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Abstract: Multiple myeloma (MM) is a heterogeneous and incurable cancer of
plasma cells in which patients experience repeated disease relapses and widely
variable survival outcomes. Existing risk prediction models focus primarily on patients
at initial diagnosis, leaving a critical gap for individuals with relapsed or refractory
disease, where previous treatments could potentially influence future outcomes.
Computational virtual twins (VTs) represent a promising approach for personalized
medicine by continuously updating patient-specific predictions as new clinical
information becomes available. However, enabling such personalized prediction
requires artificial intelligence (Al) models that can jointly represent disease trajectories
and heterogeneous, longitudinal patient data.

We present DG-MSM, a generative multi-state deep learning framework designed
as the computational foundation for VT modeling. The model jointly learns disease-
state transitions, event timing, and heterogeneous longitudinal patient characteristics,
incorporating the full patient history into the risk assessment. Beyond dynamic risk
prediction, this generative structure enables uncertainty-aware, patient-specific
simulation of future disease trajectories, allowing outcomes to be examined as full
predictive distributions rather than single risk scores. DG-MSM achieves competitive
performance relative to dedicated time-to-event models, while providing long-term
survival predictions that grow more accurate as a patient's treatment history
accumulates, an advantage most pronounced in later treatment lines. These findings
demonstrate the potential of DG-MSM to enable predictive virtual twins in MM and
other chronic diseases, providing dynamically updated prognosis, individualized risk
assessment, and patient-specific trajectory simulation to support treatment planning.



Introduction

Multiple myeloma (MM) is a heterogeneous and incurable cancer characterized by
complex disease trajectories, repeated relapses, and substantial variability in patient
outcomes '. While accurately predicting these outcomes is essential for treatment
planning 2, classical risk stratification approaches for MM assign patients to broad risk
groups at diagnosis without predicting individual outcomes or accounting for the impact
of specific treatment sequences 3-°. Deep learning methods have demonstrated the ability
to overcome these limitations by incorporating high-dimensional, multimodal data,
including clinical variables, genomics, and longitudinal biomarkers ©. The recently
proposed Individualized Risk Model for MM (IRMMa) represents a significant advance
toward individualized prognosis in newly diagnosed MM (NDMM) by integrating clinical,
genomic, and treatment data within a multi-state framework 7. However, IRMMa's
predictions are conditioned on covariates assessed at diagnosis and do not update as
the disease evolves. More broadly, current risk assessment remains largely focused on
NDMM, despite management of relapsed or refractory MM (RRMM) being fundamentally
shaped by the patient's treatment history, making individualized, dynamically updated

prediction in later lines of therapy (LoT) a critical open challenge 8°.

Computational virtual twins (VTs) are a promising conceptual framework for addressing
this challenge '%''. Within the CERTAINTY consortium, a VT is defined as an in silico
system integrating multiple patient-specific computational models across biological
scales to simulate disease and treatment trajectories '2. Weirauch et al. identify data-
driven artificial intelligence (Al) models as essential components of VT architectures, with
applications such as clinical decision-support software that guides optimal treatment
sequences based on patient-specific probabilistic assessments. At the disease-trajectory
level, this requires models that can represent sequential state transitions, generate
patient-specific predictions conditioned on evolving longitudinal data, and quantify
predictive uncertainty. MM patients progress through sequential LoTs '3, face competing
risks of relapse and death at each stage, and accumulate longitudinal clinical histories

that increasingly inform the prediction of possible outcomes. Consequently, a dynamic



VT model would be particularly valuable for supporting the repeated treatment decisions

that define long-term MM management.

A variety of statistical and Al-based approaches have been developed to address distinct
aspects of this challenge. Deep learning survival models such as DeepHit '* and CoxTime
5 have advanced discriminative performance for time-to-event prediction. Variational
autoencoder (VAE)-based approaches like CR-SAVAE '® instead jointly learn a
generative model of covariates and time-to-event outcomes, deriving parametric, per-risk
survival distributions from a shared latent representation. However, these methods are
designed for the prediction of individual events or competing risks rather than modeling
complete multi-state trajectories. Classical multi-state models (MSMs) 718 provide a
theoretical framework for sequential transitions, yet typically require Markov or semi-
Markov assumptions and proportional hazards for each transition, limiting their flexibility
for high-dimensional, heterogeneous, and irregularly sampled longitudinal data.
Generative approaches for clinical data, including heterogeneous incomplete variational
autoencoder (HI-VAE) '°® and MultiNODEs 2°, have demonstrated the ability to produce
realistic synthetic patient data with heterogeneous feature types, although they were not
designed for event-time modeling or multi-state dynamics. Recent large language model
(LLM)-based approaches have been proposed for laboratory value forecasting 222 in the
context of VTs, but they address different modeling tasks than generative trajectory
simulation with calibrated uncertainty. While each of these directions advances an
important aspect of patient modeling, developing flexible Al-driven strategies that jointly
predict patient trajectories across multiple disease states while learning the underlying

data-generating process remains a significant methodological gap.

To address this gap, we propose Dynamic Generative Multi-State Model (DG-MSM), a
deep generative multi-state framework that jointly learns the full disease trajectory,
including state transitions, event times, and heterogeneous longitudinal covariates.
Compared to existing approaches that either fit models to individual events or require
strong parametric assumptions about transition hazards, DG-MSM combines variational
inference with a discrete-time multi-state jump process. This enables history-aware



predictions while simultaneously learning a longitudinal latent patient representation. As
a fully generative model, DG-MSM enables not only individualized dynamic risk prediction
that improves as patient history accumulates, but also patient-specific trajectory
simulation and synthetic data generation. We evaluate DG-MSM on two distinct datasets
- a real-world MM database and an observational clinical study. We demonstrate
competitive discriminative performance relative to dedicated survival models and patient-
specific calibrated prediction intervals that can be updated as new data become available.
These results establish DG-MSM as a computational foundation for disease-trajectory

modeling within VT architectures.
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Fig. 1: Schematic overview of DG-MSM as a computational foundation of a VT.

DG-MSM as a Flexible Model Architecture for Multi-State Disease Processes

We propose DG-MSM, a generative deep learning model for simulating complete patient
disease trajectories within a clinically defined multi-state process (Fig. 1). DG-MSM jointly
models the sequence and timing of clinical events and the covariates observed in each
state, conditioned on the patient’s entire medical history up to that point. The model
consists of three components: a HI-VAE for baseline covariates, a recurrent variational
autoencoder for longitudinal visit data, and a prediction head for Multi-State Risks in
Discrete Time (MuStaRDT). The baseline HI-VAE module encodes static patient



characteristics into a latent representation. This representation initializes the recurrent
encoder, which sequentially processes the clinical observations accumulated along the
trajectory, building a latent memory that integrates information from the full observed
history without requiring Markov assumptions. The latent memory representation,
together with the current clinical observations and the patient's baseline latent
characteristics, is passed to the multi-state transition head, which outputs probability
distributions over reachable event types and their time-to-occurrence. The model handles
heterogeneous data types (e.g., continuous, categorical, and ordinal) and missing values
via feature-specific likelihood functions. For further details on the architecture and training
procedure, we refer to the Methods section. Evaluation of synthetic data generated by
conditioning on baseline covariates is shown in the supplementary material

(Supplementary Fig. 1 and 2).
MSM Design Based on Data Characteristics

We validated the model’s risk predictions using two individual datasets representing
different data types collected in this field and compared its performance against three
previously established models (Table 1). While the CoMMpass study (NCT01454297) is
an observational clinical study with detailed response assessments, TriNetX provides
treatment-focused real-world data. Following the preprocessing steps and covariate
selection described in the Methods section, a total of 1,008 patients from CoMMpass and

8,878 patients from TriNetX were included in the analysis.

In MM, treatment is structured in sequential LoTs, as the disease is currently considered
incurable and patients may require subsequent treatments due to disease persistence,
relapse, progression, or inadequate response to prior therapies. Each subsequent line
therefore reflects a new clinical context shaped by prior treatment exposure, treatment
response, disease status, and available therapeutic options. Accordingly, we defined the
MSM using LoTs as clinically meaningful treatment phases representing different stages
of the patient journey. This design enables dynamic estimation of survival risks based on
the patient’s current treatment context and aims to support individualized risk assessment

at clinically relevant decision points.



We defined dataset-specific multi-state graphs that appropriately reflect the
characteristics of each setting (Fig. 2). This approach accounts for differences in data
availability, follow-up duration, and clinical granularity between the two datasets. For
TriNetX, five LoT states were included because later treatment lines contained
substantially fewer patients and transition events (Supplementary Fig. 3), limiting reliable
estimation of transition probabilities. Thus, restricting the graph to five LoT states allowed
robust estimation while preserving clinically relevant treatment trajectories. For
CoMMpass, the multi-state structure reflects the available clinical follow-up and response
assessments, such that the sojourn time (i.e., the duration a patient spends in a state
before transitioning) in the initial state corresponds to progression-free survival (PFS),
and the sojourn time in the second state represents survival following the first disease

progression (Supplementary Fig. 4).

Summary statistic CoMMpass TriNetX
Number of patients 1,008 8,878
Age, median (mean) 63 (62.85) 71 (70.01)

Female, n (%)

400 (39.7%)

3592 (40.5%)

ISS | at baseline, n (%)

375 (37.2%)

1524 (17.2%)

ISS Il at baseline, n (%)

365 (36.2%)

4025 (45.3%)

ISS Il at baseline, n (%)

268 (26.6%)

3329 (37.5%)

Median follow-up, years

6.65

3.16

Median OS, years

8.53

7.07

Deaths, n (%)

296 (29.4%)

1856 (20.9%)

Table 1: Summary statistics of the CoMMpas and TriNetX datasets. ISS: International Staging System.

OS: Overall survival.
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Fig. 2: The multi-state graphs for the two use cases: a) the TriNetX dataset and b) the CoMMpass

Treatment
Start
n=1,008

dataset. (PD: progressive disease).

State-Specific Risk Assessment

We evaluate the risk prediction performance of the proposed model by estimating the
individual-level sojourn time in the current state. Specifically, for each entry into a non-
terminal state, we treat the subsequent time until the next transition or censoring as a
right-censored outcome and evaluate each state-visit as an individual time-to-event
setting. This allows a direct comparison between MSMs and standard time-to-event
models that predict classical survival distributions. We compare DG-MSM against three
baseline models representing distinct modeling paradigms: neural non-proportional
hazard models, discrete-time competing-risks models, and classical multi-state
regression. CoxTime '® represents neural Cox-based models with non-proportional, non-
linear hazards, while DeepHit ' provides a discrete-time competing-risks model closest
in structure to DG-MSM's per-state transition head. For both, we fit separate state-specific
models predicting sojourn time in each non-terminal state, with DeepHit treating possible
outgoing transitions as competing events. As the classical statistical baseline, we
consider a semi-Markov Cox-based MSM (i.e., using time since entry into the current
state as the time scale) with transition-specific baseline hazards and ridge penalization,
implemented using the mstate R package '’. Unlike the per-state CoxTime and DeepHit
models, DG-MSM and the Cox-MSM each fit a single joint model over complete multi-
state trajectories. We assess the state-specific risk predictions using the concordance

index (C-index) 23, with and without inverse probability of censoring weighting (IPCW),



time-dependent area under the receiver operating characteristic curve (AUC(t)), and

integrated Brier score (IBS).

Use Case 1: Real-World Data (TriNetX)

Per-state risk prediction on the TriNetX dataset was assessed using 5-fold cross-
validation (CV) stratified by each patient’s last observed LoT. Among the evaluated
metrics, IBS is particularly informative for sojourn-time prediction because it summarizes
prediction error over time. DG-MSM achieves the best mean performance across states
for all metrics (C-index 0.697, IPCW C-index 0.682, IBS 0.102, and mean AUC(t) 0.739;
Supplementary Table 1). It also yields the lowest IBS in every LoT, suggesting the most
accurate sojourn-time prediction (Fig. 3d). The only exception to DG-MSM's otherwise
leading performance occurred at LoT 1, where CoxTime achieved marginally higher
concordance (C-index 0.682 vs. 0.677, Fig. 3a; IPCW C-index 0.664 vs. 0.658, Fig. 3b),
although DG-MSM already achieved the lowest IBS and highest AUC(t) at this line. From

LoT 2 onward, DG-MSM led across all four metrics.

Overall, the deep learning models outperform the classical Cox-MSM in most states,
which may reflect greater flexibility to capture non-linear covariate effects and non-
proportional hazards. CoxTime and DeepHit followed similar trends across treatment
lines, with CoxTime consistently achieving somewhat higher discrimination and lower
prediction error. DG-MSM's advantage becomes more apparent in later treatment lines,
most notably in LoT 5, where it achieves an IPCW-adjusted C-index of 0.758 and an
AUC(t) of 0.852, compared with 0.698 and 0.773 for CoxTime (Fig. 3c). This pattern is
consistent with the DG-MSM architecture, in which recurrent history encoding may

accumulate clinically relevant information across treatment lines.

Across most models, IBS increases in later LoTs, consistent with the smaller cohort size
and higher censoring at these states (Supplementary Fig. 3). DG-MSM and Cox-MSM
instead showed a decrease in IBS at LoT 5, which may partly reflect that LoT 5 permits
only a single outgoing transition to death rather than the competing progression/death
choice present at earlier lines. Cox-MSM showed a similar gain in concordance at LoT 5

(C-index from 0.596 to 0.696, the largest single-line change of any model), while CoxTime



and DeepHit improved only modestly (+0.045 and +0.042). This shared behavior between
the two joint MSMs suggests the effect comes from LoT 5's simplified transition structure

rather than from DG-MSM's recurrent architecture specifically.
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Fig. 3: Results for 5-fold nested CV using the TriNetX dataset. a) C-index, b) C-index with IPCW, c)
integrated AUC over time, d) integrated Brier score (IBS). Please note that lower IBS indicates better
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Use Case 2: Study Data (CoMMpass)

As an additional validation of our framework, we repeated the 5-fold CV experiment on
the CoMMpass clinical dataset. This use case assesses the applicability of the proposed
models to a dataset with a different structure and clinical data representation than those
used in the previous analysis. Model performance was evaluated using the same metrics
as in the TriNetX use case. At treatment start, where no trajectory history exists yet, DG-
MSM, Cox-MSM, and CoxTime performed comparably across all four metrics (Fig. 4,
e.g., C-index: 0.678, 0.680, and 0.670, respectively), while DeepHit performed worse
throughout. DG-MSM achieved a better AUC(t) (0.723 vs. 0.721 for Cox-MSM, Fig. 4c)
but a slightly higher IBS than Cox-MSM (0.186 vs. 0.178, Fig. 4d). The comparable
performance across models at this state is consistent with DG-MSM's recurrent encoder

having no accumulated history to utilize.

After the first disease progression, DG-MSM's discriminative advantage became clearer.
It achieved the highest C-index among all models, both without (0.741 vs. 0.725 for
CoxTime and 0.718 for Cox-MSM, Fig. 4a) and with IPCW (0.696 vs. 0.687 and 0.665,
respectively, Fig. 4b). CoxTime, however, became a considerably stronger baseline at
this state than at treatment initiation, matching Cox-MSM's AUC(t) (0.734, both models)
and achieving a marginally lower IBS than DG-MSM (0.205 vs. 0.208). DG-MSM
nonetheless retained the highest AUC(t) among the multi-state approaches at this state
(0.743) and continued to outperform DeepHit on every metric in both states. Estimates
after first disease progression also carried substantially greater cross-fold variability than
at treatment initiation (e.g., C-index standard deviation 0.036-0.067 vs. 0.027-0.035,
Supplementary Table 2), consistent with the smaller number of patients and observed

events available for this state (n=368, 53.8% censored, Supplementary Fig. 4).

Taken together, DG-MSM and Cox-MSM consistently outperformed DeepHit, showing
that explicit modeling of disease progression structure can provide measurable gains
even in this simpler, two-state setting. DG-MSM's own advantage over Cox-MSM was
concentrated specifically in discrimination after the first recorded transition, while its
prediction error (i.e., IBS) was modestly higher than Cox-MSM's, and after first disease

10



progression also higher than CoxTime's, indicating that its discriminative gains in this
smaller, structurally simpler setting are not fully mirrored in overall prediction error. DG-
MSM nonetheless exhibited the lowest cross-fold IBS variance among all deep learning
models, indicating stable predictions across patient subgroups. These results support the
hypothesis that longitudinal history encoding becomes increasingly valuable as patients
accumulate clinical events and show that a single generative model remains competitive
with, and in several respects exceeds, dedicated survival models even in a comparatively

low-data, low-complexity setting.
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Fig. 4: Results for 5-fold nested CV using the CoMMpass dataset. a) C-index, b) C-index with IPCW, ¢)
integrated AUC over time, d) integrated Brier score. Please note that lower IBS indicates better
calibration and discrimination, whereas for a) - ¢) a higher value indicates stronger discrimination.

Patient-specific Simulations

Beyond discriminative risk prediction, DG-MSM's generative structure simulates a
distribution of future disease trajectories for each patient, conditioned on their clinical
history. This is implemented by repeatedly sampling possible future trajectories from the
model, conditioned on each patient's history up to their current state, from which any

outcome of interest, such as overall survival (OS), can be estimated as described in
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Methods. We evaluated whether the resulting predictive distributions are themselves
statistically trustworthy, and how the resulting point estimates of residual OS compare to
a conventional discriminative benchmark as more history accumulates. We assessed this
directly on the TriNetX dataset, using the same five-fold CV splits as above. We focused
on treatment initiation (LoT 1), which comprises the full test cohort in every fold and
represents the most demanding case in the sequence, since OS predictions from this
state require the longest, most compounded simulated horizon of any landmark (full
calibration results are shown in Supplementary Fig. 5-8). For each patient, we sampled
1,000 future trajectories conditional on baseline and current-state covariates. We
assessed distributional (D-)calibration 24 and the prediction interval coverage probability
PICP(a) 25, pooled across all five folds. The PICP(a) was adapted to right-censored

outcomes via IPCW restricted to patients with an observed event.

D-calibration for OS showed a deviation from uniformity that was small in absolute
magnitude, with a maximum cumulative distribution function (CDF) deviation of 0.030
(Fig. 5h), indicating that observed deaths occurred slightly later than implied by each
patient's predicted distribution. Given the large pooled sample size (N = 8,878), even this
modest deviation was formally detectable (y?> = 48.0, p = 2.5 x 1077). Expressed as the
D-calibration effect size R(6)%®, this deviation was small (R(8) =5.4x 107%,
corresponding to Cohen’s w = 0.07%7). Prediction-interval coverage showed the same
pattern: the PICP(a) exceeded nominal levels throughout, consistent with intervals that

are wider than strictly required rather than falsely narrow (Fig. 59).

For comparison, sojourn time showed no detectable deviation from uniformity (x? = 5.5,
p = 0.79) and a substantially smaller effect size than OS (R(8) = 6.2 x 107>, Cohen’sw =
0.02), with maximum CDF deviation 0.005 (Fig. 5d). The PICP(«) for sojourn time in LoT
1 also exceeded nominal levels throughout, by a smaller margin than for OS (Fig. 5c).
The modest deviation in OS likely reflects error accumulation across recursive transitions,
as OS prediction propagates uncertainty across multiple transitions, unlike sojourn time,

which involves a single event. Together, these results show that DG-MSM's simulated

12



trajectories are calibrated, patient-specific predictive distributions, and that this calibration

is preserved across the recursive simulation required to generate long-term trajectories.
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Dynamic Updating of Risk Predictions

Building on the simulation-based residual OS estimates introduced above, we next
evaluated how discrimination for residual OS changes as additional treatment history
accumulates along the patient's trajectory. In this analysis, we focused on the TriNetX
dataset, which provides longer follow-up across later treatment lines, and results were
generated over the same 5-fold CV splits used in the previous analyses. For each patient
in the test split and observed LoT, we used this simulation procedure to estimate residual
OS at each state, as described in Methods. As a comparative benchmark, we trained a
separate CoxPH model with elastic-net regularization for each LoT using the same outer

CV splits and hyperparameter optimization procedure. CoxPH therefore provides a

13



conventional comparator that estimates residual survival from the information available
at the current LoT (Fig. 6).

In earlier treatment lines, where longitudinal information remains limited, CoxPH was
competitive and, in some cases, performed slightly better than DG-MSM. At LoT 1,
CoxPH achieved a higher integrated AUC (t) score than DG-MSM (0.682 vs. 0.667) and
a lower IBS (0.157 vs. 0.169), with a similar pattern observed at LoT 2. This pattern is
consistent with the simpler CoxPH model yielding more stable long-range risk rankings,
whereas DG-MSM propagates uncertainty through repeated stochastic simulation of
future trajectories. From LoT 3 onward, DG-MSM consistently outperformed CoxPH on
discrimination, and the gap widened at later treatment lines. Integrated AUC (t) increased
from 0.737 at LoT 3 to 0.769 at LoT 4 and 0.852 at LoT 5 for DG-MSM, compared with
0.702, 0.688, and 0.793 for CoxPH. The same trend was observed for concordance, with
DG-MSM achieving IPCW C-index values of 0.702 at LoT 3, 0.720 at LoT 4, and 0.758
at LoT 5, compared to 0.653, 0.641, and 0.696 for CoxPH. Prediction error showed a
similar pattern: CoxPH had marginally lower IBS through LoT 3 (e.g., 0.164 vs. 0.168 at
LoT 3), but DG-MSM performed better from LoT 4 onward, with the largest improvement
at LoT 5 (0.108 vs. 0.163). At LoT 4 and LoT 5, DG-MSM outperformed CoxPH across

all four metrics.

Overall, these findings suggest that modeling the evolving treatment trajectory is most
beneficial once sufficient longitudinal history is available. The widening gap between DG-
MSM and CoxPH at later LoTs indicates that the sequence of prior treatment states
contains additional prognostic signals that improve residual OS prediction compared with

models based only on the current LoT.
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Discussion

In this work, we presented DG-MSM, a dynamic generative MSM that jointly addresses
multi-state transitions, generative modeling of heterogeneous incomplete covariates, and
long-term survival simulation within a single framework. The model supports state-specific
risk assessment, dynamically updated risk predictions, and patient-specific forward
simulation with empirically validated calibration of its simulated uncertainty. From a
clinical perspective, DG-MSM complements established staging systems (ISS 3, R-ISS 4)
by incorporating longitudinal trajectory information that static baseline assessments, by

design, do not capture.

The discrete-time categorical formulation avoids restrictive distributional assumptions on

transition hazards, while the recurrent memory state relaxes the Markov assumption by
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allowing transitions to depend on the full observed history rather than only the current
state. Unlike modular approaches that chain independent imputation, prediction, and
generation steps, DG-MSM optimizes all components jointly within a single variational
inference framework. This ensures that the learned patient representation is designed to
capture those features that are simultaneously informative for state transitions, covariate
reconstruction, and trajectory simulation. As a result, DG-MSM outperformed dedicated
per-state models (e.g., CoxTime and DeepHit) in the majority of evaluated cases and
achieved comparable performance in the remaining cases, while capturing non-linear,

non-proportional covariate effects that the classical Cox-MSM cannot represent.

On the TriNetX dataset, DG-MSM achieved the best mean performance across all states,
with its discriminative advantage growing progressively from early treatment lines to later
lines, where the accumulated trajectory history provided increasingly informative
conditioning signals. This pattern is consistent with the architectural hypothesis that a
recurrent encoder that accumulates patient history becomes most valuable where
treatment decisions are increasingly difficult and where simpler models lack access to the

sequential history needed to leverage prior disease dynamics.

On the CoMMpass dataset, DG-MSM demonstrated robust generalization to a lower-
resource setting with shorter trajectory depth (two non-terminal states), achieving the
highest mean C-index and AUC(t) across both states overall. This discriminative
advantage was concentrated in the state following first disease progression, where prior
transition history becomes available to the recurrent encoder, while performance at
treatment initiation was comparable to the classical Cox-MSM. These results confirm that
DG-MSM's architecture adapts across data regimes rather than requiring long trajectories

to function.

Conditional simulation suggests that incorporating longitudinal visit information can
improve long-term survival prediction relative to approaches that rely only on information
available at the current treatment line. These findings indicate that the recurrent memory
captures clinically meaningful aspects of disease evolution that are not represented by a

single treatment state alone. Although the LoT-specific Cox benchmark model remained
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competitive at the earliest treatment lines, DG-MSM showed increasing discriminative
advantage from the third line onward, with prediction error also improving from the fourth
line, particularly at later treatment lines where a more comprehensive treatment history is
available. Taken together, these findings suggest that the predictive benefit of DG-MSM

becomes more apparent as more longitudinal patient information becomes available.

The conditional simulation framework of DG-MSM provides a computational basis for VT
approaches, in which a patient-specific generative model explores plausible future
disease trajectories given an individual's observed history. Since the model's predictions
update continuously as new clinical events are recorded without requiring re-training or a
separately refit model at each treatment line, the framework follows the patients’
treatment trajectory rather than providing a fixed forecast at a single time point. Instead
of generating a single survival estimate, the model thus produces a distribution of possible
future outcomes, allowing uncertainty in disease progression to be explicitly represented.
For such a distribution to be clinically meaningful, the observed frequency of the outcome
should correspond closely to the predicted probability among patients assigned that
probability. We assessed this directly and found DG-MSM's simulations to be closely,
though not perfectly, calibrated at treatment initiation, with prediction intervals mildly
conservative rather than overconfident. Notably, calibration for OS, which requires the full
recursive simulation to a terminal state, was only modestly worse than for sojourn time,
which involves a single simulated transition, suggesting that any additional uncertainty
introduced by repeated stochastic sampling remains limited in magnitude rather than
compounding substantially across long simulated horizons. This property is a prerequisite
specifically for VT applications, which require simulating arbitrarily far into a patient's
future rather than over a single fixed horizon. As demonstrated in the dynamic prediction
experiment, discriminative accuracy for residual OS also improved with increasing
longitudinal follow-up, most notably from the third treatment line onward, suggesting that
the model increasingly benefits from information accumulated throughout the patient's
disease course. In principle, such calibrated simulations could inform clinically actionable
questions, such as the probability of progression within a specific time horizon or the

expected duration of the current treatment line.

17



While DG-MSM provides a joint framework to predict and simulate patient trajectories,
several limitations should be acknowledged. The multi-state transition head operates on
a discretized time scale, which introduces a resolution ceiling determined by the number
of time bins. Although sufficient for modeling treatment-line transitions, this discretization
may limit applicability to settings requiring finer temporal granularity. From a deployment
perspective, patient-specific trajectory simulation relies on Monte Carlo sampling,
requiring hundreds of forward passes through the recurrent architecture to obtain stable
distributional estimates. While acceptable for retrospective research, this computational
overhead may limit real-time integration into clinical workflows. Finally, although the
architecture is designed to be disease-agnostic, our experiments focus exclusively on
MM, and generalization to other domains with different state structures and transition

dynamics remains to be demonstrated.

These limitations motivate several directions for future work. The discrete-time transition
module could be replaced by continuous-time hazard models or neural ordinary
differential equations (neural ODEs), removing the dependency on a fixed time grid and
enabling application to settings with irregular or high-frequency observations 2829,
Combining the generative trajectory model with counterfactual reasoning frameworks 3°
would enable individualized treatment effect estimation under time-varying confounding.
Finally, applying DG-MSM to other disease settings would validate the architecture's

generalizability beyond oncology.

Methods

Model Description

DG-MSM uses variational inference to learn a generative model of the patient's covariates
(x,)N_, and trajectory (v,,1,,e,)N_, as a history-aware jump process, where v, is the
sequence of visited states, t,, is the time spent in the state, and e,, indicates a transition
or censoring of the trajectory (Supplementary Fig. 9). We consider an equidistant
discretization of the continuous time-scale 3! and define the calendar time of the process

as t,:= Y"1 1,. The model is structured into three main components: a variational
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autoencoder for the baseline covariates, a recurrent variational module for the visit-
specific covariates, and a discrete-time multi-state transition head that parametrises the

distributions of events and waiting times (Fig. 7).
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Fig. 7: Architecture of DG-MSM: a) Baseline HI-VAE, b) State-visit HI-VAE-recurrent neural network
(RNN), ¢) MuStaRDT.

Baseline Covariates

First, we use a HI-VAE model '° to learn the distribution of the baseline covariates x,
while allowing missing values and mixed distribution types. This means introducing a
latent representation z,, a categorical mixture component s, and using the factorization
p(x0,20,S) = p(x0lzg,S)p(20|5)p(s), where p(zy|s)p(s) is the mixture prior, and
p(xol2o, s) is the covariate likelihood (shown in Fig. 8a). We factorize this joint likelihood
over individual features, assigning each feature its own distribution family, e.g., Gaussian
for real-valued, log-normal for positive, ordered logistic for ordinal, and categorical for

discrete features. The recognition model of HI-VAE (Fig. 8b) uses a corresponding
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approximate posterior q(s,zy|xo) = q(s|x0)q(zolS, x¢), which gives us the following

evidence lower bound (ELBO) term
Lo = Eq(s,z1x0) [109 P(X0120, $)] = Eq(s120) [KL(q(20]X0, $)[IP(20|5))] — KL(q(s]x0)11p(s)),

where the reconstruction term is evaluated only over observed features. The starting state
v; can be either fixed or estimated, using an additional conditional distribution p(v;|z,, s)

contributing the cross-entropy 10Ss Linit = —Eq(s.z,x)[l09 P(V1]20,5)] to the overall

training objective (for the reported experiments, v, was fixed).

State-Visit Covariates

The estimation of state-visit covariates, events, and time points follows the sequential
order of the process, starting at time t; = 0. Similarly to the baseline module, we introduce
a visit-specific latent representation variable z,, for each visit. To allow current covariates
to depend on the history of the whole process, we introduce a memory state h,_4,
implemented as the hidden state of an RNN 32, This memory RNN is implemented as a
gated recurrent unit (GRU) 3* and initialized with hy = ¢,(z,), where ¢_ is a learned
feature transformation of the baseline latent representation into the dimension of the
memory state. For each visit n and latent variable z,,, we define a prior p(z,,|vp, tn, hn-1,5)
(Fig. 8d) and an approximate posterior q(z,|x,, Vn, tn, hn-1,5) (Fig. 8e), where we
condition on the mixture component s, current state v,, calendar time t,,, and memory
h,_,. The visit-specific covariates are generated using a decoder for the feature-wise
likelihood p(x,|zn, hn_1,5). Following the HI-VAE architecture, the decoder maps the
latent to a per-feature intermediate representation before computing parameters for each
feature’s distribution. The memory state is then updated deterministically according to
h, = RNN([¢y(Vn, ty), d,( 2n), hn—1]) (Fig. 8c), where ¢ maps the concatenation of state
indicator and calendar time into the dimension of the memory state. h,, provides a low-
dimensional summary of the entire trajectory up to and including visit n. Altogether, this
gives us the corresponding ELBO contribution for the observed sequence (x,,)Y_, of visit-

specific covariates
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N
Ly = Z Eq(s|x0)q( Zn| XV tnhn—1,5) [lOg P(Xn|Zpn, hn—1, S)]

n=1

- Eq(s|x0) [KL( q(znlxn' Un, ty, hn—l' S) I I p(znlvn’ tn, hn—l' S) )]r

where h,,_; is computed recurrently from the latent history (z,,)™_} and the past trajectory

(Vm, tm)%_:ll .

Multi-State Modeling

To learn the distributions of events e,, and waiting times z,, of the process, we consider
the combined information ¥ := [s, zy, zp, hy—1, t,] (Fig. 8f). Including the time stamp ¢,
allows the transition model to capture non-stationary dynamics, such as hazards
increasing with disease duration. Conditioned on the current state v,,, MuStaRDT models
the next transition by factorizing the joint distribution p(e,, Th|vn ¥n) =
p(en|vn, ) (Thlen vn, Yr) and using a dedicated multi-layer perceptron (MLP) for each
non-terminal state that first maps ¢ to a state-specific intermediate representation to
then compute p(e,|vn, ¥n) and p(z,le, vn,Y,) separately. The event distribution
p(en|vn, ¥y,) is computed using a softmax function masked over admissible transitions
from v,,. The probability distribution of event-specific waiting times is estimated using the
sigmoid function to compute the discrete hazards 2,,(k|e,, vp, ¥n) = P[t, = k|t, > k —
1, e, vp,¥,] *'. The corresponding probability mass function (PMF) is given by
P(Tnlen, v, Yn) = A(Tnlen, Vn, Yu)S(Tn — llen, vn, y), Where S(zy|en, vn, 1) is the event-
specific survival function. This formulation yields a flexible discrete-time MSM with state-
specific nonlinear transition dynamics and without parametric assumptions on the jump
time distributions. The main loss contribution is given by the negative log-likelihood of a

patient’s observed trajectory (v,,, 7,)N_;

Lyi = Zrl\llzl 1en¢0(_ log p(enlvn» lpn) —log p(Tnlen'vn' ¢n)) - 1en=0 lOg (S(Tnlvn' lpn))

To improve calibration of survival estimates, we additionally use an auxiliary discrete
ranked probability score on the marginal distribution, computed from the CDF of the

waiting times 3*. The combined loss for the multi-state transitions is Lystarpr = Ly, +

21



YLscore» Where y > 0 is a hyperparameter scaling the scoring contribution. The final
training objective combines the MuStaRDT loss with the ELBO contributions from the
baseline HI-VAE L, and the trajectory RNN L, using learned uncertainty weighting for

multi-task learning 3°
Leotat = € “*Lyustarpr + @1 — €% (Ly + L) + ay,

where a; and a, are learnable parameters, while g > 0 is a fixed hyperparameter. We
optimize L,y Using AdamW 36 with the learning rate reduced on a plateau. Continuous
covariates are standardized using training-set statistics, which are stored and applied at
test time. We apply early stopping based on the MuStaRDT loss contribution and restore
the best model checkpoint. Full training hyperparameters and search spaces are provided

in the supplementary material (Supplementary Table 3).

Altogether, we have a hierarchical generative model of the patient’s observed trajectory

and the latent dynamics
N
p(s, Zo, X0, {Zn' Xn» Uny €n, Tn}n=1)

N
= PP (20l8)P Crolos )P (¥4 120,5) []_[ P (Vs s o, )P (o7 B, )P (s a0 ) |
n=1
where the time of state visit n is given by t,:= Y% 1, , and the next state v, is
uniquely determined by the event e,,. This combination of a variational recurrent encoder

with a discrete-time MSM yields transition probabilities informed by the full patient history

through learned recurrent memory, without imposing parametric hazard assumptions.
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('f'n+l- fn+l)

Fig. 8: Computational paths of DG-MSM. a) Generative model for baseline covariates and the initial state,
b) Recognition model for baseline covariates and the initial state, ¢) Memory state update, d) Generative
model for state-visit covariates, e) Recognition model for state-visit covariates, and f) MuStaRDT

estimation.

Simulating Patient Trajectories

DG-MSM can be used to simulate future trajectories conditioned on an individual patient’s
observed history. Given baseline covariates and a trajectory up to visit m, we use the
approximate posterior to obtain a patient-specific latent representation and memory state
summarising the history up to t,,. This history can be encoded either deterministically
(using posterior means) or stochastically (sampling from the approximate posterior for
each path). We then simulate the future from visit m + 1 onward by repeatedly sampling

visit-level latents, covariates, and transitions. Forn=m+1,m+ 2...

1. A visit-level latent variable is drawn: z,, ~ p(z,|vn, th, An—1,5).
2. Visit covariates are sampled: x,, ~ p(x, |2z, b1, 5)-
3. The transition type and time are sampled: e, ~p(e,|v,,¥,) and t, ~

p(TTl | enr UTU lpn)
4. The memory state is updated: h,, = RNN([¢,(Vp, t1), D, ( Z), hn_q]) -
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5. The state and calendar time are updated: t,,,, = t,, + 7,, and v, is the state after

transition e,,.

The process stops when a terminal state is reached or is censored when a maximum path
length is exceeded, producing a set of simulated multi-state trajectories and visit-level
covariates. A path may also be right-censored earlier if the sampled waiting time for a
given visit falls outside the model's discrete time horizon. Since the full joint distribution is
intractable due to the sequential dependence of latent variables through the recurrent
memory, these forward simulations provide Monte Carlo estimates of predictive quantities

such as state-occupation probabilities or Kaplan-Meier curves under the fitted model.

We assess the model's ability to predict events dynamically from different points in a
patient's disease course. For each non-terminal state visited by a patient in the test set,
we condition the model on the observed history up to and including entry into that state,
and mask all future visits from the observed data. Subsequently, we generate multiple
independent future paths using the forward simulation procedure. From the generated
trajectories, we estimate residual survival using a Kaplan-Meier estimator of the simulated
durations and event indicators. The corresponding ground-truth outcome is each patient's

observed residual OS.

Calibration and Evaluation Metrics

We base our evaluation on the metrics proposed by Kvamme et al. and implemented in
the pycox package'®. As a measure of discrimination, we use the time-dependent C-index
of Antolini et al.?®, computed from the predicted state-specific survival curves and the
observed sojourn times. In addition, we consider an adaptation of this time-dependent
C-index, following the inverse censoring weighting approach of Uno et al.3’, where each
concordant pair's contribution is scaled by IPCW computed using the KM estimator of the
censoring times. This yields a censoring-adjusted concordance measure that is
particularly suitable for the often heavily censored sojourn times in later disease or
treatment states. To assess overall prediction error, we compute the time-dependent Brier

score corrected for censoring using IPCW. It measures the squared deviation between
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the observed event indicator and the predicted survival probability at a given time point.
We summarise this as the IBS, obtained by numerically integrating the time-dependent
Brier score over the evaluation time grid®. Additionally, we consider a time-dependent
AUC approach using IPCW weighting®®. The AUC(t) quantifies how well the model
discriminates between individuals who have experienced a transition by time t and those

who remain in the current state at time t.

To assess the reliability of DG-MSM's simulated predictive distributions, we use D-
calibration?*, which tests whether a patient's observed outcome is consistent with their
individually predicted distribution. For each patient, we compute the probability-integral
transform (PIT) of their observed outcome under their model-predicted cumulative
distribution function. Under correct calibration, this quantity is uniformly distributed across
the population. We partition the unit interval into 10 equal-width bins and compare
observed against expected bin counts using a y? goodness-of-fit test. We additionally
assess prediction-interval coverage using the prediction interval coverage probability
(PICP(a)?®) computed across a range of nominal confidence levels a. For each a, we
construct a corresponding prediction interval from each patient's simulated outcome
distribution and compute the proportion of patients whose observed outcome falls within
this interval. Because observed outcomes are subject to right censoring, we compute
PICP () using IPCW weights, restricted to patients with an observed event. PICP(«@)
values exceeding the nominal level «a indicate prediction intervals that are conservative

rather than overconfident.
Data

To evaluate the performance of the investigated models across different data types, we
designed two use cases: one leveraging real-world data and the other leveraging clinical
data. We used real-world data from the TriNetX Oncology network and clinical data from
the CoMMpass study. Patients from the TriNetX database were included if they were
diagnosed with MM after January 1, 2010, and had received at least one LoT. Within each

dataset, a set of features was selected as baseline or state-dependent covariates. The
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selection of covariates was dataset-specific, based on the available measurements and
the underlying data structure. In the CoMMpass dataset, six features (e.g., age, sex, and
ISS3) were selected as baseline covariates and seven laboratory measurements as state-
dependent covariates, including the serum M protein value. In contrast, in the TriNetX
dataset, 12 baseline covariates, including comorbidities, and eight state-specific
covariates were selected for all LoTs. The cohort-specific covariates are presented in
supplementary Table 4. Following data filtering and accounting for the available
covariates, we further restricted the analysis to patients with complete observations
across all selected covariates. While our proposed model is capable of handling missing
data, this restriction was necessary to enable a fair comparison with benchmark models
that cannot account for incomplete inputs. As a result, 1,008 patients in the CoMMpass
dataset and 8,878 in the TriNetX dataset were included in each experiment. More details
on the patient selection can be found in the supplementary material (Supplementary Fig.
10-15).
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