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[bookmark: _y59het51pm8s]Synthetic Data Generation
To generate a synthetic trajectory, we condition the generative process on a patient’s observed baseline covariates . The mixture component  and baseline latent variable  are drawn from their approximate posterior . The recurrent memory is initialised as  , and the first state visit is sampled from , if the initial state distribution is learned rather than fixed.
We evaluated the generative performance of DG-MSM by sampling a synthetic trajectory conditioned on baseline covariates for each training patient and for each DG-MSM model trained within the same 5-fold cross-validation design as in the risk prediction analysis. For each training fold, the resulting patient-specific simulations were compared with the corresponding real training data using three fidelity metrics. For covariate quality, we utilize the SYNDAT framework 1. We report the distribution score, which quantifies marginal distributional similarity between real and synthetic data based on the average Jensen-Shannon divergence across features, and the correlation score, which measures preservation of pairwise feature dependencies using the relative error of Spearman correlation matrices. For fidelity of the synthetic multi-state dynamics, we report the Aalen-Johansen (AJ) similarity score, defined as the normalised integrated absolute difference between real and synthetic AJ state-occupation-probability curves 2, evaluated from a common fixed initial occupancy so that it isolates transition-dynamics fidelity from initial-state-distribution fidelity. We compute this metric for every state, including the absorbing death state, where it reflects fidelity of the overall survival dynamics. For easy interpretability, all three scores are rescaled to [0, 100], where 100 indicates perfect agreement with the real data.
[image: ]Supplementary Figure 1: Synthetic data sampled from the prior distribution of DG-MSM based on TriNetX. 
[bookmark: _b6rqt043cuos]Real-World Data (TriNetX)
DG-MSM achieved high mean fidelity across treatment lines for all three metrics on the TriNetX dataset (Fig. 1a-d). Marginal feature distributions were reproduced exactly at baseline (by construction, since baseline covariates are not sampled) and remained high across treatment lines, from 96.0 ± 0.7 in LoT 1, essentially unchanged through LoTs 2-4 (93.2-93.6), before a more pronounced decline to 89.2 ± 2.2 in LoT 5. Pairwise feature correlations were likewise reproduced exactly at baseline (100.0 ± 0.0, by construction) and remained relatively stable across LoTs 1-3 (83.7-85.9), before declining to 80.6 ± 5.7 in LoT 4 and more markedly to 72.8 ± 5.0 in LoT 5, indicating that reproducing the multivariate dependency structure is more challenging than matching marginal distributions, particularly in later treatment lines. AJ similarity scores, which quantify agreement in the multi-state occupancy dynamics, were higher overall and considerably more stable across treatment lines, ranging from 99.0 ± 0.3 in LoT 1 to 96.9 ± 0.9 in LoT 5. The AJ similarity score for the terminal death state, which serves as the approximate analogue of overall-survival agreement in this multi-state setting, was somewhat lower and more variable, at 93.4 ± 2.5. A notable pattern is that covariate-level generative fidelity decreases in later treatment lines, particularly LoT 5, with a corresponding increase in fold-to-fold variability, whereas fidelity of the modelled multi-state transition dynamics declined only modestly and remained above 96 throughout LoTs 1-5. This indicates that DG-MSM's transition dynamics are considerably more robust to the reduced sample size and increasing heterogeneity of later treatment lines than its covariate-level fidelity. This decline in covariate fidelity likely reflects the smaller number of observed patients, greater heterogeneity, and the increasing difficulty of reproducing longer and more complex trajectories in advanced disease states.
[image: ]Supplementary Figure 2: Synthetic data sampled from the prior distribution of DG-MSM based on TriNetX. 
[bookmark: _9mktqkq3k0h0]Study Data (CoMMpass)
On the CoMMpass dataset (Fig. 2a-c), DG-MSM again showed strong agreement in the multi-state occupancy dynamics, with AJ similarity scores (mean ± SD across the five outer folds) of 96.8 ± 2.8 at treatment start and 97.4 ± 0.8 after the first disease progression. The AJ similarity score for the terminal death state, which serves as the approximate analogue of overall-survival agreement in this multi-state setting, was likewise high at 96.4 ± 2.7. Marginal feature distributions were well preserved at treatment start (80.2 ± 0.8) with somewhat lower agreement after the first progression (73.8 ± 0.8). Pairwise feature correlations again yielded the lowest scores among covariate-fidelity metrics, at 64.0 ± 2.9 at treatment start and 65.6 ± 2.3 after the first progression (baseline correlation was likewise 100.0 ± 0.0 by construction), indicating that reproducing the multivariate dependency structure remains more challenging than matching marginal distributions or multi-state transition dynamics. Unlike the distribution score, the relative ordering of the correlation score between treatment start and first progression was not consistent across repeated evaluation runs, suggesting this small difference reflects sampling variability rather than a systematic effect. As observed in the risk prediction analysis, marginal covariate fidelity was somewhat weaker after progression, likely because the number of observed patients available for this transition is limited (n = 368) and censoring is high (53.8%), which also contributes to greater fold-to-fold variability in the fidelity estimates. This reduction in sample size did not translate into lower transition-dynamics fidelity. AJ similarity remained stable, and if anything slightly higher, after progression than at treatment start, suggesting that DG-MSM's modelled multi-state dynamics are more robust to reduced sample size than its covariate-level fidelity. Overall, these results show that DG-MSM preserves the key multi-state occupancy dynamics of disease progression across both datasets, although synthetic covariate fidelity remains reduced in the smaller and sparser CoMMpass setting.
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Supplementary Fig. 3: Sankey diagram for the TriNetX dataset.
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Supplementary Fig. 4:  Sankey diagram for the CoMMpass dataset.

	Metric
	Model
	LoT 1
	LoT 2
	LoT 3
	LoT 4
	LoT 5
	Mean across states

	C-Index 
	Cox-MSM
	0.614 ± 0.008
	0.62 ± 0.009
	0.612 ± 0.013
	0.596 ± 0.02
	0.696 ± 0.011
	0.627 ± 0.039

	
	CoxTime
	0.682 ± 0.001
	0.644 ± 0.01
	0.663 ± 0.018
	0.654 ± 0.013
	0.699 ± 0.022
	0.668 ± 0.022

	
	DeepHit
	0.659 ± 0.009
	0.632 ± 0.013
	0.652 ± 0.016
	0.641 ± 0.016
	0.683 ± 0.026
	0.653 ± 0.019

	
	DG-MSM
	0.677 ± 0.007
	0.664 ± 0.019
	0.682 ± 0.015
	0.694 ± 0.008
	0.768 ± 0.017
	0.697 ± 0.041

	C-Index with IPCW 
	Cox-MSM
	0.61 ± 0.007
	0.608 ± 0.01
	0.604 ± 0.012
	0.591 ± 0.018
	0.695 ± 0.007
	0.622 ± 0.042

	
	CoxTime
	0.664 ± 0.009
	0.632 ± 0.008	
	0.654 ± 0.021
	0.643 ± 0.012
	0.698 ± 0.023
	0.658 ± 0.025

	
	DeepHit
	0.645 ± 0.008
	0.623 ± 0.013	
	0.643 ± 0.018
	0.634 ± 0.015	
	0.683 ± 0.027
	0.646 ± 0.023

	
	DG-MSM
	0.658 ± 0.009
	0.646 ± 0.008
	0.666 ± 0.014
	0.683 ± 0.008
	0.758 ± 0.021
	0.682 ± 0.045

	IBS
	Cox-MSM
	0.096 ± 0.012
	0.102 ± 0.01
	0.109 ± 0.017
	0.136 ± 0.008
	0.12 ± 0.011
	0.113 ± 0.016

	
	CoxTime
	0.092 ± 0.012	
	0.096 ± 0.004
	0.105 ± 0.02
	0.144 ± 0.011
	0.152 ± 0.02
	0.118 ± 0.028

	
	DeepHit
	0.103 ± 0.027
	0.102 ± 0.01
	0.111 ± 0.028
	0.148 ± 0.02
	0.157 ± 0.014
	0.124 ± 0.026

	
	DG-MSM
	0.088 ± 0.016
	0.094 ± 0.008
	0.099 ± 0.016
	0.121 ± 0.014
	0.108 ± 0.013
	0.102 ± 0.013

	AUC(t)
	Cox-MSM
	0.718 ± 0.035
	0.58 ± 0.024
	0.631 ± 0.028
	0.578 ± 0.042
	0.792 ± 0.034
	0.66 ± 0.093

	
	CoxTime
	0.743 ± 0.026
	0.67 ± 0.011
	0.68 ± 0.026
	0.668 ± 0.021
	0.773 ± 0.056
	0.707 ± 0.048

	
	DeepHit
	0.731 ± 0.033	
	0.645 ± 0.038
	0.674 ± 0.022
	0.652 ± 0.037	
	0.765 ± 0.07	
	0.693 ± 0.052

	
	DG-MSM
	0.75 ± 0.033
	0.664 ± 0.029
	0.719 ± 0.022
	0.711 ± 0.03
	0.852 ± 0.048
	0.739 ± 0.07


Supplementary Table 1: Results for 5-fold cross-validation using the TriNetX dataset (mean ± std). The last column shows the mean and standard deviation across the means per state.
	Metric
	Model
	Treatment Start
	After First PD
	Mean across states

	C-Index↑)
	Cox-MSM
	0.68 ± 0.035
	0.718 ± 0.056
	0.699 ± 0.027

	
	CoxTime
	0.67 ± 0.027
	0.725 ± 0.039
	0.697 ± 0.039

	
	DeepHit
	0.647 ± 0.033
	0.658 ± 0.036
	0.653 ± 0.008

	
	DG-MSM
	0.678 ± 0.034
	0.741 ± 0.067
	0.71 ± 0.045

	C-Index with IPCW (↑)
	Cox-MSM
	0.66 ± 0.03
	0.665 ± 0.064
	0.663 ± 0.004

	
	CoxTime
	0.649 ± 0.021
	0.687 ± 0.037
	0.668 ± 0.027

	
	DeepHit
	0.631 ± 0.032
	0.62 ± 0.022
	0.626 ± 0.008

	
	DG-MSM
	0.658± 0.029
	0.696 ± 0.063
	0.677 ± 0.027

	AUC(t) (↑)
	Cox-MSM
	0.721 ± 0.035
	0.734 ± 0.074
	0.727 ± 0.009

	
	CoxTime
	0.692 ± 0.032
	0.734 ± 0.059
	0.713 ± 0.03

	
	DeepHit
	0.669 ± 0.053
	0.687 ± 0.087
	0.678 ± 0.013

	
	DG-MSM
	0.723 ± 0.037
	0.743 ± 0.075
	0.733 ± 0.014

	IBS (↓)
	Cox-MSM
	0.178 ± 0.011
	0.201 ± 0.015
	0.19 ± 0.017

	
	CoxTime
	0.198 ± 0.016
	0.205 ± 0.039
	0.202 ± 0.005

	
	DeepHit
	0.225 ± 0.036
	0.247 ± 0.043
	0.236 ± 0.015

	
	DG-MSM
	0.186 ± 0.01
	0.208 ± 0.03
	0.197 ± 0.016


Supplementary Table 2: Results for 5-fold cross-validation using the CoMMpass dataset (mean ± std). The last column shows the mean and standard deviation across the means per state.

	Hyperparameter (models)
	Values

	Learning rate (CoxTime, DeepHit, DG-MSM)
	[0.0001, 0.005]

	Dropout (CoxTime, DeepHit, DG-MSM)
	[0.0, 0.4]

	Weight decay (CoxTime, DeepHit, DG-MSM)
	[1e-06, 0.0001]

	Number of time bins (DeepHit, DG-MSM)
	{50, 60, 70, 80, 90, 100}

	Log duration (CoxTime)
	Yes / No

	NN hidden size (DeepHit, CoxTime)
	{16, 32, 48, 64, 80, 96, 112, 128}

	NN layers (DeepHit, CoxTime)
	{1, 2, 3}

	 (DeepHit)
	[0.0, 1.0]

	 (DeepHit)
	[0.1, 10.0]

	 (Cox-MSM)
	{0.0, 1.0, 2.0, 4.0, 6.0, 8.0, 10.0}

	 dimension (DG-MSM)
	{6, 6, 8, 10}

	 dimension (DG-MSM)
	{4, 6, 8, 10}

	 dimension (DG-MSM)
	{4, 6, 8, 10}

	MuStaRDT latent (DG-MSM)
	{32, 48, 64}

	MuStaRDT layers (DG-MSM)
	{1, 2}

	MuStaRDT hidden dim. (DG-MSM)
	{64, 96, 128}

	Memory RNN hidden dim. (DG-MSM)
	{32, 64, 96, 128} 


Supplementary Table 3: Hyperparameter search space for 5-fold cross-validation experiments.


Calibration for all States
[bookmark: _1nxh8nvm0glb][image: ]
Supplementary Fig. 5: Calibration of DG-MSM’s simulation-based predictions (5-fold cross-validation, TriNetX). D-calibration plots for sojourn time and OS from all states, pooled across all five folds.
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Supplementary Fig. 6: Calibration of DG-MSM’s simulation-based predictions (5-fold cross-validation, TriNetX).  for sojourn time and OS from all states, pooled across all five folds.
[bookmark: _loe7nwslhm2q][image: ]Supplementary Fig. 7: Calibration of DG-MSM’s simulation-based predictions (5-fold cross-validation, CoMMpass). D-calibration plots for sojourn time and OS from all states, pooled across all five folds.
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Supplementary Fig. 8: Calibration of DG-MSM’s simulation-based predictions (5-fold cross-validation, CoMMpass).  for sojourn time and OS from all states, pooled across all five folds.

[bookmark: _t8l9dar1ukp6]Methods 
[bookmark: _n0d0kraof71w]Risk Prediction Remarks
All four models produce per-visit sojourn survival estimates that are evaluated on a common time grid, enabling direct comparison under the metrics described above. CoxTime obtains the survival function through the Breslow estimator applied to the predicted conditional hazard. DeepHit computes the sojourn survival as one minus the sum of cumulative incidence functions derived from its cause‑specific probability mass function (PMF) outputs. The Cox-MSM computes the probability of remaining in the current state via the Aalen-Johansen estimator applied to the transition‑specific cumulative hazards. While CoxTime and DeepHit benefit from fitting a dedicated model per state, DG-MSM uses a single model to simultaneously learn all transitions and covariates.
For the outer loop, we partitioned patients into folds using a group‑wise stratified split, stratifying by the maximum state reached in each trajectory. This preserves a similar distribution of disease trajectories and state occupancy across splits while ensuring that all observations from a given patient appear in exactly one outer fold. Within each outer training set, we performed an inner hyperparameter search maximising the averaged IPCW‑weighted time‑dependent C‑index across non-terminal states. For each deep learning model, we ran 100 inner trials per outer fold using model‑specific hyperparameter search spaces. For the Cox-MSM, we used the same nested cross‑validation structure but optimized only a single ridge‑penalty parameter controlling the strength of regularization on the Cox regression coefficients.
[image: DeepMSM (2).png]
Supplementary Fig. 9: Example patient trajectory.
[bookmark: _hvtq3vnk8nq5]Multi-State Data
A patient’s disease and treatment course can be represented as a path through a finite set of states, such as disease stages, treatment response, or lines of therapy, where both the sequence of transitions and the time spent in each state carry prognostic information. To capture this, we model each trajectory as a stochastic process on a state space  with allowed transitions . For each state , we define the set of outgoing transitions as . For each patient, we observe static baseline covariates  and a trajectory , where  is the state occupied at visit ,  are the covariates for this visit,  is the transition out of  (with  indicating censoring), and  is the calendar time of event , such that . If , then . A trajectory terminates when a terminal state is reached (a state  with ), or the observation is censored. While the sequence  captures longitudinal measurements (e.g., blood tests) or changing treatments,  represents features and observations that stay constant for the patient's trajectory (e.g., sex, disease subtype, and genetic information) or that are only assessed once at treatment start or diagnosis. 
To directly estimate the event probabilities, while avoiding strong assumptions on the underlying distribution, we consider a discrete transformation of the time labels. We partition the duration time axis into  equidistant intervals  with , where  is the time horizon determined by the training data. Let  be the interval label such that   and set  if . 
If the transition is observed (), we set . If the observation is censored inside the interval ( and ) we set , and   otherwise (censored on the boundary . This censoring-aware discretization takes into account that, if a patient is censored before , an event could still have happened in the interval  after censoring. 
[bookmark: _olum3uvtaenw]Calibration Details and Effect-Size Quantification
For patients with an observed event, the PIT is computed directly from the event time. For censored patients, the true outcome time is unknown beyond the censoring time, so a single PIT value cannot be computed. Rather than discarding censored patients or assigning them an arbitrary single value, each censored patient's unit probability mass is distributed proportionally across all bins consistent with the range of outcome times still possible given their observed follow-up, following the approach of Haider et al.3. This ensures that censored patients contribute partial, appropriately uncertain information to the calibration test rather than being excluded or treated as if their outcome were fully known. 
Because the  statistic scales with sample size, statistical significance alone does not indicate the practical magnitude of a calibration deviation, particularly at the large sample sizes used here. We therefore additionally report the D-calibration effect size , introduced by Goldstein et al.4, which removes the influence of both sample size and the number of bins used in the test, making it directly comparable across analyses. To aid interpretation using an established statistical convention, we additionally report Cohen's 5, a standardized effect size for chi-squared tests that is likewise independent of sample size. 
For a given nominal confidence level,  is the proportion of patients whose observed outcome falls within the corresponding model-predicted interval, derived from the simulated trajectory distribution6. Because outcomes are subject to right censoring, coverage was computed using IPCW, restricted to patients with an observed event, so that patients censored before their predicted interval could be evaluated do not bias the estimate. 
[bookmark: _pp6j4xbyxik8]Patient Selection
Prior to the patient selection, 1,143 and 10,356 patients were available for CoMMpass (interim analysis 22) and TriNetX (database from 2024q4), respectively. Patients were required to have a valid diagnosis date and treatment lines recorded in the correct chronological order. Records with inconsistencies, such as misordered treatment lines, were excluded. We also excluded patients with implausible values for age (younger than 18 or older than 100 years) or for height or weight (height outside the range of 100-210 cm, weight outside the range of 30-200 kg). We excluded patients for whom the measurements of interest were not available in both datasets.
	Dataset
	Covariates

	CoMMpass
	Baseline
	Age at study baseline, Biological sex, Body mass index (BMI), International Staging System (ISS), Stem cell transplant (SCT), Creatinine, and Treatment class

	
	State-Specific
	Albumin level, Calcium level, Creatinine level, Hemoglobin level, Monoclonal (M) protein level, and Platelet count

	TriNetX
	Baseline
	Age at diagnosis, Biological sex, Hypertension, Coronary artery disease (CAD), Renal impairment, Renal disease, Diabetes, Sepsis, Bacterial disease, Arrhythmia, Lung disease, and Heart disease

	
	State-Specific
	Stem cell transplant (SCT), Immunomodulatory drug treatment (IMiD), Melphalan-based autologous transplant (MA), Proteasome inhibitor treatment (PI), Chemotherapy, ECOG performance status, International Staging System (ISS), and Body mass index (BMI)


Supplementary Table 4: Selected covariates within each multiple myeloma dataset.
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Supplementary Fig. 10: Kaplan-Meier curves for the TriNetX dataset.
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Supplementary Fig. 11: Kaplan-Meier curves for the CoMMpass dataset.
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Supplementary Fig. 12: Summary statistics of TriNetX measurements. 
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Supplementary Fig. 13: Summary statistics of state-specific covariates for the TriNetX dataset.
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Supplementary Fig. 14: Summary statistics of CoMMpass measurements. 
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Supplementary Fig. 15: Summary statistics of state-specific covariates for the CoMMpass dataset.
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