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Abstract

Dynamic perioperative risk prediction requires
models to anticipate evolving physiological de-
terioration under strict prediction-time informa-
tion boundaries. We introduce PERIBENCH,
a protocol-aware benchmark built from high-
frequency intraoperative signals. PERIBENCH
defines 18 clinically motivated tasks spanning
future risk classification, persistent deteriora-
tion prediction, continuous vital-sign regres-
sion, and case-level prognosis, and evaluates
37 systems across numerical predictors, deep
sequential models, time-series foundation mod-
els, and LLM-oriented language interfaces.
Rather than using a single undifferentiated
leaderboard, PERIBENCH separates supervised
or adapted prediction, direct pretrained trans-
fer, and prompt-based language-interface infer-
ence into protocol-compatible pools. Exper-
iments show that model sophistication does
not translate monotonically into better peri-
operative prediction: tree-based references re-
main strong on many classification endpoints,
deep sequential models are competitive on se-
lected physiological tasks, direct foundation-
model transfer is heterogeneous, and language
interfaces capture useful classification signals
but remain less reliable for regression, calibra-
tion, alert burden, and abnormal-region predic-
tion. PERIBENCH provides a structured bench-
mark for studying dynamic perioperative pre-
diction from numerical models to language in-
terfaces under shared task semantics and ex-
plicit protocol boundaries. Code is available at
https://github.com/Kdyyh/PERIBENCH.

1 Introduction

Recent advances in time-series foundation mod-
els and large language models have expanded the
model space for structured temporal prediction,
ranging from numerical predictors and deep se-
quential models to pretrained time-series models
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and language-facing interfaces (Ansari et al., 2024;
Jin et al., 2024; Zhang et al., 2024). This diversity
creates a benchmark challenge: different systems
vary in supervision access, input representation,
adaptation strategy, inference protocol, and, for
language-facing models, output parsing. For clin-
ical NLP and language-interface evaluation, this
setting highlights the role of language interfaces for
structured numerical streams through text—-numeric
serialization, task instruction, and output parsing,
rather than only free-text inputs. Fair comparison
therefore requires shared task semantics, common
metrics, and explicit protocol boundaries (Haru-
tyunyan et al., 2019).

Dynamic perioperative risk prediction is a rep-
resentative testbed for this benchmark challenge,
as prior perioperative resources and studies have
shown the value of high-frequency intraoperative
signals for physiological prediction (Lee et al.,
2022, 2021; Cai et al., 2025). It involves strict
prediction-time information boundaries and hetero-
geneous targets ranging from future risk events and
persistent abnormal states to continuous severity
values and case-level outcomes. Because these tar-
gets differ in temporal semantics, event prevalence,
output space, and failure modes, single-endpoint
prediction or pure forecasting cannot adequately
characterize model capabilities across paradigms,
echoing the need for multi-task and protocol-aware
clinical time-series evaluation (Harutyunyan et al.,
2019; Yeche et al., 2021).

Existing resources only partially address this
need. General clinical time-series benchmarks,
such as the MIMIC-III benchmark (Harutyunyan
et al., 2019) built on MIMIC-III (Johnson et al.,
2016), and HiRID-based benchmarks (Yeche et al.,
2021), standardize ICU or hospital prediction tasks,
but do not target high-frequency perioperative mon-
itoring or cross-paradigm comparison. Perioper-
ative resources such as VitalDB provide valuable
intraoperative signals (Lee et al., 2022), and Vi-
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talBench provides a benchmark for intraoperative
vital-sign prediction (Cai et al., 2025). However,
these resources mainly focus on vital-sign forecast-
ing or selected physiological endpoints, such as
intraoperative hypotension prediction (Lee et al.,
2021). LLM-based perioperative prediction studies
further explore language-facing interfaces (Chung
et al., 2024), yet they are often evaluated in isolated
prompt settings with limited baselines and inconsis-
tent protocols. These gaps motivate a unified bench-
mark for numerical, sequential, foundation-model,
and language-interface systems under shared dy-
namic tasks, with protocol-aware evaluation that
accounts for differences in input representation and
inference interface.

To address this gap, we introduce PERIBENCH,
a protocol-aware benchmark for dynamic periop-
erative risk prediction. Built on high-frequency
intraoperative physiological signals, PERIBENCH
defines 18 tasks across four prediction regimes:
future risk classification, persistent deterioration
prediction, continuous vital-sign regression, and
case-level prognosis. These regimes cover distinct
dynamic prediction semantics and support task-
family-level analysis rather than a flat endpoint
leaderboard. Beyond task coverage, PERIBENCH
is designed for cross-paradigm model evaluation.
It evaluates 37 systems spanning numerical pre-
dictors, tree-based models, deep sequential net-
works, time-series foundation models, and LLM-
oriented language-interface systems. Since these
systems differ in supervision access, adaptation
strategy, input representation, and inference in-
terface, PERIBENCH separates them into three
protocol-compatible pools: supervised or adapted
prediction, direct pretrained transfer, and prompt-
based language-interface inference. By explic-
itly separating systems according to supervision
regime, adaptation strategy, and inference protocol,
this design preserves shared task definitions and
metrics while limiting direct rankings to protocol-
compatible systems. Our evaluation shows that no
model family is uniformly dominant: performance
varies with task semantics, model family, and eval-
uation protocol.

The contributions of this work are as follows:

» Task design: We introduce PERIBENCH, a
benchmark with 18 dynamic perioperative risk
prediction tasks across four regimes.

¢ Cross-paradigm system coverage: We eval-
uate 37 systems spanning numerical predic-

tors, tree-based models, deep sequential mod-
els, time-series foundation models, and LLM-
oriented language-interface systems.

* Protocol-aware evaluation: We propose a
three-pool design that separates supervised
or adapted prediction, direct pretrained trans-
fer, and prompt-based language-interface in-
ference.

* Reliability analysis: We provide task-family
and reliability-oriented analyses showing that
benchmark conclusions depend jointly on task
semantics, model family, and evaluation pro-
tocol.

2 Data and Task Construction

This section describes how PERIBENCH converts
raw intraoperative signals into standardized inputs,
task-specific labels, and leakage-controlled evalua-
tion splits.

2.1 Data Source and Standardized Inputs

PERIBENCH is built on VitalDB (Lee et al., 2022)
using a unified preprocessing and task-construction
pipeline. The original dataset contains 6,388 surgi-
cal cases. After excluding 16 cases with corrupted
raw data or records that failed the shared prepro-
cessing pipeline, 6,372 cases were retained. For
window-level tasks, the basic prediction unit is a 60-
second intraoperative physiological window sam-
pled at 1 Hz with a 30-second stride. Each window
contains four vital-sign channels: heart rate (HR),
mean arterial pressure (MAP), peripheral oxygen
saturation (SpOs), and end-tidal carbon dioxide
(ETCOg). These signals form a tensor of shape
2,181,008 x 4 x 60, paired with a validity mask
of the same shape. A unified window manifest of
shape 2,181,008 x 12 records sample indices, tem-
poral alignment, split assignments, and task labels.
Structured case-level variables and laboratory mea-
surements are used only when timestamped before
the prediction time. Full task statistics, availability
rules, and model-specific input handling are pro-
vided in Appendices B and C.

2.2 Task Stratification

The 18 tasks are grouped into four dynamic predic-
tion regimes (Table 1). This stratification is cen-
tral to PERIBENCH because the regimes capture
different prediction semantics rather than merely
different labels. Future risk tasks predict threshold
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Figure 1: Overview of PERIBENCH. The benchmark is organized along three axes: 18 dynamic prediction tasks, 37
systems spanning numerical predictors, time-series models, foundation models, and language-interface systems, and
3 protocol-stratified evaluation pools. The model spectrum characterizes representation and interface type, while the

protocol pool determines ranking comparability.

crossing from a currently stable state; persistent
deterioration tasks predict whether an abnormal
state will persist; continuous regression tasks esti-
mate future physiological severity; and case-level
prognosis tasks summarize episode-level outcomes.
Because these regimes differ in sample size, event
prevalence, output type, and failure modes, we re-
port results by task family instead of treating all
endpoints as a homogeneous label set.

2.3 Rolling-Window Task Construction

Window-level tasks are anchored at the end of each
60-second window, with labels computed over task-
specific future horizons. Future risk tasks retain cur-
rently stable or normal windows and predict future
threshold events, whereas persistent deterioration
tasks retain currently abnormal windows and pre-
dict whether the abnormal state persists. This sepa-
ration prevents the two task families from reducing
to the same threshold-detection problem. Contin-
uous regression tasks predict the future minimum
MAP or SpOq over the next 5 minutes. The con-
struction makes the prediction boundary explicit
and prevents future observations from entering the
input. Detailed endpoint thresholds, state filters,
validity requirements, and missingness handling
are provided in Appendix D.

2.4 Patient-Grouped Splits and Information
Boundaries

All tasks use grouped train, validation, and test par-
titions at the patient or surgical-case level to prevent
leakage across correlated samples from the same
trajectory. Model fitting uses the training split,
hyperparameter and checkpoint selection use the
validation split, and final reporting uses the held-
out test split. Task-specific eligible samples inherit
the grouped split assignment before label-specific
filtering whenever applicable. Window-level labels,
case-level covariates, and laboratory measurements
are included only when available before the pre-
diction time. This design ensures that benchmark
comparisons reflect model behavior under consis-
tent information boundaries rather than access to
future observations or patient-level leakage.

3 Model Spectrum

The benchmark evaluates 37 systems across four
representation levels (Table 2). The selected sys-
tems cover numerical references, sequence architec-
tures, forecasting models, recent time-series foun-
dation models, and language-facing systems. The
model spectrum describes representation and inter-
face position, while protocol-compatible ranking
is determined separately by the evaluation pool in
Section 4. The goal is broad paradigm coverage
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Task regime Count  Definition Samples Cases Event rate Metrics
stable/normal current
. i . . . 1,266,428— 2.49-27.86% AUROC,
Future risk classification 6 w1nd9w, future threshold 2,122,003 3,521-6,369 cvents AUPRC. Brier
crossing
. . . abnormal current
P;’_r sistent deterioration 5 window; persistent future  55,736-129,728 1,655-4,233 g;i’“‘zg% ﬁgsgg’%er
prediction abnormality ) >
Continuous vital-sign future minimum MAP or 1,461,123~ B . MAE, RMSE,
regression 2 SpO2 2,136,422 3,521-6,369 continuous R?
Case-level prognosis case-level outcome 9 9 0.86-18.85% AUROC,
prediction 3 prediction 3,980-6,372 3,980-6,372 events AUPRC, Brier

Table 1: Task stratification in PERIBENCH. Detailed task-level statistics are provided in Appendix B.

rather than an exhaustive enumeration of all avail-
able time-series models. Full model references,
protocol assignments, and model-specific input pro-
tocols are provided in Appendices E and C.

Numerical, feature-based, and tree-based ref-
erences. The first level contains 8 numerical,
feature-based, and tree-based references: Logistic
Regression, MLP, MiniRocket, Summary-Feature
MLP, Random Forest, XGBoost, LightGBM, and
CatBoost. These systems establish strong refer-
ence performance using fixed-length features, win-
dow summaries, or case-level inputs. They in-
clude standard linear and MLP references, random
forests (Breiman, 2001), gradient-boosted tree sys-
tems (Chen and Guestrin, 2016; Ke et al., 2017;
Prokhorenkova et al., 2018), and the MiniRocket
time-series transform (Dempster et al., 2020).
Their inclusion helps determine whether more com-
plex representation families provide gains over
strong established baselines.

Deep sequential models. The second level
contains 7 deep sequential models: CNNID,
ResNetl1D, InceptionTime, TCN, LSTM, GRU,
and Transformer Encoder. These models di-
rectly consume multichannel physiological win-
dows and test whether learned temporal representa-
tions improve over fixed summary features. They
cover recurrent sequence modeling (Hochreiter and
Schmidhuber, 1997; Cho et al., 2014), temporal
convolution (Bai et al., 2018), residual learning
(He et al., 2016), transformer encoders (Vaswani
etal., 2017), and time-series-specific convolutional
architectures (Ismail Fawaz et al., 2020).

Forecasting and time-series foundation models.
The third level contains 17 forecasting and time-
series foundation models, covering neural forecast-
ers, transformer- and decomposition-based mod-

els, MLP-style time-series models, and recent pre-
trained time-series systems. This level tests adapta-
tion, transfer, and direct pretrained inference for pe-
rioperative signals. It draws on neural forecasting
models (Oreshkin et al., 2020; Challu et al., 2023;
Lim et al., 2021), transformer and decomposition-
based forecasters (Wu et al., 2021; Zhou et al.,
2022; Zeng et al., 2023; Nie et al., 2023; Liu et al.,
2024; Wu et al., 2023), MLP-style time-series mod-
eling (Chen et al., 2023), and recent time-series
foundation models (Goswami et al., 2024; Ansari
et al., 2024; Das et al., 2024; Woo et al., 2024,
Rasul et al., 2024; Ekambaram et al., 2024).

LLM-oriented and language-interface sys-
tems. The fourth level contains 5 LLM-oriented
and language-interface systems: TimeLLM,
GPT4AMTS, DeepSeek-32B, Qwen3-32B, and
GLM-4-32B. TimeLLLM is a time-series-to-LLM
reprogramming approach (Jin et al., 2024), and
GPT4MTS is a task-specific text-numeric model-
ing implementation (Jia et al., 2024). DeepSeek-
32B, Qwen3-32B, and GLM-4-32B are general-
purpose LLMs evaluated through language-facing
task interfaces and were selected as open-weight
32B checkpoints to enable scale-matched, repro-
ducible local inference under fixed settings rather
than exhaustive frontier coverage. Their proto-
col roles differ: TimeLLM and GPT4MTS are
treated as adapted systems, whereas the general-
purpose LLMs are evaluated through prompt-based
language-interface inference. Together, these
systems define the language-facing end of the
numerical-to-language-interface spectrum.

4 Protocol-Stratified Evaluation

PERIBENCH uses three protocol-stratified evalua-
tion pools (Table 3). These pools are not intended
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Spectrum level Count Systems Protocol assignment
feiuzell;l::el(’i and 3 Logistic Regression, MLP, MiniRocket, Summary-Feature MLP, Pool 1
ure- ) Random Forest, XGBoost, LightGBM, CatBoost 00
tree-based references
Deep sequential CNNI1D, ResNet1D, InceptionTime, TCN, LSTM, GRU,
7 Pool 1
models Transformer Encoder
Forecasting and Autoformer, FEDformer, DLinear, PatchTST, iTransformer,
time-series fogun dation 17 TimesNet, Transformer-TS, TSMixer, TFT, N-BEATS, N-HiTS, 12in Pool 1: 5 in Pool 2
MOMENT, Chronos, TimesFM, Moirai, Lag-LLaMA, ’
models .
Granite-TTM
LLM-oriented and TimeLLM, GPT4MTS, DeepSeck-32B, Qwen3-32B, TimeL LM/GPTAMTS:
language-interface 5 GLM-4-32B Pool 1; prompt-based
systems LLMs: Pool 3

Table 2: Four-level model spectrum in PERIBENCH. The spectrum describes representation and interface type,
while protocol-compatible ranking is defined separately by the evaluation pools. Full model-source references and

protocol assignments are provided in Appendix E.

to create a main-versus-secondary hierarchy. In-
stead, they preserve ranking comparability: the
same benchmark can include all 37 systems while
avoiding a single mean-rank aggregation across
systems with different training, adaptation, or in-
ference assumptions.

Pool 1: Supervised/adapted full-test ranking.
Pool 1 contains 29 systems trained, fitted, or task-
adapted using the benchmark training split, se-
lected using the validation split, and evaluated on
the held-out full test set. This pool supports within-
pool mean-rank aggregation, task-family ranking,
and top-system analysis. Model-specific differ-
ences in architecture and input formatting remain,
but all Pool 1 systems share the same train/valida-
tion/test evaluation logic.

Pool 2: Direct pretrained transfer. Pool 2 con-
tains 5 direct pretrained-transfer systems: Chronos,
TimesFM, Moirai, Lag-LLaMA, and Granite-TTM.
These systems use fixed pretrained parameters with-
out benchmark-label training, parameter updates,
calibration, or checkpoint selection. Only input
formatting and output-to-task mapping are allowed.
Under this protocol, Pool 2 systems are evaluated
on temporal-window tasks and are not adapted
to the case-level feature set. Pool 2 is reported
as direct-transfer performance and compared with
Pool 1 references, but is excluded from Pool 1
mean-rank aggregation.

Pool 3: Prompt-based LLM language-interface
comparison. Pool 3 contains three prompt-based
LLM language-interface systems: DeepSeek-32B,
Qwen3-32B, and GLM-4-32B. They convert bench-
mark inputs into language-model prediction re-

quests using prompts, text—numeric serializa-
tion, and task-specific wrappers. They use nei-
ther benchmark-label training nor parameter fine-
tuning, but their inference differs from direct pre-
trained transfer because it depends on prompt de-
sign, serialization format, generation settings, and
output parsing. Pool 3 results are reported under
the same tasks and metrics, but excluded from any
shared mean-rank aggregation.

Metrics and reliability-oriented analyses. Clas-
sification tasks are evaluated using AUROC,
AUPRC, and Brier score, while regression tasks
are evaluated using MAE, RMSE, and R?. Family-
level ranks are computed from task-level ranks us-
ing each task’s prespecified primary metric within
each protocol-compatible pool, with metric di-
rections normalized. Reliability-oriented anal-
yses further include calibration, F1, sensitivity,
specificity, precision, validation-selected operat-
ing points, alert burden, threshold-event analysis,
and abnormal-region regression. Calibration and
operating-point thresholds are selected on the val-
idation split only. Uncertainty is estimated using
clustered bootstrap resampling by patient or case
group. These reliability-oriented analyses are re-
ported as diagnostics rather than replacements for
the primary rank aggregation. Reported sample
counts distinguish label-available task cohorts from
prespecified interface-eligible subsets defined be-
fore inference based on the contiguous-horizon re-
quirements of sequence interfaces; actual evaluated
counts may therefore differ across models and pro-
tocol pools. Further details on evaluation, rank
aggregation, and language-interface prompting and
output formats are provided in Appendix F, Ap-

37227



pendix H.1, and Table 22, respectively.

5 Results

This section summarizes the main benchmark re-
sults under the protocol-stratified evaluation design.
Table 4 reports task-family-level mean ranks, show-
ing the top Pool 1 supervised/adapted systems and
all systems in Pools 2 and 3. Ranks are computed
only within protocol-compatible pools, and lower
ranks indicate better performance. Mean ranks
are computed from task-level metric ranks within
each task family to summarize heterogeneous end-
points without collapsing incompatible protocols.
Classification rank aggregation uses test AUROC,
while regression rank aggregation uses test R?
for benchmark-generated summaries, with metric
directions normalized when external error-metric
summaries are ranked. The detailed aggregation
rule is provided in Appendix H.1. Complete task-
level metrics, task-family summaries, and full pool-
specific rankings are provided in Appendices G and
H.1-H.4.

Pool 1: Supervised/adapted. Pool 1 is the su-
pervised/adapted full-test ranking pool, and its sys-
tems should be compared only within this proto-
col. Table 4 shows that CatBoost has the best
Pool 1 overall mean rank (2.808), followed by
ResNet1D (4.300), Random Forest (4.833), Light-
GBM (5.125), and XGBoost (5.517). This ordering
is driven mainly by classification endpoints: Cat-
Boost appears in the top five for all 16 classifica-
tion tasks with mean rank 1.6, while XGBoost and
LightGBM appear in the top five for 14/16 tasks
and Random Forest for 13/16 tasks. Task-level win-
ners remain endpoint-dependent: CatBoost leads
most future-risk endpoints and several case-level
outcomes, Random Forest leads persistent brady-
cardia and hypotension persistence, and ResNet1D
leads the low-prevalence future hypoxemia end-
point (AUROC/AUPRC 0.808/0.267).

Continuous regression follows a different pat-
tern. The Pool 1 vital-sign regression rank is led
by ResNet1D (2.500), followed by GRU and In-
ceptionTime (4.500 each) and CNNI1D (5.500).
Metric-level winners are heterogeneous: CNN1D
has the lowest MAE for minimum MAP (6.432),
CatBoost has the best minimum-MAP RMSE and
R?(10.397 and 0.568), iTransformer has the lowest
MAE for minimum SpOs (0.924), and ResNet1 D
has the best minimum-SpOy RMSE and R? (2.374
and 0.425). Pool 1 therefore supports the central

result that no universal winner exists even within a
single supervised/adapted protocol. Detailed Pool 1
tables are provided in Appendix H.2.

Pool 2: Direct pretrained transfer. Pool 2 con-
tains direct pretrained-transfer systems that do not
use benchmark-label training and do not update
parameters. These systems are therefore compared
within Pool 2 and should not be merged into the
Pool 1 leaderboard. Table 4 shows that Chronos
has the best Pool 2 overall mean rank (1.700),
followed by TimesFM (2.356), Moirai (2.544),
Granite-TTM (3.600), and Lag-LLaMA (4.800).
No Pool 2 system is reported for case-level progno-
sis under our direct-transfer protocol, because these
pretrained forecasting interfaces are evaluated only
on temporal-window tasks and are not adapted to
the case-level feature set.

Transfer behavior is heterogeneous across task
families. Chronos has the best Pool 2 future-risk
rank (1.500) and vital-sign regression rank (1.000),
while Moirai has the best persistent-deterioration
rank (1.800). Chronos leads all three regression
metrics on both continuous tasks, with minimum
MAP MAE/RMSE/R? of 8.243/13.749/0.238 and
minimum SpOs values of 0.794/2.992/—0.048. Al-
though Chronos ranks first within Pool 2, its neg-
ative R? on minimum SpO; indicates weak ab-
solute regression quality for that endpoint. The
much weaker Lag-LLLaMA regression values, in-
cluding minimum-MAP MAE 72.584 and R? =
—664.022, further show that direct transfer can pro-
vide useful signal for selected tasks but is not a uni-
formly reliable substitute for supervised/adapted
ranking. Detailed Pool 2 results are provided in
Appendix H.3.

Pool 3: Prompt-based language interface.
Pool 3 is the prompt-based LLM language-
interface comparison. It relies on prompt-driven
text—numeric inference, input serialization, and out-
put parsing, so its results must not be merged with
Pool 1 or Pool 2 into a shared leaderboard. Table 4
reports two Pool 3 input settings. The temporal-
window setting serializes the 60-second physiolog-
ical window together with the task description and
available case profile, whereas the no-temporal-
window setting keeps the same task description,
case-profile fields, output schema, and parsing
rules but removes the raw 60-second vital-sign se-
quence. The case-profile fields follow the same
prediction-time availability rules as the numerical
systems. With temporal-window input, Qwen3-
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Protocol pool # Protocol boundary Ranking role

Benchmark labels are used for training, fitting, SIS et wintiorel

Il . 29 fine-tuning, task adaptation, calibration, ranking, mean ra}nk AFIEFAET,
Supervised/adapted . . . task-family ranking, and
hyperparameter selection, or checkpoint selection. .
top-model analysis.
Fixed pretrained parameters are used without .
. . . Compared against Pool 1
Pool 2: Direct benchmark-label training or parameter updates; . .
R 5 . . . references as direct transfer results;
pretrained transfer only input formatting and output mapping are

allowed excluded from Pool 1 mean ranks.

Used only for protocol-aware
language-interface comparison;
excluded from shared mean-rank
aggregation.

General-purpose LLMs are evaluated through
3 prompt-driven text—numeric interfaces and
task-specific wrappers.

Pool 3: Prompt-based
LLM interface

Table 3: Protocol-stratified evaluation pools. All pools use the same benchmark tasks and test labels, but ranking
comparability is determined by how models access benchmark supervision and how inference is performed; direct
ranking is defined only within protocol-compatible pools.

System System type Fl:itsl;(re Per;iestt.ent Vit::—gs'ign Ca;i(-)lge.vel O::;Ell
Pool 1: supervised / adapted full-test ranking
CatBoost Tree-based 1.333 2.000 6.500 1.400 2.808
ResNet1D Deep sequential 4.000 6.400 2.500 - 4.300
Random Forest Tree-based 5.333 1.400 10.000 2.600 4.833
LightGBM Tree-based 4.000 3.600 9.500 3.400 5.125
XGBoost Tree-based 2.667 3.800 13.000 2.600 5.517
GRU Deep sequential 8.333 6.200 4.500 - 6.344
InceptionTime Deep sequential 5.667 9.200 4.500 - 6.456
CNNID Deep sequential 8.333 9.000 5.500 - 7.611
LSTM Deep sequential 8.833 11.600 6.000 - 8.811
Transformer Encoder Deep sequential 11.667 9.600 8.000 - 9.756

Remaining 19 Pool 1 systems are reported in Appendix G

Pool 2: direct pretrained-transfer full-test comparison

Chronos TS foundation / direct 1.500 2.600 1.000 - 1.700
TimesFM TS foundation / direct 2.667 2.400 2.000 - 2.356
Moirai TS foundation / direct 1.833 1.800 4.000 - 2.544
Granite-TTM TS foundation / direct 4.000 3.800 3.000 - 3.600
Lag-LLaMA TS foundation / direct 5.000 4.400 5.000 - 4.800

Pool 3: prompt-based LLM language-interface comparison

With temporal-window input

DeepSeek-32B LLM interface + TS 3.000 1.800 1.500 2.800 2.275

Qwen3-32B LLM interface + TS 1.667 1.600 2.000 2.000 1.817

GLM-4-32B LLM interface + TS 1.333 2.600 2.500 1.200 1.908
no-temporal-window

DeepSeek-32B LLM interface 2.500 2.400 3.000 3.000 2.725

Qwen3-32B LLM interface 2.000 1.400 2.000 2.000 1.850

GLM-4-32B LLM interface 1.500 2.200 1.000 1.000 1.425

Table 4: Protocol-aware family-level mean ranks in PERIBENCH. Lower is better. Ranks are computed within
protocol-compatible pools and are not comparable across pools. Pool 1 shows the top ten supervised/adapted
systems, while Pool 2 and Pool 3 include all systems. Full Pool 1 results are provided in Appendix G. Bold and
underlined values mark the best and second-best ranks within each protocol pool; for Pool 3, they are computed
separately within each input setting. Dashes indicate that the system was not evaluated for that task family under the
corresponding protocol.

32B achieves the best overall mean rank (1.817), 32B (2.275). In the no-temporal-window set-
followed by GLM-4-32B (1.908) and DeepSeek-  ting, GLM-4-32B achieves the best overall mean
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rank (1.425), followed by Qwen3-32B (1.850) and
DeepSeek-32B (2.725). Because Pool 3 contains
only three language-interface systems, its ranks
should be interpreted as diagnostic comparisons
rather than broad model-family rankings.

The language-interface pool retains meaning-
ful classification signal, but the leading sys-
tem changes by task family and input setting.
With temporal-window input, GLM-4-32B has
the highest mean future-risk AUROC/AUPRC
(0.693/0.246) and the highest case-level mean AU-
ROC (0.797), while Qwen3-32B has the high-
est persistent-deterioration mean AUROC/AUPRC
(0.607/0.522). Continuous regression is more
sensitive to serialization: Qwen3-32B leads
minimum-MAP regression with temporal input
(MAE/RMSE/R? 7.166/13.140/0.277), DeepSeek-
32B leads minimum-SpOsy with temporal input
(0.773/2.637/0.394), and DeepSeek-32B degrades
sharply in the no-temporal-window setting (R? =
—0.354 for MAP and —0.744 for SpOs). These
results highlight that language-interface evaluation
depends not only on the LLM endpoint, but also
on how structured time series are serialized. De-
tailed Pool 3 results, prompt templates, and output-
parsing rules are provided in Appendix H.4.

Targeted robustness analyses. In a targeted eval-
uation on an independent UQ cohort, we assessed
the three Pool 3 language-interface systems on fu-
ture hypoxemia, future tachycardia, and minimum-
SpO; regression (Table 5, Panel A). Qwen3-32B
achieved the highest hypoxemia AUROC (0.617),
tachycardia AUROC/AUPRC (0.660/0.206), and
minimum-SpO, RMSE (2.701), whereas GLM-
4-32B achieved the highest hypoxemia AUPRC
(0.042) and the lowest minimum-SpOs, MAE
(1.154). No model was best on every metric, and
performance remained heterogeneous across end-
points and models. In complementary input abla-
tions, the best-performing configuration differed
across models for future-hypotension classifica-
tion, whereas removing the raw sequence increased
minimum-SpO, MAE for all three systems (Ta-
ble 5, Panel B).

Reliability beyond mean ranks. Aggregate met-
rics and mean ranks are insufficient for reliability-
sensitive interpretation. The following analyses do
not replace the primary ranks, but expose reliability
failures that aggregate scores may hide. Calibration
results show that strong discrimination can coexist
with different probability-error profiles. CatBoost

Panel A. External evaluation

. . Minimum
Model Hypoxemia Tachycardia SpO-
DeepSeek-32B 0.545/0.038 0.627/0.158 1.157/2.830
Qwen3-32B 0.617/0.030 0.660/0.206 1.162/2.701
GLM-4-32B 0.582/0.042 0.561/0.154 1.154/2.943
Panel B. Input ablation
No Raw Profile

Model Full Ry Summ. only only

Future hypotension

DeepSeek-32B 0.521 0.558 0.574 0.508 0.488
Qwen3-32B 0.606 0.632 0.613 0.567 0.500
GLM-4-32B 0.681 0.658 0.632 0.585 0.573
Minimum SpO»

DeepSeek-32B 0.777 3.506 - - -
Qwen3-32B 0.885 1.756 - - -
GLM-4-32B 0.772 1.491 - - -

Table 5: Targeted robustness analyses. Panel A reports
AUROC/AUPRC and MAE/RMSE; Panel B reports
AUROC and MAE. Best and second-best results are
bold and underlined.

has strong discrimination and low calibration er-
ror for future bradycardia (AUROC 0.915, AUPRC
0.485, Brier 0.030, ECE 0.005) and ICU admis-
sion (AUROC 0.892, AUPRC 0.717, Brier 0.090,
ECE 0.023), whereas Random Forest on persistent
hypotension at 5 minutes has AUROC 0.754 and
AUPRC 0.689 but a larger ECE of 0.057. Operating
thresholds selected on the validation split and ap-
plied to the held-out test set further show that high
discrimination does not imply low alert burden: at a
95% specificity target, ResNet1D on future hypox-
emia reaches sensitivity 0.484 and PPV 0.214 but
produces 0.884 false alerts per eligible monitoring
hour and 4.958 alerts per case.

Regression analyses require the same reliability-
oriented interpretation. Threshold-event analysis
for MAP < 65 mmHg identifies LightGBM as
the best AUROC model (0.878) and ResNetlD
as the best AUPRC model (0.816). For SpOy <
90%, CatBoost has the best threshold-event AU-
ROC (0.840) and ResNet1D has the best AUPRC
(0.356). Abnormal-region errors differ from global
errors: CatBoost has overall minimum-MAP MAE
6.584 but true-below-65 MAE 10.403 and miss
rate 0.270; on the shared eligible subset for mini-
mum SpO,, CatBoost has overall MAE 1.296 but
true-below-90 MAE 10.579 and miss rate 0.684.
Extended reliability tables are provided in Ap-
pendix H.5.

Paired ranking uncertainty. We further ex-
amined the stability of the AUROC differences
between the two leading Pool 1 systems for four
representative classification tasks. Paired case-
group-clustered bootstrap comparisons with 1,000
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Task Models AUROC A (95% CI) H‘;'m

L5 0.0028 (0.0009

bradycardia, CatBoost/XGBoost 0.915/0.912 : ' ? 0.032
: 0.0046)

5 min

Future

hypoxemia, ResNet1D/CatBoos 0.808/0.801 00000 (=0-0028, 3,
‘ 0.0163)

5 min

RO roeritom 0.0030 (—0.0099

hypptensmn, Forest/CatBoost Qs el 0.0162) BeE

5 min

ICU o 0.0100 (0.0009,

admission CatBoost/LightGBN 0.892/0.882 0.0190) 0.096

Table 6: Paired case-group-clustered bootstrap compar-
isons for four representative Pool 1 tasks. Differences
are calculated as the first-listed model minus the second-
listed model.

resamples and Holm correction showed that only
the future-bradycardia difference remained signif-
icant after correction (AAUROC = 0.0028, 95%
CI [0.0009, 0.0046], adjusted p = 0.032; Table 6).
The differences for future hypoxemia, persistent
hypotension, and ICU admission were not signif-
icant after correction, indicating that close point
estimates among leading systems do not necessar-
ily represent stable performance differences across
case groups.

6 Discussion

No universal winner. PERIBENCH shows that
dynamic perioperative prediction cannot be sum-
marized by a single best architecture. The four
task regimes emphasize different capabilities: early
event anticipation, persistence modeling, numeri-
cal severity estimation, and case-level aggregation.
This explains why tree ensembles remain strong on
many classification endpoints, while deep sequen-
tial systems and direct pretrained-transfer models
are useful only for selected physiological or contin-
uous prediction settings.

Strong references matter. Numerical, feature-
based, and tree-based references are essential for
interpreting newer systems. CatBoost, Random
Forest, XGBoost, and LightGBM set strong classi-
fication standards, preventing deep models, foun-
dation models, or language-interface systems from
appearing stronger merely because of weak base-
lines. Their inclusion helps separate representation
gains from protocol effects and task-specific fea-
ture stability.

Protocols define comparability. Model spec-
trum and ranking comparability are distinct.
TimeLLM and GPT4MTS are LLM-oriented
systems but belong to Pool 1 because they

use benchmark-label training or task adaptation,
whereas DeepSeek-32B, Qwen3-32B, and GLM-
4-32B belong to Pool 3 as prompt-based language-
interface systems. Protocol-stratified evaluation
keeps shared tasks and metrics while avoiding the
merger of incompatible supervision, adaptation,
and inference assumptions into one leaderboard.
Pool 3 further shows that language-interface per-
formance varies with model choice, task semantics,
and input serialization, with temporal information
providing task-dependent benefits.

Reliability determines use. Aggregate metrics
and mean ranks are insufficient for reliability-
sensitive evaluation.  Calibration, validation-
selected operating points, clustered uncertainty,
alert burden, threshold-event analysis, and
abnormal-region errors expose failures that aggre-
gate scores may hide. These checks are especially
important for low-MAP and low-SpOs regions and
for language-interface systems, where plausible
outputs may still lack numerical precision or stable
threshold behavior.

Implications for clinical NLP. Clinical NLP re-
searchers can use PERIBENCH to study how text—
numeric representations and output interfaces af-
fect prediction and reliability under shared task se-
mantics; it should not support cross-pool rankings
or claims of clinical readiness or cross-institutional
validity.

7 Conclusion

Across 18 tasks and 37 systems organized into 3
protocol-stratified evaluation pools, no architecture
is universally optimal. PERIBENCH shows that
task semantics, model representation, and proto-
col comparability jointly shape benchmark conclu-
sions. Strong numerical, feature-based, and tree-
based references remain difficult to beat on many
classification tasks; deep sequential systems are
valuable for selected physiological endpoints; time-
series foundation and direct pretrained-transfer sys-
tems show heterogeneous behavior rather than uni-
versal gains; and language-interface systems re-
quire protocol-aware interpretation. PERIBENCH
therefore provides a structured framework for eval-
uating dynamic perioperative prediction without
collapsing systems with incompatible supervision,
adaptation, and inference assumptions into a single
undifferentiated leaderboard.
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Limitations

This study has several limitations. First,
PERIBENCH is constructed from VitalDB, and
the targeted external evaluation covers only three
signal-compatible endpoints in one independent
UQ cohort; broader validation across institutions,
surgical populations, monitoring devices, and
prospective workflows remains necessary. Second,
the tasks use standardized physiological thresholds
and future observation windows; benchmark perfor-
mance therefore reflects prediction of reproducible
targets rather than evidence of improved clinical
outcomes. Third, protocol stratification improves
fairness but prevents a single global ranking across
all systems. Fourth, the language-interface evalua-
tion includes only three general-purpose LLMs and
depends on prompt templates, text—numeric serial-
ization, generation settings, and deterministic out-
put parsing; broader model coverage and prompt-
sensitivity analyses remain future work. Offline cal-
ibration, alert-burden, and abnormal-region analy-
ses also cannot replace prospective evaluation with
clinician interaction and patient-outcome assess-
ment.

Ethics and Data Privacy

This work uses VitalDB, a publicly available and
anonymized perioperative research database. The
VitalDB documentation reports that the acquisi-
tion and release of the data were approved by the
Institutional Review Board of Seoul National Uni-
versity Hospital (IRB No. H-1408-101-605), and
that the study was registered at ClinicalTrials.gov
(NCT02914444). Our study is limited to secondary
analysis of the released research dataset. We do not
recruit patients, contact individuals, perform clini-
cal interventions, or collect additional identifiable
information. To respect the source-data access pol-
icy, PERIBENCH will release code, task registries,
split manifests, model configurations, prediction
files, evaluation scripts, and language-interface
artifacts rather than redistributing restricted raw
records. Users with authorized VitalDB access
will be able to reconstruct the benchmark locally.
PERIBENCH is designed for retrospective bench-
mark evaluation and should not be interpreted as
a clinically deployed risk prediction system. Any
prospective clinical use would require separate in-
stitutional, ethical, and regulatory review.
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A Appendix Overview

This appendix provides supplementary details
for task statistics, model-specific input protocols,
window-level task construction, model references,
detailed evaluation protocols, protocol-stratified
ranking, extended pool-specific results, clinical re-
liability analyses, LLM prompt construction, and
machine-readable result files.

* Appendix B: task-level cohort statistics in Ta-
ble 7.

* Appendix C: model-specific input construc-
tion and evaluation handling in Table 9.

* Appendix D: window-level task construction,
including prediction boundaries, endpoint
thresholds, state filtering, label construction,
validity filtering, missingness handling, and
final task counts in Tables 10 and 11.

* Appendix E: model zoo, protocol pools, and
model-source references in Table 12.

* Appendix F: detailed evaluation protocol, in-
cluding classification metrics, regression met-
rics, clustered uncertainty, calibration, operat-
ing points, alert burden, and abnormal-region
regression.

e Appendix G: complete protocol-stratified
family-level ranking in Table 13.

* Appendix H.1: mean-rank aggregation proce-
dure used to summarize heterogeneous end-
point performance across protocol-compatible
pools.

* Appendix H.2: detailed supervised/adapted
Pool 1 results, including family-level ranks,
task-level classification winners, and regres-
sion leaders in Tables 14-16.

* Appendix H.3: detailed direct pretrained-
transfer Pool 2 results, including family-level
ranks, classification winners, and regression
metrics in Tables 17-19.

* Appendix H.4: detailed Pool 3 prompt-based
LLM language-interface results, including
temporal-window and no-temporal-window
settings, regression summaries, and promp-
t/output parsing rules in Tables 20-22.

* Appendix H.5: extended clinical reliabil-
ity analyses, including calibration, operating-
point behavior, alert burden, threshold-event
analyses, abnormal-region regression, and
clustered bootstrap confidence intervals in Ta-
bles 23-28.

Appendix I: planned code release and re-
producibility package, including data recon-
struction scripts, task registry, split mani-
fests, model configurations, prediction files,
evaluation code, reliability-analysis utilities,
language-interface components, and leader-
board rules in Table 29.

B Task Details and Statistics

Table 7 reports the full task-level cohort statistics
for the 18 benchmark tasks. Each row lists task
type, task group, sample or window count, cases,
train/validation/test counts, and event rate or target
summary.

C Model-Specific Input Protocols

All window-level tasks use the same 60-second,
four-channel physiological window and validity
mask. Different models consume this shared source
as tabular summaries, sequence tensors, forecasting
contexts, text—numeric inputs, or prompts. Case-
level endpoints use only variables and summaries
available before the prediction boundary. This ap-
pendix summarizes model-specific input construc-
tion and evaluation handling under the protocol-
stratified design in Section 4. Table 9 provides the
detailed breakdown of model-specific input con-
struction and evaluation handling.

D Window-level Task Construction

D.1 Prediction Boundary and Endpoint
Definitions

All window-level tasks are anchored at the end of
each 60-second input window. For a window end-
ing at time ¢, only observations within the input
window are used as model input, while labels are
computed from future observations in (¢,t + H],
where H denotes the task-specific prediction hori-
zon. This construction makes the prediction-time
boundary explicit and prevents future observations
from entering the input.

Let A.(z) denote whether endpoint e is abnor-
mal under its clinical threshold. Future-risk tasks
retain windows that are currently stable/normal and
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Task Type Group Samples Cases Train/Val/Test Event
rate
Future bradycardia, 5 min classificatior future risk 2,029,350 6,369 1,435,711/201,997/391,642  4.40%
binary
Future hypotension, 5 classificatior future risk 1,287,334 3,521 910,327/128,381/248,626 17.60%
min binary
Future hypotension, 10 classificatior future risk 1,266,428 3,521 895,638/126,259/244,531 27.86%
min binary
Future hypoxemia, 5 min classificatior future risk 2,122,003 6,368 1,501,246/211,221/409,536 2.49%
binary
Future low ETCOg, 5 min classificatior future risk 1,932,620 6,141 1,366,823/192,570/373,227  10.88%
binary
Future tachycardia, 5 min classificatior future risk 1,968,380 6,330 1,392,266/196,153/379,961 13.05%
binary
Persistent bradycardia, 5 classificatior persistent binary 55,736 1,655 39,388/5,575/10,773 51.98%
min
Persistent hypotension, 5 classificatior persistent binary 129,728 3,009 91,750/12,913/25,065 39.67%
min
Persistent hypotension, classificatior persistent binary 129,600 3,016 91,675/12,909/25,016 27.53%
10 min
Persistent low ETCO2, 5  classificatior persistent binary 81,234 4,233 57,463/8,090/15,681 42.58%
min
Persistent tachycardia, 5  classificatior persistent binary 105,072 3,106 74,318/10,459/20,295 66.29%
min
Minimum MAP, next 5 regression  regression 1,461,123 3,521 1,032,384/146,340/282,399 mean
min 72.341,
SD
15.603
Minimum SpO2, next5  regression regression 2,136,422 6,369 1,510,672/213,081/412,669 mean
min 98.565,
SD 3.285
In-hospital death classificatior case 6,372 6,372 4,508/634/1,230 0.86%
ICU admission classificatior case 6,372 6,372 4,507/635/1,230 18.85%
Estimated blood loss classificatior case 3,980 3,980 2,816/396/768 16.38%
>500 mL
Estimated blood loss classificatior case 3,980 3,980 2,816/396/768 6.13%
>1000 mL
Any transfusion classificatior case 6,372 6,372 4,508/635/1,229 5.65%

Table 7: Full task-level statistics.

predict whether a future threshold event occurs.
Persistent-deterioration tasks retain windows that
are already stably abnormal and predict whether
the abnormal state persists into the future horizon.
Continuous regression tasks predict the minimum
valid future MAP or SpOs value over the next 5
minutes. The endpoint definitions and abnormal
thresholds are listed in Table 10.

D.2 State Filtering and Label Construction

For current-state filtering, the last 10 seconds of the
input window are used as the current tail. A tail is
eligible only if at least 80% of its samples are valid
after physiological quality control. For endpoint e,
a window is considered stable/normal if the abnor-
mal fraction in the current tail is at most 0.2, and
stably abnormal if the abnormal fraction is at least

0.8. Future-risk tasks retain the stable/normal win-
dows, whereas persistent-deterioration tasks retain
the stably abnormal windows. Thus, the two task
families are constructed from disjoint current-state
regimes rather than reducing to the same future
threshold-detection problem.

For a future-risk task with horizon H, a retained
window receives a positive label if any valid future
sample in (¢, ¢ + H| crosses the endpoint-specific
abnormal threshold:

1
T Ae T )
|}"Z (xr) >0

TeF

Yrisk = I

where F denotes the set of valid future samples.
The future segment must have at least 80% valid
coverage. The benchmark defines 5-minute future-
risk tasks for hypoxemia, bradycardia, tachycardia,
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Task family Representative input Prediction label or target Metrics Eligible pools
Current 60-s, 1-Hz physiological
window containing HR, MAP, SpO2,  Endpoint-specific threshold crossing AUROC
Future risk classification and ETCOa, together with its validity ~ within the future horizon, conditional AUPRC Br,ier P1 P2 P3
mask; represented according to the on a currently stable or normal state ’
model protocol
. . . Currfsnt 60-s physmlog;cal window Sustained abnormality over the future
Persistent deterioration restricted to samples with a stably horizon with the endpoint remainin, AUROC, P1 P2 P3
prediction abnormal current tail; represented abnormal at the horizpon boundar g AUPRC, Brier
according to the model protocol Y
Current 60-s, four-channel
physiological window and validity
Continuous vital-sign mask, represented as numerical Minimum valid MAP or SpO2 value MAE, RMSE, P1 P2 P3
regression features, a temporal sequence, a observed over the next 5 minutes R?
pretrained-model input, or a
text—numeric prompt
Permitted case-profile variables,
timestamped laboratory . .
In-hospital death, ICU admission,
Case-level prognosis measurements, and pooled eslima?ed blood loss thresholds, or AUROC, P1 P3
prediction physiological summaries available ’ AUPRC, Brier

before the task-specific prediction
boundary

any transfusion

Table 8: Mapping of PERIBENCH task families to representative inputs, prediction targets, evaluation metrics, and
eligible protocol pools. P1 denotes supervised or adapted evaluation, P2 denotes direct pretrained transfer, and P3
denotes prompt-based language-interface evaluation. Pool eligibility reflects task and input compatibility; rankings

remain restricted to protocol-compatible pools.

low ETCO2, and hypotension, and additionally in-
cludes a 10-minute future hypotension task.

For persistent-deterioration tasks, the retained
window is already stably abnormal at the prediction
boundary. A positive label requires both sustained
abnormality over the future horizon and abnormal-
ity at the horizon endpoint:

1
Ypersist = 1 m Z Ac(xr) > 0.8
TEF

(Ae(zery) = 1)

This definition excludes windows in which the ab-
normal state rapidly normalizes before the end of
the horizon. Persistent-deterioration tasks are de-
fined for hypotension at 5 and 10 minutes, and
for bradycardia, tachycardia, and low ETCOq at 5
minutes.

For continuous regression tasks, no binary ab-
normal label is used. The target is the minimum
valid future value over the next 5 minutes:

ymap = min  MAP,,
TE(¢,t+5min]
Yspo, = _ min  SpO, .

T€(t,t+5min)

Regression windows are retained only when the
future horizon has at least 80% valid coverage after
physiological quality control.

D.3 Validity Filtering, Missingness Handling,
and Task Counts

Physiological quality-control ranges are applied be-
fore computing coverage, current-state filters, and
labels: HR must be within 20-250 beats/min, MAP
within 20-200 mmHg, SpO5 within 40-100%, and
ETCOy within 5-120 mmHg. The task registry
records a maximum hold interval of 10 seconds.
Windows that do not meet the current-tail or future-
horizon coverage requirements after this validity
procedure are excluded.

Missingness and invalid measurements are han-
dled with binary validity masks. Each numerical
input window is paired with a validity mask. Raw
missing samples and samples failing physiologi-
cal quality control are marked as invalid, excluded
from coverage calculation, state filtering, and label
construction, and set to zero in the numerical tensor.
The mask distinguishes these zero-filled invalid en-
tries from true observed physiological values. Only
valid future samples are used to compute future
abnormal fractions, terminal abnormality, and re-
gression targets.

All canonical tasks are split by subject group,
with no subject overlap across training, validation,
and test splits. Table 11 reports the final window-
level task counts.
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Protocol pool Model family

Supervised tabular and

Pool 1
tree references

Supervised deep

Pool 1
sequence models

Supervised forecasting
and time-series
adaptation models

Pool 1

Adapted
language-conditioned
local models

Pool 1

Direct
pretrained-transfer
time-series models

Pool 2

Prompt-based
language-interface
models

Pool 3

Input construction

Engineered window summaries, including value,
trend, variability, validity, missingness, and
abnormal-fraction features; case-level tasks use
permitted case-level variables and pooled
summaries.

Four-channel 1 Hz, 60-second tensors with
validity-mask handling through model-specific
masking, normalization, or imputation.

Physiological windows are reformatted into
model-specific sequence, forecasting, or
representation-learning inputs; outputs are
mapped to classification or regression targets.

TimeLLLM and GPT4MTS use local
language-conditioned or text-numeric wrappers
derived from benchmark windows, case text,
numeric summaries, or raw sequences.

Chronos, TimesFM, Moirai, Lag-LLaMA, and
Granite-TTM use pretrained forecasting
interfaces with input formatting and
task-specific output reduction only.

DeepSeek-32B, Qwen3-32B, GLM-4-32B, and
similar prompt-based models serialize
benchmark inputs into prompts and parse
generated outputs into task predictions.

Evaluation handling

Trained on the training split,
selected with the validation
split, evaluated on the full test
split, and included in Pool 1
ranking.

Optimized with benchmark
labels; validation-selected
checkpoints are evaluated on
the full test split and included
in Pool 1.

Adapted or trained with
benchmark labels or future
targets, and treated as
supervised/adapted Pool 1
models.

Trained or adapted with
benchmark labels and
included in Pool 1 when
reported as finalized
benchmark results;
exploratory variants are kept
separate unless explicitly
merged.

No benchmark-label training
or parameter update;
evaluated on the same full test
tasks but reported separately
from Pool 1 ranking.

No benchmark-label training
or fine-tuning; reported as a
protocol-distinct
language-interface pool and
excluded from unified
cross-pool ranking.

Table 9: Model-specific input construction and evaluation handling under the protocol-stratified benchmark design.

F Detailed Evaluation Protocol

For each binary task, pre-

Endpoint Signal Abnormal included.
threshold
Hypotension MAP MAP < 65 mmHg
Hypoxemia SpO2 SpO2 < 92%
Bradycardia Heart rate HR < 50 beats/min ~ Classification metrics.
Tachycardia Heart rate HR > 100
beats/min
Low ETCO. End-tidal CO2  ETCO: < 30
mmHg

Table 10: Endpoint definitions and abnormal thresholds
used for window-level labels.

E Model Zoo and References

Table 12 lists all 37 benchmark models, along
with their respective spectral tiers, protocol pools,
and references or sources; the source URLs for
the models are provided. Among these, the three
models—DeepSeek-32B, Qwen3-32B, and GLM-
4-32B—were implemented via local deployment;
the source URLs for their model parameters are

dicted scores are evaluated using AUROC and
AUPRC. Brier score is computed as the mean
squared difference between predicted probabilities
and binary labels. Fixed-threshold summaries at
0.5 are retained for standard classification outputs
where applicable, including F1, precision, sensi-
tivity, specificity, and Brier score. In the posthoc
operating-point analysis, thresholds are instead se-
lected on validation predictions to satisfy prespeci-
fied specificity targets and then applied unchanged
to the held-out test set.

Regression metrics. Continuous targets are eval-
uated using MAE, RMSE, and R?>. MAE em-
phasizes average absolute error, RMSE penalizes
larger deviations, and R? evaluates explained vari-
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Task Family Horizon

Future hypotension risk Future risk 5 min

Future hypotension risk Future risk 10 min

Future hypoxemia risk Future risk 5 min

Future bradycardia risk Future risk 5 min

Future tachycardia risk Future risk 5 min

Future low ETCOx risk Future risk 5 min

Persistent hypotension Persistent 5 min
deterioration

Persistent hypotension Persistent 10 min
deterioration

Persistent bradycardia Persistent 5 min
deterioration

Persistent tachycardia Persistent 5 min
deterioration

Persistent low ETCO» Persistent 5 min
deterioration

Minimum future MAP Regression 5 min

Minimum future SpO2 Regression 5 min

Samples Positives Positive rate
1,287,334 226,598 17.60%
1,266,428 352,782 27.86%
2,122,003 52,787 2.49%
2,029,350 89,328 4.40%
1,968,380 256,840 13.05%
1,932,620 210,191 10.88%

129,728 51,461 39.67%
129,600 35,684 27.53%
55,736 28,969 51.98%
105,072 69,649 66.29%
81,234 34,593 42.58%
1,461,123 — _
2,136,422 - -

Table 11: Canonical window-level tasks and final sample counts. Positive counts are shown for binary classification

tasks.

ation relative to the empirical target distribution.
For MAP and SpOs regression tasks, additional
abnormal-region analyses evaluate errors in clini-
cally low-value regions.

Clustered uncertainty. For canonical posthoc
prediction files, bootstrap confidence intervals are
computed by resampling the exported group iden-
tifier rather than individual rows. The group iden-
tifier is derived from patient or case identifiers
during prediction export, preserving within-patient
or within-case dependence among correlated win-
dows. Auxiliary JSONL posthoc utilities may use
row-level bootstrap and are not used to define the
clustered benchmark uncertainty protocol.

Calibration. Calibration summaries for classi-
fication tasks include Brier score, expected cali-
bration error (ECE), and calibration intercept and
slope when the fitted calibration model is available.
ECE is computed from quantile-based calibration
bins, with duplicate bins dropped when score vari-
ation is limited. Bin-level calibration summaries
are preserved in machine-readable posthoc outputs,
and the delivered posthoc figure utilities can render
calibration plots from these bin-level files.

Operating points and alert burden. For classi-
fication tasks with validation predictions, thresh-
olds are selected on the validation split to target
specificity levels of 0.90 and 0.95, then applied to
the held-out test split. The resulting operating-
point summaries include sensitivity, specificity,

PPV, NPV, and confusion-count components. For
window-level warning tasks with timing metadata,
alert windows are collapsed into alert episodes us-
ing a 300-second refractory period and normalized
by eligible monitoring hours and by case, yielding
alert episodes, false alert episodes, alerts per hour,
false alerts per hour, and alerts per case.

Abnormal-region regression. For continuous
MAP and SpO, targets, abnormal-region analy-
ses stratify errors by clinically relevant thresholds.
MAP is evaluated at 65, 60, and 55 mmHg, and
SpO2 at 92%, 90%, and 85%. For each threshold,
the analysis reports overall and threshold-stratified
error summaries, miss rate in the true-abnormal
region, and threshold-event discrimination using
AUROC and AUPRC. This identifies models that
appear accurate globally but miss low-value regions
that matter clinically.

G Complete Protocol-Stratified Ranking
Results

The main text reports a compact summary of the
benchmark results to highlight the principal perfor-
mance patterns across protocol-compatible model
pools. Since Pool 1 contains 29 supervised or
adapted models, listing all models in the main body
would substantially reduce readability and make
the comparison table overly dense. Therefore, the
full protocol-stratified family-level ranking is pro-
vided in this appendix.

Table 13 reports the complete model-wise mean
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Model Pool Reference / source

Numerical / tree-based and feature-based models

Forecasting and time-series foundation-style models

LLM-based and language-interface endpoints

Logistic Regression P1 (Cox, 1958)

MLP P1 (Rumelhart et al., 1986)
MiniRocket P1 (Dempster et al., 2020)
Summary-Feature MLP P1 (Johnson et al., 2022)
Random Forest P1 (Breiman, 2001)

XGBoost P1 (Chen and Guestrin, 2016)
LightGBM P1 (Ke et al., 2017)

CatBoost P1 (Prokhorenkova et al., 2018)
Deep sequential neural networks

CNNI1D P1 (Wang et al., 2017)
ResNetlD P1 (He et al., 2016)
InceptionTime P1 (Ismail Fawaz et al., 2020)
TCN Pl (Bai et al., 2018)

LSTM P1 (Hochreiter and Schmidhuber, 1997)
GRU P1 (Cho et al., 2014)
Transformer Encoder P1 (Vaswani et al., 2017)

Autoformer P1 (Wu et al., 2021)
FEDformer P1 (Zhou et al., 2022)
DLinear P1 (Zeng et al., 2023)
PatchTST P1 (Nie et al., 2023)
iTransformer P1 (Liu et al., 2024)
TimesNet P1 (Wu et al., 2023)
Transformer-TS P1 (Vaswani et al., 2017)
TSMixer P1 (Chen et al., 2023)
TFT P1 (Lim et al., 2021)
N-BEATS P1 (Oreshkin et al., 2020)
N-HiTS P1 (Challu et al., 2023)
MOMENT P1 (Goswami et al., 2024)
Chronos P2 (Ansari et al., 2024)
TimesFM P2 (Das et al., 2024)
Moirai P2 (Woo et al., 2024)
Lag-LLaMA P2 (Rasul et al., 2024)
Granite-TTM P2 (Ekambaram et al., 2024)

TimeLLM P1 (Jin et al., 2024)

GPT4MTS P1 (Jia et al., 2024)

DeepSeek-32B P3 DeepSeek-R1-Distill-Qwen-32B model card
Qwen3-32B P3 Qwen3-32B model card

GLM-4-32B P3 GLM-4-32B-0414 model card

Table 12: Model zoo, protocol pools, and model-source references. P1, P2, and P3 denote Pool 1, Pool 2, and

Pool 3, respectively.

ranks across task families. Lower ranks indicate
better performance. Importantly, ranks are com-
puted only within protocol-compatible pools, rather
than across all models globally. Thus, Pool 1,
Pool 2, and Pool 3 should be interpreted as sep-
arate comparison groups with different training,
adaptation, or inference assumptions.

H Extended Results
H.1 Mean-Rank Aggregation

To summarize performance across heterogeneous
endpoints, we compute mean ranks rather than av-
eraging raw metric values. Ranking is performed

separately within each protocol-compatible pool,
so models from Pool 1, Pool 2, and Pool 3 are not
merged into a single global ranking set.

For each task ¢ and pool p, all models with a
valid test-set result for that task are ranked accord-
ing to the task’s primary metric. For binary classi-
fication tasks, the primary metric is test AUROC,
with larger values ranked better. For the Pool 1
and Pool 2 regression summaries generated by the
benchmark code, the primary metric is test R2, also
ranked with larger values better. If an external re-
gression table is summarized using an error metric
such as RMSE, the ranking direction is reversed
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A Future Persistent
Model Paradigm risk det.
Pool 1: supervised / adapted full-test ranking
CatBoost Tree-based 1.333 2.000
ResNet1D Deep sequential 4.000 6.400
Random Forest Tree-based 5.333 1.400
LightGBM Tree-based 4.000 3.600
XGBoost Tree-based 2.667 3.800
GRU Deep sequential 8.333 6.200
InceptionTime Deep sequential 5.667 9.200
CNNI1D Deep sequential 8.333 9.000
LSTM Deep sequential 8.833 11.600
Transformer Encoder Deep sequential 11.667 9.600
TCN Deep sequential 13.500 17.800
N-BEATS Forecasting / TS 14.500 16.400
TSMixer Forecasting / TS 14.833 19.600
GPT4MTS LLM-oriented adapted 11.167 8.600
PatchTST Forecasting / TS 15.333 14.000
TimesNet Forecasting / TS 17.167 13.000
N-HiTS Forecasting / TS 17.667 16.800
iTransformer Forecasting / TS 18.667 14.400
Logistic Regression Linear reference 27.167 27.000
MiniRocket Time-series transform 23.167 24.000
Summary-Feature MLP ~ Summary neural 27.333 27.000
MLP Neural reference 27.167 27.000
TimeLLM LLM-oriented adapted 19.500 18.000
FEDformer Forecasting / TS 20.667 21.000
Transformer-TS Forecasting / TS 22.667 22.800
TFT Forecasting / TS 22.167 15.400
DLinear Forecasting / TS 17.333 22.600
Autoformer Forecasting / TS 20.333 21.800
MOMENT TS foundation / adapted 22.167 22.000
Pool 2: direct pretrained-transfer full-test comparison
Chronos TS foundation / direct 1.500 2.600
TimesFM TS foundation / direct 2.667 2.400
Moirai TS foundation / direct 1.833 1.800
Granite-TTM TS foundation / direct 4.000 3.800
Lag-LLaMA TS foundation / direct 5.000 4.400
Pool 3: Prompt-based LLM language-interface comparison
With temporal-window input
DeepSeek-32B LLM interface + TS 3.000 1.800
Qwen3-32B LLM interface + TS 1.667 1.600
GLM-4-32B LLM interface + TS 1.333 2.600
no-temporal-window
DeepSeek-32B LLM interface 2.500 2.400
Qwen3-32B LLM interface 2.000 1.400
GLM-4-32B LLM interface 1.500 2.200

Vital-sign  Case-level Overall
reg. prog. rank
6.500 1.400 2.808
2.500 - 4.300
10.000 2.600 4.833
9.500 3.400 5.125
13.000 2.600 5.517
4.500 - 6.344
4.500 - 6.456
5.500 - 7.611
6.000 - 8.811
8.000 - 9.756
9.000 - 13.433
11.000 - 13.967
11.500 - 15.311
28.000 - 15.922
19.500 - 16.278
19.000 - 16.389
19.500 - 17.989
21.000 - 18.022
- 5.200 19.789
12.500 - 19.889
19.500 6.200 20.008
19.500 6.400 20.017
23.000 - 20.167
19.000 - 20.222
15.500 - 20.322
23.500 - 20.356
22.000 - 20.644
22.000 - 21.378
21.000 - 21.722
1.000 - 1.700
2.000 - 2.356
4.000 - 2.544
3.000 - 3.600
5.000 - 4.800
1.500 2.800 2.275
2.000 2.000 1.817
2.500 1.200 1.908
3.000 3.000 2.725
2.000 2.000 1.850
1.000 1.000 1.425

Table 13: Complete protocol-stratified summary of benchmark performance across task families. Entries report
family-level mean ranks, where lower is better. Ranks are computed within protocol-compatible evaluation pools
and are not merged across Pool 1, Pool 2, and Pool 3. For Pool 3, prompt-based LLM results are reported separately
for prompts with temporal-window input and without temporal-window input. Bold values indicate the best rank
within each protocol pool or Pool 3 input setting, and underlined values indicate the second-best rank. Missing
entries indicate that the model was not evaluated for that task family under the corresponding protocol.

so that smaller error receives the better rank. Ties
are assigned the best shared rank, and subsequent
ranks are skipped.

Let r,(qf?t denote the rank of model m on task
t within pool p. Tasks are grouped into four
task families: future-risk classification, persistent-
deterioration classification, continuous vital-sign
regression, and case-level prognosis. The family-

level mean rank for model m in family g is

_ 1 ()
Py = ) Z Tt

| mug‘ teﬁgf;

where 7, is the set of tasks in family g for
which model m has an eligible result in pool p.
Thus, the family-level number gives each endpoint
within a family equal weight.

The overall mean rank is then computed as
the unweighted mean of the available family-level
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mean ranks:

() _ 1 .
7ﬁm,overall - (p) Z T,,(TIZ?Q,
|gm ‘ geg®)

where gff: ) is the set of task families with at least
one eligible result for model m in pool p. This
second-stage averaging gives the four task families
equal influence when they are available, rather than
allowing families with more endpoints to dominate
the summary. Models with missing task families
are summarized over their available families only,
and the number of contributing families is reported
alongside the overall rank.

H.2 Detailed Pool 1 Supervised and Adapted
Results

This appendix provides the detailed super-
vised/adapted Pool 1 results supporting Section 5.
Table 14 lists the full Pool 1 family-level mean-
rank summary. Tables 15 and 16 report task-level
classification and regression leaders. Missing en-
tries indicate that the model was not evaluated for
that task family under the Pool 1 protocol.

H.3 Detailed Pool 2 Direct
Pretrained-Transfer Results

Table 17 reports the Pool 2 family-level ranks
for Chronos, TimesFM, Moirai, Lag-LLaMA, and
Granite-TTM. Table 18 gives task-level classifica-
tion winners within Pool 2, and Table 19 lists the
available direct-transfer regression metrics. These
rows are direct pretrained-transfer comparisons and
are not mixed with Pool 1 ranking.

H.4 Detailed Pool 3 LLM Language-Interface
Results

This appendix gives the detailed Pool 3 prompt-
based LLM language-interface results. Tables 20
and 21 separate temporal-window and no-temporal-
window inputs. The available LLM result files con-
tain 54 rows for temporal-window input, 54 rows
for no-temporal-window input, and 108 posthoc
bootstrap-summary rows. No separate output-
parsing-failure table or missing-output count is
present in the available LLM result files; parsing-
failure rates are therefore not reported.

LLM prompt construction and output pars-
ing. For each prediction task, we used a struc-
tured prompt that explicitly specified the task name,
task objective, current-window textual context, and

case-level profile information. In the temporal-
window setting, the prompt additionally included
the raw 60-second, 1 Hz vital-sign window with
four channels: heart rate (HR), mean arterial pres-
sure (MAP), peripheral oxygen saturation (SpO2),
and end-tidal CO2 (ETCO»). Each channel was rep-
resented as a sequence of 60 values, with missing
observations denoted as NA. In the no-temporal-
window setting, this raw vital-sign block was re-
moved while all other prompt components were
kept unchanged, enabling a controlled comparison
between text-only and text-plus-temporal-window
LLM inputs. Finally, if the current data retrieval
fails or the resulting JSON is invalid, a retry mech-
anism is triggered.

H.5 Extended Clinical Reliability Analyses

This appendix provides extended reliability-
oriented analyses for calibration, validation-
selected operating points, alert burden, threshold-
event regression, abnormal-region regression, and
clustered bootstrap confidence intervals. These
analyses complement discrimination and global re-
gression metrics rather than replacing them.

I Code Release and Reproducibility
Package

To support reproducible use of PERIBENCH, the
released codebase will be organized around the
complete benchmark lifecycle: data reconstruc-
tion, task generation, model evaluation, reliability
analysis, language-interface evaluation, and leader-
board submission. Given authorized access to Vi-
talDB, users will be able to reconstruct the stan-
dardized 60-second physiological windows, physi-
ological quality-control masks, window-level ten-
sor manifests, task labels, regression targets, and
subject-grouped train/validation/test splits used in
the benchmark. The release will also include
model configuration files, random seeds, valida-
tion criteria, checkpoint references, prediction
files, and evaluation scripts for recomputing all
reported primary metrics, protocol-specific rank-
ings, and posthoc reliability analyses. For Pool 3
language-interface experiments, the package will
provide prompt templates, temporal-window se-
rialization code, case-profile formatting code, re-
sponse parsers, probability and value conversion
rules, retry handling, and failure logs. When raw
VitalDB records cannot be redistributed due to
source-dataset licensing, the released scripts, mani-
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Model Paradigm Future risk Persist Vital-sig) Case-level Overall rank
det. reg. prog.

CatBoost Tree-based 1.333 2.000 6.500 1.400 2.808
ResNet1D Deep sequential 4.000 6.400 2.500 - 4.300
Random Forest Tree-based 5.333 1.400 10.000 2.600 4.833
LightGBM Tree-based 4.000 3.600 9.500 3.400 5.125
XGBoost Tree-based 2.667 3.800 13.000 2.600 5.517
GRU Deep sequential 8.333 6.200 4.500 - 6.344
InceptionTime Deep sequential 5.667 9.200 4.500 - 6.456
CNN1D Deep sequential 8.333 9.000 5.500 - 7.611
LSTM Deep sequential 8.833 11.600 6.000 - 8.811
Transformer Encoder Deep sequential 11.667 9.600 8.000 - 9.756
TCN Deep sequential 13.500 17.800 9.000 - 13.433
N-BEATS Forecasting / TS 14.500 16.400 11.000 - 13.967
TSMixer Forecasting / TS 14.833 19.600 11.500 - 15.311
GPT4MTS LLM-oriented adapted 11.167 8.600 28.000 - 15.922
PatchTST Forecasting / TS 15.333 14.000 19.500 - 16.278
TimesNet Forecasting / TS 17.167 13.000 19.000 - 16.389
N-HiTS Forecasting / TS 17.667 16.800 19.500 - 17.989
iTransformer Forecasting / TS 18.667 14.400 21.000 - 18.022
Logistic Regression Linear reference 27.167 27.000 - 5.200 19.789
MiniRocket Time-series transform 23.167 24.000 12.500 - 19.889
Summary-Feature MLP Summary neural 27.333 27.000 19.500 6.200 20.008
MLP Neural reference 27.167 27.000 19.500 6.400 20.017
TimeLLM LLM-oriented adapted 19.500 18.000 23.000 - 20.167
FEDformer Forecasting / TS 20.667 21.000 19.000 - 20.222
Transformer-TS Forecasting / TS 22.667 22.800 15.500 - 20.322
TFT Forecasting / TS 22.167 15.400 23.500 - 20.356
DLinear Forecasting / TS 17.333 22.600 22.000 - 20.644
Autoformer Forecasting / TS 20.333 21.800 22.000 - 21.378
MOMENT TS foundation / adapted 22.167 22.000 21.000 - 21.722

Table 14: Full Pool 1 family-level mean ranks. Lower is better. Values are copied from the protocol-aware ranking
table and its full Pool 1 continuation.

Family Task Best AUROC Best AUPRC Test n
Future risk Future bradycardia, 5 min CatBoost, 0.915 CatBoost, 0.485 391,642
Future risk Future hypotension, 5 min XGBoost, 0.801 CatBoost, 0.549 248,626
Future risk Future hypotension, 10 min CatBoost, 0.756 CatBoost, 0.595 244,531
Future risk Future hypoxemia, 5 min ResNet1D, 0.808 ResNet1D, 0.267 409,536
Future risk Future low ETCO5, 5 min CatBoost, 0.822 CatBoost, 0.463 373,227
Future risk Future tachycardia, 5 min CatBoost, 0.818 CatBoost, 0.494 379,961
Persistent deterioration Persistent bradycardia, 5 min Random Forest, 0.730  Random Forest, 0.734 10,773
Persistent deterioration Persistent hypotension, 5 min Random Forest, 0.754  Random Forest, 0.689 25,065
Persistent deterioration Persistent hypotension, 10 min Random Forest, 0.792  Random Forest, 0.644 25,016
Persistent deterioration Persistent low ETCO5, 5 min CatBoost, 0.823 CatBoost, 0.786 15,681
Persistent deterioration Persistent tachycardia, 5 min CatBoost, 0.852 CatBoost, 0.920 20,295
Case-level prognosis In-hospital death CatBoost, 0.834 XGBoost, 0.103 1,230
Case-level prognosis ICU admission CatBoost, 0.892 CatBoost, 0.717 1,230
Case-level prognosis Estimated blood loss >500 mL CatBoost, 0.796 Random Forest, 0.553 768
Case-level prognosis Estimated blood loss >1000 mL CatBoost, 0.873 CatBoost, 0.504 768
Case-level prognosis Any transfusion Random Forest, 0.817  CatBoost, 0.356 1,229

Table 15: Pool 1 task-level classification winners. Each winner is selected within the supervised/adapted full-test
ranking pool.

Task Best MAE Best RMSE Best R? Label-
available

n

Minimum MAP, next 5 min CNNI1D, 6.432 CatBoost, 10.397 CatBoost, 0.568 282,399
Minimum SpO2, next 5 min iTransformer, 0.924  ResNetlD, 2.374 ResNetlD, 0.425 412,669

Table 16: Pool 1 regression metric leaders. Lower is better for MAE and RMSE; higher is better for R?. The final
column reports label-available test windows; the iTransformer minimum-SpOs MAE was computed on 408,275
windows satisfying its contiguous-window eligibility requirement.

37243



Model Future Persistent Vital-sign Case-level Overall
risk det. reg. prog. rank
Chronos 1.500 2.600 1.000 - 1.700
TimesFM 2.667 2.400 2.000 - 2.356
Moirai 1.833 1.800 4.000 - 2.544
Granite-TTM 4.000 3.800 3.000 - 3.600
Lag-LLaMA 5.000 4.400 5.000 - 4.800

Table 17: Pool 2 direct pretrained-transfer mean ranks. Lower is better.

Family Task Best AUROC Best AUPRC Test n.
Future risk Future bradycardia, 5 min Chronos, 0.888 Chronos, 0.420 387,650
Future risk Future hypotension, 5 min Chronos, 0.766 Granite-TTM, 0.488 246,533
Future risk Future hypotension, 10 min Chronos, 0.713 Granite-TTM, 0.538 241,262
Future risk Future hypoxemia, 5 min Moirai, 0.735 Chronos, 0.157 404,855
Future risk Future low ETCO2, 5 min Moirai, 0.747 Granite-TTM, 0.369 371,170
Future risk Future tachycardia, 5 min Moirai, 0.779 Moirai, 0.396 376,669
Persistent deterioration Persistent bradycardia, 5 min Moirai, 0.689 Moirai, 0.677 10,642
Persistent deterioration Persistent hypotension, 5 min Moirai, 0.676 Moirai, 0.561 24,975
Persistent deterioration Persistent hypotension, 10 min Moirai, 0.711 Moirai, 0.503 24,743
Persistent deterioration Persistent low ETCOs, 5 min Moirai, 0.698 Moirai, 0.589 15,433
Persistent deterioration Persistent tachycardia, 5 min Chronos, 0.770 Chronos, 0.846 20,018

Table 18: Pool 2 task-level classification winners. Winners are selected only among direct pretrained-transfer
models.

Task Model MAE RMSE R?
Minimum MAP, next 5 min Chronos 8.243 13.749 0.238
Minimum MAP, next 5 min TimesFM 8.537 14.248 0.182
Minimum MAP, next 5 min Moirai 9.020 15.659 0.012
Minimum MAP, next 5 min Granite-TTM 9.399 15.652 0.012
Minimum MAP, next 5 min Lag-LLaMA 72.584 406.155 -664.022
Minimum SpOa, next 5 min Chronos 0.794 2.992 -0.048
Minimum SpOs, next 5 min TimesFM 0.820 3.031 -0.076
Minimum SpO2, next 5 min Granite-TTM 0.908 3.568 -0.490
Minimum SpOs, next 5 min Moirai 1.201 6.304 -3.651
Minimum SpO2, next 5 min Lag-LLaMA 9.695 144.010 -2426.155

Table 19: Full Pool 2 regression metrics. Lower is better for MAE and RMSE; higher is better for R

fests, and task registry will enable local benchmark
reconstruction by users with authorized source-data
access. Table 29 summarizes the planned repro-
ducibility artifacts.
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Input setting Model Task family Mean Mean Mean Brier
AUROC AUPRC

With temporal-window DeepSeek-32B  Future risk 0.573 0.177 0.122
input

With temporal-window Qwen3-32B Future risk 0.648 0.194 0.176
input

With temporal-window GLM-4-32B Future risk 0.693 0.246 0.115
input

With temporal-window DeepSeek-32B  Persistent deterioration 0.577 0.516 0.412
input

With temporal-window Qwen3-32B Persistent deterioration 0.607 0.522 0.407
input

With temporal-window GLM-4-32B Persistent deterioration 0.578 0.508 0.370
input

With temporal-window DeepSeek-32B  Case-level prognosis 0.677 0.302 0.088
input

With temporal-window Qwen3-32B Case-level prognosis 0.722 0.253 0.098
input

With temporal-window GLM-4-32B Case-level prognosis 0.797 0.291 0.253
input

no-temporal-window DeepSeek-32B  Future risk 0.541 0.146 0.111
no-temporal-window Qwen3-32B Future risk 0.588 0.163 0.226
no-temporal-window GLM-4-32B Future risk 0.660 0.204 0.138
no-temporal-window DeepSeek-32B  Persistent deterioration 0.577 0.519 0.374
no-temporal-window Qwen3-32B Persistent deterioration 0.616 0.533 0.349
no-temporal-window GLM-4-32B Persistent deterioration 0.567 0.504 0.346
no-temporal-window DeepSeek-32B  Case-level prognosis 0.658 0.291 0.091
no-temporal-window Qwen3-32B Case-level prognosis 0.728 0.267 0.097
no-temporal-window GLM-4-32B Case-level prognosis 0.797 0.293 0.253

Table 20: Pool 3 family-level classification metrics for prompt-based LLMs. Means are computed over tasks in each
family within the corresponding input setting.

Input setting Model Task MAE RMSE R?
With temporal-window DeepSeek-32B  Minimum MAP, next 5 min 7.725 13.913 0.190
input

With temporal-window Qwen3-32B Minimum MAP, next 5 min 7.166 13.140 0.277
input

With temporal-window GLM-4-32B Minimum MAP, next 5 min 7.848 14.069 0.171
input

With temporal-window DeepSeek-32B  Minimum SpOa, next S min 0.773 2.637 0.394
input

With temporal-window Qwen3-32B Minimum SpO2, next 5 min 0.801 2.668 0.380
input

With temporal-window GLM-4-32B Minimum SpOg, next 5 min 0.775 2.657 0.385
input

no-temporal-window DeepSeek-32B Minimum MAP, next 5 min 10.086 17.982 -0.354
no-temporal-window Qwen3-32B Minimum MAP, next 5 min 8.551 15.794 -0.044
no-temporal-window GLM-4-32B Minimum MAP, next 5 min 8.249 15.419 0.005
no-temporal-window DeepSeek-32B  Minimum SpOs, next 5 min 3.594 4.473 -0.744
no-temporal-window Qwen3-32B Minimum SpOs2, next 5 min 1.750 3.055 0.187
no-temporal-window GLM-4-32B Minimum SpO3, next 5 min 1.329 3.024 0.203

Table 21: Pool 3 regression metrics for prompt-based LLMs with temporal-window input and without temporal-
window input.
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Task type

Binary classification
with time-series
window

Binary classification
without time-series
window

Continuous regression
with time-series
window

Continuous regression
without time-series
window

System prompt

You are a binary classification
model for predicting
perioperative risk. Using only
the text and numerical
information from the current
window, as well as the
patient’s case-profile
information, return valid
JSON—for example: a JSON
object with fields "label" and
"probability", e.g., {"label": 1,
"probability": 0.73}. Here,
"label" represents the class
label, and "probability"
represents the probability.

Same as above.

You are a regression model for
predicting perioperative risk.
Using only the text and
numerical information within
the current window, as well as
the patient’s case notes, return
fully valid JSON data—for
example: a JSON object with
a numeric "value" field, e.g.,
{"value": 72.3}, where "value"
represents your predicted
numerical output.

Same as above.

Input fields

system prompt +
window_context_text +
case_profile_text + raw_1
Hz_60s_channels:

HR = [...60 values...]
MAP = [...60 values...]
SpO2 = [...60 values...]
ETCO2 = [...60 values...]

system prompt +
window_context_text +
case_profile_text

system prompt +
window_context_text +
case_profile_text + raw_1
Hz_60s_channels:

HR = [...60 values...]
MAP = [...60 values...]
SpO2 = [...60 values...]
ETCO2 = [...60 values...]

system prompt +
window_context_text +
case_profile_text

Required output

{"label”: @ or 1,
"probability”: number
from @ to 13}.

{"label”: @ or 1,
"probability”: number
from @ to 13.

{"value": number}.

{"value": number}.

Table 22: Prompt templates and output parsing rules for LLM-based prediction tasks.

Task Model AUROC AUPRC Brier ECE
Future bradycardia, 5 min CatBoost 0.915 0.485 0.030 0.005
Future hypoxemia, 5 min ResNet1D 0.808 0.267 0.021 0.004
Persistent hypotension, 5 min Random Forest 0.754 0.689 0.195 0.057
Persistent tachycardia, 5 min CatBoost 0.852 0.920 0.147 0.020
ICU admission CatBoost 0.892 0.717 0.090 0.023

Table 23: Representative calibration and probability-error results. ECE is reported when calibration bins are
available.

Task Model Target 1y iechold  Sens. Spec. PPV False Gl
spec. alerts/hr case
Future hypoxemia, 5 min ResNet1D 0.95 0.086 0.484 0.955 0.214 0.884 4.958
Persistent tachycardia, 5 min CatBoost 0.95 0.831 0.534 0.938 0.944 0.227 1.071
Persistent hypotension, 5 min Random Forest 0.95 0.689 0.332 0.938 0.779 0.308 1.169

Table 24: Validation-selected operating points and alert burden at a target specificity of 0.95. Alert burden uses a
300-second refractory period and merged eligible monitoring intervals by case.
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Threshold-event task Best AUROC Best AUPRC

LightGBM, 0.878 ResNetlD, 0.816
CatBoost, 0.840  ResNetlD, 0.356

Minimum MAP, next 5 min, threshold 65
Minimum SpOa, next 5 min, threshold 90

Table 25: Threshold-event analyses for continuous regression targets.

Task Threshold Region Model n MAE RMSE Miss rate
Minimum MAP, next 5 min 65 overall CatBoost 282,399 6.584 10.397 -
Minimum MAP, next 5 min 65 true_below_65 CatBoost 76,463 10.403 16.815 0.270
Minimum MAP, next 5 min 65 true_below_65 N-HiTS 76,463 9.734 14.978 0.187
Minimum SpO2, next 5 min 90 overall CatBoost 408,275 1.296 2.838 -
Minimum SpOs, next 5 min 90 true_below_90 CatBoost 6,290 10.579 13.409 0.684
Minimum SpOsz, next 5 min 90 true_below_90 MOMENT 6,290 6.610 11.703 0.000

Table 26: Representative abnormal-region regression results. Minimum-SpOs results use a shared set of 408,275
eligible test windows, including 6,290 true-below-90 cases for both models.

Task Model Metric Point Clustered bootstrap
95% CI
Future bradycardia, 5 min CatBoost AUROC 0.915 [0.906, 0.924]
Future bradycardia, 5 min CatBoost AUPRC 0.485 [0.453,0.516]
Future bradycardia, 5 min CatBoost BRIER 0.030 [0.027, 0.033]
Future hypoxemia, 5 min ResNet1D AUROC 0.808 [0.790, 0.824]
Future hypoxemia, 5 min ResNet1D AUPRC 0.267 [0.232, 0.302]
Future hypoxemia, 5 min ResNet1D BRIER 0.021 [0.018, 0.023]
Persistent hypotension, 5 min Random Forest ~ AUROC 0.754 [0.716, 0.787]
Persistent hypotension, 5 min Random Forest ~ AUPRC 0.689 [0.603,0.751]
Persistent hypotension, 5 min Random Forest ~ BRIER 0.195 [0.184, 0.205]
ICU admission CatBoost AUROC 0.892 [0.869, 0.917]
ICU admission CatBoost AUPRC 0.717 [0.655, 0.776]
ICU admission CatBoost BRIER 0.090 [0.078, 0.102]

Table 27: Representative clustered bootstrap confidence intervals for classification metrics. Each row uses 1000
bootstrap resamples.

Task Threshold Region Model Metric Point Clustered bootstrap
95% CI

Minimum MAP, next 65 true_below_65  N-HiTS MAE 9.734 [9.114, 10.392]

5 min

Minimum MAP, next 65 true_below_65  N-HiTS RMSE 14.978 [14.167, 15.838]

5 min

Minimum MAP, next 65 true_below_65  N-HiTS MISS_RATE  0.187 [0.168, 0.209]

5 min

Minimum SpO2, next 90 true_below_90 MOMENT MAE 6.610 [5.816,7.411]

5 min

Minimum SpOz, next 90 true_below_90 MOMENT RMSE 11.703 [10.549, 13.096]

5 min

Minimum SpO2, next 90 true_below_90 MOMENT MISS_RATE  0.000 [0.000, 0.000]

5 min

Table 28: Representative clustered bootstrap confidence intervals for abnormal-region regression metrics. Each row
uses 1000 bootstrap resamples.
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Artifact

Preprocessing code

Task registry

Split manifests

Model configurations

Prediction files

Evaluation code

Reliability analysis

Language-interface
package

Leaderboard
specification

Release content

VitalDB loading, physiological quality control, 1 Hz
resampling, 60-second window construction, tensor export,
and validity-mask generation.

Canonical definitions of task families, prediction horizons,
endpoint thresholds, eligibility filters, validity requirements,
label rules, and regression targets.

Subject-grouped train/validation/test identifiers and
window-level manifests containing case, subject, timestamp,
task, and split fields.

Hyperparameters, random seeds, validation criteria,
checkpoint references, normalization settings, and
training/evaluation commands.

Per-task prediction outputs for all reported systems,
including scores, probabilities, regression values, and eligible
test identifiers.

Scripts for AUROC, AUPRC, Brier score, F1, precision,
sensitivity, specificity, MAE, RMSE, R2, and family-level
rank aggregation.

Calibration, validation-selected operating points, alert
burden, abnormal-region error analysis, threshold-event
analysis, and clustered bootstrap utilities.

Prompt templates, temporal-window serialization,
case-profile formatting, response parsing, probability/value
conversion, retry handling, and failure logs.

Task list, allowed inputs, eligible splits, metric direction,
submission schema, validation checks, and reporting rules.

Purpose

Reconstruct standardized
physiological inputs from
authorized source records.
Rebuild task labels and targets
under the same benchmark
semantics.

Reproduce leakage-controlled
partitions and task-specific eligible
samples.

Reproduce model fitting,
checkpoint selection, and full-test
evaluation.

Recompute metrics and posthoc
analyses without retraining all
models.

Reproduce the main benchmark
tables and protocol-specific
rankings.

Recompute deployment-oriented
and clinical posthoc analyses.

Reproduce Pool 3 prompt-based
LLM interface evaluation.

Standardize external submissions
under protocol-compatible
comparison.

Table 29: Planned reproducibility artifacts. The release separates source-data reconstruction, benchmark metadata,
model outputs, evaluation scripts, reliability-analysis utilities, language-interface components, and leaderboard
rules, enabling users with authorized VitalDB access to rebuild the benchmark and recompute the reported results.
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