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ABSTRACT

Quantitative Systems Pharmacology (QSP) models provide mechanistic represen-
tations of disease progression and drug response in virtual patient populations,
but their construction and maintenance are resource-intensive. Large pretrained
probabilistic time-series foundation models (TSFMs) exhibit strong cross-domain
generalization, yet their application in mechanistically informed drug develop-
ment remains limited. Here, we present a framework that augments QSP-based
virtual patient generation with a fine-tuned TSFM surrogate. We fine-tuned
Chronos-2 on a synthetic dataset generated from a curated portfolio of mech-
anistic QSP models and evaluated its performance on an unseen inflammatory
bowel disease (IBD) QSP model. Forecasts were informed with explicit context
in the form of historical and future drug dosing trajectories as exogenous inputs.
Regimen-aware fine-tuning reduced predictive error and tightened uncertainty es-
timates relative to zero-shot inference. Incorporating dosing context alongside
fine-tuning lowered both mean prediction error and variability across virtual pa-
tients. These results demonstrate that context-informed TSFMs can serve as scal-
able, reproducible surrogates for QSP workflows, enabling rapid scenario explo-
ration in pharmacological modeling pipelines.

Track: Research

1 INTRODUCTION

Quantitative Systems Pharmacology (QSP) models provide mechanistically grounded, time-
resolved descriptions of disease biology and drug response, and are increasingly used to support
regulatory decision-making (Bai et al., 2024). Virtual “digital twin” from QSP simulations have
been applied to predict efficacy prior to human trials (Klabunde, 2024), particularly in settings
such as rare diseases where patient data are limited (Neves-Zaph & Kaddi, 2024). In addition,
in silico trial emulation using mechanistic cardiovascular models demonstrates how synthetic
virtual cohorts can be leveraged to predict long-term clinical outcomes and de-risk development
programs (Angoulvant et al., 2024). At the same time, QSP development and maintenance require
substantial domain expertise and iterative curation as biological knowledge evolves. As model scope
and mechanistic detail grow, simulation and ensemble generation can become computationally
intensive, particularly when scaling to large virtual cohorts or exploring many candidate dosing
regimens. These practical constraints can limit reuse and rapid iteration, especially in an era where
high-dimensional molecular and clinical data are becoming more widely available.
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Figure 1: Schematic overview of the framework outlined in this work.

In parallel, large pretrained time-series foundation models (TSFMs) have demonstrated strong
zero-shot generalisation across heterogeneous domains, offering standardised architectures and
efficient inference suitable for large-scale deployment (Auer et al., 2025; Ansari et al., 2025; Liu
et al., 2025). Recent work has begun to explore whether such models can serve as zero-shot
surrogates for simulating QSP-based virtual patient (VP) trajectories, highlighting their potential to
capture pharmacodynamic patterns (Mulyadi et al., 2025a). Advances in context-aware time-series
modelling enable forecasts to be conditioned not only on historical observations, but also on
covariates that describe system attributes and interventions (Ansari et al., 2025). In medicine,
time-series models have largely centred on electronic health records rather than mechanistically
structured, multivariate trajectories typical of pharmacology (Shmatko et al., 2025; Li et al., 2025).
This creates an opportunity to bridge mechanistic QSP modeling with flexible, data-driven TSFMs
that can learn to incorporate intervention context. By combining mechanistic QSP models with
TSFMs, we can leverage the interpretability and pharmacological grounding of QSP alongside the
scalability and compositional learning capabilities of modern TSFMs.

Here, we present a framework for fine-tuning a TSFM on QSP-generated virtual patient trajectories
with explicit dosing regimen conditioning (Figure 1). We selected Chronos-2 (Ansari et al., 2025)
as the TSFM for this study because it outperforms comparable models with the lowest MASE val-
ues on GIFT-Eval (Aksu et al., 2024)1, while supporting fine-tuning and zero-shot forecasting for
diverse datasets. The original Chronos model consistently performed well in a prior benchmarking
study across multiple biological and QSP-generated time-series trajectories, where it outperformed
comparable TSFMs in forecasting accuracy(Mulyadi et al., 2025a). Using synthetic time-series data
simulated from a suite of curated mechanistic QSP models, we fine-tuned Chronos-2 to predict
clinically relevant species of an inflammatory bowel disease (IBD) QSP model while conditioning
on dosing regimens as exogenous covariates. We demonstrate that incorporating dosing regimen
information enhances predictive performance compared to models that disregard intervention con-
text, and that fine-tuning on QSP-derived trajectories reduces predictive uncertainty compared to
zero-shot use of the foundation model.

2 PROPOSED METHOD

QSP-derived Simulated Data We simulate a QSP model to obtain time-series data {Xr}|R|
r=1,

where Xr ∈ RP×S×T denotes a cohort of VPs treated under a regimen r ∈ R, with P pa-
tients, covering S species over T timesteps. Hereafter, we omit indices for clarity. We fur-
ther decompose the time-series into X1:T = (Xc,Xh), where Xc = [X1,X2, . . . ,Xt=c] and
Xh = [Xt+1,Xt+2, . . . ,XT=c+h] denote the context and horizon segments, respectively. We feed
Xc to the forecasting model, and use Xh as the ground-truth segment to compare against the pre-
dicted horizon X̃h when evaluating forecasting performance.

1last accessed on February 13, 2026; https://huggingface.co/spaces/Salesforce/GIFT-Eval
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QSP-derived Regimen Course For each QSP model, we identified the species which represents
the drugs effect (or the regimen R) in the model and provided this to a TSFM (i.e., Chronos-2) as an
exogenous variable ϕ ⊂ S. In QSP models, dosing species are the explicit state variables in which
dose events are applied and accumulated; they therefore serve as complete proxies for the dosing
trajectory over time, capturing timing, magnitude, and route of administration without requiring
additional mechanistic states. We incorporated them as additional covariates for which both context
and horizon Xc and Xh are given. The rationale for using the species as a regimen-proxy are found
in Table 4 in the Appendix.

Conditional Time-series Forecasting Since QSP models encode drug-dosing regimens as ded-
icated species, we can mimic clinical settings in which treatment is pre-specified and observed
throughout the entire course. We formalize the conditional forecasting task as predicting a hori-
zon segment, X̃h = fθ(X

c | Xϕ), where fθ denotes a TSFM with pre-trained parameters θ, and
Xϕ denotes time-series of exogenous variable(s). In practice, we optimize θ via fine-tuning.

3 EXPERIMENTAL RESULTS

Implementation Details We curated 12 total number of QSP-simulated data inferred from
publicly-available BioModels database (Malik-Sheriff et al., 2020). For every model, simulation
time-courses were extracted from the corresponding publications and reproduced using COPASI
version 4.44 (build 295). All models were executed under their reported experimental conditions to
generate time-series data. We applied global z-score normalization across all VPs, treatments, and
time points (according to Eq. 1). We excluded species with zero variance, as these were invariant
across all simulations and uninformative for downstream inference. In total, we obtained 304, 971
time-series samples spanning models, treatments, and VPs. Furthermore, we utilized 25% of the
total timesteps from each sample as the context for the model. We fine-tuned Chronos-2 using a
LoRA adapter with a 0.9:0.1 train–validation split and evaluated generalization on an unseen propri-
etary IBD QSP model. Fine-tuning was performed with a batch size of 32, learning rate of 1e − 6,
for 20, 000 steps on a single NVIDIA H100 80GB GPU. Forecasting performance was evaluated
using MSE, RMSE, MAE, and SMAPE. As Chronos-2 produces stochastic forecasts, we addition-
ally assessed predictive uncertainty using prediction interval coverage probability (PICP) and mean
prediction interval width (MPIW) (Pearce et al., 2018). See Appendix C for details.

Regimen Conditioning Improves Predictive Accuracy Table 1 presents the primary benchmark-
ing results, reporting predictive performance across held-out trajectories of an IBD QSP model under
different context strategies. Including the dosing regimen as an exogenous context substantially im-
proves performance, reducing both error and variability across virtual patients compared to models
without regimen information. The relatively high variance arises from parameter-diverse mecha-
nistic simulations of virtual patients, reflecting the heterogeneity of real patient backgrounds. To
ameliorate this variance, we also assessed treatment-level inferences, which show that for therapies
with regular, fixed schedules (e.g., Nanobody(R)-based proprietary compound), forecasts remain ac-
curate even in zero-shot settings without explicit dosing context, reflecting the predictability of the
administration pattern. In contrast, for treatments with irregular or adaptive dosing regimens (e.g.,
Guselkumab), incorporating dosing trajectories as contextual input markedly enhances predictive
accuracy (Figure 2). This holds true across species (Appendix Figure 3) and also for calprotectin
(Appendix Figure 4), a diagnostic protein for IBD.

Fine-Tuning Improves Predictive Uncertainty Fine-tuning substantially reduces predictive un-
certainty. We quantified uncertainty using the PICP and MPIW (Table 2), Figure 5). In the zero-shot
setting, PICP is 0.73 and MPIW is 0.44, indicating wide, over-conservative prediction intervals.
After fine-tuning on the synthetic QSP dataset, PICP decreases to approximately 0.60 while MPIW
contracts to 0.2, demonstrating sharper predictions. This reduction in both coverage and interval
width indicates that exposure to mechanistically generated QSP trajectories allows the TSFM to
produce sharper, more confident predictions.

Treatment-specific effects in the unseen IBD model To assess whether regimen conditioning
improves performance consistently across therapies, we performed paired Wilcoxon signed-rank

3



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

*** ***

*** ***

*** ***

***

*** ***

**

Guselkumab+Golimumab Nanobody(R)-based compound Untreated

aTL1A Golimumab Guselkumab

Baseline Finetuned Baseline Finetuned Baseline Finetuned

0.00

0.05

0.10

0.15

0.20

0e+00

2e-07

4e-07

6e-07

0.0

0.1

0.2

0.00

0.05

0.10

0.15

0.0

0.2

0.4

0.6

0.0

0.1

0.2

0.3

0.4

Model type

S
pe

ci
es

-le
ve

l m
ea

n 
er

ro
r 

(9
5%

 C
I)

Dosing regimen

W/o regimen

Regimen

Figure 2: Species-level mean RMSE (bars) with 95% confidence intervals across treatments, ag-
gregated over all virtual patients, comparing models trained with versus without dosing regimen
information. Results are shown separately for baseline and finetuned models. Significance markers
indicate paired Wilcoxon tests across species (BH-corrected), testing whether inclusion of dosing
regimen reduces error.

tests comparing forecasting error with and without regimen covariates at the species level (158
paired species per treatment, Table 3). Multiple testing correction was performed using Ben-
jamini–Hochberg adjustment. Across treatments, we see statistically significant error reductions for
treatments (small–medium effect sizes, BH-adjusted p < 0.001), and negligible effect for untreated
patients, who already have a far lower baseline error (Table 3).

Case study: Gut Calprotectin under Guselkumab treatment We next examined a clinically
relevant biomarker in IBD: Gut Calprotectin levels under Guselkumab (Gusel) treatment (Appendix
Figure 6). Calprotectin is a validated biomarker of intestinal inflammation and is widely used for
disease monitoring in IBD (Kapel et al., 2023; Plevris & Lees, 2022). For this biomarker, inclu-
sion of dosing regimen trajectories as exogenous covariates led to qualitatively improved forecasts.
Compared to forecasts generated without regimen context, the conditioned model more accurately
reflected the expected pharmacodynamic response following drug administration.

4 LIMITATIONS AND FUTURE WORKS

Despite promising results, several limitations of the current framework remain. First, treatment regi-
mens are encoded as simplified temporal inputs, whereas real-world dosing corresponds to complex
PK–PD trajectories that vary across patients and over time. Accurately capturing these dynamics
without access to full concentration–time data remains challenging, particularly in clinical settings
where PK sampling is sparse or unavailable. Second, the model requires sufficient longitudinal his-
tory to forecast trajectories, but patient data are often sparse or limited to baseline measurements.
Extending the framework to incorporate snapshot modalities, such as baseline biomarkers or omics
profiles, using multimodal architectures that translate static patient information into dynamic time-
series predictions represents a promising direction (Arango et al., 2025; Zhong et al., 2025; Kimura
et al., 2025). For instance, a TSFM combined with a conditional autoencoder could leverage task-
specific multimodal inputs and contrastive learning to generate informative latent representations
that guide temporal dynamics (Qiu et al., 2025).

Third, while the model achieves improved predictive accuracy, it does not provide explicit causal
or mechanistic explanations for its forecasts, which is often required in translational and regulatory
contexts. Integrating reasoning frameworks or structured biomedical knowledge (e.g., (Mulyadi
et al., 2025b)) could improve transparency and enhance regulatory relevance. The compositional
nature of TSFMs provides a natural pathway for integrating patient-specific, multimodal data, en-
abling more personalized and extensible modeling frameworks beyond what is feasible with purely
mechanistic QSP models. While the present study focuses on regimen-aware forecasting from QSP-
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generated trajectories, it establishes a foundation for future approaches that incorporate heteroge-
neous clinical and molecular data into a unified, intervention-aware modeling framework. Overall,
these limitations highlight key opportunities to refine regimen encoding, expand contextual repre-
sentations, and increase mechanistic interpretability, laying the groundwork for more physiologi-
cally accurate context-aware TSFMs. These developments will further extend the applicability of
the framework across a broader range of mechanistic disease models, and improve robustness of
regimen-aware forecasting under diverse biological settings.

5 CONCLUSIONS

We introduce a regimen-aware adaptation of time-series foundation models by fine-tuning
Chronos-2 on a large synthetic dataset generated from diverse QSP models. Conditioning fore-
casts on dosing trajectories improves accuracy and reduces uncertainty on an unseen IBD model
relative to zero-shot inference, demonstrating that TSFMs can serve as scalable surrogates for vir-
tual patient forecasting. This effect is not observed in untreated simulations, where baseline errors
are substantially lower and changes in RMSE are negligible in absolute terms, reflecting a regime in
which the regimen input corresponds to a constant no-intervention signal and provides no additional
informative conditioning. Although evaluation is performed on an IBD QSP model, it represents an
unseen system relative to training, and our prior work has shown that TSFMs generalize across mul-
tiple biological contexts(Mulyadi et al., 2025a); notably, IBD has been identified as a particularly
challenging system, and our method improves performance in this difficult setting. While our cur-
rent approach does not leverage mechanistic structure beyond the simulated data itself, our results
suggest a promising path toward integrating richer mechanistic context and multimodal biological
information in future time-series foundation models, enabling more robust intervention-aware fore-
casting in biomedical domains.
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Figure 3: Species-level mean (bars) with 95% confidence intervals across treatments, comparing
models trained with versus without dosing regimen information for different calculations of er-
ror. Results are shown separately for baseline and finetuned models. Significance markers indicate
paired Wilcoxon tests across species (BH-corrected), testing whether inclusion of dosing regimen
reduces error.
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Figure 4: Mean error for predictions for gut calprotectin levels (bars) with 95% confidence intervals
across treatments, comparing models trained with versus without dosing regimen information for
different calculations of error. Results are shown separately for baseline and finetuned models.
Significance markers indicate paired Wilcoxon tests across species (BH-corrected), testing whether
inclusion of dosing regimen reduces error.
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width (MPIW, bottom) across treatments for baseline and finetuned models, with and without dosing
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Figure 6: Simulated fecal calprotectin levels (y-axis) over time (x-axis) for selected virtual patients
(labelled at VPs, as columns) across treatments different treatments (rows). Solid black lines denote
observed context and ground-truth trajectories. Yellow lines show model forecasts without dosing
variables, while blue lines show forecasts with dosing variables. Hatched blue regions indicate
the context window used for prediction. Lower panels display the dynamics of drug-target species
associated with each treatment.
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B SUPPLEMENTARY TABLES

Table 1: Predictive error metrics across training and regimen conditions. Mean ± standard deviation
values are reported for MAE, MSE, RMSE, and SMAPE across virtual patients. Results are stratified
by model training paradigm (Baseline vs. Finetuned) and inclusion of dosing regimen information
(w/o regimen vs. w/ regimen).

Training Dosing Variable MAE MSE RMSE SMAPE

Baseline W/o regimen 0.229 ± 0.556 0.493 ± 2.537 0.275 ± 0.646 0.298 ± 0.436
Regimen 0.190 ± 0.538 0.426 ± 3.606 0.228 ± 0.611 0.285 ± 0.458

Finetuned W/o regimen 0.212 ± 0.544 0.465 ± 2.320 0.256 ± 0.632 0.317 ± 0.459
Regimen 0.178 ± 0.428 0.307 ± 1.348 0.217 ± 0.510 0.305 ± 0.494

Table 2: Uncertainty quantification metrics across training and regimen conditions. Mean ± standard
deviation values are reported for PICP and MPIW across virtual patients. Results are stratified by
model training paradigm (Baseline vs. Finetuned) and inclusion of dosing regimen information
(W/o regimen vs. Regimen).

Training Dosing Variable PICP MPIW

Baseline W/o regimen 0.732 ± 0.366 0.447 ± 1.038
Regimen 0.870 ± 0.269 0.632 ± 1.607

Finetuned W/o regimen 0.620 ± 0.411 0.224 ± 0.585
Regimen 0.660 ± 0.353 0.296 ± 0.914

Table 3: Statistical analysis (Wilcoxon signed-rank tests) of RMSE error and change after adding
regimen covariates. Multiple-hypothesis correction was performed using Benjamini-Hochberg ad-
justment. Direction column indicates whether errors have reduced or increased since taking into
account regimens.

Training Treatment p−value p−adj ∆ RMSE Direction

Baseline

Nanobody(R)-based compound 1.999e-7 3.411e-7 -0.003 Reduced
Golimumab 4.001-13 1.460-12 -0.015 Reduced
Guselkumab+Golimumab 3.009-7 4.524-7 -0.019 Reduced
Guselkumab 7.616-19 9.139-18 -0.0153 Reduced
aTL1A 1.1863-10 4.472-10 -0.043 Reduced
Untreated 0.003 0.003 1.032-8 Increased

Finetuned

Nanobody(R)-based compound 0.050 0.054 -9.471-5 Reduced
Golimumab 1.708-4 2.277-4 -0.015 Reduced
Guselkumab+Golimumab 3.433-10 6.866-10 -0.0176 Reduced
Guselkumab 2.146-17 1.288-16 -0.009 Reduced
aTL1A 4.868-13 1.460-12 -0.026 Reduced
Untreated 0.999 0.999 1.949-8 Increased
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Table 4: Summary of QSP models used for benchmark with reference and model details.

# Reference Treatment(s) Virtual Patient(s) Species Parameters

1 Proprietary Model 6 71 183 829

2 (Gadkar et al., 2022) 8 704 59 188

3 (Faratian et al., 2009) 2 1 55 114

4 (Benson et al., 2014) 7 1 39 155

5 (Wajima et al., 2009) 1 1 54 58

6 (Palmér et al., 2014) 3 1 35 52

7 (Schropp et al., 2019) 4 1 8 21

8 (Dwivedi et al., 2014) 3 1 44 50

9 (Sluka et al., 2016) 1 1 7 9

10 (de Pillis et al., 2008) 1 1 6 31

11 (León-Triana et al., 2021b) 1 1 3 5

12 (León-Triana et al., 2021b) 3 1 4 10

13 (León-Triana et al., 2021a) 1 3 5 12

Table 5: Summary of QSP models used for benchmark. Each entry lists reference, simulation
settings, and BioModels identifiers where available, respectively.

# Reference Simulation Time Disease BioModels ID

1 Proprietary Model 300 days IBD –

2 (Gadkar et al., 2022) 5760 hrs Adverse GI events
(intracellular/

extracellular dynamics in
gut epithelia)

–

3 (Faratian et al., 2009) 60 mins Cancer (HER2-positive
breast cancer)

BIOMD0000000424

4 (Benson et al., 2014) 350 hrs Osteoarthritic Pain BIOMD0000000512

5 (Wajima et al., 2009) 20 days Thrombotic disorders BIOMD0000000340

6 (Palmér et al., 2014) 350 days Type 2 Diabetes Mellitus BIOMD0000000620

7 (Schropp et al., 2019) 150 days Bispecific antibodies
(BsAbs) therapies

BIOMD0000000788

8 (Dwivedi et al., 2014) 2016 hrs IBD (Crohn’s disease) BIOMD0000000537

9 (Sluka et al., 2016) 40 mins Acute Liver Failure BIOMD0000000624

10 (de Pillis et al., 2008) 5 days Generic solid tumors
(tumor immune

interactions)

BIOMD0000000913

11 (León-Triana et al., 2021b) 60 days Cancer (B-cell acute
lymphoblastic leukemia)

BIOMD0000001011

12 (León-Triana et al., 2021b) 1000 days Cancer (B-cell acute
lymphoblastic leukemia)

BIOMD0000001012

13 (León-Triana et al., 2021a) 360 days Solid Cancer
(Glioblastoma)

BIOMD0000001014
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Table 6: Rationale for choosing the species as a regimen.

# Reference Drug variables Rationale Regimen
1 Proprietary Model Blood.AntiIL23 Central;

Blood.AntiTNFa SC;
Blood.AntiIL1A central;
Blood.NBforTNFaOX40L SC

Drug variable
identified from
SimBiology
project file

Untreated; 200 mg at days
0, 28, 56 and 100 mg on
days 112 and every 56 days
thereafter ; 200 mg at days
0 and 100 mg at days 14
and 100 mg at days 42, 70
; 500 mg at days 0, 14, 28,
42, 56, 70 and 84 ; 150 mg
at every 14 days

2 (Gadkar et al.,
2022)

PI3Kinh gi ; PI3Kinh circ Drug variable
identified from
SimBiology
project file

Untreated; Umbralisib
(800mg once daily);
Alpelisib (300mg once
daily); Taselisib (4mg once
daily); Idelalisib (150mg
twice daily); Duvelisib
(25mg twice daily); Pictil-
isib (340mg once daily);
Copanlisib (60mg once
weekly)

3 (Faratian et al.,
2009)

Per Drug variable
identified by
looking at
which variable
corresponding
to drug (based
on annotation
- Pertuzumab)
and also ’per’
is changed
here to plot.
Directly given
in biomodels

Placebo; Initial concentra-
tion of Per is 300000

4 (Benson et al.,
2014)

PFM gut PFM gut was
connected to
dose in MD as-
signment global
quantity

Initial Concentrations (PF-
04457845-dose 0.1mg; PF-
04457845-dose 0.3mg; PF-
04457845-dose 10mg; PF-
04457845-dose 1mg; PF-
04457845-dose 20mg; PF-
04457845-dose 3mg; PF-
04457845-dose 40mg)

5 (Wajima et al.,
2009)

A warf Drug variable
identified from
events in the
SBML file

4mg everyday

6 (Palmér et al.,
2014)

Anakinrasc Drug variable
identified from
events in the
SBML file

Placebo; 200 mg sub-
cutaneously once daily
for 13 weeks; 200 mg
subcutaneous intermittent
dosing regimen alternating
between once daily for
13 weeks followed by 13
weeks off treatment

7 (Schropp et al.,
2019)

C free Drug variable
identified by
looking at
which variable
corresponding
to drug

Initial concentration of
50mg; Initial concentration
of 250mg; 50mg every
2 weeks; 250mg every 2
weeks

8 (Dwivedi et al.,
2014)

Ab{serum} Drug variable
identified from
events in the
SBML file

Placebo; 560mg for every 2
weeks; 560mg for every 4
weeks

9 (Sluka et al., 2016) APAP Drug variable
identified from
Biomodels de-
scription

Initial concentration of 0.1

10 (de Pillis et al.,
2008)

I Drug variable
identified from
Biomodels de-
scription

Initial concentration of
2000

11 (León-Triana et al.,
2021b)

CAR T-cells Drug variable
identified from
Biomodels de-
scription

Initial concentration of 107

12 (León-Triana et al.,
2021b)

CAR T-cells Drug variable
identified from
Biomodels de-
scription

Initial concentration of 107

13 (León-Triana et al.,
2021a)

CAR T-cells off-tumour Drug variable
identified from
Biomodels de-
scription

Initial concentration of 2 *
108
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C SUPPLEMENTARY EQUATIONS

Z-score transformation was used to transform species onto a similar scape as follows,

z
(p)
s,t =

x
(p)
s,t − µs

σs
(1)

where x(p)
s,t denotes the value of species s at time t for virtual patient p, while µs and σs indicate the

global mean and standard deviation, respectively.

Symmetric Mean Absolute Percentage Error (SMAPE) is defined as:

SMAPE =
2

n

n∑
i=1

|yi − ŷi|
|yi|+ |ŷi|

(2)

where y and ŷ denote the ground-truth and forecast signals, respectively.

Mean Absolute Error (MAE) is defined as:

MAE =
1

n

n∑
i=1

|yi − ŷi| (3)

where y and ŷ denote the ground-truth and forecast signals, respectively.

Mean Squared Error (MSE) is defined as:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (4)

where y and ŷ denote the ground-truth and forecast signals, respectively.

Root Mean Squared Error (RMSE) is defined as:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (5)

where y and ŷ denote the ground-truth and forecast signals, respectively.

Prediction Interval Coverage Probability (PICP) is defined as:

PICP =
1

n

n∑
i=1

⊮(ŷlower
i ≤ yi ≤ ŷupperi ), (6)

where ⊮ returns 1 if condition match, otherwise 0. y, ŷlower, and ŷupper denote the ground-truth
signal and the lower and upper prediction interval bounds, respectively.

Mean Prediction Interval Width (MPIW) is defined as:

MPIW =
1

n

n∑
i=1

ŷupperi − ŷlower
i (7)

where ŷlower and ŷupper denote the lower and upper prediction interval bounds, respectively.
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