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Abstract

Deep learning models for clinical time-series fore-
casting face significant challenges in generalizabil-
ity when deployed across different clinical settings.
Various choices in the deep learning pipeline can
affect a model’s out-of-distribution performance.
This abstract introduces a comprehensive bench-
marking framework to assess domain generaliza-
tion and adaptation under varying distribution shifts
in multivariate time-series forecasting using real-
world data. Preliminary empirical results on the in-
fluence of backbone model architecture and a proxy
metric, the robustness slope, are presented along-
side remaining challenges.

1 Introduction

Despite the importance of generalizability in many applied
fields, a gap remains between theoretical foundations and
practical application for multivariate time-series data. While
established statistical learning theories provide generaliza-
tion bounds and error guarantees, these theoretical limits of-
ten prove too abstract and wide. Consequently, recent re-
search has shifted towards empirical experimentation to de-
velop more practical decision guidelines. Domain adaptation
research extends this by accounting for the distribution shift
between source and target data when estimating generaliza-
tion bounds [Redko e al., 2022]. In these pipelines, numer-
ous decisions can be taken and combined endlessly. To enable
systematic benchmarking, we structured these choices into
degrees of freedom: data choice, preprocessing, backbone ar-
chitecture, training strategy, and postprocessing. There is a
need to systematically benchmark these variables and their
combinations to create practical guidelines as shown in Fig-
ure 1.

While a model may be marketed as “generalizable” during
development, evidence suggests that such claims often fail to
hold up in real-world clinical settings [Chekroud er al., 2024].
My primary objective is to develop a robust domain adapta-
tion pipeline for these “clinic-to-clinic” scenarios, focusing
on forecasting blood oxygenation levels (Spo2) and mean ar-
terial blood pressure (ABP Mean) in the Intensive Care Unit.
More specifically, this research explores: RQ1: How do the
various degrees of freedom in a machine learning pipeline
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interact to influence the generalization of multivariate time-
series forecasting models? RQ2: What is a suitable proxy
metric to benchmark generalization/adaptation methods with
regard to different magnitudes and types of distribution shift?
RQ3: How to improve the robustness of domain adaptation
methods for clinical multivariate time-series forecasting?
My research extends the state of the art in three key dimen-
sions: task complexity, comprehensive benchmarking, and a
proxy metric for generalizability. While most domain adap-
tation research is limited to classification, I focus on multi-
variate time-series forecasting, addressing the unique tempo-
ral and inter-channel dependencies of clinical data. Unlike
algorithm-centric benchmarks, my approach considers all de-
grees of freedom and evaluates interactions across the en-
tire pipeline, from source data selection to postprocessing.
Importantly, the benchmarking is carried out on clinically
grounded, real-world data source-to-target scenarios. I move
beyond reporting static “mean performance” by introducing
the robustness slope. This allows for a continuous assess-
ment of model decay across natural and synthetic distribution
shifts, providing a more rigorous empirical validation of the-
oretical generalization bounds than current benchmarks.

2 Contributions

My contributions consist of methodological frameworks and
empirical insights into the robustness of clinical time-series
adaptation. I designed and implemented a flexible frame-
work to assess the degrees of freedom in generalization
and adaptation pipelines. This includes the open-source
framework AlgorithmZDomainl, which extends ADATIME
[Ragab et al., 2023] with support for multivariate forecasting-
specific evaluation metrics. Further, I defined a suite of clin-

'https://github.com/BI-K/Algorithm2Domain
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ically relevant source-to-target scenarios using the MIMIC-
IIT matched waveform database. To facilitate this, I de-
veloped WavePrep?, an open-source tool for preprocessing
high-frequency ICU data into ML-ready datasets[Elwes et al.,
2026b].

Preliminary work [Elwes er al., 2026a] identified a proxy
metric for generalizability: the robustness slope. The ro-
bustness slope measures the slope of the linear relationship
between distribution shift and performance degradation, ac-
counting for shifts across the source train, source test, and
target data. Empirical investigations across eight backbone
architectures (CNN, (Bi-)LSTM, TCN, LTCN, CfCN, Trans-
former, GRU, and ResNet18) confirmed the observed linear
relation, which has been observed similarly for image-based
classification tasks in [Friedman and Chowers, 2025]. The in-
vestigations also revealed that target-domain performance is
primarily influenced by covariance shift across model back-
bones. Scenario-averaged performance differed minimally
between backbone model architectures for the specific down-
stream tasks and scenarios. These results still need to be veri-
fied by further tests under more extreme shifts. Further exper-
iments addressing other aspects of the degrees of freedom will
be carried out. Based on these results, a strategy for improv-
ing the most robust adaptation pipeline will be developed.

3 Analysis Method

I evaluate current state-of-the-art methods on two primary
downstream tasks: SpO2 and ABP Mean forecasting. The
benchmark utilizes eight clinically derived source-to-target
scenarios. To ensure a fair and rigorous comparison, each
evaluated method undergoes hyperparameter tuning. Sensi-
tivity lies in the chosen distribution shift metric; currently, 1
am reviewing the literature for metrics suitable for assessing
covariate, semantic, and prior probability shifts in multivari-
ate time-series prediction tasks, as well as for combining dif-
ferent types of distribution shift.

Currently, the primary evaluation metric is the robust-
ness slope. While initial results suggest a linear relation-
ship between distribution shift and performance decay, [ am
currently expanding this validation via synthetic stress test-
ing. Using a controllable shift-generation method inspired
by [Friedman and Chowers, 2025] adapted for multivariate
time-series forecasting, I generate synthetic time-series data
to simulate extreme distribution shifts. This allows me to
test the limits of the observed linearity and identify potential
“breaking points” where the proxy metric may become non-
linear. To move beyond public datasets, ongoing efforts in
accordance with the German Health Data Utilization Act are
collecting relevant data from local patient cohorts across two
units of the University Hospital Cologne, thereby enhanc-
ing the test scenarios with natural “clinic-to-clinic” scenarios.
This local validation serves as the final gold standard” for
testing the clinical applicability of the adaptation strategies.

4 Discussion

The uncovered robustness slope provides a way to contextual-
ize and report the performance of a generalization/adaptation

*https://github.com/BI-K/WavePrep
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method in a comparable manner across application do-
mains and downstream tasks, where standard benchmarking
datasets are no longer available. Al as Medical Device” reg-
ulations require strict post-market monitoring and robustness
[Cuocolo et al., 2025]; this benchmarking approach provides
a path to certification for a certain safe range of distribution
shifts. Refinements of the strategy for quantifying distribu-
tion shift may be used to improve the design of loss metrics
in domain adaptation methods.
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