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Abstract

Providing effective treatment and making informed clini-
cal decisions are essential goals of modern medicine and
clinical care. We are interested in simulating disease dy-
namics for clinical decision-making, leveraging recent ad-
vances in large generative models. To this end, we introduce
the Medical World Model (MeWM), the first world model in
medicine that visually predicts future disease states based
on clinical decisions. MeWM comprises (i) vision-language
models to serve as policy models, and (ii) tumor generative
models as dynamics models. The policy model generates
action plans, such as clinical treatments, while the dynam-
ics model simulates tumor progression or regression under
given treatment conditions. Building on this, we propose
the inverse dynamics model that applies survival analysis
to the simulated post-treatment tumor, enabling the evalu-
ation of treatment efficacy and the selection of the optimal
clinical action plan. As a result, the proposed MeWM sim-
ulates disease dynamics by synthesizing post-treatment tu-
mors, with state-of-the-art specificity in Turing tests evalu-
ated by radiologists. Simultaneously, its inverse dynamics
model outperforms medical-specialized GPTs in optimizing
individualized treatment protocols across all metrics. No-
tably, MeWM improves clinical decision-making for inter-
ventional physicians, boosting F1-score in selecting the op-
timal TACE protocol by 13%, paving the way for future in-
tegration of medical world models as the second readers.

1. Introduction

Clinical decision-making is at the heart of patient care, driv-
ing outcomes and shaping the trajectory of healthcare inter-
ventions. Physicians constantly weigh the multimodal fac-
tors including medical images and patient history to deter-
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Figure 1. Formulation of Medical World Model. It integrates
imaging observations with perception modules to form an initial
state, which is then processed by a progression generative model
to predict future states of disease under different treatment con-
ditions. Recovery-conditioned policies guide treatment decisions,
creating a feedback loop for optimizing clinical interventions.

[‘ Action

mine the best course of action for each patient. Artificial in-
telligence (AI) models are increasingly assuming a crucial
role in this process by analyzing the complex multimodal
data, revealing patterns that may be difficult to detect with
human observation alone, and suggesting tailored treatment
strategies based on predictive analytics.

Foundation models [7] such as large language mod-
els (LLMs) [33, 57] present a new frontier in medical
Al research and development. However, recent stud-
ies [26] show that LLMs, even those specifically tailored
for medicine [13, 54, 55], diagnose significantly worse than
clinicians and make less informed treatment decisions. This
is due to several challenges. First, the complexity of dis-
eases themselves, such as tumors that evolve under the
influence of diverse biological and chemotherapy factors,
calls for models that can adapt and account for disease pro-
gression. Second, clinical decision-making necessitates not
only accurate predictions but also visually trackable insights
that physicians can trust.

Recent breakthroughs in world models (WMs) [3, 8, 39,
45, 62] provide a promising avenue for overcoming these
obstacles. By generating a predictive distribution of how
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the world states evolve, WMs mirror the way human plan-
ners imagine future scenarios and then make informed de-
cisions via inverse dyanmics [3, 18]. Although they remain
largely underexplored in the medical domain, world models
hold significant potential for generating clinically realistic
images and simulating disease progression, which in turn
can facilitate more effective and visually trackable treat-
ment planning. Figure | illustrates our formulation of in-
troducing WMs into medical scenarios and how WMs inte-
grate these capabilities to support clinical decision-making.
In this work, we introduce Medical World Model
(MeWM) to address these challenges and push the bound-
aries of Al-driven clinical decision support. MeWM com-
prises three primary components: (1) a Policy Model pow-
ered by vision-language architectures, which generates the
potential action combos from a patient’s current state and
specific clinical scenario; (2) a Dynamics Model that for-
wards and simulates tumor dynamics, predicting how tu-
mors could progress or regress under different treatment
conditions by generative modeling; (3) an Inverse Dynam-
ics Model that performs survival risk analysis on the sim-
ulated post-treatment tumor, and quantitatively evaluates
treatment efficacy. Beyond forward simulation, this sys-
tem heuristically explores the optimal plan with the assis-
tance of a segmentation model. By uniting these elements,
MeWM delivers a holistic framework for decision-making:
it can synthesize realistic post-treatment tumors that pass
Turing tests against radiologists, and it outperforms special-
ized GPT-like models on Transarterial Chemoembolization
(TACE) Protocol Exploration (over 10%7 in F1-score).
Overall, our contributions are threefold.
We propose the medical world models, where we de-
velop a multimodal policy model that leverages vision-
language capabilities to propose a tailored set of treat-
ment action combos, and we design a generative dynam-
ics model that accurately captures potential evolution of
tumors, enabling forward-looking simulations for differ-
ent interventions.
We integrate an inverse dynamics model that translates
these action-conditioned simulation into survival analy-
sis metrics, thereby offering a transparent and evidence-
based tool for choosing the optimal treatment protocol.
We demonstrate a substantial leap in Al-driven decision
support for interventional medicine, improving the F1-
score in selecting the optimal treatment protocol by 13%
and offering a compelling glimpse into the future of pre-
cision healthcare.

2. Related Work
2.1. Generative World Modeling

World models [23, 39] aim to simulate dynamic environ-
ments by predicting future states and rewards based on cur-
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rent observations and actions. Originally developed for
constrained settings like Atari games [24], their ability to
model state transitions has been extended to real-world sce-
narios through joint learning of policies and world mod-
els, improving sample efficiency in simulated robotics [53],
real-world robots [63] and autonomous driving [29, 61].
While early world models focused on simple state transi-
tions, modern approaches integrate structured action-object
relationships [59] and multi-modal conditioning [5, 21]. For
instance, Du et al. [17] present long-horizon video plans by
synergising vision-language models and text-to-video mod-
els. Luo et al. [46] propose to ground video models to con-
tinuous action by leveraging video-guided goal-conditioned
exploration to learn a goal-conditioned policy. In embod-
ied decision-making, Lu et al. [45] enables agents to imag-
inatively explore the world with high generation quality
and exploration consistency using video generative models.
However, there is still no work investigating the applicabil-
ity of world modeling in medical image analysis and clinical
decision-making.

2.2. Tumor Synthesis

Tumor synthesis has emerged as an attractive research topic
across various medical imaging modalities, such as CT [11,
47, 67], MRI [4, 31, 64], and endoscopic videos [12, 41].
There are also many works on synthesizing non-cancerous
lesions including chest CT synthesis [6, 47, 67, 68], and
diabetic lesion synthesis in retinal images [15, 71]. Re-
cent studies focus on improving the realism of synthetic
tumors in the liver, kidney and pancreas [11, 30, 38] by
leveraging the large generative models like diffusion mod-
els [28, 52, 56]. While these methods are conditioned only
on shape masks, Li et al. [43] propose text-driven tumor
synthesis by descriptive reports and conditional diffusion
models. However, most of these works implemented tumor
synthesis as a data augmentation to improve tumor detec-
tion tasks. They overlook its potential to empower clinical
decision-making in treatment planning. In this work, we
delve into the relatively unexplored field of tumor dynamics
simulation by generating post-treatment tumors using pre-
treatment scans and treatment actions.

2.3. Prognosis and Clinical Decision-making

Post-treatment prognosis in medical imaging is essential for
evaluating therapy effectiveness, predicting disease recur-
rence, and guiding further clinical decisions. CT is widely
used to assess structural and functional changes in tumors
following interventions such as surgery, chemotherapy, ra-
diation therapy, transarterial chemoembolization (TACE),
and immunotherapy [25, 32, 40, 44, 65, 66]. Lee et al. [40]
employ a CNN-based model to predict the post-treatment
survival of patients with hepatocellular carcinoma (HCC)
using CT images and clinical information. In addition,
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Figure 2. Overview of TACE Protocol Exploration by Medical World Model. (1) GPTs (Policy Model): construct the TACE action
combos by the observation of pre-treatment CT, integrating clinical guidelines and policies. (2) Tumor Generative Model (Dynamics
Model): simulates post-treatment tumor based on different TACE intervention protocols, predicting treatment outcomes. (3) Survival
Analysis Model (Heuristic Function): assesses risk scores from both simulated post-treatment CT and pre-treatment CT to determine the
most effective TACE protocol. Note that the 3D tumor masks (colored in red) can be extracted using a well-trained segmentation network
(as Assistant Model). The framework enables visually trackable protocol optimization by iterating between clinical policy guidance,

generative modeling, and survival analysis.

LLMs are increasingly being explored to assist in clinical
decision-making [9, 26, 36, 42]. However, little attention
has been given to applying LL.Ms for post-treatment prog-
nosis. They did not leverage the feedback from survival
analysis to achieve prompt intervention as well.

3. Medical World Models

Overall Framework. As shown in Fig. 2, our MeWM takes
a visual observation of pre-treatment CT x(, a language
treatment goal g to simulate the future state and explore
the best treatment protocol. Policy model (§ 3.1) acquires
the descriptive observation based on the visual state, and
constructs a set of treatment protocols by the language goal
and clinical guidelines. To perform the exploration, given
the pre-treatment CT and an action combo, the dynam-
ics model (§ 3.2) predicts the concrete resulting state, i.e.,
generating post-treatment CT. Finally, inverse dynamics
model (§ 3.3) driven by Heuristic Function predicts the risk
score from pre-treatment CT and simulated post-treatment
CT with tumor masks from Assistant Model, to effectively
prune branches in search and heuristically determine the op-
timal solution.

3.1. Policy Model

Vision-language models [10, 70] have emerged as a pow-
erful source of prior knowledge about the clinical world,
providing rich information about how to complete promis-
ing treatment from large-scale internet data and clinical
guidelines. Based on TACE clinical guidelines, we set
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up the exploration configurations, including all potential
chemotherapy drugs (e.g., Raltitrexed, Cisplatin) and em-
bolism materials (e.g., Lipiodol, Gelatin Sponge). The two
parts constitute the action base, which provides possible
TACE protocols for Generative Dynamics Models as condi-
tions. Then, we adopt a pre-trained large multimodal model
(LMM), e.g., GPT-4o0, to serve as policies. Given a high-
level goal g (e.g., “What TACE treatment protocols are rec-
ommended for a patient diagnosed with hepatocellular car-
cinoma (HCC) given the pre-treatment CT?”), the policy
model myrm(xo, g) extracts the visual observation and tu-
mor context from the given pre-treatment CT z to prompt
the proper Transarterial Chemoembolization (TACE) ac-
tions. To constrain the excessively large tree search in the
action base, we further prompt the Large Language Reason-
ing Model, i.e., Deepseek-R1 [22], to refine the drug set and
embolism set by the clinical policies, whose final cardinali-
ties are D and F, respectively.

3.2. Dynamics Model

Radiotherapy Report Extraction and Generation. While
most existing studies focus on human-authored radiology
reports, we aim to address radiotherapy reports to extract
more comprehensive information on treatment protocols.
However, raw radiotherapy reports pose significant chal-
lenges due to noise and fragmented information, which hin-
der controlled tumor synthesis. To mitigate these issues, we
propose a two-stage text preprocessing framework consist-
ing of data cleaning and augmentation. In the first stage,
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Figure 3. Dynamics Model based on Tumor Generative Model. The training framework consists of three parts: (a) Radiotherapy Report
Extraction and Generation: GPT-40 and Deepseek-R1 extract key treatment details from radiotherapy reports and generate corresponding
TACE surgical actions. (b) Post-Treatment Tumor Generation: An Action-driven 3D Diffusion Model is conditioned by fused action em-
beddings and attenuated CT features to generate post-treatment tumors that simulate treatment outcomes. (¢) Combo Contrastive Learning
(CCL): The model learns from treatment variations by pushing apart dissimilar combos and pulling together similar ones, improving its
ability to generate realistic and action-aware post-treatment tumor appearances.

we perform keyword extraction by aggregating the outputs
of both GPT-40 and DeepSeek-R1, focusing on key enti-
ties such as drugs, embolic agents, and their corresponding
dosages. In the second stage, we leverage the same tools
for text generation, constructing a structured core action de-
scription based on the extracted keywords. This approach
enhances the consistency and informativeness of processed
reports, facilitating downstream tasks in tumor synthesis
and treatment analysis.

Post-Treatment Tumor Generation. We adopt Latent
Diffusion Models (LDMs) [52] for latent feature extraction
from 3D Pre-treatment CT volumes and integrate textual ac-
tion embedding for controlled tumor synthesis. Each 3D
Post-treatment CT volume z; € R¥XWX*D is encoded into
a lower dimensional latent representation z; = £(x1) us-
ing a 3D VQGAN autoencoder [19]. In the latent space,
following the spirit of DiffTumor [11], we define a diffu-
sion process that progressively adds noise to the latent rep-
resentation z; over discrete time steps ¢t = 1,...,7. Given
a pair of tumor-present pre-treatment CT volume x and
the mask of its tumor region mg, we condition the denois-
ing model on the masked pre-treatment latent representation
2o = E(mgy © ) where my is the attenuated mask from
myq by our proposed Text-driven Morpho-Gaussian Attenu-
ation. Specifically, to mimic the effects of TACE treatment,
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the process begins with occlusion assessment on radiother-
apy reports. The textual descriptions (e.g., occluded, re-
duced, disappear) are extracted and analyzed to determine
the attenuation level [ € {1,2, 3,4}, where a higher value
corresponds to better tumor curative effects. Then, morpho-
logical erosion and dilation with the adaptive kernel by [ are
applied to mg, simulating occlusion-induced tumor struc-
tural dynamics. Simultaneously, adaptive Gaussian blur-
ring is employed to exhibit the characteristics of heteroge-
neous intensity changes due to lipiodol deposition, necrotic
transformation, and reduced perfusion. The final attenuated
mask mz) is computed by the three steps, ensuring a smooth
transition between tumor and organ tissues. Note that this
attenuation is only used during training.

Also, we condition the denoising model on the generated
textual action. Given the action combo a = {ay,...,an},
each sub-action, respectively, undergoes encoding through
a CLIP [51] text encoder ¢(-) followed by linear projection
o1(+), enabling dimension reduction to a latent clinical con-
cept space. To enhance the semantics of action conditions
in D different drug and £ embolism keywords, we intro-
duce learnable concept embeddings ¢, which extract key-
word representations from the given action combo. This ex-
plicit pharmaceutical grounding enables precise modeling
of therapeutic components while maintaining robustness to



context variations. The final action condition 7(a) is the fu-
sion of holistic text and concept embeddings by fully con-
nected layers o2, where [-] denotes concatenation operation:

7(a) = oa([[o1((ar)), ...; o1 (Blam))l;c]), (D)

The training objective of diffusion model is as follows:

, 2
Ezl,eNN(O,l),t |:H6 —€p (Zt5207m057_(a)7t) H2:| ) (2)

where €y(-,t) is a 3D U-Net with interleaved self-attention
layers and convolutional layers [11, 28, 50] that predict the
noise given the input variable and conditions.
Combo Contrastive Learning. We adopt a contrastive
learning strategy that aligns action combos with tumor evo-
lution to enhance the realism and discrimination of post-
treatment tumor synthesis. Given a pre-treatment anchor
pair (2o, mg), along with an action combo a, the goal is to
generate a post-treatment CT & by generative model fppm(+).
For each anchor, positive samples, £
fom(zg,m¢, at), are defined as synthetic post-treatment
CT from another pair but its action combo contains
the same drug/embolism keywords. Negative samples,
2~ = fom(xo, Mo, a"), in contrast, are generated using the
same pair but action combos with diverse keywords, lead-
ing to distinct tumor evolution patterns. This contrastive
loss is incorporated into the tumor generative model:

exp (sim(Z,27)/d)

>~ exp (sim(#,27)/0) — exp (sim(z,21)/d) |’
3)

where sim(-) denotes cosine similarity, ¢ is the tempera-

ture scaling factor. This contrastive learning strategy en-

sures that tumors simulated from similar treatment proto-

cols exhibit consistent attenuation effects, while those de-

rived from distinct protocols remain differentiable.

E |—log

3.3. Inverse Dynamics Model

Inverse Dynamics Model, which empowers our full frame-
work, aims to infer the most effective treatment strategy by
analyzing relationships between pre-treatment conditions,
intervention actions, and expected post-treatment outcomes.
We unfold its essence in three aspects: (1) Assitant Model;
(2) Heuristic Function and (3) TACE Protocol Exploration.
Assistant Model.  To better discriminate the tumor in
synthesized post-treatment CT &, we introduce a tumor
segmentation model as Assistant Model Hyey(-). Post-
treatment tumors are characterized by heterogeneous high-
intensity regions due to calcification/lipiodol deposition, ir-
regular shapes reflecting necrotic tissue changes, and re-
duced or absent contrast enhancement in viable tumor areas,
in contrast to traditional pre-treatment CT tumors. Thus, we
adapt a pre-trained nnUNet-based [34] model to this post-
treatment context by finetuning it on our ground truth pairs
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of post-treatment CT and mask. Given the well-trained As-
sistant Model, the simulated post-treatment CT & from Tu-
mor Generative Model is processed for the segmentation of
liver and tumor. The post-treatment CT with the predicted
mask  is subsequently utilized for survival analysis.
Heuristic Function. We use survival analysis model
to implement a heuristic function Hgy (zg, mo, &, mo, g),
which quantifies the efficacy under the specific TACE action
combo by the output risk score. Inspired by DeepSurv [35],
we utilize a 3D convolution-based model structure, the 3D
ResNet (MC3) [58], as the feature extractor of survival anal-
ysis model. Given the pre-treatment pair (o, mg) and sim-
ulated post-treatment pair (Z, 712), we extract their concate-
nated CT and mask, respectively, and bidirectionally align
the semantics of pre- and post-treatment by Cross-Attention
Transformer [37]. After that, we adopt an attention-based
aggregator to fuse pre- and post-features, followed by fc
layers to determine the risk score. The action combo with
a lower risk score should bring greater efficacy for the pa-
tient. Note that, for training, we leverage multi-task learn-
ing strategy, i.e., CoxPH [35] and OS regression, to improve
the generalization of survival analysis.

TACE Protocol Exploration. Given a combination of the
proposed models above, we are able to predict TACE pro-
tocol from any Pre-treatment CT z by a language treatment
goal g. To reason the optimal action combo, we propose to
search for a list of actions to reach g, corresponding to find-
ing a treatment plan consisting of both drug and embolism
components, which optimizes:

“4)

arg min
Z1. 5 ~mviM, fom
where H = Hy; + H..

With this objective in mind, we exhibit a tree-search ex-
ploration procedure. Our exploration algorithm initializes a
set of B parallel protocol beams. We sample the potential
action space composed of D drugs and E embolisms and
clinical rules using mypy. The clinical rules are introduced
to prune unreasonable branches, e.g., concomitant use of
multiple platinum-based agents is contraindicated due to the
risk of cumulative toxicity and myelosuppression. We se-
quentially explore the two parts to ensure that TACE pro-
tocol contains both drugs and embolism. For each current
action combo, we synthesize T' post-treatment tumors from
fom(zo, mp, a) to obtain a more reliable simulation. We
then use our heuristic function Hyyy (2o, Mo, &, 11, g) with
the assistance of Hyey (&) to select the generated tumor with
the best average survival score of T" replicas among D or E
actions. After every step of extending all beams, we discard
the beam with the worst survival score and replace its ac-
tion combo with the best beam. To prevent cumulative toxi-
city and organ dysfunction, we prohibit over-exploration by
drug horizon H; and embolism horizon H,. Our final ac-
tion combo is taken from the beam with the best survival

'%T:H = Hsurv(xmmou'%7HSeg(§j)7g)7



Algorithm 1 TACE Protocol Exploration with MeWM

horizon H g, Embolism horizon H.

: Input: Pre-treatment CT x, Pre-treatment tumor mask mg, Language treatment goal g
Functions: VLM Policy Model yLm, Dynamics Model fpm, Heuristic Function Hyury, Assistant Model Hgeg
Hyperparameters: Drug Actions factor D, Embolism Actions factor E, Tumor Generative factor 7, Protocol Beams B, Drug

# Initialize B Different TACE Protocol Beams

# Generate D Different Drug, &/ Embolism Actions, Clinical Rules

# Add Tumor with Lowest Risk to Plan

# Periodically Replace the Plan with High Risk

# Add Tumor with Lowest Risk to Plan

# Periodically Replace the Plan with High Risk

4: plans < [[zo] V i € {1...B}]
5: drugi:p,embor.g, rule < myim(zo, g)
6: forh =1...Hydo
7. forb=1...Bdo
8: tumors < [fom(z,drug;) forjin (1...7T) foriin (1... D) if rule] # Generate tumors from x and plans[b] under rule
9: plans[b].append(argmin(tumors, Hgur, Hyeg))
10:  end for
11:  max_idx, min_idx <— argmaz(plans, Haw, Hyg), argmin(plans, Hey, Hyeg)
12: plans[max_idx] <— plans[min_idx]
13: end for
14: forh=1...H. do
15: forb=1...Bdo
16: tumors <— [fom(z, embo;) forjin (1...T) foriin (1... E) if rule] # Generate tumors from = and plans[b] under rule
17: plans[b].append(argmin(tumors, Hgur, Hyeg))
18:  end for
19: max_idx, min_idx < argmax(plans, How, Hyeg), argmin(plans, Hory, Hyeg)
20: plans[max_idx] <— plans[min_idx]
21: end for
22: plan < argmin(plans, Hry, Hgeg)

# Return Plan with Lowest Risk

score and adopted as TACE protocol for the patient. The
pseudocode of our method is also provided in Algorithm 1.

4. Experiments

HCC-TACE In-house Dataset. We collect a large repos-
itory of 338 longitudinal paired pre- and post-treatment CT
scans with well-annotated liver/tumor masks and clinical
records, such as TACE radiotherapy reports as gold action
and Overall Survival (OS) time. We split the training set
(validation set included) and testing sets in the 9:1 ratio.
HCC-TACE-Seg Public Dataset [49]. For external vali-
dation, we use patients from HCC-TACE-Seg public dataset
referring to a single-institution collection with confirmed
HCC treated at The University of Texas MD Anderson
Cancer Center. We conduct data curation and preprocess-
ing to collect 78 cases containing pre-treatment CT, post-
treatment CT, TACE Gold Action, and OS time. We use
80% cases to fine-tune and validate MeWM and leave 20%
cases for the exploration evaluation.

4.1. Evaluation on Generation Quality

Visual Turing Test (Human Evaluation). We conduct
an action-driven Visual Turing Test on 240 CT scans of
post-treatment tumors, where 120 scans contain real post-
treatment tumors, and 120 scans contain synthetic post-
treatment tumors generated by different tumor synthesis
models. Three radiologists (R1-R3) participated in this
study, independently evaluating five groups of 48 CT scans
each and classifying them as either real or synthetic. It
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is important to note that the radiologists’ evaluations are
based on whether the synthetic tumor closely resembles a
post-treatment tumor, which typically contains a mixture of
lipiodol deposition, necrotic, and viable tumor regions, dis-
tinguishing it from ordinary pre-treatment tumors. The test
results are summarized in Table 1. The sensitivity scores
of all radiologists remain high (above 91%), demonstrating
their ability to correctly identify real post-treatment tumors.
However, specificity scores vary among the methods, in-
dicating different levels of realism in the synthetic tumors.
Notably, our method MeWM achieves the lowest specificity
scores (79.17% for R1, 70.83% for R2, and 75.00% for R3),
suggesting that a large proportion of synthetic tumors gen-
erated by our approach are mistaken as real. This indicates
superior realism compared to other methods such as Syn-
Tumor [30], Pixel2Cancer [38], DiffTumor [11], and Tex-
toMorph [43]. Figure 4 illustrates examples from the test,
where a real tumor is compared with synthetic tumors that
radiologists correctly or incorrectly classified. This high-
lights synthetic tumors closely resemble real ones.

Perceptual Evaluation. We perform perceptual evalua-
tion using FID and LPIPS scores, where lower values indi-
cate better simulation quality. Our method achieves the best
FID (0.71) and LPIPS (0.6120), demonstrating the highest
fidelity in synthetic tumor generation. These results confirm
that MeWM effectively synthesizes realistic post-treatment
tumors, making it more challenging for radiologists to dis-
tinguish between real and synthetic cases.



Table 1. Action-driven Visual Turing Test involves three radiologists (R1-R3) each evaluating five groups of 48 CT scans each, with 24
real post-treatment tumors and 24 synthetic post-treatment tumors from a tumor generative model, respectively. They were tasked with
categorizing each CT scan as either real or synthetic. A higher sensitivity score indicates better discriminative ability of radiologists, while
a lower specificity score indicates a higher number of synthetic tumors being identified as real. We also provide perceptual evaluation using
FID and LPIPS compared to corresponding real post-treatment scans. Lower FID and LPIPS indicate better simulation results.

Methods R1 R2 R3 Perceptual metrics
sensitivity — specificity | accuracy | sensitivity  specificity | accuracy | sensitivity  specificity | accuracy | FIDJ LPIPS|
SynTumor [30] 100.0 95.83 97.92 87.50 95.83 91.67 100.0 95.83 97.92 3.33 0.6832
Pixel2Cancer [38] 95.83 100.0 97.92 91.67 95.83 93.75 100.0 100.0 100.0 3.34 0.6831
DiffTumor [11] 100.0 91.67 95.83 95.83 87.50 91.67 100.0 87.50 93.75 1.40 0.7660
TextoMorph [43] 100.0 91.67 95.83 91.67 83.33 87.50 95.83 87.50 91.67 1.03 09111
MeWM (Ours) 100.0 79.17 89.58 91.67 70.83 81.25 91.67 75.00 83.33 0.71 0.6120

Figure 4. Examples of Visual Turing Test. We present one real
tumor alongside examples of synthetic tumors that were correctly
and incorrectly identified. A red dot indicates the radiologist clas-
sified the post-treatment tumor as synthetic, while a green dot sig-
nifies it was identified as real.
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Figure 5. Performance of heuristic function on survival analy-
sis. The first three heatmaps show the true risk distribution, Cox
model predictions, and our heuristic function predictions. The last
two depict prediction errors, with lower MSE (0.2142) for our
model compared to the Cox model (0.3550), demonstrating im-
proved accuracy in capturing localized risk patterns.

4.2. Survival Analysis

In Figure 5, we evaluate survival risk regression between
the popular Cox Proportional Hazards model [20] and our
heuristic function model on the HCC-TACE-Seg dataset.
The true risk distribution (left) is estimated using the
Nelson-Aalen estimator [14]. The Cox model fails to ac-
curately distinguish between high- and low-risk samples
from low-dimensional deep features, resulting in an overly
smoothed risk distribution. In contrast, our model produces
a risk map that better aligns with the true distribution, ef-

ics-based Cox Model: c-index=0.472, p-value=9.255e-01

— Hignisk | 10
Low Risk
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Our Deep Model: c-index=0.752, p-value=6.740e-05
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Figure 6. Kaplan-Meier Survival Curves: Radiomics-based
Cox Model [60] vs. our deep model. The left shows the sur-
vival curves predicted by the Cox model based on Radiomics fea-
tures. The right presents the survival curves from our model based
on deep features, which achieves a significantly higher c-index
of 0.752 and a log-rank p-value of 6.74e — 5, demonstrating a
stronger ability to distinguish between high- and low-risk groups.
Shaded areas represent confidence intervals.

fectively capturing variations in risk levels. Error analysis
shows higher Mean Square Error (MSE), i.e., 0.3550 for
Cox and lower MSE, 0.2142 for our model, indicating supe-
rior accuracy. Figure 6 further presents Kaplan-Meier sur-
vival curves comparing risk stratification performance be-
tween the Radiomics-based Cox model and our deep model.
These results demonstrate that our heuristic function better
estimates survival risks, reduces prediction errors, and cap-
tures complex patterns beyond the capabilities of the Cox
model and radiomics features.

4.3. Results on TACE Protocol Exploration

Evaluation Strategy.  For treatment planning evaluation,
we utilize four metrics in Table 2: (1) FI-score: harmonizes
Precision and Recall, balancing redundancy and omissions;
(2) Jaccard Index: measures prediction overlap with gold
actions, emphasizing category-level alignment; (3) Preci-
sion: reflects recommendation purity, penalizing incorrect
or redundant drugs/embolisms; (4) Recall: captures thera-
peutic coverage, highlighting critical omissions.

Partial Observation Misleads GPTs. For Multi-
modal Large Language Models (e.g., GPT-40, MedGPT,
HuatuoGPT-Vision), they are prompted with pre-treatment
CT slices and allowed to predict the action combo from the
given action set. These inferior results (over -10% in F1-
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Table 2. TACE Protocol Exploration Evaluation on HCC-TACE in-house dataset and public dataset. F1-score, Jaccard index,
Precision, and Recall are computed between the predicted action combo and gold action. MeWM significantly advances multimodal GPTs
in exploring optimal individualized treatment protocol across all metrics, even comparable to interventional physicians.

Methods In-house dataset Public dataset
F1-scoret Jaccardf PrecisionT Recallf F1-scoret Jaccard! Precision? Recallf

Physician w/ Pre-CT 48.81 38.44 46.67 54.67 7143 63.10 66.67 78.57
Physician w/ MeWM 61.51 (+13%) 49.89 60.89 65.44 | 80.00 (+9%) 73.81 76.16 85.71
Qwen2.5-VL [2] 37.09 24.49 34.44 41.83 47.14 34.40 53.57 42.86
GPT-4o [33] 41.97 27.81 35.93 52.78 44.29 32.74 57.14 38.10
Claude-3.7-sonnet [1] 40.93 28.55 45.83 37.78 44.76 33.81 64.29 35.71
CT2Rep [27] 27.75 17.21 30.83 25.83 43.61 28.57 53.57 37.50
MedGPT [16, 48] 37.51 25.57 32.78 4521 47.14 40.48 50.00 45.24
HuatuoGPT-Vision [69] 40.13 29.08 40.11 42.28 52.62 42.26 54.76 51.19
MeWM(Ours) 52.38 38.59 63.06 46.17 64.08 48.45 72.62 58.93

Table 3. Ablation studies of TACE protocol exploration on both
datasets. “AM” denotes Assistant Model, while “CCL” denotes
Combo Contrastive Learning. Two components significantly con-
tribute to better exploring the optimal treatment.

. In-house dataset Public dataset
Metrics 1
w/o AM w/o CCL w/o AM w/o CCL
Fl-score  49.13(-3.9) 50.97 (-1.4) | 60.03 (-4.1) 62.90 (-1.2)
Jaccard 35.40(-3.2) 36.76 (-1.8) | 4536 (-3.1) 46.97 (-1.5)
Precision  56.39 (-6.7)  60.57 (-2.5) | 75.00 (+2.4) 70.10 (-2.5)
Recall 4522 (-1.0) 45.36 (-0.8) | 52.38 (-5.6) 56.72 (-2.2)

score) to MeWM demonstrate that it tends to make deficient
planning relying solely on vision-language models and their
commonsense reasoning. This also validates the necessity
of simulation from pre-treatment to post-treatment.
MeWM as A Clinical Decision-support Tool. MeWM
demonstrates significant potential in augmenting the ca-
pabilities of radiologists and physicians, underscoring its
clinical relevance in optimizing TACE planning. Reliance
solely on pre-treatment CT often results in partial ob-
servation and suboptimal targeting due to heterogeneous
pathological conditions. By incorporating MeWM'’s rec-
ommended protocol, clinical decision-making is markedly
enhanced, yielding performance improvements of 12.70,
11.45, 14.22, and 10.77 in Fl-score, Jaccard, Precision,
and Recall on our dataset. MeWM facilitates accurate tu-
mor localization and enables predictive assessment of post-
embolization outcomes, thereby reducing procedural uncer-
tainty. Moreover, its synthetic post-treatment CT projec-
tions help anticipate embolization efficacy, optimize TACE
distribution, and mitigate non-target embolization risks,
contributing to enhanced therapeutic precision and individ-
ualized strategies. MeWM serves as a critical decision-
support tool in interventional oncology, bridging anatomi-
cal imaging with functional assessment for meaningful clin-
ical outcomes. As shown in Figure 7, interventional physi-
cians refine TACE protocols by MeWM intervention, align-
ing treatment with expert practices.

Ablation Study. As shown in Table 3, we ablate the
effectiveness of Assitant Model and Combo Contrastive

8326

Radiologist TACE Protocol

: Raltitrexed; Lobaplatin; Idarubic;n‘
Diagnose| Embolism: Lipiodol; Gelatin Sponge

-

Final TACE Protocol

Simulation Intervencion

: Raltitrexed; Lobaplatin
Embolism: Lipiodol [
MeWM TACE Protocol

MeWM

Figure 7. Example of MeWM intervention in clinical applica-
tions. The radiologist initially proposes a TACE protocol with
Raltitrexed, Lobaplatin, Idarubicin, and embolization using Li-
piodol and Gelatin Sponge. MeWM simulates a protocol with
Raltitrexed, Lobaplatin, and Lipiodol. After intervention, the op-
timized protocol removes Idarubicin but restores Gelatin Sponge,
aligning with gold action.

Learning (CCL) in TACE Protocol Exploration. The results
demonstrate that both the Assistant Model and Combo Con-
trastive Learning (CCL) contribute significantly to its per-
formance. Removing the assistant model, which provides
the location information of tumors for heuristic function,
leads to a critical drop in Fl-score (52.38—49.13) on our
dataset, as well as on public dataset. Similarly, omitting
CCL reduces Fl1-score (e.g., 52.38—50.97), indicating that
CCL enhances the model’s discrimination on action units.
Overall, MeWM achieves the best results across all metrics,
even outperforming radiologists in some areas.

5. Conclusion

We present Medical World Model, which marks a step to-
ward Al-driven precision medicine by simulating disease
evolution and optimizing clinical strategies. By bridging
generative modeling with medical decision-making, it en-
ables a deeper understanding of treatment outcomes and re-
fines intervention planning. The advancements of MeWM
in tumor synthesis and survival analysis set the stage for
future Al systems that seamlessly integrate with clinical
workflows, driving the next generation of longitudinal data-
driven healthcare.
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