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Abstract. Medical world models should move beyond static risk scores
by representing a patient’s evolving state, modeling how that state changes,
and exposing uncertainty when observations are incomplete. We present
MedWorld-Lite, a compact framework for medical world modeling from
irregular intensive-care data. It combines eight physiological variables
with observation masks and time-since-last-measurement channels, per-
sonalizes the latent patient state using admission context, and speci-
fies a recurrent transition with probabilistic future-state decoding. The
temporal benchmark uses 24 h of history and targets 6/12/24 h future
rollouts, but the recurrent transition and decoder are not empirically val-
idated in this submission because raw sequence bytes were unavailable in
the execution environment. We therefore report only an executed 4,000-
patient processed Set-A state-representation probe. Across five stratified
splits, adding personalization increased AUROC from 0.753 ± 0.022 to
0.794 ± 0.016; the complete representation reached 0.795 ± 0.018. On a
held-out split, a random forest achieved 0.857 AUROC (95% bootstrap
CI 0.823–0.889) and 0.469 AUPRC. Hiding 50% of available physiological
state features reduced logistic-regression AUROC from 0.820 to 0.638.
These results support missingness-aware personalized state construction
only; they do not establish temporal forecasting performance, prospec-
tive mortality utility, or treatment effects.
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1 Introduction

Medical artificial intelligence has historically emphasized recognition: a model
maps a snapshot or record to a diagnosis, score, or endpoint. A medical world
model asks a broader question: what latent state best summarizes the patient
now, how might that state evolve, and how uncertain are the predicted futures?
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Recent medical world-model work has begun to formalize this shift through
treatment-conditioned tumor simulation, longitudinal EHR trajectory modeling,
and medical time-series foundation models [13–15]. Contemporary reviews de-
scribe patient-state representation, temporal dynamics, intervention-conditioned
simulation, and planning as a progression of capabilities rather than a single ar-
chitecture [18,19]. This makes irregular ICU time series a natural test bed: they
are dynamic, partially observed, patient-specific, and clinically consequential.

World modeling in the ICU is difficult for three reasons. First, measurements
are not synchronized: heart rate can be frequent while laboratory variables may
appear only after clinical requests. Missingness can therefore encode care pro-
cesses as well as physiology. Second, the same measured pattern may have differ-
ent implications for different patients, motivating personalized state representa-
tions. Third, useful rollouts require calibrated uncertainty because long-horizon
predictions can accumulate error. These challenges connect medical world mod-
eling to earlier work on GRU-D, latent ODEs, irregular sensor graphs, and prob-
abilistic multi-horizon forecasting [4–7].

We propose MedWorld-Lite, intentionally small enough for a single-GPU Co-
lab workflow. The design follows the defining world-model pattern used in latent
dynamics research: encode observations into a compact state, learn a transition
in latent space, and decode predicted observations [2, 3]. The target temporal
task uses the first 24 h of an ICU stay to roll out 6, 12, and 24 h future physiol-
ogy. The framework does not claim causal treatment simulation: no intervention
semantics are inferred from observational correlations, and predicted futures are
not counterfactual treatment effects.

This paper makes four contributions. (1) It defines a missingness-aware, per-
sonalized ICU world-state representation that combines values, masks, time gaps,
and static context. (2) It specifies, but does not empirically validate here, a
lightweight recurrent latent transition with a heteroscedastic physiological de-
coder and auxiliary clinical-utility head. (3) It provides an evaluation protocol for
multi-horizon forecasting, uncertainty, calibration, ablations, missingness stress,
and patient-level rollouts. (4) It reports a fully executed 4,000-patient Set-A
state-representation probe, including bootstrap uncertainty and subgroup diag-
nostics. All numerical results reported in this paper come from that probe, not
from temporal rollouts.

2 Related Work and Medical World-Model Scope

World models and clinical trajectory simulation. World models learn in-
ternal dynamics that permit imagined future states rather than only reactive pre-
diction [2, 3]. Medical applications have recently become explicit. MeWM simu-
lates future tumor states conditioned on treatment plans [13]; EHRWorld targets
long-horizon patient trajectories under sequential interventions [14]; and recent
medical world-model surveys emphasize state construction, dynamics, action se-
mantics, uncertainty, and staged clinical validation [17–19]. MedWorld-Lite ad-
dresses an earlier point on this capability ladder: physiological state construction
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Fig. 1. MedWorld-Lite. The first 24 h of irregular observations are represented by val-
ues, observation masks, time gaps, and static patient context. The personalized world
state is recurrently transitioned and probabilistically decoded into future physiology;
a separate clinical head tests whether the learned state retains outcome-relevant infor-
mation.

and predictive latent dynamics. It intentionally does not claim intervention-
conditioned causal simulation.

Irregular medical time series. The PhysioNet/CinC Challenge 2012 es-
tablished an ICU mortality benchmark from the first 48 h of patient data [1].
GRU-D demonstrated that masks and time intervals are informative for clinical
sequences [4]. Latent ODEs model hidden continuous-time dynamics [5], while
RAINDROP models relationships among irregular sensors [6]. MIRA further
highlights continuous-time modeling, heterogeneous sampling, and missingness
as core medical forecasting problems [15]. Standardized clinical benchmarks have
also shown why patient-level splits and reproducible preprocessing are essen-
tial [8].

Personalization, uncertainty, and digital twins. Digital-twin research
motivates patient-specific predictive states while also emphasizing the gap be-
tween statistical forecasts and mechanistic or causal simulation [12]. Heteroscedas-
tic likelihoods provide observation-dependent uncertainty [9]; calibration metrics
are needed for clinical probability outputs [10]; and distribution-free uncertainty
methods motivate validation of interval coverage rather than reporting point
error alone [11]. These ideas shape our evidence requirements even though the
present model is not described as a validated clinical digital twin.

3 Problem Formulation

For patient i, let xt ∈ RD denote physiological variables in hour t, mt ∈ {0, 1}D
indicate which variables were observed, and ∆t ∈ RD denote time since the
most recent observation of each variable. Static context p contains age, sex, ICU
type, weight, and height. We observe Th = 24 h and define future horizons
H ∈ {6, 12, 24}.
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A medical world model learns a latent patient state zt satisfying three proper-
ties: it summarizes the observed history, a transition function evolves it forward,
and a decoder maps future latent states to observable physiology. We distinguish
three levels of evidence: state validity (does the representation retain clinically
relevant information?), dynamics validity (do rollouts predict future observed
physiology?), and intervention validity (do action-conditioned rollouts support
causal or counterfactual claims?). This paper executes the first level and specifies
a reproducible benchmark for the second; it makes no third-level claim.

4 MedWorld-Lite

4.1 Missingness-Aware Patient Encoder

Selected variables are HR, MAP, respiratory rate, temperature, SaO2, glucose,
GCS, and urine output. Continuous observations are robustly clipped using
training-set quantiles and standardized using training statistics only. Missing
values are filled with zero after the observation mask has been constructed. The
encoder input is

ut = [x̃t;mt;∆t], ht = GRUE(ut, ht−1). (1)

Time gaps increase when a variable is unobserved and reset at observation,
preserving information lost by ordinary mean imputation. The design does not
assume synchronous or continuously available measurements: at inference time,
only values already timestamped in the record are consumed; unavailable chan-
nels remain masked and their elapsed-time counters continue to increase.

4.2 Personalized World State

Static context is embedded by ep = gϕ(p). The patient world state after the
observed history is

zt = tanh (Wz[ht; ep] + bz) . (2)

This construction allows identical observed vitals to map to different latent states
when admission context differs.

4.3 Latent Transition and Probabilistic Decoder

Starting from zt, the model recursively rolls the state forward:

ẑt+k = Tθ(ẑt+k−1, ek), k = 1, . . . ,H, (3)

where ek is a learned horizon embedding and Tθ is a GRU cell. A decoder predicts
a mean and variance for each physiological variable,

[µt+k, log σ
2
t+k] = Dψ(ẑt+k), p(xt+k|ẑt+k) = N (µt+k,diag(σ

2
t+k)). (4)

Only observed future targets contribute to the forecasting loss, so sparse future
measurements do not become artificial zeros.
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4.4 Clinical Utility Head and Objective

A mortality head estimates ŷ = σ(C(zt)). During raw-sequence training, repre-
sentations obtained after future observations can be used as detached consistency
targets z∗t+k. The proposed objective is

L = LNLL + λmLBCE + λzH
−1

H∑
k=1

∥ẑt+k − z∗t+k∥22, (5)

with starting values λm = 0.5 and λz = 0.1. These are tunable hyperparameters,
not claimed universal constants.

5 Data and Preprocessing

The PhysioNet/CinC Challenge 2012 includes 12,000 adult ICU stays, while
Set A provides 4,000 labeled training records with outcomes [1]. The challenge
records up to 42 descriptors/measurements during the first 48 h with substantial
irregularity. For the temporal benchmark, measurements are binned by elapsed
ICU hour. Multiple continuous measurements within one hour use the median;
urine is summed within the hour. Invasive MAP is preferred, with NIMAP used
when invasive MAP is absent. Static personalization uses age, gender, ICU type,
weight, and height.

Patients are split at the patient level into 70% train, 15% validation, and
15% test partitions with mortality stratification and seed 42. Clipping limits,
scaling statistics, and imputation medians are computed from training patients
only. The first 24 h form model history and hours 24–47 form future targets. No
outcome information is used in preprocessing.

The executed state-validation experiment uses a public processed Set-A ta-
ble with 4,000 rows and 55 columns. The table contains admission descriptors,
aggregate physiological values, selected variability statistics, length of stay, and
in-hospital death. We exclude length of stay and all outcome-derived fields from
predictors. The executed representation uses 19 physiological/static/variability
features plus explicit missingness indicators.

6 Experimental Framework

6.1 Executed State-Representation Probe

The mortality classification experiment is used only as a representation probe:
it tests whether the constructed state features retain outcome-relevant informa-
tion, not whether MedWorld-Lite is prospectively useful for mortality prediction.
For interpretable component ablation, class-balanced logistic regression is evalu-
ated over five stratified 80/20 splits (seeds 11, 22, 33, 44, 55). Feature groups are
added cumulatively: physiological state variables, static personalization, vari-
ability features, and explicit missingness indicators. On a fixed seed-42 split,
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Table 1. Executed state-representation probe: feature ablation over five stratified splits
(mean ± standard deviation).

State features AUROC AUPRC Brier F1 Bal. Acc.

Vitals only .753±.022 .340±.040 .202±.003 .384±.023 .688±.024
+ Personalization .794±.016 .378±.048 .188±.006 .405±.011 .713±.013
+ Variability .790±.017 .389±.042 .186±.004 .404±.014 .709±.017
+ Missingness mask .795±.018 .388±.041 .183±.004 .406±.010 .710±.012

logistic regression, random forest, Extra Trees, and histogram gradient boosting
are compared. We report AUROC, AUPRC, Brier score, F1, and balanced accu-
racy; random-forest uncertainty is estimated using 2,000 patient-level bootstrap
resamples.

Robustness is tested by randomly hiding 10%, 30%, and 50% of available
physiological/variability features at test time while updating the corresponding
missingness indicators. This is deliberately more severe than natural missingness
and measures graceful degradation. Subgroup results are descriptive diagnostics
rather than fairness certification because the test set is modest and subgroup
confidence intervals are not powered for clinical equivalence claims.

6.2 Specified Temporal Benchmark (Not Executed)

The released notebook specifies a temporal benchmark comparing MedWorld-
Lite against last observation carried forward (LOCF), direct GRU, direct LSTM,
and Transformer forecasting. All neural baselines receive matched value/mask/time-
gap/static inputs. No metric described in this subsection is reported as an exe-
cuted temporal result in this paper. Forecasting is evaluated at 6, 12, and 24 h us-
ing normalized macro MAE in standardized units plus per-variable MAE/RMSE
in original clinical units. Mortality utility is evaluated with AUROC, AUPRC,
Brier, F1, sensitivity, specificity, and balanced accuracy.

For the Gaussian decoder, a nominal 90% interval is µ ± 1.645σ. We report
prediction-interval coverage probability (PICP) and normalized mean interval
width. Mortality reliability curves assess calibration [10]. Ablations remove per-
sonalization, mask/time-gap channels, the recurrent transition, and probabilis-
tic decoding. Additional observation-loss stress is applied to the raw history
sequence. Finally, patient-level plots show observed history, ground-truth future
measurements, predicted mean trajectory, and uncertainty bands. These visual-
izations are essential because acceptable average error can conceal implausible
individual rollouts.

7 Results

Set A contains 554 deaths among 4,000 rows in the processed table (13.85%).
All numerical results in this section concern the executed state-representation
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Fig. 2. Executed state-representation probe. Left: cumulative representation ablation.
Right: degradation when additional physiological features are hidden at test time.

Table 2. Executed representation-probe model comparison on the fixed seed-42 held-
out split.

Model AUROC AUPRC Brier F1 Bal. Acc.

Random Forest .858 .474 .099 .325 .600
Hist. Gradient Boosting .840 .461 .094 .276 .580
Extra Trees .829 .459 .119 .433 .669
Logistic Regression .820 .446 .195 .428 .748

probe; none validate the recurrent transition, probabilistic decoder, consistency
term, or 6/12/24 h forecasting loss. Table 1 shows the five-split state-feature
ablation. Personalization provides the largest AUROC improvement relative to
vitals alone. Variability increases mean AUPRC but slightly reduces mean AU-
ROC relative to the personalized state, while explicit missingness indicators
recover the best mean AUROC and Brier score. The result supports represent-
ing patient context and observation structure explicitly, although it does not
establish superiority of the unexecuted temporal transition.

On the fixed held-out split, random forest obtains the highest AUROC (0.858
in the primary rerun; 0.857 with the extended 500-tree validation rerun) and
AUPRC, while histogram gradient boosting has the lowest Brier score (Table 2).
The extended random-forest run yields AUROC 0.857 with 95% bootstrap CI
0.823–0.889, AUPRC 0.469 (0.383–0.573), and Brier 0.099 (0.089–0.109). The
width of these intervals is a useful reminder that a single test split should not
be overinterpreted.

Observation loss is substantial: logistic-regression AUROC changes from 0.820
with no additional hiding to 0.768, 0.748, and 0.638 after hiding 10%, 30%, and
50% of available physiological/variability features. AUPRC decreases from 0.446
to 0.369, 0.313, and 0.220. This supports treating missingness as both an input
signal and a stress-test dimension instead of assuming complete measurements.

Descriptive subgroup evaluation shows AUROC 0.871 for age < 65 versus
0.834 for age ≥ 65, and 0.847/0.863 for the two coded gender groups. ICU-type
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Fig. 3. Executed held-out diagnostics. Left: ROC curves for state-based clinical util-
ity models. Right: random-forest reliability curve. Discrimination and calibration are
reported separately because a high AUROC does not imply calibrated risk.

AUROCs range from 0.796 to 0.938, but some groups contain few deaths; these
differences therefore motivate uncertainty-aware subgroup validation rather than
claims of fairness or superiority. In particular, ICU type 2 has only six deaths in
the held-out split.

8 Discussion

The executed representation probe supports two design choices. First, static
context materially improves information retained by the constructed patient
state. Second, performance degrades sharply as observed physiological infor-
mation is removed. These findings concern state construction only. They do
not validate the recurrent transition, probabilistic decoder, consistency term, or
future-physiology forecasting objective; a transition model cannot compensate
for an invalid initial state.

The study also illustrates why the term “world model” should be used care-
fully in medicine. MedWorld-Lite contains a latent state, transition, and ob-
servation decoder, but the present evidence validates only state construction
and its ability to retain outcome-relevant information. The temporal code is
an implementation and evaluation specification, not empirical evidence of dy-
namics validity. Even a successful 6/12/24 h rollout study would not establish
intervention validity: observational ICU data contain treatment effects, clinician
behavior, informative sampling, and selection processes, so predicting what usu-
ally happens next is not equivalent to predicting what would happen under a
changed treatment.

Compared with large foundation approaches such as MIRA or intervention-
conditioned EHRWorld [14,15], MedWorld-Lite trades scale for transparent, low-
cost experimentation. The limitations are equally clear: hourly binning loses
within-hour timing, a diagonal Gaussian can under-represent multimodal fu-
tures, and recurrent rollouts may accumulate error.
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Intended use and user-facing uncertainty. MedWorld-Lite is an early-
stage research framework for studying ICU state representations and future-
trajectory models; it is not a diagnostic system, mortality decision aid, or treat-
ment recommender. A prospective interface should expose observation masks
and time gaps alongside predictions, display uncertainty intervals, and issue a
reduced-confidence or insufficient-data warning when coverage is sparse, gaps are
long, or inputs appear shifted from the development distribution. The present
study does not validate such an interface or any bedside workflow.

External validity and observation-process bias. The benchmark is an
older public cohort and monitoring patterns can reflect hospital protocols, clin-
ician behavior, resource availability, and historical care inequities. Missingness
may therefore encode care processes rather than physiology alone. Before clin-
ical use, the evidence ladder should include executed temporal validation, ex-
ternal cohorts from multiple hospitals and care protocols, subgroup calibration,
distribution-shift testing, and prospective silent evaluation. Only measurements
available and timestamped by the inference time should be used. If interventions
are later modeled as actions, causal assumptions and action semantics must be
explicit [12].

Conclusion. MedWorld-Lite separates patient-state, dynamics, and inter-
vention evidence. The executed 4,000-patient representation probe supports per-
sonalized, missingness-aware state construction and demonstrates sensitivity to
observation loss. It does not establish temporal forecasting performance or prospec-
tive clinical utility; direct 6/12/24 h rollout evaluation remains the next evidence
step.
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