A study on intensive care early event prediction:
How well do clinicians perform against AI?
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Abstract

Machine learning models show strong capability in predicting impending organ
failure by integrating high-volume dynamic patient data, but whether they can
outperform clinicians is uncertain. Here, we compare the performance of ICU
clinicians in predicting imminent circulatory and respiratory failure with previ-
ously published machine learning models. Our early results indicate that machine
learning models deliver notable gains relative to clinicians and can meaningfully
complement clinician judgment to potentially enhance patient care.

1 Introduction

Organ failure is a frequent and life-threatening complication in critically ill patients. Mortality is
high: 30-50% for acute respiratory failure [[1] and up to 50% for circulatory failure [2} 3]. Thus,
these patients require an intensive care unit (ICU) stay, where continuous monitoring of organ
function parameters allows early detection of deterioration and timely initiation of appropriate
interventions [2].

ICU clinicians intermittently re-evaluate patients to determine whether any medical intervention is
needed. In addition, ICUs are equipped with continuous monitoring systems that trigger alerts when
predefined physiological thresholds are surpassed. While these threshold-based alarms are designed
to draw clinicians’ attention to potential deterioration, they often generate excessive number of alerts,
many of which are false positive or clinically non-actionable, contributing to alarm fatigue. This
desensitization of caregivers against alarms may hinder timely clinical-decision-making by obscuring
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clinically relevant alarms [4} 5]]. One promising approach is the integration of machine learning (ML)
models to generate intelligent alarm algorithms [5]]. For example, Hyland et al. [6] developed an
early-warning system for circulatory failure, reducing alarm frequency up to 80 times compared to
standard threshold-based systems.

ML-based alarm systems analyze continuously evolving patient data and integrate them in a prediction,
triggering a warning before patients’ deterioration [5]. Particularly in the data-rich environment
of the ICU, such ML-models hold high potential for improving both patient care and resource
management. Interest in ML-based predictive tools has grown rapidly in recent years, especially in
the early detection of complications such as circulatory [6], respiratory [7, |8]], renal failure [9H11],
and sepsis [[12], as well as mortality prediction [11] and forecasting the length of ICU stays [13].
Such models are predominantly trained and validated on large open-source retrospective datasets
(81105114, [13]. However, their predictive performance often declines when applied to prospectively
collected clinical data and new patient cohorts, raising concerns about their generalizability [[10} [15].
Furthermore, only a few studies discuss the real-world implementation of these algorithms in clinical
practice or assess their impact on patient outcomes [[13| [16]]. We are only aware of one study that
directly compared the predictive accuracy of ML models against that of ICU clinicians in forecasting
organ failure risk [17]. Additionally, few studies have looked into how ML predictions need to be
presented to clinicians to best fit their needs [18]].

This study aims to assess the ability of ICU clinicians to predict the risk of impending organ failure
and to compare it to the performance of previously published ML-based risk prediction models.
The findings of this study provide new evidence for the clinical utility of ML-based risk scores and
support further research aimed at optimizing intelligent alarm systems for routine healthcare use.

2 Study Design and Methods

We conducted an observational single-center prospective cohort study between November 2024 and
April 2025 in the interdisciplinary adult ICU of University Hospital Bern (Inselspital) in Switzerland
with 393 admissions.

Study population: All adult patients (>18 years) admitted as emergency cases with invasive blood
pressure monitoring were eligible. Exclusion criteria were refusal of secondary data use, primary
neurologic admission, mechanical circulatory support or extracorporeal membrane oxygenation, and
end-of-life care. For re-admissions, only the first ICU stay was included.

Objectives: The primary objective was to evaluate how accurately ICU physicians predict imminent
circulatory failure within the 8-hour prediction horizon, compared with ML models. Circulatory
failure [6] was defined as arterial lactate >2 mmol/L with either mean arterial pressure <65 mmHg
or use of vasopressor/inotrope. Secondary objectives included prediction of respiratory failure (P/F
ratio <200 mmHg) within the 24-hour prediction horizon [7]].

Clinicians’ assessments: Structured risk assessment questionnaires (Appendix [B)) were completed
by the patients’ treating physicians at randomized time points during the first 72 hours after admission
to the ICU. The clinicians had the option of clinically reassessing the patient prior to filling out the
questionnaires. The evaluations covered all shifts and weekdays. Participants included residents,
attendings, and senior ICU physicians. Each prediction consisted of a binary estimate of the occur-
rence of organ failure, plus a self-reported confidence score. These were combined into a probability
estimate (0—100%). Assessments had to be completed within one hour of notification.

Machine learning predictions: Each provided clinician assessment was paired with the prediction by
a task-specific trained ML model, where model inputs are derived from routinely collected data such
as vital monitors, laboratory tests and administered treatments extracted from the EPIC electronic
health record (EHR) data management system. For circulatory failure, we reproduce the CircEWS
(Gradient-Boosted-Tree-based [[19]) model proposed by Hyland et al. [6]]. For respiratory failure,
we follow the modeling approach of Hiiser et al. [7] who introduced RMS (Respiratory Monitoring
System). In both cases, we rely on a “light” version of the model as proposed by the authors, which
reduces the variable set considered for the model input and hence is anticipated to be more robust
against distribution shifts [20].

We retrained both predictors on the HiRID-II [[7] dataset, an update to the original HiRID [21]] dataset,
containing patient admissions from 2008 to 2019 with over 55,000 admissions. We use identical data



processing, annotation, and hyperparameter configurations as proposed by the published models and
validate their performance on the HiRID-II dataset (Appendix Fig.[2). The study cohort was purely
used for evaluation purposes. Given the temporal shift and the shift in the patient population (the study
considered only emergency patient admissions while the training set incorporates intermediate care
patients) between the training set and the study set, we observed a slight decrease in performance (see
Appendix Fig. 2] A-B). The circulatory predictor is well calibrated and maintains this property also on
the study evaluation set (Appendix Fig.[2]C). The respiratory predictor shows strong calibration on a
hold-out test set of the training distribution (from the HiRID dataset) but shows slight overconfidence
on the study dataset (Appendix Fig.[2|D).

Calibrating human risk assessments: Human expert annotations are expensive to obtain, especially
in a high-stake environment such as intensive care. After collecting assessments from 64 participating
physicians, we obtained a total of 3,145 time steps with assessments, which was filtered down to
2,327 when removing assessments performed during an annotated event, but only around 100 and 200
positively labeled early event prediction time steps for circulatory and respiratory failure, respectively
(assessment was performed within the prediction horizon of the event). Hence, there were only few
(in the tens) assessments provided by each clinician (see Appendix Fig.[3). The challenging part is
that the clinicians are not calibrated against each other, each clinician has different confidence levels
and sensitivity to observed signals. Pooling assessments from all clinicians might underestimate the
true collective discriminative power of clinicians due to the misalignment of their confidence levels.
We provide an overview of our current score alignment approach in Appendix [C]

3 Results

Comparing ML and clinician risk assessments: The ML model, CircEWS, demonstrated substan-
tially superior discriminative performance compared to treating physicians in predicting circulatory
failure (Fig.[I] A). CircEWS achieved an area under the receiver operating characteristic curve (Au-
ROC) of 0.843, while treating physicians achieved an AuROC of 0.634, representing over 20%
improvement in discriminative ability (p < 0.001 using DeLong’s test [22], we observe similar
significance levels when accounting for clustering effects on patients or physicians [23]]). For respira-
tory failure prediction, we observed a similar pattern albeit with a smaller performance differential
(Fig.[[]C). The RMS model achieved an AuROC of 0.743 compared to 0.586 for treating physicians,
representing over 15% improvement (p < 0.001 using DeLong’s test).

Impact of Clinician Score Alignment: To address potential heterogeneity in clinician confidence
calibration, we applied our monotonic alignment algorithm (Appendix [C) to harmonize risk assess-
ments across physicians. This alignment procedure significantly improved the collective predictive
performance of clinicians (Fig.[T|D-E). For circulatory failure, the aligned physician scores achieved
an AuROC of 0.706, representing an almost 7% improvement over the raw pooled assessments (0.634)
and notably reduced the performance gap with the ML model but still being outperformed with a
statistically significant margin (p < 0.001). Individual physician performance, when averaged across
clinicians, was 0.650, suggesting that pooling without alignment underestimates collective clinical
judgment. For respiratory failure, alignment showed modest gain, with aligned scores achieving an
AuROC of 0.615 compared to 0.586 for raw assessments and 0.568 for mean individual physician
performance.

Temporal Dynamics of Predictive Performance: We evaluated model and clinician performance
across different prediction horizons to understand how temporal proximity to events affects predictive
accuracy (Fig.[T|F-G). For circulatory failure at a matched precision of 0.10 (clinicians do not achieve
considerably higher precision at any threshold, never above 0.20), the ML model achieved high recall
further away from the event and increases to a 100% recall closer to the event. Meanwhile, clinicians
showed high recall (expected at low precision) but with higher variance when bootstrapping across
patients and unstable detection performance as we approach the event, suggesting no performance
improvement with proximity to the event. For respiratory failure, the clinicians could achieve higher
levels of precision and we matched ML model and clinicians at a fixed 0.50 precision. At this
precision level, we saw a clear trend of improvements in recall for the ML model. The clinicians
showed a slight increase in mean recall, but the variance observed across patient bootstraps suggests
that this is not significant. We noticed that for patients with at least one failure event, clinicians
could match the ML model in specificity at matched recall (sensitivity) for respiratory failure. This
indicates that both the ML model and the clinician have a similar false alarm rate for critical patients
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Figure 1: A) Study setup, comparing sparse clinician assessments against matched time point ML
scores. Positive 1 labels are within the prediction horizon of a failure event and negative labels
(stable) 0 are outside the prediction horizon of upcoming events. B) Circulatory failure assessments
comparing CircEWS [6] against treating physicians. C) Respiratory failure assessments comparing
RMS [7] against treating physicians. D) Circulatory failure assessments comparing CircEWS against
individual physicians and aligned physician scores. E) Respiratory failure assessments comparing
RMS against individual physicians and aligned physician scores. F/G) Circulatory/respiratory failure
comparing binary assessments by physicians with ML predictions at matched precision over different
prediction horizons (left plot); specificity at matched recall split by patients experiencing at least one
or no failure event during their stay.



outside the event horizon, but the ML model better captures the signs of impending failure events and
can still improve detection performance close to the event.

4 Discussion

Model Generalization to Study Cohort: Despite the temporal distribution shift between the training
data (2008-2019) and the prospective study period (2024-2025), both ML models maintained robust
performance (Appendix Fig.[2] A-B). CircEWS showed excellent calibration on the study cohort,
while RMS exhibited slight overconfidence but retained strong discrimination (Appendix Fig. [2]
C-D). These results support the generalizability of the ML models to recent ICU populations, albeit
trained on historical data. However, we invested significant effort in meticulous data extraction,
preprocessing, and alignment across the two datasets to ensure robust performance transfer. More
robust and scalable models will facilitate the development of ML models for deployment [24].

Localizing risk: We hypothesize that clinicians tend to form baseline risk estimates rather than tem-
porally localizing imminent risk, which may explain the relatively constant performance irrespective
of proximity to the event.

Conclusion: The observed performance gaps have important clinical implications. While prior
works [6}[9}[7]] have established retrospectively that ML models can have strong early event prediction
performance in intensive care, our preliminary study results suggest that they might meaningfully
complement clinicians by raising awareness of acute deterioration in patients at risk of organ failure.
We further anticipate to develop deeper insights on how ML models should provide predictions and
what exactly they should predict to optimally complement the clinicians’ existing discriminative
capabilities.
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B Risk Assessment Questionnaire for Clinicians

No. | Question [Options for answers]

1 Treating or non-treating clinician? [treating, non-treating]

2 Was an additional clinical assessment of the patient performed, and if so, how was it conducted?’
[bedside, Epic (EHR) only, no additional assessment]

3 When was the patient last clinically assessed? [now, 15-30 min, 30-60 min, >1 hour]

4 Will the patient experience circulatory failure according to the study definition in the next 8 hours?
[yes, no]

5 How confident are you in your above assessment regarding circulatory failure? [0-100]

6 Will the patient experience respiratory failure according to the study definition in the next 24 hours?
[yes, no]

7 How confident are you in your above assessment regarding respiratory failure? [0-100]

g What is the estimated survival time of this patient since admission to the intensive care unit? [<28
days, 1-6 months, 6-12 months, >1 year]

9 ‘What were the two most important clinical variables considered in your prediction of circulatory
failure?

B.1 Clinician scores

Clinicians provided binary predictions (yes/no) with confidence scores (0-100%). These were
converted to probabilities: P(failure) = 0.5 £+ 0.5 x (confidence/100) , where the sign depends
on the binary prediction. For example, "yes" with 80% confidence yields 0.9, while "no" with 60%
confidence yields 0.2. The alignment procedure (Appendix [C) further harmonizes scores across
clinicians.

C Calibration and Score Alignment

To fix the underestimation of the discriminative power of a collective of clinicians, the risk assessments
provided by clinicians must be aligned. This could be achieved by treating each clinician like a
separate prediction model and applying common calibration techniques. However, we quickly
discovered that due to the small set of labels and especially very scarce number of positive labels
(many clinicians even without an assessment of a positive label) common calibration methods such
as Platt-scaling [25]] or isotonic regression [26]] are impractical to apply. We are actively researching
this challenging risk score alignment problem and share our current framework for aligning the
scores of different clinicians. To avoid using (scarce) labels for calibration, we propose to use the
machine learning risk scores as a shared target space for aligning clinicians (note that we show the
model itself is well-calibrated). This avoids degenerated solutions for clinicians with very few to
no positively labeled assessments and provides a calibrated shared space to align the scores from
different clinicians. We use Powell’s optimization algorithm [27] to fit a monotonically increasing set
of scores for each clinician, minimizing the mean absolute error against the machine learning model’s
predicted probabilities.

C.1 Mathematical Formulation

LetC = {1,..., K} denote the set of K clinicians. For each clinician ¢ € C, we observe:
« A set of annotations a© = {a{”, ... a{?} where o € [0, 1] represents the risk assess-

ment for patient ¢



« Corresponding model predictions m(® = {m{?, ... m'} where m\ € [0, 1]
Our goal is to find a monotonic transformation function f. : [0, 1] — [0, 1] for each clinician c that
aligns their annotations to the model’s probability space. Due to the discrete nature of clinician
annotations, we parameterize f. by learning transformed values for each unique annotation level for
a given clinician c.

Letul® = {u@, e ,u(LCB} be the sorted unique annotation values for the clinician ¢, where ugc) <
ul << u(LCC) We seek to learn transformed values () = {@{"), . . ,ﬂ(LCC)} such that:

a®* = argmin MAE(a'®, m(®) subject to: (1
ale) efo,1]Le

a” <ay) <...<a@l?  (monotonicity) )

0<a? <1 Vje{l,...,L} (bounded) 3)

where the mean absolute error is computed as:

ne

1 : .
MAE(@®, m®) = — 371! - —m 4
@O m) = 3 Jiyo, ~ 4)
and [ (agc)) maps the annotation a,gc) to its corresponding index in u(®).
C.2 Algorithm Overview
Algorithm 1 Monotonic Alignment of Clinician Annotations
Require: Dataset D with annotations, model scores, and clinician IDs
Ensure: Aligned annotations for all clinicians
1: Initialize Dyiignea < D with empty aligned annotation column
2: C < unique clinician IDs in D
3: for each clinician ¢ € C do
4: D, <+ subset of D for clinician ¢
5: a'® « annotations from D,
6: m(® « model scores from D.
7: Sort pairs (a(®, m ) by annotations
8: u(® + unique sorted values from a‘®
9: Create index mapping: I; < index of agc) in ul®
10: Initialize: ﬁgfb)” +—ul® > Use original values as initial guess
11: Define objective:

J(@©) = {1 S \ﬁ(lf) —m{9| if constraints satisfied

Nec

00 otherwise

o)

init

12:  Optimize: G®* < Powell(J,

13: for each sample i in D, do

14: Datigneali]-aligned_annotation <— 115?*
15: end for

16: end for

17: return Dyjigned

C.3 Implementation Details

The optimization problem is solved using Powell’s conjugate direction method [27]], which is
derivative-free and suitable for our constrained optimization setting. The monotonicity constraint is
enforced within the objective function by returning an infinite cost when violated. This approach
ensures that:
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Figure 2: A/B) Model performance for circulatory/respiratory failure on the test set of the training
source (HiRID-II [7]) and the study evaluation dataset extracted from the EPIC electronic health
record system in use at the study center, which was not used for training. C/D) Model calibration
of the circulatory/respiratory failure predictor on the training source (HiRID-II [7])) and the study
evaluation dataset extracted from the EPIC electronic health record system.
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Figure 3: Assessment Distribution Number of assessments (labels) per participating treating
physician during periods which were included in the final analysis (e.g. outside of failure events)

1. Each clinician’s ranking of patients is preserved (monotonicity)

2. The transformed scores are aligned with the well-calibrated model predictions
3. No ground truth labels are required for the alignment process

4. Clinicians with few assessments can still be effectively aligned

The mean absolute error (MAE) is chosen over mean squared error (MSE) as it is more robust to
outliers.
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