91 £ 0.03 0.95 £ 0.02 0.94 £ 0.03 6.64 = 2.58 4.11 +2.06 4.70 + 2.21
Synthetic MCI conditions: increase in arrivals

+5% daily arrivals 0.82 £ 0.06 0.81 £0.06 0.81 £0.06 0.90 £ 0.03 0.94 £+ 0.03 0.93 £ 0.03 7.77 £ 2.97 5.06 + 2.46 5.71 + 2.61

+10% daily arrivals 0.84 £0.06 0.84 £0.06 0.84 £0.06 0.89 £ 0.03 0.92 £ 0.03 0.92 £ 0.03 9.15 £ 3.27 6.17 + 2.68 6.93 + 2.81

+15% daily arrivals 0.87 £ 0.06 0.86 £ 0.06 0.86 £ 0.06 0.88 £ 0.03 0.91 £ 0.03 0.90 £ 0.03 10.40 £+ 3.19 7.25 + 2.62 8.06 + 2.76

+20% daily arrivals 0.88 £ 0.05 0.88 £ 0.05 0.88 £ 0.05 0.87 £ 0.03 0.91 £ 0.02 0.90 £+ 0.03 11.24 £+ 2.83 7.99 + 2.34 8.85 + 2.51
Synthetic MCI conditions: decrease in resources

-5% clinicians 0.81 £ 0.07 0.80 £ 0.07 0.80 £ 0.07 0.91 £ 0.03 0.94 £ 0.03 0.93 £ 0.03 7.14 £ 2.98 4.55 +2.36 5.14 + 2.55

-10% clinicians 0.83 £ 0.07 0.82 £ 0.08 0.82 £ 0.08 0.90 £ 0.03 0.94 £ 0.03 0.93 £ 0.03 7.78 £3.35 5.03 £2.70 5.72 + 2.88

-15% clinicians 0.87 £ 0.08 0.87 + 0.08 0.87 £ 0.08 0.89 £ 0.04 0.93 = 0.03 0.92 + 0.03 9.51 £ 3.98 6.37 £+ 3.22 7.14 £ 3.48

-20% clinicians 0.90 £+ 0.08 0.89 4+ 0.08 0.90 £ 0.08 0.88 £ 0.04 0.92 + 0.03 0.91 &+ 0.03 10.55 £+ 3.86 7.20 £+ 3.17 8.02 £ 3.36
Synthetic MCI conditions: delay in workflow

+5 mins for lab tests 0.84 £+ 0.06 0.83 + 0.06 0.83 £ 0.06 0.90 + 0.03 0.94 £ 0.02 0.93 + 0.03 7.62 £ 2.82 4.88 £ 2.21 5.51 &+ 2.40

+10 mins for lab tests 0.87 £ 0.05 0.86 4+ 0.05 0.86 £ 0.05 0.90 4+ 0.03 0.93 £ 0.03 0.92 + 0.03 8.60 £+ 3.06 5.59 £+ 2.49 6.32 + 2.62

+15 mins for lab tests 0.89 £ 0.05 0.89 4+ 0.05 0.89 £ 0.05 0.89 4+ 0.03 0.93 £ 0.03 0.92 + 0.03 9.64 £+ 3.17 6.43 £ 2.61 7.22 + 2.76

+20 mins for lab tests 0.92 £+ 0.04 0.91 + 0.04 0.91 £ 0.04 0.88 &£ 0.03 0.92 £ 0.03 0.91 + 0.03 10.68 £+ 3.18 7.24 £+ 2.61 8.10 &+ 2.79

Table 3: ML robustness evaluation results. As ED system load increases under MCI conditions, precision
increases while recall decreases across all three ML models: random forest (RF), gradient boosting
(GB), and multilayer perceptron (MLP). The number of missed patients with LOS >4 hours in-
creases from 4-7 per 100 ED stays under baseline conditions to 5-11 per 100 ED stays under the
synthetic MCI conditions. Results for each of the synthetic baseline and MCI conditions are shown
as the mean + 2 standard deviations across 1,000 test sets.

instance, simultaneous changes in arrivals, resources,
and workflow can also be explored to simulate more
complex MCI scenarios. Since increases in system
load due to each of these changes led to longer LOS,
as shown in Table 2, such simultaneous changes would
be expected to further increase system load and result
in similar findings.

In practice, our approach could be applied to EHR
data from other healthcare systems to generate syn-
thetic data relevant to the specific real-world sce-
narios they confront. These synthetic data would
support proactive and systematic evaluation of the
robustness of ML models under various real-world
system conditions, informing ML model deployment
and indicating when further improvement is required.
While there will always be uncertainty about how
the synthetic EHR data compare to real-world EHR
data during MCIs, they can provide insights into
the robustness of ML models in healthcare that are
not obtainable with real-world EHR. data alone nor
with synthetic EHR data generated using existing ap-
proaches.

Many ML models designed to predict patient out-
comes often rely solely on patient-level features, such
as patients’ demographics, past medical encounters,

and current health conditions (Nestor et al., 2019;
Xie et al., 2022; Stone et al., 2022; van Breugel et al.,
2023; Lee et al., 2024; Farimani et al., 2024). In
part, this oversight is due to the abstraction of sys-
tem conditions from EHR datasets, such as publicly
available benchmarks like MIMIC, to protect the pri-
vacy of patients and healthcare providers (Johnson
et al., 2023c). However, in the simulation experi-
ments, many patients had longer LOS under MCI
conditions with higher system load than under base-
line system conditions, regardless of their patient-
level features, as exhibited in Table 2. Consequently,
ML models trained solely on patient-level features,
following common practice, failed to predict LOS un-
der those MCI conditions as accurately as under base-
line system conditions, as demonstrated in Table 3.
Hence, when using real-world EHR data or generating
synthetic EHR data for training and testing ML mod-
els during the ML model development phase, how sys-
tem conditions and their impact are encapsulated in
the data should also be explicitly considered (e.g., by
incorporating system-level features) to assess whether
ML models are robust under expected real-world sys-
tem conditions, such as in situations like MCIs when
they are needed more.
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We introduced ABMs as an approach for explic-
itly modelling and simulating these system condi-
tions and their impact on patient outcomes. The use
of ABMs to support the training and testing of ML
models is underexplored, despite them being widely
used to inform decision making across healthcare sys-
tems (Tracy et al., 2018). Here, we showed that
an ABM can reproduce and extend real-world EHR
data, as shown in Tables 1 and 2, respectively. Fur-
ther, we demonstrated that the generated synthetic
EHR data can be used to evaluate the robustness of
ML models under MCI conditions, as shown in Ta-
ble 3. Our work can also be used as a reference for
many other potential applications of ABMs for ML
research and education. First, ABMs could also be
used to generate synthetic data for evaluating other
ML robustness issues in healthcare (Finlayson et al.,
2021; Zhang et al., 2022; Balendran et al., 2025).
Second, they could complement existing synthetic
EHR data generation approaches designed for gener-
ating completely synthetic patients (Yan et al., 2022;
van Breugel et al., 2023; Budu et al., 2024). Third,
they could augment system conditions in public EHR
benchmarks like MIMIC, which are often anonymised
for privacy reasons, to enable further studies on the
effect of system-level features on ML model perfor-
mance (Johnson et al., 2023¢). Fourth, they could
also be used to generate synthetic EHR data for train-
ing ML models to enhance their robustness. Finally,
ABMs could also serve as clinical environment sim-
ulators, in which ML models are embedded within
ABMs to enable the dynamic evaluation of their im-
pact on system behaviour over time (Luo et al., 2026).

Our work has several limitations. First, we as-
sumed that recorded time durations between ED ac-
tivities that deviate from an average value include
waiting times, which may not necessarily be the case.
Despite this, we validated that this choice generated
synthetic EHR data with similar LOS characteristics
to the real-world EHR data. Further, this removal
process of waiting times could be useful in cases when
waiting times are not explicitly captured in the EHR
data. Second, ML model evaluation under MCI con-
ditions is based only on synthetic scenarios and would
thus require EHR data during real-world MClIs for
further validation. However, the emergent data shifts
observed under these MCI conditions (i.e., increasing
LOS with increasing system load) align with expecta-
tions and are supported by extensive literature on ED
crowding (Bernstein et al., 2009; Morley et al., 2018).
Finally, we focused on modelling and predicting LOS

only. Future work could extend our approach to eval-
uate the robustness of ML models for predicting other
patient outcomes such as hospitalisation, inpatient
mortality, and readmission.

5. Conclusion

In summary, we developed an ED ABM that can gen-
erate synthetic EHR data during MCIs. We then
demonstrated how the synthetic EHR data can be
used to evaluate the robustness of ML models under
various MCI conditions. Our results showed that ML
models for predicting LOS outcomes lack robustness
to changes in system conditions induced by MCIs.
Our work extends existing synthetic EHR data gen-
eration approaches by enabling the explicit modelling
of system conditions. It also extends the standard ML
model evaluation process by offering a proactive and
systematic approach to evaluating the robustness of
ML models under MCI conditions before deployment.
Our work thus helps ensure that ML models can be
safely and effectively used in clinical practice. Fur-
thermore, it provides a basis for novel and relevant
applications of ABMs in ML for health.
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Appendix A. Removing waiting times
from recorded patient
trajectories

We assumed that the time interval between the times-
tamps of two consecutive activities, say, an activity
A followed by an activity B, includes not only the
execution time of activity B but also potentially a
waiting time for activity B. Formally, we express
the recorded time duration 74p to include both the
waiting time wap for and execution time esp of an
activity B, from an activity A:

TAB = WAB + €AB. (5)

To remove the waiting times, we performed tem-
poral conformance checking wherein we checked
whether the recorded time duration 74p deviated
from the average time duration between activities A
and B (Stertz et al., 2020). First, we identified the
average time duration between every activity A and
B by calculating its median Mdn 4p and mean abso-
lute deviation M AD 45 across all patient trajectories
in the test set Dyest. Second, for every activity A to B
in a patient’s recorded trajectory, we calculated the
modified z-score of the recorded time duration 74p5:

~ 0.6745(tap — Mdnap) (6)
o MADAp '

Every recorded time duration 74p that has a modi-
fied z-score greater than a prespecified z-score thresh-
old k is considered to be a temporal deviation and
thus includes a waiting time. On the contrary, if the
modified z-score is less than or equal to the z-score
threshold k, then the recorded time duration 74p is
considered to be in conformance to the expected du-
ration and thus has no waiting time (745 = eap)-

We then removed the waiting times from the
recorded time durations recognised as temporal de-
viations. We generated the updated time duration
T/ g of every activity A to B in the recorded trajec-
tories as follows:

;) 7aB if z<k
TAB =

Mdnap + k(1.4826 « MAD 45) if z > k.
(7)
We used these updated time durations to specify the
execution time of activities in the trajectory of the
new patient p in the ED ABM. In the results shown in
Section 3, the z-score threshold k = 3. This removal
of waiting times from recorded patient trajectories
was determined through calibration experiments.
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