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A consensus immune dysregulation 
framework for sepsis and critical illnesses
 

Critical care syndromes such as sepsis, acute respiratory distress syndrome 
(ARDS) and trauma continue to have unacceptably high morbidity and 
mortality, with progress limited by the inherent heterogeneity within 
syndromic illnesses. Although numerous immune endotypes have been 
proposed for sepsis and critical care, the similarities and differences 
between these endotypes remain unclear, hindering clinical translation. The 
SUBSPACE consortium is an international consortium that aims to advance 
precision medicine in critical care through the sharing of transcriptomic 
data. Here, evaluating the overlap of existing immune endotypes in 
sepsis across >7,074 samples from 37 independent cohorts, we developed 
cell-type-specific gene expression signatures to quantify dysregulation 
within immune compartments. Myeloid and lymphoid dysregulation 
were associated with disease severity and mortality across all cohorts. 
Importantly, this dysregulation was also observed in patients with ARDS, 
trauma and burns, suggesting a conserved mechanism across various 
critical illness syndromes. Moreover, analysis of randomized controlled 
trial data revealed that myeloid and lymphoid dysregulation are associated 
with differential mortality in patients treated with anakinra in the SAVE-
MORE trial (n = 452) and corticosteroids in the VICTAS (n = 89) and VANISH 
(n = 117) trials, underscoring their prognostic and therapeutic implications. 
In conclusion, our proposed immunology-based framework for quantifying 
cellular compartment dysregulation offers a potentially valuable tool for 
understanding immune dysregulation in critical illness with prognostic and 
therapeutic significance.

The field of critical care has expanded dramatically since the first 
intensive care units (ICUs) were developed1. However, progress has 
slowed and reduction in ICU mortality has plateaued2. One reason for 
this plateau is that most ICU admissions are related to physiology-
driven syndromic definitions such as sepsis, acute respiratory distress 
syndrome (ARDS) and trauma, which ignore inherent biological and 
clinical heterogeneity3. Over 100 clinical trials of immune-modulating 
medications in sepsis, costing hundreds of millions of dollars, have 
failed to achieve consistent clinical benefits4. On the other hand, count-
less secondary analyses have identified biological subgroups that may 
benefit from targeted therapies5–10. To advance precision medicine in 

the ICU, we must redefine critical illness based on biological mecha-
nisms, rather than clinical syndromes11.

In sepsis, transcriptomic and proteomic endotyping schemas have 
successfully identified subgroups, retrospectively, of patients at higher 
risk of mortality and those who respond differentially to immune-
modulatory therapies12–20. Importantly, although these endotypes 
were developed in ‘sepsis’, there were substantial differences in patient 
populations, infectious etiology, severity and the clustering approach. 
For example, Wong et al. evaluated gene expression in pediatric septic 
shock and identified two endotypes: one high risk and one low risk17. 
Despite potential age-related differences in the host response, these 
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Fig. 2f). Therefore, we carried forward these four consensus clusters to 
further evaluate whether there were important biological and clinical 
differences. Among these four clusters, two included endotypes that 
have been previously associated with worse outcomes, which we refer 
to as detrimental clusters, whereas the other two included endotypes 
that have been previously associated with improved outcomes, which 
we refer to as protective clusters. Importantly, this corroborates prior 
pathway analyses, which have suggested that the biology underly-
ing these endotypes may overlap despite using different endotype-
defining genes (Extended Data Table 1). Finally, analysis of pairwise 
correlation of genes across these four clusters, showing that genes 
within each cluster were highly correlated, again suggested that these 
endotype schemas were identifying common biology despite the 
use of different genes identified using different methods and patient 
populations (Extended Data Fig. 3).

Next, we investigated whether these 4 molecular endotypes 
were reproducible using 4,106 blood samples from 3,380 patients 
across 12 independent prospective cohorts from 10 centers integrated 
through the SUBSPACE consortium. These samples represented broad 
heterogeneity, including pediatric and adult patients, noncritical and 
critically ill patients and infected and noninfected patients, inclusive 
of both bacterial and viral sepsis (Fig. 2a and Supplementary Table 2).  
All gene expression data, except the MESSI cohort due to a lack of 
healthy participants, were COCONUT co-normalized. Housekeeping 
genes and uniform manifold approximation and projection (UMAP) 
showed appropriate co-normalization (Supplementary Fig. 2). We 
calculated continuous endotype scores from each of the seven gene 
expression signatures for each sample. Once again, unsupervised 
hierarchical clustering and network analysis identified four gene 
expression-based clusters, with the addition of quantitative SRS 
(SRSq) scores clustering with detrimental endotypes (Fig. 2b–e). In 
the SUBSPACE cohorts, unsupervised clustering identified identical 
clusters to the public data whereas network analysis identified similar 
subgroups with the exception of the Sweeney coagulopathic signa-
ture and the Wong signature clustering with the detrimental endo-
types now containing SRSq, suggesting some similarities between 
these endotypes. Importantly, none of the clusters was driven by a 
single cohort (Fig. 2c).

Collectively, our results demonstrated that, despite the biologi-
cal, clinical and technical heterogeneity across cohorts, the endotypes 
identified by different schemas converge to four consensus molecular 
clusters, henceforth called consensus endotypes. These molecular 
subgroups separated based on detrimental and protective endotypes. 
Overall, this suggests that prior sepsis transcriptomic signatures share 
a biological basis that may be leveraged to better understand sepsis 
pathogenesis and treatment.

Four consensus endotypes can be explained along the myeloid 
and lymphoid axes
After identifying the consensus of these discrete endotyping signa-
tures, we next evaluated the immunological underpinnings of these 
consensus endotypes and developed a more generalizable immune 
framework. We evaluated the 7 endotyping signatures using single-cell 
RNA sequencing (scRNA-seq) data by integrating 602,388 immune 
cells from 258 samples from 4 publicly available COVID-19 and sepsis 
scRNA-seq datasets that included neutrophil profiles39–42 (Supplemen-
tary Table 3). We identified 14 unique cell types (Fig. 3a and Methods) 
and found that cell type and severity explained the largest variability 
(Supplementary Fig. 3a,b). The consensus endotypes separated along 
cellular origin and detrimental or protective effects, which we defined 
based on whether the corresponding endotype was associated with 
worse or improved prognosis (that is, higher severity or mortality) in 
prior studies. Consensus endotypes included a detrimental myeloid 
cluster (Sweeney inflammopathic, Yao innate, SoM modules 1 and 2,  
and MARS2), a protective myeloid cluster (Wong score, MARS4 and 

endotypes were congruent with two endotypes developed in adult 
patients with pneumonia by Davenport et al. that were later shown to 
have a differential response to steroids5,12. Scicluna et al. identified four 
transcriptomic endotypes across two ICUs (medication administration 
records (MARS) 1–4)20, whereas Sweeney et al. identified three endo-
types (inflammopathic, coagulopathic and adaptive) in both critically 
ill and noncritically ill patients with bacterial sepsis14. Finally, Zheng et 
al. described four continuous immune severity scores (the severe-or-
mild (SoM) signature) that are conserved across a broad array of viral 
and bacterial infections10,19.

The convergence of results by these independent research groups 
on sepsis endotypes offers promise for advancing molecular endotyp-
ing. However, how these schemas are related to each other, whether 
they generalize beyond the cohorts in which they were originally iden-
tified and whether they represent the same or different underlying 
biology remain important questions that must be answered to fun-
damentally redefine critical illness syndromes and advance precision 
medicine.

The goal of the subtyping in sepsis and critical illness (SUBSPACE) 
consortium is to advance precision medicine in sepsis and critical care 
syndromes by identifying and understanding the underlying biological 
pathways and redefine critical illnesses based on molecular biology, 
rather than traditional clinical categorizations. We hypothesized that 
the comparison and integration of existing transcriptomic endotyp-
ing frameworks across multiple critical illness cohorts would reveal 
distinct molecular pathways and immune cell-specific dysregulation. 
These biological insights could provide a basis for redefining critical 
care syndromes, enabling a more precise, biology-driven classification 
that can inform targeted therapies and improve patient outcomes in 
critical care.

Results
Unsupervised clustering identifies four consensus gene 
expression-based clusters
Our primary objective was to evaluate whether the existing gene expres-
sion endotyping signatures for patients with sepsis identified similar 
biology. To ensure validity and reproducibility, we applied the same 
methods in parallel across the public and SUBSPACE cohorts (Extended 
Data Fig. 1). First, we assigned standardized severity labels to each of 
the 1,460 blood samples from 19 independent public studies, encom-
passing adult and pediatric patients infected with 1 of 15 types of bacte-
rial and viral infections21–38 (Supplementary Table 1): healthy, mild or 
moderate infections (those who did not require ICU admission), severe 
infections (those who required ICU admission) and fatal infections19. 
Next, we used combat co-normalization using controls (COCONUT) 
to co-normalize these datasets and ensured that there were no batch 
effects post-normalization (Supplementary Fig. 1).

We excluded two endotype signatures, Cano-Gamez sepsis 
response signature (SRS) and Davenport SRS, from the public data-
set analysis because several of their genes were not measured in all 
datasets. For the remaining five endotyping schemas (Fig. 1a), we 
generated continuous endotype scores for all samples and used hier-
archical clustering, principal component analysis (PCA) and network 
analysis to evaluate the overlap between them. Each method identified 
similar clusters across endotype schemas (Fig. 1b–d), suggesting that 
these schemas identified the same endotypes despite using different 
methodologies and populations. Silhouette index analysis found that 
the ideal number of clusters varied between two and four, depending 
on the etiology and severity of infections (Extended Data Fig. 2a–e). 
For instance, when using all infections, irrespective of severity, the 
optimal number of clusters was three; however, when using only severe 
infections, the optimal number of clusters was four. Importantly, across 
all clustering methods, the same set of endotypes grouped together 
across four clusters, regardless of the optimal number. Bootstrapping 
with 1,000 repetitions confirmed this result (P < 0.01; Extended Data 
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SoM module 4), a protective lymphoid cluster (Sweeney adaptive, 
Yao adaptive, SoM module 4 and MARS3) and a mixed myeloid or 
lymphoid cluster (Sweeney coagulopathic, Yao coagulopathic and 
MARS1) (Fig. 3b).

Although predominant cell-type expression explained these 
consensus endotypes to some extent, genes in these signatures were 
expressed across multiple cell types (Fig. 3b and Supplementary Fig. 4).  
To isolate myeloid-specific and lymphoid-specific dysregulation 
scores, we evaluated the cell specificity of all genes used in the 7 sig-
natures and identified 104 genes that were selectively expressed in 
either myeloid or lymphoid cells. We divided these genes into myeloid 
detrimental, myeloid protective and lymphoid protective subgroups 
based on whether the original endotyping signature in which they 
were included was considered detrimental or protective as previ-
ously defined (Fig. 3c and Supplementary Table 4). Importantly, no 
lymphoid-specific genes were found in any of the detrimental signa-
tures evaluated. We then defined myeloid and lymphoid dysregulation 
scores as the difference between the geometric mean of detrimental 
genes (when applicable) and the geometric mean of protective genes, 

for a given cell lineage. Evaluation of myeloid and lymphoid dysregula-
tion scores using scRNA-seq data confirmed their cell-type specificity  
(Supplementary Fig. 5a–d). Myeloid and lymphoid dysregulation scores 
were moderately correlated with each other (r = 0.49, P < 2.2 × 10−16; 
Supplementary Fig. 6) in bulk transcriptome data from the SUBSPACE 
cohorts.

Overall, scRNA-seq data demonstrated that the four consensus 
endotypes were associated with distinct expression profiles in myeloid 
and lymphoid immune cells.

Cell-lineage-specific quantification generates a clinically 
relevant immune dysregulation framework
Association of consensus molecular endotypes with distinct immune 
cell types presented an opportunity to define an immune response-
based evaluation framework, which we term the human immune dys-
regulation evaluation framework (Hi-DEF). We hypothesized that use of 
these gene expression-based scores to quantify myeloid- and lymphoid-
specific dysregulation for each patient would reduce between-patient 
heterogeneity.
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Fig. 1 | Identification of consensus endotypes in public data. a, Peripheral blood 
gene expression data from 19 cohorts inclusive of 548 samples from bacterially 
infected patients and 912 samples from virally infected patients co-normalized. 
We calculated the five sepsis signatures and scaled values for unsupervised 
clustering. b, Unsupervised hierarchical clustering performed by scaled gene 
expression score (x axis) across all samples (y axis) identifying four consensus 
endotypes. c, The four identified consensus endotypes separated well in PCA.  

d, Network analysis performed on scaled scores using Spearman’s correlation 
>0.33 to identify edges. Clusters were identified using a greedy forward 
algorithm, which identified four clusters mirroring those identified by 
unsupervised hierarchical clustering. The thickness of the line represents 
correlation between the nodes it connects. Coag, coagulopathic; Inflamm., 
inflammopathic; Mod, module.
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To test this hypothesis, we computed the lymphoid and myeloid 
dysregulation scores as defined above for each sample in the public 
datasets. Both myeloid and lymphoid dysregulation scores increased 
significantly with severity across public datasets ( Jonckheere–Terpstra 
( JT) t-test P < 2.2 × 10−16 for both scores; Fig. 4a). Next, we defined an 
abnormal lymphoid or myeloid dysregulation score using the 95th 
percentile of each score in healthy participants, which corresponds 
to a z-score of 1.65, and defined four quadrants: balanced, lymphoid 
dysregulation, myeloid dysregulation and system-wide dysregulation 

(Fig. 4b). Patients with either a myeloid or a lymphoid dysregulation 
score ≥1.65 had a significantly higher risk of severe infection or mor-
tality (odds ratio (OR) = 5.2, 95% confidence interval (CI) 3.9–7.0, 
P < 2.2 × 10−16) compared with those with both scores <1.65 (Fig. 4c,d). 
The risk of severe infection or mortality was highest for patients with 
system-wide dysregulation, with 51% of these patients experiencing 
severe infections compared with 24% in the myeloid dysregulation 
subgroup, 10% in the lymphoid dysregulation subgroup and only 6% 
in the balanced subgroup (P < 0.01 across all comparisons; Fig. 4d). 
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Fig. 2 | Identification of consensus endotypes in SUBSPACE data. a, Peripheral 
blood gene expression data collected and co-normalized from 3,917 samples 
across 11 cohorts from 9 international centers. UMC, University Medical Center; 
CCHMC, Cincinnati Children’s Hospital Medical Center. b, Application of seven 
prior sepsis endotyping signatures and scaled signature scores for unsupervised 
clustering. c, Unsupervised hierarchical clustering performed by scaled gene 
expression score (x axis) across all samples (y axis) identifying four consensus 

endotypes. Samples did not cluster together by cohort. d, The four identified 
consensus endotypes separating well on PCA. e, Network analysis performed 
on scaled scores using Spearman’s correlation >0.47 (median correlation) to 
identify edges. The clusters were identified using a greedy forward algorithm, 
which identified four clusters. The thickness of the line represents correlation 
between the nodes it connects.
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These results remained significant across multiple sensitivity analyses, 
including adult and pediatric cohorts (Supplementary Fig. 7), bacterial 
and viral infectious etiologies (Supplementary Fig. 8) and US versus 
non-US cohorts (Supplementary Fig. 9).

Similar to the public datasets, both dysregulation scores increased 
with severity in the co-normalized SUBSPACE cohorts ( JT t-test 
P < 2.2 × 10−16 for both scores; Fig. 4e). Both the myeloid and the lym-
phoid dysregulation scores were associated with 30-d mortality across 
all cohorts with an OR of 1.9 (95% CI 1.3–2.0, P < 0.001) and 1.6 (95% CI 
1.6–2.8, P < 0.001), respectively (Fig. 4f). Myeloid dysregulation was 
most significantly (P < 0.05) associated with mortality in predominantly 
ICU and bacterially infected cohorts (Stanford and VICTAS), whereas 

the lymphoid dysregulation score had a more significant (P < 0.05) 
association with mortality in cohorts with predominantly viral infec-
tions (Amsterdam PANAMO and SAVE-MORE), a trend that was further 
highlighted when we evaluated differences in outcomes solely in virally 
or bacterially infected patients (Extended Data Fig. 4).

Using a z-score of 1.65 relative to healthy partcipants as a dys-
regulation threshold, both dysregulation scores ≥1.65 were sig-
nificantly associated with severe illness requiring ICU level of care 
or dying within 30 d (OR = 7.1, 95% CI 5.6–8.9, P < 2.2 × 10−16; Fig. 
4g,h) in the SUBSPACE cohorts. When considering only 30-d mor-
tality, it was significantly higher in those with either myeloid or  
lymphoid dysregulation (OR = 3.5, 95% CI 2.3–5.4, P = 5.3 × 10−12; 

Cell type
B
CD14 monocyte
CD16 monocyte
CD4 T
CD8 T
cDC
HSPC

Neutrophil
NK
PB
pDC

Immature neutrophil

Proliferative T or NK
Treg

a

CEP55
HMMR
PRC1
KIF15
STOM

CRISP2
LTF

LCN2
OLFM4
DEFA4

CEACAM8
CTSG
AZU1

GADD45A
ZDHHC17

CAMP
ARG1

PPP1R12A
ANXA3

SLPI
ORM1
SOS2

MAPK14
TXN
PPL

MME
ICAM3
PDE4B

FAS
BCL6
KLHL2
TLR1
RAF1
AQP9

GK
PTEN

PIK3CD
PRKAR1A

JAK2
ASAH1
GNAI3

SP1
ATG3
TYK2
BTK

SEMA6B
EP300

MAP3K3
PAK2

CASP1
CCL2
MAFB
HTRA1
BCAT1

IL1A
TLE4

POU2F2
PLEKHO1
BCL2L11
MAP3K1
PRKCB

RHBDF2
SLC1A5
STX1A
YKT6
VRK2

CTNNB1
ITGAV
VAMP5
INPP5D

TBK1
SLC12A7
BMPR2
CREB1

BTN2A2
SMAD4

ZCCHC4
DBT

SMYD2
ARL14EP
DYRK2

MAP4K1
PPP2R5C
TP53BP1

JAK1
BTN3A2
CASP8
TRIB2
PLCG1
ZNF831
ZAP70
CD247
SIDT1
NCR3
KLRB1

CAMK4
CD3G
CD3E
DDX6

SEMA4F
BPGM
PIK3R1
BUB3

CCNB1IP1

Immature neutrophil

Neutrophil

Monocytes

T or N
K cells

Detrimental

Protective

Gene
category

c

Scaled score

Low

High

MARS1
Coagulopathic

Yao coagulopathic
MARS2

SoM Mod 1
SoM Mod 2

Inflammopathic
Yao innate

SRS up
MARS3

Yao adaptive
Adaptive

SoM Mod 4
SRS down

 MARS4
Wong score
SoM Mod 3

Im
m

at
ur

e 
ne

ut
ro

ph
il

N
eu

tr
op

hi
l

C
D

14
 m

on
oc

yt
e

C
D

16
 m

on
oc

yt
e

cD
C

pD
C

B PB C
D

4 
T

C
D

8 
T

T r
eg

N
K

Pr
ol

ife
ra

tiv
e 

T 
or

 N
K

H
SP

C
b

Fig. 3 | Single-cell analysis of consensus endotypes. a, Integration of 4 whole-
blood scRNA-seq datasets from patients with COVID-19 and sepsis, inclusive 
of the neutrophil compartment and identifying 14 unique cell types using the 
Seurat and Scanpy pathways. The UMAP of cell types is shown. b, Evaluation 
of scaled gene expression signatures across these cell types, showing that the 
scores included in each consensus molecular endotype were expressed in similar 
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neutrophils. The blue cluster (MARS3, Yao adaptive, Sweeney adaptive and 
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cluster (MARS1, Sweeney coagulopathic and Yao coagulopathic) was a mix of 

intermediate expression of neutrophils and T or NK cells. The green cluster 
(MARS4, Wong score and SoM module 3) was predominantly expressed in mature 
neutrophils and monocytes. c, Development of a cell-type-specific score by 
evaluating scaled expression of each gene across all endotype signatures and 
selecting 104 genes that were selectively expressed (defined by >1 s.d. greater 
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these genes into detrimental or protective genes based on whether the signature 
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Extended Data Fig. 5), where the system-wide dysregulation subgroup 
had the highest mortality rate (18%). Importantly, Hi-DEF also validated 
in the MESSI cohort, although it was not co-normalized with the SUB-
SPACE cohorts (Supplementary Fig. 10).

We evaluated whether Hi-DEF was differentiable clinically. 
Although there were differences in age and white blood counts across 
subgroups (Supplementary Table 5), there was substantial overlap. 
In the Stanford cohort, dysregulation was associated with vital and 
laboratory derangements (Supplementary Table 6); however, over-
lap would again limit clinical detection. Although the myeloid and 
lymphoid scores were correlated with the neutrophil-to-lymphocyte 
ratio (Supplementary Fig. 11), both myeloid (OR = 2.1, 95% CI 1.7–2.7, 
P < 0.001) and lymphoid (OR = 2.8, 95% CI 2.3–3.5, P < 0.001) scores 
remained associated with severity and mortality after adjusting for 
the neutrophil-to-lymphocyte ratio.

Hi-DEF demonstrates the need for flexible context-dependent 
subgrouping
A key limitation of existing transcriptomic sub-phenotyping schemas 
is that they often ‘force’ subgroupings and thus lack generalizability 
beyond the populations in which they were developed. For instance, an 
‘appropriate’ immune response to an upper respiratory tract infection 
or viral pneumonia may be inadequate for Gram-negative bactere-
mia; however, current endotyping schemas do not allow this nuanced 
evaluation.

To illustrate this issue, we analyzed differences in myeloid and lym-
phoid dysregulation by severity (Fig. 5a), recruitment location (Sup-
plementary Fig. 12) and infectious etiology (Extended Data Fig. 6a).  
These analyses confirmed substantial differences in the magnitude 
and range of immune dysregulation. For example, patients enrolled 
in emergency department or non-ICU settings had lower dysregula-
tion scores than those enrolled in an ICU (Supplementary Fig. 12). 
Next, analysis of the proportion of healthy participants, and those 
with mild, severe or fatal illness across myeloid and lymphoid score 
quintiles, found that the composition of patients varied substantially 
across these quintiles (Fig. 5b,c). These results show that differences 
in cohort composition (that is, a mix of critically and noncritically ill 
individuals versus solely critically ill patients) affect the dysregula-
tion measured and subsequent results of endotyping schemas, which 

is in line with the analysis that showed differences in ‘ideal’ cluster 
number by severity and infectious etiology (Extended Data Fig. 2). 
Importantly, we found that the thresholds for optimal sensitivity and 
specificity varied depending on whether the goal was to differentiate 
mild disease from healthy participants compared with differentiating 
severe or fatal disease from mild cases (Fig. 5d,e). In addition, these 
thresholds varied depending on whether a patient had a viral or a 
bacterial infection (Extended Data Fig. 6b,c). Together, these results 
further suggest that the differing number of endotypes identified by 
prior unsupervised approaches, even though they identified similar 
biology, may stem from the differences in cohort composition. Overall, 
these results also demonstrate the need for a flexible, generalizable 
framework to better evaluate immune dysregulation across these 
diverse clinical contexts.

Hi-DEF generalizes to other critical illness syndromes
Prior studies have highlighted the similar pathobiology underlying sys-
temic inflammation in sepsis, burns and trauma3. We evaluated whether 
Hi-DEF could offer insights into other critical illness syndromes. We first 
examined the Glue Grant cohort43, which included 430 noninfected, 
critically ill patients with trauma or burns. We integrated gene expres-
sion data from the Glue cohort with SUBSPACE data using COCONUT 
co-normalization and defined dysregulation as myeloid or lymphoid 
scores greater than or equal to the median scores across all SUBSPACE 
patients who required ICU level of care. Higher myeloid or lymphoid 
dysregulation scores were significantly associated with severe out-
comes, defined as multi-system organ failure or mortality (OR = 2.0, 
95% CI 1.1–3.7, P = 0.02; Extended Data Fig. 7a,b). This association was 
predominantly driven by myeloid dysregulation and remained signifi-
cant after adjusting for sex and Acute Physiology and Chronic Health 
Evaluation II (APACHE II) score (adjusted myeloid dysregulation score: 
OR = 1.3, 95% CI 1.0–1.8, P = 0.045), whereas lymphoid dysregulation 
was not associated with multi-system organ failure or mortality.

Next, we evaluated whether Hi-DEF was associated with ARDS in 
the Stanford cohort using the same cut-off as the Glue Grant cohort. 
Higher myeloid or lymphoid dysregulation scores were significantly 
associated with the presence of ARDS (OR = 2.7, 95% CI 1.3–6.0, 
P = 0.005; Extended Data Fig. 7c,d). After adjusting for sex and APACHE 
II score, the lymphoid dysregulation score was significantly associated 

Fig. 4 | Evaluation of the immune dysregulation framework in public and 
SUBSPACE data. a, Myeloid (left) and lymphoid (right) scores (calculated 
as z-scores relative to healthy participants) calculated for all public samples 
(n = 2,096). The box plots represent the median and interquartile range (IQR) 
whereas whiskers represent the range of data excluding outliers (1.5× the IQR). 
The association of increasing scores (y axis) with increasing severity (x axis) was 
calculated using the JT t-test. Myeloid and lymphoid dysregulation scores were 
associated with severity (P < 2.2 × 10−16 for both scores). b, Theoretical framework 
for defining immune dysregulation with myeloid dysregulation on one axis and 
lymphoid dysregulation on the other. This provides a means of subgrouping 
patients into four subgroups depending on the level of dysregulation present: 
(1) balanced: both dysregulation scores low; (2) lymphoid dysregulation: only 
lymphoid dysregulation score elevated; (3) myeloid dysregulation: only myeloid 
dysregulation score elevated; and (4) system-wide dysregulation: both myeloid 
and lymphoid dysregulation scores elevated. c, The immune dysregulation 
framework applied to public co-normalized data (n = 2,096). Cut-offs are defined 
by a z-score of 1.65 relative to healthy participants. The black dots represent 
patients with severe infections (defined by ICU admission), whereas the tan dots 
represent nonsevere infections. d, Barplot representing the proportion of severe 
infections (y axis) by immune dysregulation framework subgroup (x axis). The 
OR was calculated using two-sided Fisher’s exact test unadjusted for multiple 
comparisons, comparing patients with dysregulation on any axis relative to the 
balanced subgroup. Dysregulation on either the myeloid or the lymphoid axis 
(inclusive of lymphoid dysregulation (n = 449), myeloid dysregulation (n = 197) 
and system-wide dysregulation (n = 259) subgroups) was associated with severe 
infections with an OR of 5.2 (95% CI 3.9–7.0, P < 2.2 × 10−16) compared with patients 

in the balanced subgroup (n = 1,191). e, Myeloid (left) and lymphoid (right) scores 
(calculated as z-scores relative to healthy participants) were calculated for 
baseline SUBSPACE samples with phenotype data available (n = 2,212). The box 
plots represent the median and IQR whereas the whiskers represent the range of 
data excluding outliers (1.5× the IQR). The association of increasing scores (y axis) 
with severity (x axis) was calculated using the JT t-test. Myeloid dysregulation 
and lymphoid dysregulation scores were associated with severity (P < 2.2 × 10−16 
for both scores). f, Forest plots showing log(OR) and 95% CIs of 30-d mortality 
across each site, calculated using logistic regression and showing strong 
association with mortality: myeloid dysregulation score (left) and lymphoid 
dysregulation score (right). Patient numbers by site were: ACUTELINES (n = 275), 
Amsterdam (n = 717), Cincinnati Children’s Hospital Medical Center (n = 184), 
Charles University (n = 12), SAVE-MORE (n = 452), Stanford University (n = 236), 
University of Florida (n = 172) and VICTAS (n = 137). g, The immune dysregulation 
framework applied to SUBSPACE co-normalized data (n = 2,212). Cut-offs were 
defined by a z-score of 1.65 relative to healthy patients. The black dots represent 
critically ill patients, whereas the tan dots represent noncritically ill patients. 
h, Barplot representing the proportion of severe infections (y axis) by immune 
dysregulation framework subgroup (x axis). The OR was calculated using 
two-sided Fisher’s exact test unadjusted for multiple comparisons, comparing 
patients with dysregulation on any axis relative to the balanced subgroup. 
Dysregulation on either the myeloid or the lymphoid axis (inclusive of lymphoid 
dysregulation (n = 615), myeloid dysregulation (n = 133) and system-wide 
dysregulation (n = 1,050) subgroups) was associated with severe infections with 
an OR of 7.1 (95% CI 5.6–8.9, P < 2.2 × 10−16) compared with patients in the balanced 
subgroup (n = 564).
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with ARDS (adjusted OR = 1.2, 95% CI 1.02–1.37, P = 0.03), but the mye-
loid dysregulation score was not. Together, these results suggest that 
Hi-DEF may provide insights into similarities and differences across 
diverse critical illness syndromes.

Hi-DEF generalizes to immunocompromised patients
To investigate the generalizability of Hi-DEF in immunosuppressed 
patients, we evaluated two cohorts (Stanford ICU and MESSI) 
that recruited from quaternary care center ICUs with substantial 
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immunosuppressed populations. In the Stanford and MESSI cohorts, 
28% and 46% of patients, respectively, were immunocompromised. 
Myeloid and lymphoid dysregulation scores were significantly higher 
in immunocompromised patients in the Stanford cohort (Wilcoxon’s 

P = 0.002, P = 0.02, respectively) but were not different in the MESSI 
cohort. In the Stanford cohort, immunocompromised patients were 
more likely to be dysregulated (OR = 2.8, 95% CI 1.3–6.7, P = 0.006), but 
not in the MESSI cohort (Extended Data Fig. 8a–d). In both cohorts, 
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Fig. 5 | Ideal threshold for immune subgrouping identification depends 
on clinical cohort and question. a, Mean and s.d. of the myeloid (x axis) and 
lymphoid (y axis) dysregulation scores represented graphically, stratified by 
severity (defined by critical versus noncritical illness). The individual dots 
represent patient samples colored by severity and circles the mean and s.d. of 
lymphoid dysregulation scores. Together this shows the differences that patient 
cohort composition may have on endotype-defining gene expression signatures. 
b, Evaluation of the proportion of severity subgroups within the quintiles of 
myeloid dysregulation scores, indicating how different thresholds would affect 
the patient population above each threshold. c, Evaluation of the proportion 
of severity subgroups within the quintiles of lymphoid dysregulation scores, 

indicating how different thresholds would affect the patient population above 
each threshold. d, Evaluation of the sensitivity (solid line) and specificity (dashed 
line) of different myeloid dysregulation score thresholds when identifying mild 
or moderate infections from healthy participants (blue), severe from mild or 
moderate infections (yellow) and fatal from nonfatal (red) cases. These results 
show that the ideal dysregulation threshold will depend on the clinical question. 
e, Evaluation of the sensitivity (solid line) and specificity (dashed line) of different 
lymphoid dysregulation score thresholds when identifying mild or moderate 
infections from healthy participants (blue), severe from mild or moderate 
infections (yellow) and fatal from nonfatal (red) cases. These results show that 
the ideal dysregulation threshold will depend on the clinical question.
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although immunocompromised status was associated with worse 
outcomes, this did not differ significantly by assigned subgroup 
(Extended Data Fig. 8e,f). In both cohorts, the myeloid dysregulation 
score remained significantly associated with 30-d mortality after 
adjustment for immune status (P = 0.004 and P < 0.001, respectively). 
Overall, these results suggest that Hi-DEF is not significantly affected 
by baseline immunocompromise as defined in these cohorts and can 
be used to further substratify this high-risk population.

Hi-DEF is associated with differential response to immune-
modulating medications across critical illnesses
Numerous clinical trials of immune-modulating agents in critical ill-
ness have been negative, which is often attributed to underlying bio-
logical heterogeneity causing differential treatment response4. We 
hypothesized that our proposed Hi-DEF would reduce the biological 
heterogeneity and be associated with a differential treatment response.

To test this hypothesis, we first used the SAVE-MORE cohort, a 
randomized controlled trial of anakinra in noncritically ill, hospitalized 
patients with COVID-19 and elevated soluble urokinase plasminogen-
activating receptor, which showed a mortality benefit of anakinra 
in the entire cohort44. In this study, dysregulation was defined by a 
z-score greater than or equal to the median dysregulation score in 
noncritically ill, infected patients across all SUBSPACE cohorts. Patients 
with lymphoid dysregulation at baseline treated with anakinra had a 
significantly lower rate of 28-d mortality (2.2%) compared with those 
treated with placebo (20.8%, Fisher’s P = 0.02, P (interaction) = 0.05; 
Fig. 6a). There was no difference in 28-d mortality rate in patients 
without baseline lymphoid dysregulation (P = 0.77). It is interesting 
that the subgroup of patients with lymphoid dysregulation experi-
enced the highest mortality benefit from anakinra, but those with only 
myeloid dysregulation did not (Supplementary Fig. 13a,b). This survival 
benefit in patients with lymphoid dysregulation remained signifi-
cant even after adjustment for age, sex and baseline sequential organ 
failure assessment (SOFA) score (adjusted hazard ratio (HR) = 0.06, 
95% CI 0.008–0.53, P = 0.01; Fig. 6b). Together these results suggest 
that anakinra preferentially benefits patients with baseline lymphoid 
dysregulation.

Next, we evaluated whether Hi-DEF was associated with a dif-
ferential response to corticosteroids using two independent studies. 
The VICTAS trial was a randomized controlled trial of hydrocortisone, 
vitamin C and thiamine in 501 patients with sepsis45. A subset of patients 
(n = 141) had blood transcriptome data available. We excluded the  
52 (37%) patients who received open-label steroids (and were thus 
randomized only to receipt of thiamine and vitamin C versus placebo). 
Patients were divided into subgroups based on whether dysregulation 
scores were greater than or equal to median scores across all infected, 
critically ill patients in the SUBSPACE consortium. In this limited cohort 
of patients with available RNA-seq data, there was a trend toward mor-
tality benefit (26% mortality rate in placebo versus 11% with the three-
drug active treatment; Fisher’s P = 0.11). Again, this apparent benefit 
was driven by the patients with lymphoid dysregulation at baseline. In 
patients with high lymphoid dysregulation scores, those treated with 
hydrocortisone had significantly lower mortality rates compared with 
those in the placebo arm (11% versus 39%, OR = 0.20, 95% CI 0.03–1.06, 
Fisher’s P = 0.03; Fig. 6c). This survival difference was robust after 
adjustment for age and sex (adjusted HR = 0.22, 95% CI 0.06–0.85, 
P = 0.03; Fig. 6d). The differences were not observed in patients with 
myeloid dysregulation (Supplementary Fig. 13c,d).
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Fig. 6 | Association of lymphoid immune dysregulation with treatment. 
 a, Evaluation of 28-d mortality rate on the y axis stratified by high and low 
lymphoid dysregulation scores (defined by z-score ≥ 1.65) and anakinra (gold) 
versus placebo (gray) treatment in patients with COVID-19 in the SAVE-MORE 
clinical trial, using two-sided Fisher’s exact test unadjusted for multiple 
comparisons. Dysregulation was defined based on median scores across all 
noncritically ill, infected patients in SUBSPACE. Lymphoid dysregulation is 
associated with a disproportionate benefit from anakinra therapy relative to 
patients with low (balanced) lymphoid responses. b, Evaluation of Kaplan–Meier 
survival curve for 28-d survival in patients with lymphoid dysregulation stratified 
by anakinra (gold) and placebo (gray) in the SAVE-MORE trial. Cox’s proportional 
HR is adjusted for age, sex and SOFA score. c, Evaluation of 30-d mortality  
(y axis) in the VICTAS trial (a randomized controlled trial of vitamin C, thiamine 
and hydrocortisone in critically ill patients with sepsis) stratified by high and 
low lymphoid dysregulation score and treatment (red) versus placebo (gray). 
Dysregulation was defined by the median score across all infected, critically 
ill patients in SUBSPACE, and the significance was assessed using two-sided 
Fisher’s exact test unadjusted for multiple comparisons. The results indicate 
that lymphoid dysregulation was associated with disproportionate benefit from 
steroids, vitamin C and thiamine therapy. d, Evaluation of Kaplan–Meier survival 
curve for 30-d survival in patients with lymphoid dysregulation stratified by 
treatment (red) versus placebo (gray) in the VICTAS trial. Cox’s proportional 
HR is adjusted for age and sex. e, Evaluation of the 28-d mortality rate (y axis) in 
the VANISH trial (a clinical trial of hydrocortisone in patients with septic shock) 
stratified by high and low lymphoid dysregulation score (defined by median 
score) and randomized steroid treatment (red). The significance was assessed 
using two-sided Fisher’s exact test unadjusted for multiple comparisons. Patients 
with a low (balanced) lymphoid dysregulation score were disproportionately 
harmed by steroid therapy.
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We also evaluated whether lymphoid dysregulation was associated 
with a differential response to corticosteroids in the VANISH cohort, a 
randomized controlled, factorial trial that evaluated norepinephrine 
versus vasopressin and hydrocortisone versus placebo in patients 
with septic shock46, with no difference in mortality rate related to 
hydrocortisone administration in the overall trial of 409 patients. In 
the subset of 176 patients with RNA expression data, hydrocortisone 
treatment was associated with a 38% mortality rate in those treated 
with hydrocortisone, compared with 22% in those not treated with 
hydrocortisone (P = 0.03). Unlike the SAVE-MORE and VICTAS trials, 
where the benefit of treatment was limited to subgroups with lymphoid 
dysregulation, this difference in the VANISH cohort was driven largely 
by increased mortality in patients with low (balanced) lymphoid dys-
regulation scores treated with hydrocortisone relative to those who 
did not receive steroids (28-d mortality rate 42% versus 16%, OR = 3.8, 
95% CI 1.2–12.6, P = 0.02; Fig. 6e). This difference was not seen based 
on myeloid dysregulation (Supplementary Fig. 13e,f).

Collectively, these results demonstrated that Hi-DEF provides flex-
ibility for context-specific evaluation and has the potential to identify 
appropriate immunomodulatory treatment for patients with critical 
illness, reducing the heterogeneity of treatment effects.

Discussion
In this study, we demonstrated that previously defined sepsis endo-
types are biologically similar, leading to the identification of four 
consensus endotypes. We further found that these endotypes were 
defined by detrimental and protective immune responses and cellular 
origin (myeloid or lymphoid). Based on these results, we proposed an 
immune dysregulation evaluation framework, Hi-DEF, that is defined 
by two continuous scores and generalizes to both infectious and non-
infectious critical illnesses, including sepsis, burn, trauma and ARDS, 
irrespective of patient age and immunosuppression status. Finally, we 
demonstrated that Hi-DEF could identify molecularly homogeneous 
groups of patients with a differential response to anakinra in COVID-19 
and steroids in sepsis, suggesting its potential application for targeted 
therapeutic intervention.

Our findings mirror those identified by Scicluna et al.47, who used 
independent cohorts of predominantly bacterial sepsis to assess 
overlap among a subset of endotyping schemas analyzed here (SRS, 
MARS and Sweeney). They identified three consensus transcrip-
tomic subtypes (CTSs) that align with our findings: CTS1 includes 
SRS1, MARS2 and inflammopathic endotypes; CTS2 includes MARS1 
and coagulopathic endotypes; and CTS3 includes SRS2, MARS3 and 
adaptive endotypes. CTS1, CTS2 and CTS3 correspond broadly to 
myeloid dysregulation, lymphoid dysregulation and lymphoid pro-
tective clusters in our results. The fourth myeloid protective cluster 
defined in our analysis, which included MARS4 and SoM module 3, is 
predominantly driven by mature neutrophil and monocyte popula-
tions and interferon responses. Its identification in this study is likely 
due to the inclusion of additional protective myeloid scores (SoM 
module 3 and the Wong signature) as well as inclusion of numerous 
viral infections, where monocyte interferon responses play a crucial 
role, further highlighting the importance of context in identifying 
clinically relevant subgroups.

Importantly, we found that the number of endotypes varied based 
on disease etiology and severity, suggesting the number of ‘clinically 
relevant’ endotypes may depend on the clinical question posed. For 
instance, if the goal is prognostication, two endotypes (high risk ver-
sus low risk) based on lower dimensional ‘system-wide’ dysregulation 
may be sufficient, such as is seen for ARDS latent class analysis sub-
phenotypes, the TriVerity severity score and the original SRS1 and SRS2 
endotypes12,48,49. However more nuanced clinical trial designs may rely 
on and benefit from sub-phenotyping based on specified myeloid or 
lymphoid dysregulated endotypes. Finally, any immune response is 
context dependent, with appropriate responses depending on the 

severity of the insult and/or pathogen. Therefore, we believe that Hi-
DEF, in which axes of myeloid and lymphoid dysregulation may be 
used in isolation or collectively, has the potential to define immune 
dysregulation across critical illness syndromes and allow for rapid 
advancements in the field of critical care.

Our findings provide further evidence that neutrophils, particu-
larly immature neutrophils, and loss of protective T and natural killer 
(NK) cells are associated with infection severity50–53. It is interesting 
that lymphoid dysregulation was more strongly associated with severe 
viral infections, whereas myeloid dysregulation showed a stronger 
link to severity in bacterial infections, burns or trauma. This aligns 
with the distinct immune pathways activated by viral versus bacterial 
pathogens and highlights the utility of Hi-DEF’s flexibility. Notably, we 
found that ARDS was more closely linked with lymphoid dysregula-
tion, even though myeloid dysregulation was more associated with 
mortality. Prior studies have suggested that T cell dysregulation may 
be associated with ARDS and these results warrant further evaluation 
across other ARDS cohorts54.

In addition, the association of lymphoid dysregulation with a 
differential treatment response to corticosteroids is in line with prior 
studies5,18. As interleukin-1 is predominantly released by myeloid cells, 
however, the differential treatment effect to anakinra seen in this 
subset of patients is counterintuitive. Overall, ‘lymphoid dysregula-
tion’ in this study is related to loss of protective lymphocyte subsets, 
potentially correlating with the ‘immune exhaustion’ state that has 
previously been described12. In particular, T or NK cells are known to 
play an important role in mitigating inflammation in the macrophage 
activation syndrome; thus loss or dysfunction of these cells likely 
plays a key role in the uncontrolled inflammation that anakinra is tar-
geting55,56. Our results suggest that limiting cytokine activation in 
this ‘exhausted’ immune state may be beneficial and show that fur-
ther study into the mechanism of anakinra’s benefits in this subgroup  
is indicated.

Our study has several strengths. To our knowledge, this is the larg-
est multi-cohort analysis to date aimed at understanding the biology of 
critical illness. Integrating >7,000 samples with rich metadata enabled 
robust evaluation of the similarities between endotyping schemas, 
their comparison to clinical markers and their association with out-
comes. The SUBSPACE cohorts and gene expression data represent 
a monumental step forward for critical care transcriptomic research 
because these 4,106 samples enriched for high severity patients have 
not previously been evaluated. The significance of these findings 
across multiple gene expression measurement techniques, cohorts, 
age groups, etiologies and disease states adds to the credibility and 
generalizability of these findings. The use of healthy participants, when 
possible, to define dysregulation further increases the generalizability 
of these findings and could facilitate cross-platform quantification 
and endotyping. Inclusion of noninfectious critical care data provides 
evidence of the similarities in systemic dysregulation. The inclusion 
of single-cell data allowed for nuanced evaluation for the underlying 
biology of these findings. The inclusion of treatment data shows the 
association of these scores with treatment outcomes and the potential 
of this framework to advance precision medicine.

Our study has several limitations. Hi-DEF aims to provide a unify-
ing template for quantifying immune dysregulation by consolidating 
published endotyping signatures and is purposefully simplistic. In par-
ticular, the continuous scores outlined here were designed as a proof of 
concept and are a conglomerate of genes derived from the signatures 
used to identify these consensus endotypes. We included all genes that 
met inclusion criteria and defined detrimental and protective genes 
based on empirical evidence from prior studies. Thus, although these 
genes in aggregate were somewhat selective for myeloid and lymphoid 
compartments, more selective cell-type-specific genes may be identi-
fied. More discovery-oriented approaches may also identify other rel-
evant genes or cell-specific or pathway-specific dysregulation. Finally, 
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the genes and thresholds used in this study were used to demonstrate 
the potential for clinical utility. These scores and thresholds require 
further fine-tuning depending on the patient, disease and treatment 
contexts. In addition, the immune dysregulation quantified by Hi-DEF 
is correlated with, but may not be causative of, severe outcomes. These 
samples were also predominantly collected within the first 24–48 h of 
hospitalization or ICU admission and disproportionately represent 
patients from the United States of America and Europe. Finally, across 
all clinical trials assessed for differential treatment response, only a 
subgroup of patients in the broader studies underwent gene expres-
sion analysis, which may introduce bias. Furthermore, the analyses 
of treatment responsiveness were post-hoc and exploratory in these 
small subgroups. Thus, these results are preliminary and should be 
interpreted with caution. Future prospective studies across broader 
population and infectious etiologies are needed to explore the mecha-
nistic underpinnings of these results and validate these findings.

In summary, Hi-DEF provides a launching point for further pro-
spective multi-omic investigations into critical illness immunobiol-
ogy, as well as a more readily translatable, biology-based schema 
for developing precision medicine tools in the ICU. The Hi-DEF 
framework provides a shared, measurable foundation for biological 
endotyping and addresses several key issues observed with other 
sub-phenotyping schemas to facilitate clinical translation. First, 
by pinpointing biological pathways that are specifically enriched 
within each of the four consensus endotypes, it has the potential to 
help streamline candidate therapeutic targets for future hypothesis-
driven mechanistic studies. Second, identifying cell-specific driv-
ers of these consensus endotypes could pave the way for precision 
therapies aimed at modulating particularly detrimental cell subsets 
or states. In addition, our ability to quantify immune dysregulation on 
a continuous score further allows for adjustments based on patient, 
infection or insult type and the question being asked (that is, diag-
nosis, prognosis, treatment). Third, Hi-DEF is flexible and could be 
further refined and extended. For example, future research into more 
specific immature neutrophils, monocytes or T or NK cell subsets or 
addition of other cell types may enhance this framework. Perhaps 
more importantly, the methodology used here to build an endotyp-
ing consensus could provide a scaffold to build similar consensus and 
biological frameworks in heterogeneous disease states. Finally, using 
multiple gene expression measurement platforms (microarrays and 
RNA-seq) and defining dysregulation based on healthy participants 
provides an opportunity to facilitate translation to a rapid point-of-
care measurement platform.

Together, these factors highlight the clinical potential of Hi-DEF 
as well as a path forward for this and other endotyping signatures. 
Although cross-platform validation is difficult and will require pro-
spective validation, recent advances in RNA-seq technology have ena-
bled the development of point-of-care, multivariate, gene expression 
signatures such as the TriVerity or Myrna platform, which is a sepsis 
diagnostic test that quantifies expression of 29 genes in approximately 
30 min49. Future studies should focus on three key factors for clinical 
translation: (1) development of the framework into a parsimonious 
gene signature and identification of appropriate weighting and thresh-
olding based on context to facilitate development and interpretation 
of point-of-care testing; (2) prospective validation of the utility of this 
framework and integration with existing clinical decision tools; and (3) 
measurement in therapeutic and platform trials to facilitate precision 
medicine clinical trials in critical care.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41591-025-03956-5.
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Methods
Inclusion and ethics
All samples were collected in accordance with site-specific institutional 
review board (IRB) protocols and complied with ethical principles set 
forth by the Helsinki Declaration of 1975. Individual approvals for each 
site are listed below:

•	 ACUTELINES: the Medical Ethics Board and the Central Review 
Board of the University Medical Center (UMC) Groningen have 
evaluated and approved the protocol of Acutelines (number 
2019/589).

•	 Amsterdam: the Medical Ethics Committee of the Amsterdam 
UMC, location AMC has given approval for the conduct of the 
ELDER-BIOME study (number NL57847.018.16), the OPTIMACT 
study (nos 2016/280 and NL57923.018.16) and the PANAMO 
study (IRB number 2020_067#B2020179).

•	 Charles University: the Charles University IRB approved sam-
pling, handling, research and storage or biobanking of genetic 
material of participants in the IMHOTEP clinical study evalu-
ated here (decision or approval number 251/2022 attached).

•	 Cincinnati Children’s Hospital Medical Center: the study pro-
tocol was approved by the IRBs of the primary site (Cincinnati 
Children’s Hospital, Genomic Analysis of Pediatric Systemic 
Inflammatory Syndrome, IRB number 2008-0558).

•	 SAVE-MORE: the protocol was approved by the National Ethics 
Committee of Greece (approval number 161/20) and the Ethics 
Committee of the National Institute for Infectious Diseases Laz-
zaro Spallanzani (RCCS) in Rome (1 February 2021) (EudraCT 
number 2020-005828-11; ClinicalTrials.gov: NCT04680949).

•	 Stanford University: the Stanford Biorepository study protocol 
was approved by the Stanford University IRB (number 28205).

•	 Trinity University: the study protocol was approved by the  
Tallaght University Hospital IRB (study title: Sepsis immuno-
suppression in critically ill patients; project ID: sjh428).

•	 University of Florida: the University of Florida IRB approved the 
SPIES clinical study evaluated here (IRB number 202000924).

•	 University of Pennsylvania: the MESSI cohort study protocol 
was approved by the University of Pennsylvania (IRB number 
808542).

•	 VICTAS: the VICTAS clinical trial and subsequent sample stor-
age and handling were approved by the Johns Hopkins Univer-
sity IRB (nos 00102528 and 00164053).

Consent was obtained from individuals or their legally author-
ized representatives per each study’s protocols. Participants were 
not compensated for involvement in this study. All age groups, races, 
ethnicities and sex or genders that met inclusion criteria with available 
gene expression data were included.

Statistics and reproducibility
This study was designed as a large-scale biological evaluation of exist-
ing sepsis signatures. Analysis was split across three primary cohorts: 
public data, single-cell data and SUBSPACE data (Extended Data  
Table 1). Public data were collected through systematic review of pub-
licly available whole-blood and peripheral blood mononuclear cell 
gene expression data from the Genome Expression Omnibus (GEO) and 
ArrayExpress. All samples across all ages, with healthy controls and nec-
essary severity metadata and gene expression data, were included in the 
analysis with an expectation of collecting >1,000 samples to be able to 
adequately assess the biological overlap of signatures. SUBSPACE was 
a consortium formed to collate existing biobanked whole-blood gene 
expression data from international collaborators with the intention to 
collect >4,000 samples. Samples were inclusive of all ages from neo-
nate to >80-year-old individuals. Sex was self-reported across all sites.

All signatures, including the framework, were calculated blinded 
to patient phenotypes and clinical outcomes. Unsupervised clustering 

analysis methodologies (hierarchical clustering, PCA and network 
analysis) were pre-planned and performed in parallel across public and 
SUBSPACE data to ensure replicability with iterations across subgroups 
to ensure robustness of results.

Single-cell samples were collected from publicly available periph-
eral blood single-cell data inclusive of the neutrophil compartment in 
patients with infections. Sepsis signatures were calculated blinded to 
patient phenotype and collated according to the predefined clusters 
to evaluate the single-cell biology leading to sepsis dysregulation. Cri-
teria to select genes for Hi-DEF were predefined and all genes meeting 
inclusion criteria were included for all subsequent analyses.

Subgroup cut-offs within Hi-DEF were predefined and subgroups 
were identified blinded to clinical outcomes. The analytical plan of 
outcomes and differential response to treatment were predefined. 
All samples that included necessary phenotypic information were 
included in primary analyses and performed in parallel when possible 
across public and SUBSPACE data to ensure reproducibility. Sensitiv-
ity analyses by site and clinical characteristics were performed to  
ensure robustness.

Publicly available data curation and co-normalization
We performed a systematic review of publicly available whole-blood 
and peripheral blood mononuclear cell gene expression data from 
infected individuals in the GEO and ArrayExpress (Supplementary 
Table 1). Cohorts were assessed and studies were excluded if they did 
not have healthy participants, the necessary severity metadata or 
the gene expression data needed for score calculation. Patients were 
assigned as severe versus nonsevere, with severe being defined based 
on ICU admission requirement or mortality.

Cohorts were co-normalized using COCONUT co-normalization. 
Co-normalization was assessed by evaluating expression of housekeep-
ing genes and through UMAP analysis.

The SUBSPACE consortium: curation, sequencing and co-
normalization
The SUBSPACE consortium is an international consortium of research-
ers focused on developing a better understanding of the underlying 
biology behind sepsis endotypes. Institutions and patient character-
istics are outlined in Supplementary Table 2.

Before processing, samples in PAXgene Blood RNA tubes were 
removed from −80 °C to thaw at room temperature for 2 h. The sam-
ples were then inverted several times to achieve homogeneity. RNA 
was isolated using the PAXgene Blood miRNA Kit (QIAGEN) according 
to the manufacturer’s instructions with an elution volume of 80 μl.

The library preparation was done using the QIAseq Stranded 
Total RNA Library Kit with QIAseq FastSelect rRNA and globin deple-
tion. The amount of 100 ng of starting material was heat fragmented. 
QIAseq FastSelect rRNA Globin or HMR was used to reduce the amount 
of unwanted RNA species. After first-strand and second-strand syn-
thesis, the complementary DNA was end-repaired and 3ʹ-adenylated. 
Sequencing adapters were ligated to the overhangs. Adapted mol-
ecules were enriched by using 18 cycles of PCR and purified by a 
bead-based cleanup. Library preparation was quality controlled using 
capillary electrophoresis (Tape D1000). High-quality libraries were 
pooled based on equimolar concentrations. The library pool(s) were 
quantified using quantitative PCR and the optimal concentration of 
the library pool used to generate the clusters on the surface of a flow 
cell before sequencing on a NovaSeq 6000 (Illumina Inc.) instrument 
(on four S4 flowcells, 2× 75, 2× 10), according to the manufacturer’s 
instructions.

Data were co-normalized using COCONUT co-normalization. 
The MESSI cohort was excluded from co-normalization due to lack 
of healthy participants and used as a separate validation cohort. Co-
normalization was assessed through evaluation of housekeeping genes 
and UMAP analysis.
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Transcriptomic signature calculation
We applied a total of seven previously defined gene expression sepsis 
endotyping signatures: Sweeney endotype signature, Yao endotype sig-
nature, Davenport SRS, Cano-Gamez SRS, Wong score, MARS endotype 
signature and the SoM signature. Continuous scores were calculated 
based on prior publications and scaled for analysis12,14,16–20.

Clustering
We first performed unsupervised hierarchical clustering analysis by 
applying the Ward method to Euclidean distances between scaled 
scores. The optimal number of clusters across infectious etiologies 
and severities were assessed by silhouette width. Significance was 
assessed by generating bootstrap P values with 1,000 repetitions. We 
then performed network analysis to identify interrelatedness of scores. 
Edges were defined based on a Spearman’s correlation greater than the 
median or 0.33, whichever was greater. Score clusters were generated 
by a cluster-greedy forward algorithm.

Single-cell data analysis
To evaluate the immune cell origin of molecular endotypes, four 
peripheral blood scRNA-seq datasets inclusive of the neutrophil com-
partment were integrated. Integration was performed using the Seurat 
and Scanpy pathways. Cell assignments were made based on canonical 
cell markers cross-referenced with Seurat cluster assignments. Scaled 
scores were calculated for each individual cell, results were assessed 
by UMAP and conglomerate results of scaled scores by cell type were 
plotted to assess trends across sepsis signatures.

Development of the immune dysregulation framework
After identifying the cell type of origin, we then set out to develop 
a more granular score to interrogate specific parts of the immune 
response. We first separated single-cell expression data into four 
cell types of interest: immature neutrophils, neutrophils, monocytes 
and T or NK cells. We then evaluated scaled gene expression by cell 
line for all genes used across the seven signatures. To ensure cell 
specificity, a gene was included as part of the myeloid or lymphoid 
dysregulation score only if its scaled gene expression was >1 s.d. 
higher than other cell lines. Genes were then divided into detri-
mental and protective, based on whether the signature from which 
these genes were derived was previously defined as a detrimental 
or a protective cluster.

After identifying myeloid and lymphoid protective and detrimen-
tal genes, myeloid and lymphoid dysregulation scores were calculated 
as the geometric mean of detrimental genes minus the geometric mean 
of protective genes. Cell specificity was assessed using scaled scores 
overlaid on UMAPs.

Evaluation of clinical outcomes
To evaluate the association of myeloid and lymphoid scores with clini-
cal outcomes, we first evaluated the performance of the continuous 
myeloid and lymphoid dysregulation scores. We evaluated the asso-
ciation of these scores across all severity levels using the JT t-test. We 
evaluated the association of these scores with severe infections and 
mortality using logistic regression.

We then set out to evaluate whether clinically meaningful cut-
offs for myeloid and lymphoid dysregulation could be developed. To 
develop theoretical cut-offs, we evaluated scores relative to healthy 
participants. Within healthy participants, myeloid and lymphoid scores 
were generated as above and the population mean and s.d. were calcu-
lated. We then used this mean and s.d. to calculate a z-score for non-
healthy individuals. Dysregulation was defined as a z-score ≥ 1.65 across 
the SUBSPACE consortium, indicative of a score in the 95th percentile 
of healthy patients. This then allowed for subgrouping of patients 
into four theoretical subgroups: balanced (myeloid and lymphoid 
z-score < 1.65), myeloid dysregulation (myeloid z-score ≥ 1.65, lymphoid 

z-score < 1.65), lymphoid dysregulation (lymphoid z-score ≥ 1.65, 
myeloid z-score < 1.65) and system-wide (myeloid and lymphoid 
z-scores ≥ 1.65). For more specific, cohort-level questions, z-score 
thresholds were defined across the subspace dataset based on median 
dysregulation scores for the same patient population. For instance, 
when evaluating ICU cohorts, abnormal dysregulation was defined as 
greater than or equal to the median dysregulation across all ICU-level 
patients in the SUBSPACE consortium dataset. When healthy partici-
pant gene expression was not available to allow for co-normalization, 
dysregulation was defined based on median myeloid and lymphoid 
scores within the cohort. Using these cut-offs, we evaluated the asso-
ciation of each subgroup with severity and mortality using Fisher’s 
exact test.

Demonstration of the need for framework flexibility
To evaluate why prior subgrouping schemas identified different num-
bers of endotypes, we evaluated how myeloid and lymphoid dysregula-
tion differed across patient cohorts. We evaluated the differences in 
mean and s.d. of myeloid and lymphoid dysregulation by severity and 
infectious etiology. We then evaluated the sensitivity and specificity of 
different myeloid and lymphoid dysregulation scores for discriminat-
ing mild, severe and fatal diseases.

Evaluation of treatment responsiveness
We then tested whether myeloid and lymphoid dysregulation was asso-
ciated with a differential treatment response to immune modulation. 
We first evaluated treatment response to anakinra in the SAVE-MORE 
trial, which was included in the SUBSPACE consortium. The SAVE-
MORE trial was a randomized controlled trial of anakinra in hospi-
talized patients with COVID-19 who had elevated soluble urokinase 
plasminogen-activating receptor levels. We evaluated the differential 
mortality in patients with myeloid or lymphoid dysregulation, defined 
based on dysregulation scores greater than or equal to those present in 
infected, noncritically ill patients, using Fisher’s exact test. Interaction 
terms were generated using logistic regression, adjusting for age, sex 
and the SOFA score. Cox’s proportional HRs were calculated, adjusting 
for age sex and the SOFA score.

To evaluate the association of steroid treatment with differential 
outcomes, we turned to two randomized controlled trials: VICTAS, a 
randomized controlled trial of hydrocortisone, thiamine and vitamin C 
in critically ill sepsis patients45; and VANISH46, a randomized controlled 
factorial trial comparing norepinephrine versus vasopressin and hydro-
cortisone versus placebo. In VICTAS, which had healthy participants 
for co-normalization, dysregulation was defined as greater than or 
equal to the median dysregulation score across all infected, critically 
ill patients. In VANISH, which did not have healthy participants to 
allow for co-normalization, dysregulation was defined by the median 
score within the cohort. We evaluated differential outcomes among 
myeloid and lymphoid dysregulated patients using Fisher’s exact test. 
For both cohorts, logistic regression was performed, adjusting for sex 
and APACHE II score. In the VICTAS cohort, where survival data were 
available, Cox’s proportional HRs were calculated, adjusting for sex 
and APACHE II score.

Glossary or key definitions
Cluster: a broad definition denoting a group of similar patients or sam-
ples. In general, cluster is used in this paper to broadly denote samples 
that are identified as similar based on their biomarker profiles before 
evaluating biological relevance.

Endotype: a subgroup within a syndrome, based on distinct path-
ways, profiles or signatures that drive the disease.

Signature: a predefined analytical tool to identify patient endo-
types. In general, signature is used in this paper to denote a priori 
defined methods using gene expression data to identify sepsis 
endotypes.
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Modules: a set of independent units that are combined to calculate 
a single more complex signature or score. In this paper, this is used in 
the context of the SoM endotyping signature, which is divided into 
four modules: two detrimental modules (1 and 2) and two protective 
modules (3 and 4) that together define a patient’s SoM score.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The expression levels of the genes used to calculate all signatures and 
phenotyping information to recreate figures are available for every 
sample from the SUBSPACE and public datasets via GitHub at https://
github.com/Khatri-Lab/SUBSPACE and will remain open access. Access 
to comprehensive gene expression data for public cohorts can be 
made through the provided accessions in Supplementary Table 1. 
The SUBSPACE consortium bylaws forbid sharing consortium-wide 
complete gene expression data. For each cohort within the SUBSPACE 
consortium, access to complete gene expression data may be granted 
on a case-by-case basis at the discretion of individual site principal 
investigators. Requests can be directed to the corresponding author 
(pkhatri@stanford.edu), who will direct them as appropriate to the 
individual site principal investigator within 1 week.

Code availability
All analyses were performed with R studio v.4.1.1. Packages used in 
analyses included: COCONUT (v.1.0.2, archived), tidyverse (1.3.1), 
data.table (1.17.8), pals (1.7), rawr (1.0.1), pROC (1.18.0), ggpubr (0.6.1), 
ggbeeswarm (0.7.2), ggrastr (1.0.2), interactions (1.1.5), ggcorrplot 
(0.1.4), ComplexHeatmap (2.10.0), cluster (2.1.2), factoextra (1.0.7), 
dendextend (1.17.1), stats (4.1.1), scales (1.3.0), pvclust (2.2.0), clust-
MixType (0.3.14), FactoMineR (2.9), igraph (1.2.7), gtsummary (1.7.2), 
ggalluvial (0.12.5), survival (3.5.5), ggsurvfit (0.3.0), ggdendro (0.2.0), 
grid (4.1.1), forestplot (3.1.3), lme4 (1.1.33), ggExtra (0.10.1), ggplotify 
(0.2), ggforce (0.4.2), SepstratifieR (1.0), cowplot (1.1.1), grid (4.1.1) and 
gridExtra (2.3). All code needed for reproduction of analyses is available 
via GitHub at https://github.com/Khatri-Lab/SUBSPACE.
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Extended Data Fig. 1 | Analysis overview. *Consensus clusters and how they are utilized to define the framework are denoted by the color scheme (blue, green, purple, 
and red). This color scheme is found throughout applicable clustering figures.
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Extended Data Fig. 2 | Ideal number of clusters identified by unsupervised 
hierarchical clustering varies by inclusion criteria. Silhouette width index 
identifies differing “ideal” number of clusters depending on patient inclusion 
criteria. (a) Silhouette width index if all patient’s are included (healthy and 
infected). (b) Silhouette width index if only patients with infections are included. 

(c) Silhouette width index if only severe infections (those requiring intensive 
care unit) are included. (d) Silhouette width index if only bacterial infections are 
included. (e) Silhouette width index if only viral infections are included. (f) Two-
sided bootstrap probabilities generated with 1000 repetitions show significance 
of these four clusters.
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Extended Data Fig. 3 | Correlation of genes across sub-phenotyping schemas. Spearman correlation coefficients of up-regulated genes within each of the 7 
endotypes signatures in public (bottom left) and SUBSPACE (top right) data indicates that while different genes were used across the prior endotyping signatures, that 
these genes are highly correlated.
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Extended Data Fig. 4 | Association of lymphoid and myeloid dysregulation 
scores in viral versus bacterial infections. Forest plots showing log(odds ratio) 
and 95% confidence intervals of 30-day mortality in viral and bacterial infections 
in the SUBSPACE dataset by myeloid and lymphoid dysregulation scores shows 

that lymphoid dysregulation is more associated with outcomes in viral infections 
whereas myeloid dysregulation score is more associated with outcomes in 
bacterial infections.

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-025-03956-5

Extended Data Fig. 5 | Immune dysregulation framework applied to 30-day 
mortality in SUBSPACE datasets. (a). The immune dysregulation framework 
applied to SUBSPACE co-normalized data. Cut-offs are defined by a Z-score 
of 1.65 relative to healthy patients. Black dots represent patients with severe 
infectious (defined by ICU admission) while tan dots represent non-severe 
infections. (b). Barplot representing proportion of 30-day mortality (y-axis) by 
immune dysregulation framework subgroup (x-axis). Odds ratio calculated using 

two-sided Fisher’s exact test unadjusted for multiple comparisons comparing 
patients with dysregulation on any axis relative to “Balanced” subgroup. 
Dysregulation on either myeloid or lymphoid axis (inclusive of lymphoid 
dysregulation (n = 586), myeloid dysregulation (n = 125), and system-wide 
dysregulation (n = 896) subgroups) was associated with 30-day mortality with an 
odds ratio of 3.4 (95% CI 2.3 – 5.4, p = 4.1e-11) compared to patients in the balanced 
subgroup (n = 606).
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Extended Data Fig. 6 | Lymphoid and myeloid dysregulation vary by infection 
status. (a). Mean and standard deviation of myeloid and lymphoid dysregulation 
scores by infection status in patients requiring intensive care unit level of 
care indicating that values differ by infectious etiology even amongst similar 
severity levels. (b). Sensitivity (solid line) and specificity (dashed line) of myeloid 
dysregulation score for discriminating severe from non-severe infections in viral 

(purple) vs bacterial (gold) infections shows that “ideal” threshold may vary 
across infectious individuals. (c). Sensitivity (solid line) and specificity (dashed 
line) of lymphoid dysregulation score for discriminating severe from non-severe 
infections in viral (purple) vs bacterial (gold) infections shows that “ideal” 
threshold may vary across infectious individuals.
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Extended Data Fig. 7 | Application of the immune dysregulation framework 
to other critical illness syndromes. (a). The immune dysregulation framework 
applied to non-infected trauma and burn patients at baseline from the Glue 
Grant (n = 430). Cut-offs are defined by median dysregulation scores across all 
ICU-level patients in SUBSPACE. Black dots represent patients with multi-system 
organ failure or death while tan dots represent survivors without multi-system 
organ failure. (b). Barplot representing proportion of multi-system organ failure 
or death (y-axis) by immune dysregulation framework subgroup (x-axis). Odds 
ratio calculated using two-sided Fisher’s exact test unadjusted for multiple 
comparisons comparing patients with dysregulation on any axis relative 
to “Balanced” subgroup. Dysregulation on either myeloid or lymphoid axis 
(inclusive of lymphoid dysregulation (n = 17), myeloid dysregulation (n = 263), 
and system-wide dysregulation (n = 71) subgroups) was associated with multi-
system organ failure or death with an odds ratio of 2.0 (95% CI 1.1 – 53.7, p = 0.02) 

compared to patients in the balanced subgroup (n = 79). (c). The immune 
dysregulation framework applied to Stanford data (n = 236). Cut-offs are defined 
by median dysregulation scores across all ICU-level patients in SUBSPACE. Black 
dots represent patients with Acute Respiratory Distress Syndrome (ARDS) while 
tan dots represent those without ARDS. (d). Barplot representing proportion of 
severe ARDS (y-axis) by immune dysregulation framework subgroup (x-axis). 
Odds ratio calculated using two-sided Fisher’s exact test unadjusted for multiple 
comparisons comparing patients with dysregulation on any axis relative 
to “Balanced” subgroup. Dysregulation on either myeloid or lymphoid axis 
(inclusive of lymphoid dysregulation (n = 86), myeloid dysregulation (n = 28), 
and system-wide dysregulation (n = 56) subgroups) was associated with severe 
infections with an odds ratio of 2.7 (95% CI 1.3 – 6.0, p = 0.005) compared to 
patients in the balanced subgroup (n = 66).
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Effect of immunocompromise on the immune 
dysregulation framework in the Stanford and MESSI cohort. (a). The immune 
dysregulation framework applied to Stanford data (n = 236) evaluating 
30-day survival and immunocompromised status. Cut-offs are defined by 
median dysregulation scores across all ICU-level patients in SUBSPACE. 
Immunocompromised patients (n = 67) are represented by triangles while 
immunocompetent patients (n = 169) are represented by circles and survivors 
(n = 187) are indicated by tan shapes relative to those who died within 30 
days (n = 49) with black shapes. (b). The immune dysregulation framework 
applied to the MESSI cohort data (n = 160) evaluating 30-day survival 
and immunocompromised status. Given lack of healthy controls for co-
normalization, cut-offs are defined by median dysregulation scores in the MESSI 
cohort. Immunocompromised patients (n = 74) are represented by triangles 
while immunocompetent patients (n = 86) are represented by circles and 
survivors (n = 59) are indicated by tan shapes relative to those who died within 
30 days (n = 101) with black shapes. (c). Barplot representing proportion of 
immunocompromised patients (y-axis) by immune dysregulation framework 
subgroup (x-axis) in the Stanford cohort. Odds ratio calculated using two-sided 
Fisher’s exact test unadjusted for multiple comparisons comparing patients 
with dysregulation on any axis relative to “Balanced” subgroup. Dysregulation 
on either myeloid or lymphoid axis (inclusive of lymphoid dysregulation 
(n = 86), myeloid dysregulation (n = 28), and system-wide dysregulation (n = 56) 
subgroups) was associated with immunocompromised status with an odds ratio 

of 2.8 (95% CI 1.3 – 6.7, p = 0.006) compared to patients in the balanced subgroup 
(n = 66). (d). Barplot representing proportion of immunocompromised patients 
(y-axis) by immune dysregulation framework subgroup (x-axis) in the MESSI 
cohort. Odds ratio calculated using two-sided Fisher’s exact test unadjusted 
for multiple comparisons comparing patients with dysregulation on any axis 
relative to “Balanced” subgroup. Dysregulation on either myeloid or lymphoid 
axis (inclusive of lymphoid dysregulation (n = 34), myeloid dysregulation 
(n = 34), and system-wide dysregulation (n = 46) subgroups) was not associated 
with immunocompromised status with an odds ratio of 1.7 (95% CI 0.6 – 2.8, 
p = 0.49) compared to patients in the balanced subgroup (n = 46). (e). Barplot 
representing proportion of patients who died within 30 days (y-axis) by immune 
dysregulation framework subgroup (x-axis) and immunocompromised 
(red) vs immunocompetent (grey) status in the Stanford cohort. Odds 
ratio calculated using two-sided Fisher’s exact test unadjusted for multiple 
comparisons comparing 30-day mortality between immunocompromised and 
immunocompetent patients within each subgroup. (f). Barplot representing 
proportion of patients who died within 30 days (y-axis) by immune 
dysregulation framework subgroup (x-axis) and immunocompromised (red) vs 
immunocompetent (grey) status in the MESSI cohort. Odds ratio calculated using 
two-sided Fisher’s exact test unadjusted for multiple comparisons comparing  
30-day mortality between immunocompromised and immunocompetent 
patients within each subgroup.
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Extended Data Table 1 | Pathway analysis of prior gene signatures

*Wong score comprises: APAF1, ARPC5, ASAH1, ATP2B2, BCL6, BMPR2, BTK, CAMK2D, CAMK2G, CAMK4, CASP1, CASP2, CASP4, CASP8, CD247, CD3E, CD3G, CD79A, CREB1, CREB5, CSNK1A1, 
CTNNB1, DAPP1, DBT, EP300, FAS, FCGR2A, FCGR2C, FYN, GK, GNAI3, HDAC4, HLA-DMA, HLA-DOA, ICAM3, IL1A, INPP5D, ITGAM, ITGAV, ITGAX, JAK1, JAK2, KAT2B, LAT2, LYN, MAP2K4, 
MAP3K1, MAP3K3, MAP3K5, MAP3K7, MAP4K1, MAP4K4, MAPK1, MAPK14, MDH1, MKNK1,NCOA2, NCR3, NFATC1, PAK2, PDPR, PIAS1, PIK3C2A, PIK3C3, PIK3CA, PIK3CD, PIK3R1, PLCG1, POU2F2, 
PPP1R12A, PPP2R2A, PPP2R5C, PRKAR1A, PRKCB, PSMB7, PTEN, PTPRC, RAF1, RHOT1, ROCK1, SEMA4F, SEMA6B, SMAD4, SOS1, SOS2, SP1, TAF11, TBK1, TGFBR1, TLE4, TLR1, TLR2, TLR8, 
TNFSF10, TRA@, TYROBP, UBE3A, USP48, ZAP70, ZDHHC17.
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