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Early warning in prehospital emergency care is critical for improving patient outcomes. However, applying
machine learning in this context remains challenging due to the nature of prehospital data, which are of-
ten incomplete, irregularly sampled, and affected by plausibility issues. This paper introduces a data-centric
experimentation pipeline that treats these challenges and their mitigation strategies as explicit experimental
variables rather than hidden preprocessing choices. The pipeline structures time-series experimentation into
traceable stages that enable systematic assessment of how data-quality decisions influence downstream model
behavior. We illustrate the feasibility of our pipeline through a representative case study on sepsis predic-
tion involving 96,551 encounters (4.01% prevalence). The evaluation systematically varies two experimental
dimensions, imputation and usage of missingness-derived features, evaluated under differing levels of miss-
ingness. Selected results show that missingness is the dominant source of performance degradation, and that
imputation and missingness-derived features provide complementary benefits. These findings demonstrate
how the proposed pipeline enables transparent, reproducible exploration of data-quality trade-offs, laying the

groundwork for broader data-centric experimentation in prehospital machine learning.

1 INTRODUCTION

Early initiation of interventions in prehospital emer-
gency care is associated with improved patient out-
comes and reduced mortality rates (Bleyer et al.,
2011). For time-sensitive, nonspecific conditions
such as sepsis, early identification of patient deterio-
ration is crucial for timely intervention and escalation
of care (Evans et al., 2021).

Emergency medical services (EMS) are experi-
encing ongoing digitalization. For example, the
number of EMS activations recorded in the Na-
tional EMS Information System (NEMSIS), which
collects de-identified, standardized electronic care re-
ports from U.S. EMS agencies, increased by ap-
proximately 67% from 2019 (36,119,969 activations)
to 2024 (60,298,684 activations) (NEMSIS, 2019;
NEMSIS, 2024). These developments create new op-
portunities to apply machine learning (ML) for out-
come prediction, early risk detection, and decision
support in prehospital settings.
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However, prehospital data are characterized by
unique challenges that differentiate them from in-
hospital datasets, including high levels of missing-
ness, plausibility violations, and irregular sampling
intervals arising from heterogeneous devices and dy-
namic emergency contexts. For instance, in the NEM-
SIS 2024 dataset, 61.97% of encounters with captured
vital sign data have at least one timestamp where heart
rate, respiratory rate, systolic blood pressure, or oxy-
gen saturation (Sp0O;) is missing. Among encounters
with repeated recordings, the median standard devia-
tion of sampling intervals is approximately 3.0 min-
utes, with an interquartile range of 1.6 to 5.6 minutes,
indicating substantial variability.!

Traditional ML pipelines primarily focus on en-
hancing model performance by optimizing learning
parameters and treat data as a static resource that fuels
the training process (Jarrahi et al., 2023). As a con-
sequence, they tend to produce brittle systems when
confronted with noisy and incomplete real-world data
(Jarrahi et al., 2023). Moreover, data quality issues

'The reported numbers were computed by the authors

using the NEMSIS 2024 dataset; analysis scripts are pro-
vided in the supplementary material, see Appendix A.
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are often handled through opaque preprocessing and
cleaning steps and rarely examined as experimental
factors in their own right (Bazo-Alvarez et al., 2021).
In contrast, prior work on informative missingness
(Lipton et al., 2016; Che et al., 2018; Mercaldo and
Blume, 2020) suggests that missing data can encode
clinically relevant signals, motivating a more data-
centric perspective, in which data imperfection (DI)
and mitigation strategies are treated as explicit design
choices and experimental factors.

Despite growing interest in ML for EMS, applica-
tions remain relatively scarce and fragmented com-
pared to in-hospital early warning systems. While
studies such as (Ward et al.,, 2025) demonstrate
the feasibility of time-series prediction, standardized
early warning systems, such as a prehospital Early
Warning Score (EWS) or an equivalent to the in-
hospital, FDA-cleared eCART (Churpek et al., 2024),
have not been established. Advancing this field, there-
fore, requires systematic experimentation under real-
istic prehospital data conditions.

Taking these challenges into consideration, this
paper addresses two research questions:

1. How can data quality challenges inherent in pre-
hospital time-series data be effectively tackled
and potentially leveraged?

2. How can we design a systematic, reproducible,
and data-centric experimentation approach to
support robust ML research in this domain?

To contribute to these questions, we (i) illus-
trate the current landscape of prehospital ML and
the methodological possibilities inherited from in-
hospital research in Section 2, (ii) provide an
overview of DI profiling approaches in multivariate
time-series data in Section 3, (iii) propose a customiz-
able data-centric pipeline (DCP) for ML experimen-
tation in EMS that treats DI as a primary experimental
dimension in Section 4, and (iv) present a case study
that instantiates the DCP for early sepsis prediction in
Section 5, analyzing the effects of two experimental
knobs: imputation strategy and DI-derived features.

2 RELATED WORK

Despite growing interest and progress in digitaliza-
tion, machine learning in prehospital care remains
underexplored and substantially less mature than in-
hospital early warning systems. A tabular summary
of representative prehospital studies is provided in Ta-
ble 2 in Appendix B.

A majority of these EMS studies rely on single-
timestamp predictors and employ conventional ML
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models, such as logistic regression, tree-based meth-
ods, and support vector machines. Deep neural
networks are rare and primarily used in triage and
trauma tools. Outcomes commonly include short-
term mortality, ICU admission or escalation of care,
diagnosis of specific time-critical conditions, or the
need for lifesaving interventions. Data sources pre-
dominantly comprise vital signs, demographics, and
disease-specific features such as mechanism of injury,
symptom descriptors, or ECG findings. DI handling is
heterogeneous but generally limited to complete-case
exclusion, mean/median imputation, or multiple im-
putation, with a few studies relying on model-native
missingness handling. Only isolated works explicitly
encode informative missingness.

A small subset explicitly models vital sign time-
series, but demonstrates clear potential for EMS ap-
plications. (Ward et al., 2025) use minutes-scale vi-
tal sign trajectories and gradient-boosted models with
missingness indicators to predict 7-day mortality.
(Liu et al., 2014) integrate continuous vital sign dy-
namics into hybrid rule/ML systems to anticipate life-
saving interventions in trauma patients. Findings by
(Krafft et al., 2025), who employ logistic regression
with trend-based EWS features, suggest that short-
term EWS trend features carry additional prognostic
signal in early EMS care. (Weidman et al., 2025)
leverage continuous waveform segments during air
transport and train histogram-gradient-boosting mod-
els to predict imminent interventions.

In-hospital vital sign time-series modeling for
early warning provides a rich methodological land-
scape that EMS research can leverage. Two broad
paradigms recur: feature-engineered learning over ag-
gregated time-series (Rangan et al., 2022; Li et al.,
2022; Choi et al., 2023; Akel et al., 2021), and se-
quence models, that directly learn temporal depen-
dencies (Shamout et al., 2019; Kwon et al., 2018;
Choi et al., 2022a; Cheng et al., 2022; Chae et al.,
2022; Silvaetal., 2021; Lee et al., 2024; Senthil Pandi
et al., 2024; Sim et al., 2025; Jehangir and Li, 2025;
Kim et al., 2025; Su et al., 2022). Furthermore,
several recurring design patterns from hospital-based
studies are directly relevant for EMS exploration.
Minimal-variable models achieve strong performance
with small sets of variables (Akel et al., 2021; Kwon
et al., 2018; Rangan et al., 2022), aligning well with
sparse prehospital data. Volatility and quantiles may
carry meaningful predictive signals (Alghatani et al.,
2021). Lag-lead window tuning aligns the obser-
vation window and prediction horizon with opera-
tional needs (Choi et al., 2023; Rangan et al., 2022).
Forecast-then-score strategies decouple physiologic
modeling from event prediction (Silva et al., 2021;
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Amer et al., 2020; Jehangir and Li, 2025). Threshold-
reach prediction (Senthil Pandi et al., 2024; Thiele
et al., 2025) maps directly to EMS decision triggers.

The literature on prehospital ML demonstrates
feasibility across diverse outcomes but remains dom-
inated by single-timestamp features and simplistic
handling of DI. In contrast, in-hospital research illus-
trates methodological possibilities regarding temporal
modeling and outcome formulation. These observa-
tions directly motivate the customizable data-centric
pipeline introduced in Section 4, which is designed to
bridge the gap between the methodological richness
of in-hospital time-series modeling and the practical
realities of prehospital EMS data.

3 DATA IMPERFECTION

This section examines intrinsic data imperfection in
prehospital numerical time-series data and outlines
associated analytical and operational considerations.

3.1 Types of Data Imperfection

We categorize numerical DI observed in
multivariate ~ vital  sign  time-series  data
X={x€R!|tcN,deN}, where ¢ indexes
time and d corresponds to the set of measured vital
signs, into three types: missingness, plausibility
violations, and irregular sampling.

Firstly, missing values occur when a measurement
is unavailable at a given timestamp and can be repre-
sented by a binary indicator, where 1 indicates an ob-
served value and 0 a missing value (Che et al., 2018).
This representation enables the construction of miss-
ingness masks, M = {m, € {0,1} |t € N,d € N},
that facilitate downstream analysis. Secondly, we de-
fine plausibility violations as recorded values that are
implausible according to one or more criteria. Uni-
variate violations encompass logically or physiolog-
ically out-of-range values, such as an SpO, exceed-
ing 100% or a heart rate above 300 beats per minute.
Temporal violations include sudden jumps or non-
physiological rate-of-change. Multivariate inconsis-
tencies arise when relationships among variables are
violated, for example, physiologically incompatible
combinations of heart rate and blood pressure. Plau-
sibility violations can likewise be encoded as masks.
Lastly, irregularity affects the timestamp structure it-
self (Zhang et al., 2023). Intra-series intervals be-
tween successive measurements may vary, depending
on clinician judgement or contextual constraints. Al-
though irregularity can induce missingness, the two
represent distinct imperfection types and should be

treated separately to preserve temporal dynamics.

3.2 Mechanisms and Predictive Value

Missing data mechanisms are commonly described in
terms of the statistical relationship between the prob-
ability of missingness and the underlying data, p(M |
X). Let Xobs and Xpis be the observed and unobserved
subsets of X. (Rubin, 1976) defines three categories:
Missing Completely At Random (MCAR), Missing
At Random (MAR), and Missing Not At Random
(MNAR). MCAR occurs when missingness is inde-
pendent of both observed and unobserved variables,
p(M | X) = p(M), such as in the case of random de-
vice malfunctions. MAR assumes missingness de-
pends on observed variables, p(M | X) = p(M | Xobs)-
For example, certain vital signs may be omitted while
clinicians attend to other documented priorities or in-
terventions. If neither MCAR nor MAR holds, the
mechanism is MNAR. MNAR describes situations in
which the probability of missing data depends on un-
observed data, including the missing value itself, i.e.,
P(M | Xobs; Xmis) # P(M | Xobs), such as failed blood
pressure readings in severe hypotension.

Clinical data are rarely MCAR. Qian et al.
(Qian et al., 2024) identify protocol-driven, resource-
related, condition-dependent, and value-dependent
patterns that map onto MAR and MNAR and reflect
clinical workflow influences. Protocol-driven pat-
terns arise from scheduled measurements, for exam-
ple, EMS may be instructed to read blood pressure ev-
ery n minutes, introducing structured gaps. Resource-
related patterns reflect measurement omissions due
to situational constraints like transport. Condition-
dependent patterns emerge when measurement fre-
quency or quality is influenced by the patient’s physi-
ological state. Value-dependent imperfection occurs
when previously observed abnormal readings trig-
ger additional assessments or repeated measurements.
These patterns highlight that missingness in clinical
data is often systematically linked to observable or
unobservable clinical states rather than occurring un-
predictably, and motivate a growing body of research
demonstrating that missingness can carry predictive
signal.

For example, Che et al. introduce the GRU-D
model, which incorporates features derived from
missingness, and outperforms baseline Gated Recur-
rent Unit (GRU) models in mortality prediction tasks
(Che et al., 2018). Lipton et al. demonstrate that
last observation carried forward (LOCF) imputation
degraded Long Short-Term Memory (LSTM) perfor-
mance in multi-class diagnosis prediction relative to
zero imputation, suggesting that missingness masks
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hold informative signal (Lipton et al., 2016). Mer-
caldo et al. train separate submodels for different
missingness patterns, achieving superior results com-
pared to standard imputation strategies (Mercaldo and
Blume, 2020). Pérez-Lebel et al. reported signifi-
cant performance gains by appending missingness in-
dicators to feature sets, showing that features with
high missing rates can still carry substantial predic-
tive value (Perez-Lebel et al., 2022).

These findings illustrate that missingness may en-
code physiological, contextual, or workflow-related
signals. Importantly, this perspective can be extended
beyond missingness to implausibility and irregularity,
as their occurrence is likewise entangled with clinical
decision making and operational constraints. Plausi-
bility violations can arise from device behavior, mea-
surement conditions, or environmental factors. Irreg-
ular sampling similarly reflects the prehospital assess-
ment, where measurement intervals vary according to
on-scene events rather than fixed schedules. Because
such patterns originate from operational and clini-
cal processes, understanding and characterizing them
is essential for assessing their potential influence on
downstream modeling.

3.3 Characterizing Data Imperfection

As described, missingness and plausibility violations
can be represented as masks, enabling their system-
atic characterization. A structured subspace of the
analytical design space for examining DI in multivari-
ate time-series data is illustrated in Figure 1. We or-
ganize characterization methods along two principal
axes: (i) intra-variable analyses, which operate on a
single variable, versus infer-variable analyses, which
capture cross-variable relationships, and (ii) “sym-
metric” analyses, which relate masks to masks, ver-
sus "asymmetric” analyses, which relate masks to ob-
served values. Lagged and windowed variants further
extend these analyses along the temporal dimension.
Intra-variable methods diagnose the structure of
DI within an individual variable. Column-level statis-
tics summarize basic properties, such as the percent-
age of missing or implausible values at the case or
global level, which can reveal subgroup differences
and general workflow trends. Gap-based analyses
quantify the lengths of imperfect segments and their
relationships to the subsequent observation. Markov
chain summaries and symmetric lagged autocorrela-
tion characterize how the current mask state of a vari-
able at time i depends on its preceding or subsequent
mask states at times i & n. Asymmetric univariate ap-
proaches, such as windowed significance analysis, re-
late missing or implausible values at time 7 to obser-
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vations within a predefined temporal window i+ n,
enabling detection of localized associations between
imperfection and measured values.

Inter-variable analyses examine how DI co-occurs
across variables and provide insight into patterned de-
pendencies. Row-based statistics summarize prop-
erties such as the row-level percentage of missing
or implausible values, highlighting systematic multi-
variable DI patterns. These patterns can be tested for
MCAR using Little’s MCAR test (Little, 1988). Sym-
metric inter-variable analyses correlate masks across
variables to reveal synchronized gaps or co-occurring
implausible values. Asymmetric analyses relate the
DI pattern of one variable to the observed values of
another, indicating whether DI preferentially arises
under specific physiological states. Lagged variants
extend both perspectives to capture temporal depen-
dencies, for instance, whether DI in one variable
tends to precede that in another. Although MNAR
cannot be tested directly, feature-wise MAR-MNAR
likelihood-ratio tests, as proposed by Alasal et al.
(Alasal et al., 2025), can provide evidence for the
presence of MNAR.

Irregular sampling affects the temporal grid it-
self and therefore requires adapted analyses. Meth-
ods analogous to gap-based univariate characteriza-
tion can be applied by examining the distribution
of time intervals between sampling timestamps in-
stead of between observed values. Case-level sum-
maries capture measurement regularity within in-
dividual records, while global distributions reveal
system-level or workflow-level timing patterns. Ad-
ditional temporal characterizations, such as Markov
chain summaries of interval transitions, can further
expose structured measurement dynamics.

3.4 Mitigating Data Imperfection

Several mitigation strategies exist to address imper-
fections in time-series data and are often necessary
to make the data suitable for downstream ML tasks.
Plausibility violations typically require an initial out-
lier detection step, after which values can be re-
moved or corrected using domain-specific rule-based
approaches (Ortiz et al., 2024). Imputation methods
address missingness and range from simple statistical
techniques to advanced deep learning methods (Em-
manuel et al., 2021; Wang et al., 2025). Recent se-
quence models, such as the Self-Attention-based Im-
putation for Time Series (SAITS) (Du et al., 2023),
natively perform imputation and leverage missingness
patterns as part of their architecture. Irregular sam-
pling can be mitigated through temporal resampling
or more sophisticated modeling techniques that op-
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Figure 1: Overview of analytical dimensions for characterizing data imperfection in multivariate time-series data. Columns
represent physiological variables, and rows represent time steps. The notation «—* denotes a relation defined over all index
pairs (i, p) and (j,q), including cases i = j and p = q. x; , denotes the observed value of variable p at time step i, and m;

represents the corresponding binary missingness indicator.

erate on irregular grids (Zhang et al., 2023). Each
mitigation strategy entails a trade-off between cost
and bias. Simpler methods are often computation-
ally inexpensive but rely on stronger assumptions,
while more complex techniques reduce bias at the ex-
pense of model complexity and computational over-
head. For instance, simple imputation methods such
as mean or LOCF implicitly assume MCAR behavior
and are inappropriate when missingness is informa-
tive, while deep-learning—based imputers can accom-
modate MAR or MNAR, but incur higher computa-
tional cost and require more data (Emmanuel et al.,
2021; Wang et al., 2025).

Together, the taxonomy of imperfection, mecha-
nisms, characterization, and mitigation provides the
foundation for a data-centric perspective. In Section
4, we build on these insights, treating DI types and
their mitigations as explicit experimental dimensions.

4 CUSTOMIZABLE PIPELINE

We introduce a customizable, data-centric pipeline
(DCP) for prehospital multivariate time-series data
that structures the end-to-end workflow into eight
stages. The overall organization of the stages is in-
formed by established process models such as CRISP-
ML(Q) and KDD, which outline full-lifecycle work-
flows from problem formulation to model assessment
(Studer et al., 2021; Fayyad et al., 1996). In contrast,
our DCP is deliberately scoped to the experimental
pipeline and does not address deployment or opera-
tional integration. Aligned with the data-centric ar-
tificial intelligence (AI) perspective of Jarrahi et al.
(Jarrahi et al., 2023), our DCP prioritizes systematic

data profiling, preparation, and logging over model-
centric optimization. We distinguish between struc-
tural design choices (e.g., representation and model
class) and experimental knobs (e.g., imputation, fil-
tering, and DI-derived features). Our contribution
lies in operationalizing data-centric principles specif-
ically for the complexities of time-series data through
this explicit set of knobs that elevate DI-related de-
cisions to first-class experimental variables, making
them configurable, transparent, and empirically com-
parable.

4.1 Stage Overview

The DCP and its individual stages are outlined below
and illustrated in Figure 2.

Stage 0 (Data Acquisition and Ingestion) con-
cerns the collection and standardization of raw EMS
data. Decisions include selecting data sources (e.g.,
field monitors, electronic patient care reports, and
hospital outcomes) and data formats. Harmonized in-
gestion with data versioning (snapshots or incremen-
tal updates) ensures reproducibility and traceability,
and enables longitudinal assessment of model robust-
ness.

Stage 1 (Prediction Task Formulation) defines
the clinical prediction problem, which can be speci-
fied based on available data or, in prospective stud-
ies, prior to data acquisition. Key decisions include
the target, horizon (e.g., 15-minute, upon hospital ar-
rival), and granularity (e.g., binary, multi-class, re-
gression). Targets may be framed at different levels:
physiological (e.g., vital-sign trajectory prediction),
clinical (e.g., sepsis diagnosis), or actionable (e.g.,
reaching a critical threshold). Stage 1 defines the pre-
diction function to be learned, f : X — Y, which an-
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Figure 2: Customizable data-centric pipeline for time-series modeling. Blue elements denote experimental knobs for DI-
centric experimentation; grey elements show structural and methodological design choices; dashed lines indicate alternatives.

chors all subsequent structural and experimental de-
sign choices and enables stratified DI analyses.

Stage 2 (Data Imperfection Characterization)
applies a predefined characterization protocol, as out-
lined in Section 3.3, to quantify patterns of missing-
ness, plausibility violations, and irregularity. Result-
ing task-specific DI profiles inform downstream struc-
tural design choices and experimental knobs. Stage 2
may be repeated after Stage 3 to evaluate how data
preparation decisions affect DI characteristics.

Stage 3 (Data Preparation) applies preprocess-
ing steps to render the data suitable for modeling
while aiming to preserve clinically meaningful sig-
nals. Decisions include filtering encounters or vari-
ables (e.g., based on excessive missingness), and de-
tecting plausibility violations using predefined rules,
followed by appropriate mitigation. Missingness and
irregularity are mitigated by selecting suitable meth-
ods, as outlined in Section 3.4, or deferred to models
capable of native DI handling in Stage 5. Because
each preparation step encodes assumptions about the
underlying data, Stage 3 makes these assumptions
explicit and enables systematic evaluation of their
downstream impact.

Stage 4 (Feature Extraction and Selection) de-
rives predictive representations from the prepared
data. A key structural design choice is the feature rep-
resentation, ranging from statistical aggregates and
trend descriptors to raw sequence inputs. Domain-
specific clinical features are treated as part of the
study’s structural feature definition and may capture
clinical proxies (e.g., EWS) or contextual information
beyond time-series data (e.g., administered medica-
tion). In contrast, DI-derived features, such as masks,
temporal gap/run statistics, or indicators reflecting
mitigation choices, constitute experimental add-ons
derived from Stage 2 and the preparation steps in
Stage 3. By making these elements explicit, Stage 4
enables systematic testing of whether and how DI pat-
terns contribute actionable predictive signal.

Stage 5 (Modeling) implements ML algorithms
that learn the prediction function defined in Stage 1
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using the representations produced in Stage 4.
Choices span traditional ML methods (e.g., logistic
regression, random forests, gradient boosting), se-
quence models designed to capture temporal depen-
dencies (e.g., GRU, LSTM, transformers), and DI-
aware architectures that natively handle or exploit DI
patterns, as discussed in Section 3.4. Model choice
interacts directly with Stage 3 and Stage 4 decisions,
for example, XGBoost (Chen and Guestrin, 2016)
can parse missing values but cannot leverage tempo-
ral structure, whereas vanilla sequence models require
resolved irregularity or explicit temporal encodings.
Therefore, Stage 5 enables systematic comparison by
either holding the model constant to isolate the effects
of upstream design choices or varying models and hy-
perparameters to assess robustness.

Stage 6 (Evaluation and Interpretability) as-
sesses model performance and clinical utility. Be-
cause DI patterns vary across time and EMS systems,
validation strategies must assess robustness to distri-
bution shifts. In addition to standard metrics, task-
specific clinical measures (e.g., the minimum pre-
diction lead time at which a performance threshold
is achieved or sensitivity at fixed specificity) capture
EMS relevance. Evaluation should examine subgroup
performance to identify potential fairness concerns,
e.g., stratified by DI patterns. Finally, global or lo-
cal explainable Al approaches address interpretabil-
ity and allow for assessing how DI-aware representa-
tions support predictions. The metrics recorded at this
stage form the basis for Stage 7 meta-analyses.

Stage 7 (Experiment Logging and Meta-
Analysis) ensures full reproducibility by logging and
versioning experimental configurations, artifacts, and
results across all stages. Experiment logging enables
the outlined systematic comparison of alternative DI-
handling strategies, facilitates ablation studies, and
supports meta-analyses of how data-quality decisions
influence downstream model behavior.
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Figure 3: Instantiation of the proposed data-centric pipeline for early sepsis prediction.

S EVALUATION

To demonstrate how the proposed DCP enables sys-
tematic, data-centric experimentation, we present a
case study that instantiates the DCP for early sep-
sis prediction during EMS care and is illustrated in
Figure 3. While the DCP supports multiple data im-
perfection types, this instantiation focuses exclusively
on missingness. The objective is to quantify the im-
pact of different missingness-handling strategies on
model performance under varying computational cost
constraints and missingness levels, which we define
as two complementary scenarios reflecting common
EMS research and deployment conditions:

1. Scenario 1 (Computational Cost Constraints):
In resource-limited settings, computationally ex-
pensive deep-learning imputation may be infeasi-
ble. We therefore examine how simple and costly
imputation strategies compare, and whether DI-
aware feature design can mitigate the need for
heavy preprocessing.

2. Scenario 2 (Missingness Levels): Because miss-
ingness levels vary widely across EMS encoun-
ters, we assess configuration performance under
low- and high-missingness conditions.

5.1 Pipeline Instantiation

Stage 0: The NEMSIS 2024 dataset forms the basis
for the analysis. For each encounter, the first 20 min-
utes of available vital sign recordings are extracted.
Encounters are included if the interval between the
first and last recorded vital is at least 20 minutes and at
least five timestamped measurement points fall within
this window?. Predictors include heart rate, respira-
tory rate, systolic blood pressure, and SpO.

Stage 1: The prediction task is defined as ICD-10-
coded sepsis at the emergency department.

2 A sensitivity analysis varying the minimum encounter
duration, window length, and minimum measurement count
is provided in the supplementary material.

Stage 2: The final cohort comprised 96,551 encoun-
ters (3,878 sepsis cases; 4.01% prevalence). Global
missingness rates for this cohort are 52.94% for sys-
tolic blood pressure, 47.23% for respiratory rate,
42.64% for SpO,, and 28.46% for heart rate. Further
outcome-stratified missingness statistics are reported
in the supplementary material.

Following the DCP, we vary two experimental dimen-
sions:

¢ Stage 3 - Imputation strategy: No imputation
versus LOCF? versus SAITS®.

* Stage 4 - Feature selection: Baseline statistical
aggregates (Base) versus missingness-derived ag-
gregates (Miss) versus the combined feature set
(Base+Miss).

Stage 5: We fix the model class to XGBoost, which
natively handles missing values. A complete feature
specification and logged hyperparameters are pro-
vided in the supplementary material.

Stage 6: We apply an 80/20 train-test split and, to op-
erationalize Scenario 2, quantify per-encounter miss-
ingness as the proportion of missing measurements
across all vital signs and time steps and divide the test
set into two subcohorts using the global median as the
split threshold. Predicted probabilities are converted
to binary decisions using F>-optimal thresholds, prior-
itizing recall due to the clinical importance of avoid-
ing missed sepsis cases. Given the low sepsis preva-
lence, we report AUROC as a threshold-independent
discrimination metric but emphasize AUPRC, recall,
precision, and F; as indicators of clinical utility. Each
evaluation metric is accompanied by stratified boot-
strap confidence intervals based on 1,000 resamples.
In addition to performance metrics, we quantified
the contribution of individual predictors by deriving
SHAP values.

3Missing values at the beginning of an encounter are
replaced with the encounter-level mean.

4Implementation of (Du et al., 2023): https://github.
com/WenjieDu/PyPOTS
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Table 1: Performance of XGBoost across experiments. Metrics are means with a 95% confidence interval. Decision thresholds
were optimized by maximizing the F; score. 'Imp’ denotes the applied imputation strategy. Analyses were conducted on the
full test cohort and on low- and high-missingness subcohorts. Within each subcohort, the best value for each metric is

indicated in bold.

Precision

Recall

12}

Specificity

0.122 (0.110-0.143)
0.136 (0.113-0.163)
0.098 (0.080-0.130)

0.604 (0.519-0.654)
0.525 (0.449-0.606)
0.498 (0.379-0.595)

0.337 (0.318-0.355)
0.331 (0.305-0.358)
0.272 (0.248-0.295)

0.818 (0.787-0.869)
0.856 (0.808-0.896)
0.806 (0.733-0.888)

0.139 (0.124-0.153)
0.149 (0.131-0.170)
0.122 (0.108-0.152)

0.576 (0.536-0.626)
0.600 (0.538-0.657)
0.612 (0.499-0.657)

0.353 (0.335-0.372)
0.372 (0.346-0.396)
0.338 (0.311-0.362)

0.851 (0.817-0.869)
0.854 (0.826-0.882)
0.816 (0.799-0.888)

0.148 (0.122-0.173)
0.151 (0.126-0.188)
0.148 (0.109-0.183)

0.537 (0.472-0.618)
0.559 (0.468-0.638)
0.527 (0.439-0.665)

0.349 (0.330-0.369)
0.360 (0.336-0.386)
0.343 (0.315-0.370)

0.868 (0.820-0.898)
0.864 (0.825-0.916)
0.868 (0.784-0.916)

0.042 (0.039-0.048)
0.047 (0.039-0.056)
0.042 (0.038-0.048)

0.887 (0.539-0.980)
0.706 (0.478-0.977)
0.885 (0.534-1.000)

0.176 (0.167-0.185)
0.182 (0.168-0.197)
0.175 (0.161-0.187)

0.151 (0.037-0.551)
0.376 (0.042-0.642)
0.152 (0.001-0.567)

0.128 (0.114-0.154)
0.138 (0.117-0.168)
0.107 (0.092-0.128)

0.598 (0.503-0.657)
0.549 (0.463-0.610)
0.509 (0.428-0.572)

0.344 (0.325-0.362)
0.342 (0.315-0.368)
0.289 (0.264-0.314)

0.828 (0.800-0.877)
0.853 (0.822-0.899)
0.822 (0.793-0.871)

0.134 (0.118-0.148)
0.140 (0.125-0.159)
0.133 (0.105-0.191)

0.567 (0.519-0.627)
0.611 (0.549-0.666)
0.531 (0.404-0.630)

0.344 (0.326-0.361)
0.365 (0.340-0.390)
0.328 (0.301-0.354)

0.846 (0.809-0.868)
0.841 (0.816-0.870)
0.852 (0.781-0.928)

Feature Set Subcohort Imp  Threshold AUROC AUPRC

Base Full No 0.0578  0.777 (0.763-0.791)  0.159 (0.141-0.177)
Base Low-miss No 0.0410  0.769 (0.749-0.789) 0.146 (0.125-0.171)
Base High-miss ~ No 0.0243  0.702 (0.677-0.726) 0.116 (0.098-0.139)
Base Full LOCF  0.0678  0.789 (0.776-0.803) 0.162 (0.145-0.180)
Base Low-miss LOCF  0.0642  0.805 (0.787-0.821) 0.181 (0.155-0.206)
Base High-miss LOCF  0.0524  0.774 (0.754-0.792) 0.148 (0.126-0.171)
Base Full SAITS  0.0754  0.788 (0.773-0.802) 0.174 (0.155-0.194)
Base Low-miss SAITS  0.0759  0.793 (0.774-0.811) 0.178 (0.152-0.207)
Base High-miss SAITS  0.0754  0.782(0.762-0.803) 0.174 (0.148-0.203)
Miss Full No 0.0356  0.539 (0.522-0.556)  0.055 (0.048-0.064)
Miss Low-miss No 0.0390  0.550 (0.525-0.574) 0.058 (0.047-0.070)
Miss High-miss ~ No 0.0342  0.528 (0.505-0.551)  0.054 (0.044-0.066)
Base+Miss  Full No 0.0625  0.786 (0.773-0.800) 0.166 (0.148-0.186)
Base+Miss Low-miss No 0.0510  0.779 (0.759-0.797) 0.163 (0.138-0.189)
Base+Miss High-miss ~ No 0.0269  0.720 (0.696-0.743)  0.122 (0.104-0.145)
Base+Miss  Full LOCF  0.0693  0.790 (0.777-0.803) 0.166 (0.148-0.184)
Base+Miss Low-miss LOCF 0.0654  0.803 (0.785-0.819) 0.173 (0.149-0.199)
Base+Miss High-miss LOCF  0.0675  0.773 (0.753-0.793) 0.158 (0.133-0.185)
Base+Miss  Full SAITS  0.0736  0.797 (0.783-0.811) 0.174 (0.156-0.193)
Base+Miss Low-miss SAITS  0.0703  0.806 (0.788-0.822) 0.178 (0.154-0.205)
Base+Miss High-miss SAITS  0.0795  0.787 (0.766-0.807) 0.172 (0.147-0.200)

0.149 (0.133-0.173)
0.148 (0.130-0.179)
0.157 (0.130-0.184)

0.568 (0.500-0.617)
0.616 (0.523-0.672)
0.520 (0.464-0.580)

0.362 (0.342-0.382)
0.376 (0.351-0.401)
0.354 (0.325-0.382)

0.863 (0.840-0.899)
0.849 (0.818-0.897)
0.882 (0.852-0.907)

Stage 7: Artifacts are logged at multiple stages, in-
cluding missingness statistics, feature sets, model hy-
perparameters, and evaluation metrics, which enable
the subsequent analysis.

5.2 [Evaluation Results

Model performance across all configurations and
missingness levels is summarized in Table 1, and de-
tailed results are provided in the supplementary ma-
terial. Regarding the two introduced scenarios, three
key findings emerge. The first two findings focus on
Scenario 1 while also reflecting missingness-level ef-
fects relevant to Scenario 2. The third finding ad-
dresses Scenario 2 explicitly.

(i) Comparing simple and computationally intensive
imputation suggests modest overall performance dif-
ferences, with SAITS consistently improving preci-
sion and performance under high missingness (e.g.,
Base-SAITS vs. Base-LOCF: precision 0.148 vs.
0.122, AUPRC 0.174 vs. 0.148). In the remaining
settings, confidence intervals largely overlap, indicat-
ing limited benefit despite the vastly higher computa-
tional cost of SAITS (LOCF: 0.33 seconds; SAITS
100-epoch training and imputation on an NVIDIA
RTX 6000 GPU: 1593.31 seconds).
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(ii) Comparing the relative effects of imputa-
tion (Base-LOCF, Base—-SAITS) and missingness-
derived features (Base+Miss—No) shows that impu-
tation is the primary driver of performance, par-
ticularly under high missingness. In the high-
missingness subcohort, Base+Miss—No improves
on the non-imputed baseline but remains limited
(AUPRC 0.122), whereas Base-LOCF and Base—
SAITS achieve higher AUPRC (0.148 and 0.174),
indicating that missingness-derived features do not
substitute for imputation when missingness is se-
vere. In the full cohort, Base+Miss—No (AUPRC
0.166) is below Base—SAITS (0.174) but comparable
to Base-LOCEF (0.162), suggesting that missingness-
derived features provide predictive signal and can
partially offset the absence of imputation. When
both strategies are combined, Base+Miss—LOCF im-
proves on Base—LOCEF in the high-missingness sub-
cohort (AUPRC 0.158 vs. 0.148; Precision 0.133 vs.
0.122). The SHAP analysis of Base+Miss—LOCF
(Appendix C) further indicates the contribution of
missingness-derived features, for example, by the fea-
ture heartrate_time_since_imperfect_mean, which cap-
tures the mean time since the last missing heart rate.
For Base+Miss—SAITS, the effect is smaller but is re-
flected in slightly higher AUROC and F,.
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(iii) Across all configurations, performance is consis-
tently higher in the low- than in the high-missingness
subcohort (e.g., Base+Miss—No: AAUPRC = +0.041
and AF; = 40.053), confirming that missingness re-
mains a key limiting factor to model performance, re-
gardless of the handling strategy.

6 DISCUSSION

The proposed pipeline for prehospital ML provides
a systematic structure for characterizing, handling,
and leveraging DI. Beyond its conceptual organiza-
tion, the pipeline provides practical experimentation
benefits by making DI handling decisions explicit,
testable, and attributable. This section discusses the
research questions and future work.

The DCP addresses the first research question by
regarding DI, which includes missingness, plausibil-
ity violations, and irregularity, as first-class experi-
mental entities. Stage 2 of the pipeline enforces ex-
plicit DI characterization, providing insights into pat-
terns that are otherwise difficult to consider in mul-
tivariate time-series. This characterization allows to
tackle DI in Stages 3 and 4 by testing alternative
preparation strategies and incorporating DI-derived
representations, thereby enabling models to lever-
age workflow- or physiology-dependent patterns. In
contrast to general process models (Studer et al.,
2021; Fayyad et al., 1996), which position DI exclu-
sively within data cleaning, the DCP turns DI types
into explicit, traceable variables and enables down-
stream assessment of whether DI patterns contain
clinically relevant signals. The instantiation validates
the pipeline’s feasibility by allowing us to isolate the
relative effects of imputation and missingness-derived
features under fixed modeling conditions, to assess
their interaction across missingness regimes, and to
quantify cost—performance trade-offs. The evalua-
tion demonstrates that DI-derived features contribute
a consistent but modest complementary signal along-
side physiological features, and that the benefits of
imputation become particularly visible under high-
missingness conditions, insights made possible pre-
cisely because DI-related decisions were defined, iso-
lated, and tracked.

The second research question concerns the archi-
tectural properties of the DCP. Systematic experimen-
tation is enabled by the eight-stage decomposition of
the DCP, which exposes design decisions at each step
and opens up a structured multidimensional space.
The instantiation explored a 3x3 configuration grid,
yielding 7 valid configurations, as the Miss-only fea-
ture set does not require imputation. Although this

is only a small subset, the pipeline structure ensured
that all configurations were directly comparable, en-
abling interpretable differences in model behavior to
be attributed to data-centric choices rather than model
variance. Reproducibility is supported by Stage 7,
which mandates explicit logging of configurations, DI
characterization outputs, preprocessing artifacts, and
model parameters. The instantiation illustrates how
this logging supports meta-analysis of DI-handling
strategies and prevents the silent propagation of DI-
related assumptions, which is a common challenge in
generic pipelines (Jarrahi et al., 2023). The DCP is
data-centric by design, with early stages focusing ex-
clusively on data rather than models, and with sys-
tematic profiling, representation, and propagation of
DI rather than filtering it away. The evaluation also
incorporated a missingness-stratified analysis, which
indicated that higher levels of missingness may con-
strain model performance.

Several limitations remain. The DCP currently fo-
cuses on uniform-timestamp missingness, plausibil-
ity violations, and irregularity. Additional classes,
such as inter-series discrepancy (e.g., (Zhang et al.,
2023)), should be incorporated to better capture the
complexity of real-world prehospital data. Further-
more, the instantiation explores only a small subset of
the DCP’s experimental space and focuses on miss-
ingness. Notably, a large instantiation and complete
evaluation of the DCP is beyond the scope of a single
study. The DCP is designed to support progressively
expanding evaluations as the research community ac-
cumulates domain insights and additional datasets.
Future work will incrementally validate the feasibil-
ity and utility of the DCP through broader experi-
mentation. Important next steps include incorporat-
ing domain-informed plausibility rules and utilizing
sequence models, which may uncover more substan-
tial DI-related effects with fine-grained temporal de-
tails. Likewise, validation across datasets and out-
comes will be essential to advance ML-driven early
warning in prehospital emergency care.

Finally, although designed with EMS in mind,
the DCP is conceptually applicable to any ML set-
ting involving imperfect time-series data, including
wearables and remote monitoring. Its systematic DI-
centric structure offers a foundation for developing
robust, transparent, and clinically meaningful models
across diverse real-world data environments.

7 CONCLUSIONS

This paper introduces a customizable data-centric ex-
perimentation pipeline for prehospital machine learn-
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ing that treats data imperfection as a first-class ex-
perimental variable. The pipeline structures time-
series experimentation into explicit, traceable stages
and highlights data-quality decision points to sup-
port systematic, reproducible exploration. We in-
stantiated the pipeline for early sepsis prediction on
the NEMSIS 2024 dataset to validate its feasibility
to facilitate systematic, data-centric experimentation.
Two experimental dimensions were examined: impu-
tation strategy and missingness-derived features. The
evaluation insights showed that missingness-derived
features contribute modest but complementary gains
when combined with physiological information, im-
putation yields measurable performance improve-
ments, and missingness remains the main limiting
factor to performance. Overall, the proposed data-
centric pipeline enables explicit examination of data-
quality trade-offs and can guide the design of robust,
reproducible, and clinically meaningful early warning
models. Future work will extend data-centric experi-
mentation to additional imperfection types, handling
strategies, modeling paradigms, and EMS datasets.
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APPENDIX

A. Supplementary Material (Online)

All materials are available on our Open Sci-
ence Framework page: https://osf.io/ke8sy/overview?
view_only=86488bba2f764c78bc12d3afd44efSec

B. Overview of Representative
Prehospital Machine Learning Studies

A summary of representative prehospital studies is
provided in Table 2.
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Table 2: Overview of utilized temporal resolutions, modeling approaches, prediction targets, and data imperfection handling

in EMS deterioration prediction studies.

Di i Topic

Representative studies

Temporal resolution Single timepoint

Time-series

(Abe et al., 2022; Bourke-Matas et al., 2024; Chen et al., 2024; Choi et al., 2022b; Hasan et al., 2022; Hayashi et al., 2021;
Kang et al., 2020; Kauppi et al., 2025; Kim et al., 2018; Kitano et al., 2023; Larsson et al., 2021; Lindskou et al., 2023;
Majouni et al., 2025; Marsden et al., 2025; Nederpelt et al., 2021; Phimphisan et al., 2025; Shirakawa et al., 2020; Takeda
et al., 2022; Tamminen et al., 2021)

(Krafft et al., 2025; Liu et al., 2014; Ward et al., 2025; Weidman et al., 2025)

Logistic Regression
Modelling approach Gradient Boosting

Random Forest

Support Vector Machine
Deep Learning

(Abe et al., 2022; Bourke-Matas et al., 2024; Choi et al., 2022b; Hayashi et al., 2021; Kauppi et al., 2025; Kim et al., 2018;
Kitano et al., 2023; Krafft et al., 2025; Lindskou et al., 2023; Shirakawa et al., 2020; Takeda et al., 2022; Ward et al., 2025)
(Abe et al., 2022; Chen et al., 2024; Choi et al., 2022b; Hasan et al., 2022; Hayashi et al., 2021; Kauppi et al., 2025; Kitano
et al., 2023; Majouni et al., 2025; Shirakawa et al., 2020; Takeda et al., 2022; Ward et al., 2025; Weidman et al., 2025)
(Abe et al., 2022; Hayashi et al., 2021; Kim et al., 2018; Kitano et al., 2023; Majouni et al., 2025; Shirakawa et al., 2020;
Takeda et al., 2022; Tamminen et al., 2021; Ward et al., 2025)

(Abe et al., 2022; Hasan et al., 2022; Hayashi et al., 2021; Majouni et al., 2025; Takeda et al., 2022)

(Kang et al., 2020; Kim et al., 2018; Liu et al., 2014; Nederpelt et al., 2021; Phimphisan et al., 2025; Shirakawa et al.,
2020)

Short-term mortality

ICU admission / escalation
of care

Time-critical diagnoses
Lifesaving interventions

Prediction target

(Kauppi et al., 2025; Lindskou et al., 2023; Tamminen et al., 2021; Ward et al., 2025)

(Bourke-Matas et al., 2024; Chen et al., 2024; Kang et al., 2020; Kauppi et al., 2025; Phimphisan et al., 2025; Tamminen
etal., 2021; Ward et al., 2025)

(Abe et al., 2022; Choi et al., 2022b; Hayashi et al., 2021; Kitano et al., 2023; Marsden et al., 2025; Takeda et al., 2022)
(Liu et al., 2014; Nederpelt et al., 2021; Phimphisan et al., 2025; Weidman et al., 2025)

Complete-case analysis

Mean / Median imputation
DI handling Multiple imputation
Model-native handling
Informative missingness
Outlier filtering

(Kim et al., 2018; Larsson et al., 2021; Tamminen et al., 2021)

(Abe et al., 2022; Choi et al., 2022b; Kang et al., 2020; Majouni et al., 2025; Nederpelt et al., 2021; Phimphisan et al.,
2025)

(Bourke-Matas et al., 2024; Hasan et al., 2022; Hayashi et al., 2021; Kitano et al., 2023)

(Chen et al., 2024; Marsden et al., 2025; Shirakawa et al., 2020)

(Shirakawa et al., 2020; Ward et al., 2025; Weidman et al., 2025)

(Larsson et al., 2021; Phimphisan et al., 2025)

C. SHAP Summary Plot of the

High
Base+Miss—-LLOCF Model o2t fist
heartrate_last
Figure 4 presents the SHAP summary plot for the sbp_first
Base+Miss—LOCF configuration in the test cohort. o2sat_meap)
heartrate_max
o . heartrate_median
D. Abbreviations S
heartrate_q3
Table 3 summarizes all abbreVIatlonS used m the pa‘ heartrate_time_since_imperfect_mean
per for reference. sbp_min
sbp_mean
.. . t
Table 3: Abbreviations used in the paper. i
sbp_last
Acronym Meaning heartrate_q1 °
3
Al Artificial Intelligence heartrate_mean %
AUROC Area Under the Receiver Operating Characteristic Curve sbp_max E
AUPRC Area Under the Precision-Recall Curve - 8
CRISP-ML(Q)  Cross-Industry Standard Process for ML (with Quality) heartrate_skew
DCP Data-Centric Pipeline heartrate_iqr
DI Data Imperfection
eCART Electronic Cardiac Arrest Risk Triage (FDA-cleared EWS) resprate_max
ECG Electrocardiography o2sat_coefvar
EMS Emergency Medical Services heartrat 5
EWS Early Warning Score eartrate_coefvar
FDA U.S. Food and Drug Administration heartrate_kurtosis
F, F, score (recall-weighted F-measure) sat sk
GPU Graphics Processing Unit ozsatskew
GRU Gated Recurrent Unit resprate_time_since_non_imperfect_std
GRU-D GRU with Decay sbp_skew
ICD-10 International Classification of Diseases, 10th Revision -
Icu Intensive Care Unit hour_cos_mean
KDD Knowledge Discovery in Databases resprate_time since_imperfect mean
LOCF Last Observation Carried Forward .
LSTM Long Short-Term Memory resprate._kurtosis
MCAR Missing Completely At Random sbp_ql
MAR Missing At Random
MNAR Missing Not At Random o2sat_g3
ML Machine Learning Low

-1.0 -0.5 0.0 0.5 10
SHAP value (impact on model output)

Figure 4: SHAP summary plot for the Base+Miss—LOCF

NEMSIS National EMS Information System

SAITS Self-Attention-based Imputation for Time Series
SHAP SHapley Additive exPlanations

SpO, Peripheral oxygen saturation

XGBoost Extreme Gradient Boosting

configuration in the full test cohort, depicting the relative

importance and direction of influence of the 20 most con-
tributory features.
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