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Abstract

Background Sepsis is a major global health problem. However, it lacks a true reference standard for case identifica-
tion, complicating epidemiologic surveillance. Consensus definitions have changed multiple times, clinicians struggle
to identify sepsis at the bedside, and differing identification algorithms generate wide variation in incidence rates. The
two current identification approaches use codes from administrative data, or electronic health record (EHR)-based
algorithms such as the Center for Disease Control Adult Sepsis Event (ASE); both have limitations. Here our primary
purpose is to report initial steps in developing a novel approach to identifying sepsis using unsupervised cluster-

ing methods. Secondarily, we report preliminary analysis of resulting clusters, using identification by ASE criteria

as a familiar comparator.

Methods This retrospective cohort study used hospital administrative and EHR data on adults admitted to inten-
sive care units (ICUs) at five Canadian medical centres (2015-2017), with split development and validation cohorts.
After preprocessing 592 variables (demographics, encounter characteristics, diagnoses, medications, laboratory tests,
and clinical management) and applying data reduction, we presented 55 principal components to eight different
clustering algorithms. An automated elbow method determined the optimal number of clusters, and the optimal
algorithm was selected based on clustering metrics for consistency, separation, distribution and stability. Cluster
membership in the validation cohort was assigned using an XGBoost model trained to predict cluster membership
in the development cohort. For cluster analysis, we prospectively subdivided clusters by their fractions meeting ASE
criteria (= 509% ASE-majority clusters vs. ASE-minority clusters), and compared their characteristics.

Results There were 3660 patients in the development cohort and 3012 in the validation cohort, of which 21.5%
(development) and 19.1% (validation) were ASE (+). The Robust and Sparse K-means Clustering (RSKC) method
performed best. In the development cohort, it identified 48 clusters of hospitalizations; 11 ASE-majority clusters
contained 22.4% of all patients but 77.8% of all ASE (+) patients. 34.9% of the 209 ASE (-) patients in the ASE-majority
clusters met more liberal ASE criteria for sepsis. Findings were consistent in the validation cohort.

Conclusions Unsupervised clustering applied to diverse, large-scale medical data offers a promising approach
to the identification of sepsis phenotypes for epidemiological surveillance.
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Take-home message

This study is the first to develop and explore unsuper-
vised clustering methods for sepsis identification with-
out a priori labeling, using large-scale medical record
data from adults admitted to intensive care units at five
Canadian medical centres, 2015-2017. The best-per-
forming algorithm emerged from evaluation of eight
clustering methods to identify sepsis, representing a
promising direction for real-world sepsis identification.

Introduction

The World Health Organization (WHO) recognizes sur-
veillance as essential to improve disease prevention and
outcomes [1, 2]. It recognizes sepsis as a global health
priority, and in 2017 called on countries to implement
epidemiologic surveillance to monitor sepsis incidence
and outcomes.

Estimated to affect 49 million people annually, and
cause 20% of global deaths [3], there are important con-
troversies about sepsis definition and identification. In
the most recent consensus-based conceptualization, sep-
sis is “life-threatening organ dysfunction caused by a dys-
regulated host response to infection” [4]. However, sepsis
is a syndrome lacking a true reference standard for case
identification, and consensus definitions have changed
multiple times over the past 25 years [4, 5]. Clinicians
struggle to identify sepsis at the bedside [6, 7], and differ-
ing identification algorithms generate wide variation in
incidence rates [8].

The two identification approaches currently used for
sepsis epidemiological studies are code-based algorithms
using hospital administrative data [9, 10] and electronic
health record (EHR)-based algorithms such as the Adult
Sepsis Event (ASE) criteria [11, 12]. Both begin by defin-
ing sepsis as concomitant infection and acute organ
dysfunction, and seek to identify hospitalized patients
having both. Implicitly for code-based approaches, and
explicitly for the EHR-based approaches, there are mini-
mum thresholds for the degree of organ dysfunction,
e.g., the ASE criteria defines acute hepatic dysfunction
as total bilirubin > 34.2 umol/L and increased 100% from
baseline [12]. The ASE criteria also include a minimum
duration for antimicrobial therapy, and a maximum
interval between appearance of infection and acute organ
dysfunction. However, such thresholds overlook that fact
that the processes underlying infection-induced acute
organ dysfunction constitute a continuum from very
mild to very severe. By missing the full clinical range,
threshold-based identification algorithms almost cer-
tainly underestimate the population burden of sepsis [13,
14].

Here, we describe the initial developmental steps
of a novel approach to identification of sepsis for
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epidemiologic purposes, applying unsupervised machine
learning clustering algorithms to population-based
health data. These algorithms can detect patterns in
large data sets, making them well-suited for identify-
ing the full spectrum of sepsis subphenotypes, seeking
to move toward more holistic identification without any
a priori definition of a complex condition lacking a true
reference standard [15, 16]. Real-time identification of
patients with sepsis or at high risk of sepsis, with the goal
of reducing sepsis mortality through early recognition
[17], is distinct from epidemiologic surveillance, and is
not part of our work.

For this first report of our novel approach, our primary
aim was to describe and externally validate our unsuper-
vised learning methods, emphasizing technical consid-
erations of cluster consistency, separation, distribution,
stability and reproducibility. Our secondary aim was
to perform analyses on the initial clustering results to
begin assessing the potential of unsupervised clustering
for identifying sepsis. For this secondary purpose, using
ASE criteria as a comparator—not a reference standard—
we subdivided and compared clusters by their fraction
meeting the ASE criteria (ASE-majority vs. ASE-minor-
ity clusters). We hypothesized that within ASE-majority
clusters, many ASE (—) members would be similar to the
ASE (+) members, being abnormal but not meeting the
set ASE thresholds.

Methods

We conducted a retrospective cohort study including
the first hospitalization of adult patients that required
ICU admission in the Calgary Health Region of Can-
ada between April 2015 and March 2017. This region
includes two teaching hospitals, and three other large
urban hospitals.

We linked inpatient and outpatient administrative and
electronic data from multiple sources: the Discharge
Abstract Database (DAD), National Ambulatory Care
Reporting System (NACRS), Sunrise Clinical Manager
(SCM) EHR, and eCritical Alberta (eTable A1). The study
was approved by the Conjoint Health Research Ethics
Board of the University of Calgary (REB21-0921).

We serially performed data preparation, variable selec-
tion, model building, interpretation, and external vali-
dation (Fig. 1). Modelling comprised two parts, yielding
a prediction tool without using any a priori labelling of
patients. First, unsupervised clustering identified sub-
groups sharing similarities in underlying relationships
among variables. Being independent of pre-assigned defi-
nitions of clinical entities such as sepsis (‘labels’) allowed
the data to “speak for itself” in subdividing patients into
subgroups. Then, using the same variables, we applied
supervised, eXtreme Gradient Boosting (XGBoost) [18]
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to create a multi-class model predicting membership in
the clusters derived from unsupervised clustering. This
allowed for the use of diagnostic tools available after
XGBoost to better understand the nature of, and differ-
ences between, clusters, and enabled external validation.
Analyses were performed using R version 4.3.1 and SAS®
Enterprise Guide®7.1.

Data pre-processing and variable reduction

We pre-processed 592 patient variables, encompass-
ing encounter characteristics, demographics, diagnoses,
medications, laboratory tests, and clinical management
(eTable C2). As our goal was not real-time identification,
we included variables across the timespan of the hospi-
tal encounter. We assessed for the 31 chronic comorbid
conditions described by Elixhauser et al. [19] identified
from hospital administrative data, using established ICD-
10-CA coding [20]. We converted categorical variables
into binary indicators, and standardized continuous
variables to prevent domination by extreme value ranges
[21]. We imputed missing values as the mean of available,
non-missing values (eTables C1, C2) [22, 23]. Vital signs
and laboratory tests measured multiple times during hos-
pitalization were summarized by calculating the mini-
mum, maximum, and standard deviation over time (see
eTable C2), reflecting extremes and fluctuations in each
patient’s physiological state. We removed pre-processed
variables if: they had < 1% prevalence; there was evidence
of high collinearity with others; they were determined
as clinically irrelevant or redundant based on a quality
assurance review by clinical experts (e.g., blood—urea—
nitrogen, often recorded under different names in EHRs,
such as “BUN” and “UREA’, was considered duplica-
tive; the variables were reconciled and the duplicate was
excluded); they were timing variables as we included the
relevant derived time intervals (e.g., admission/discharge
date removed, length of stay retained); and if they were
direct outcome variables (ASE sepsis indicator, death).
The expert review served solely as quality assurance to
verify clinical relevance and identify data quality issues,
without influencing variable selection or the data-driven
modeling process.

After pre-processing we performed variable reduction
via the Kaiser—Meyer—Olkin test (KMO) [24], followed
by Principal Component Analysis (PCA) [25]. KMO
assesses whether PCA is suitable for a data set, with low
values indicating ineffective PCA, we removed variables
with KMO <0.6 [26]. PCA replaces the original variables
with a smaller number of linear combinations (prin-
cipal components) encompassing most of the original
information content. We retained principal components
to include 95% of total variance [26]. We chose these
thresholds based on established guidelines in PCA and
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exploratory factor analysis [26, 27]. Although KMO of 0.6
is considered on the lower end [28], it allows us to pre-
serve the richness of the data set and explore the complex
variable relationships among ICU patients while main-
taining established statistical standards.

Clustering analysis for patient segmentation

We assessed eight unsupervised clustering algorithms
(eTables A2, A3). These included distance-based
approaches (K-means [29] and Mini-Batch K-means [30])
which excel at identifying clusters with a minimal within-
cluster variance), Weighted K-means [31] for its feature
prioritization capabilities, Robust and Sparse K-means
Clustering (RSKC) [32] for its resilience to outliers and
high-dimensional data, probability-based Gaussian Mix-
ture Modeling (GMM) [33], adept at handling clusters of
varying shapes and sizes, Clustering LARge Applications
(CLARA) [34] for its efficiency with large data sets, Self-
Organizing Maps (SOM) [35] for managing complex data
structures, and regularized Deep Clustering with Auto-
Encoder (DCAE) [36] for its proficiency in feature extrac-
tion of high-dimensional data.

We used an automated elbow method to determine the
optimal number of clusters for each method [37]. This
runs an algorithm across a range of cluster counts (here
2-120), seeking the maximum within-cluster similarity,
measured as the sum of squared intra-cluster distances.
The optimal number is where the rate of decrease in this
measure sharply falls, resembling an elbow on a scree
plot [38].

Cluster performance evaluation

We used the first year of data for the model development
and applied five internal clustering metrics to compare
cluster consistency, separation, and distribution from
the algorithms. Silhouette coefficient [39] measures clus-
ter consistency, evaluating how similar an observation is
to its cluster vs. the others; higher values indicate better
matching to its own cluster. Davies—Bouldin (DB) index
[40] measures cluster separation by averaging the maxi-
mum similarity across all clusters; lower values indicate
more distinct clusters. Calinski—Harabasz (CH) index
[41] is the ratio of cumulative between-cluster to within-
cluster dispersion; higher values indicate better-defined
clusters. Shannon Diversity index [42] measures the data
set diversity by evaluating how evenly data points are dis-
tributed among clusters; higher values signify more bal-
anced distribution among clusters, with no single cluster
disproportionately dominating. Gini index [43] meas-
ures inequality in cluster sizes; ranging from 0 (all clus-
ters equal in size) to 1 (one cluster includes all subjects).
We ranked the eight algorithms using each of the five
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metrics, with lower ranks indicating better performance;
overall ranking was the sum of the individual ranks.

Moving forward only with the two algorithms with the
best (lowest) overall ranking, we selected the globally
best-performing algorithm as the one with the best clus-
tering stability, which helps ensure result reliability and
robustness [44]. We evaluated clustering stability with the
subsampling stability estimation method [45, 46]; gener-
ating 200 subsamples each containing a random 80% of
the original data. Then, each clustering algorithm was
applied 100 times on each subsample to test the impact
of initialization and parameter settings. We quantified
stability as the Adjusted Rand Index (ARI) [47], and Nor-
malized Mutual Information (NMI) [48], which measures
agreement between different clustering runs on the same
subsample. Means and standard deviations (SD) for these
metrics were calculated across subsamples, with cluster-
ing stability assessed by the coefficient of variation (CV),
with lower CV indicating better stability. A diagram of
the cluster performance evaluation strategy is shown in
eFigure Al.

Assessing differential characteristics of clusters

For each cluster output produced by the XGBoost model,
we used the Shapley Additive exPlanation values (SHAP)
[49] seeking to identify the most impactful features and
the key characteristics that distinguish it from the oth-
ers. We also compared categories of primary diagnosis
by cluster. For this purpose we used ICD-10-CA-coded
diagnoses in hospital administrative data. Specifically we
used the Most Responsible Hospital Diagnosis (MRHD)
from the DAD, defined as the diagnosis responsible for
the greatest portion of the length of stay [50], which we
categorized into the 21 ICD-10 chapters [51, 52]. We
did not use admission diagnosis, because: (a) it is not a
required field in Canadian hospital abstracts, and (b) that
designation is known to have poor abstraction-reab-
straction consistentcy [53].

Cluster interpretation
We calculated the percentage of ASE (+) cases in each
cluster, and subdivided them into the ASE-majority clus-
ters (>50% ASE) and the ASE-minority clusters (<50%
ASE). Within the ASE-majority clusters, we compared
ASE (-) to ASE (+) patients using standardized differ-
ences interpreted as [54]: negligible (0<d<0.2), small
(0.2<d<0.4), medium (0.4<d<0.8), and large (d>0.8).
We compared distributions of key laboratory results
using density plots and boxplots. To help visualize cluster
separation, we plotted individuals on the first two princi-
pal components.

We compared our new method of identifying sepsis
patients with the ASE criteria. We assessed whether ASE
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(—) members of the ASE-majority clusters met more lib-
eral thresholds for one or more of: organ dysfunction,
interval between infection and organ dysfunction, and
antimicrobial duration (eTable A5). This sensitivity anal-
ysis was performed to investigate whether the observed
heterogeneity in ASE status within clusters was due to
the strict nature of the original ASE thresholds rather
than differences in the underlying clinical characteristics
captured by our clustering approach. We also compared
the ASE (+) members of the ASE-majority clusters and
the ASE-minority clusters.

Clinical expert evaluation of clusters

Two clinical ICU experts (AG, JZ), working indepen-
dently and blinded to outcome variables (e.g., ASE label,
sepsis/septic shock ICD codes, and mortality), assessed
the 48 clusters, by the best-performing algorithm from
the development cohort. They assigned them to clinical
categories and identified distinguishing clinical charac-
teristics within categories, using summary statistics of
patient characteristics including 110 comorbidity condi-
tions and 68 demographic, laboratory, and medication
variables. They then met virtually to reach consensus on
the final labels and characteristics.

External validation

We conducted external validation using the second year
of data. We used the XGBoost model, trained to predict
cluster membership in the development cohort, to assign
all validation cohort subjects to one of the 48 clusters.
The model was developed using the same 72 variables
that passed the KMO filtering criterion, with the goals of
predicting cluster membership likelihood for each patient
and creating a reusable model for new data. We applied
Bayesian Optimization for automatic XGBoost hyper-
parameter tuning, such as the learning rate, tree depth,
subsample ratio of the training instances, and number of
cross validation folds, to maximize performance while
avoiding overfitting [55]. The trained model assigned
cluster labels to the validation cohort based on predicted
probabilities, with each patient assigned to the cluster
corresponding to the highest probability. Proportions of
ASE (+) cases by cluster were compared between the two
cohorts [56]. We assessed for differences between the
development and external validation cohorts as standard-
ized differences [54].

Results

Primary aim: clustering methods

The development and validation cohorts comprised,
respectively, 3660 and 3012 unique ICU patients, with
similar characteristics (Table 1, eTable B1). Ten vari-
ables had >0.6% missing data related to laboratory tests,
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Table 1 Patient characteristics of patient cohorts. Values are n (%) unless otherwise indicated

Characteristic

Development cohort

External validation  Standardized difference

N (%) unless otherwise indicated April 2015-March 2016 cohort between the two
N=3660 April 2016-March cohorts
2017
N=3012
Age, median (interquartile range [IQR]) 62 (52-73) 62 (52-72) 0.03
Female 1315 (36) 956 (32) 0.09
Clinical characteristics during hospitalization
Admitted via emergency department 2430 (66) 1,944 (65) 0.04
ICU length of stay, median (IQR) 3(2-5) 3(2-5) 0.04
Hospital length of stay, days, median (IQR) 8 (5-17) 7 (4-15) 0.09
Received invasive mechanical ventilation 1427 (39) 1198 (40) 0.02
Blood culture collected 1348 (37) 960 (32) -0.10
Received antimicrobial medications 2163 (59) 1682 (56) -0.07
For 2 or more consecutive days 1979 (54) 1528 (51) -0.07
Received intravenous vasopressor therapy 684 (19) 481 (16) —-0.07
Highest serum lactate (in mmol/L), median (IQR) 26(1.6-4.8) 26(1.7-4.7) 0.02
Highest serum creatinine (in umol/L), median (IQR) 95 (77-128) 97 (80-123) 0.03
Highest serum total bilirubin (in pmol/L), median (IQR) 11(7-19) 11(7-18) 0.05
Lowest serum platelet count (in 10%/L), median (IQR) 166 (120-212) 168 (121-212) -0.02
In-hospital mortality 419(11) 320(11) -0.03
Sepsis cases by comparator criteria
Adult Sepsis Event (ASE) definition 787 (21.5) 576 (19.1) -0.06

Thresholds for the absolute values of standardized differences: 0 <d <0.2 negligible effect size; 0.2 <d < 0.4 small effect size (*); 0.4 <d <0.8 medium effect size (**);

d>0.8 large effect size (***). See eTable B1 for additional characteristics

with highest missingness (40.3%) for serum lactate
(eTable C2).

Of 592 original variables, 231 met pre-processing cri-
teria, of which 72 passed the KMO filtering criterion,
leading to 55 principal components that included 95% of
total original variance that were used in all subsequent
modelling, but cannot be simply interpreted in terms of
the original variables. Organized in descending order of
original information content, the first two components
explained, respectively, 22.3% and 7.3% of total variance.

In the development cohort, the optimal number of
clusters was 48 for all eight clustering algorithms (eTa-
ble B2, eFigure B1). Over the five internal evaluation met-
rics, K-means and RSKC were the top-ranked algorithms
(Table 2). As RSKC demonstrated much greater subsam-
pling stability compared to K-means (eFigure B2), it was
used exclusively for all subsequent analyses.

Secondary aim: cluster analysis

In the development cohort, 787 (21.5%) patients were
ASE (+) (Table 1). Eleven clusters containing 821 patients
comprised the ASE-majority clusters; of which 612
(74.5%) were ASE (+), representing 77.8% of all ASE (+)
subjects in the cohort (eTables B4, B6, B7). In contrast, of
2839 patients in the 37 ASE-minority clusters, only 175

(6.2%) were ASE (+), representing 22.2% of all ASE (+)
subjects.

Consistent with the clinical heterogeneity of sepsis,
the XGBoost feature importance heatmap and top fea-
tures by SHAP found no evidence of consistent pat-
terns or dominant features in the ASE-majority clusters
(eFigure B3, eTable B4). Regarding the most common
category of MRHD, there was more variation within the
ASE-majority vs. ASE-minority clusters, as manifested in
two ways. First (1st and 4th data columns of eTable B5),
just three diagnostic categories contained the most com-
mon MRHD for all 37 ASE-minority clusters, with dis-
eases of the circulatory system being that category for
81% of 37 clusters. This is consistent with the known
dominance of cardiovascular disorders as reasons for
admission to hospitals and ICUs [57, 58]. On the other
hand, among the 11 ASE-majority clusters, five differ-
ent categories were represented (respiratory; infectious;
circulatory; digestive; external causes including injury
and poisonings), with none representing more than 37%
of those 11 clusters. Second (2nd and 5th data columns
of eTable B5), within the most common categories of
MRHD, patients were less concentrated for ASE-majority
vs. ASE-minority clusters. Third (3rd and 6th data col-
umns of eTable B5), ASE cases were more concentrated
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Table 2 Internal cluster validation statistics in the development cohort of different clustering methods

Method Silhouette Davies-Bouldin Calinski-Harabasz = Shannon diversity  Gini index (rank®) Final rank®

coefficient (rank') index (rank?) index (rank?) index (rank*)

K-Means -0.133(2) 8.330 (4) 73.175(2) 3.568 (4) 0.481 (1) 1

RSKC —0.153 (4) 7.874(3) 56.49 (4) 3.701 (2) 0.487 (2) 2

CLARA -0.123 (1) 6319 (2) 55.568 (5) 2.900 (7) 0.523 (6) 3

SOM —0.174 (5) 10.963 (7) 110.067 (1) 3.353(5) 0492 (4) 4
Regularized DCAE -0.142 (3) 9.538 (6) 58.503 (3) 3.712(1) 0.529 (8) 5

GMM —0.189 (6) 8.638 (5) 54859 (6) 3.646 (3) 0.510(5) 6

Mini Batch K-Means -0.230(7) 4214 (1) 53357 (7) 2.595 (8) 0.528 (7) 6
Weighted K-Means -0.614(8) 17693 (8) 1473 (8) 3.229 (6) 0.491 (3) 8

The bolded values indicate the top two algorithms with the best overall rankings across five internal evaluation metrics, which were subsequently selected for

clustering stability assessment

GMM Gaussian Mixture Model, CLARA Clustering large Applications, RSKC Robust and Sparse K-means Clustering, SOM Self-Organized Map, DCAE Deep Clustering with

Auto-Encoder

' Silhouette coefficient [39] measures cluster consistency, higher values being better

2 Davies-Bouldin index [40] measures cluster separation, lower values are better

3 Calinski-Harabasz index [41] assesses cluster dispersion, higher values being better

“ Shannon Diversity index [42] measures data set diversity, higher values are better

5 Gini index [43] measures inequality in cluster sizes, with lower values being better

® Final ranking was determined by summing all five ranking orders and was ordered from smallest to largest to identify the top-performing algorithms

in ASE-majority clusters than in ASE-minority clusters
within the most common categories of MRHD.

Compared to the 37 other clusters, patients in ASE-
majority clusters had: (a) slightly lower age at admission;
(b) higher rates of culture collection, (c) more antimi-
crobial, mechanical ventilation, and vasopressors use,
(d) longer lengths of stay, and (e) laboratory values with
more extreme derangements and greater variability over
the course of hospitalization (eTable B6). On the first
two principal components, there was good separation
between the ASE-majority and ASE-minority clusters
(eFigure B4A).

In the ASE-majority clusters, 209 patients (25.5%)
were ASE (—). For most variables, standardized differ-
ences between ASE (—) and ASE (+) patients were neg-
ligible (Table 3, eTable B3). Non-negligibly different
variables were: rates of blood culture and use of antimi-
crobials, values for creatinine, bilirubin, eGFR, oxygena-
tion, number of organ failures, and ICU length of stay
(Table 3). We found evidence that many ASE (—) patients
in the ASE-majority clusters would meet liberalized ASE
criteria. First, on the first two principal components,
there was great overlap between ASE (+) and ASE (-)
patients, indicating their similarity (red and green dots,
eFigure B4B). Second, many ASE (—) patients had acute
organ dysfunction but below ASE thresholds, e.g., 12
patients had creatinine rises of 150—-200%. Beyond spe-
cific thresholds, differences in continuous parameters of
organ function between ASE (+) and ASE (—) patients
were relatively small (eFigure B5). Third, changing the

maximum interval between blood culture and the first
organ dysfunction from 2-3 or 4 days reclassified 30-59
patients to ASE (+). Fourth, liberalizing the duration of
antimicrobials from 4 to 3 days captured an additional 13
patients. Including all liberalized ASE criteria (Table 4,
eTable A5) re-categorized 34.9% (73/209) of the ASE (-)
patients in ASE-majority clusters as having sepsis.

Among all ASE (+) patients in the development cohort,
there were dramatic differences between the 612 patients
in the ASE-majority clusters and the 175 patients in the
ASE-minority clusters (eTable B8). The latter had fewer
acute organ dysfunctions and lower severity of illness.

The clinical evaluation process assigned the 48 clusters
into eight categories (eTable B9): septic shock (7 clus-
ters), sepsis without septic shock (3 clusters), respiratory
(2 clusters), substance abuse/overdose (8 clusters), acute
myocardial infarction (10 clusters), post-operative car-
diovascular disorders (4 clusters), mixed cardiovascular
disorders (10 clusters), and mixed disorders (4 clusters).
Among the 10 clusters clinically categorized as sepsis
or septic shock, 9 (90.0%) were ASE-majority clusters;
the remaining cluster had the highest proportion of ASE
(+) cases (46.4%) among the ASE-minority clusters, just
below the 50% cutoff value. For the two ASE-majority
clusters that were not categorized as sepsis or septic
shock, one was assigned to substance abuse/overdose
and the other to mixed disorders.

The external validation cohort included 576 (19.1%)
ASE (+) patients (Table 1). Proportions of ASE (+)
patients in the validation and development cohorts
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Table 3 Development cohort patient characteristics between ASE (+) (Adult Sepsis Event) and ASE (=) cases among the 11 ASE-

majority clusters. Values are n (%) unless otherwise indicated

Characteristics All ASE (-) ASE (+) Standardized
N=2821 N=209 N=612 difference
Age, median (interquartile range [IQR]) 61(51-72) 61 (52-75) 61 (50-71) 0.09
Female 351 (42.8) 83(39.7) 268 (43.8) 0.08
Clinical characteristics during hospitalization
Admitted via emergency department 651 (79.3) 147 (70.3) 504 (82.4) -0.28*
ICU length of stay, median (IQR) 7(4-12) 6((3-11) 7(4-12) —-0.22*
Blood culture collected 779 (94. 167 (79.9) 612 (100.0) 0.93**
Received antimicrobial medications 814 (99. 202 (96.7) 612 (100.0) 0.37*
for 2 or more consecutive days 810 (98. 198 (94.7) 612 (100.0) 0.46**
Died during hospitalization 255 (31.1) 54 (25.8) 201 (32.8) 0.15
Acute organ dysfunction per ASE criteria: (Any one of the following + 2 days of blood culture)
Number of acute organ dysfunctions, median (IQR) 3(2-4) 2(1-3) 3(2-4) —0.69**
Respiratory (invasive mechanical ventilation) 432(52.6 87 (41.6) 345 (56.4) 0.30*
Renal 452 (55.1 93 (44.5) 359 (58.7) 0.28*
Liver 135(164 21(10.0) 114 (18.6) 0.25%
Hematologic 291 (354 61(29.2) 230(37.6) 0.18
Cardiac dysfunction (received intravenous vasopressor) 493 (60.0 85 (40.7) 408 (66.7) 0.53**
Elevated lactate 676 (823 148 (70.8) 528 (86.3) 0.38*
Lab test results, median (IQR)
Highest serum lactate (in mmol/L) 40(2.3-7.8) 3.7(1.8-74) 42 (2.5-8.0) -0.13
Highest serum creatinine (in umol/L) 146 (92-253) 125 (83-225) 156 (97-269) -0.03
Highest/lowest serum creatinine ratio 2.1(1.7-33) 1.9(1.7-2.6) 22(1.7-3.6) —0.25*%
Lowest estimated glomerular filtration rate (eGFR) 40 (19-71) 51(23-79) 37 (18-69) 0.21*
Lowest/highest eGFR ratio 0.5 (0.3-0.7) 0.6 (04-0.7) 0.5(0.3-0.7) 031*
Highest serum total bilirubin (in pmol/L) 15(9-31) 12 (7-24) 16 (10-39) -0.20
Highest/lowest serum total bilirubin ratio 2.0(1.3-3.5) 1.6 (1.0-2.9) 22(13-37) —0.24*
Lowest serum platelet count (in 10%/L) 119 (72-171) 133 (83-180) 117 (67-168) 0.16
Lowest/highest serum platelet count ratio 0.3(0.2-0.5) 0.3 (0.2-0.5) 0.3(0.2-0.5) 0.10
Lowest P/F ratio value 138 (82-202) 158 (102-228) 132 (78-193) 0.28*

Thresholds for the absolute values of standardized differences: 0 <d <0.2 negligible effect size; 0.2 <d < 0.4 small effect size (*); 0.4 <d < 0.8 medium effect size (**);
d> 0.8 large effect size (***). The highest (or lowest) lab test result was the maximum (or minimum) value during the entire hospitalization. The terms ‘highest/lowest
ratio’and ‘lowest/highest ratio’ refer to the ratios of the maximum to minimum lab results, and vice versa, during the entire hospitalization. See eTable B3 for additional

characteristics

were tightly correlated (eFigure B7; Pearson correlation
0.973, p<0.0001). Nine of the 11 ASE-majority clusters
maintained >50% ASE (+) in the validation cohort; the
two exceptions had 48.5% and 48.7% ASE-positivity. No
clusters outside the ASE-majority clusters had >50%
ASE-positivity. Negligible differences were found on
comparing key variables between patients in the ASE-
majority clusters of the validation vs. development
cohorts (eTable B10), except for use of invasive mechani-
cal ventilation. Similar to the development cohort, only a
small fraction (6.2%) of validation cohort patients outside
the ASE-majority clusters were ASE (+).

Discussion
In this multi-hospital cohort of over 6000 adult ICU
patients, we report on the initial stages of developing and
evaluating a novel approach to identifying sepsis hos-
pitalizations, using unsupervised machine learning to
automatically separate patients into a diverse collection
of clusters without a priori labelling. After processing
592 variables, 55 principal components were presented
to the clustering algorithms. Based on six evaluation
metrics, the RSKC algorithm showed optimal clustering
performance.

Prospectively subdividing these clusters by their frac-
tion meeting ASE criteria (>50% ASE-majority clusters
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Table 4 Number (%) of the 209 Adult Sepsis Event-negative [ASE (—)] patients in the 11 ASE-majority clusters who would meet the

altered definition of sepsis with less stringent thresholds

Altered ASE criteria N (%)
Altered organ failure laboratory value thresholds

a. Creatinine rise > 1.5-fold instead of > 2.0-fold or eGFR decline > 25% instead of >50% 12(5.7)

b. Maximal total bilirubin >25.7 mM instead of > 34.2 with rise > 1.5-fold instead of > 2.0-fold 4(1.9)

c. Lactate > 1.5 mM instead of >2.0 11(5.3)

d. Platelets < 150 x 10%/L instead of 100 with platelet decline >25% instead of >50% 8(3.8)

e. Allofa, b, candd 26 (12.4)
Altered interval threshold between blood culture and first organ failure

f. Maximum of 3 instead of 2 day interval 30 (144)

g. Maximum of 4 instead of 2 day interval 59(282)
Altered minimum threshold for # antimicrobial days

h. 3 days instead of 4 13(6.2)

i. additional “or” criterion of up to and including day of leaving hospital alive to other than different acute hospital 9(4.3)
Combined modified threshold criteria

j.Allofa, b, c d,f handi 73 (34.9)

vs. <50% ASE-minority clusters; used as a familiar com-
parator, not a reference standard), there were noteworthy
findings. The ASE-majority clusters contained 22% of all
patients but 78% of all ASE (+) patients in the cohort;
furthermore, many ASE (—) patients in the ASE-major-
ity clusters were similar to its ASE (+) patients on most
parameters, and met more liberal criteria for infection
and acute organ dysfunction. In the threefold larger col-
lection of ASE-minority clusters, only 6% of patients
were ASE (+), representing 22% of all ASE (+) subjects in
the cohort; with these ASE (+) patients having, on aver-
age, much lower severity of illness compared to ASE (+)
patients in the ASE-majority clusters.

To assess clinical relevance, we performed an inde-
pendent, blinded clinical evaluation of the data-driven
clusters and assigned them to clinically meaningful cat-
egories. Although no firm clinical conclusions were
drawn from this preliminary evaluation, it demonstrated
that the data-driven clusters align with recognized clini-
cal phenotypes for ICU patients. We acknowledge that
these findings are exploratory and serve as a proof-of-
concept. We judged, a priori, that further development
of our approach will be required to separate out clinical
subphenotypes that exist along the full spectrum of infec-
tion-induced acute organ dysfunction. However, as sep-
sis is a syndrome with large variability [59] and lacking a
reference standard for operational identification of cases,
these early findings are encouraging in that they strongly
suggest: (a) automated clustering methods can effectively
identify sepsis phenotypes, and (b) many sepsis cases,
particularly milder ones, are missed by identification

algorithms containing currently used thresholds for
infection and organ dysfunction.

This approach seeks self-defined patient clusters inter-
pretable as sepsis subphenotypes along an expanded
clinical spectrum, instead of starting with a clinical defi-
nition and seeking patients who meet it. This spectrum
may extend from the most severe requiring life sup-
port, to cases with minor organ dysfunction who receive
antimicrobials and do well in regular hospital wards, or
even as outpatients. Accordingly, with further refine-
ment and wide application across healthcare settings, this
approach may have the potential for a profoundly differ-
ent approach to sepsis identification, and perhaps even
to understanding sepsis. Here, in our initial assessment
of this approach, we restricted consideration to an ICU
cohort for reasons of efficiency and practicality, i.e., (i)
the incidence of sepsis is expected to higher in an ICU
than any other clinical setting, and (ii) the ASE criteria
gave been mainly studied in ICU cohorts.

With one exception, prior studies seeking to system-
atically identify sepsis subphenotypes have pre-identified
patients as having sepsis, for the purpose of stratifying
them by characteristics, clinical trajectory, prognosis or
response to therapy [60-65]. One group applied latent
class analysis to three serum biomarkers (c-reactive pro-
tein, D-dimer, procalcitonin) among 765 patients in a
single hospital in Columbia [66]. One of the two clusters
identified, containing 24% of subjects, had 75% sepsis by
consensus-based adjudication blinded to biomarkers.

This study has strengths. First, unsupervised learn-
ing can uncover insights and correlations missed by
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supervised methods due to their reliance on predefined
labels. Second, these results used only input variables
that are widely measured in hospitalized patients, i.e.,
excluding biomarkers not routinely measured. Third, we
included a wide range of variables, including parameters
rarely included as independent variables, such as stand-
ard deviations of laboratory and vital signs data. This
allows us to detect evolving or fluctuating organ dysfunc-
tion that may not meet the fixed thresholds of the ASE
criteria, offering a more dynamic view of the patient’s
condition by capturing variability over time. Fourth, we
evaluated eight unsupervised clustering methods, using a
comprehensive set of metrics and validation analyses to
conclude that the RSKC algorithm outperformed the oth-
ers; RSKC is a modification of K-means clustering that
robustly copes with high-dimensional data. Fifth, we vali-
dated findings in a data set of distinct individuals. Sixth,
this unsupervised learning approach can be applied to
detecting other medical conditions and thus is a gener-
alizable advance in disease surveillance informatics. It is
scalable and adaptable, and its ability to handle large data
volumes may make it particularly effective for rare dis-
ease surveillance. Finally, a key novelty of this study is its
minimal reliance on predefined criteria, allowing the data
itself to guide discovery; although preprocessing deci-
sions, such as variable selection, may never be fully opti-
mal, embracing flexibility through unsupervised machine
learning opens opportunities to learn something new.
The primary limitation of this study is that it presents
only the initial steps in developing and analyzing our new
approach to sepsis, including limiting consideration to
an ICU cohort of subjects in a single jurisdiction. Thus,
despite using highly diverse medical data of the sort
routinely available for hospitalized patients, our results
may not generalize to other patient cohorts or jurisdic-
tions. Furthermore, our analysis based on fraction of
ASE positivity within clusters can only be considered as
preliminary, evidence of the potential value of this novel
approach to sepsis. Second, despite best attempts, there
are residual issues with data quality and completeness.
Of the variables used in clustering, 41 (17.7%) contained
missing values. However, the KMO and PCA variable
pre-processing puts less focus on precision for each data
point; it is also more practical for unsupervised tasks
involving large data volumes than techniques such as
multiple imputation. Finally, although we assessed eight
different unsupervised clustering algorithms, we did
not include others, such as hierarchical clustering and
hierarchical density-based spatial clustering of applica-
tions with noise [67]. We also did not evaluate ensemble
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methods, or non-clustering methods, such as Latent
Class Analysis [68] or Latent Dirichlet Allocation [69].

Conclusions

The study is the first step towards a novel method of
identifying and understanding sepsis through large-
scale patient data. Next steps include expansion and
fine-tuning of the list of input variables, ex post facto
labelling by experts of all resulting clusters into clinical
phenotypes expected to include a wide range of sepsis
subphenotypes, application across population-based data
sets representing different jurisdictions and cohorts with
varied prevalence of underlying sepsis, and combined
application across jurisdictions using federated learning
methods.
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