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ARTICLE INFO ABSTRACT

Keywords: Sepsis continues to be recognized as a significant global health challenge across all ages and is characterized by a
Sepsis . . complex pathophysiology. In this scoping review, PRISMA-ScR guidelines were adhered to, and a transcriptomic
Transcriptomics methodology was adopted, with the protocol registered on the Open Science Framework. We hypothesized that
Omic . . . . s - .
Sepsis definition gene expression analysis could provide a foundation for establishing a clinical research framework for sepsis. A
Bismark comprehensive search of the PubMed database was conducted with a particular focus on original research and
Endotype systematic reviews of transcriptomic sepsis studies published between 2012 and 2022. Both coding and non-
Sepsis progression coding gene expression studies have been included in this review. An effort was made to enhance the under-
Sepsis severity standing of sepsis at the mRNA gene expression level by applying a systems biology approach through tran-

scriptomic analysis. Seven crucial components related to sepsis research were addressed in this study: endotyping
(n = 64), biomarker (n = 409), definition (n = 0), diagnosis (n = 1098), progression (n = 124), severity (n =
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451), and benchmark (n = 62). These components were classified into two groups, with one focusing on Bio-
markers and Endotypes and the other oriented towards clinical aspects. Our review of the selected studies
revealed a compelling association between gene transcripts and clinical sepsis, reinforcing the proposed research
framework. Nevertheless, challenges have arisen from the lack of consensus in the sepsis terminology employed
in research studies and the absence of a comprehensive definition of sepsis. There is a gap in the alignment
between the notion of sepsis as a clinical phenomenon and that of laboratory indicators. It is potentially
responsible for the variable number of patients within each category. Ideally, future studies should incorporate a
transcriptomic perspective. The integration of transcriptomic data with clinical endpoints holds significant po-
tential for advancing sepsis research, facilitating a consensus-driven approach, and enabling the precision

management of sepsis.

1. Introduction

Sepsis remains a significant contributor to in-hospital mortality
worldwide and presents a substantial public health burden, particularly
in the pediatric population [1]. In an effort to standardize sepsis man-
agement practices and emphasize early recognition and intervention,
consensus guidelines have been established for both adults and children
[2,3]. However, the development of protocols encounters ongoing
challenges owing to gaps in clinical evidence, and a comprehensive
framework for understanding sepsis remains elusive. The definition of
sepsis itself has been a point of contention, with numerous iterations of
adult sepsis definitions over the past decades [4,5]. The pediatric Sur-
viving Sepsis Campaign (SSC) guidelines illustrate the consequences of
an unclear definition, as they predominantly feature weak recommen-
dations owing to the limited availability of high-quality evidence [6].
These knowledge gaps have highlighted various research priorities and
unresolved pathophysiological issues. The predominant perception of
sepsis as a clinical phenomenon may have constrained our under-
standing of its molecular foundations, potentially impeding the identi-
fication of its diagnostic and therapeutic targets. Moreover, this
complicates the establishment of a universally applicable definition of
sepsis across all age groups [7-9].

Despite potential therapeutic breakthroughs in sepsis, such as
vitamin C [10] and activated protein-C (APC) [11], these compounds
have shown limited success in clinical trials or meta-analyses. Although
successful in cancer and viral infections, immunotherapy has not gained
traction in bacterial sepsis, likely because of the multitude of molecular
pathways resulting in sepsis-associated immune dysfunction. This slow
progress in sepsis treatment underscores the gaps in our scientific
knowledge [12,13] and emphasizes the critical importance of early
recognition, diagnosis, and resuscitation. Furthermore, current labora-
tory protein biomarkers, such as CRP and procalcitonin, exhibit limited
predictive capabilities [14], and the inability to stratify sepsis patients
based on biochemical and immunological profiling further complicates
the situation [15,16].

Sepsis poses a complex challenge owing to its multifactorial het-
erogeneity, resulting in variable disease processes [17]. Moreover, the
transition from infection to septic shock remains poorly understood and
is influenced by factors, including innate and adaptive immune mech-
anisms, infection severity, patient age, treatment adequacy, and genetic
variability/susceptibility [18]. However, our understanding of the ge-
netic determinants of sepsis remains limited. Additionally, the quality of
clinical care provided to patients with severe infections significantly
affects the natural course of the disease, particularly in children [19].
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Fig. 1. Correlation between changes at the cellular level, gene expression, and bioinformatic interpretation in sepsis.
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Ideally, sepsis management should be tailored to individual patient
needs, considering the inherent variability among patients and external
factors, such as access to healthcare services and the consistency of the
quality of care delivered.

Omic approaches, including lipidomics, metabolomics, proteomics,
and transcriptomics, have been employed to understand complex dis-
ease paradigms such as sepsis. Transcriptomics focuses on analyzing all
RNA transcripts in a biological system, allowing the study of gene
expression patterns, detection of differentially expressed genes, and
description of alternative splicing events (Fig. 1). Hasson et al. (2022)
highlighted the potential of transcriptomic analysis to understand
sepsis-associated acute kidney injury and uncover the underlying
pathophysiological mechanisms [20]. One of the key advantages of
RNA-based technologies over DNA studies is their ability to reveal
real-time dynamic changes for temporal understanding of sepsis. Tran-
scriptomics offers a systems-based approach to understanding biological
processes through genome-wide analysis of gene expression data [21],
thereby potentially facilitating precision medicine strategies [22,23]. In
this respect, enhancement of in silico techniques has facilitated
system-wide gene expression analysis, contributing to a burgeoning
body of knowledge.

This study aimed to explore the application of transcriptomic anal-
ysis to deepen our understanding of sepsis. This transition signifies the
next step in the genetic dogma, moving from DNA to mRNA, encom-
passing not only the study of protein-encoding genes within coding re-
gions of DNA, but also non-coding regions that give rise to microRNAs,
circular RNA, and long non-coding RNAs.

Hence, a scoping review was undertaken to understand whether
findings from transcriptomic studies can be implemented into clinical
practice, particularly into international sepsis guidelines. As a part of
this, the gap in the literature was also to be identified. The primary aim
of this scoping review was to conduct a comprehensive analysis of peer-
reviewed literature spanning a decade from 2014 to 2023, with a
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predominant focus on utilizing transcriptomic findings in the context of
clinical sepsis. To facilitate the harmonization of research insights with
gene expression studies, we introduced a framework (Fig. 2). This
enhanced framework has the potential to yield significant clinical ad-
vantages, including guidance for guideline development, standardiza-
tion of care pathways, and advancement of precision medicine
principles. The framework presented encompasses key elements that are
pivotal for establishing evidence-based sepsis guidelines. A fundamental
objective was to assess whether transcriptomic studies could contribute
to an enhanced understanding of sepsis committees led by peers. This
study may have critical implications for the field, shedding light on gaps
that could impact guidelines and clinical practices, depending on the
presence of relevant research literature.

2. Materials and methods

In accordance with PRISMA-ScR guidelines [24,25], a scoping re-
view was conducted to investigate the use of systems biology approaches
to examine gene expression and its relationship with clinical sepsis. The
protocol was registered on the Open Science Framework (https://osf.
io/3jbv2) with the associated project osf.io/5c2wr.

2.1. Identifying the research question

This study hypothesized that transcriptional research could support a
clinical research framework based on components important for sepsis
guideline design. The research question posed was as follows: What gene
expression studies can be used to capture relevant information for the
development of sepsis guidelines concerning sepsis: definition, diag-
nosis, progression, severity, biomarkers, endotypes, and benchmarking?

This study incorporated gene expression investigations spanning
both coding and non-coding domains. The research encapsulates micro
RNA studies (<200 NBP), along with the exploration of circular (Circ)
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RNAs and IncRNAs.
2.2. Study selection

A systematic review of peer-reviewed literature was conducted using
PubMed’s online search tool, which incorporated the MEDLINE, PMC,
and BookShelf databases. Relevant literature from a 10-year period
leading up to the search date (June 29, 2023) was examined. The pri-
mary search terms, ’gene expression’ and ’sepsis,” were utilized in
conjunction with one of the thematic research terms (Endotype,
Biomarker, Definitions, Diagnosis, Progression, Severity, and Bench-
mark) (Fig. 2 (1-7)). The search strings derived from these terms are
presented in Supplementary Table 7. In the subsequent stage, articles
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were filtered to include human studies in English while excluding review
articles and studies related to drugs and vaccines. As the key theme
’Benchmark’ yielded zero selections, the filtration step was expanded
beyond the title for a full article search. This modification was also
applied to the ’Endotype’ theme to secure a more comprehensive
collection of studies.

2.3. Study inclusion and exclusion criteria
Articles were included in the review if they met the following three
criteria: (i) focused on sepsis as the primary disease process and incor-

porated transcriptional (mRNA) analysis; (ii) addressed one of the five
clinical areas of sepsis, including case definition, classification, Sepsis
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Sepsis Severity
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Fig. 3. (continued).

Severity Endotyping, Biomarkers, and Benchmarking; and (iii) involved
human subjects.

The exclusion criteria were conference abstracts, articles lacking full-
text access, and articles that were unavailable in English. AR and JS
independently screened the articles and resolved disagreements through
discussions until a consensus was reached. The articles are then detailed
and discussed in the text. Relevant information regarding the applica-
tion of transcript studies to sepsis was extracted and tabulated from the
selected articles. The Artificial Intelligence (AI) engine ‘Bing’ incorpo-
rated in the Microsoft Edge browser was used to improve language and
readability. (Supplementary Tables 1-6).

2.4. Data charting

We developed a data-extraction form using Microsoft Excel (AR).
Two independent reviewers (AR and JS) extracted data from full-text
articles to ensure consistency. The extracted data included population
and study characteristics (e.g., demographics, aim, transcript informa-
tion, significant genes, study outcomes, and conclusions).

2.5. Data collation and result reporting

A descriptive quantitative analysis was undertaken in this study,
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involving the aggregation of articles based on keywords, in accordance
with the sepsis framework mentioned earlier (Fig. 2). These studies were
divided into two main categories. The first category encompasses con-
cepts associated with cellular changes related to sepsis such as endo-
types and biomarkers. The second category addressed elements that
were more directly related to the clinical presentation of sepsis,
including its definition, diagnosis, progression, and severity. The results
are subsequently presented in this sequence, followed by a discussion of
the relationship between framework terms and gene expression.

3. Results

The sepsis framework search terms identified 2333 articles (Fig. 3),
which are detailed below according to the separate headings outlined in
the framework search terms. A duplicate research study output occurred
once with the ‘Endotype’ and ‘Diagnosis’ searches and was recorded in
both these categories.

3.1. The sepsis endotype

"Endotype," derived from "endogenous phenotype," refers to disease
subtypes defined by distinct biological mechanisms rather than
observable symptoms. Leveraging transcriptomic analysis can identify
unique endotypes, transforming sepsis diagnosis and prognosis based on
the molecular characteristics and mechanisms.

Several studies have explored the association between the sepsis
endotypes and mortality. Zhang et al. (2020) used deep learning, a
branch of Artificial Intelligence, to identify two sepsis classes: immu-
nosuppressed class 1 with higher mortality and relatively immuno-
competent class 2 with elevated mortality risk from hydrocortisone
therapy [26]. The VANISH trial found that the SRS2 endotype was
associated with higher mortality when treated with corticosteroids [27].
In a study of pediatric sepsis, two endotypes (A and B) were identified,
with Endotype A associated with higher 28-day mortality rates in pa-
tients with acute hypoxemic respiratory failure (AHRF) [28].

Transcriptomic analysis is invaluable for understanding the patho-
genesis of sepsis. Baghela et al. (2022) accurately predicted sepsis
severity and identified mechanistic endotypes in early sepsis using gene
expression signatures [29]. Got et al. (2020) linked sepsis-induced
Epstein-Barr virus (EBV) reactivation to an immunosuppressed host
transcriptomic endotype [30]. Kwok et al. (2023) investigated neutro-
phils and emergency granulopoiesis in sepsis, revealing altered gene
expression in circulating hematopoietic stem and progenitor cells [31].
Darden et al. (2021) used single-cell RNA sequencing to reveal the role
of non-myeloid cells in chronic critical illness (CCI) and persistent
inflammation, immunosuppression, and catabolism syndrome (PICS)
following sepsis [32].

Combined with gene expression data, machine learning is a prom-
ising tool for identifying sepsis endotypes and for improving prognosis.
Sweeney et al. (2021) classified patients into inflammatory, adaptive,
and coagulopathic endotypes, which are significantly associated with
clinical outcomes and can guide personalized therapy [33]. Banerjee
et al. (2021) used Machine Learning to identify 20 differentially
expressed genes that predict sepsis severity and outcomes [34]. Scicluna
et al. (2017) identified four molecular endotypes (Mars1-4) linked to
severity scores, septic shock, and mortality in patients with sepsis [35].

Endotype-based research continues to evolve, supporting the po-
tential of personalized sepsis management. Wong et al. (2012) devel-
oped 'PERSEVERE,’ a sepsis outcome prediction tool [36], while Lu
et al. (2022) identified eight hub immune-related genes for sepsis
diagnosis and prognosis [37]. Baghela et al. (2023) used blood sepsis
gene expression signatures to predict the severity and endotypes of pa-
tients with COVID-19 [38]. They determined five endotypes that reflect
distinct sepsis etiologies and therapeutic possibilities. Efforts are un-
derway to consolidate dysregulated gene sets linked to sepsis in the form
of a library, such as ’SeptiSearch,” a compendium of 103 unique gene
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sets developed by Baghela et al. (2023) [39]. SeptiSearch includes a
description of endotypes, and is thus included in this section. Endotyp-
ing holds significant promise for advancing sepsis management and
delivering personalized care to patients.

3.2. Sepsis Biomarker

Biomarkers, particularly those derived from gene expression infor-
mation, are becoming increasingly essential for the diagnosis and
monitoring of sepsis, offering measurable indicators of disease presence
and severity. Zheng et al. (2020) differentiated between bacterial and
fungal sepsis using specific gene sets, introducing the bacterial sepsis
Gene Set Variation Analysis (GSVA) index, which demonstrates
remarkable discriminatory power between bacterial sepsis and non-
sepsis samples [40]. Furthermore, Zhang et al. (2022) emphasized the
potential of Arginase 1 (ARG1) as a biomarker for diagnosing and pre-
dicting sepsis, establishing a connection between ARG1 expression,
disease severity, and treatment response [41]. MicroRNAs (miRNAs)
have also proven valuable in this regard, with Huang et al. (2014)
identifying eight novel miRNAs associated with early sepsis diagnosis
[42], and Li et al. (2022) highlighting the diagnostic and prognostic
value of BCL2A1 as a novel biomarker for sepsis management [43].

In a seminal study, De Almeida et al. (2023) identified genes
including Reactive Oxygen Species Modulator 1 (ROMO1), SRA Stem-
Loop Interacting RNA-Binding Protein (SLIRP), and Translocase of
Inner Mitochondrial Membrane 8 B (TIMMS8B), which establish a
connection between Non-Thyroidal Illness Syndrome (NTIS) and sepsis,
offering crucial insights into shared molecular mechanisms [44].
Notably, these specific mitochondrial genes (mitGenes) have the po-
tential to serve as biomarkers for survival prediction. These mitGenes
effectively distinguished between survivors and non-survivors of sepsis,
underscoring their significant role in sepsis endotyping. Among them,
ROMO1, SLIRP, and TIMMS8B have emerged as potential predictive
biomarkers for mortality in pediatric patients with sepsis.

Transcriptomic biomarker panels are promising tools for sepsis
management. Bauer et al. (2016) pioneered the development of such a
panel, which effectively quantified systemic inflammation and immune
dysfunction in sepsis while also distinguishing infected patients from
those without infection. Notably, this panel linked a downregulated
component of the genomic score to mortality [45].

3.3. Sepsis definition

Sepsis plays a pivotal role in both research and clinical findings.
Sepsis plays a pivotal role in conveying The research and clinical find-
ings. The Sepsis-3 committee recognized the complexity of aligning the
clinical physiological approach with the initial immunological changes
in sepsis, acknowledging that ambiguity in the definition could result in
inconsistent mortality reporting [17]. In response to this challenge, the
Sepsis-3 definition designates sepsis as a syndrome and acknowledges
the absence of a definitive diagnostic test. Although the adult Sepsis-3
definition strives to encompass the intricacies of sepsis, it still retains
an element of vagueness. While it highlights the dysregulated immu-
nological aspects of sepsis, it does not capture intricate and complex
details. A gene expression approach could be helpful in providing more
depth in the definition of sepsis. For example, the transcriptomic
perspective has the potential to identify functional alterations in sepsis.
Schaack et al. (2018) identified distinct sepsis patient clusters exhibiting
varying degrees of T-cell and monocyte functional loss along with dys-
regulated granulocytic neutrophil activation [46]. In addition, Reyes
et al. (2020) identified 16 unique immune cell states through scRNA-seq
analyses, suggesting that a transcriptomic functional interpretation of
sepsis may contribute to a better understanding of its dysregulation.
Nevertheless, a unifying immunological pattern that defines sepsis
across various studies remains elusive [47].

The pursuit of a comprehensive definition of sepsis that encompasses
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age and pathogen type is a complex endeavor. Wynn et al. (2011) pro-
posed that age-related differences exist in septic shock, as neonates
exhibit diminished gene expression in crucial immune-related pathways
compared with other age groups [48]. This revelation prompts doubts
regarding the viability of a universal age-independent definition.
Regarding the relationship between sepsis definition and pathogen type,
research on SARS-CoV-2 has underscored the parallels between bacterial
sepsis and COVID-19 dysregulation mechanisms. Karakike et al. (2021)
reported that most ICU-hospitalized COVID-19 patients satisfied the
Sepsis-3 criteria [49]. Furthermore, the emergence of SARS-CoV-2 has
redirected research focused towards viral sepsis, revealing shared fea-
tures between bacterial sepsis and COVID-19 dysregulated mechanisms
[50]. Additionally, Sohn et al. (2020) suggested that the immune-related
transcriptome profiles of COVID-19 patients mirrored those in bacterial
sepsis, advocating for a pathogen-agnostic innate host response [51].
Furthermore, Barh et al. (2020) showed that transcriptome studies of
lung tissue post-SARS-CoV-2 infection revealed shared pathways among
bacteria, parasites, and protozoa [52]. These findings suggest the pos-
sibility of defining pathogen-agnostic sepsis, although its actualization
remains riddled with hurdles. Innovative methods, such as the tran-
scriptomic approaches discussed in this review, might be instrumental in
bridging the gap in understanding sepsis, leading to an improved defi-
nition of sepsis.

3.4. Sepsis diagnosis

Kalantar et al. (2022) conducted a study involving 221 ICU patients
and discovered that host gene expression in the whole blood and plasma
could accurately distinguish sepsis from non-sepsis [53]. Their approach
involves machine learning to develop classifiers based on host gene
expression and pathogen detection. The combination of host and mi-
crobial features significantly enhances sepsis diagnosis and allows the
prediction of sepsis in patients with negative or indeterminate micro-
biological testing. In another study, Lukaszewski et al. (2022) identified
specific gene signatures that could predict infection or sepsis three days
before clinical presentation [54]. Their machine learning techniques
accurately differentiated infection from uncomplicated recovery and
sepsis from other postoperative presentations. Additionally, Xu et al.
(2022) demonstrated that microRNAs, in combination with
TLR4/TDAG8 mRNAs and proinflammatory cytokines, could serve as
diagnostic biomarkers for early sepsis diagnosis [55]. Zhou et al. (2021)
developed a 10-core gene expression panel for diagnosing pediatric
sepsis, with the ROC showing an AUC of over 0.9 for the 10 core genes in
diagnosing pediatric sepsis [56]. Recognizing the vital role of the im-
mune system in sepsis, Lu et al. (2022) focused on immune-related genes
(IRGs) and their association with sepsis diagnosis and prognosis [37].
They employed machine-learning approaches to identify hub IRGs from
multiple datasets and established an IRG classifier based on eight hub
IRGs. This classifier exhibited superior diagnostic efficacy and prog-
nostic value compared with clinical characteristics alone (see the section
on endotyping). The study also correlated the IRG classifier with
immune-related characteristics such as immune cell infiltration and
cytokine expression. Sweeney et al. (2018) validated a gene expression
test known as the Sepsis Metacore (SMS) for sepsis in neonates [57]. SMS
displayed accuracy in three neonatal sepsis cohorts and outperformed
standard laboratory tests. This finding suggests that SMS could poten-
tially reduce unnecessary antibiotic use and improve outcomes in neo-
nates with sepsis.

3.5. Sepsis progression

The ability to anticipate sepsis complications early based on gene
expression profiles could offer the prospect of disease modification,
allowing for individualized and targeted therapies. Fiorino et al. (2022)
conducted a prospective observational cohort study of 277 patients with
infections, sepsis, or septic shock [58]. They used RNA sequencing of
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whole blood to measure the host gene expression response to infection
and identify signatures that could predict sepsis progression and mor-
tality. The researchers found no gene expression signature for sepsis
progression defined by the Sepsis-3 category, but found signatures for
sepsis progression defined by new organ dysfunction or ICU admis-
sion/mortality. They also validated four previously published gene sig-
natures of sepsis-related mortality. By comparing the gene expression
patterns of patients who progressed to more severe forms of sepsis or
died within 28 days with those who did not, the authors identified genes
and pathways associated with sepsis progression. Thus, it is possible to
label sepsis progression based on host gene expression as a biomarker of
host response to infection. The elicited genes and molecular pathways
may reflect the different mechanisms (endotypes) of sepsis progression.
The authors also used predictive modeling to generate gene expression
signatures that classified patients into risk groups based on sepsis pro-
gression and mortality. Here, a molecular score was provided according
to the elicited gene expression signature, complementing the clinical
parameters to guide a personalized approach to clinical care. Glibetic
(2022) used transcriptomic analysis to identify patient subgroups with
altered biological responses to sepsis, investigating the ethnic basis of
viral infection risk and sepsis progression in patients with colorectal
cancer (CRC) [59]. Their analysis revealed distinct sepsis gene signa-
tures classified as early- and late-response sepsis genes in the Native
Hawaiian cohort compared to those in Japanese patients. Furthermore,
canonical pathway analysis showed significant upregulation and
downregulation of mechanisms related to viral exit from host cells and
epithelial junction remodeling. These findings suggest that the genetic
background plays a crucial role in sepsis heterogeneity, which could
enable personalized approaches for risk stratification and targeted
therapies.

3.6. Sepsis severity

De Jong et al. (2021) introduced an innovative method for investi-
gating disease-associated molecular changes using gene ensemble noise
[60]. This measure, which assesses the variance of gene groups, chal-
lenges the traditional gene-regulation model. The authors argued that
the upregulation or downregulation of genes does not solely influence
cellular dynamics, but is also affected by the stochastic nature of gene
expression, which in turn affects cellular responses. This novel approach
enables the detection of disruptions in pathways and protein complexes
relevant to sepsis. The authors also highlighted its successful application
in the context of HIN1 infection and its association with sepsis-related
mortalities. Furthermore, their model could predict patient survival
following sepsis and incorporate weighted gene co-expression network
analysis (WGCNA), emphasizing its value in comprehending nonlinear
relationships. This approach also demonstrated its ability to predict
COVID-19 severity and identify potential pharmaceutical targets.

In a parallel study by Baghela et al. (2022), researchers identified
gene expression patterns that could indicate sepsis severity and endo-
types at the initial clinical presentation [29]. Their hypothesis revolved
around the concept that sepsis encompasses various endotypes, each
representing a distinct subgroup characterized by unique levels of
severity and outcomes. Employing whole-blood RNA-Seq and harness-
ing the power of machine learning, they conducted a comprehensive
analysis of gene expression profiles extracted from patients in both the
emergency room (ER) and intensive care unit (ICU) with suspected
sepsis. Their analysis revealed the existence of five distinct endotypes,
each distinguished by its own set of underlying mechanisms. Among
these endotypes, two exhibited high severity levels and increased mor-
tality risk, whereas one displayed more benign characteristics. To
facilitate early triage and potentially guide personalized treatment
strategies, researchers have developed a classification tool based on a
multinomial regression model enriched with LASSO shrinkage and se-
lection operator regularization techniques. This model, which relied on
40 specific genes, demonstrated its advantages in accurately predicting
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the endotype status of patients with sepsis. Consequently, this study not
only illuminated the heterogeneous nature of sepsis, but also provided
invaluable insights into predicting endotypes among patients with
sepsis.

3.7. Sepsis benchmark

Benchmarking, the process of comparing the performance of a sys-
tem or method against a recognized standard, plays a crucial role in
clinical research, particularly in sepsis studies [61]. However, the core
challenge is to identify the correct standard against which to benchmark
it. One solution involves classifying gene patterns based on disease
conditions or processes in order to create a reference library of gene
patterns. Altman et al. (2021) developed a transcriptomic benchmarking
framework called BloodGen3Module, designed to facilitate the analysis
of gene expression data [62].

Sweeney et al. (2017) tested three gene expression diagnostic clas-
sifiers, namely the 11-gene Sepsis MetaScore, FAIM3:PLACS ratio, and
Septicyte Lab, on 39 publicly available sepsis datasets [63]. The objec-
tive was to determine how well these classifiers could distinguish pa-
tients with infection from those with noninfectious inflammation. The
three diagnostic classifiers performed similarly in separating
non-infectious SIRS from sepsis, but Septicyte Lab performed less well in
separating infections from healthy controls. In a subsequent study,
Sweeney et al. (2018) conducted a validation study of the Sepsis
MetaScore for diagnosing sepsis in neonates, demonstrating its superior
performance over standard laboratory measurements across three
distinct cohorts [57].

Scicluna et al. (2020) also made a significant contribution to sepsis
benchmarking [64]. The authors carried out a next-generation micro-
array analysis of leukocyte RNA from 156 patients with sepsis and 82
healthy subjects, eight of whom underwent a lipopolysaccharide chal-
lenge in a clinically controlled setting, a process known as human
endotoxemia. This study found that changes in gene expression in crit-
ically ill patients with sepsis are not exclusive to protein-coding RNAs.
The expression patterns of protein-coding and long non-coding RNA
profiles in sepsis closely resembled those observed in a human endo-
toxemia model, particularly at a specific time point associated with
endotoxin tolerance. Small non-coding RNA did not demonstrate this
association. Using the principles of network biology, protein-coding and
non-coding RNA were grouped together as functional biological units. In
sepsis, the network architecture is characterized by modules related to
RNA binding, RNA biosynthesis, cell death, olfactory receptor activity,
and cell-cycle G2-M DNA damage checkpoint regulation, all of which
play central roles. This shows the value of using transcriptomics to un-
derstand sepsis pathogens, particularly the idea that long non-coding
RNA profiles in sepsis could serve as a benchmark for future studies.

Sepsis benchmarking is an invaluable tool for the assessment and
enhancement of sepsis management. Nonetheless, it is not devoid of
significant challenges. One of the primary hurdles arises from the vari-
ability in the methods employed to identify patient cohorts from elec-
tronic medical record data and the clinical definitions of sepsis. This
variability complicates the benchmarking process and the comparison of
different methodologies [65]. Moreover, in the current era marked by
the COVID-19 pandemic, accurately tracking sepsis cases presents an
additional formidable challenge [66]. Furthermore, the assessment of
patients with suspected sepsis is intricate, as a considerable number
ultimately receive diagnoses of noninfectious conditions [67]. This
complexity in diagnosis and patient categorization makes it difficult to
establish meaningful benchmarks for quality indicators, particularly in
the case of severe sepsis [68]. The need for well-labeled transcriptomic
data and a universally accepted definition of sepsis across studies are
significant hurdles. Nonetheless, sepsis benchmarking continues to be a
vital tool in the evaluation of gene transcriptomic tools and methodol-
ogies, serving to guide researchers in their quest for effective prediction
methods, biomarker discovery, and the development of novel
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therapeutics.
4. Discussion

As part of a comprehensive ten-year literature scoping review, a
system-wide approach was employed, utilizing transcriptomic analysis
to bridge conventional sepsis themes. This approach focuses on tran-
scriptomics through gene expression studies across various categories,
including diagnostics, organ dysfunction, sepsis severity, endotyping,
classification, king, and benchmarking. As depicted in the illustrative
representation of this introduced framework (Fig. 1), the interaction
between scientific (biological) and clinical terms and genomic data
features appears intuitive. Within the framework encompassing these
terms, they are broadly categorized into two main groups. The first
category offers scientific insights centered on molecular or cellular-level
changes (Biomarkers and Endotypes). The second category (Sepsis
Severity, Sepsis Progression, and Sepsis Diagnosis) provides a high-level
perspective relevant to clinical comprehension.

Biomarkers and Endotypes offer valuable insights into sepsis (Fig. 4).
The studies reviewed in this analysis demonstrated the application of
Biomarkers and Endotypes in sepsis. Notably, although biomarkers have
been established in sepsis research, endotyping remains a complex and
evolving facet of sepsis. Biomarkers are objectively measurable entities,
such as molecules in the bloodstream or changes in bodily functions that
signify biological processes, pathogenic responses, or reactions to ther-
apeutic interventions [69]. Endotypes play a pivotal role in classification
by establishing a link between a disease and a distinct pathophysiolog-
ical mechanism [70]. They contribute to the sub-classification of sepsis
patients based on various functional criteria, employing mechanistic
approaches, such as assessing the degree of immunosuppression.
Research has also indicated that endotyping can identify patient groups
with elevated mortality risks, with an important discovery in at-risk
patients being associated with steroid therapy. This underscores the
importance of applying endotypes as a facet of precision medicine.
Employing endotypes can be used to predict sepsis severity and clinical
outcome. Biomarkers, on the other hand, serve various purposes, such as
predicting sepsis and distinguishing between bacterial and non-bacterial
forms to evaluate disease severity, treatment response, and survival
prognosis. They also offer the potential to quantify systemic inflamma-
tion and immune dysfunction in sepsis, thereby enabling assessment of
treatment effectiveness.

Biomarkers have proven to be useful in sepsis studies, providing a
convenient and objective method for disease observation, tracking, and
patient response monitoring [71]. Nonetheless, endotypes could offer a
more profound bridge between the biological and clinical contexts.
Endotypes, representing distinct underlying disease pathways and
mechanisms, are typically identified using advanced diagnostic tech-
niques such as genetic analysis and molecular profiling. By discerning
specific gene expression patterns or molecular signatures unique to a
patient subgroup within a broader disease category, endotypes enable
personalized treatment strategies. Continuous research and technolog-
ical advancements promise to refine our understanding of endotypes,
heralding the future of personalized and effective medical care.

In this study, we present a comprehensive research framework with
potential clinical applicability and established essential links to critical
components relevant to sepsis. A significant challenge exists within the
sepsis research field, in that there is an absence of consensus regarding
appropriate terminology and definitions. The components of the
framework were introduced based on the researchers’ clinical in-
terpretations. The lack of consensus in terminology has likely contrib-
uted to the scarcity of studies in certain critical sepsis categories,
emphasizing a central issue: the absence of a precise and universally
accepted definition of sepsis. This inherent ambiguity is a limitation of
the present study, stemming from the blurred boundaries between
research terminologies, especially concerning clinical descriptors, such
as sepsis severity and progression. Furthermore, there is a considerable
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gap between the wealth of scientific insights into sepsis and its practical
clinical applications. This gap is exacerbated by the complexities
inherent in sepsis research, including platform heterogeneity, challenges
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studies.

In charting the course for future sepsis research, it is imperative to
consider adopting a bioinformatics perspective, highlighting the
inherent value of a transcriptomic viewpoint. Additionally, more
extensive longitudinal studies incorporating diverse blood sampling
strategies are warranted. However, the challenge of early sepsis diag-
nosis remains prominent, especially considering that the clinical mani-
festations may initially be inconspicuous. To bridge the existing gap
between scientific discoveries and their clinical implementation in the
realm of sepsis, future research efforts should emphasize the seamless
integration of cutting-edge approaches, notably transcriptomics, into
clinical settings for personalized diagnostics. In addition, using artificial
intelligence (AI) and machine learning techniques holds substantial
promise for deciphering complex gene expression data, ultimately
enhancing the accuracy of disease classification and the development of
tailored treatment strategies. Given the intricate nature of sepsis and the
anticipated non-linear data relationships from a gene expression
standpoint, the application of machine learning to this domain exhibits
significant potential. As illustrated in Fig. 6, advanced algorithms and
machine-learning techniques can help decipher the complexities of gene
expression data, providing a clearer and more precise understanding of
disease classification and treatment strategies. These strategies can
overcome the inherent complexities of sepsis research, ultimately
advancing the field toward more precise and personalized care of pa-
tients with sepsis. Moreover, advancements in sepsis definition and
identification of reliable biomarkers can significantly enhance bench-
marking processes, extending their relevance across various clinical
aspects of sepsis. Future investigations should delve deeper into un-
derstanding how transcriptomics can offer a dynamic perspective that
effectively translates to bedside applications.

Crucially, gene expression methodologies, as elucidated in this study,
offer immense potential for validating consensus-driven approaches for
sepsis management. They provide a means to bridge the existing
knowledge gaps in sepsis pathophysiology and refine clinical protocols
through precision strategies. Furthermore, exploring the potential utility
of gene expression biomarkers in augmenting existing tools at bedside
and in laboratory settings is a promising avenue. These biomarkers have
the potential to aid in prediction, thereby supporting precision man-
agement strategies for sepsis, with the ultimate goal of modifying the
risk profile associated with this condition. The rapid development of
technologies capable of expeditiously processing high-throughput gene
expression data may enable the practical application of transcriptomics

AUTOMATED MODELING

DATA S Classification
. eg, —_— Machine Learning Prediction
Clinical
* Genomic

MACHINELEARNING

| |
v

v

Informatics in Medicine Unlocked 44 (2024) 101419

in acute sepsis scenarios. The possibility of performing transcriptomic
analyses at the bedside could enhance the real-time applicability of such
methods to patient care. Overall, by addressing limitations and
embracing future directions, the field of sepsis can continue to evolve
based on a transcriptomic approach, offering improved strategies for the
diagnosis, treatment, and care of patients with sepsis.

In this study, we present a comprehensive research framework with
potential clinical applicability and established essential links to critical
components relevant to sepsis. However, the components of the frame-
work were introduced based on the clinical experience of researchers. A
significant challenge exists within the sepsis research field, in that there
is an absence of consensus regarding appropriate terminology and def-
initions. The lack of such an agreement has contributed to the scarcity of
studies in certain critical sepsis categories, emphasizing a central issue:
the absence of a precise and universally accepted definition of sepsis.
This inherent ambiguity is a limitation of the present study, stemming
from the blurred boundaries between research terminologies, especially
concerning clinical descriptors, such as sepsis severity and progression.
Furthermore, there is a considerable gap between the wealth of scientific
insights into sepsis and its practical clinical applications. This gap is
exacerbated by the complexities inherent in sepsis research, including
platform heterogeneity, challenges related to the timing of sample
collection, and variations arising from host-pathogen interactions. These
intricacies pose significant barriers to seamlessly integrating the find-
ings from diverse sepsis studies.

Crucially, gene expression methodologies, as elucidated in this study,
offer immense potential for validating consensus-driven approaches for
sepsis management. They provide a means to bridge the existing
knowledge gaps in sepsis pathophysiology and refine clinical protocols
through precision strategies. Furthermore, exploring the potential utility
of gene expression biomarkers in augmenting existing tools at bedside
and in laboratory settings is a promising avenue. These biomarkers have
the potential to aid in prediction, thereby supporting precision man-
agement strategies for sepsis, with the ultimate goal of modifying the
risk profile associated with this condition. The rapid development of
technologies capable of expeditiously processing high-throughput gene
expression data may enable the practical application of transcriptomics
in acute sepsis scenarios. The possibility of performing transcriptomic
analyses at the bedside could enhance the real-time applicability of such
methods to patient care. Overall, by addressing the limitations and
embracing future directions, the field of sepsis research can continue to
evolve, offering improved strategies for the diagnosis, treatment, and
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care of patients with sepsis.
5. Conclusion

This narrative review underscores the potential of a transcriptomic-
oriented approach as a pivotal tool for bridging knowledge gaps be-
tween pathophysiological changes and cellular modifications applied to
the clinical context. The transcriptomic-oriented framework used in this
study spanned various sepsis categories: diagnosis, progress, severity,
endotyping, classification, biomarking, and benchmarking. This
revealed the application of transcriptomics across numerous aspects of
sepsis, offering promising avenues for integration with other omics
strategies and interpretive frameworks. Nonetheless, the inherent
complexities and interpretive challenges of sepsis were persistently
echoed throughout this review. Future research should investigate
sealing the gaps between biological changes translated into a clinical
context. By adopting a transcriptomic-driven methodology, researchers
and clinicians can collectively navigate the intricacies of sepsis, direct-
ing future progress and facilitating improved patient outcomes from
sepsis.

Fig. 1. An important direction for bioinformatics research applied to
sepsis is the correlation of bench side findings to the bedside. Genomic
clinical research can involve the collection of blood samples at specific
milestones or time points in Sepsis [A]. In transcriptomic studies, gene
expression can be measured to reflect the amalgamation of gene in-
teractions and downstream pathway changes reflecting sepsis patho-
genesis. This methodology leads to gene expression patterns of interest
[B]. From the genetic material, it is possible to generate intricate data
through microarray or high-throughput gene sequencing (RNA-seq or
sc-RNA-seq). To achieve this, reverse transcription of mRNA to cDNA is
required [C]. Analysis of gene expression can occur by various methods
depending on the goals of the study [D]. Ultimately, the process as
described allows for the exploration of the relationship between cellular
changes (based on gene expression) and biological consequences man-
ifested by the patient. We believe these are exciting times for clinical
research to learn about mRNA and its application to sepsis. Particularly
given the ability now to affect the machinery of transcription through
CRISPR-Cas9 [E].

Fig. 2. Using transcriptomic information to support translating
clinical sepsis research to the bedside. Key questions linking gene
expression (GE) to the framework are shown (central boxes). These then
support components of the research framework (Diagnosis/Definition,
Disease Progression, Disease Severity, Biomarking, and Benchmarking).
mRNA is thus vital for cellular function and consists of mRNA protein-
coding and non-protein-coding RNA functions. The two facets allow
mRNA to play a role in gene code translation for protein synthesis and a
gene regulatory role. Essentially, mRNA is the genetic mediator guiding
ribosomal protein synthesis based on information provided in the DNA.
At this moment, transcriptomics aims to document gene activity by
quantifying mRNA, analyzing gene expression patterns, and measuring
gene levels in sepsis.

Gene-to-gene connections are shown, with genes illustrated as nodes.
The interconnections between genes represent regulatory relationships.
Therefore, network interactions among genes form a Gene Regulatory
Network (GRN). Sepsis is a heterogeneous process affected by host
factors such as age, infection timing, and pathogen-associated factors.

Red and dark blue are clinical attributes; green pertains to a bio-
logical construct related to a cellular function or clinical endpoint; yel-
low depicts a standard against which other parameters are compared. In
light blue are the target endpoints, which can be deduced from the data
features, according to the generated (vector) data points for each
patient.

1. Sepsis diagnosis and definition are interrelated. Changes in cellular
activity can be detected with respect to mRNA, providing patterns
indicative of a pathophysiological response indicative of sepsis. This
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resulted in GE patterns that were consistent with the diagnosis and
definition of sepsis.

2. Sepsis progression is important because if unabated, it can progress
to multi-organ dysfunction syndrome (MODS). Single-organ
dysfunction in sepsis is rare, with subsequent failure of each organ
being associated with an increased risk of poor outcomes [72]. The
Sepsis 3 Task Force concluded that the misleading model that sepsis
follows a continuum from severe sepsis to shock was misleading
[17]. Furthermore, the task force concluded that the term severe
sepsis was redundant.

3. The application of transcriptomic methods to sepsis has been used to
predict organ dysfunction. Scoring systems help quantify the degree
of organ dysfunction. Sequential Organ Failure Assessment (SOFA)
score is used in adult sepsis and pediatric logistic organ dysfunction
(PELOD) in children.

4. An essential aim of transcriptomic analysis is to improve the appli-
cation of clinical therapies in a more precise approach, mindful of the
host-pathogen complexity. The aim of this study was to tailor ther-
apies according to a specific profile or sepsis subtype. Sepsis Sub-
typing may be performed from a gene function perspective, such as
according to a distinct pathophysiological mechanism known as
endotypes.

5. Understanding how the transcript correlated to disease severity al-
lows the linkage of mRNA GE, a proxy of cellular function, to clinical
categorization.

The clinical categories of different severity levels include sepsis, se-
vere sepsis, and septic shock. Relating the gene transcript to different
levels of disease severity could provide insights into sepsis pathogenesis
and provide an interpretation of the host-infection relationship.

6. The relationship between biomarkers and gene expression is of
particular interest, especially from a temporal perspective, allowing
the tracking of sepsis, and therefore, understanding disease trends
when managing patients. This can be used in predictive capacity and
to preempt disease progression, thereby providing information to the
clinician in making management choices.

7. The transcript may also have value in benchmarking sepsis, such as
correlating to clinical variables, standards, and endpoints.

Transcriptomics provides the ability to enhance endpoint analysis,
aiding disease categorization/classification and prognostication.

One of the challenges in developing a clinical research framework for
sepsis is that the components defining the framework may not be clear
because of a lack of clarity in the original definition of sepsis. Therefore
the likely overlap between components, for example, thought endotype,
could allow the clustering of groups of patients; this approach may also
have value as part of a biomarking strategy.

Fig. 3. Studies were first selected (1o™ July 2023) using the Pubmed
web server according to selective keywords related to the framework
headings (see methods). The identified studies were then screened,
excluding review articles and including gene expression studies
[Keyword Search Term: ‘(gene expression) not (review)']. Human
studies in the last ten years were then deemed eligible. Non-drug, vac-
cine, non-high throughput gene (HGT) studies and only research pub-
lished in English were included in the final narrative analysis [Keyword
Search term: not (drugs) not (vaccines) and (English)]. For the category
‘Sepsis Endotype’ the search strategy was changed as the title search
only eluded to three studies; instead, a search through the text identified
64 studies, of which 17 were deemed eligible (2 were letters and com-
ments to the editor and the third was a protein study). This left 14
included as HGT studies and for narrative review (Fig. 2A). In the
category ‘Sepsis Biomarker’ 409 studies were identified after
screening; this filtered the studies to 30, of which 23 were eligible, and
six were included after exclusion (Fig. 2B). In the ‘Sepsis Definition’
category 125 studies were identified of which non were eligible after
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screening(Fig. 2C). For ‘Sepsis Diagnosis’ 19 papers were deemed
eligible, which after the exclusion, led to 15 studies of which only 7 were
HGT studies (Fig. 2D). For ‘Sepsis Progression,” 124 studies were
identified, 17 after screening, of which only nine were eligible, and two
were included for narrative analysis (Fig. 2E). For ‘Sepsis Severity,” 19
papers were eligible; after exclusion, this eluded 2 HGT studies (Fig. 2F).
For ‘Sepsis Benchmark’ the search strategy was changed to extend the
search strategy through the body of the document (Fig. 2G).

Fig. 4. Biomarkers [A] detect quantifiable alterations, while Endo-
types [B] define traits based on molecular, cellular, genetic, or immu-
nological characteristics. The term "Endotype," originates from
"endogenous phenotype," denoting disease subtypes characterized by
distinct biological mechanisms rather than solely observable symptoms.
On the other hand, "Biomarkers" refers to objectively measurable en-
tities. Biomarkers are crucial in clinical settings, enabling the moni-
toring of diseases such as sepsis. The practical application of Endotype
markers (Endomarkers) in acute scenarios for real-time translation to
the patient’s bedside presents challenges. However, the interconnec-
tedness offered by Endomarkers, linking sepsis and pathogenic mecha-
nisms, underscores their significance in advancing precision medicine
strategies.

Fig. 5. A key objective of Omic methods, like transcriptomics, is to
establish connections between bedside observations and genomic-level
insights. To undertake a holistic interpretation based on the large
datasets generated from gene sequencing or microarray requires the
ability to handle the generated data. An important goal of analysis is to
discern relationships and gain bioinformatic insights from the gathered
gene expression data [A]. Sepsis presents substantial heterogeneity,
arising from various factors spanning pathogen and host considerations,
host attributes (e.g. host genetics), host-pathogen interactions, and the
primary site of infection [B]. Upon generating the gene expression data,
addressing noise originating from experimental and clinical variations is
a crucial step [C]. Two potential approaches are available for data
handling [D]. Option 1 involves the conventional statistical approach,
which necessitates assumptions about data structure, making it suitable
for inference studies involving hypothesis testing and prediction. Option
2, however, is tailored for modeling without assuming a specific data
framework, rendering it suitable for non-linear data analysis and pre-
dictive/classification modeling, such as provided by Machine Learning a
branch of Artificial Intelligence. Crucially, the absence of a universally
applicable sepsis definition poses an inherent challenge in sepsis studies,
attributable to the multifactorial nature and inherent heterogeneity of
the disease process.

Fig. 6 presents a comparison between the (SA) and Machine Learning
(ML) approaches. Both the SA and ML methods can be categorized as
supervised or unsupervised, and they share similar variable definitions,
resulting in generalizable models. SA is primarily hypothesis driven,
making assumptions about the available features and employing para-
metric models. In contrast, ML models may be non-parametric and their
structures may be unknown without assuming a normal data distribu-
tion or linearity. ML is oriented toward tasks such as classification and
prediction for pattern detection without a priori knowledge of the un-
derlying structure.

Both ML and SA use the mean square error for loss and risk estima-
tion. Dimensionality reduction is beneficial for handling large datasets
for both SA and ML. In ML, dimensional reduction helps to prevent data
overfitting. In SA, the generalizability of the model relies on establishing
a connection between the data and the population that it represents.
However, achieving generalizability in ML can be more challenging than
in SA because issues such as model overfitting may arise. ML can be used
to handle complex and skewed data.
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