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Abstract

Mechanistic models such as Quantitative Systems Pharmacology (QSP) models
are widely used to simulate the behavior of virtual patients (VPs) under different
therapeutic conditions, supporting hypothesis generation and trial design. However,
large-scale VP simulations are computationally expensive and require expert cali-
bration. Recent advances in time-series foundation models (TS-FM) have demon-
strated strong generalization across diverse temporal domains in a zero shot manner.
In this study, we explore whether these models can act as zero-shot surrogates
for QSP-based VP simulations. Using simulation outputs from 5 representative
QSP models across multiple treatment scenarios and VP parameterizations, we
benchmark 3 TS-FMs on their ability to predict future system trajectories. Our
results show that TS-FM capture certain pharmacodynamic patterns and VP-level
variability without fine-tuning, although performance varies between biological
systems. This work highlights both the promise and the current limitations of using
TS-FMs to accelerate VP-based in silico experimentation.
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1 Introduction

Virtual patients (VPs) provide a computational analog of clinical variability which can be used
to predict individual responses to therapy[23]]. These simulations are often based on Quantitative
Systems Pharmacology (QSP) models, mechanistic systems of ordinary differential equations (ODE)
that integrate molecular, cellular, physiological and biological pathways to capture disease progression
and treatment effects. QSP models allow mechanistic interrogation of predictions, which is essential
for explaining patient-specific responses and informing novel drug development[11} 20]. However,
scaling QSP simulations to large VP cohorts, necessary to capture population-level variability over
long durations, remains computationally intensive[10].

To address this, researchers have explored surrogate modelling approaches, which aim to replicate
QSP model outputs with substantially lower computational cost[[10]. For example, neural ordinary dif-
ferential equations (NODEs) have been proposed as trainable surrogates that preserve the mechanistic
structure while enabling accelerated simulation[7]]. Yet, NODEs and related approaches typically
require model-specific training, limiting their scalability and generalizability across diverse therapeu-
tic contexts[16]. Recent efforts to create “digital twin” style forecasting include Delphi-2M[19] and
DT-GPTI[17], which predict clinical trajectories using large-scale EHR (Electronic Health Records)
or biomarker data. Delphi-2M generates synthetic pathways to disease progression in populations
based on medical history and lifestyle factors, while DT-GPT extends LLM (Large Language Model)
architectures to predict clinical time series, supporting zero-shot predictions for some unseen vari-
ables. However, both models lack mechanistic grounding, provide limited interpretability, and cannot
reliably extrapolate to novel perturbations (e.g., first-in-class therapeutics).

An intriguing possibility is whether time series foundation models (TS-FMs) can serve as surrogate
generators for virtual patients. If viable, such surrogates could accelerate ensemble simulations
or augment scarce mechanistic model runs. These models, such as Chronos[2], TiRex[4], and
Moirai[24], are pre-trained across millions of heterogeneous time series data and have demonstrated
strong zero-shot forecasting performance on benchmarks spanning traffic, energy, climate, and finance
data[lll]. Furthermore, TS-FMs are architecture-agnostic surrogates that can be applied to unseen
systems without retraining, offering lightweight deployment and rapid inference, properties that make
them attractive candidates for approximating QSP-generated virtual patient trajectories.

Using five open-source and proprietary QSP models spanning multiple therapeutic areas, we bench-
mark the Chronos family, TiRex, and Moiraig,,;; on their ability to reproduce virtual patient trajecto-
ries. We deliberately focus on off-the-shelf TS-FMs without mechanistic priors to establish a baseline
for their intrinsic generalization ability; if successful, future work can explore hybrid models that
incorporate mechanistic knowledge for greater interpretability and robustness. To our knowledge,
this is the first systematic investigation of time-series foundation models as surrogates for virtual
patient simulations.

2 Proposed Method

QSP-derived Simulated Data Let {X"} ;| denote the set of simulated data produced from a
given QSP model with X" denoting a cohort of virtual patients under particular treatment regimen
{1, R} € R. Such a cohort X" € R”*S*T constitutes time-series data for virtual patients {1, P} €
P, comprising bio-signals from species {1, S} € S over the temporal span {1,T} € T. For the
sake of clarity, we omit these indices when unambiguous. Each time series is further partitioned
into context and future-horizon segments, i.e., X1.7 = (X¢, X"), where X¢ = [x;,Xa, . .., Xi—]
and X" = [X;11, X442, .., XT=ctn), Tespectively. The context data X¢ are used as input to the
forecasting model, while the horizon signals X" serve as the ground truth for performance evaluation.

Time-series Forecasting The objective of this work is to systematically benchmark a set of time-
series foundation models on its zero-shot forecasting performances over QSP model-simulated data.
Leveraging an optimized TS-FM f, such a forecasting process can be formulated as follows

"= fo(XO), (1

where X" denotes the predicted future horizon signals and 6 as the frozen parameters of the fore-
casting model. Note that we simplify the forecasting process of the model fy in Eq. (I). In practice,



time-series forecasting methods can be broadly categorized into two input paradigms: univariate
and multivariate forecasting [[15]], denoted as er and féw , respectively. In our formulation, we treat
the species in each QSP model as variables (or channels) that span across timesteps. Consequently,
the forecasting equation can be reformulated to reflect whether the model incorporates covariates as
auxiliary features when predicting target signals, as expressed in the following Egs. 2)—(3).

X = f¥(X¢) @)
XD = f1(X$.s) 3)

Since some of the baselines belong to the probabilistic forecasting models, we make use of the median
of their predictive distributions as the final forecasted outcome. Finally, we assess the performance

of the forecasting model by comparing the predicted signals X" against the ground-truth horizon
signals X" using a set of widely adopted forecasting evaluation metrics.

3 Experimental Results

Dataset and Data Preprocessing We began with two proprietary QSP models representing asthma
and Inflammatory Bowel Disease (IBD). To broaden disease coverage and include publicly available
systems, we incorporated three additional QSP models obtained from the BioModels Database
[18]. These models were manually verified to confirm their biological relevance and suitability for
virtual patient simulations. The final set comprised five QSP models (two proprietary and three from
BioModels) spanning multiple therapeutic areas (see Appendix [A).

For each selected model, we extracted simulation time frames and other parameters from the asso-
ciated publications and reproduced the simulations in COPASI version 4.44 (Build 295)[13]. All
models were executed under their reported conditions to generate corresponding time-course datasets.

To place all simulated time course data on a common scale suitable for multivariate modeling, we
applied global z-score normalization across all VPs, treatments, and time points. For each species in
the QSP model, the global mean and standard deviation were computed over the entire dataset. We
then standardized each VP’s time-course matrix according to the equation:

(p)
Tgi — Ms
o) = T2t b “)
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where xgp t) denotes the value of species s at time ¢ for virtual patient p, while s and o indicate
the global mean and standard deviation, respectively. This normalization preserved the temporal
dynamics of each species while ensuring all species contributed on a comparable numerical scale,
thereby preventing high-magnitude variables from dominating the analysis. We excluded species
with zero variance, as these were invariant across all simulations and uninformative for downstream
inference. The normalized simulated biomarker trajectories were used to evaluate the predictive
performance of selected TS-FMs.

Baselines We selected several top-performing open-source TS-FMs based on their forecasting
accuracy on standardized datasets. The selected baselines comprised (i) univariate: the Chronos
family[2]], TiRex [4]; (ii) multivariate: Moiraigp,y [24].

* Chronos [2] is a Transformer-based family of models that quantize real-valued time series
into discrete tokens, enabling autoregressive sequence modelling. We evaluated all three
variants (small, medium, and large), which differ in model depth and hidden dimension.
Pre-training on millions of heterogeneous time series allows Chronos to capture complex
temporal dependencies, and forecasts are generated by autoregressively sampling future
tokens and mapping them back to numerical values.

* TiRex [4] is an xLSTM-based model with extended recurrent units and multi-head gating.
Pretraining employs Contiguous Patch Masking (CPM) to improve long-horizon coherence.
The model produces probabilistic forecasts at each timestep, effectively capturing long-term
dependencies in nonlinear time series.



* Moiraigpay [24] is a multivariate masked-encoder Transformer. Input sequences are embed-
ded as temporal patches, and the model predicts randomly masked patches during pretraining.
This design enables any-variate forecasting, captures cross-variable correlations, and handles
heterogeneous and irregularly sampled data.

Evaluation metrics We evaluated the selected TS-FMs in zero-shot inference mode using the
following metrics:

(i) Mean Absolute Error (MAE) measures the average magnitude of errors between predicted
and observed values, without considering their direction.

(i) Mean Squared Error (MSE) computes the average of the squared differences between
predicted and actual values. By squaring the errors, MSE penalizes larger deviations more
heavily, making it sensitive to outliers.

(iii) Root Mean Squared Error (RMSE) represents the square root of the MSE.

(iv) Symmetric Mean Absolute Percentage Error (SMAPE) measures the relative prediction
error by comparing the absolute difference between predicted and actual values to their
mean magnitude. It is defined as:

lyi — Uil
SMAPE = Z |yl + |9

In this study, SMAPE is expressed as a unitless ratio ranging from 0 to 2, where lower values
indicate higher predictive accuracy.

We aggregated the evaluation metrics for each species across the horizon segments for all virtual
patients. We then calculated the mean and standard deviation across the treatment regimens for each
QSP model. We computed the MAE, MSE, and RMSE using z-score-normalized values between the
predicted and ground-truth horizon signals. For SMAPE, we reconverted the z-scores using the global
mean and standard deviation to compare the original (unnormalized) values. This approach ensured
that the evaluation metrics reflected both the normalized and original value scales. All experiments
were performed on a single NVIDIA A100 GPU equipped with 80 GB of memory.

Forecasting Results We evaluated the predictive performance of three TS-FMs, Chronos
(transformer-based), Moiraigy,,y (transformer-based) and TiRex (XLSTM-based) on five QSP models.
These QSP models represent diverse disease areas including asthma, Inflammatory Bowel Disease
(IBD), HER2-positive breast cancer, osteoarthritic pain, and acute liver failure (Appendix [A). The
TS-FMs were assessed under varying context-horizon splits (C:H = 75%:25%, 50%:50%, 25%:75%),
capturing short-, medium-, and long-term forecasting scenarios (Appendix [B)). Standard error metrics
including MAE, RMSE, MSE, and SMAPE were used to quantify predictive fidelity. Across all
experiments, the smaller Chronos model (Chronosgya) mostly outperformed the larger variants
(Chronosgase/Large ), including for long-horizon forecasts. This suggests that, in our setting, increased
model size did not always translate into improved performances. TiRex exhibited competitive per-
formance, frequently surpassing the Chronos family and Moiraigy, in low-context, high-horizon
scenarios, suggesting that xXLSTM-based architectures are robust in sequential prediction under
limited contextual data.

Predictive accuracy exhibited clear dependence on the context-horizon configuration (Figure [I)).
In high-context, short-horizon settings (C:75%, H:25%), all models achieved low error metrics,
reflecting ease of prediction when ample past information is available. In balanced scenarios (C:50%,
H:50%), error metrics increased moderately, consistent with the increased difficulty of mid-horizon
forecasts, with TiRex occasionally outperforming on RMSE and SMAPE. Low-context, long-horizon
predictions (C:25%, H:75%) were challenging across all models. Chronosg,ge/rarge maintained an
advantage over smaller transformers, whereas TiRex showed relative robustness, demonstrating
the ability of XLSTM architectures to generalize under limited context, long-horizon forecasting
conditions. Full metrics for predictive accuracies are listed in Appendix [B]

Performance of TS-FMs varied across QSP models, reflecting differences in system dynamics (Figure
[1). Predictions for asthma and Acute Liver Failure (ALF) achieved the lowest errors and SMAPE, con-
sistent with predictable, structured dynamics. Asthma exhibits quasi-periodic inflammatory patterns
[12], while ALF follows largely deterministic cascades of hepatocellular injury and regeneration [3].
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Figure 1: Comparison of TS-FM model predictive performance across QSP disease models
and simulation contexts. Each panel represents a QSP model, showing the symmetric SMAPE
(Symmetric Mean Absolute Percentage Error) between the TS-FM model and the corresponding
QSP simulation across low, medium, and high context scenarios. Bars indicate average error for
each TS-FM architecture (color-coded), and an asterisk (*) marks the best-performing model (lowest
SMAPE) within each scenario. SMAPE values are on a scale of 0-2. Lower values indicate more
accurate predictions.

HER2-positive breast cancer and IBD showed intermediate performance, reflecting moderate-to-high
stochasticity S, [22]. The osteoarthritic (OA) pain model had the lowest performance, likely due to the
highly stochastic pain trajectories influenced by joint degeneration, inflammation, and psychosocial
factors [8]].

Visualizing trajectories of the inflammatory biomarker calprotectin in the IBD model (Figure [2))
further illustrates these trends. Across varied context sizes, the predicted trajectories of all TS-
FMs largely encompassed the ground-truth dynamics within their confidence intervals, even under
low-context conditions. Representative virtual patients were identified via hierarchical clustering
of trajectories using dynamic time warping distance, ensuring interpretable exemplars of system
behaviour (Appendix |§|) Among models, Chronosgm, tended to overestimate oscillatory behaviour,
producing confident yet exaggerated outputs. Moiraigy, exhibited more stochastic transitions,
generating abrupt deviations from the ground truth. In contrast, TiRex demonstrated stable and
realistic dynamics consistent with its overall quantitative performance. These qualitative patterns
reinforce the quantitative results, suggesting that xLSTM-based architectures may better capture the
nonlinear yet structured feedback characteristic of biological systems.

4 Limitations and future works

Our empirical evaluation suggests that state-of-the-art TS-FMs such as the Chronos family, Moiraigman
and TiRex hold promise as fast surrogate engines for virtual patient trajectories, especially in
interpolation settings. However, in their present form they suffer from three key limitations: (i) they
remain black-box forecasters that do not explicitly encode mechanistic insights or inherent causal
structure of system biological models; (ii) they are unlikely to extrapolate reliably under dramatic



Calprotectin levels predicted by TS-FM models vs QSP simulation in IBD model
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Figure 2: Comparison of TS-FM predictions versus QSP simulations for calprotectin dynamics
in the IBD model across contexts. Each panel shows the predicted and simulated trajectories of cal-
protectin following drug treatment across three training contexts (Low: C25H75, Medium: C50H50,
High: C75H25) and four TS-FM model architectures (Chronosgyse, Chronosyage, Chronossman,
Moiraigp,y, Tirex-base). Black lines represent the QSP simulation (ground truth) of 6 representative
virtual patients, while colored lines and shaded regions indicate the TS-FM median predictions and
corresponding 80% confidence intervals. The grey boxes represent the contexts.

domain shifts, such as first-in-class therapeutics or novel biological perturbations; and (iii) their
performance varies across dynamic systems based on stochasticity.

A promising direction to address these limitations is to fine-tune TS-FMs on QSP-derived trajectories
or patient-specific data to enhance their fidelity and robustness. Beyond fine-tuning, future research
should explore hybrid architectures that augment TS-FMs with knowledge graphs (KGs) derived
from QSP models or curated systems biology ontologies. By embedding these KGs, which encode
causal and mechanistic relationships among pathways, cytokines, cell types, and clinical endpoints,
directly into TS-FM backbones, models could better capture underlying biological structure while
retaining their statistical generalization capacity. Such integration offers a path toward combining
the expressive power of foundation models with the mechanistic rigour of systems pharmacology.
Additionally, based on GIFT-EVAL benchmark]|1], expanding the set of TS-FMs evaluated could
increase model diversity.

The limitation arising from the observed variability of TS-FM performance across different QSP
models may reflect underlying biological and patient heterogeneity. Differences in biomarker
relevance, the coexistence of responders and non-responders, and variations in response timing can
all affect predictive accuracy. Future work should explicitly model these sources of heterogeneity
to improve predictive reliability beyond what is constrained by stochasticity in QSP simulations.
Moreover, incorporating a broader set of QSP models from repositories such as BioModels and



related databases could also expand disease coverage, enabling more comprehensive virtual patient
analyses.

Finally, recent advances in Time-Series Language Models (TSLMs), such as OpenTSLM[14]], demon-
strate the feasibility of integrating temporal modalities into large language model architectures to
enable reasoning, forecasting, and extrapolation over time-dependent data. Building upon these
advances, future virtual patient surrogate architectures may fuse TS-FM forecasting ability with
TSLM-style reasoning over mechanistic knowledge graphs and patient-specific endotypes, resulting
in models that are not only computationally efficient, but also interpretable, mechanistically grounded,
and robust to novel perturbations.

5 Conclusion

We systematically evaluated the potential of time-series foundation models (TS-FMs) as surrogates
for virtual patient simulations generated by quantitative systems pharmacology (QSP) models. Using
five QSP models spanning diverse therapeutic areas, we demonstrated that off-the-shelf TS-FMs,
including the Chronos family, TiRex, and Moiraign,), can effectively reproduce virtual patient
trajectories, particularly in high-context, short- to mid-horizon forecasting scenarios. Transformer-
based models scaled to larger architectures (Chronospase/Large) consistently outperformed their smaller
variant for long-horizon predictions, while xLSTM-based TiRex exhibited robustness under low-
context, high-horizon conditions. Performance variability across QSP models reflected the underlying
system dynamics, with predictable systems (e.g., asthma, acute liver failure) yielding lower errors
and highly stochastic systems (e.g., osteoarthritic pain) posing greater challenges.

Looking forward, these findings open the door to hybrid approaches that combine TS-FMs with
mechanistic knowledge or patient-specific data, bridging statistical forecasting with biological in-
terpretability. Such integrations could enable scalable, computationally efficient, and clinically
relevant virtual patient simulations, supporting drug development, personalized therapy planning, and
predictive modeling of disease trajectories.
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A Summary of QSP models used for benchmark

Table 1: Summary of QSP models used for benchmark. Each entry lists reference and model details, simulation settings, and BioModels identifiers where available,
respectively.

# Reference # Treatment(s) # Virtual Patient(s) # Species # Parameters Simulation Time Disease BioModels ID

1 Proprietary Model 5 1000 16 - 364 days Asthma -

2 Proprietary Model 6 71 265 - 300 days IBD -

3 Faratian et al., 2009[9] 2 1 55 114 60 mins Cancer (HER2-positive breast cancer) BIOMDO0000000424
4 Benson et al., 2014[6] 7 1 39 155 350 hrs Osteoarthritic Pain BIOMDO0000000512
5 Slukaetal., 2016[21] 1 1 7 9 40 mins Acute Liver Failure BIOMDO0000000624




B Performance of time series foundation models on selected QSP models

Table 2: Forecasting performances of time series foundation models on the proprietary QSP model of
Asthma. C and H refer to the context and horizon window percentage over total timestep, respectively.

Scenario Baseline Model MAE MSE RMSE SMAPE
Chronosgyan[2]  0.0042 +0.0041  0.0029 +0.0057 0.0071 £0.0091 0.0257 £0.0129
Chronosggee[2]  0.0048 £ 0.0050 0.0026 £ 0.0051 0.0068 £ 0.0082 0.0263 +£0.0131
C:75%, H: 25%  Chronosiaee[2]  0.0026 +0.0014  0.0002 +0.0002  0.0033 £0.0022  0.0230 + 0.0120
TiRex[4] 0.0044 +0.0072  0.0034 +0.0067 0.0063 +0.0106 0.0067 £ 0.0060
Moiraigya[24]  0.0184 £0.0297 0.0426 £0.0841 0.0229 +0.0374 0.0280 + 0.0190
Chronosspman(2] 0.0315+£0.0414 0.0754 £0.1344  0.0392 £0.0510 0.0664 = 0.0297
Chronosg,ee[2]  0.0224 £0.0128  0.0234 +0.0263  0.0304 £ 0.0191  0.0845 £ 0.0423
C:50%, H: 50%  Chronosg 4ree[2]  0.0209 +£0.0153  0.0240 £0.0316  0.0282 £ 0.0221  0.0688 + 0.0284
TiRex[4] 0.0134 £0.0210  0.0284 +0.0562 0.0187 £0.0299 0.0163 + 0.0137
Moiraigpan[24]  0.0233 £0.0249  0.0395 +0.0650 0.0285 +0.0306 0.0364 +0.0192
Chronosgman[2]  0.0500 £ 0.0421  0.1102 £0.1804 0.0605 £ 0.0498  0.1361 = 0.0546
Chronosggse[2]  0.0611 £0.0391 0.1176 £0.1625 0.0759 £0.0472  0.1759 = 0.0755
C:25%,H: 75%  Chronosiaeel2]  0.0606 +0.0465 0.1204 £0.1850  0.0741 £0.0555  0.1604 + 0.0580
TiRex[4] 0.0287 £0.0251  0.0474 +£0.0790 0.0365 +0.0332  0.0517 £ 0.0340
Moiraigpan[24]  0.0389 £ 0.0301  0.0514 £0.0572  0.0457 £0.0355 0.0754 + 0.0534

Table 3: Forecasting performance of time series foundation models on the proprietary QSP model of
IBD. C and H refer to the context and horizon window percentage over total timestep, respectively.

Scenario Baseline Model MAE MSE RMSE SMAPE
Chronossmanl2]  0.0754 £ 0.0592  0.1592 £0.1472  0.0941 £ 0.0719  0.4247 £ 0.0260
Chronosgase[2]  0.0798 £ 0.0757 0.2462 + 0.4092 0.1008 £0.0949 0.4353 +0.0325
C:75%, H: 25%  Chronospqe[2]  0.0949 £0.0982  0.4383 £0.7836  0.1159 £0.1217  0.4361 £ 0.0333
TiRex[4] 0.0594 £0.0539 0.0729 £0.0829 0.0789 £ 0.0675 0.3798 £ 0.0492
Moiraigya[24]  0.0779 £0.0768 0.1011 £0.1113  0.1013 £0.0898  0.3968 + 0.0443
Chronossman(2] 0.1254 +0.1059 0.1960 £ 0.1978 0.1601 £0.1287 0.4625 +0.0376
Chronospase[2]  0.1894 +0.1288 0.4883 £ 0.4556 0.2445 £0.1608  0.4956 + 0.0592
C:50%, H: 50%  Chronospare[2]  0.1270 +0.0824  0.2200 £0.1702  0.1636 + 0.0998  0.4627 + 0.0433
TiRex[4] 0.1139£0.1239 0.1933 £0.2570 0.1446 £0.1487 0.3876 = 0.0697
Moiraigya[24] 0.1639 £0.1694  0.2986 £ 0.3785 0.1963 £0.1938 0.4557 +£0.0984
Chronossman[2] 0.2008 £ 0.1450 0.3739 £0.4040 0.2492 +0.1813  0.5423 £0.0821
Chronosgase[2]  0.2625 +0.1615 0.6878 +0.5638 0.3362 +£0.2067 0.5614 +0.0991
C:25%,H: 75%  Chronospqe[2] 0.2466 +0.1495  0.6019 £0.5046  0.3054 +0.1882  0.5524 £ 0.0879
TiRex[4] 0.2198 £0.1697 0.4880 +£0.4601 0.2690 £0.2118 0.4836 +£0.1074
Moiraigya[24]  0.2335£0.1576  0.5126 £0.4316 0.2772 £0.1919 0.5088 + 0.0864
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Table 4: Forecasting performance of time series foundation models on the open-source QSP model
of HER2-positive breast cancer (BIOMDO0000000424). C and H refer to the context and horizon
window percentage over total timestep, respectively.

Scenario Baseline Model MAE MSE RMSE SMAPE
Chronossman(2] 0.0361 £0.0153 0.0126 £ 0.0092 0.0449 £ 0.0189  0.2260 + 0.0386
Chronosgase[2]  0.0387 £0.0236  0.0168 £ 0.0156 0.0493 +£0.0310 0.2402 + 0.0206
C:75%,H: 25%  Chronospae[2]  0.0327 £0.0173  0.0123 £0.0100 0.0394 £0.0215  0.2196 + 0.0411
TiRex[4] 0.0248 £0.0092 0.0057 £ 0.0047 0.0288 £0.0109 0.2740 + 0.0267
Moiraigya[24]  0.1097 £0.0522  0.0537 £0.0398 0.1231 £0.0586 0.3379 + 0.0795
Chronossman(2] 0.1170 £0.0526  0.0739 £ 0.0453 0.1427 £0.0678 0.3288 +0.0314
Chronosgase[2]  0.1112 £0.0509 0.0876 £ 0.0634 0.1359 £ 0.0633 0.3061 = 0.0097
C:50%, H: 50%  Chronospqge[2]  0.0965 +£0.0425  0.0629 £0.0435  0.1205 £ 0.0563  0.2936 £ 0.0040
TiRex[4] 0.0846 £ 0.0325 0.0377 £0.0263 0.1015 £0.0408 0.3140 £ 0.0454
Moiraigya[24]  0.2058 £ 0.0614  0.1683 £0.0943  0.2420 £ 0.0747  0.4429 + 0.0276
Chronosspman(2] 0.1948 +£0.0880 0.1941 £0.1136 0.2351 £0.1057 0.3683 + 0.0508
Chronosgase[2]  0.2249 £ 0.1009 0.2403 £0.1478 0.2700 £ 0.1199  0.4004 £ 0.0728
C:25%,H: 75%  Chronospare[2] 0.1994 £0.0914  0.1759 £0.1052  0.2396 £ 0.1122  0.3982 + 0.0671
TiRex[4] 0.3300 £0.0737 0.6500 + 0.1661  0.4209 + 0.0843 0.5181 £0.0172
Moiraigya[24]  0.3544 +£0.0985 0.3708 £0.1591 0.4138 £0.1105 0.5007 + 0.0403

Table 5: Forecasting performance of time series foundation models on the open-source QSP model
of Osteoarthritic pain (BIOMDO0000000512). C and H refer to the context and horizon window
percentage over total timestep, respectively.

Scenario Baseline Model MAE MSE RMSE SMAPE
Chronosgman(2] 0.1004 £ 0.0616 0.0319 £ 0.0245 0.1238 £0.0751  0.4153 + 0.0806
Chronosgase[2]  0.1120 £ 0.0666  0.0385 +0.0344  0.1387 £0.0777 0.4473 £0.0774
C:75%,H: 25%  Chronospqe[2]  0.1241 £ 0.0667  0.0432 £0.0300 0.1556 + 0.0795  0.4666 £ 0.0907
TiRex[4] 0.2198 £0.1898 0.2332 £0.2127 0.2820 £0.2425 0.4956 £ 0.1878
Moiraigya[24]  0.2630 £ 0.2477 0.2671 £0.3434  0.3190 £0.2965 0.5198 +0.1820
Chronossman(2] 0.4175+0.2870 0.4545 +0.4544  0.4963 £0.3413  0.6527 £0.1572
Chronosgase[2]  0.6657 £0.5419 1.4997 £ 1.7180 0.8288 £0.6666 0.7418 +0.2542
C:50%, H: 50%  Chronospqe[2]  0.7386 £0.6492  2.4638 £3.5164 0.9006 £ 0.7770  0.7353 £ 0.2255
TiRex[4] 0.4368 £0.3238 0.5358 +£0.4813 0.5227 £0.3741 0.6268 = 0.2015
Moiraigya[24]  0.6728 £ 0.4547 1.0207 £0.8413  0.7522 £0.5042  0.7331 + 0.2400
Chronossman(2] 0.7093 £0.2639 1.1106 £ 0.6097 0.8764 +£0.3530 0.7602 + 0.1029

C:25%, H: 75%

Chronosggse[2]
Chronosy e [2]
TiRex[4]

MOiI‘aisma]] [24J

0.8825 + 0.4047
0.8219 + 0.3624
0.7186 + 0.3549
0.8511 +0.3454

3.4756 £4.3879
1.8939 + 1.6302
1.2354 + 0.6449
1.4294 + 0.7262

1.1361 £ 0.5790
1.0236 + 0.4592
0.8984 + 0.4381
1.0156 + 0.4180

0.8018 +0.1485
0.7942 + 0.1680
0.7270 £ 0.1864
0.7974 £ 0.1736

Table 6: Forecasting performance of time series foundation models on the open-source QSP model
of Acute Liver Failure (BIOMDO0000000624). C and H refer to the context and horizon window
percentage over total timestep, respectively.

Scenario Baseline Model MAE MSE RMSE SMAPE
Chronossman(2] 0.0331 £0.0000 0.0024 £ 0.0000 0.0446 +0.0000 0.0287 + 0.0000
Chronosgase[2]  0.0301 £0.0000 0.0019 +0.0000 0.0412 +0.0000 0.0774 = 0.0000
C:75%,H: 25%  Chronospare[2]  0.0332 +0.0000  0.0032 £ 0.0000 0.0481 +0.0000  0.0242 + 0.0000
TiRex[4] 0.0688 £ 0.0000 0.0085 +0.0000 0.0885 + 0.0000 0.2040 + 0.0000
Moiraigya[24]  0.0374 £ 0.0000 0.0023 £0.0000 0.0447 +0.0000 0.0945 + 0.0000
Chronossman(2] 0.1124 +0.0000 0.0342 £ 0.0000 0.1548 £0.0000 0.2287 = 0.0000
Chronosgase (2]  0.2171 £0.0000 0.0705 £ 0.0000 0.2496 +0.0000  0.1963 + 0.0000
C:50%, H: 50%  Chronospqee[2]  0.3102 £0.0000  0.1683 £0.0000 0.3683 + 0.0000  0.2375 £ 0.0000
TiRex[4] 0.3011 £0.0000 0.1359 +0.0000 0.3566 + 0.0000 0.3345 + 0.0000
Moiraigya[24]  0.3166 £ 0.0000 0.2044 +£0.0000 0.3688 + 0.0000 0.2702 + 0.0000
Chronosgman(2] 0.5170 £ 0.0000 0.3825 £ 0.0000 0.5843 +0.0000 0.2788 + 0.0000
Chronosgase[2]  0.8271 £0.0000 0.9704 £ 0.0000 0.9433 £ 0.0000 0.4125 + 0.0000
C:25%,H: 75%  Chronospare[2]  0.8266 + 0.0000  0.8229 +0.0000 0.9051 +0.0000  0.4160 + 0.0000
TiRex[4] 1.1806 £ 0.0000 2.4308 £ 0.0000 1.5135 +0.0000 0.3892 + 0.0000

MOiI‘aisman [24J

1.1475 + 0.0000

1.6292 + 0.0000

1.2724 + 0.0000

0.5263 + 0.0000
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C Selection of representative virtual patients

To select representative Virtual Patient (VP) trajectories for visualising, temporal clustering was
performed using dynamic time warping (DTW) followed by hierarchical clustering on DTW distances.
DTW allows flexible alignment of time series that differ in timing or duration, providing a robust
measure of trajectory similarity. The optimal number of clusters was determined using the elbow
method, which balances within-cluster homogeneity against model complexity. For each cluster, a
representative (medoid) trajectory was identified (the VP whose time course was most central within
its cluster based on DTW distance). These representative profiles summarize the dominant temporal
patterns observed across the virtual population.
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