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Abstract

Background Identifying high-risk patients in emergency departments
(EDs) is crucial due to high mortality rate associated with sepsis and for
the timely management. This study aimed to conduct unsupervised
consensus clustering of patients with suspected sepsis from a
heterogeneous ED population.

Methods This descriptive, retrospective cohort study was conducted
between November 2014 and November 2019 on patients with suspected
sepsis who visited the ED. Cluster analysis was performed using
variables, such as vital signs and clinical laboratory data, to classify
patient characteristics. An artificial intelligence model generated a
clustering plot based on the distance values of various variables,
identifying five distinct clusters, each representing a unique clinical
phenotype among the patient subtypes. In addition to analyzing the
clinical phenotypes of each cluster, this study examined the prognosis
based on antibiotic administration time through subgroup analysis to
provide guidance for clinical application.

Results A total of 14,402 patients were included in this study. Cluster
analysis combined with an artificial intelligence model identified five
distinct clusters among patients with suspected sepsis. The baseline
characteristics and clinical outcomes of each of the five clusters are
described in detail. Cluster B comprised the largest proportion of
patients with septic shock and exhibited the highest percentage of

critical care interventions, including vasopressor use, mechanical



ventilation, intensive care unit admission, and 28-d mortality. Cluster E
had the lowest rates of these interventions. In multivariable analysis,
administration of antibiotics within 3 h significantly decreased 28-d
mortality in Cluster A (aOR 0.73; 95% CI, 0.54-0.98, p = 0.037) and
Cluster E (aOR 0.59; 95% CI, 0.39-0.89, p =0.013).

Conclusion The artificial intelligence model identified five distinct
clusters of patients with suspected sepsis who presented to the ED and
showed different outcome patterns among the phenotypes.

Keywords Sepsis, Cluster analysis, Artificial intelligence, Emergency

Department



Background

Sepsis is defined as a life-threatening organ dysfunction resulting from a
dysregulated host response to infection [1]. Pathophysiologically, septic
shock is a subtype of sepsis characterized by circulatory, cellular, and
metabolic abnormalities. Septic shock is responsible for approximately
40% of hospital mortality [1, 2] with an average 30-d sepsis mortality
rate of 24.4% [3].

Given the high mortality rate associated with sepsis, significant efforts
have been made to identify high-risk patients [4]. However, most existing
models fail to capture the multilevel factors of sepsis that can influence
treatment response and are limited by scoring systems [5, 6]. The
complex clinical phenotypes of sepsis continue to challenge clinicians
due to the heterogeneous circumstances encountered in the emergency
department.

The identification of sepsis sub phenotypes has gained attention
because of the syndrome’s heterogeneous nature [7, 8]. As sepsis is a
broad condition with diverse clinical features affecting organ
dysfunctions, it is necessary to classify heterogeneous patients into
distinctive phenotypes or subsets [8, 9]. These diverse organ
dysfunctions result in varying prognoses depending on the phenotypes
[10-12]. Given the complex pathophysiology of sepsis, phenotypic
classification is crucial to understand the unique features of each cluster.

Although time-critical therapy is recommended for all suspected sepsis,

delayed recognition of sepsis due to atypical presentations, combined



cases, hidden infection, or missed case in ED crowding contributes to
serious harm and malpractice claims, ranging from approximately 8% to
21% [13-15]. Therefore, decision support tools to prioritizes early risk
identification, complementing the clnical decision is required.

This study aimed to classify the clinical phenotypes of patients with sus
pected sepsis presented to the ED, using cluster analysis and artificial int
elligence (AI). Al model learngraphical representations from the outputs
of the cluster analysis, and classifies distinct phenotypes or subsets. The
clinical characteristics of the identified sepsis subtypes are described foll
ows. As an early intervention in sepsis is beneficial, we additionally analy
zed prognosis based on antibiotic administration tirne through subgroup
analysis to provide practical guidance for antibiotic administration guida

nce based on cluster analysis.

Methods
Study design, setting, population, and definition
This single-center, retrospective, descriptive study analyzed patients with
suspected sepsis who visited the ED of Samsung Medical Center, a
university-affiliated tertiary care referral hospital located in a
metropolitan city with an annual visitor count of over 70,000. The study
period was from November 2014 to November 2019.

The Third International Consensus Definitions Task Force (Sepsis-3)
defines sepsis as a “life-threatening organ dysfunction caused by a

dysregulated host response to infection.” Although this definition



captures the overall concept, we adopted the operational criteria used in
Sepsis-3 and the accompanying article by Seymour et al. [16]. According
to Seymour et al., a ‘suspected infection’ was identified when both blood
cultures were obtained and antibiotics were administered [16]. According
to the Sepsis-3 definition, ‘sepsis’ is characterized by an acute increase in
the Sequential Organ Failure Assessment (SOFA) score (delta SOFA) of
= 2 points due to infection [16]. The baseline SOFA score was assumed
to be zero unless the patient had preexisting organ dysfunction before
the onset of infection. The maximum SOFA score (SOFA max) was
defined as the highest SOFA score within 24 h of arrival in the ED.
‘Septic shock’ was defined as sepsis accomparied by persistent
hypotension, requiring vasopressors to maintain a mean arterial pressure
(MAP) = 65 mmHg and a serum lactate level > 2 mmol/L, despite
adequate volume resuscitation.

Patients aged 18 years and older with suspected sepsis who presented to
the ED were included in this study. Suspected sepsis was defined as
cases in which blood cultures were obtained, and antibiotics were
administered in the ED [16]. The exclusion criteria were as follows: (1)
presentation with cardiac arrest; (2) transfer to or from another hospital
in the ED; (3) non-infectious conditions such as trauma or bleeding; (4)
limitations to invasive care, including prior do-not-resuscitate orders or
terminal malignancy; and (5) incomplete electronic medical records. All

data were collected retrospectively from the electronic medical records



(EMR) of patients who underwent blood culture and antibiotic

administration in the ED between November 2014 and November 2019.

The following demographic and clinical data were collected from the
electronic medical records: initial vital signs upon ED arrival, vital signs
at the time of shock occurrence within 6 h of arrival in the ED, and
demographic characteristics such as age, sex, comorbidities, suspected
infectious focus, use of vasopressors, renal replacement therapy, and
mechanical ventilation. Mortality outcomes, including the 28-d and in-
hospital mortality rates, were tracked using the electronic clinical data of
patients with suspected sepsis. Vital signs refers to systolic blood
pressure (SBP), diastolic blood pressure (DBP), heart rate (HR),
respiratory rate (RR), body temperature (BT). The time to antibiotic
therapy was calculated by subtiacting the ED triage time from the first
broad-spectrum drug administration time. Among the suspected infection
cohort, we also identified patients who met the new definition of sepsis,
defined as a delta SOFA = 2 points, as shown in Table 1.

The study was approved by the Institutional Review Board of the
Samsung Medical Center (IRB n0.2025-01-082). The requirement for
informed consent was waived because this was a retrospective,

observational, and anonymous study.

Primary data analysis
We evaluated the eligibility of 17,733 adult patients who underwent

blood culture and antibiotic administration in the ED between November



2014 and November 2019. After excluding patients with cardiac arrest,
those transferred to or from another hospital, individuals without an
infectious condition, those with limitations in invasive care, and those
with inadequate data (2 = 3,331), 14,402 patients were included in the

analysis (Fig.1).

Overall process

This study followed a sequence of steps: (A) unsupervised cluster analysis
using machine learning-based clustering was applied using variables
such as vital signs and clinical laboratory data to classify patient
characteristics; (B) applying artificial intelligence model was applied to
imaging data; and (C) analyzing each clinical phenotype of the clustered
subtypes was analyzed.

The framework for the overall process analysis is described in Fig. 2.
Detailed steps of computation of the Cluster Index (CI), the unsupervised
k-means clustering process, and refinement using a neural network

classifier are detailed Supplementary Algorithm S1.

(1) Cohort definition: suspected infection identified by concurrent
blood culture and antibiotic administration; exclusions as specified.

(2) Feature preprocessing: 14 features were standardized (z-score);
missing values imputed by cohort medians.

(3) Cluster index (CI) computation: a pre-specified linear combination

of vitals/labs produced a scalar CI per encounter



(4) Unsupervised k-means clustering: k-means (Euclidean, k-
means++ initialization, 100 random restarts, fixed seeds) with k=5
chosen by elbow and silhouette plus clinical interpretability.

(5) Neural Network Refinement model: a neural network trained to
predict CI-defined phenotype groups (A-E) from continuous CI-derived
image representations for boundary refinement by learning nonlinear
patterns.

(6) Clinical analyses: cluster-wise characteristics and outcomes;

subgroup analyses for time-to-antibiotics.

Feature Preprocessing and Cluster analysis

This study employed machine learning-based cluster analysis using 14
features: vital signs and clinical laboratory data, including white blood
cell count (WBC), lactate (Lac), platelet count (PIt), bilirubin (Bil), C-
reactive protein (CRP), creatinine (Cr), absolute neutrophil count (ANC),
procalcitonin (PCT), and maximum Sequential Organ Failure Assessment
(SOFA max). The variables incorporated into the distance formulas were
selected based on known prognostic factors associated with sepsis. Initial
vital signs (vital signs initial) and laboratory values were used in the data
acquisition process, with ANC, Plt, and SOFA max included as original
values because of their suitability for direct use. All continuous variables
were standardized using z-score normalization, while categorical
variables were one-hot encoded. Missing values were imputed using

median values. We then computed a scalar cluster index (CI) as a linear



combination of pre-specified features. The Cluster Index was
intentionally designed as a linear combination of multiple standardized
clinical variables to reflect aggregate physiological severity. CI
coefficients were predefined based on clinical rationale to balance
contributions across major physiological domains, rather than estimated
from outcome-based regression. Larger coefficients were assigned to
variables representing non-redundant organ dysfunction domains to
ensure meaningful representation in the composite index. Accordingly, CI
stratification does not rely on any single dominant variable but emerges
from the combined contribution of multiple components (Supplementary
Table S3). K-means clustering was performed using the 14 z-score
standardized clinical variables. The Cluster Index (CI) was computed
separately and was not included as an input feature for k-means. CI was
used solely for visualization end image-based encoding in the neural
network refinement modei. For clarity, we use CI to denote this score
and reserve ‘distance’ exclusively for the Euclidean distance used by k-
means. Vital signs initial denotes the standardized vector (SBP, DBP, HR,
RR, BT) at ED arrival, aggregated as the weighted linear term shown

below.

1 1
Clinitial = Vltal Signsinitial + WBC X Z + Plt + DBP/SBP - B|| X5 - Sum_Of_CRP_CI’ X g

1
+ ANC - SOFA_max - PCT x 3

Additionally, the data acquisition process incorporated vital signs at
the time of shock onset within 6 h of ED arrival (vital signs shock) and

laboratory values. Numerical values from vital signs and laboratory



values, and the time of shock onset represents baseline of the group, and
the baseline offers criteria for clinical decision of emergency patients
[17]. The laboratory values used to assess the distance from vital sign
shock followed the same trend as those evaluated for the initial vital
signs. cluster index in the acquisition environment using shock-related

vital signs are presented below.

1 1 1
Clshock =  Vital Signsshock + WBC x 7 + Plt x = + DBP/SBP - Bil x 10 - sum_of CRP_Cr x 7

1 1
+ ANC X 5" SOFA_max - PCT x 2

The combined CI for clustering was computed as Clcgmp = Clinitial +C
lshockWhen shock vitals were available, otherwise Clcgmb = Clinitial- For

comparability across encounters, we applied min-max scaling to Clgmp
within the cohort. The exact coefficients/feature set and an executable
pseudo-code are provided in Supplementary Algorithm S1. We assessed
the distance values in both the initial data acquisition environment, using
initial vital signs, and the second data acquisition environment, based on
the vital signs at the time of shock onset. The distances from both
environments were normalized to the sum of the two values. A
supplementary CI Contribution analysis was conducted to evaluate the
relative contribution of individual CI components. Contribution was
quantified using standardized magnitude of each weighted CI term. To
visualize the clusters, a clustering plot of the distance values of the vital
signs and laboratory variables is shown in Fig. 3. Note that CI values are
visualized for interpretability and neural network encoding; the distance

metric used for k-means clustering was exclusively the Euclidean



distance computed from standardized input variables. When interpreting,
one patient may belong to cluster C and the next to cluster A, continuing
in this pattern until the last patient. Clusters with vital sign shock data
are represented in orange font. The clusters were divided into five
groups based on the distance values (long axis). Recent studies have
classified patients into three to five clusters as a way to reflect the
heterogeneity of sepsis. These phenotypes exhibit significant differences
in prognosis, immune responses, and treatment effects, supporting the

potential for personalized sepsis care strategies [18, 19]

In this study, k-means clustering was applied using Euclidean distance.
The number of clusters (k = 5) was selected using the elbow method and
the silhouette score, while also reflecting clinical interpretability in
accordance with prior phenotype studies. To ensure stability of cluster
allocation, k-means++ initialization and 100 random restarts were used
with fixed random seeds. Distance-based cluster separation modeling
was performed using scikit-learn (version 1.4), enabling full

reproducibility of the clustering process.

Applying artificial intelligence model by imaging data

Although k-means deterministically assigns each patient to a single
cluster, assignment certainty can be low for borderline cases with similar
geometric proximity to multiple centroids. These clinically ambiguous
patients are of particular concern in emergency settings because they

may still be at high risk of deterioration despite an initial low-risk



numerical label. To support more reliable phenotype assignment in these
ambiguous regions, we constructed a continuous Cluster Index (CI) that
summarizes multivariate clinical variables Based on the distribution of CI
values, patients were operationally categorized into five ordered
phenotype groups (A-E). This design enables refinement of borderline
classifications by resolving assignment ambiguity near decision
boundaries and enhancing clinical decision support for early escalation.
We did not train a de-novo tabular neural classifier as the primary model
because the unsupervised k-means step preserves phenotype discovery
without outcome labels, and the role of Neural Network is a post-hoc
refinement of boundary confidence rather thaun label creation.

Therefore, we additionally applied an imaging-based neural network as
a post hoc refinement layer. Specitically, CI-derived continuous values
were encoded as grayscale image representations, and a neural network
was trained to predict the Cl-defined phenotype group (A-E) ), which
served as operational phenotype labels for refinement. Because the
model operates on continuous CI-derived representations rather than
discrete cluster identifiers, it can learn nonlinear patterns over the
continuous representation space and thereby provide more stable
assignments in regions where k-means centroid separation is less
distinct. Importantly, this refinement step is intended to improve
assignment reliability for borderline cases rather than to redefine the
underlying unsupervised phenotype structure or to claim de novo

supervised label creation. We did not develop a de novo tabular



supervised classifier as the primary model, because the unsupervised k-
means step was retained to preserve phenotype discovery independent of
outcome labels, and the role of the neural network was limited to
operational refinement of phenotype assignment confidence. A stratified
90/10 split by CI-defined phenotype group (A-E) was used to create a
held-out evaluation set; no patient appeared in more than one dataset,
preventing data leakage between development and testing.

In this framework, k-means clustering defines the coarse phenotypic
structure, while the Cl-based neural network provides a nonlinear
refinement layer that stabilizes phenotype assignment near decision
boundaries without redefining the original unsupervised clusters. The
cluster structure remains unchanged, but individual assignments may
differ for boundary cases. The imaging encoder preserves subtle
continuous differences in Cl-related values, enabling the neural network
to detect fine-grained changes that may be difficult to capture using hard
centroid thresholds alone. Because the refinement model is trained to
predict CI-defined phenotypes from continuous Cl-derived
representations, it provides an operational refinement of assignment
reliability near phenotype boundaries rather than merely reproducing k-
means centroid-based thresholds. This enhances discrimination by
learning nonlinear mappings over continuous CI representations,
particularly near regions of overlap. The Al recognized subtle differences
in the encoded color corresponding to each distance value. The ability to

discriminate between groups can be improved when Al is used to



enhance discrimination by learning nonlinear mappings over continuous
CI representations, as it enables the recognition of minimal changes in
those values.

To implement the artificial intelligence model for classifying patients into
groups based on the variable distance values, each distance value in the
acquisition environment was normalized. Al model with color input
processing layer learns graphical color information to indicate numerical
index of inputs and classify images in ultrasound application [20]. The
distance values from the initial and second acquisition environments
were normalized to the maximum distance value in the initial acquisition
environment, which was 1,841. Considering a 480 x 640 image as the
input for the model, five groups based on the distance values of vital
signs (with or without shock) were scaled to a numerical range of 0-240
corresponding to 640 vertica! axial pixels. The Al model learns images
with the scaled numerical range within each clinical phenotype and
requires graphically varying inputs to consistently train the Al model at
other domains of clinical phenotypes [21]. The second set of distance
values derived from the clustering plot was mapped onto 99 of the 640
vertical axial pixels. For the fifth set of distance values, an additional 99
pixels are incorporated into the model input.

distance
1841

inpUt480x640 = { X 240} + (group# X 99)

Although the clustering plot visualizes each group based on the
distance values, fluctuations in these values can occur, with some distant

values appearing near the threshold between clusters. Clusters are



equivalent as learning features, and extraction of feature vectors
classifies groups with clinical decisions [22]. Clusters gather the vital
signs and laboratory variables into groups, and make AI model learn from
the numerically grouped mask [23]. The proposed artificial intelligence
model enhances the classification by addressing ambiguous values near
the threshold value. The neural network classifier comprised two fully
connected hidden layers (64 and 32 units, ReLU activation) and a five-
class output. Training used the Adam optimizer (learning rate 0.001),
batch size 64, and early stopping with 10-fold cross-validation.
Performance metrics included accuracy, macro-F1 score, and inter-
cluster separation indices (silhouette score, Davies-Bouldin index). The
neural network learns spatial patterns from image-encoded distance
values to distinguish each cluster with improved reliability [24, 25].
Sample images representiig each cluster of distance values are provided
on Fig. 4. From left to right, clusters A to E are displayed. The distance
value increased progressively across clusters A-E. Although k-means
assigns all patients to a single cluster, the confidence of assignment may
be reduced when geometric proximity to multiple centroids is similar.
Therefore, distance values were encoded into two-dimensional color-
based images to enable representation learning and refinement of
borderline cases. The neural network was trained to predict CI-defined
phenotype groups (A-E) from continuous Cl-derived image
representations, which served as operational labels for refinement.and to

capture nonlinear boundaries between clusters. The proposed artificial



intelligence model was trained with using 12,962 images randomly
selected for training. The remaining set of 1440 images from the testing
set achieving 98% accuracy. Reported accuracy reflects internal
consistency of the refinement model and should not be interpreted as
ground-truth classification performance in unsupervised phenotyping.
The held-out set was stratified by cluster and fixed via random seed (42),
10-fold cross-validation was used for internal model selection prior to
final testing. The model consisted of 59 convolution layers and six max
pooling layers, with a cross-entropy loss function and Adam optimizer,
utilizing a learning rate of 0.0004. The input images, which were
normalized using a PyTorch transform class, had a resolution of 256 X
256 pixels. The model was trained using a batch size of 32 for 10 epochs.
After 10 epochs, the training loss decreased, finalizing the training for
classifying distant values based on vital signs in patients with and
without shock. The plot of the training loss is shown in Fig. 5. All models
were developed in Python 3.10 using scikit-learn 1.4 for clustering and
PyTorch 2.1 for neural network training. Random seeds were fixed to
ensure reproducibility. Full hyperparameter details are provided in

Supplementary Table S2 and Supplementary Algorithm S1.

Analyzing each clinical phenotypes of the clustered subtypes
Standard descriptive statistics were applied to all variables including
baseline demographics and outcomes. Categorical variables are

presented as frequencies with percentages and were compared using the



chi-squared test. Continuous variables were presented as medians with
interquartile ranges (IQRs) and compared using the Wilcoxon rank-sum
test. Statistical significance was set at p < 0.05 (significant). All the
analyses were performed using R version 3.6.3 (R Foundation for
Statistical Computing, Vienna, Austria) and STATA (version 17.0; STATA

Corporation, College Station, TX, USA).

Results

Baseline characteristics

Table 1 presents the baseline characteristics of the five clusters,
including their vital signs and laboratory test results. Among the 14,402
patients, 7,838 (54.4%) were male and 5,589 (44.2%) had sepsis, defined
by an acute increase in SOFA score of 2 or higher (Delta SOFA score=2).
Cluster B included the highest proportion of sepsis patients (71.1%),
followed by Clusters A (46.9%) and Cluster C (42.9%). Cluster B
exhibited the highest SOFA max score (5.0, 95% CI: 3.0-8.0), lactate
level (2.16, 95% CI: 1.41-3.46), and CRP (8.14, 95% CI: 3.05-16.92)
followed by cluster A. Elevated levels of lactate and CRP, along with a
higher SOFA score, suggest a more severe form of sepsis and potentially
poorer outcomes, as these parameters are valuable tools in assessing the
severity, predicting prognosis, and guiding treatment decisions

[26]. Therefore, if a patient is assigned to Cluster B or A, the physician

may anticipate severe sepsis or a potentially poor outcome.



Additionally, Cluster B had the highest proportion of patients with
chronic cardiac disease or metastatic cancer. The number of missing
values is detailed in Supplementary Table S1. After excluding inadequate
data, including missing data, the analysis of patients with septic shock
did not incorporate vasopressor administration time, duration, or missing
vital signs shock data. Since only the vital signs of patients who
experienced hypotension within 6 hours from the ED were additionally
collected, variables labeled as vital signs shock existed only in these

subgroups.

Table 2 presents the clinical outcomes of the five clusters. The overall
proportion of patients with septic shock was 1,118 (7.8%), and the
vasopressor requirement was 1695 (11.8% ). The overall in-hospital
mortality rate was 676 (4.7%) in the entire cohort, ranging from 3.3% to
8.8% across clusters. The 28-d mortality rate of the entire cohort was
989 (6.9%), and 280 (8.4%), 121 (12.3%), 233 (6.3%), 236 (5.7%), and
119 (5.4%) across the clusters, respectively. Cluster B exhibited the
poorest outcomes, including the highest rates of septic shock (302;
30.8%), critical care use (described below), in-hospital mortality (86;
8.8%), and 28-d mortality (163; 4.4%). Cluster B also had the highest
vasopressor requirement (406; 41.4%), mechanical ventilator use (70;
7.1%), and intensive care unit admission (181; 18.5 %), followed by
Cluster A. Cluster E had the lowest rates across these metrics. Physicians

may predict poor progression if a patient is allocated to Cluster B using



the clustering algorithm employed in this study. It takes at least 2-3 h to
obtain blood test results after ED arrival, with additional time required to
calculate the SOFA score. Therefore, before the manual calculation of the
SOFA score, Al-based clustering results can be used to predict sepsis
severity and contribute to a more comprehensive assessment. Notably,
Cluster B, which exhibited the highest severity of illness, initiated
vasopressors and antibiotics the earliest and maintained their use the
longest. The median time to initiate vasopressor therapy was 6.3 h (95%
CI: 2.3-33.1), with Cluster B starting vasopressor the earliest time at 3.3
h after ED arrival (95% CI: 1.5-6.3), followed by cluster A at 4.4 h (95%
CI: 1.9-13.2). Similarly, Cluster B initiated antibiotics the earliest at 1.5 h
after ED arrival (95% CI: 0.5-3.1), followed by cluster A, while cluster B
had the longest duration of antibiotics use at 7.3 h (95% CI: 0.4-16.4).
Early initiation of antibiotics and vasopressors in Clusters B and A
reflected the high severity of these groups, with the fastest physician
recognition of severity among all clusters. However, given the guidelines
recommending the administration of antibiotics and vasopressors within
1 h of septic shock recognition [27, 28], the median administration time
in our study was delayed. Therefore, before the manual calculation of the
SOFA score to diagnose sepsis, physicians may intervene promptly using
the Al-based clustering method if the patient is allocated to cluster B or
A. Thus, the Al-based clustering method may support clinical judgment

before the manual calculation of the SOFA score.



In the subgroup analysis, we stratified the time to antibiotic
administration using a cut-off value of <3 h and =3 h to guide timing
based on cluster allocation. Multivariable logistic regression revealed
that early antibiotics administration within 3 h was significantly
associated with decreased 28-d mortality in cluster A (aOR 0.73; 95% CI,
0.54-0.98, p = 0.037) and E (aOR 0.59; 95% CI, 0.39-0.89, p= 0.013)
(Table 3).

A spline curve illustrating the log odds ratio of time to antibiotic
administration versus 28-d mortality for each cluster is shown in Fig. 6.
Multivariate analysis adjusted for age, SOFA mazx, lactate levels, and
respiratory infection. The spline curve demonstrated an increasing trend
in the 28-d mortality as the time to antibiotic administration increased

(Fig. 6).

Discussion

This study employed unsupervised clustering using artificial intelligence
on an ED database to categorize patients with suspected infections. The
clinical phenotypes of the five identified clusters were correlated with
clinical outcomes. In particular, artificial intelligence-based clustering
effectively identified high-severity groups characterized by higher rates
of septic shock, critical care needs, in-hospital mortality, and 28-d
mortality. Additionally, the relationship between antibiotic administration
and 28-d mortality varied across clusters, suggesting that the effect of

treatment may differ depending on the patient’s phenotype.



The heterogeneous nature of sepsis has led to an increased interest in
investigating its phenotypes [7, 8, 18, 29]. Recent studies have shown
sepsis phenotypes with clinical relevance are often limited to specific
populations. For example, some studies have focused on ICU settings
[10, 30], while others, such as those by Guilamet et al., identified four
clusters within homogenous infectious diseases [31] and Lai et al.
conducted clustering to identify subphenotypes in patients with dialysis-
requiring sepsis-associated acute kidney injury [32]. However, few
studies have explored clinical sepsis phenotypes in heterogeneous
populations, which present a major challenge in grouping patients [11].
Additionally, only a limited number of studies have categorized
heterogeneous groups based on hemodynamic phenotyping using vital
signs [7, 33, 34]. Given that blood pressure is routinely measured in the
ED, incorporating systolic blood pressure (SBP) and diastolic blood
pressure (DBP) inte cluster analysis may offer a more precise and timely
identification of phenotypes [10]. This study addressed the dynamic
phenotypic changes in patients with septic shock by incorporating both
initial vital signs and those recorded at the time of shock. The strengths
of this descriptive study include its use of both shock time and baseline
vital signs, artificial intelligence-based cluster analysis, a large dataset,
and applicability to a diverse ED population, including low-risk patients.

Our result showed that cluster B had the highest rates of metastatic
cancer, septic shock, critical care usage, in-hospital mortality, and 28-d

mortality. Additionally, we found that early antibiotic administration



within 3 h significantly reduced the 28-d mortality in Clusters A and E.
Notably, the cluster with the most severe patients started vasopressors
and antibiotics earlier than the other clusters, while also maintaining the
longest duration of treatment. Previous studies have highlighted the
heterogeneity in the presentation and timing of antibiotic initiation for
suspected septic shock [35] and the relationship between the duration of
the antibiotic and clinical outcomes remains contentious [31, 36].
However, several studies have demonstrated that the early initiation of
antibiotics benefits sepsis patients [37]. Our findings also align with
recent research indicating that cancer patients are at a significantly
higher risk for sepsis and associated mortality, with hospital mortality
being higher in cancer patients than in those without cancer (hazard
ratio, 1.25; 95% CI, 1.24 -1.26) [38]. The overall 28-d mortality rate in
our cohort was 6.9%, with rates ranging from 5.4% to 12.3% across
clusters, consistent with previous reports [39].

Many studies have established scoring systems for risk stratification in
the ED [6]. However, traditional scoring systems have limitations when
applied to patients who meet the Sepsis-3 criteria (SOFA score = 2).
Sepsis-3 diagnostic criteria narrow the sepsis population, potentially
leading to false negatives and resulting in delayed or missed diagnoses
[40]. In the difficult cases in recognition of sepsis including hidden
infection, atypical presentations, combined cases, or missed case in ED
crowding, previous studies still emphasizes the importance of sepsis

alert systems to prevent the mistakes [13-15, 41].



Therefore, to prevent the mistakes or missed case, clustering analysis
combined with AI could be optimized for the sepsis-3 criteria helping to
uncover the hidden biological elements of sepsis. Given the complex
biology of sepsis, the potential role of metabolic biomarkers, and existing
knowledge gaps among healthcare workers, understanding the clinical
phenotypes of sepsis through clustering and Al is essential [42, 43]. Al-
driven clustering may indicate that multimodal factors are the key
predictors of sepsis.

Treatment tailoring has become more prevalent in recent years as the
prediction of outcomes using simple scoring systems alone is increasingly
limited. The primary goal of identifying clinical phenotypes and host
responses related to clinical outcomes is to provide additional guidance
for healthcare providers working in diverse and complex environments.
Given the high mortality rate associated with sepsis, a personalized
approach to treatment is essential, as different phenotypes may respond
differently to various treatment strategies [10, 12]. According to Aaron et
al., identifying these phenotypes enables personalized care [11].
Understanding these phenotypes using our method would be valuable for
identifying sepsis and managing patients in ways that account for
individual differences in clinical practice.

Clinically, the result of cluster allocation using an Al-based clustering
algorithm can be applied in many ways. The result of phenotyping can be
used as the decision support tool to predict sepsis severity, augment

recognition and proactive intervention. If the patient is categorized into



Cluster A or B, physicians predict a higher likelihood of poor prognosis,
may initiate blood cultures, administer antibiotics, and begin close
monitoring even before manual calculation of the SOFA score. Since
clusters enable the process evaluation including time to antibiotics
subanalyses, physicians can understand the phenotypes of the patient
and discuss the disposition of the patient with other department based on
the results in Table 2. Also, phenotyping result provides a backup safety
net for complex and hidden sepsis, and addresses missed or late
identification that contributes to patient harm and medico-legal
exposure[13].
The Al-based clustering model presented in this stuudy should be
regarded as a supplementary tool for clinical decision-making, rather
than a definitive diagnostic guide. Importantly, we did not use supervised
outcome labels to drive the initial clustering. This preserves unbiased
phenotype discovery while allowing the neural network to function only
as a refinement tool to improve cluster boundary reliability. The
refinementep is intended to clarify k-means boundary assignments using
continuous cluster index information, rather than to claim superior
classification accuracy, which is not directly definable in unsupervised
phenotype discovery.

This approach, which integrates multiple clinical variables, may assist
in identifying complex sepsis phenotypes and supporting timely
therapeutic decisions, particularly in cases with heterogeneous clinical

features or when physicians face challenges interpreting the trajectory of



sepsis due to disease severity. From a clinical perspective, the primary
value of this framework lies not in demonstrating superior classification
accuracy, but in providing an early decision-support safety net in
complex emergency department environments. Missed or delayed
recognition of sepsis due to atypical presentations, hidden infection, or
ED crowding remains a preventable harm [13, 44, 45]. By offering
phenotype classification before formal SOFA calculation, Al-based
clustering may support earlier escalation, closer monitoring, and timely
antibiotic administration in patients at risk of deterioration [46, 47]. In
such contexts, Al-driven clustering output may serve as an additional
reference to enhance physician judgment, including guidance on
antibiotic administration timing. Therefore, the clustering results may
provide additional guidance for physicians by characterizing the clinical
phenotypes of each of the {ive clusters.

This study has several limitations. First, the data was obtained from a
single center, meaning that the groupings may not apply to other
hospitals or settings. Second, cluster analysis requires a larger volume of
data to capture the underlying risk in the acquisition environment
effectively. Third, the black-box nature of Al algorithms limits
interpretability, warranting caution in their clinical applications. As
emphasized in prior studies on explainable Al in emergency medicine
[48], such models should be used in conjunction with established clinical
assessments to ensure safe and effective implementation. Fourth,

excluding patients with false-positive suspected infection may limit



applicability to real-world clinical environments. Fifth, causal inference
cannot be made due to the retrospective observational design.”Finally,
after implementing our method in real clinical practice, further feedback
through sepsis surveillance will be essential for refinement and
validation.

Despite these limitations, this study demonstrated the value of using
cluster analysis and artificial intelligence to classify clinical phenotypes
among patients with suspected sepsis in the ED. When the model is
expanded to a multicenter level with external validation, phenotype
identification may be instrumental in risk stratification and guiding

future clinical management strategies.

Conclusion

The artificial intelligence inodel generated five distinct clusters of
patients with suspected sepsis who visited the ED. These phenotypes
exhibited different clinical characteristics and outcome patterns. While
these findings suggest potential value for future risk stratification,
prospective external validation is needed to determine how phenotype

information may assist clinical decision.
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Figure legends

Fig.1 Flowchart.

Fig.2 The framework for the overall process analysis.

Fig. 3 Clustering plot from distance values of vital signs and laboratory
values. CI values are continuous; apparent banding may be accentuated
by downsampling for print-scale visualization.Fig. 4 Inputs for proposed

artificial intelligence model from distance values.

Fig. 5 Training process of model for classifying distance values of vital
signs and laboratory values.

Fig. 6 Spline curve of time to antibiotic administration and 28-d
mortality stratified by clusters: (A) all clusters shown in a single graph;

(B) each cluster presented in individual graphs.



Table 1 Baseline characteristics of the five clusters

Overall A B C D E P-
value
n 14,402 3,340 980 3727 4146 2.209
Sex 7 838 (54.4) 1,842 (55.1) 511 (52.1) 2,024 (54.3) 2.246 (54.2) 1,215 (55.0) 0.53
Age 63.4 (52.8-73.5) 63.7 (53.3-73.6)  65.8 (56.2-75.1) 63.2 (52.6-73.4) S%'g)m'l' 63.5 (52.2-73.4) <0.001
119.0 (104.0-  117.0 (101.0- 97.0 (85.0- 120.0 (105.0-  122.0 (108.0-  122.0 (109.0-
SBP_0 (mmHg) 136.0) 135.0) 118.0) 137.0) 138.0) 138.0) <0.001
DBP_0 (mmHg) 71.0 (61.0-81.0) 69.0 (59.0-80.0)  59.0 (52.0-69.0) 72.0 (63.0-82.0) 72.0 (64.0-82.0) 73.0 (64.0-82.0) <0.001
. 100.0 (87.0- 101.0 (88.0- 106.0 (90.0- 100.0 (87.0- 99.0 (86.0- 100.0 (87.0-
HR_0 (/min) 115.0) 116.0) 122.0) 115.0) 113.0) 114.0) <0.001
RR_0 (min) 18.0 (18.0-20.0) 18.0 (18.0-20.0)  18.0 (18.0-20.0) 12.0 (15.0-20.0) 18.0 (18.0-20.0) 18.0 (18.0-20.0) <0.001
BT 0 37.6 (36.9-38.3) 37.6 (36.9-38.4) 37.7 (36.8-38.5) 37.6 (36.9-38.3) 37.6 (36.9-38.3) 37.5(36.9-38.3) 0.31
Sa02 97.0 (95.0-99.0) 97.0 (95.0-99.0)  97.0 (95.0-98.0) 97.0 (95.0-99.0) 98.0 (96.0-99.0) 97.0 (95.0-99.0) <0.001
DSI 0 1.41 (1.17-1.68) 1.45 (1.20-1.75)  1.73 (1.41-2.09) 1.39 (1.16-1.65) 1.37 (1.15-1.60) 1.37 (1.14-1.61) <0.001
SSI 0 0.84 (0.68-1.01) 0.86 (0.70-1.04)  1.03 (0.84-1.28) 0.82 (0.67-1.0)  0.81 (0.66-0.96) 0.81 (0.67-0.97) <0.001
SBP_s (mmHg) 83.0 (78.0-87.0) 83.0 (78.0-87.0)  83.0 (78.0-87.0) 83.0 (78.0-87.0) 85.0 (75.0-87.0) 28'20()71'50' 0.89
DBP_s (mmHg) 51.0 (46.0-56.0) 52.0 (46.0-56.0)  51.0 (46.0-56.0) 51.0 (46.0-56.0) 52.0 (46.0-56.0) gg.cs)o(;mo- 0.69
. 101.0 (86.0- 101.0 (85.25- 102.0 (86.0- 101.0 (85.50-  92.0 (83.0- 111.0 (97.0-
HR_s (/min) 119.0) 118.0) 120.0) 118.0) 114.0) 116.0) 0.37
RR_s (/min) 20.0 (18.0-22.0) 20.0 (17.0-22.0) ;g.(s)g)(w.o- 19.0 (18.0-22.0) 20.0 (18.0-23.0) 18.0 (16.0-24.0) 0.87
BT s g;g? (36.8- 37.40 (36.8-38.2) 37.4 (36.7-38.2) 37.4 (36.8-38.2) 37.7 (37.1-38.6) 37.4 (36.7-37.7) 0.33
WBC (103/pL) 919 (5.6-13.2) 9.34 (5.5-13.4)  9.13 (4.6-13.5) 9.15(5.7-13.3) 9.2 (5.8-13.0) 9.0 (5.5-12.8)  0.22
198.0 (122.0-  194.0 (119.0- 169.5 (90.0- 203.0 (126.0-  202.0 (126.8-  202.0 (126.0-
3
Platelet (10°/pL) .-, 273.50) 258.8) 277.0) 275.0) 280.0) <0.001
ANC 71 (3.84-10.77) 7.3 (3.83-10.97) 7.1 (3.2-11.4) 7.0 (4.0-10.8) 7.0 (4.0-10.6) 6.9 (3.7-10.5)  0.09
Albumin (mg/dL)  3.80 (3.30-4.20) 3.70 (3.20-4.20)  3.40 (2.90-3.90) 3.80 (3.30-4.20) 3.80 (3.30-4.20) 3.80 (3.30-4.20) <0.001




Bilirubin (mg/dL)
Creatinine (mg/dL)

CRP (mg/dL)

Procalcitonin
(ng/mL)

Lactate (mmol/L)
Infection focus
Respiratory
Gastrointestinal
Urinary

Others

Comorbidities

Chronic Cardiac
disease

Chronic Lung
disease
Metastatic Cancer

Chronic Liver
disease
Chronic Renal
disease

Delta SOFA
score=2

SOFA_max

0.70 (0.40-1.20)

0.85 (0.66-1.16)

6.66 (2.42-
13.55)

0.21 (0.07-1.05)
1.58 (1.16-2.30)

3,520 (24.4)
1,782 (12.4)
3,762 (26.1)
5,338 (37.1)

1,760 (12.2)
1,151 (8.0)
2,387 (16.6)
1,105 (7.7)
1,392 (9.7)
5,589 (44.2)
2.0 (1.0-4.0)

0.70 (0.40-1.20)
0.87 (0.67-1.19)

7.05 (2.58-13.80)

0.24 (0.07-1.52)
1.64 (1.18-2.44)

834 (25.0)
446 (13.4)
835 (25.0)
1,225 (36.7)

433 (13.0)

272 (8.1)
606 (18.1)
268 (8.0)

319 (9.6)

1,379 (46.9)
3.0 (1.0-5.0)

0.80 (0.50-1.40)

0.95 (0.69-1.52)

8.14 (3.05-
16.92)

0.77 (0.14-5.83)
2.16 (1.41-3.46)

238 (24.3)
107 (10.9)
271 (27.7)
364 (37.1)

142 (14.5)

69 (7.0)
189 (19.3)
68 (6.9)
85 (8.7)

594 (71.1)
5.0 (3.0-8.0)

0.70 (0.40-1.20)

0.85 (0.66-1.16)

6.66 (2.41-
13.42)

0.20 (0.06-0.94)
1.56 (1.14-2.27)

909 (24.4)
480 (12.9)
981 (26.3)
1,357 (36.4)

164 (12.4)

292 (7.8)
558 (15.0)
276 (7.4)

372 (10.0)

1410 (42.9)
2.0 (1.0-4.0)

0.70 (0.40-1.20)

0.81 (0.65-1.11)

6.16 (2.28-
12.64)

0.17 (0.06-0.69)
1.51 (1.12-2.11)

985 (23.8)
502 (12.1)
110 (26.5)
1,559 (37.6)

447 (10.8)

338 (8.2)
630 (15.2)
309 (7.5)

407 (9.8)

1,425 (38.9)
2.0 (1.0-4.0)

0.70 (0.40-1.20)

0.84 (0.66-1.10)

6.58 (2.26-
13.53)

0.19 (0.06-0.67)
1.52 (1.15-2.08)

554 (25.1)
247 (11.2)
575 (26.0)
833 (37.7)

274 (12.4)

180 (8.1)
404 (18.3)
184 (8.3)

209 (9.5)

781 (40.7)
2.0 (1.0-4.0)

0.002
<0.001

<0.001

<0.001

<0.001
0.35

0.005

0.80
<0.001
0.50

0.77

<0.001
<0.001

The data are presented as median (IQR) for continuous variables and as numbers (%) for categorical variables. JOR

interquartile range, /S O initial vital signs, /S svital signs at the time of shock, SBP systolic blood pressure, DBP diastolic

blood pressure, AR heart rate, RR respiratory rate, B7body temperature, SOFA Sequential Organ Failure Assessment, WBC

white blood cell count, ANC absolute neutrophil count, CRP C-reactive protein, SOFA max maximal SOFA score within h after

ED arrival



Table 2. Clinical outcomes and sepsis interventions of the five clusters

Overall A B C D E p-

value

28-d mortality 989 (6.9) 280 (8.4) 121 (12.3) 233 (6.3) 236 (5.7) 119 (5.4) <0.001

In-hospital mortality 676 (4.7) 194 (5.8) 86 (8.8) 163 (4.4) 160 (3.9) 73 (3.3) <0.001

. 166.0 (94.00- 167.5 (94.0- 195.0 (98.0- 167.0 (93.0- 163.0 (93.0- 164.0 (92.0-

Hospital length of stay 5,/ ) 311.0) 377.0) 312.0) 304.0) 307.8) 0.001

Intensive Care Unit 853 (5.9) 239 (7.2) 181 (18.5) 210 (5.6) 137 (3.3) 86 (3.9) <0.001

admission

*Septic shock 1,118 (7.8) 371 (11.1) 302 (30.8) 238 (6.4) 141 (3.4) 66 (3.0) <0.001

Vasopressor use 1,695 (11.8) 539 (16.1) 406 (41.4) 381 (10.2) 245 (5.9) 124 (5.6) <0.001

ﬁi?hamcal Ventilator ;. , 5 120 (3.6) 70 (7.1) 1(2.2) 49 (1.2) 37 (1.7) <0.001

Time to vasopressor use p 459 (11.1- 43.6 (11.2-

P 6.3 (2.3-33.1) 4.4(1.9-13.2) 3.3 (1.5-6.3) 7.9(2.647.0) 1200 254.3) <0.001

3::?::)‘"‘ Of vasopressor ., s ;9435  22.0(9.0-46.3) 20.5(9.0-39.6) 18.4 (6.1-38.6) 24.6 (6.4-52.8) 17.7 (6.4-40.3)  0.08

(Tl‘l')“e to antibiotics use | 4 4 2.3 (0.9-4.1) 1.5 (0.5-3.1) 2.4 (1.0-4.4) 2.5 (1.2-4.6) 2.5 (1.1-4.7) <0.001

*Patients who met the septic shock criteria according to the new Sepsis-3 definition, characterized by persistent hypotension
requiring vasopressors to maintain a mean arterial pressure of =65 mmHg and a serum lactate level >2 mmol/L despite

adequate volume resuscitation



Table 3. Univariable and multivariable logistic regression analyses of the effect of antibiotic

administration within 3 hours on 28-d mortality stratified by clusters

Cluster OR 95% CI p-value aOR! 95% CI p-value
A 1.22 0.94-1.59 0.13 0.73 0.54-0.98 0.037

B 1.47 0.93-2.40 0.11 0.67 0.40-1.16 0.14

C 1.46 1.10-1.94 0.009 0.92 0.67-1.27 0.60

D 1.16 0.89-1.53 0.27 0.88 0.65-1.20 0.42

E 0.84 0.58-1.23 0.37 0.59 0.39-0.89 0.013

OR odds ratio, CI/ confidence interval, aOR adjusted odds ratio; 'Adjusted variables included the respiratory cause of infection,
age, initial lactate levels >2 mmol/L, and the SOFA max score



17733 Assessed for eligibility

3331 excluded
465 Transferred from another hospital
572 Patients who had limitations on invasive care
108 Cardiac arrest
596 Transierred to another hospital during treatment
1149 Non-infection
441 inadequate data (no vital signs, etc.)

_

14402 patients with suspected infection were included

2011 Among above suspected infection, patient with
Hypotension within 6 hours from ED arrival




Data Acquisition

Vital signs and Clinical laboratory
data at ED arrival (initial)

shock onset within 6 hours from ED

@ Additional Vital signs at the time of
arrival (Shock)

Preprocessing and Clustering

Distance Calculation with Normalization and
combining of using distance values
(distance_initial and distance_shock)

® Distance-based clusters
® ‘3. (Unsupervised Machine-
S learning-based Clustering)

Applying Al model

Artificial Intelligence model with encoding of
distance values as color images

CNN model trained with 14,402 images

L

Phenotype analysis

Clinical outcomes and
sepsis interventions of the 5 clusters




Distance

values

20 | e

15 .— Cluster E
ehlinbhnaitoniaalaSmtitls oo

10 N e aeeemeeeesmm»  Cluster C

5
SR AR ClusterB

0 _.o-— Cluster A
o
0 4000 8000 12,000 Total number of

objectives



Distance

B I

Cluster A Cluster B Cluster C Cluster D Cluster E




Training - |
7
loss

0 5 10
Training epochs



A Log Odds Stratified by Cluster5: Time to Antibiotics vs. 28-day Mortality (Reference time set to 3 hours) B Log Odds Stratified by Clusier5: Time to Antibiotics vs. 28-day Mortality (Reference time set to 3 hours)
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