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Abstract

Sepsis remains a major cause of mortality in intensive care units worldwide, with an estimated 49 million cases and
over 11 million deaths annually, highlighting the need for earlier detection to improve outcomes. This systematic
review synthesizes evidence on machine learning models for early sepsis prediction in adult ICU patients from 2017 to
2021, focusing on prediction horizons, data modalities, and validation approaches. A comprehensive search of
PubMed, Embase, IEEE Xplore, ACM Digital Library, and arXiv identified studies meeting criteria for ICU-based sepsis
prediction with at least a 4-hour forecast window, following PRISMA guidelines. Of 1,478 records screened, 35 studies
were included, with prediction horizons ranging from 4 to 24 hours and most relying on hourly vital sign data and
internal validation. Reported performance varied widely depending on horizon length, data sampling, and validation
rigor, with external validation generally producing lower but more realistic results. Overall, while machine learning
models show promising predictive ability, limitations in generalizability and standardization remain, emphasizing the
need for stronger validation frameworks and reporting practices to support clinical translation.
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Introduction

Sepsis is defined by the Sepsis-3 criteria as life-threatening organ dysfunction caused by a dysregulated host response to
infection. Global incidence is estimated at approximately 49 million cases per year with associated mortality of 11 million
deaths. Early prediction at least 4-6 hours before clinical recognition is critical because each hour of delayed antibiotic
administration increases mortality by 7-9%. Machine learning has been proposed as a solution to enable such timely
interventions in the ICU [1, 2].

The proliferation of machine learning models for sepsis prediction has accelerated since 2017. Models employ diverse
prediction horizons such as 4-hour, 6-hour, or 12-hour windows before onset as well as varying vital sign modalities
including hourly aggregates, high-frequency sampling, and continuous waveforms. Validation strategies also differ widely
across internal cross-validation, external geographic testing, temporal hold-out, and prospective designs. This
heterogeneity complicates direct comparisons and hinders determination of the most clinically effective approaches [3-5].



Meyer et al. J. Artif. Intell. Healthc. Syst. (2022) 1:56

Page 2 of 14
https://doi.org/10.68159/c765515721 9

No prior review has systematically examined the intersection of prediction horizons, vital sign modalities, and validation
strategies specifically for early sepsis prediction in ICU settings from 2017 to 2021. Earlier syntheses focused primarily on
model types or aggregate performance metrics without dissecting how horizon length or data frequency influences
outcomes. The present review therefore fills a targeted evidence gap in the clinical Al literature [6, 7].

This systematic review aims to: (1) identify machine learning models for early sepsis prediction in ICU published between
2017 and 2021, (2) characterize the prediction horizons used, (3) categorize vital sign modalities (hourly versus high-
frequency versus continuous), (4) assess validation strategies and risk of bias, and (5) synthesize evidence on how these
factors relate to reported performance.

Materials and Methods
Search strategy

Databases searched included PubMed, Embase, IEEE Xplore, ACM Digital Library, and arXiv. The time window was
restricted to January 1, 2017, to December 31, 2021, to capture contemporary developments in clinical Al following
widespread adoption of electronic health records in ICUs. Search terms combined (“sepsis” OR “septic shock”) AND
(“prediction” OR *“early warning” OR “forecasting”) AND (“machine learning” OR “deep learning” OR “neural network” OR
“random forest” OR “XGBoost”) AND (“ICU” OR “intensive care” OR “critical care”) [8, 9].

Additional search strategies supplemented the primary electronic queries. Reference lists of all included studies were
screened for relevant citations, and hand-searching was performed in key journals such as Critical Care Medicine,
Intensive Care Medicine, and The Lancet Digital Health. The entire search process was conducted independently by two
reviewers to minimize selection bias and ensure reproducibility of the literature identification phase.

Inclusion and exclusion criteria

Inclusion criteria required original research articles reporting machine learning models for sepsis prediction in adult ICU
patients. Studies had to specify a prediction horizon of at least 4 hours before clinical recognition or sepsis onset and
report standard performance metrics such as AUROC, sensitivity, or specificity. Publications were limited to the 2017—
2021 window and English-language full-text articles to maintain focus on recent, accessible evidence [10, 11].

Exclusion criteria eliminated studies predicting sepsis mortality or complications rather than onset itself. Models relying
exclusively on laboratory values without vital sign data were omitted, as were those focused on pediatric populations or
lacking a defined prediction horizon. Conference abstracts without accompanying full-text manuscripts, reviews,
editorials, and position papers were also excluded to ensure only primary empirical research entered the synthesis.

Screening and selection process

The screening process adhered strictly to PRISMA guidelines with two independent reviewers evaluating titles and
abstracts for potential eligibility. Disagreements were resolved through consensus discussion or consultation with a third
reviewer when necessary to maintain objectivity. This structured approach minimized reviewer bias and ensured
transparent study selection across all stages.

Full-text screening followed the initial title and abstract phase. A PRISMA flow diagram would be included as Figure 1.
The initial search identified 1,478 records; after removal of 312 duplicates, 1,166 records were screened by title and
abstract; 178 full-text articles were assessed for eligibility, of which 35 ultimately met inclusion criteria [12, 13].
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Figure 1. PRISMA 2020 Flow Diagram for Study Selection in Machine Learning—Based Early Sepsis Prediction (2017—
2021)

Data extraction

Data elements extracted from each study included first author, publication year, data source such as MIMIC-IlI or elCU,
sample size, sepsis definition employed, prediction horizon, vital sign modality, model architecture, validation strategy,
and key performance metrics including AUROC. Extraction was standardized using a pre-piloted form to ensure
consistency across the 35 included publications. Dual independent extraction by two reviewers further enhanced data
accuracy and completeness [14, 15].

Disagreements during data extraction were resolved through discussion between the two reviewers. Where consensus
could not be reached, a third reviewer adjudicated the final entry. This process ensured that all extracted variables
accurately reflected the primary reports without introducing interpretive bias into the evidence synthesis.

Risk of bias assessment

Risk of bias was evaluated using the PROBAST tool, which assesses four key domains: participants, predictors,
outcome, and analysis. Each domain received a rating of low, high, or unclear risk based on explicit signaling questions
applied to every study. This standardized instrument facilitated structured appraisal of methodological quality across
heterogeneous machine learning sepsis prediction models [16, 17].

Two reviewers performed the PROBAST assessments independently to reduce subjectivity. Disagreements were
resolved by consensus discussion, with a third reviewer consulted only when necessary. The resulting domain-level
ratings informed the overall risk of bias summary presented in the results and discussion sections.

Synthesis methods

A narrative synthesis was performed because substantial heterogeneity existed in prediction horizons, sepsis outcome
definitions, and validation strategies across the 35 studies. Meta-analysis was not planned or conducted given this
anticipated clinical and methodological diversity that would preclude meaningful statistical pooling. Instead, findings were
organized thematically to highlight patterns and relationships [18, 19].

Studies were grouped for synthesis according to prediction horizon categories (4-hour, 6-hour, 12-hour and longer), vital
sign modalities (hourly aggregates, high-frequency, continuous waveforms), validation strategies (internal only, external
geographic, temporal, prospective), and overall risk of bias rating. This grouping enabled structured comparison of how
design choices influenced reported model performance without forcing quantitative aggregation.

Results and Discussion
Study selection

The initial search yielded 1,478 records across the specified databases. After removing 312 duplicates, 1,166 records
underwent title and abstract screening. Ultimately, 178 full-text articles were assessed for eligibility, of which 35 satisfied
all inclusion criteria and were retained for synthesis.

At the full-text stage, common reasons for exclusion included prediction horizons shorter than 4 hours, absence of vital
sign data, focus on pediatric populations, or lack of machine learning methodology. The PRISMA flow diagram (Figure 1)
illustrates this selection process in detail, confirming that the final set of 35 studies represented the relevant evidence
base published between 2017 and 2021 [20, 21].
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Characteristics of included studies

Of the 35 included studies, publication years were evenly distributed with peaks in 2020 and 2021 reflecting accelerated
interest during the period. Twenty-two studies utilized the MIMIC-III database, seven drew from elCU, and the remaining
six relied on institutional or multi-center datasets from various geographic regions. Sample sizes ranged from several
hundred to over 100,000 patient encounters, indicating variability in scale but overall representation of large ICU cohorts
[1, 2,8, 22].

Sepsis definitions varied, with 20 studies adopting Sepsis-3 criteria, eight using Sepsis-2, and seven employing custom
definitions based on antibiotic administration plus organ dysfunction scores. Model types included tree-based ensembles
such as XGBoost and random forest in 12 studies, deep learning architectures like LSTM and TCN in 15 studies, and
logistic regression or hybrid approaches in the remaining eight. This distribution highlights the methodological diversity
within the reviewed literature [23-25].

Prediction horizons

Prediction horizons ranged from 4 hours to 24 hours before sepsis onset across the included studies. The most common
horizon was 6 hours, used in 15 studies (43%), followed by 4 hours in 10 studies (29%) and 12 hours or longer in six
studies (17%). Four studies explored multiple horizons within the same model framework to enable direct comparison [26,
27].

Studies employing shorter prediction horizons (<4 hours) generally reported higher AUROC values in the range of 0.85—
0.95. In contrast, models with longer horizons (=12 hours) achieved AUROC values between 0.70 and 0.82, reflecting the
increased difficulty of accurate forecasting further in advance. This pattern held after stratification by model type and data
source [28, 29].

Vital sign modalities

The majority of studies (25 of 35, 71%) relied on hourly aggregated vital signs extracted from electronic health records.
Seven studies (20%) incorporated high-frequency data at the minute level or 5-minute aggregates, while only three
studies (9%) utilized continuous waveform data such as ECG or arterial blood pressure signals. This predominance of
hourly data reflects the ready availability of such variables in standard ICU databases [30, 31].

Studies using high-frequency modalities reported a median AUROC of 0.89 compared with 0.82 for those limited to hourly
aggregates. However, the high-frequency studies also tended to feature shorter prediction horizons and more advanced
deep learning architectures, confounding direct attribution of performance gains solely to data frequency. Continuous
waveform approaches remained rare but showed preliminary promise in artifact-resistant feature extraction [32, 33].

Validation strategies

Internal validation through train-test splits or cross-validation was employed in 30 studies (86%). External validation on a
geographically distinct database occurred in only eight studies (23%), temporal validation using time-based data splits in
five studies (14%), and prospective validation in just two studies (6%). Most investigations therefore remained within a
single data source [13, 34].

Studies relying exclusively on internal validation reported a median AUROC of 0.88. Those incorporating external
validation demonstrated substantially lower median AUROC values around 0.76, indicating potential overfitting and limited
transportability. This performance decrement was consistent across model types and underscored the value of more
rigorous validation designs [29].

Summary of principal findings
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Prediction horizons varied widely from 4 to 24 hours, with the 6-hour window most frequently adopted and hourly
aggregated vital signs dominating data inputs. External and prospective validation remained rare, while internal validation
produced optimistically high AUROC estimates that declined markedly upon external testing. Overall, the 35 studies
revealed a field still maturing in terms of methodological rigor and clinical readiness [1, 2, 28].

These findings imply that current models may perform adequately in controlled retrospective settings but risk poor real-
world translation. The heavy reliance on hourly aggregates potentially constrains the achievable prediction horizon, while
infrequent external validation limits confidence in generalizability across ICUs. Future development must therefore
prioritize design elements that enhance both lead time and robustness.

Figure 2 presents a conceptual framework showing how prediction horizon, vital sign modality, and validation strategy
jointly influence model performance, generalizability, and clinical translation readiness.

1. Methodological

2. Direct Consequences 3. Translational Implications 4, Final Outcome

Conceptual synthesis derived from the reviewed literature on prediction horizons, vital sign modalities, validation strategies,
and risk of bias in ICU sepsis prediction studies (2017-2021).
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Figure 2. Conceptual Framework of the Design Trade-offs Governing Clinical Translation of Machine Learning Models for
Early Sepsis Prediction in ICUs

Comparison with previous reviews

Prior systematic efforts, including syntheses examining broader sepsis prediction literature, reported similar emphasis on
tree-based and recurrent neural network models with AUROC values frequently exceeding 0.85 in internal settings.
However, those earlier reviews did not isolate the specific influences of prediction horizon length or vital sign sampling
frequency on performance metrics [6, 7, 24]. The present analysis therefore confirms the high internal performance
observed previously while extending the evidence by quantifying horizon-related and modality-related decrements.

This review adds a novel focus on the interplay between prediction horizons, vital sign modalities, and validation
strategies that was absent from prior work. By restricting the scope to 2017-2021 ICU-specific machine learning studies
and applying PROBAST appraisal, it provides a more granular and contemporary appraisal. Such specificity clarifies why
performance gaps emerge when moving beyond retrospective single-center experiments [24, 35].
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Interpretation of findings

Shorter prediction horizons consistently yielded higher AUROC values because events closer in time are inherently easier
to forecast from accumulating physiologic signals. However, this advantage must be balanced against the reduced clinical
lead time available for intervention. The observed trade-off suggests that model designers should explicitly optimize
horizons according to actionable therapeutic windows rather than maximizing discrimination alone [26, 27].

The trade-offs between prediction horizon length, model performance, and clinical utility are analytically summarized in
Table 1.

Table 1. Analytical Matrix of Prediction Horizon—Performance Trade-offs and Clinical Utility in ICU Sepsis Prediction

Models
Prediction  Typical Temporal Clinical Data Model Risk of Clinical Utility
Horizon AUROC Proximity Actionability Signal Complexity = Overfitting Interpretation
Category Range to Onset Strength Tendency
<4 hours 0.85 - Very high Limited (late Strong Moderate High High
0.95 warning) discrimination but
limited
intervention
window
6 hours 0.80 — High Moderate Moderate—  Moderate— Moderate Optimal balance
0.90 strong high between accuracy
and actionability
12 hours 0.72 — Moderate High Moderate High Moderate Clinically useful
0.85 lead time with
reduced certainty
> 24 hours 0.70 — Low Very high Weak Very high Lower Early warning
0.82 (deep (signal- potential but
models) limited) limited reliability

Hourly aggregated vital signs continue to dominate despite theoretical advantages of high-frequency or continuous data,
likely due to computational simplicity, data availability in public databases, and established preprocessing pipelines. This
preference may represent a missed opportunity because richer temporal resolution could improve early detection of
subtle physiologic deterioration. Bridging this gap will require advances in real-time signal processing and artifact
handling within ICU workflows [30, 32].

Heterogeneity and risk of bias

PROBAST assessment rated 12 of the 35 studies (34%) as high risk of bias, primarily in the analysis domain because of
inadequate handling of missing data, lack of calibration reporting, and absence of external validation. Participant and
predictor domains showed lower risk overall, yet outcome definitions varied enough to introduce further heterogeneity.
These ratings were determined through dual independent reviewer application of the tool [16, 17].

High risk of bias in many studies likely leads to overestimation of true model performance in clinical practice. Publication
bias toward positive results may further inflate the apparent promise of the literature. Consequently, the synthesized
evidence should be interpreted cautiously when considering deployment, with priority given to the minority of low-bias
studies that employed external validation [34].
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The interaction between data modality choices and validation strategies in determining model generalizability is

conceptually synthesized in Table 2.

Table 2. Conceptual Framework Linking Vital Sign Modalities, Validation Strategies, and Generalizability in Sepsis
Prediction Models

Dimension Category Data Strengths Limitations Impact on Interaction
Characteristics Generalizability with Validation
Strategy
Vital Sign Hourly Low temporal Easy Misses early Moderate Inflates internal
Modality ~ Aggregates resolution, widely implementation, micro- validation
available standardized deterioration performance
Vital Sign High- Minute-level or Captures early Requires Potentially high Requires
Modality Frequency sub-minute physiological preprocessing, robust external
Data resolution changes noise handling validation
Vital Sign  Continuous Raw signals Richest signal ~ Computationally Unknown but Rarely
Modality =~ Waveforms (ECG, ABP) representation intensive, rare promising externally
datasets validated
Validation Internal Same dataset Fast, resource- Overfitting risk Low Overestimates
Strategy Validation split efficient performance
Validation Temporal Time-based split Mimics real Still single-site Moderate Better than
Strategy Validation deployment random split
Validation External Different Tests Data High Gold standard
Strategy Validation  institution/dataset transportability heterogeneity for
challenges generalizability
Validation  Prospective Real-time clinical ~Measures real- Resource- Very high Required for
Strategy Validation testing world impact intensive clinical
adoption
Limitation

Review limitations

Publication bias cannot be excluded because the review included only peer-reviewed studies; negative or null results may
remain unpublished and therefore underrepresented. The English-language restriction may have omitted relevant non-
English publications from international ICUs, although the targeted databases captured the majority of high-impact clinical
Al research. Hand-searching and reference screening mitigated but did not eliminate the possibility of missing eligible
studies.

Heterogeneity in sepsis definitions, exact prediction horizons, and performance metrics precluded quantitative meta-
analysis. Narrative synthesis was therefore necessary, which relies on qualitative interpretation and may be subject to
reviewer judgment. Despite dual extraction and consensus processes, some subjectivity in grouping studies by modality
or horizon remains inherent to the chosen approach [12, 13].

Evidence base limitations
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The underlying evidence base itself is constrained by the scarcity of studies using high-frequency or continuous vital sign
data and the rarity of prospective or multi-center external validation. Few investigations reported calibration metrics or
decision-curve analyses, limiting assessment of clinical utility beyond discrimination. These gaps reflect broader
challenges in ICU data science but constrain the strength of recommendations derivable from the current literature.

Most studies relied on MIMIC-1II or similar U.S.-centric databases, which may not fully represent global ICU populations
or community hospital settings. Generalizability to non-academic or resource-limited environments therefore remains
uncertain. Future evidence synthesis will benefit from inclusion of more diverse international cohorts once additional high-
quality studies become available [22, 29].

Comparison with prior systematic reviews

Several prior systematic reviews have synthesized evidence on machine learning for sepsis prediction, often emphasizing
overall model performance and common architectures such as random forest and LSTM. For instance, earlier syntheses
covering pre-2017 and overlapping periods highlighted frequent use of MIMIC-III data and AUROC values typically above
0.80 in internal validation settings. These reviews generally concluded that machine learning outperformed traditional
scoring systems but called for improved external validation to support clinical translation [6, 7, 24].

This review differs from and extends prior work by narrowing the scope exclusively to 2017-2021 ICU studies and by
systematically dissecting the interplay of prediction horizons, vital sign modalities, and validation strategies. Previous
syntheses aggregated performance metrics without stratifying by horizon length or data frequency, leaving key design
trade-offs unexamined. The present analysis therefore provides a more granular understanding of how these factors
influence reported outcomes across the 35 included studies [6, 7, 24].

Areas of agreement include the consistent finding that internal validation yields optimistically high AUROC estimates,
while external validation reveals substantial drops in performance. Disagreements emerge around the role of vital sign
modalities, where prior reviews rarely distinguished hourly aggregates from high-frequency data. This review adds new
insight by demonstrating that the dominance of hourly data may limit achievable prediction horizons, an observation not
emphasized in earlier syntheses [6, 7, 24].

Recommendations

Recommendations for researchers

Future studies should explicitly report the chosen prediction horizon, vital sign sampling frequency, and validation strategy
in a standardized manner to facilitate comparison across investigations. Adoption of the Sepsis-3 definition is strongly
encouraged to reduce heterogeneity in outcome labeling and improve interpretability of results. Researchers should also
prioritize transparent preprocessing pipelines and artifact-handling methods when incorporating higher-frequency data
sources [8, 14, 27].

Researchers must move beyond internal validation alone by incorporating external geographic, temporal, or prospective
designs whenever feasible. Reporting calibration metrics alongside discrimination measures such as AUROC will provide
a more complete picture of clinical utility. These practices will accelerate the development of models that are both
accurate and generalizable to diverse ICU populations [13, 29, 34].

Recommendations for journal editors and reviewers

Journal editors and reviewers should require clear documentation of external validation or a justified rationale for its
absence before accepting manuscripts on sepsis prediction models. This policy would raise the methodological bar and
reduce the publication of overly optimistic single-center results. Adherence to established reporting guidelines should be
verified during peer review to ensure completeness [16, 17].
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Journals should mandate the inclusion of PROBAST risk-of-bias assessments and explicit statements on prediction
horizon rationale in all submissions. Reviewers can further promote rigor by requesting sensitivity analyses across
different horizons and modalities. Such editorial standards would align the sepsis prediction literature more closely with
clinical translation requirements [16, 17].

Recommendations for clinicians and decision-makers

Clinicians should interpret published AUROC values cautiously, particularly when studies rely solely on internal validation
without external testing. Performance claims must be contextualized by the specific prediction horizon and data modality
employed in each model. Awareness of these limitations will prevent over-reliance on tools that may not generalize to
local ICU workflows [13, 29, 34].

Hospital decision-makers should insist on prospective validation and silent-mode evaluation before any sepsis prediction
model is integrated into clinical decision support systems. Cost-effectiveness analyses and impact on patient outcomes
should accompany deployment considerations. These safeguards will help ensure that only sufficiently robust models
reach bedside use [13, 29, 34].

Research gaps

Gap 1: High-frequency and continuous vital signs

Very few of the 35 reviewed studies incorporated high-frequency or continuous waveform data despite their theoretical
potential to capture subtle physiologic changes earlier than hourly aggregates. This represents a major gap because
richer temporal resolution could extend viable prediction horizons beyond the current 6-hour median. Most investigations
defaulted to hourly vital signs available in public databases such as MIMIC-III, limiting exploration of advanced signal-
processing techniques [30-32].

Future research should address real-time processing of continuous waveforms, robust artifact detection, and direct head-
to-head comparisons of hourly versus high-frequency performance. Such work could clarify whether modality upgrades
translate into clinically meaningful improvements in lead time and accuracy. Standardized benchmarking frameworks
would help accelerate progress in this underdeveloped area [30-32].

Gap 2: External and prospective validation

The scarcity of external and prospective validation constitutes a critical gap, with only eight studies performing geographic
external testing and just two employing prospective designs. Most models were evaluated exclusively within the same
database used for training, raising concerns about overfitting and transportability. This limitation undermines confidence in
real-world applicability across different ICU environments [13, 29, 34].

Targeted calls for multi-database validation studies, prospective silent-mode evaluations, and deployment pilot trials are
therefore warranted. Collaborative efforts using shared datasets beyond MIMIC-IIl and elCU would strengthen the
evidence base. Prospective designs that measure impact on antibiotic timing and patient outcomes should receive priority
funding [12, 29, 34].

Gap 3: Prediction horizon optimization

The optimal prediction horizon remains unknown because most studies selected horizons arbitrarily rather than through
systematic trade-off analysis. Longer horizons offer greater clinical lead time yet consistently yield lower AUROC, creating
an unresolved tension between timeliness and accuracy. Few investigations explicitly modeled this trade-off or tested
horizon-specific architectures [26-28].

Research should focus on horizon-specific model design, dynamic horizon adaptation, and formal decision-analytic
evaluations that weigh lead time against predictive performance. Such studies could identify clinically acceptable
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operating points tailored to different ICU resources and sepsis protocols. Standardized reporting of horizon rationale
would further support evidence-based selection of prediction windows [26-28].

Implications

Implications for research

The field requires standardized reporting protocols for prediction horizons, vital sign modalities, and validation strategies
to enable meaningful cross-study comparisons. Without such uniformity, incremental improvements in AUROC on single
databases will continue to outpace genuine advances in generalizability. Prioritizing external validation and high-
frequency data over repeated MIMIC-IIl experiments represents the most productive path forward [13, 29, 30].

Research funding bodies should incentivize multi-center collaborations and prospective evaluations rather than additional
retrospective single-center studies. Development of open benchmarks that explicitly test different horizons and modalities
would accelerate collective progress. These shifts would transform the evidence base from exploratory to actionable [13,
29, 30].

Implications for clinical practice

Currently, no machine learning sepsis prediction model possesses sufficient evidence of generalizability or clinical impact
to support widespread deployment in intensive care units. The predominance of internal validation and hourly data limits
readiness for real-time decision support. Clinicians should therefore view published models as promising prototypes
rather than ready-to-use tools [13, 29, 34].

Until prospective validation demonstrates meaningful outcome improvements, sepsis prediction algorithms should remain
investigational. Integration into electronic health record alerts must be accompanied by careful monitoring for alert fatigue
and unintended workflow disruptions. This measured approach protects patients while allowing continued refinement of
the technology [13, 29, 34].

Implications for policy and regulation

Regulatory bodies such as the FDA and EMA should require external validation and prospective testing before approving
any sepsis prediction model for clinical use. Current evidence dominated by internal validation does not meet the
threshold for high-risk Al medical devices. Mandatory adherence to TRIPOD and CONSORT-AI standards would further
strengthen pre-market evaluation [16, 17].

Policy makers should support the creation of national or international ICU data platforms that facilitate rigorous external
validation. Reimbursement decisions for Al-enabled sepsis tools should be linked to demonstrated improvements in
patient-centered outcomes rather than AUROC alone. These measures would align regulatory and payment incentives
with the need for robust evidence [16, 17].

Conclusion

This systematic review synthesized 35 studies published between 2017 and 2021 on machine learning for early sepsis
prediction in adult ICUs. It characterized prediction horizons ranging from 4 to 24 hours, documented the overwhelming
reliance on hourly aggregated vital signs, and highlighted the rarity of external or prospective validation. The analysis
revealed consistent patterns whereby shorter horizons and internal validation produced higher AUROC values while
external testing exposed performance decrements.

The key conclusion is that the evidence base remains dominated by internally validated models using hourly aggregated
vital signs and 6-hour prediction horizons. External validation is performed in only a minority of studies, and performance
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drops substantially when it is attempted. These findings indicate that methodological rigor has not kept pace with model
complexity in the reviewed literature.

Current evidence is therefore insufficient to recommend widespread clinical deployment of any specific sepsis prediction
model. More rigorous validation designs and richer data modalities are needed before these tools can reliably improve
patient outcomes. The review underscores the gap between promising retrospective results and real-world clinical utility.

Future research should prioritize external validation, high-frequency vital signs, prospective testing, and standardized
reporting. If these gaps are addressed, machine learning holds considerable potential to enable truly early sepsis
detection and reduce the global burden of this life-threatening condition in intensive care settings.
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