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OBJECTIVE: Despite its heterogeneous phenotypes, sepsis or life-threatening 
dysfunction in response to infection is often treated empirically. Identifying patient 
subgroups with unique pathophysiology and treatment response is critical to the 
advancement of sepsis care. However, phenotyping methods and results are as 
heterogeneous as the disease itself. This scoping review evaluates the prognostic 
capabilities and treatment implications of adult sepsis and septic shock phenotyp-
ing methods.

DATA SOURCES: Medline and Embase.

STUDY SELECTION: We included clinical studies that described sepsis or 
septic shock and used any clustering method to identify sepsis phenotypes. We 
excluded conference abstracts, literature reviews, comments, letters to the editor, 
and in vitro studies. We assessed study quality using a validated risk of bias tool 
for observational cohort and cross-sectional studies.

DATA EXTRACTION: We extracted population, methodology, validation, and 
phenotyping characteristics from 17 studies.

DATA SYNTHESIS: Sepsis phenotyping methods most frequently grouped 
patients based on the degree of inflammatory response and coagulopathy using 
clinical, nongenomic variables. Five articles clustered patients based on genomic 
or transcriptomic data. Seven articles generated patient subgroups with differ-
ential response to sepsis treatments. Cluster clinical characteristics and their 
associations with mortality and treatment response were heterogeneous across 
studies, and validity was evaluated in nine of 17 articles, hindering pooled anal-
ysis of results and derivation of universal truths regarding sepsis phenotypes, their 
prognostic capabilities, and their associations with treatment response.

CONCLUSIONS: Sepsis phenotyping methods can identify high-risk patients and 
those with high probability of responding well to targeted treatments. Research 
quality was fair, but achieving generalizability and clinical impact of sepsis phenotyp-
ing will require external validation and direct comparison with alternative approaches.

KEY WORDS: cluster analyses; infections; machine learning; risk assessment; 
sepsis; septic shock

Sepsis is an acute, heterogeneous disease that affects 1.7 million adults in the 
United States annually, contributes to more than 250,000 deaths, and results 
in chronic complications in up to 70% of patients (1–3). Characterized by 

excessive inflammation, metabolic dysfunction, and immunosuppression, sepsis 
is defined as life-threatening organ dysfunction caused by a dysregulated host re-
sponse to infection (4). Treatment is often empiric and involves fluid resuscitation, 
broad-spectrum antibiosis, source control of infection, and vasopressor support. 
Few treatments are targeted toward underlying dysregulation of the host immune 
response, coagulopathy, and vasculopathy. However, immunostimulants (5, 6), 
anticoagulants (7, 8), and anti-inflammatory agents (9, 10) have been trialed with 
only mixed results, which may reflect the multiple phenotypes within sepsis (11). 
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Some immunologic interventions, such as antitumor ne-
crosis factor α (9), interleukin-1 receptor antagonists (10), 
and immunoglobulins (6), which demonstrated no ben-
efit in sepsis broadly, have shown improved mortality in 
patients stratified to certain clinical or laboratory values.

These findings have led investigators to cluster 
sepsis into phenotypes responsive to targeted therapies. 
Phenotyping methods use clustering algorithms to 
group patients based on routine clinical, laboratory, ge-
nomic, or transcriptomic variables with goal of predict-
ing outcomes or guiding treatment. These clustering 
algorithms attempt to derive meaningful relationships 
from data in an unsupervised manner, facilitating the 
discovery of novel subphenotypes with reduced human 
bias. However, clustering techniques vary drastically in 
the literature (12, 13). For example, the more commonly 
used clustering methods, such as latent class analysis 
or hierarchical clustering, differ in terms of statistical 
approach, assumptions about data heterogeneity and 
independence, and prognostic capabilities. Clustering 
methods frequently cannot identify the optimal number 
of clusters that can be derived from any given dataset, 
so researchers may choose from a variety of optimal-
cluster-number algorithms that further drive heter-
ogeneity in the field. Clinically, previously reported 
clustering methods vary significantly in their baseline 
patient populations. Sepsis can be defined using mul-
tiple criteria across multiple infectious organisms, sites 
of infection, preexisting comorbidities, and severities. 
Clusters derived from select datasets with older sepsis 
criteria may differ significantly from clusters derived 
from a wide selection of trial and observation cohorts 
and more modern sepsis criteria. Critically, there is an 
absence of cross-evaluation or comparison among ex-
isting phenotyping methods to ensure consistency and 
generalizability. Sepsis phenotyping is a novel, rapidly 
evolving field and would thus particularly benefit from 
a scoping review evaluating the available evidence.

Accordingly, we conducted a scoping review with the 
objective of describing and comparing sepsis phenotyp-
ing methods by the clustering mechanism employed, 
prognostic capabilities, degrees of validation, potential 
impact for racial inequities in sepsis, and implications 
for sepsis treatment. As a secondary objective, we aimed 
to evaluate research quality and risk of bias to identify 
limitations of the field. By aggregating and evaluating 
available sepsis phenotyping methods, we aim to pro-
vide clinicians and researchers with a broad perspective 

on the current state of sepsis phenotyping with implica-
tion for the development of targeted sepsis treatment.

MATERIALS AND METHODS

Study Eligibility and Search Strategy

We performed screening, selection, data extraction, and 
quality assessment according to the Joanna Briggs Institute 
methodology for scoping reviews and the Preferred 
Reporting Items for Systematic Reviews extension for 
Scoping Reviews (14). The review protocol for search 
strategy, selection criteria, data extraction, and data assess-
ment was developed prior to performing article search 
on Covidence (Melbourne, Australia), an online tool for 
review management, but is not publicly registered. Prior 
to this review, a preliminary search of PubMed, Medline, 
and Embase was conducted, and no published systematic 
reviews or scoping reviews were identified.

Mr. Li and Ms. Markal searched Embase and 
Medline using a keyword and Emtree subject head-
ing search for criteria related to the following: sepsis, 
septic shock, phenotyping, and mortality published 
from database inception up until June 30, 2021, for 
each database. Detailed search criteria are detailed in 
Supplemental Table 1 (http://links.lww.com/CCX/
A963). After removing duplicates, Mr. Li and Ms. 
Markal independently screened articles by an initial 
title and abstract screen, followed by full-text review 
for inclusion criteria, with disagreements resolved by a 
third investigator (T.J.L.). We included clinical studies 
that described sepsis, septic shock, or severe sepsis in 
hospitalized patients. All clustering methods, including 
but not limited hierarchical, centroid-based, distribu-
tion-based, and density-based methods, were allowed 
so long as the method stratified patients into distinct 
groups. Studies were included if they identified sepsis 
by any of the Sepsis-1, -2, or -3 criterion. Articles con-
cerning septic shock were included if they used any of 
the above criteria so long as they included signs of organ 
malperfusion with the administration of vasopressors 
despite adequate fluid resuscitation. Because of the pre-
dicted dearth of articles describing differential treat-
ment responses, we included select articles with special 
attention to specific treatment modalities even if they 
included a minority of nonseptic patients. Conference 
abstracts/proceedings, literature reviews, comments, 
letters to the editor, simulation studies, studies not in 
English, or in vitro studies were excluded. To improve 
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the generalizability of our findings, studies investigat-
ing only the pediatric population or an adult subpop-
ulation, namely, pregnancy or sepsis from any single 
microbiological infection (e.g. only Pseudomonas 
aeruginosa sepsis patients), were also excluded. To in-
clude a broad range of findings, study eligibility was not 
limited by infection site, years considered by patient 
dataset, publication status, or viral or bacterial origin of 
sepsis. We performed a backward citation search of rel-
evant works to identify additional studies with included 
studies from this search requiring approval of three in-
dependent investigators (H.L., A.M., T.J.L.).

Data Extraction and Quality Assessment

A data extraction and quality assessment form was cre-
ated with the review and consensus of three independent 
investigators. Mr. Li and Ms. Markal independently 
performed data extraction and tabulation in duplicate, 
with conflicts resolved by consensus. Investigators were 
not blinded to study author or journal. Extracted vari-
ables are shown as they are described in the extraction 
form in Supplemental Table 2 (http://links.lww.com/
CCX/A963). Following extraction, data were synthe-
sized qualitatively by Mr. Li and Ms. Markal by dividing 
tabulated variables into the subsections of study char-
acteristics, patient populations, clustering methods and 
findings, treatment response, and race and ethnicity 
inclusion. Mr. Li and Ms. Markal independently per-
formed quality assessment in duplicate using the U.S. 
National Heart, Lung, and Blood Institute risk-of-bias 
tool for observational cohort and cross-sectional stud-
ies. With this tool, each study was given a final quality 
rating of good, fair, or poor after evaluating 14 possible 
sources of bias (Supplemental Table 3, http://links.
lww.com/CCX/A963). Disagreements were resolved 
through consensus.

RESULTS

Study Characteristics

Three hundred sixty articles were identified in our in-
itial search with an additional 19 articles identified 
through manual reverse citation search. Twenty-nine 
full-text articles were assessed for eligibility, and 17 
studies were included (Fig. 1) (12, 13, 15–29). Articles 
were published from 2016 to 2021 (Supplemental 
Table 4, http://links.lww.com/CCX/A963).

For risk of bias, six articles were deemed as 
good-quality papers (13, 19, 22–25), eight were fair  
(12, 15, 16, 18, 20, 21, 28, 29), and three were poor (Fig. 2;  
Supplemental Table 3, http://links.lww.com/CCX/A963) 
(17, 26, 27). Studies at high risk of bias were most frequently 
without sensitivity analysis and external validation, pos-
sessed a conflict of interest in study funding, or focused pri-
marily on a novel clustering methods rather than clinical 
applications. All articles clearly stated their research ques-
tion, defined the population, evaluated patients within a 
reasonable timeframe to see differences in outcome, and 
clearly defined independent and dependent variables. No 
articles blinded outcome assessors to the exposure status 
of participants or justified sample sizes. Seven articles 
investigated clustering variables more than once over time  
(15, 16, 21, 23, 25–27), and 12 articles adjusted for key 
confounding variables (13, 15, 16, 18–20, 22–25, 28, 29).  
Loss-to-follow-up measurements were not applicable to-
ward 12 articles given the retrospective nature of these 
analyses (12, 15–21, 25–27, 29). Given that identified pa-
tient subgroups were nominal classifications in 15 arti-
cles, the risk of bias field evaluating whether the outcome 
associated with increasing levels of the independent var-
iable in a dose-dependent fashion was only applicable to 
two studies (25, 26).

All articles were either retrospective, prospective, or 
a mixed retrospective analysis and prospective cohort 
study (Table 1). Two articles retrieved patients from the 
Medical Information Mart for Intensive Care-III data-
base (16, 21), and two articles used data from the Gene 
Expression Omnibus (GEO) and ArrayExpress (28, 29). 
There were no other overlaps in datasets. Other datasets 
included the Vasopressin vs Norepinephrine as Initial 
Therapy in Septic Shock, Activated Protein C Worldwide 
Evaluation in Severe Sepsis, A Controlled Comparison 
of Eritoran in Severe Sepsis, Genetic and Inflammatory 
Markers of Sepsis, and Protocol-Based Care for Early 
Septic Shock trials, as well as the Hemosepsis study, the 
HemoPred study, electronic ICU, and the Prognostic 
Hemodynamic Profiling in the Acutely Ill Emergency 
Department Patient International Registry.

Although most articles defined sepsis explicitly in 
their inclusion criteria, two articles were included de-
spite the fact that their cohorts did not entirely com-
prise sepsis patients (Table 1) (18, 23). Han et al (18) 
specified inclusion criteria as blood cultures ordered 
within 24 hours of admission combined with 4 consec-
utive days of antibiotics, IV antibiotics within 24 hours 

http://links.lww.com/CCX/A963
http://links.lww.com/CCX/A963
http://links.lww.com/CCX/A963
http://links.lww.com/CCX/A963
http://links.lww.com/CCX/A963
http://links.lww.com/CCX/A963


Li et al

4     www.ccejournal.org April 2022 • Volume 4 • Number 4

of admission, and initiation of antibiotics. Although 
septic patients were not the primary population of 
study, 67% of the study population was diagnosed with 
sepsis. This study was included because of its analysis 
of preferential response to antibiotic delay. Bhavani et 
al (15) used probable infection defined with similar 
criteria, but later validated their phenotyping approach 
in a patient population defined by Sepsis-3 criteria. 
Four articles used Sepsis-3 guidelines to identify sepsis  
(15, 16, 21, 25), four articles used Sepsis-2 guidelines (12, 
17, 20, 24), and one article used Sepsis-1 guidelines (22).  

Some studies used a mix 
of sepsis-3 and -2 criteria 
(13) or sepsis -2 and -1 cri-
teria (19). The remaining 
articles either retrieved 
data from multiple studies 
using different sepsis defi-
nitions, as in ArrayExpress 
or GEO, or used separate 
definitions for sepsis (18, 
23, 26–29). Exclusion cri-
teria aimed to eliminate 
cases with missing or non-
sensical data in seven ar-
ticles (16, 19–21, 23, 27, 
29) and to removing con-
founding patient popula-
tions in 10 articles (12, 15, 
17, 18, 21, 22, 24, 27–29). 
Exclusion criteria were 
not stated in three articles 
(13, 25, 26). The inclusion 
criteria, exclusion criteria, 
population descriptions, 
and possible conflicts of 
interest are included in 
full in Supplemental Table 
4 (http://links.lww.com/
CCX/A963).

Clustering Methods 
and Findings

Clinical variables, including 
age, sex, and temperature, 
were used to cluster patients 
in 11 articles (Table  2)  

(12, 13, 15–17, 19, 21, 23, 25–27). Transcriptomic 
variables were used in four articles (22, 24, 28, 29). 
Genomic variables were used in one article (20),  
and response to antibiotic delays was used in the final 
article (18). The most common clustering method was 
K-means, used in six articles (Table 2) (13, 19, 24, 27–
29). Other methods included hierarchical clustering 
and density-based spatial clustering of applications with 
noise, consensus clustering, causal forests, subgraph aug-
ment nonnegative matrix factorization, latent class anal-
ysis, spectral clustering, hierarchical clustering based on 

Figure 1. Preferred Reporting Items for Systematic Review diagram of study selection.
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principal components, group-based trajectory modeling, 
or a novel composite mixture model. Methods of impu-
tation were not stated in nine articles (15, 20, 22–25, 27, 
28) and otherwise included median imputation, linear 
approximation, iterative principal component analysis, 
predictive mean matching, multiple imputation with 
chained equations, and random forests.

We classified each article’s clusters based on 
the principle differences between clusters. For ex-
ample, an article with one cluster defined by ele-
vated inflammatory markers and another defined 
by anti-inflammatory markers would have a prin-
ciple difference in inflammation. In seven articles, 
clusters differed primarily in clinical or cellular 
markers for immune response, inflammation, and 
coagulopathy (Table  2) (13, 15, 20, 22, 24, 28, 29).  

Five of these seven studies clustered cases on a tran-
scriptomic or genomic approach (20, 22, 24, 28, 29). 
In three articles, clusters differed across a wide array 
of nonspecific characteristics such as patient age, sex, 
comorbidities, and vital signs, leaving mortality as the 
principle difference between clusters (16, 21, 26). Other 
clusters stratified patients based on delayed antibiotic 
response, thrombomodulin response, risk of progres-
sion to septic shock, hemodynamic state, infection site, 
disease timeline, and temperature trajectory.

All studies identified clusters that predicted clinical 
outcomes, that is, mortality (Supplemental Table 5, 
http://links.lww.com/CCX/A963); however, only seven 
studies identified clusters that predicted treatment re-
sponse (Table 3). Of these studies, six articles included 
sensitivity analyses (13, 18, 19, 22, 25, 29), and four 

Figure 2. Study risk of bias assessments and reasoning. APACHE = Acute Physiology And Chronic Health Evaluation,  
EMR = Electronic Medical Record, SOFA = Sequential Organ Failure Assessment.
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TABLE 1. 
Study Cohort Characteristics

Reference Study Design
Total Number  

of Participants Data Source
Inclusion Criteria  

(Sepsis Criteria/Admission Type)

Geri et al (12) Cohort 360 Two prospective 
databases from 12 
different ICUs

Sepsis-2 criteria for septic shock/ICU 
admission

Seymour  
et al (13)

Retrospective 
analysis and 
a prospective 
cohort

20,189 Twelve hospitals in the 
University of Pittsburgh 
Medical Center, 
GenIMS study, A 
Controlled Comparison 
of Eritoran in Severe 
Sepsis trial, PROWESS 
trial, and Protocol-
Based Care for Early 
Septic Shock trial

For Sepsis Endotyping in Emergency 
Care cohorts, sepsis-3 criteria/
ED hospital admission/within 
first 6 hr of ED presentation. For 
GenIMS cohort, sepsis-2 criteria/ED 
hospital admission/within 1 hr of ED 
presentation. For randomized clinical 
trials, sepsis-2 criteria for severe 
sepsis and septic shock

Bhavani  
et al (15)

Cohort 120 patients with 
septic shock, 88

University of Chicago 
Medicine between 
2013 and 2019

Adults/sepsis-3 criteria for septic shock 
or one positive Staphylococcus 
aureus blood culture/ICU admission

Ding and Luo 
(16)

Retrospective 
analysis

5,782 MIMIC-III Adults/sepsis-3 criteria/ICU admission/
within 24 hr of ICU admission

Gårdlund  
et al (17)

Cohort 1,696 PROWESS shock clinical 
trial

Sepsis-2 criteria for septic shock with 
vasopressors given within 4 hr of 
each other and <24 hr

Han et al (18) Retrospective 
analysis

60,817 (44,018 with 
sepsis or septic 
shock)

Two tertiary-care medical 
centers and four 
community hospitals

Patients with blood culture orders, 4 
consecutive days of antibiotics (or 
until discharge, if <4 d), IV antibiotics 
within 24 hr of admission, and early 
initiation of antibiotics IV antibiotics 
identified by The Severe Sepsis and 
Septic Shock Management Bundle 
guidelines

Kudo et al (19) Retrospective 
analysis

3,694 The Japan Septic 
Disseminated 
Intravascular 
Coagulation study, 
Tohoku Sepsis 
Registry, and the 
Focused Outcomes 
Research in 
Emergency Care in 
Acute Respiratory 
Distress Syndrome, 
Sepsis, and Trauma 
sepsis study

Adults/sepsis-1 and -2 criteria for septic 
shock/ICU admission

Scicluna  
et al (20)

Cohort 306 Two ICUs in the 
Netherlands  
2011–2012, 29 ICUs, 
a nursing home in the 
Netherlands, U.S. ICUs

Sepsis-2 criteria with expected length 
of stay >24 hr/ICU admission

(Continued )
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were validated in an external cohort (13, 19, 22, 29).  
Four articles were rated as good quality (13, 19, 22, 25), 
and three were fair in quality (12, 18, 29). Two arti-
cles demonstrated differential cluster response to hy-
drocortisone (22, 29). Three articles identified clusters 
predictive of antibiotic or IV fluid response (12, 18, 25).  
One article by Kudo et al (19) investigated cluster re-
sponse to thrombomodulin, and one by Seymour et 
al (13) predicted treatment response to eritoran, early 
goal-directed therapy, and recombinant-activated 

protein C using simulation studies. The two articles 
predicting hydrocortisone response used gene expres-
sion as the clustering variable (22, 29), whereas the re-
maining five used clinical variables.

Out of all 17 articles, 11 studies performed sensi-
tivity analyses (13, 16, 18–20, 22–25, 28, 29), and nine 
studies validated their findings in a separate cohort 
or had their findings validated by a previous study 
(Supplemental Table 5, http://links.lww.com/CCX/
A963) (13, 15, 19, 20, 22–24, 28, 29).

Sharafoddini  
et al (21)

Cohort 5,539 MIMIC-III Adults/sepsis-3 criteria/ICU admission

Antcliffe  
et al (22)

Post hoc analysis 176 The Vasopressin vs 
Norepinephrine as 
Initial Therapy in Septic 
Shock Trial

Adults/sepsis-1 criteria for septic 
shock/ICU admission

Bhavani  
et al (23)

Cohort 12,413 University of Chicago 
Medicine 2008–2016 
and Loyola University 
Medical Center 
2006–2017

Patients with a blood culture order, 
at least 4 consecutive days of 
antibiotics, and antibiotics received 
within the first 24 hr of the first 
procured vital sign, with the first day 
of antibiotics required to be given 
within 48 hr before or after the blood 
culture order/hospital admission

Davenport  
et al (24)

Cohort 265 265 adult patients 
admitted to U.K. ICUs

Sepsis-2 criteria or community-acquired 
pneumonia/within <2 d of hospital 
admission/ICU admission

Liu et al (25) Retrospective 
analysis

41,368 The electronic ICU 
database

Sepsis-3 criteria/ICU admission

Mayhew  
et al (26)

Cohort 53,659 Kaiser Permanente 
Northern California

Suspected or confirmed infection and 
sepsis diagnosis and length of stay of 
at least 12 hr/ED hospital admission

Nowak  
et al (27)

Cohort 127 Prognostic Hemodynamic 
Profiling in the 
Acutely Ill Emergency 
Department Patient 
International Registry

Patients with suspected sepsis 
symptoms of acute onset (<3 d), 
blood culture, or lactate orders and 
confirmed as sepsis/ED admission/
Nexfin device monitoring

Sweeney  
et al (28)

Retrospective 
analysis

700 14 GEO and 
ArrayExpress 
databases

Primary admission for bacterial sepsis/
hospital or ICU admission

Zhang  
et al (29)

Retrospective 
analysis

685 12 GEO and 
ArrayExpress 
databases

Adult/sepsis/ICU admission

ED = emergency department, GenIMS = Genetic and Inflammatory Markers of Sepsis, GEO = gene expression omnibus, MIMIC-III = 
Medical Information Mart for Intensive Care-III, PROWESS = Activated Protein C Worldwide Evaluation in Severe Sepsis.

TABLE 1. (Continued ).
Study Cohort Characteristics

Reference Study Design
Total Number  

of Participants Data Source
Inclusion Criteria  

(Sepsis Criteria/Admission Type)
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TABLE 2. 
Clustering Methods and Findings

Reference
Type of Clustering 

Variables
Clustering 

Algorithm/Method
Data Imputation 

Method
No. of 

Clusters

Principle 
Difference 

Between Clusters

Geri et al (12) 11 clinical variables: 
echocardiographic and 
hemodynamic markers

Hierarchical 
clustering 
on principal 
components

Iterative principal 
component analysis

5 Hemodynamic state

Seymour  
et al (13)

29 clinical variables: 
demographics, vital 
signs, and inflammatory 
markers

K-means Multiple imputation with 
chained equations

4 Inflammation and 
coagulation

Bhavani  
et al (15)

1 clinical variable: body 
temperature

Clusters previously 
discovered

NA 4 Inflammation

Ding and Luo 
(16)

34 clinical variables: 
vital signs and blood 
markers

Subgraph 
augmented 
nonnegative matrix 
factorization

Linear approximation 
from values from 
previous time intervals

3 Mortality

Gårdlund  
et al (17)

46 clinical variables: 
demographics, vital 
signs, infection site, and 
prior history

Latent class analysis Creation of a monotone 
missingness pattern 
using the Markov 
chain Monte Carlo 
method

6 Infection site and 
disease timeline

Linear regression for 
continuous variables/
logistic regression for 
categorical variables

Han et al (18) Treatment response Causal forests Median imputation 2 Response to 
antibiotic delays

Kudo et al (19) 6 clinical variables: 
coagulation markers

K-means Random forest method 4 Response to 
thrombomodulin

Scicluna  
et al (20)

Genomic Unsupervised 
consensus 
clustering

NA 4 Immunity

Sharafoddini  
et al (21)

36 clinical variables: 
demographics, vital 
signs, blood and renal 
markers, interventions, 
and International 
Classification of 
Diseases, 9th Edition 
code

Hierarchical 
clustering and 
Density-Based 
Spatial Clustering 
of Application with 
Noise

Predictve mean 
matching imputation

12 Mortality

Antcliffe  
et al (22)

Transcriptomic None, previously 
described

NA 2 Immunocompetence 
vs suppression

Bhavani  
et al (23)

1 clinical variable: body 
temperature

Group-based 
trajectory 
modeling

NA 4 Temperature 
trajectories

Davenport  
et al (24)

Transcriptomic K-means NA 2 Immune response

(Continued )
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Race in Sepsis Phenotypes and Outcome 
Prediction

Race and ethnicity were included as input clustering 
variables in two articles but did not vary between clus-
ters (18, 21). Race and ethnicity differed significantly 
between clusters in one article that clustered patients 
based on temperature trajectories, but the article did 
not include race or ethnicity as an initial clustering 
variable (15). Specifically, fewer African Americans 
were in the hyperthermic phenotypes.

DISCUSSION

Sepsis is a heterogeneous disease with high morbidity 
and mortality, but a few targeted treatments (2–5). The 
30- and 90-day mortalities associated with sepsis, even 
with such treatments, remain as high as 24% and 32%, 
respectively, in Western nations (30). To allow for more 
effective treatment, many competing methods have 
classified sepsis into distinct phenotypes. However, 
methods phenotyping sepsis are also heterogeneous, 
and there are no resources aggregating and evaluating 

existing methods for clinical impact. Accordingly, we 
performed a scoping review evaluating sepsis phe-
notyping methods and their applicability to clinical 
practice. Our findings show that sepsis phenotyping 
methods frequently identify subgroups at higher risk 
for poor outcome in a potentially rapid fashion, even 
after accounting for sepsis severity or preexisting risk 
factors. However, the robustness of sepsis phenotypes 
could benefit from validation across multiple datasets 
and in determining treatment response.

An ideal patient phenotyping algorithm must im-
pact clinical decision-making, use commonly and rap-
idly obtained variables, and provide additional value to 
current Sequential Organ Failure Assessment (SOFA) 
and Acute Physiology And Chronic Health Evaluation 
(APACHE) scores to classify disease severity. To im-
pact clinical practice, an algorithm needs to either 
identify groups at higher risk of harm from routine 
sepsis treatment or identify groups poised to benefit 
from investigational treatments. We identified seven 
articles that discovered phenotypes that preferentially 
respond to certain treatments, four of which evaluated 

Liu et al (25) 28 clinical variables: 
vital signs and blood 
markers

Spectral clustering NA 4 Risk of progression 
to septic shock

Mayhew  
et al (26)

14 clinical variables: 
demographics and vital 
signs

Novel composite 
mixture model; 
PAM algorithm

No missing values 20 Mortality

Nowak  
et al (27)

Other: Hemodynamic 
measurements (stroke 
volume, cardiac index, 
systemic vascular 
resistance, etc.) as 
measured

K-means with manual 
identification of 
optimal clusters

NA 3 Cardiac index and 
systemic vascular 
resistance index

Sweeney  
et al (28)

Transcriptomic The COmbined 
Mapping 
of Multiple 
clUsteriNg 
ALgorithms using 
K-means and PAM

NA 3 Inflammation, 
coagulopathy

Zhang  
et al (29)

Transcriptomic K-means Excluded missing gene 
symbols.

2 Immunosuppression

NA = not applicable, PAM = Partition Around Medoids.

TABLE 2. (Continued ).
Clustering Methods and Findings

Reference
Type of Clustering 

Variables
Clustering 

Algorithm/Method
Data Imputation 

Method
No. of 

Clusters

Principle 
Difference 

Between Clusters
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investigational therapies. Most studies identified clus-
ters that separated patients primarily on an immu-
nocompetent to immunocompromised spectrum. 
Antcliffe et al (22) and Zhang et al (29) separately 
discovered immunocompetent and immunocompro-
mised clusters of septic patients from whole blood 
transcriptomic data, in which only the immunocom-
petent group received mortality benefit from hydro-
cortisone. Seymour et al (13) discovered four clusters 
with varying degrees of inflammation, coagulopathy, 
and mortality and found that simulating an increased 
proportion of the phenotype with highest inflamma-
tory biomarkers resulted in decreased benefit in trials 
for eritoran and early goal-directed therapy. Likewise, 
increasing the proportion of the least inflammatory 
phenotype predicted reduced harm, except for the trial 
for recombinant protein C, where benefit decreased 
instead.

Kudo et al (19) identified four clusters with varying 
levels of coagulopathy and found that only the phe-
notype with the greatest degree of coagulopathy had 
reduced 28-day and inhospital mortalities following 
thrombomodulin administration. Three articles evalu-
ated routine sepsis management, identifying patients at 
high risk from delays or who responded appropriately 
to fluid or vasopressor resuscitation. Geri et al (12) 
used echocardiographic variables to cluster patients 
into five hemodynamic groups, only one of which–
defined by a persistently hypovolemic state with low 
preload and low cardiac index despite an increased left 
ventricular function–responded to IV fluids. Liu et al 
(25) grouped patients based on risk of progression to 
septic shock, finding that higher risk scores reflected 
disease refractory to fluids, antibiotics, or vasopres-
sors, which may be mitigated by earlier risk stratifica-
tion and treatment. Similarly, Han et al (18) identified 

TABLE 3. 
Characteristics of Studies That Predict Treatment Response

Reference Treatment
Principle Differences 

Between Clusters
Notable Clustering 

Variables
Sensitivity 
Analysis

External  
Validation

Geri et al (12) IV fluids Hemodynamic state Transesophageal 
echocardiography 
measurements

No No

Seymour  
et al (13)

Eritoran, early goal-
directed therapy, 
and recombinant 
activated protein 
C

Inflammation and 
coagulation

Creatinine, blood 
urea nitrogen, 
liver function 
tests, erythrocyte 
sedimentation rate, 
albumin, lactate, 
bicarbonate, troponin

Yes Yes

Han et al (18) Antibiotics Response to antibiotic 
delays

Lactate, age, and sex Yes No

Kudo et al (19) Thrombomodulin Response to 
thrombomodulin

Fibrin degradation 
products, d-dimer

Yes Yes

Antcliffe  
et al (22)

Hydrocortisone Immunocompetence vs 
suppression

Gene expression Yes Other: Clustering 
method previously 
discovered so 
no validation was 
performed

Liu et al (25) Early antibiotics, 
fluids, or 
vasopressors

Risk of progression to 
septic shock

Lactate, systolic blood 
pressure, cardiac 
SOFA, creatinine, 
Glasgow Coma 
Scale, Pao2, urine 
output, Resp SOFA

Yes No

Zhang  
et al (29)

Hydrocortisone Immunosuppression Gene expression Yes Yes

SOFA = Sequential Organ Failure Assessment.
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a subgroup of patients defined by substantially greater 
lactate levels that responded particularly poorly to 
delays in antibiotics.

Sepsis progresses rapidly. Antibiotics and IV fluids 
are ideally administered within the first hour of sus-
pected sepsis (31). Thus, an ideal patient stratifica-
tion algorithm would include biomarkers and clinical 
data routinely retrieved and collected at presentation 
to the ICU. Of the articles that identified treatment-
responsive phenotypes, the Seymour et al (13), Kudo 
et al (19), Han et al (18), and Liu et al (25) groups used 
clinical and laboratory values routinely and rapidly 
obtained at presentation, such as lactate, creatinine, 
age, and sex. Bhavani et al (23) classified patients solely 
based on temperature trajectories, values that can be 
automatically and cheaply obtained.

Finally, a patient stratification algorithm should 
be validated across multiple patient populations, 
add prognostic value above that already obtained by 
SOFA or APACHE III scores, and be generalizable to 
modern septic patients. Of the seven articles predict-
ing treatment, four performed both sensitivity analy-
ses accounting for comorbidities or higher SOFA/
APACHE III scores and external validation in one or 
more validation cohorts. Out of all included articles, 
Seymour et al (13) included the greatest number of 
distinct cohorts in their external validation. Scicluna 
et al (20), Sweeney et al (28), and Zhang et al (29) also 
evaluated their algorithms in validation cohorts. Zhang 
et al (29) also validated their findings against the find-
ings by Davenport et al (24) in predicting mortality. To 
be generalizable to current septic populations, sepsis 
phenotyping methods should use modern datasets 
and define sepsis exacting, up-to-date criteria. A ma-
jority of studies used either outdated (i.e., sepsis-2 or 
-1 criterion), heterogeneous (amalgamating data from 
multiple studies in sepsis), or unspecified (defined by 
clinical suspicion or diagnosis at discharge) sepsis cri-
terion, and only five articles used some form of sepsis-3 
criteria to derive sepsis phenotypes.

Racial biases drive inequities in sepsis care. Black 
and Hispanic patients have a 1.1–1.7 times higher 
occurrence rate of severe sepsis compared with White 
patients, American Indians have a mortality 1.6 times 
greater than the national average, and Asian patients 
have a mortality 18% greater than White patients (32). 
We identify two studies that cluster based on race 
but without racial differences in clusters (18, 21). The 

Journal of the American Medical Association Guidance 
on Reporting Race and Ethnicity recommend that the 
reporting of race and ethnicity, if undertaken, should 
be done with consistency and in conjunction with 
other sociodemographic determinants of health to 
minimize the possibility of introducing racial ineq-
uity into research (33). Reporting race and ethnicity 
in sepsis phenotyping methods may serve to further 
research transparency and provide insight to the gen-
eralizability of cohort findings. Including race and eth-
nicity as clustering variables may theoretically allow 
subphenotypes to better account for effects of struc-
tural racism and sociodemographic factors on sepsis 
prognosis. However, doing so also increases the risk of 
false generalization, oversimplification of racial ineq-
uities, and racially biased interpretations and medical 
decisions (33). Race is a social construct, and since a 
primary objective of sepsis phenotyping is to iden-
tify targeted sepsis treatments based on biological and 
pathologic differences, including race and ethnicity in 
clustering algorithms may confound phenotypes and 
further drive racial inequities in sepsis.

Recommendations

From the 17 articles studied, it appears that one major 
limitation on the growth and scientific rigor of the field 
is the tendency for articles to use similar statistical 
approaches applied to parallel, limited patient cohorts, 
rather than develop more robustly validated methods 
consistent across multiple cohorts. Given that the “pro-
totypical” approach derives phenotypes from one or 
two cohorts, without utilizing a separate cohort for ex-
ternal validation or evaluating preferential treatment 
response across clusters, it can be difficult for clinicians 
to decide if given prototypical clusters are “real” or arti-
facts from distinct datasets. For example, one cluster-
ing algorithm may generate different clusters of sepsis, 
with distinct biomarker and clinical profiles, if applied 
to two separate cohorts. Even well-validated competing 
subphenotypes can be difficult to evaluate, as it was rare 
for articles to cross-validate their subphenotypes with 
competing clustering methods. Furthermore, since 
most articles used clinical variables (e.g., heart rate) for 
clustering, which are individually nonspecific toward 
underlying pathophysiology, it can also be difficult for 
researchers to extrapolate precise pathophysiological 
mechanisms underlying subphenotypes with prototyp-
ical methods. Instead of generating new subphenotypes 
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with each dataset, sepsis phenotyping methods should 
focus on extensively validating a single set of septic 
subphenotypes across multiple datasets. Identifying 
whether subphenotypes respond differentially to cer-
tain treatments may serve the dual purpose of providing 
utility to clinicians while also demonstrating that sub-
phenotypes reflect underlying pathophysiology. Thus, 
the most promising approach in our review involved 
extensive validation and sensitivity analyses combined 
with delineation of preferential treatment response and 
comparison with other subphenotyping methods.

Practically, although all phenotyping methods were 
able to predict mortality, fewer methods did so in a man-
ner that may change clinical practice, providing little ad-
vantage over existing sepsis severity scores or reflecting 
underlying sepsis pathophysiology. Predicting effective 
treatment, performing external validation, and evalu-
ating phenotypes after controlling for established risk 
scores are under used, but critical, factors in deriving clin-
ically impactful phenotypes. Since methods described 
similar phenotypes despite different clustering methods 
and variables, the most common one being immuno-
compromised versus immunocompetent states, it may 
be beneficial to future phenotyping methods to compare 
prognostic capabilities against competing methods that 
identify similar phenotypes. Finally, current phenotyp-
ing methods would benefit from evaluating phenotype 
treatment response to treatments targeting multiple pos-
ited pathogenesis pathways. Patient phenotypes would 
be more robust and clinically applicable if they each 
predict response or nonresponse to therapies targeting 
coagulopathy, immune response, and inflammation, 
rather than only one aspect of sepsis pathogenesis.

Limitations

Our study has two major limitations. It is possible that 
our search criteria missed articles that would have oth-
erwise been included. We attempted a comprehensive 
search of the literature by performing two searches of 
two databases and by manual reverse citation, search-
ing until additional citation searches revealed no ad-
ditional eligible articles. Our search criteria were 
developed with expert review by two independent 
investigators (T.J.L., T.O.-B.). However, inclusion of 
additional databases, such as PubMed, Web of Science, 
or Cochrane, may have revealed additional articles not 
covered by our search criteria. Second, our search cri-
teria were intentionally broad to encompass as much 

of the field as possible, according to the Peters et al (14) 
framework for scoping reviews. We thus included sev-
eral articles that investigated populations encompass-
ing more than only sepsis patients. We are transparent 
which articles included patients with infection but not 
sepsis, but this discrepancy in population should be 
noted in result interpretation.

CONCLUSIONS

Sepsis phenotyping can identify high-risk patients and 
those with greater likelihood of responding to treatment. 
The generalizability and clinical impact of the field will re-
quire increased external validation and cross-validation 
analyses against existing risk stratification algorithms.
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