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Abstract. Traditional clinical prediction models rely on task-specific
pipelines and curated, structured data, which scale poorly and underuti-
lize unstructured text. To address this, we introduce future querying, a
paradigm that probes whether large language models (LLMs) can func-
tion as implicit medical world models by evaluating their ability to an-
swer time-indexed clinical queries about a patient’s future. Our frame-
work operates on unstructured clinical documentation using endpoint-
agnostic training, enabling a single model to answer diverse clinical queries
over patient trajectories without manual feature engineering or task-
specific retraining. We show that small, locally fine-tuned open-weight
models can match or approach larger proprietary systems, making the
framework suitable for privacy-preserving, on-premise deployment. Eval-
uated on a new synthetic medical reports dataset and real ICU notes
from the MIMIC-IV dataset, our results provide encouraging evidence
that LLMs can capture aspects of clinical dynamics.

Keywords: Clinical trajectory modeling - LLM - Forecasting - Future
querying - Medical world model.

1 Introduction

Clinical decision-making can greatly benefit from an accurate prediction of the
future evolution of a patient’s condition. Existing machine learning approaches
for predicting patient outcomes focus on predefined target outcomes at fixed
horizons and rely on task-specific pipelines built on curated structured inputs,
e.g., for predicting in-hospital mortality, length of stay, or readmission risk [5, 13,
32|. Such approaches exhibit important limitations [18,29, 30,2, 35] and require
training separate models for each target outcome, leading to high development
and maintenance costs. They also depend on restricted sets of manually selected
variables, potentially discarding informative signals and limiting their ability
to capture complex patient trajectories. Moreover, large amounts of clinically
relevant information in unstructured data (e.g., medical reports) remain under-
utilized or require costly extraction pipelines.
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We investigate whether large language models (LLMs) can instead serve as
implicit medical world models through a paradigm we term future querying.
In this paradigm, forecasting is formulated as answering flexible, time-indexed
natural language queries about a patient’s future, conditioned on the patient’s
observed trajectory. A model capable of answering such queries must capture the
dynamics governing the evolution of patient state over time, providing evidence
that it may implicitly encode a medical world model. We focus on textual mod-
els operating on unstructured clinical documentation (e.g., longitudinal clinical
notes and medical reports), which provide a unified, temporally ordered repre-
sentation of patient state while implicitly capturing information derived from
multiple clinical modalities.

Our approach departs from prior work in two key aspects. First, it requires no
feature engineering or structured preprocessing, operating directly on raw clinical
text. Second, the approach is task-agnostic, allowing a single model to answer
diverse clinical queries without task-specific retraining. Having a task-agnostic
approach potentially unlocks multiple downstream use-cases with a single model,
such as automatic diagnosis, counter-factual treatment simulations and mortality
prediction. By fine-tuning pre-trained LLMs locally, we obtain a unified and
privacy-preserving framework suitable for on-premise deployment. We evaluate
our approach on synthetic medical reports we generate as well as real intensive
care unit (ICU) notes from the MIMIC-IV dataset [16,17], demonstrating its
potential as a general-purpose method for modeling patient trajectories.

2 Related work

The question of whether LLMs learn implicit world models is an active topic
of debate in the AI community. Several studies provide evidence that large-
scale training for next-token prediction induces learning of internal world models
[24, 23,15, 21]. Other authors note that predictive accuracy does not necessarily
imply the presence of a consistent world model and that LLM representations
can often be incoherent [34, 22|. In more empirical settings, [12, 6] demonstrated
that LLMs are capable of real-world future forecasting, though these results
are very methodology dependent, as [33] find that LLM predictions perform no
better than random chance in their setup.

In the medical domain, prior work has explored sequence models as predictors
of patient health trajectories. These works focus on training task-specific medi-
cal forecasting models, rather than leveraging medical world models induced in
pre-trained LLMs. Early research focuses on forecasting patient outcomes from
longitudinal electronic health records (EHRs), which record sequences of clinical
events over time [3]. These approaches operate on structured data and target
predefined endpoints such as mortality, readmission, or diagnosis prediction, us-
ing deep learning models including transformer-based architectures (35,31, 26,
18,29]. In parallel, several studies have shown that unstructured clinical notes
can support prognostic modeling in ICU settings and beyond by extracting struc-
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tured context from unstructured notes, combined with classical machine learning
approaches [25, 36].

3 Task formulation

We describe a patient p at current time 7" by a timeline of medical reports

p={(t177‘1),...,(tn,'r‘n)} (1)

where each timestamp t; < T corresponds to a report r;, represented as
unstructured text that can potentially be extracted from PDFs or scanned doc-
uments. A classical world modeling approach would aim to predict future reports
for times ¢ > T'. However, such an objective is inherently ill-posed, as it requires
the model not only to capture the patient’s underlying clinical evolution, but also
to reproduce irrelevant artifacts such as writing styles or reporting conventions.

To address this limitation, we consider a simpler and more practical formu-
lation: we posit that a model f that can accurately answer questions about a
patient’s future given their past trajectory has likely captured aspects of the
underlying clinical dynamics, a necessary, though not sufficient, condition for
acting as a medical world model. Under this perspective, the goal is no longer to
generate future reports, but to enable informed querying of future outcomes. We
consider a query g € Q that is issued at time T and asks about the state of the
patient p, expressed in natural language and associated with a target time ¢t > T.
A query can be seen as a combination of (i) a time-agnostic textual predicate
x describing what is being asked, and (ii) a timestamp ¢ specifying when the
information is sought.

Our objective is to build a model P(alp,q) that models the distribution
of answers a given a patient history and a query. Such a model would allow
clinicians to pose questions such as “What is the risk of complication X within
in three days?”, “Will the patient recover within the next week?”, or “Is the patient
likely to be discharged soon?”. The answers to such queries are clinically relevant
and can inform both care planning and resource allocation.

Model fine-tuning. Beyond evaluating the medical world knowledge of frontier
models, we also examine whether smaller open-weight models can be fine-tuned
within this querying framework to improve their medical forecasting ability.

Let us consider a model f with parameters 6 that approximates the distri-
bution P(a | p,q) defined above through f(a | p,q; ). Since a, p, and g are all
expressed as text, it is natural to leverage LLM architectures to capture this
distribution. To this end, we adopt a task-agnostic training strategy in which a
dataset of patients is transformed into a dataset of training examples (a,p, q),
enabling standard supervised fine-tuning methods for the LLM. Assuming ac-
cess to such a dataset D = {(ay, pk, qx)}o_,, the model can be trained using a
standard maximum likelihood objective:

N
1
07 = argmax ,; log f(ax | pr, qx; 6) (2)
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Fig.1: The future querying paradigm. A patient timeline p is partitioned by
a virtual present 7' into an observed history and a hidden future. Given the
historical context and a flexible, time-indexed clinical query ¢, we investigate
whether an LLM can serve as an implicit medical world model to predict the
correct answer ay derived from the patient’s actual future timeline.

This optimization can be carried out using standard LLM training proce-
dures, making the approach straightforward to implement and practical to deploy
in clinical environments where complex training pipelines may not be feasible.

4 Building datasets for future querying

Clinical information systems rarely provide native, structured datasets for question-
answering tasks based on patient histories. Consequently, we develop a method
to construct training and validation sets from raw observational data, illustrated
in Fig. 1. Let us assume access to a comprehensive corpus of longitudinal patient

histories, denoted as: P = {pj = [(t{,r{), vy (1 )}} o Our objective
=8

NGl ng
is to systematically derive the target dataset D from P. To this end, we use
LLMs to parse and synthesize clinical narratives. Our dataset construction al-
gorithm randomly samples patients p; from the population P and proceeds in
three key steps for each sampled patient:

Predicate extraction. Given a random report le from the patient’s timeline, the
algorithm formulates predicate questions x about the events or findings discussed
within it, along with a corresponding answer a for each.

Temporal partitioning. For each predicate, it then selects a random pivot time-
stamp 7" that precedes report time #/ within the patient’s timeline (£ < T < /).
This pivot acts as the simulated “present”, positioning tf forward in time and
casting the final query ¢(x,t) as one about the patient’s future, while also defining
its historical context (all reports before 7).

History-query-answer generation. Once a natural language query ¢ is formulated
based on x and t, the resulting tuple, consisting of the historical context, the
query ¢, and the answer a, undergoes a final validation. Those tuples whose
answer is obvious from the historical context alone are not genuinely future
querying and are rejected. All accepted tuples are appended to our final future
querying dataset D.
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Synthetic Medical Reports MIMIC ICU Notes
Synthetic Medical MIMIC ICU
Reports Notes
Patients 3,226 9,733
Queries 53,612 164,911
Queries / patient 16 (3-39) 19 (1-20)
Query history (reports) 2 (1-9) 3 (1-237)
Total trajectory (reports) 10 (2-10) 14 (2-341)
Report length (chars) 3,958 (53-9,440) 902 (12-54,809)

Fig. 2: (Left) Characteristics of the two future querying datasets; values are re-
ported as median (min-max). (Right) Distribution of query types computed on
the test fold. Queries span six semantic categories and are binned by the time
gap between the simulated present and the target clinical event.

5 Experiments

5.1 Evaluation datasets

We conduct our evaluation on datasets constructed from two distinct patient
corpora (P): (i) a synthetic corpus of patient histories that we generate, spanning
a wide range of common medical conditions, and (ii) real-world ICU clinical notes
extracted from the publicly available MIMIC-IV dataset [16, 17].

Synthetic Medical Reports. We autoregressively generate synthetic patient time-
lines using a general-purpose LLM (Gemini 2.5 Flash [8]). We first sample a
clinically grounded patient profile (disease, demographics, comorbidities) that
acts as a latent conditioning variable. Guided by this hidden profile and the
chronological sequence of prior reports, the LLM iteratively predicts the next
medical report. At each step, the model reasons about visit timing, specialties,
examinations, and treatments. Generation terminates when the patient is cured,
deceased, or a predefined timeline bound is reached.

MIMIC ICU Notes. We complement the synthetic dataset with de-identified
intensive care records from MIMIC-IV [16, 17]. For each patient, we extract time-
stamped clinical notes (discharge summaries and radiology reports), sort them
chronologically, and convert them into longitudinal patient timelines annotated
with timestamps.

Using the algorithm explained in Section 4, with Gemini 2.5 Flash [8] chosen
as the LLM, we produce tuples of patient history, query, and answer from these
two patient corpora. The outcome is two datasets, which are described in Fig. 2
(left) and (right), each randomly split (patient-wise) into train, validation, and
test folds using an 80-10-10 % ratio.

5.2 Baselines and models

To assess the extent to which LLMs can act as implicit medical world models,
we evaluate their baseline performance as well as the impact of finetuning LLMs
within the future querying framework. Concretely, we measure their ability to
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answer queries about a patient’s future state when they are (i) taken off-the-shelf
(i.e., pre-trained), and (ii) fine-tuned with supervision on (p, ¢, a) tuples.

Off-the-shelf LLMs. We benchmark models from three categories: (i) general-
purpose open-weight models from the Gemma (4B-31B) [9] and Mistral (7B-
24B) [27] families; (ii) domain-adapted biomedical models (MedGemma-1.5-4B-
IT [11], BioMistral-7B [20]); and (iii) large proprietary models from the Gemini
[8], GPT [28], Claude [4], DeepSeek [7], and GLM [10] families. Smaller models
were self-hosted via vLLM [19]; others were queried through the OpenRouter
APT (see Fig. 3 for detailed model list).

Supervised fine-tuned models. We investigate two fine-tuning approaches: Low-
Rank Adaptation (LoRA) [14] and full-parameter training. Due to resource con-
straints, these methods are applied only to relatively small models. Each training
sample is formatted as a three-turn conversation: the system prompt with pa-
tient history, the query as the user turn, and the ground-truth answer as the
assistant turn. Training minimizes cross-entropy on assistant tokens only; when
the tokenized sequence exceeds 25K tokens, the oldest reports are progressively
dropped to retain the most recent history. All models are fine-tuned for max two
epochs on an H100 GPU, with early stopping based on validation CE-loss and
hyperparameters selected on the validation fold.

All models (off-the-shelf and fine-tuned) are evaluated on the held-out test
folds of both datasets using a shared instruction-based prompt lightly optimized
on the validation set via GEPA [1].

5.3 Evaluation metrics

To measure accuracy, we employ an LLM-as-a-judge (Gemini 2.5 Flash [8])
to compare predicted answers against reference answers obtained from future
segments of patient trajectories. The judge assesses semantic equivalence: a pre-
diction is marked correct if it captures the key factual content of the reference,
regardless of exact wording; refusals to answer by the model are marked incor-
rect. We manually verify a subset of judgments, finding them to be sufficiently
reliable. We do not expect 100% accuracy, as future-oriented queries are in-
herently stochastic and may admit multiple plausible outcomes. We therefore
interpret this metric as a way to compare approaches rather than as an absolute
measure of clinical correctness.

5.4 Results

Performance of large-scale pre-trained models. To what extent does large-scale
pre-training alone equip LLMs to answer future-oriented clinical queries? Fig. 3
visualizes the performance of various off-the-shelf LLMs with respect to their
estimated cost, computed using average pricing from major LLM providers. We
observe a clear trend: larger and more expensive models achieve higher accuracy
on both datasets. Four frontier models consistently occupy the top positions on
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Synthetic Medical Reports
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Fig. 3: Baseline performance of off-the-shelf LLMs on the Synthetic Medical Re-
ports and MIMIC ICU Notes benchmarks. The top legend row shows models
with reasoning capabilities, evaluated using OpenRouter’s default settings. For
gemini-2.5-flash and claude-sonnet-5, these defaults did not enable reason-
ing. Due to computational costs, three models were evaluated on a 4% subset of
the MIMIC ICU Notes test set and are shown with reduced opacity.

both benchmarks. On the Synthetic Medical Reports benchmark, all four surpass
50% accuracy and are separated from the remaining baselines by a noticeable
margin. On MIMIC ICU Notes, derived from real-world clinical records, only
Claude Sonnet 5 and GLM-5.2 narrowly exceed this threshold. Notably, medi-
cally specialized models such as BioMistral-7B and MedGemma-1.5-4B-IT un-
derperform compared to their general-purpose counterparts (Mistral-Nemo and
Gemma-4B-IT), as well as most other evaluated models. We hypothesize that
this reflects a mismatch between the medical task they have been fine-tuned on
and the future querying task considered here.

Effect of fine-tuning. Fig. 4 compares three open-weight models before and after
supervised fine-tuning on the future querying task. Training times ranged from
67.9 to 210h/epoch for MIMIC and 8.3 to 49.4h/epoch for Synthetic. LoRA
(rank=16) adaptation yields consistent and substantial gains across all mod-
els and both datasets, ranging from +11.7 to +21.5 percentage points (pp) on
MIMIC and +12.4 to +19.6 pp on Synthetic. Notably, MedGemma-1.5-4B-IT,
despite being the weakest baseline model, benefits the most from fine-tuning
(+21.5pp on MIMIC, +19.6 pp on Synthetic), reaching accuracy levels on par
with the larger Gemma3-12B-IT. This suggests that task-specific supervision
can largely compensate for the initial performance gap due to model size or
prior specialization. After fine-tuning, all three models converge to comparable
accuracy ranges (43-46% on MIMIC, 46-51% on Synthetic), indicating that the
training signal, rather than model capacity, becomes the dominant factor for this
task. Full-weight training, evaluated on MIMIC, provides a modest additional
improvement over LoRA for Gemma3-4B-IT (+1.9 pp) and small reduction for
Medgemma-1.5-4b-it (-1.0 pp). Full-weight training, evaluated on Synthetic data,
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Fig. 4: Effect of fine-tuning on future querying accuracy with respect to the
accuracy of proprietary models.

shows decreased performance for both models compared to lora fine-tuning. This
suggests that parameter-efficient adaptation captures most of the achievable
gains. These results are encouraging for privacy-preserving deployments: rela-
tively small, locally trainable models can approach the performance of larger
proprietary systems evaluated in the previous section. However, the latest mod-
els still reach higher performances.

6 Discussion and conclusion

Our results suggest that simple fine-tuning strategies can yield strong perfor-
mance on the future-querying task, with small open-weight models matching
larger proprietary systems. This is an encouraging result for the development
of privacy-preserving, on-premise deployments. Direct comparison with prior
benchmarks is not straightforward, as most existing approaches focus on pre-
dicting predefined outcomes at fixed time horizons from structured inputs. In
contrast, our framework addresses a broader setting, requiring models to answer
open-ended queries over unstructured clinical text. In this setting, multiple out-
comes may be plausible and exact matches with a single ground-truth answer are
not always expected, making traditional evaluation protocols and benchmarks
only partially applicable.

A core strength of our approach is its task-agnostic nature: a single model
operates directly on unstructured clinical documentation, requiring no manual
feature engineering or structured data extraction pipelines, and can flexibly an-
swer diverse clinical queries without retraining. Key next steps include clinical
validation with domain experts, establishing a human clinician upper bound, and
distinguishing genuine world modeling from pattern matching (e.g., via consis-
tency checks or counterfactual probing). Beyond this, multimodal integration,
uncertainty estimation, probabilistic judgments and robustness analysis remain
important directions toward safe real-world adoption.
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