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Abstract

Hospital antimicrobial resistance (AMR) emanates from an array of complex interactions between patient
turnover, heterogeneous patient–staff contact patterns, antibiotic-driven within-host selection, and
imperfect surveillance. We present a hospital AMR digital twin that combines mechanistic simulation
with temporal graph learning to forecast resistance emergence from evolving daily contact networks and
enable support intervention planning. Our approach is twofold: graph neural networks and transformers
to model predictions and mathematical programming optimization to provide decision support. The main
predictive task asks whether future spread of resistant infections is more likely to be driven by endogenous
hospital transmission and selection or from importation on admission. We evaluated this task under
both fully observed and partially observed settings, using baseline benchmarks together with ablations,
surveillance perturbations, and distribution-shift stress tests. Under canonical conditions, the model
achieved very strong predictive performance, especially when ground-truth system states were available,
and remained informative under partial observation. Ablations showed that contact-weight information
was relatively robust, whereas compressed node-feature representations weakened performance more
noticeably when observations were incomplete. Surveillance stress tests further showed that delayed or
less frequent reporting can be tolerated in some settings, but threshold calibration becomes fragile under
more severe observation changes. Across broader epidemiological and surveillance shifts, the ground-
truth model generally preserved strong ranking ability, while partial-observation performance was less
stable. When models were trained directly in the shifted regime, performance improved compared with
zero-shot transfer, indicating that the digital twin can adapt to new and previously unseen operating
conditions but that portability across regimes can improve, particularly when only partial surveillance
data are available. We also evaluated intervention-conditioned forecasting by branching hospital states
into a small library of screening and isolation policies under a shock-and-superspreader regime. The
learned models supported useful within-state action ranking and frequently identified policies that
improved on the baseline containment protocols or avoided worsening outcomes. The same digital twin
can also support constrained intervention selection, although reliable deployment will require careful
calibration, improved robustness under partial observation, and broader policy libraries.

Introduction

Hospital antimicrobial resistance (AMR) remains a challenge for modern global health systems. It threatens patient safety
with increased morbidity and subsequent mortality, complicates treatment pathways, and places additional strain on
already pressured healthcare systems and services worldwide [1, 2, 3, 4, 5, 6, 7]. Hospital processes that shape AMR are not
static, but dynamically reflective of patients’ admissions, transfers, discharges, tests, isolations, and treatments. Patient’s
probability of acquiring a nosocomial AMR infection is a function of cumulative potential exposures in the different hospital
environments they experience, which are in turn dependent on the existence of environmental sources of contagion
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and contact with other co-located infectious patients or hospital staff. Staff shape the hospital fabric, connecting wards
through repeated patient-facing and colleague-facing interactions. Furthermore, patients carrying bacterial infections
can become hosts for de-novo generated mutants after exposure to antibiotics. In these settings, AMR is not simply a
microbiological phenomenon; it is also a systems problem spanning transmission, treatment, observability, operational
practice and decision making. This systems perspective matters because the questions facing infection prevention and
control teams (IPC) are inherently temporal, and the solutions rely on a mechanistic understanding of the underlying
sources of AMR spread. Statistical and mathematical models provide frameworks proposing to inform those solutions.

Recent work suggests that forecasting nosocomial AMR infection spread from routinely collected data is possible, but
much of that literature still operates at the level of aggregate hospital signals [8, 9]. These approaches offer limited value of
information to address questions such as: What can prevent an increase in resistance emergence over the coming week? To
meaningfully inform such a decision making process one would have to address whether a potential resistance emergence
is a reflection of importation on admission, transmission within the hospital, or within-host selection under antibiotic
pressure. Also relevant would be to explore to what extent screening frequency and delayed test reporting modify what
actionable information is available for decision making. These questions require models that track both the evolving
contact structure of the hospital and the policy-dependent state of observation. Indeed, a growing body of empirical
and modelling work has shown that hospital contact structure is heterogeneous, role-dependent, and epidemiologically
consequential [10, 11, 12, 13, 14]. An ideal construct would then be one in which AMR is treated as a time-evolving
relational process rather than as a purely aggregate signal. Digital twins offer a natural way to materialise this approach,
offering computational environments that combine mechanistic understanding, heterogeneous data, and decision support
[15, 16, 17, 18, 19]. In the present context, a hospital AMR digital twin should do more than reproduce outbreaks or
generate synthetic data. It should preserve the mechanisms that matter clinically, generate trajectories under operationally
motivated assumptions, and support prediction of outcomes that are interpretable to IPC teams.

In this work, the digital twin has two tightly connected components. First, a simulator generates daily directed contact
graphs with ward structure, patient turnover, antibiotic exposure, colonisation and infection dynamics, screening, test
reporting and other seasonal forcing mechanisms or super-spreaders. Second, a temporal graph model maps recent graph
history to future AMR outcomes. The primary predictive endpoint studied here is deliberately mechanism-aware: whether
future resistance emergence over the next time horizon is predominantly driven by endogenous transmission or importation.
Throughout this work, endogenous emergence refers to nosocomial transmission plus within-host selection, whereas
importation refers to resistant cases introduced on admission from the general population. This distinction is clinically
meaningful. It does not capture the whole complexity of AMR biology, but it does align with a practical IPC question: are
resistant infections mainly being brought in, or are they being amplified within the hospital?

To meaningfully inform policies aiming to control nosocomial transmission of AMR infections, we need to resolve which
modulators of infection spread need to be tuned, given a dynamic set of complex data.Decisions need to be made on what
is the best option out of a set of candidate intervention measures, having a partially observed set of time and ward specific
information on the occurrence of cases in both patients and staff, and full knowledge of the context of screening frequency
and isolation events, . Here, we explore if and how graph neural networks (GNNs) can inform such decisions in real-time.
We expand on previous work [20, 21], by developing a framework of temporally evolving daily graphs that are integrated
through a Transformer-based temporal encoder and a mathematical model of nosocomial infection. We demonstrate the
limits of the mechanistic reproducibility of outbreak dynamics within hospitals, i.e., to what extent GNNs can predict
how nosocomial infections will spread when informed on curtailed outbreak data. We then illustrate how the integrated
framework, bridging learnings from temporal contact graphs and features with a mechanistic model of intervention
dynamics accounting for a particular set of evaluation metrics, can be translated into a causal pathway optimisation tool
supporting AMR policy decision making. Rather than aiming to fully resolve AMR forecasting or intervention planning in
hospital settings, we seek to demonstrate that mechanism-aware prediction from evolving hospital contact networks is
possible but carries known sources of fragility, such as minimum data requirements and contextual operational constraints.
We thus present a framework that can support the realistic real-time design of both actionable AMR surveillance and
intervention planning in hospital settings.

Related work

This study spans hospital contact-network epidemiology, mechanistic modelling of transmission, digital twins and deep
learning. Each of these areas is computationally polished, but they have often progressed in separate contexts. In the
hospital infection and AMR-modelling literature, a consistent message is that contact structure is neither homogeneous nor
incidental. English et al. showed that both contact patterns and spatial movement vary markedly across healthcare-worker
roles, indicating that hospital mixing is structured by occupation rather being uniform [22]. Wilson-Aggarwal et al. further
showed, using routinely collected door-access logs and electronic medical records, that healthcare-worker mobility and
patient connectivity change over time and differ across clinical speciality [23]. In addition, Myall et al. found that dynamic
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patient-contact networks substantially improve prediction of hospital-onset COVID-19 infections [24], while Bridgen et al.
used Bayesian inference to identify the importance of hospital structure and staff interactions in nosocomial transmission
[25]. Taken together, these studies support a view of hospital transmission as role dependent, structured, and dynamic.

Wearable-sensor and network-reconstruction studies reinforce this inference. Hornbeck et al. used sensor data to show
that heterogeneity in healthcare-worker movement and contact patterns can substantially alter infection diffusion [26].
Mastrandrea et al. reported that contact duration and structure among healthcare workers are highly uneven and
strongly organised [27]. Furthermore, Illingworth et al. showed that a relatively small subset of cases can account for
a disproportionate share of onward transmission in hospital settings [28]. Additionally, Rocha et al. demonstrated that
patient mobility and contact heterogeneity create high-risk pathways for methicillin-resistant Staphylococcus aureus spread
across hospital systems [29], while Darbon et al. highlighted the temporal structure of hospital contacts and the centrality
of particular professional groups, especially nurses, in sustaining transmission opportunity [30]. Earlier work remains
relevant as Tahir et al. showed that patient movement within hospitals shapes spread across locations [31], while Donker
et al. demonstrated that transfer networks between hospitals influence regional surveillance and dissemination [32]. More
recent work has moved toward finer-grained inference on hospital transmission pathways and asymptomatic carriage
[33, 34, 35]. Collectively, this literature establishes that hospital transmission is relational, structured, and mechanistically
important.

Our platform is aligned with that view, but differs in three ways. First, rather than analysing a single observed network
or reconstructing a static movement graph, it generates a daily sequence of directed, weighted hospital contact graphs
with evolving node sets, explicit patient and staff roles, ward structure, and both latent and observed surveillance states.
Second, it couples simulation to supervised temporal graph learning rather than stopping at simulation or retrospective
pathway inference. Third, it preserves mechanism-specific bookkeeping for importation, transmission, and antibiotic-
driven selection, so that prediction targets can be defined in mechanistic rather than purely aggregate terms. This framing
is also consistent with recent work on synthetic contact reconstruction and intervention analysis. Duval et al. showed
that realistic synthetic temporal contacts can recover much of the structure missing from simpler baselines [36]. Our
study extends that direction by building a programmable digital twin that can generate counterfactually varied hospital
trajectories under user-defined surveillance and IPC assumptions, and then training predictive models on the resulting
graph sequences. From the digital-twin perspective, recent reviews have emphasised the need to integrate mechanistic
knowledge, data, and decision support, while noting that much of the healthcare literature remains focused on individual
patients or narrow physiological systems [37, 38]. The present platform operates at a different level: it is not a physiological
twin of a single patient, but a digital twin of a hospital AMR ecosystem in which admissions, contacts, treatment exposure,
latent colonisation, observed surveillance state, and IPC interventions co-evolve.

On the machine-learning side, the modelling layer is related to dynamic-graph representation learning, but in a setting
with a clearer operational interpretation. Recent surveys have highlighted challenges in dynamic graph learning, including
scalability, heterogeneity, temporal sparsity, and limited domain-specific benchmarks [39]. Our formulation represents
hospital workflows at discrete time points: each day is represented as a directed attributed graph, each daily graph
is embedded through edge-aware message passing and learned graph pooling, and a Transformer aggregates graph
embeddings across a finite observation window to account for temporal evolution and learning. This extends our earlier
graph-learning work from static to temporal graphs [20]. Here, the model must learn not only structural regularities but
also temporal ones, and the prediction targets are tied directly to future hospital dynamics.

The novelty therefore does not lie in any single ingredient. Hospital contact-network epidemiology, stochastic transmission
modelling, digital-twin framing, and temporal graph learning all have established literatures. The contribution lies in
bringing them together in a single framework with ward-structured daily graph generation, staff-mediated cross-ward
connectivity, explicit latent and observed AMR infection states, imperfect screening and delayed reporting, dynamic patient
turnover with importation on admission, mechanism-resolved supervision, temporal graph learning under trajectory-based
train/test protocols, and post hoc translational summaries that aggregate learned attribution signals to clinically legible
ward- and staff-level views. To our knowledge, the particular combination developed here is not provided by the hospital
AMR platforms in the literature cited above. A further distinction is the evaluation design: rather than using the platform
only to quantify spread under one chosen scenario, we organise the study around a reproducible benchmark that supports
comparison of observational regimes, representation choices, train-side distribution shifts, and deliberately shifted external
benchmarks against fixed references, such that we can effectively identify the limits of applying digital twins to nosocomial
infections.

Contributions. This study makes a substantive contribution to AMR control policy design in hospital settings by
presenting an end-to-end hospital AMR digital twin that unifies mechanistic simulation, temporal graph-based prediction,
and constrained intervention selection in a single reproducible framework. Although the platform endeavours to answer a
specific IPC and clinically interesting question which we explore in depth, a modular design allows the users to engineer
new learning tasks and probe the platform under their own set of settings and experimental hypotheses. Three novel
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Figure 1: Overview of the platform. The simulation layer generates daily hospital contact graphs from a mechanistic simulator of wards,
staff, patients, transmission, screening, and isolation. These temporal graphs are converted into a shared representation and processed
through a common modelling backbone combining a GraphSAGE graph encoder with a Transformer temporal module. From this shared
backbone, the platform branches into a predictive pathway for AMR risk forecasting and a causal pathway for intervention-conditioned
prediction and constrained decision support via an integer linear programming modelling formulation (ILP). Each branch is evaluated
separately according to its respective prediction or decision task.

technical approaches enable this framework. First, the layered integration of network-based simulation platforms with
predictive graph neural networks and transformers, regulated by a policy decision module. The simulation layer captures
the evolving hospital ecology of transmission, importation, antibiotic usage, surveillance, and isolation; the predictive
layer learns from sequences of daily contact graphs to anticipate future AMR outcomes; and the decision module can
then convert intervention-conditioned forecasts into feasible policy choices under explicit operational constraints (e.g.
budgets, human resources, regulatory constraints, etc.). Second, a modular mechanism-aware and evaluation layer built on
event-resolved simulator bookkeeping, such that forecasting, attribution, and policy-response endpoints can be specified
from shared simulator outputs with or without altering the core simulator, graph representation, or learning architecture.
This provides a scalable route to benchmarking while retaining mechanistic interpretability. Third, a validation module,
benchmarked on the most dominant driver of real-time resistance emergence, and coupled to the policy decision regulator
module in order to enable counterfactual evaluation of prospective intervention policies. Collectively, these contributions
move hospital AMR digital twins beyond descriptive simulation and passive risk prediction toward mechanism-aware,
evaluation-ready, and decision-oriented computational frameworks.

Platform overview and experimental design

The platform generates daily directed hospital graphs with explicit ward structure, tracking admissions and discharges,
infection status of new admissions, staff movement, screening logistics, and isolation policy. These graphs carry both node-
and graph-level epidemiological quantities, which are then used for label construction and downstream learning. The
resulting graph sequences are processed by an edge-aware GraphSAGE–Transformer architecture [40, 41] (see Methods
and Supplementary Information) that combines daily graph encoding, learned graph pooling, and temporal self-attention
across contiguous windows. At a high level, the framework has three linked layers. The first is a mechanistic simulation
layer that produces a daily sequence of directed, weighted hospital contact graphs Gd

Gd = (Vd, Ed), d ∈ {1, . . . , D},

with dynamic node sets, role-aware contacts, ward structure, and surveillance-sensitive attributes. The second is a
tensorisation and task-construction layer that converts each daily graph into a transformed graph-learning representation
that preserves node features, edge features, trajectory identity, day index, and ward-linked metadata needed for downstream
aggregation, and contains labels derived from future simulator event streams. The third is a temporal graph-learning
layer that maps a rolling graph window of sequential daily contact graphs of fixed length and same trajectory origin:
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Wd = {Gd−T+1, . . . , Gd} to future labels defined over days d + 1, . . . , d +H , given a horizon window H . Each daily
graph is embedded by an edge-aware message-passing encoder with learned node-attention pooling, and the resulting
sequence of graph embeddings is then processed by a Transformer to model temporal dependence. This separation is
important. The simulator, graph representation, task definition, and learning model are coupled through a common pipeline,
but not entangled into a single task-specific implementation. In practice, that makes it possible to vary forecasting targets
at the task layer while leaving the underlying generation and learning machinery intact. In this line of work, we exploit
this flexible framework to study one primary endpoint in depth: whether resistant emergence within the hospital over
the next time horizon is predominantly driven by endogenous transmission or importation. The same modularity also
supports the benchmark design used here. Canonical baseline training, representation ablations, surveillance perturbations,
broader regime sweeps, an explicitly shifted train–test benchmark, and zero-shot probing of a baseline-trained model
onto that shifted benchmark are all evaluated within the same pipeline. The platform should therefore be understood
not simply as a simulator plus predictor, but as an integrated digital twin framework in which generation, supervision,
learning, evaluation, and post hoc translational attribution are explicitly modular, scalable and connected. All benchmark
analyses were conducted under two parallel representation tracks. In the ground-truth track, node features included the
latent AMR state generated by the simulator. In the partial-observation track, that latent-state channel was replaced by a
binary observed-positive indicator derived from surveillance, and the latent same-day incident-event channels for new
resistant acquisition and new resistant infection were masked to zero; the role, antibiotic, isolation, and edge features were
otherwise retained. The ground-truth track therefore measures performance under full simulator-state access, whereas the
partial-observation track evaluates the same benchmark under a deliberately observation-limited representation that more
closely reflects routine surveillance. Importantly, the state-related channel in the partial-observation track is not a noisy
copy of latent state, but a surveillance-mediated proxy that depends on who is screened, when sampling occurs, whether
results are delayed, and whether observations persist once recorded.

Predictive experiment design

We studied the endogenous-versus-importation task in a medium-scale synthetic hospital (10 wards, 200 patients, and 300
staff). Canonical trajectories were generated over 60 simulated days, whereas the complete distribution-shift benchmark
in Step 8 (Table 1) used 360-day trajectories, with 12 independent replicates per trajectory family. Staff were assigned
a home ward together with multi-ward coverage, and in the main configuration each staff member was linked to two
wards on average, preserving strong local ward structure while allowing staff-mediated cross-ward mixing. Prediction
used rolling windows of T = 7 daily graphs and a forecasting horizon of H = 7 days. Full training parameters and
experimental design can be found in Appendix A (SI) for the predictive experiment. This configuration is large enough to
induce non-trivial ward structure, staff-mediated cross-ward connectivity, and temporal variation, while remaining stable
enough for controlled benchmarking.

The benchmark was designed around a fixed external reference. Four independently generated canonical trajectory cohorts
were created: two for training and two for testing, spanning endogenous-favouring and importation-favouring regimes.
The endogenous-favouring regime used lower admission-importation pressure and lower patient turnover, increasing the
expected contribution of within-hospital emergence, whereas the importation-favouring regime used higher admission-
importation pressure and higher turnover, increasing the contribution of resistant colonisation or infection introduced
on admission. Admission importation is sampled over colonised-sensitive, colonised-resistant, infected-sensitive, and
infected-resistant states using jointly normalised state weights, with uncolonised admissions as the residual state when the
total weight is below one. Training and test cohorts were generated independently with disjoint seed ranges, to enforce
train/test separation. After conversion to a common graph-learning representation, the two training-side cohorts were
pooled into one canonical training set and the two test-side cohorts into one frozen external test set, which was restored
before each downstream further test and used unchanged throughout the study.

Within this common framework, the experimental programme addressed three policy relevant questions: (1) Can we
ascertain the mechanistic drivers of nosocomial AMR emergence in real-time? (2) How is the ability to answer the first
question dependent on the type, quality and abundance of information? (3) Can we extract generalisable principles when
external temporal forcing terms are present? Table 1 summarises the role of each predictive experimental step and the
corresponding train–test comparison logic.

Causal policy-response experiment design

To examine whether intervention-aware temporal graph representations can support downstream decision-making, we
introduced a causal policy-response assessment module integrated with the hospital simulator platform, but with explicit
branching from shared pre-intervention states. The objective was not to replace the primary predictive benchmark, but to
create a controlled setting in which the model could be trained to identify the best action from a small and operationally
transparent intervention menu. The causal branch is trained and evaluated as a within-state action-selection problem over
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Table 1: Summary of the predictive experimental design. Across all experiments, analysis was conducted in parallel under
the ground-truth and partial-observation representation tracks. Unless otherwise noted, the canonical frozen external test
benchmark was kept fixed and restored before each downstream run.

Step Experiment What was changed What was held fixed Purpose

1 Canonical trajectory gen-
eration

Four independently simulated canonical trajectory families were gen-
erated: two training-side families and two test-side families, spanning
endogenous-favouring and importation-favouring regimes.

Common simulator framework,
common hospital scale, disjoint
seed ranges for train and test.

Establish the canonical benchmark and
enforce train/test separation at the sim-
ulation stage.

2 Common graph-learning
conversion

All trajectories were converted into a common graph-learning repre-
sentation. Parallel ground-truth and partial-observation tracks were
created.

Underlying trajectories and prepro-
cessing logic.

Ensure that later performance differ-
ences cannot be attributed to inconsis-
tent preprocessing.

3 Frozen benchmark con-
struction

The two canonical training-side families were pooled into one training
set and the two canonical test-side families into one frozen external test
set.

Same canonical cohorts and same
representation track definitions.

Create a reusable held-out benchmark
for all downstream comparisons.

4 Baseline external generali-
sation

The model was trained on the canonical training set and evaluated on
the frozen canonical test set.

Canonical train/test generative
logic; frozen external test set.

Measure external generalisation under
matched train–test conditions.

5 Representation ablation Training graphs were altered either by neutralising edge weights or by
retaining only the role indicator and main state channel as informative
node-level inputs.

Frozen canonical external test set. Assess how strongly predictive perfor-
mance depends on specific parts of the
graph representation.

6 Surveillance and response
perturbations

Training cohorts were regenerated under modified surveillance assump-
tions, specifically altered screening delay and altered routine screen-
ing frequency. For each delay or frequency level, paired endogenous-
favouring and importation-favouring cohorts matching the Step 4 epi-
demiological regimes were generated and pooled after conversion while
preserving complete simulated trajectories.

Frozen canonical external test set,
canonical admission-importation
and turnover regimes, screen-on-
admission policy, and observation
persistence.

Test whether models trained under
shifted surveillance-and-response con-
ditions transfer back to the canonical
benchmark.

7 Regime robustness Training trajectories were generated across a broader sweep of epidemi-
ological regimes spanning different combinations of admission importa-
tion and turnover.

Frozen canonical external test set. Evaluate whether broader training
diversity improves robustness when
tested on the canonical reference
benchmark.

8 Complete distribution
shift benchmark

Both training and test cohorts were regenerated under a deliberately
shifted regime with longer temporal span, superspreader dynamics, sea-
sonal modulation of admission importation, and paired endogenous-
favouring/importation-favouring shifted trajectory families.

Shared shifted generative logic for
train and test within this step, dis-
joint train/test seeds, and a pre-
training mechanism-label balance
gate.

Create a substantially more demanding
shifted benchmark in which both epi-
demiology and temporal organisation
differ from the canonical setting.

9 Baseline-to-shift transfer
probe

The canonical baseline model from Step 4 was evaluated directly on the
shifted external test cohort from Step 8 without retraining.

Canonical trained model; shifted
test set from Step 8.

Isolate zero-shot transfer from the
canonical benchmark to a markedly
shifted hospital regime.

baseline-relative improvement in combined transmission-plus-importation resistant burden. The full description of the
methodological steps is shown in Table 2 and the full parameters are given in Appendix B (SI). Let

G(s) =
(
G

(s)
1 , G

(s)
2 , . . . , G

(s)
D

)
denote a base simulated trajectory generated under seed s, where G

(s)
t is the hospital contact graph at day t, and D is the

total simulated duration. For a fixed window length T , forecast horizon H , and a set of decision days

Ddec = {d1, d2, . . . , dm}, dj ≥ T,

we extracted the pre-intervention temporal state

W(s)
dj

=
(
G

(s)
dj−T+1, . . . , G

(s)
dj

)
.

This window was held fixed and interpreted as the observed hospital history available at decision time dj . From the
terminal state of W(s)

dj
, we generated a finite action set

A = {a0, a1, . . . , aK},

where a0 denotes the baseline policy and ak for k ≥ 1 denotes a candidate intervention. In the present action menu, all
non-baseline candidates are hospital-wide screening-response policies. They alter routine screening frequency, admission
screening criteria, reporting delay, and the isolation response attached to positive tests, including whether isolation is
triggered only by resistant-positive tests or by all positive tests. For each action a ∈ A, the simulator was rolled forward
from the same pre-intervention state using matched branching logic, yielding an intervention-conditioned future trajectory

G̃(s,dj ,a) =
(
G̃

(s,dj ,a)
dj+1 , . . . , G̃

(s,dj ,a)
dj+H

)
.

Figure 2 gives a visual representation of branching and counterfactual rollout windows. To ensure the different counter-
factual trajectories are comparable, we had to control the exogenous random-number streams for turnover, admission
importation, screening-test outcomes, contact formation, within-host transitions, staff-removal events, and transmission.
These streams were indexed deterministically by a shared branch seed together with event type, day, and entity identity.
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Figure 2: Schematic overview of past–future branching in the causal AMR policy experiment. A: Decision-state extraction.
A 60-day simulated hospital trajectory is sampled at valid decision days, with each decision state represented by a shared
temporal graph window of length T = 7, covering days d− 6, . . . , d. The observed hospital history up to and including the
decision day d is used as the common input state for all candidate actions. B: Action-conditioned future branching. From
the same decision-day state, the baseline policy and each candidate intervention branch into matched future trajectories
over the horizon H = 7, spanning days d + 1, . . . , d + 7. Interventions are inactive before the decision point and are
applied only after branching, so all actions are compared from the same past state under matched stochastic reruns. C:
Outcome construction and oracle action. For each future branch, the resistant burden over the prediction horizon
is computed such that positive values indicate improvement over baseline. The simulator-defined oracle action is the
candidate with the largest finite gain. D: Learning and constrained decision support. The action-conditioned temporal
graph model receives the shared past window together with an intervention descriptor and predicts an action-specific
score for each candidate intervention. The predicted best action is compared with the simulator-defined oracle action in
held-out evaluation, and the resulting baseline-relative utilities can subsequently be passed to a constrained mixed-integer
linear programming decision layer to select feasible intervention plans across decision states.

Thus, multiple action-labelled samples share the same observed past W(s)
dj

but differ in their post-decision futures. For a
single seed s and decision day dj , the dataset contains one sample for each action a ∈ A,(

W(s)
dj

, a
)
7→ Y (s,dj ,a),

where Y (s,dj ,a) is a horizon-H outcome derived from the corresponding branched trajectory. In the present configuration,
T = 7, H = 7, the action set is shown in Table 3, and branching is performed weekly until no more windows can be
generated using all simulated days, with the intervention activated from day dj + 1. The main oracle used for policy
learning and evaluation is the simulator-derived quantity defined by

Y burden
dj ,7 (a) = Y trans

dj ,7 (a) + Y import
dj ,7

(a)

and
Y gain
dj ,7

(a) = Y burden
dj ,7 (a0)− Y burden

dj ,7 (a),

where a0 denotes the baseline policy. Larger values are preferred, since they correspond to greater improvement relative to
the baseline policy outcomes for the same decision state. When actions tie exactly on this oracle quantity, the winning label
is resolved by a fixed action ordering recorded at dataset construction and kept unchanged during training and evaluation.

To prevent leakage across overlapping temporal windows from the same underlying simulator realization, dataset splits
were defined at trajectory generation time rather than by random row-level partitioning. Separate seed ranges were
assigned to training, validation, and test partitions, and all action-conditioned decision samples derived from a given seed
inherited the same split assignment. Consequently, the train/validation/test sets correspond to disjoint sets of simulated
hospital trajectories with a fixed temporal windows.

The implementation of this additional feature ensures the model can be trained on repeated counterfactual branches
from shared decision states. This allows for the direct comparison of the expected evolution of hospital states following
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Table 2: Implemented causal policy-response experiment design. The causal branch reuses the simulator framework but
replaces single-path forecasting with action-conditioned counterfactual futures generated from matched simulator reruns.
Policy learning and evaluation are aligned to baseline-relative improvement in future transmission-plus-importation
resistant burden over a 7-day horizon.

Step Component Implemented design Held fixed Purpose

C1 Base trajectory generation Generated 60-day hospital trajectories under disjoint train, validation,
and test seed ranges. The simulator used patient CS/CR/IS/IR day-0
seeding, low staff CS/CR day-0 seeding, shock-modulated CS/CR/IS/IR
admission importation, weekly baseline screening with a 3-day reporting
delay, no universal admission screening, symptomatic IS/IR admission
testing, a 0.8 isolation multiplier for 3 days, and a day 14–21 super-
spreader episode.

Common simulator framework and
hospital setting within the causal
branch.

Create temporal hospital trajectories
from which intervention decision
states are extracted.

C2 Decision-state extraction For each seed and each decision day d ∈ {7, 14, . . . , 49}, extracted a
pre-intervention temporal window of length T = 7.

Window length T = 7, horizon
H = 7, and seed-level split assign-
ment.

Define shared observed histories for
action-conditioned comparison.

C3 Action-conditioned coun-
terfactual generation

Generated each candidate future by rerunning the simulator with the
same base seed and shared causal-noise seed. The intervention was in-
active through day d and applied from day d+ 1. The supervised input
window was fixed to the baseline pre-intervention window for all actions
from the same decision state. The action set contained baseline plus four
hospital-wide screening-response actions: 2-day/same-day/resistant-
only, 7-day/2-day/resistant-only, 2-day/same-day/all-positive, and 7-
day/2-day/all-positive. Admission screening was enabled for the four
nonbaseline actions.

Base seed, causal-noise seed,
decision day, and baseline pre-
intervention input window.

Construct intervention-conditioned
counterfactual data in which the
post-decision action is the intended
source of variation.

C4 Outcome construction Computed horizon-7 outcomes over days d + 1 through d + 7. The
main target was baseline-relative gain, ∆B7(a) = B7(baseline) −
B7(a), so positive values indicate improvement. The imple-
mented burden B7(a) is the horizon sum of new trans cr total,
new import cr total, and new import ir total.

Common horizon, burden defini-
tion, and baseline-relative gain con-
struction.

Convert counterfactual futures into
supervised intervention-response tar-
gets.

C5 Split assignment without
leakage

Assigned all action-conditioned samples derived from the same base
seed to the same train, validation, or test split. Training and evaluation
used manifest split labels rather than randomly splitting overlapping
windows.

Seed-level split definition. Prevent leakage across overlapping
windows and related counterfactual fu-
tures.

C6 Intervention-conditioned
prediction

Trained the temporal graph model to score candidate actions conditional
on the graph-history window, action descriptor, and operational-state
summary. Training used a state-wise oracle-best-action loss plus an ac-
tive within-state ranking regularizer on the continuous baseline-relative
gain target.

Shared causal data construction, fi-
nite action set, and disjoint seed-
level splits.

Learn the intervention-response sur-
face needed for action ranking and de-
cision support.

C7 Policy-response evalua-
tion

Evaluated predictions against simulator-defined oracle responses on
held-out decision states. The oracle-best action was the action with
the largest simulator-defined ∆B7(a), not the action with the largest
model-predicted value. Only states with complete action sets and finite
oracle values were retained.

Held-out test split, common action
set, and simulator-defined improve-
ment target.

Assess whether intervention-aware
representations recover action-
conditioned differences in future
resistant burden.

C8 Constrained decision layer Passed predicted action scores to a mixed-integer linear programming
layer using baseline-relative predicted utilities. The implemented layer
enforces one action per state and intervention-family cooldown rules. Ac-
tion costs are loaded and reported, but cost constraints are non-binding
in the current configuration unless a budget is supplied.

Learned response surface, finite ac-
tion set, cooldown rules, and op-
tional budget settings.

Translate action-conditioned forecasts
into feasible intervention choices with-
out changing the causal data construc-
tion.

Note. The implemented horizon burden is B7(a) =
∑d+7

t=d+1[new trans cr totalt + new import cr totalt + new import ir totalt]. The causal-policy target
is ∆B7(a) = B7(baseline) − B7(a).

the implementation of different policies, thus facilitating nosocomial AMR policy optimisation. These predicted action-
conditioned utilities are then passed to the downstream constrained mixed-integer decision layer, so the optimizer acts
on the learned intervention-response surface rather than altering how the counterfactual branches are generated. Full
implementation details and parameters are given in Appendix C (SI).

Results

Quantitative summaries for the predictive benchmark are shown in Figure 3, Figure 4, Figure 5, and Figure 6, with the
corresponding metrics reported in Table 4 and Table 5. Because the same frozen external test cohort was restored before
each downstream canonical run, all post-baseline canonical comparisons are made against the same held-out reference. The
expanded results for the causal experiment are given separately in Figure 7 which also contain the performance metrics for
both tracks.

Baseline external generalisation

The baseline provides the clearest reference point. Four canonical trajectory families were generated using disjoint seeds:
two under a low-importation, low-turnover regime favouring endogenous amplification, and two under a high-importation,
higher-turnover regime favouring externally driven burden. After conversion and pooling, the model was trained on the
canonical training set and evaluated on the frozen external test set. The primary task was endogenous-versus-importation

8

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted May 22, 2026. ; https://doi.org/10.64898/2026.05.15.26353296doi: medRxiv preprint 

https://doi.org/10.64898/2026.05.15.26353296
http://creativecommons.org/licenses/by-nc-nd/4.0/


DTAMR Research Article

Table 3: Candidate intervention menu used for counterfactual policy evaluation. All candidate interventions are applied
globally at hospital level. The baseline action is included as the no-change comparator.
ID Action Screening schedule Admission screening Isolation response after pos-

itive test

A0 Baseline comparator Baseline simulator policy Baseline simulator policy Baseline simulator policy
A1 Screen every 2 days; resistant-only isolation trigger Every 2 days; same-day result Yes Resistant-positive tests only;

contact multiplier 0.75 for 3
days

A2 Screen every 7 days; resistant-only isolation trigger Every 7 days; 2-day reporting
delay

Yes Resistant-positive tests only;
contact multiplier 0.75 for 3
days

A3 Screen every 2 days; all-positive isolation trigger Every 2 days; same-day result Yes All positive tests; contact multi-
plier 0.75 for 3 days

A4 Screen every 7 days; all-positive isolation trigger Every 7 days; 2-day reporting
delay

Yes All positive tests; contact multi-
plier 0.75 for 3 days

majority over a seven-day horizon. Writing

Y endog
d,7 = Y trans

d,7 + Y sel
d,7 ,

and comparing it against Y imp
d,7 , the binary label indicates whether endogenous resistant emergence, defined as transmission

plus within-host selection, exceeds importation over days d+ 1, . . . , d+ 7. The strongest result was obtained under the
canonical ground-truth benchmark. In that setting, the model generalised almost perfectly to the frozen external test set,
with test AUROC = 0.997, accuracy = 0.989, F1 = 0.989, sensitivity = 1.000, and specificity = 0.978 (Table 4). In Figure 3,
this appears as both an almost ideal ROC curve and an almost error-free confusion matrix. The partial-observation baseline
was also strong: test AUROC reached 0.980, with accuracy = 0.907, F1 = 0.907, sensitivity = 0.850, and specificity
= 0.962 (Table 5). The main message is therefore not that observation limitation breaks the task, but that replacing the
latent-state channel with a surveillance-derived observed-positive proxy reduces recall and thresholded accuracy while
preserving a strong ranking signal.

Representation ablation

The ablation experiments examined how strongly performance depended on particular parts of the graph representation.
Both ablation datasets were derived from the canonical training cohort, while the frozen external test cohort was left
unchanged. The first ablation removed variation in edge weights while preserving graph connectivity and edge type. The
second reduced the node representation to a smaller informative subset by suppressing antibiotic class, isolation state, and
same-day event indicators while retaining the role indicator and the main state channel.

In the ground-truth track, both ablations retained substantial predictive utility on the external benchmark, but their effects
were not identical. The core-node-features-only ablation achieved test AUROC = 0.997, accuracy = 0.929, F1 = 0.928,
sensitivity = 0.866, and specificity = 0.989, while the no-edge-weights ablation achieved test AUROC = 0.996, accuracy
= 0.989, F1 = 0.989, sensitivity = 1.000, and specificity = 0.978. Relative to baseline, removing edge-weight variation
was nearly cost-free at the operating threshold, whereas the compressed node representation reduced sensitivity and
accuracy.

The partial-observation track showed a sharper separation between the two ablations. Core-node-features-only weakened
materially, with test AUROC = 0.624, accuracy = 0.523, F1 = 0.519, sensitivity = 0.443, and specificity = 0.600.
The no-edge-weights ablation remained strong, with test AUROC = 0.990, accuracy = 0.944, F1 = 0.944, sensitivity
= 1.000, and specificity = 0.891. Thus, in the current benchmark, the edge-weight channel is not indispensable, but the
partial-observation model is much more dependent on the richer node-feature set than the ground-truth model.

Observation and surveillance perturbations

The surveillance perturbation analyses were designed as transfer experiments under altered training-side screening
assumptions. New training cohorts were generated under modified screening conditions, but evaluation still took place on
the same frozen canonical benchmark. For each Step 6 delay or screening-frequency condition, paired endogenous-favouring
and importation-favouring regimes were generated before pooling, so that surveillance perturbations are not confounded
with a severe mechanism-label imbalance in the training data. Because the simulator allows positive surveillance signals to
trigger isolation and thereby alter subsequent transmission, these experiments should still be read as joint perturbations of
surveillance and the response pathways that depend on surveillance, not as pure observability ablations.

9
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The first set of experiments varied screening-result delay. In the ground-truth track, transfer back to the canonical
benchmark remained very strong. Test AUROC values were 0.995, 0.998, and 0.996 for delays of 0, 2, and 5 days,
respectively, with corresponding accuracies of 0.988, 0.987, and 0.989 (Table 4). Sensitivity remained close to one (0.998,
0.994, 1.000) and specificity remained high (0.978, 0.980, 0.978). Thus, under full simulator-state access, the delay
perturbations did not materially weaken either ranking or thresholded classification.

The partial-observation delay results were more heterogeneous. Test AUROC values were 0.769, 0.990, and 0.923 for
delays of 0, 2, and 5 days, with accuracies of 0.489, 0.795, and 0.862, respectively. Delay 0 collapsed to an all-positive
operating point, with sensitivity = 1.000 and specificity = 0.000. Delay 2 achieved excellent ranking and specificity
(AUROC = 0.990, specificity = 0.991) but lower sensitivity (0.591), whereas delay 5 gave a stronger thresholded balance
with sensitivity = 1.000 and specificity = 0.730.

The second set of experiments varied routine screening frequency. In the ground-truth track, all three frequency pertur-
bations remained near baseline: test AUROC values were 0.997, 0.996, and 0.997 for frequencies of 3, 7, and 14 days,
respectively, with accuracies of 0.989 in all three cases. Sensitivity was 1.000 throughout and specificity was 0.978 in all
three cases.

In the partial-observation track, the 3- and 7-day frequency conditions were also strong, with test AUROC/accuracy of
0.989/0.966 and 0.993/0.958, respectively. The 14-day condition retained high AUROC (0.949) but produced a poor
thresholded operating point, with accuracy = 0.580, F1 = 0.478, sensitivity = 0.142, and specificity = 0.998. Overall, the
Step 6 experiments indicate that surveillance-linked training changes are not inherently damaging in the ground-truth
track, but they can induce threshold instability under partial observation.

Regime robustness

The regime-sweep experiment broadened the training distribution beyond the two canonical extremes by adding simulations
across a wider range of importation and turnover settings. The aim was to test whether greater training diversity improves
transfer back to the canonical benchmark. The results showed a clear ranking-versus-threshold separation. In the ground-
truth track, the sweep model achieved test AUROC = 0.996, indicating that the score ordering transferred very well.
However, the fixed operating point was poor, with accuracy = 0.523, F1 = 0.365, sensitivity = 0.025, and specificity
= 1.000. In the partial-observation track, both ranking and thresholded classification were weaker: test AUROC = 0.775,
accuracy = 0.498, F1 = 0.334, sensitivity = 0.002, and specificity = 0.973. Thus, broader training diversity did not
stabilise the canonical decision threshold. In the ground-truth track it preserved excellent ranking information but yielded
a sub-optimal operating point, whereas under partial observation it was substantially weaker overall.

Complete distribution-shift benchmark

Step 8 moves both training and testing into a deliberately shifted generative regime. In contrast to the canonical benchmark,
where train and test follow the same core simulation logic and differ only through independent stochastic realisations, the
Step 8 benchmark introduces a broader temporal and mechanistic shift through longer trajectories, admission-importation
seasonality, and superspreader-driven contact amplification. The shifted benchmark is constructed from paired endogenous-
favouring and importation-favouring shifted trajectory families for both training and testing. Performance remained strong
in the ground-truth track when both learning and evaluation took place within the shifted world. Step 8 achieved test
AUROC = 0.937, accuracy = 0.876, F1 = 0.875, sensitivity = 0.807, and specificity = 0.982. In the partial-observation
track, performance was more modest, with test AUROC = 0.774, accuracy = 0.647, F1 = 0.646, sensitivity = 0.498, and
specificity = 0.874. These results show that the platform can still learn a useful endogenous-versus-importation decision
boundary inside a materially shifted regime, but that the shifted partial-observation setting is substantially harder than the
shifted ground-truth setting.

Baseline-to-shift transfer probe

Step 9 isolates a stricter transfer question. Instead of retraining on the shifted Step 8 training distribution, the model
learned from the canonical Step 4 baseline was evaluated directly on the shifted Step 8 external test cohort. This creates
a zero-shot transfer setting in which the model must operate under changed temporal structure, changed importation
dynamics, and additional mechanisms such as seasonality and superspreader effects without any exposure to those regimes
during training. Here the transfer pattern differed sharply by representation track. In the ground-truth track, zero-shot
transfer retained usable performance, with test AUROC = 0.825, accuracy = 0.817, F1 = 0.805, sensitivity = 0.885,
and specificity = 0.714. In the partial-observation track, test AUROC fell to 0.512, with accuracy = 0.472, F1 = 0.422,
sensitivity = 0.148, and specificity = 0.965. Compared with Step 8, these results indicate that the main difficulty is not
learning under the shifted world per se in the ground-truth setting, but transporting a partial-observation decision rule
learned under the canonical world into that shifted world without retraining.
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Experiment Confusion matrix Train ROC Test ROC

Step4 Baseline

Step5 Core Node
Features Only

Step5 No Edge
Weights

Step7 Sweep

Step8 Distribution Shift

Step9 Baseline→Shift
Test

Figure 3: Main comparison grid for ground truth track at T = 7 and H = 7. Step 6 delay/frequency ablations are shown
separately in Figures5, 6.
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Experiment Confusion matrix Train ROC Test ROC

Step4 Baseline

Step5 Core Node
Features Only

Step5 No Edge
Weights

Step7 Sweep

Step8 Distribution Shift

Step9 Baseline→Shift
Test

Figure 4: Main comparison grid for partial observation track at T = 7 and H = 7. Step 6 delay/frequency ablations are
shown separately in Figures5, 6.
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Experiment Confusion matrix Train ROC Test ROC

Step6 Delay 0
Ground truth

Step6 Delay 2
Ground truth

Step6 Delay 5
Ground truth

Step6 Delay 0
Partial observation

Step6 Delay 2
Partial observation

Step6 Delay 5
Partial observation

Figure 5: Cross-track comparison of Step 6 delay ablations at T = 7 and H = 7. Rows are grouped by intervention level
and state-observation regime.
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Experiment Confusion matrix Train ROC Test ROC

Step6 Freq 14
Ground truth

Step6 Freq 3
Ground truth

Step6 Freq 7
Ground truth

Step6 Freq 14
Partial observation

Step6 Freq 3
Partial observation

Step6 Freq 7
Partial observation

Figure 6: Cross-track comparison of Step 6 screening frequency ablations at T = 7 and H = 7. Rows are grouped by
intervention level and state-observation regime.
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Experiment Train Test n

AUROC Acc F1 Sens Spec AUROC Acc F1 Sens Spec

Step4 Baseline 0.999 0.991 0.991 1.000 0.982 0.997 0.989 0.989 1.000 0.978 1
Step5 Core Node
Features Only 0.998 0.991 0.991 1.000 0.982 0.997 0.929 0.928 0.866 0.989 1

Step5 No Edge
Weights 0.998 0.991 0.991 1.000 0.982 0.996 0.989 0.989 1.000 0.978 1

Step6.1 Delay 0 0.994 0.986 0.982 0.994 0.965 0.995 0.988 0.988 0.998 0.978 1
Step6.1 Delay 2 1.000 0.995 0.994 1.000 0.994 0.998 0.987 0.987 0.994 0.980 1
Step6.1 Delay 5 0.998 0.991 0.991 1.000 0.982 0.996 0.989 0.989 1.000 0.978 1
Step6.2 Freq 3 1.000 0.995 0.994 1.000 0.994 0.997 0.989 0.989 1.000 0.978 1
Step6.2 Freq 7 0.998 0.991 0.991 1.000 0.982 0.996 0.989 0.989 1.000 0.978 1
Step6.2 Freq 14 1.000 0.995 0.994 1.000 0.994 0.997 0.989 0.989 1.000 0.978 1
Step7 Sweep 0.970 0.894 0.867 0.696 0.986 0.996 0.523 0.365 0.025 1.000 1
Step8 Distribution Shift 0.999 0.979 0.978 0.950 0.998 0.937 0.876 0.875 0.807 0.982 1
Step9 Baseline→Shift Test 0.998 0.991 0.991 1.000 0.982 0.825 0.817 0.805 0.885 0.714 1

Table 4: Compact quantitative summary for ground truth track at T = 7 and H = 7.

Experiment Train Test n

AUROC Acc F1 Sens Spec AUROC Acc F1 Sens Spec

Step4 Baseline 0.993 0.991 0.991 1.000 0.982 0.980 0.907 0.907 0.850 0.962 1
Step5 Core Node
Features Only 0.751 0.588 0.571 0.396 0.773 0.624 0.523 0.519 0.443 0.600 1

Step5 No Edge
Weights 0.991 0.986 0.986 1.000 0.973 0.990 0.944 0.944 1.000 0.891 1

Step6.1 Delay 0 1.000 0.995 0.994 1.000 0.994 0.769 0.489 0.328 1.000 0.000 1
Step6.1 Delay 2 0.986 0.792 0.782 0.594 0.982 0.990 0.795 0.785 0.591 0.991 1
Step6.1 Delay 5 1.000 0.995 0.994 1.000 0.994 0.923 0.862 0.860 1.000 0.730 1
Step6.2 Freq 3 0.988 0.972 0.963 0.981 0.969 0.989 0.966 0.966 0.973 0.958 1
Step6.2 Freq 7 0.995 0.981 0.976 0.987 0.965 0.993 0.958 0.958 0.973 0.944 1
Step6.2 Freq 14 0.943 0.833 0.828 0.670 0.991 0.949 0.580 0.478 0.142 0.998 1
Step7 Sweep 0.927 0.833 0.792 0.609 0.939 0.775 0.498 0.334 0.002 0.973 1
Step8 Distribution Shift 0.878 0.692 0.588 0.238 0.994 0.774 0.647 0.646 0.498 0.874 1
Step9 Baseline→Shift Test 0.994 0.991 0.991 1.000 0.982 0.512 0.472 0.422 0.148 0.965 1

Table 5: Compact quantitative summary for partial observation track at T = 7 and H = 7.

Causal experiment

The causal branch now evaluates a 7-day intervention-selection task. In each track, policy evaluation retained 70 held-out
decision states with a complete five-action set consisting of the baseline comparator and four hospital-wide screening-
response interventions. Because the simulator can assign the same best gain to more than one action, we report both
tie-aware metrics, which count any oracle-best action as correct, and strict metrics, which compare against the fixed
tie-broken oracle label stored in the manifest. Table 6 contains the detailed summary metrics per track that are also given
in panels F of the respective dashboards Figure 7.

In the ground-truth track, tie-aware policy accuracy was 0.871 and strict policy accuracy was 0.571; both tie-aware and
strict top-2 accuracies were 0.943. The tie-aware mean regret was 0.1429 and the median regret was 0, indicating that most
held-out states incurred no loss relative to an oracle-best action but that a small positive regret tail remained. The chosen
action strictly improved on baseline in 64.3% of held-out states, and the tie-aware non-worse rate relative to baseline was
1.000. The oracle-best-row AUROC was 0.676. The partial-observation track was weaker at the same operating point:
tie-aware policy accuracy 0.800, strict policy accuracy 0.514, tie-aware and strict top-2 accuracies 0.871, mean regret
0.2286, strict baseline-improvement rate 0.571, and tie-aware non-worse rate 1.000. Its oracle-best-row AUROC was also
0.676, indicating modest score-level discrimination in both tracks rather than a ground-truth-specific separation advantage.

The dashboards also clarify where the remaining policy errors occur. In the ground-truth track, the baseline comparator
was oracle-best in 21 held-out states and all 21 were recovered under tie-aware accounting. The 2-day same-day screening
policy with resistant-only isolation was oracle-best in 43 states, of which 40 were recovered exactly and 3 were assigned to
baseline. The 2-day same-day screening policy with all-positive isolation was oracle-best in 6 states, and all 6 were assigned
to the 2-day resistant-only screening action. In the partial-observation track, the same oracle-state distribution appeared,
but the 2-day resistant-only action was recovered in 35/43 states and 8 were assigned to baseline; the 6 all-positive
oracle-best states were again assigned to the 2-day resistant-only action. The 7-day delayed screening variants were not
oracle-best in the retained test states. Consistent with this pattern, the regret histograms are concentrated at zero but
include short positive tails, and the improvement violin/box plots show that selected actions were non-worse than baseline
under tie-aware accounting while strict positive baseline-relative gains were achieved in a smaller fraction of states.
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Figure 7: Policy-selection performance under ground-truth and partial-observation state representations. The top dashboard
summarises the ground-truth track and the lower the partial-observation track. Panel A compares the oracle-best action
distribution across training and test states, separating correctly selected and missed actions. Panel B shows the test-set
regret distribution, quantifying the loss incurred when the selected intervention differs from an oracle-optimal action.
Panel C summarises the predicted improvement relative to the baseline comparator across decision states. Panel D presents
the tie-aware confusion matrix, where predictions matching any oracle-tied optimal action are credited as correct. Panel
E shows the one-vs-rest receiver operating characteristic curve for oracle-best action discrimination. Panel F reports
the corresponding policy-evaluation summary metrics. Together, the panels show that the policy layer retains broadly
consistent intervention-selection behaviour across fully observed and partially observed hospital states, while exposing the
expected degradation under incomplete surveillance. 16
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Table 6: Policy selector evaluation metrics for the causal experiment. Metrics are reported separately for the ground-truth
and partial-observation tracks.

Metric Ground truth Partial observation

Policy-selection performance
Tie-aware policy accuracy 0.871 0.800
Strict policy accuracy 0.571 0.514
Tie-aware top-2 accuracy 0.943 0.871
Strict top-2 accuracy 0.943 0.871
AUROC 0.676 0.676

Regret and baseline improvement
Tie-aware mean regret 0.1429 0.2286
Tie-aware median regret 0.0000 0.0000
Strict baseline improvement, > 0 0.643 0.571
Tie-aware baseline non-worse, ≥ 0 1.000 1.000
Baseline tie rate, = 0 0.357 0.429
Tie-state rate 0.857 0.857

Class-wise strict metrics, with tie-aware values in parentheses
Macro precision 0.299 (0.872) 0.342 (0.789)
Macro recall 0.310 (0.643) 0.287 (0.605)
Macro F1 0.727 (0.916) 0.370 (0.837)
Sensitivity 0.310 (0.643) 0.287 (0.605)
Specificity 0.646 (0.906) 0.625 (0.872)
Balanced accuracy 0.478 (0.774) 0.456 (0.738)

Evaluation set
States 70 70
Candidate actions 5 5

The current causal results therefore support a bounded but meaningful claim. The intervention-conditioned temporal graph
model is not merely distinguishing baseline from non-baseline actions; it is ranking a five-action menu with moderate-to-
high tie-aware held-out accuracy, high top-2 recovery, and universal tie-aware non-worsening relative to baseline. At
the same time, score-level separation is modest, strict accuracy is lower than tie-aware accuracy, the retained test set is
dominated by the baseline comparator and the 2-day resistant-only screening action, and the 7-day delayed screening
variants are never oracle-best. The present branch should therefore be read as promising within-regime policy ranking
over the sampled decision states rather than as a fully calibrated intervention engine across a balanced policy space.

Summary of results and limitations

First, the canonical ground-truth baseline is genuinely excellent and shows that the temporal graph model can recover
a clinically meaningful mechanism-aware endpoint under a clean external benchmark. Second, the partial-observation
baseline remains strong, but it is not near-ceiling: ranking is high, while thresholded classification loses sensitivity and
overall accuracy relative to the ground-truth track. Third, among the ablations, removing edge weights is far less harmful
than compressing node information, and under partial observation the compressed core-node-feature representation is the
clearest representation-level failure mode.

Beyond these settings, the picture depends strongly on whether ranking or fixed-threshold performance is being assessed.
Step 6 perturbations are highly robust in the ground-truth track, and several partial-observation settings also remain strong.
However, partial-observation delay 0 and frequency 14 demonstrate that altered surveillance-linked training dynamics can
destabilise the operating threshold even when AUROC remains informative. Step 7 makes this distinction sharper: the
ground-truth sweep preserves excellent AUROC but collapses at the threshold, whereas the partial-observation sweep is
weak on both ranking and thresholded classification. The combination of Table 4, Table 5, Figure 3, Figure 4, Figure 5, and
Figure 6 is therefore essential for interpretation, because the tables quantify the operating-point failures while the figure
panels show whether any broader score ordering has survived.

The broader shift results require a specific interpretation. Step 8 does not indicate general failure under harder epidemi-
ological conditions in the ground-truth track; when training and testing are matched within the deliberately shifted
regime, the model still learns a strong endogenous-versus-importation boundary. Under partial observation, however, the
shifted benchmark is only moderate. The sharper weakness is Step 9 in the partial-observation track, where the canonical
baseline model is transported directly to the shifted test set without retraining and AUROC falls close to random, but the
interpretation should be cautious as the broader regime shift test set from Step 8 contains previously unseen strongly
affecting mechanisms such as seasonality and superspreading. The main robustness limitation is therefore threshold
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calibration and zero-shot portability across regimes, especially when the representation is surveillance-mediated. The
Step 6 experiments should moreover be interpreted carefully: because changing surveillance can also alter isolation and
hence downstream spread in the simulator, they probe transfer under joint surveillance-and-response perturbations rather
than under pure missingness. The natural follow-up questions are therefore calibration, threshold selection, repeated-seed
robustness assessment, and cleaner decoupling of observation from intervention in future sensitivity analyses, rather than
simply larger model capacity. Step 6 cohorts are constructed by paired endogenous-favouring and importation-favouring
training regimes, and Step 8 additionally applies an explicit mechanism-label balance gate before shifted training. Threshold
calibration remains a separate issue because a paired or gated training cohort does not guarantee transportability of a fixed
decision threshold.

The causal branch adds a distinct but bounded result. Under the current 7-day intervention-ranking task, the ground-truth
track achieved tie-aware policy accuracy 0.871 and tie-aware top-2 accuracy 0.943 on 70 evaluable held-out states, with
strict baseline improvement in 64.3% of states and tie-aware non-worsening in 100.0%. The partial-observation track
achieved tie-aware policy accuracy 0.800, tie-aware top-2 accuracy 0.871, strict baseline improvement in 57.1% of states,
and the same tie-aware non-worsening rate of 100.0%. Oracle-best-row AUROC was equal in both tracks. Most residual
error was concentrated around the baseline and closely related 2-day screening-response variants, while the 7-day delayed
screening variants were not oracle-best in the retained test states. This suggests that the learned representation supports
useful within-state action ranking under the sampled intervention menu, but also that score calibration and policy-space
balance remain important challenges.

Methods

This section describes the methodological components of the digital twin in the order in which they operate. We begin
with the mechanistic simulator that generates daily hospital contact graphs and associated epidemiological event streams.
We then describe graph tensorisation and the construction of mechanism-aware forecasting labels from future simulator
outcomes. Finally, we present the temporal graph-learning model and the intervention-conditioned policy layer used for
causal decision support. Full implementation-level parameter definitions, feature encodings, and extended mathematical
details are provided in the Supplementary Information.

Daily hospital graph simulator

The simulator generates a sequence of daily directed weighted graphs

Gd = (Vd, Ed), d = 1, . . . , D,

where Vd = Pd ∪ S consists of patients present on day d and staff. Each patient is assigned to one ward, while each staff
member has a home ward and a multi-ward coverage set. This produces a role-aware and ward-aware graph in which
within-ward patient interactions, staff–patient contacts, and staff–staff contacts are all represented. Each directed edge
(u, v) ∈ Ed carries a relation type

ruv(d) ∈ {0, 1, 2},
corresponding to patient–patient, staff–patient, or staff–staff contact, and a continuous contact weight ωuv(d). Thus, the
daily graph is a marked directed graph

Gd =
(
Vd, Ed, {ruv(d)}(u,v)∈Ed

, {ωuv(d)}(u,v)∈Ed

)
.

The patient census evolves through ward-specific admissions and discharges. Patients who remain in hospital retain
stable identifiers over time, while newly admitted patients receive fresh identifiers and are initialised with latent AMR
state, antibiotic status, isolation status, observation status, and event indicators. Admission can introduce uncolonised
patients, patients colonised with sensitive or resistant strains, or patients infected with sensitive or resistant strains. The
admission importation parameters are interpreted as CS/CR/IS/IR state weights and are sampled jointly; when their total
exceeds one, they are normalised to preserve the relative composition, and otherwise the remaining mass corresponds
to uncolonised admissions. These weights may be constant, seasonally modulated, or shock-modulated, allowing the
simulator to represent both stable endemic pressure and transient importation surges. Each individual occupies a latent
AMR state

Xi(d) ∈ X = {U,CS,CR, IS, IR},
where U denotes uncolonised, CS and CR denote sensitive and resistant colonisation, and IS and IR denote sensitive
and resistant infection. Individuals also carry an antibiotic exposure state

Ai(d) ∈ {0, 1, . . . , C},
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where Ai(d) = 0 denotes no current antibiotic exposure and Ai(d) > 0 denotes treatment under one of C antibiotic classes.
Antibiotic initiation is more likely among infected individuals than among non-infected individuals, while discontinuation
is stochastic. Latent-state transitions include antibiotic-associated selection from sensitive to resistant states, progression
from colonisation to infection, and stochastic clearance. Consequently, resistant emergence can arise through direct
resistant importation, contact-mediated resistant transmission, or within-host treatment-associated selection. Transmission
is evaluated over directed incoming contacts. For an uncolonised target i, let

I−
i (d) = {j : (j, i) ∈ Ed, Xj(d) ∈ {CS,CR, IS, IR}}

be its infectious incoming source set. For source j, the state-specific infectivity multiplier (γ) of the source individual
depends on clinical state rather than resistance phenotype alone (γcolonized = 0.5, γinfected = 1.0). Thus colonised carriers
are less infectious than infected carriers within both sensitive and resistant phenotypes. The resistant-type multiplier
is retained as a separate term, but in the present experiments it is neutral, so resistant carriage or infection is not made
globally more transmissible than sensitive carriage or infection. In the implementation, isolation and cross-ward hand
hygiene attenuate the realised edge-level exposure probability after the baseline exponential dose-response calculation. If
qj(d), qi(d) ∈ {0, 1} indicate whether source and target are isolated, respectively, then the isolation attenuation factor is

ζji(d) = λqj(d)+qi(d), 0 < λ ≤ 1.

so that each isolated endpoint independently reduces the realised exposure probability by a multiplicative factor λ. Cross-
ward staff–patient contacts can also be attenuated by a leaky hand-hygiene multiplier when enabled in the present
experiments. Let

β̃ji(d) = βji γ(Xj(d)),

where βji depends on contact type. The unattenuated edge-level exposure probability is

p0ji(d) = 1− exp{−β̃ji(d)ωji(d)}.

The probability used for the Bernoulli transmission draw on that directed edge is then

pji(d) = clip[0,1]
(
p0ji(d) ζji(d) ηH(j, i, d)

)
,

where ηH(j, i, d) is the cross-ward hand-hygiene factor and clip[0,1] truncates probabilities to the unit interval. Assuming
conditional independence of edge-level exposure events given the daily graph and agent states, the probability of at least
one contact-mediated acquisition opportunity is

P acq
i (d) = 1−

∏
j∈I−

i (d)

(1− pji(d)) .

The simulator records successful transmission events explicitly. Each successful infectious contact stores the source, target,
source state, transmitted bacterial phenotype, target context, contact type, edge weight, isolation status, and antibiotic
context. Newly colonised agents inherit the bacterial phenotype from the selected successful transmitting source. If more
than one successful exposure occurs on the same day, the final infecting event is chosen stochastically from the successful
events with antibiotic-context-dependent weights. Under antibiotic exposure, resistant events receive an increased selector
weight controlled by a parameter weight; without antibiotic exposure, sensitive events receive an increased selector weight
controlled by parameters again. Thus, antibiotic exposure favours resistant acquisition and absence of antibiotic exposure
favours sensitive acquisition, but neither phenotype is made deterministic unless the configured selector weights make
the competing event probability zero. This makes the transmission process graph-based, weight-aware, relation-specific,
state-dependent, phenotype-traceable, and stochastic under mixed same-day exposure.

The simulator also supports a superspreader mechanism used in shifted benchmark scenarios. A designated staff member
can receive elevated patient-contact intensity over a specified interval, with optional amplification of the associated
edge weights. This introduces a temporally localised staff-centred amplification of exposure pressure without changing
the underlying graph formalism. The simulator distinguishes latent AMR state Xi(d) from observed surveillance state
Oi(d) ∈ {0, 1, 2}, denoting unknown, observed negative, and observed positive respectively. Screening can occur through
admission testing, passive routine testing, and active symptom-triggered testing. When universal admission screening is
enabled, all newly admitted patients are tested regardless of latent state; when universal admission screening is disabled but
symptomatic admission screening is enabled, only newly admitted IS/IR patients are tested. Passive screening is scheduled
and can either screen all eligible individuals or a capacity-limited convenience sample of eligible individuals. Eligible
individuals include patients and staff, with staff excluded when they are not present on that day; individuals already
screened that day or carrying a pending test are not resampled. Active screening is triggered when a patient progresses
from colonisation to infection. Test results may be immediate or delayed. If a positive result is delayed, the observation
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state and any resulting temporary isolation are applied when the pending-result countdown reaches zero, not on the
original sampling day. The isolation trigger is configurable: in the baseline it is resistant-only, whereas causal interventions
can use an all-positives trigger.

At the end of each day, the graph stores event totals used to define forecasting targets, including resistant acquisition,
resistant infection, resistant importation, contact-mediated resistant transmission, and within-host resistant selection.
Resistant importation is stored separately for CR and IR admissions and is combined downstream when resistant importation
is used as a label component. The exported within-host selection component used for the predictive endpoint is the CR
selection total, corresponding to CS→CR events; IS→IR events contribute to the resistant-infection total rather than to
a separate exported IR-selection target. The simulator also stores daily resistant burden fractions. These graph-level
summaries preserve the mechanism of emergence and allow downstream learning tasks to distinguish importation-driven
from endogenously generated resistant burden.

Graph tensorisation and temporal windows

Each daily GraphML snapshot is converted into a graph-learning object:

Gd = (Xd, Ed, Ad, Yd, Md),

where Xd is the node-feature matrix, Ed is the directed edge-index tensor, Ad is the edge-feature matrix, Yd contains
graph-level horizon labels, and Md stores metadata such as trajectory identifier, day index, stable node names, roles, and
ward-linked information. In the predictive conversion, each fully observed node is encoded by role, latent AMR state,
antibiotic exposure, isolation status, same-day new resistant acquisition, and same-day new resistant infection. In the
observation-limited predictive representation, the feature dimensionality is retained, but the latent AMR-state channel is
replaced by observed positivity and the two latent same-day incident-event channels are set to zero. Thus, unknown and
observed-negative individuals are collapsed in the observed-state channel, and the partial-observation model is not given
ground-truth same-day acquisition or infection flags. Each edge is represented by contact weight and contact type:

auv(d) =
[
ωuv(d), ruv(d)

]
∈ R2.

Ward metadata, including home ward and staff multi-ward coverage, is preserved for post hoc translational visualisation
but is not injected into the default predictive node-feature vector. Temporal windows are formed from strictly contiguous
graphs within the same simulated trajectory:

Ws,d =
(
Gs,d−T+1, . . . ,Gs,d

)
.

A window is included only when all graphs belong to the same simulation and the day indices are consecutive. Prediction
targets are constructed from future graph totals over a horizon H , for example

Y imp
s,d;H =

H∑
h=1

(
NCR

imp(s, d+ h) +N IR
imp(s, d+ h)

)
, Y trans

s,d;H =
H∑

h=1

NCR
trans(s, d+h), Y sel

s,d;H =
H∑

h=1

NCR
sel (s, d+h).

Endogenous resistant burden is defined as

Y endog
s,d;H = Y trans

s,d;H + Y sel
s,d;H .

Forecast labels and mechanism-aware tasks

The primary predictive endpoint is endogenous-versus-importation majority at horizon H = 7. It is based on the
endogenous share

πendog
d,H =


Y endog
d,H

Y endog
d,H + Y imp

d,H

, Y endog
d,H + Y imp

d,H > 0,

0, otherwise,
and the corresponding binary label

yendog maj
d,H = ⊮

{
πendog
d,H ≥ 0.5

}
.

This endpoint asks whether contact-mediated resistant transmission plus within-host resistant selection dominates
importation-driven resistant emergence over the future horizon. The converter also stores mechanism-specific future
totals, three-way importation/transmission/selection shares, resistant acquisitions, resistant infections, maximum future
resistant fraction, and auxiliary labels used for stable pipeline compatibility.
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Temporal graph model

A temporal sample is an ordered sequence of daily directed graphs:
G1:T = (G1, . . . ,GT ) .

The model combines a daily graph encoder with a temporal Transformer. Each daily graph is encoded by an edge-aware
GraphSAGE-style message-passing stack. For node i on day t, incoming neighbour messages concatenate the neighbour
embedding with edge attributes before projection:

m
(ℓ)
j→i,t = W

(ℓ)
neigh

[
h
(ℓ)
j,t ∥ eji,t

]
+ b

(ℓ)
neigh.

Incoming messages are averaged and combined with a transformed root representation. In the predictive benchmark,
GraphSAGE-style neighbour sampling is used during training, with sampled fanouts of up to 15 neighbours at the first
sampled layer and 10 at the second sampled layer. In the current causal-policy configuration, true neighbour sampling is
disabled and the model is trained on the converted graph windows directly.

Daily node embeddings are pooled into graph-level embeddings using learned attention. The sequence of daily graph
embeddings is then passed to a Transformer encoder with learned positional embeddings. The final temporal representation
is obtained either by mean pooling across transformed daily tokens or by using a learned classification token. A linear
prediction head maps the resulting sequence representation to task-specific outputs.

Intervention-conditioned causal policy model

For causal policy-response experiments, supervision is aligned to baseline-relative improvement in future transmission-
plus-importation resistant burden over horizon H = 7. For decision state d and action a,

Y burden
d,7 (a) = Y trans

d,7 (a) + Y imp
d,7 (a), yd(a) = Y burden

d,7 (a0)− Y burden
d,7 (a),

where a0 denotes the baseline action, Y trans
d,7 is the horizon sum of new CR transmitted events and Y imp

d,7 is the horizon
sum of new imported CR and IR cases. Larger values therefore correspond to greater predicted improvement. The primary
supervised task is grouped oracle-action classification; the continuous gain target is retained for within-state ranking
regularisation and downstream evaluation.

The causal policy model extends the temporal graph backbone with two additional inputs: an explicit state-summary vector
and an action descriptor. The causal graph conversion uses an enriched node representation relative to the predictive
converter. In the ground-truth causal track, nodes carry a 22-dimensional feature vector containing role, one-hot latent AMR
state, antibiotic exposure, isolation status, same-day resistant acquisition and infection indicators, ward and ward-coverage
features, observation and testing information, pending-test information, admission-screening need, presence status,
remaining isolation duration, and admission age. In the partial-observation causal track, nodes carry a 16-dimensional
feature vector in which latent state is replaced by observed positivity and observation-knownness, and same-day resistant
acquisition and resistant infection channels are set to zero. Edge channels remain the same as in the predictive branch:
contact weight and contact type.

The state-summary vector is computed from the terminal graph of the decision window and contains 49 features: node-
feature means and standard deviations, staff–patient composition, graph size and edge structure, testing and isolation burden,
pending test information, admission-screening need, presence status, admission age, and a nine-feature operational testing-
and-isolation context. The manifest-based action descriptor is a fixed 33-dimensional vector containing intervention-family
indicators, target-scope indicators, baseline and policy-valid flags, screening cadence, result delay, admission-screening
flag, isolation-strength parameters, temporal-bound fields, and hashed action and target identifiers. It does not contain
a separate categorical channel for isolation trigger policies parametrization; in the current action menu, actions that
differ by resistant-only versus all-positive isolation trigger are separated through their manifest action identifiers and
simulator-generated counterfactual outcomes rather than through an explicit trigger-policy feature.

The graph, summary, and action pathways are projected separately and combined through concatenation, element-wise
interactions, and absolute differences. A multilayer perceptron produces the intervention-conditioned score ûd,a. The
primary causal loss is state-wise softmax cross-entropy over the available action set:

Loracle = − 1

|D|
∑
d∈D

log
exp(ûd,a⋆

d
)∑

a∈A(d) exp(ûd,a)
.

In the current configuration, the auxiliary continuous gain-matching loss is disabled, while a within-state ranking regulariser
on the current task remains active. Train, validation, and test partitions are defined by manifest seed ranges, ensuring that
all action-conditioned branches from the same simulator trajectory remain in the same partition.
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Policy evaluation is performed on held-out decision states with complete action sets and finite oracle quantities. The trained
model scores every candidate action, the predicted action is selected by maximal predicted utility, and the oracle-best
action is defined by maximal simulator-derived gain. Because multiple actions can share the same oracle gain, evaluation
reports both strict tie-broken metrics and tie-aware metrics that count any oracle-best action as correct.

MILP proof-of-concept decision layer for constrained policy selection

To convert intervention-conditioned predictions into explicit operational decisions, we introduce a mixed-integer linear
programming [42, 43, 44] layer on top of the held-out action scores. Let Ddec denote the set of retained decision states
and let A denote the finite intervention library. For each state–action pair (d, a) ∈ Ddec ×A, the policy-evaluation stage
exports a predicted score ûraw

d,a . In the present implementation, the optimizer uses a baseline-delta transformation, so the
MILP utility is:

ûd,a = ûraw
d,a − ûraw

d,a0
,

where a0 is the baseline action for the same decision state. Because the oracle metric is improvement-oriented, larger
values are better. We define binary decision variables

xd,a =

{
1, if action a is selected at decision state d,

0, otherwise,
∀(d, a) ∈ Ddec ×A. (1)

Each action also carries a feasibility-group label used for cooldown and max-use constraints. In the present implementation,
identifier-specific rules take precedence when available; otherwise actions inherit group membership from their intervention
family. Consequently, all current screening-response variants belong to the same constrained screening family even when
they correspond to different screening-frequency templates.

For notational clarity, ûraw
d,a denotes the model-predicted intervention score exported by the policy-evaluation stage for

applying action a at retained decision state d. In the current grouped oracle-action configuration, this score is a task-aware
utility used for action ranking rather than a calibrated estimate on the numerical scale of the simulator-derived gain. Larger
values nevertheless correspond to actions ranked as more favourable by the trained policy model. The baseline action is
denoted by a0 ∈ A. Each action has an associated cost cd,a ≥ 0, which may be constant across decision states or vary with
the state if state-dependent resource costs are specified. We write

gM : A → GM , gC : A → GC

for the action-to-family maps used by the maximum-use and cooldown constraints, respectively. These maps may coincide,
but are kept distinct to allow different operational groupings for different constraint types. For a cooldown family g, let ∆g

denote its cooldown length, and let t(d) denote the calendar day associated with decision state d. We define

Ng = {(d, d′) : d, d′ ∈ Ddec, d < d′, 0 < t(d′)− t(d) ≤ ∆g},

so that Ng contains pairs of decision states that cannot both select actions from cooldown family g. The optimisation
problem then becomes:

max
x

∑
d∈Ddec

∑
a∈A

ûd,axd,a (2)

s.t.
∑
a∈A

xd,a = 1, ∀d ∈ Ddec, (3)∑
d∈Ddec

∑
a∈A

cd,axd,a ≤ B, if a finite budget is provided, (4)

∑
d∈Ddec

∑
a : gM (a)=g

xd,a ≤ Mg, ∀g with an explicit max-use rule, (5)

∑
a : gC(a)=g

xd,a +
∑

a : gC(a)=g

xd′,a ≤ 1, ∀(d, d′) ∈ Ng, (6)

xd,a ∈ {0, 1}, ∀(d, a) ∈ Ddec ×A. (7)

Here cd,a is the action cost inherited from the rule specification, B is an optional global budget, Mg is an optional global
maximum number of uses for intervention family g, and Ng is the set of within-trajectory state pairs whose decision days
are separated by no more than the cooldown of family g. Costs do not appear as an explicit penalty in the objective; they
enter only through optional feasibility constraints.
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In the present configuration, the total budget is unconstrained, so the budget constraint is inactive, and all max-use
constraints are also inactive. The active feasibility restrictions therefore come from exact-one-action selection and the
cooldown rule for the action family represented in the current non-baseline menu. This optimisation layer is intended as
a proof-of-concept decision module. It does not embed the epidemic dynamics directly within the optimisation problem,
nor does it optimise ward-level resource allocation or latent transmission states. Instead, it translates model-predicted
intervention gains into feasible selections under explicit operational constraints, yielding a transparent bridge between
intervention-conditioned forecasting and constrained decision support. Therefore, the optimization model here connects
with the pipeline to provide the end-point of decision making complementing predictions, and its power lies in the ability
to encode easily new constraints and scale computationally very efficiently by solving optimization problems that map
realistically to equivalent real world settings.

Discussion

The present platform advances hospital AMR modelling in three aligned ways. First, it preserves mechanistic semantics at
the graph level: admissions, discharges, screening delays, observation persistence, isolation, and antibiotic-driven selection
are not post hoc annotations, but explicit generative mechanisms. Second, it constructs forecasting tasks directly from
those mechanisms, enabling prediction targets that remain clinically interpretable rather than reducing everything to
generic incidence proxies. Third, it uses a stable external benchmark that anchors cross-step comparison, making it possible
to interpret ablations and train-side perturbation experiments against a common reference.

The strongest conclusion from the study is that the predictive endpoint is highly learnable under matched train-test
conditions. In the canonical benchmark, external performance was near-ceiling in both tracks, but it showed a clearer
sensitivity and accuracy cost at the fixed operating threshold when data availability was limited. This indicates that the
relevant structural and temporal information is present in the evolving hospital graphs and can be learned robustly with
latent-state access and, to a lesser degree, under a surveillance-derived observed-positive proxy.

In the present results, removing edge weights did not destroy predictive utility in either track. By contrast, compressing
node features was costly in the ground-truth track and much more damaging under partial observation. This suggests that
the benchmark is not dependent on edge-weight variation alone, but it does depend on sufficient node-level epidemiological
and surveillance context, especially when latent state is unavailable.

The main weakness emerges under calibration and transfer. Step 6 showed that altered surveillance-linked training
dynamics can still transfer well, particularly in the ground-truth track, but some partial-observation settings retain AUROC
while operating at an unstable threshold. Step 7 further showed that broader regime diversity in training does not
automatically stabilise the canonical operating point: the ground-truth sweep preserved excellent AUROC but failed at the
threshold, and the partial-observation sweep was weak overall. Step 8 provides an important counterpoint for ground
truth, where matched shifted training and testing remained strong, but partial-observation shifted performance was only
moderate. The sharper failure is Step 9 under partial observation, where zero-shot transfer from the canonical model to the
shifted test set approached random ranking. The implication is that the principal challenge is not only learning within
a harder regime, but portability and calibration of a learned decision rule across regimes. That distinction matters in a
methodological manner. Several perturbation settings preserved ranking ability while degrading the binary operating
point. From a practical perspective, this points toward calibration, threshold retuning, repeated-seed evaluation, and
class-balance diagnostics as immediate priorities. It also cautions against reading every performance drop as total loss of
predictive structure. In some cases the model still orders risk reasonably well, but the chosen threshold no longer transfers.
A further interpretive point concerns the semantics of the partial-observation track and the Step 6 perturbations. In the
observation-limited track, the model does not receive a noisy copy of latent AMR state or latent same-day incident-event
flags; it receives a surveillance-mediated proxy whose value depends on who is screened, when results become available,
and whether positive findings persist in the recorded state. Likewise, the Step 6 experiments are not pure observability
stress tests, because altered screening can also change isolation and therefore the epidemic trajectories seen during training.
They should therefore be read as joint surveillance-and-response perturbation experiments. That interpretation is more
accurate and more useful, because it clarifies that some of the transfer difficulty may arise from changed policy-sensitive
dynamics rather than from missingness alone. More broadly, the work supports a view of AMR digital twins as mechanistic
decision-support environments rather than black-box prediction tools. Their value lies not only in producing forecasts, but
in linking those forecasts to explicit assumptions about admission pressure, patient turnover, contact structure, antibiotic
exposure, screening, delayed reporting, and isolation. That makes it possible to ask why a prediction changes, what
information it depends on, and how much of it survives under altered observational conditions.

Beyond forecasting future AMR dynamics, the causal policy experiment shows that the framework can be extended to
support intervention choice at the level of a decision state. Across both ground-truth and partial-observation tracks, the
policy selector achieved useful tie-aware accuracy, high top-2 recovery, and universal tie-aware non-worsening relative to
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baseline, but strict accuracy and oracle-best-row AUROC were more modest. Partial observation reduced policy-selection
accuracy and top-2 recovery, while score-level AUROC remained 0.676 in both tracks. These results suggest that the
learned state representation captures decision-relevant structure rather than only predictive signal, but that ranking margin
and calibration remain limited under the current policy library. In practical terms, the causal layer indicates that the digital
twin can be used not only to anticipate deterioration but also to rank feasible operational responses conditional on the
current hospital state.

A second important observation is that the retained test set does not exercise all candidate actions equally. The 2-day
same-day screening policy with resistant-only isolation dominates the oracle-best distribution, the baseline comparator
accounts for most remaining states, the 2-day all-positive isolation variant appears as a smaller oracle-best group, and
the 7-day delayed screening variants are never oracle-best in the retained test states. This pattern supports the model’s
ability to recover the dominant decision boundary in the sampled regime, but it weakens any claim that all neighbouring
policies have been equally stress-tested. At the same time, these results should be interpreted within the boundaries of the
simulated environment. The oracle action is defined with respect to simulator-generated counterfactual outcomes and a
restricted intervention library, so further work is needed to assess robustness to alternative reward definitions, broader and
more balanced policy spaces, and calibration against real hospital operational data.

There are however also other important limitations. The study is synthetic and, although mechanistically structured, does
not yet establish clinical validity in a real hospital environment. The benchmark is intentionally controlled, which improves
interpretability but cannot capture the full complexity of routine practice. Several post-baseline analyses suggest problems
of threshold transfer under distribution shift, indicating that calibration and validation strategy require more careful study,
or training in a wider mixture of mechanistic drivers. Future work should examine repeated-seed robustness, formal
calibration, threshold tuning, sensitivity analysis around surveillance assumptions, cleaner decoupling of observation
from intervention when the scientific question is specifically about observability, and richer action spaces that couple
constrained optimisation more directly to ward and staff level operational levers. A real-world extension would require
mapping hospital information systems onto the graph representation, addressing missingness explicitly, and deciding
which mechanism-aware endpoints are most useful to IPC teams in practice.

Even with those caveats, the main message is clear. Hospital AMR is a relational and time-dependent problem, and methods
that preserve that structure can recover clinically meaningful signals that are difficult to express in static or aggregated
form. A digital twin will not eliminate uncertainty from hospital AMR policy decision-making, but it can make the sources
of uncertainty more explicit, scenario comparison more robust, and enhanced surveillance imminently actionable. In
that sense, this work is best seen as a step toward digital twins that are both mechanistically transparent and clinically
interpretable.
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