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Abstract
Differential gene expression can describe groups of patients (endotypes) with differential outcome in
sepsis based on immune (dys)function. However, limited mechanistic understanding of immune
trajectory in sepsis hampers potential modulation of immune dysfunction. We aimed to characterise the
immune trajectory of 19 children with septic shock from first interaction with pediatric critical care
teams (time point, TP, 1) to 48 hours afterwards (TP2). We used differential gene expression, including
weighted gene co-expression network analysis (WGCNA), digital cytometry and RNA velocity from bulk
RNA-Seq data to compared modelled future gene expression with measured change in gene expression.
We discovered key gene modules (WGCNAs, named by “hub” gene) associated with myeloid cell
expansion between at TP1 (CMTM6) and poor outcome in previously described BASIC Endotype 1
patients (RAB2B), and modules associated with adaptive immune function at TP2 (BCL2) among others.
RNA velocity analysis showed that immune trajectory was predictable from TP1 samples, including the
ability to identify patients that subsequently transitioned from BASIC Endotype 1 (poor outcome) to
BASIC Endotype 2 (better outcome). These data provide proof of concept for the identification of
immune trajectory (including potentially treatable traits) from a single early sample in pediatric septic
shock.

INTRODUCTION
Sepsis is a dysregulated host response to infection that leads to life-threatening organ dysfunction1,2.
Hallmarks of sepsis include the release of circulating mediators of inflammation, an activated vascular
endothelium (contributing to increased vascular permeability and capillary fluid leak), impaired antigen
presentation, neutrophil activation and cell death, and exhausted and apoptotic T cells (contributing to
immune suppression)3. Outcomes in sepsis are therefore determined by the relationship between host
response and pathogen and timely access to appropriate treatment and organ supportive care. Although
sepsis may occur in all age groups, the incidence is greatest in young children and the elderly. Childhood
sepsis represents a unique clinical and immunological challenge, distinct from adults, due to the relative
immaturity of innate and adaptive immunity3.

Gene expression profiling – transcriptomics – has emerged as a powerful tool to understand the
molecular mechanisms underlying sepsis4. In adult sepsis, gene expression profiling has led to the
development and validation of “endotypes” (groups of patients characterised by shared immune
responses, typically derived from gene expression data)5–9 and mechanistic insights that may inform
treatment decisions10,11. In childhood sepsis and other inflammatory conditions, endotypes predictive of
outcome have also been described12–15, as have gene expression-based severity markers16 and

aetiology-specific gene signatures to enhance diagnostic testing17–19. Many studies have examined
gene expression at single time points, typically 24–48 hours following presentation to hospital, to
measure the whole blood immune response. The use of a single time point limits both the ability to
interpret likely highly dynamic gene expression and understanding of the immune trajectory in sepsis20.
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A delay in sampling of 24–48 hours also may miss early gene expression that may represent peak
immune dysfunction in sepsis and creates a survivor bias because most children who do not survive
sepsis die within the first 48 hours following hospital presentation3,21,22.

We therefore aimed to characterise temporal changes in gene expression, modules of co-
regulated/expressed genes, and immune cell composition at two time points during the early stages of
childhood sepsis. We selected a subset of patients with septic shock requiring invasive ventilation and
vasoactive infusions from the Biomarkers of Acute Serious Illness in Children (BASIC) study23 from
whom paired samples taken on retrieval of children to pediatric intensive care units (PICUs) and ~ 48
hours following PICU admission were available. We explored whether there were differences in gene
expression and immune trajectory by groups of patients, known as endotypes, that have been previously
described at baseline admission to PICU in patients from the cohort14. We also explored whether future
gene expression during the illness could be modelled from the spliced and unspliced transcript patterns
of expressed genes at the earliest practical time point following presentation with sepsis using RNA
velocity analysis24. This approach could hypothetically identify, and enable precision medicine for, a
dysfunctional immune trajectory from a single early time point sample, leading to improved personalized
treatment for critically ill patients.

RESULTS

Recruitment and study cohort
During the BASIC study period, 1017 eligible children were transported to participating PICUs via the
retrieval team with any cause of critical illness, of whom 674 children were recruited. Children were
sampled for gene expression analysis on first contact with retrieval team or admitting PICU (via a
deferred consent approach23,25; Timepoint 1, TP1) and in a subset of children at 48 hours (following
consent; Timepoint 2, TP2). From this cohort, we selected 19 children with a contemporaneous
diagnosis of infection/sepsis who required both invasive mechanical ventilation and vasoactive
infusions and from whom paired TP1 and TP2 samples for RNA-Seq analyses were available (Fig. 1a).
Five (26%) children were 0–11 months of age, further 8 (42%) children were 12 months–4 years of age,
and 6 (32%) were ≥ 5 years of age. The most prevalent causes of sepsis in this study cohort were septic
shock without focus (7, 37%, children) and pneumonia (6, 32%, children). The median Phoenix Sepsis
Score2,26 was 3 at presentation (IQR 2–5), the median duration of mechanical ventilation was 133 (IQR
91–224) hours and the median duration of vasoactive infusions was 45 (IQR 16–102) hours. Of these 19
children, no participants died in-hospital. The duration of pre-hospital symptoms, duration of organ
support and duration of PICU stay for each participant are shown in Fig. 1b. The microbiological
diagnoses and etiological classification of patients (using a standardised phenotyping system)27 are in
Supplementary Table 1.
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Differential expression analysis
Principal component analysis (PCA) constructed using all expressed genes showed no clear
directionality between TP1 and TP2 on principal components (PC) 1 and PC2 (variance 16% and 13%
respectively), and on other principal component combinations, suggesting that at the whole-
transcriptome level, inter-individual differences dominate over TP-driven variation (Fig. 2a). Differential
gene expression analysis identified 1880 differentially expressed genes (DEGs), of which 1050 had lower
expression values, and 830 had higher expression values at TP2 relative to TP1 (Benjamini-Hochberg-
adjusted p < 0.05 and log2 fold-change ≥ 0.5; Fig. 2b). PCA based on the DEGs captured a higher
proportion of the variance on PC1 (38%) and showed greater separation by TP (Fig. 2c) compared to the
PCA using all expressed genes (Fig. 2a).

To estimate the proportions of immune cell types in participants at TP1 and TP2, we used digital
cytometry (CIBERSORTx, https://cibersortx.stanford.edu28). There was a significant decrease in the
proportion of neutrophils (p = 0.001), and a significant increase in the proportions of naïve CD4 T cell (p 
= 0.002), CD8 T cell (p = 0.005) and naïve B cell (p = 0.002) proportions between TP1 and TP2 (Fig. 2d);
other major immune cell subset proportions did not significantly alter over time. We used multivariable
regression analyses, to explore the effect of TP on immune cell subsets adjusted for age group,
etiological classification and BASIC endotype (see below). In these analyses, neutrophil proportions
were higher in children > 12 years of age (p = 0.039) at TP1, and increased more in bacterial infection in
comparison with viral infection from TP1 to TP2 (p = 0.034), while naïve B cell proportions increased
more in BASIC Endotype 2 in comparison with Endotype 1 from TP1 to TP2 (p = 0.047; Supplementary
Table 2).

Weighted gene co-expression network analysis (WGCNA)

Gene expression data were analysed using signed WGCNA29,30 to identify gene co-expression (positive
or inverse association) networks in participants between TP1 and TP2 (Fig. 3a and Supplementary
Fig. 1). Ten gene co-expression modules (Fig. 3b, 3c), were identified from differential gene expression
between TP1 and TP2, named by the hub gene (the gene with the highest connectivity for each module).
To assess temporal change in module activity, module eigengene values were compared between paired
TP1 and TP2 samples using Wilcoxon signed-rank tests, with Benjamini–Hochberg (BH) correction. Five
gene co-expression modules showed significant temporal changes. CMTM6, DYNLT1 and RAB2B had
higher eigengene values at TP1 than TP2, with negative median paired differences of -0.19, -0.15 and − 
0.077 respectively (BH-adjusted p = 0.0019, p = 0.001, p = 0.033). Conversely, BCL2 and RAN had higher
eigengene values at TP2 than TP1, with positive median paired differences of 0.18 and 0.089
respectively (BH-adjusted p = 0.0019, p = 0.0088).

Gene set enrichment analysis31 (GSEA) of the CMTM6 module, comprising 2805 genes, identified
significant enrichment of innate immune function, myeloid cell differentiation and activation (all p < 
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0.001, Fig. 3c). GSEA of the DYNLT1 module, comprising 143 genes, identified significant enrichment of
cellular component pathways of the early endosome membrane and canonical inflammasome complex
(p < 0.05, not shown). GSEA of the RAB2B module are described below. GSEA of the BCL2 module,
comprising 1943 member genes, identified significant enrichment of the adaptive immune response,
including lymphocyte differentiation, B cell activation and proliferation and MHC class II assembly (all p 
< 0.01, Fig. 3d). GSEA of the RAN module, comprising 4324 genes, identified significant enrichment of
transcription and translational pathways, including ribonucleoprotein complex biogenesis, ribosome
biogenesis, rRNA processing and cytoplasmic and mitochondrial translation (all p < 0.001, Fig. 3e).

BASIC Endotype analysis
Shared patterns of immune responses – endotypes – had previously been described, and were
associated with outcome, in a separate group of 382 children in the BASIC cohort using microarray
analysis14. We therefore determined BASIC Endotype for each patient at each time point by using
quantile normalised RNA-Seq data with a 20-gene signature of endotype generated by forward-selection
partial least squares (FS-PLS)32 and applied via a linear regression model trained and cross-validated

within the normalised BASIC microarray dataset14. Endotype assignments were concordant with sample
separation observed on PCA of normalised expression data across both microarray and RNA-Seq
platforms (Fig. 4a). At TP1, 9 participants were classified as Endotype 1 and 10 as Endotype 2 (Fig. 1a).
At TP2, 6 participants were classified as Endotype 1 and 13 as Endotype 2 following the transition of 3
participants from Endotype 1 to Endotype 2 (Fig. 4b).

WGCNA identified a single gene co-expression module (RAB2B) that was significantly associated with
Endotype 1 compared with Endotype 2 at both TP1 and TP2 (median module eigenvalue differences − 
0.24 p = 0.026 and − 0.2 p = 0.047 respectively; Fig. 4c). The RAB2B module comprised 479 genes and
was significantly enriched for pathways related to myeloid differentiation and development, erythrocyte
homeostasis, and proteasome-mediated ubiquitin-dependent catabolic processes (all p < 0.01; Fig. 4d).

RNA velocity analysis
We next modelled future gene expression of the significantly regulated gene co-expression modules
identified from WGCNA. We used the RNA velocity analysis33 algorithm VeloCD34, specifically designed
for bulk RNA-Seq data analysis, to create RNA velocity fate maps for each significantly regulated gene
co-expression module for each participant. VeloCD models future expression levels for each gene based
on the modelled relationship between the spliced and unspliced transcript expression. This enables
projection of participants onto a low-dimensional transcriptomic space with RNA velocity arrows
assigned to each participant-TP (Fig. 5a–d).

The multi-exon genes with spliced and unspliced transcript expression from the TP associated modules
(CMTM6, Fig. 5a; DYNLT1, Fig. 5b; BCL2, Fig. 5c; RAN, Fig. 5d) and Endotype-associated module (RAB2B,
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Fig. 5e) were separately run through this algorithm: with sample points colored by Endotype and shaped
by TP. All fate maps showed some relationship between the future gene expression and TP or Endotype.
TP1 participant-samples RNA velocity arrows pointing towards the TP2 samples was most clear for the
DYNLT1 module (Fig. 5b), which had strongest correlation with time from the WGCNA (Fig. 3b).
Consistent with the directionality of the WGCNA correlation, the RNA velocity arrows of the BCL2 and
RAN modules show inverse directionality with time in comparison to CMTM6 and DYNLT1 (Fig. 5b-d).

The RAB2B module fate map (Fig. 5e) showed that the 6 participants who transition from Endotype 1 to
Endotype 2 at TP2 (“transitioners”) are placed between Endotype 1 “remainers” and Endotype 2
remainers. The Endotype 1 remainer RNA velocity arrows also point towards Endotype 2 suggesting that
the immune processes captured by this gene co-expression module are moving all participants towards
Endotype 2, with the Endotype 1 participants just much earlier on in this process.

DISCUSSION
We aimed to characterise the immune trajectory of childhood septic shock by studying the dynamic
transcriptome. We identified changes in immune cell subsets and gene co-expression modules that were
significantly regulated between TP1 and TP2: the CMTM6 module, enriched for myeloid cell
differentiation and activation, and the DYNLT1 module, enriched for the canonical inflammasome
complex, had higher expression at TP1. The BCL2 module, enriched for lymphocyte differentiation, B cell
activation and MHC Class II assembly, had higher expression at TP2. Our identification of gene co-
expression modules is supported by a wide body of literature describing a transition from innate to
adaptive immune function in early infection3,11. Our temporal data that estimate early high proportions of
neutrophils and a late increase in CD4 and CD8 T cell proportions are concordant with this.

We extended temporal analysis by examining the relationship between previously identified BASIC
Endotypes, and temporal changes in gene expression. This identified an additional gene co-expression
module, RAB2B, that was significantly positively associated with BASIC Endotype 1 and was enriched for
myeloid differentiation and development, erythrocyte homeostasis, and proteasome-mediated ubiquitin-
dependent catabolic processes. The RAB2B module was broadly consistent with previous work, which
identified myeloid response as key drivers of BASIC Endotype – and of endotypes or sepsis response
syndromes in sepsis in adults5,8,9. Previous WGCNAs of sepsis at single TPs have identified endothelial
cell dysfunction and reduced T cell proliferation (hub gene SLC51A) and myeloid leukocyte activation
(hub gene C3orf86) to be elevated in sepsis, and the adaptive immune response (hub gene DDX24) to be
decreased in sepsis in comparison to controls35. A previous WCGNA in adult sepsis at a single TP, with

the temporal course of analysed in a murine model of sepsis led to similar conclusions36. In addition,
clinical studies of sepsis in adults have previously identified an immunosuppressive neutrophil
population – probably released through emergency granulopoiesis37 – that is associated with reduced
CD4 T cell function and worse sepsis outcome in adults38. These analyses, taken as a whole, support a
recognition of neutrophils to be key mediators of immune trajectory in child (and adult) sepsis.
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Establishing a causal relationship between gene co-expression modules and outcome in sepsis (most
notably CMTM6 and similar emergency granulopoiesis/myeloid activation modules identified elsewhere)
would require either a Mendelian randomisation approach or a (quasi)randomised blockade of
emergency granulopoiesis, linked to clinical outcomes in large data sets. To our knowledge, such studies
have yet to be completed but are feasible. Such an approach would inform the repurposing or discovery
of immune modulator therapies for immune dysfunction in sepsis, and an analysis across the life-course
may have significant implications for our understanding of immune ageing.

Studies of sepsis aspire to discriminate pathological immune dysfunction from physiological immune
function. This is hampered by practical and ethical challenges in sampling a single participant from
pathogen colonisation/inoculation to transition to infection and transition to sepsis, even in carefully
controlled challenge studies. As a result, temporal changes, identified through repeated sampling, may
need to be used to identify patients that have a pathological immune trajectory after the diagnosis of
sepsis is made (and treatment and support commenced). Children in the BASIC cohort were recruited
exceptionally early (before or at PICU admission) in comparison with many other adult and child
cohorts8,39. This early TP1 sample, combined with TP2, enabled us to identify temporal changes that
may be underestimated in other cohorts. We extended this by using RNA velocity analysis33,34 (VeloCD
algorithm) to model the immune trajectory of participants from TP1 to TP2. We hypothesize that RNA
velocity may improve the identification of patients with a trajectory towards worsening immune
dysfunction by characterising changing gene expression from a single sample40. This approach, based
on the relationship between the spliced and unspliced transcript expression of the genes in each co-
expression module, could be accelerated by limiting sequencing and analysis of smaller gene signatures
from each module; with a potential test-to-result time making clinical implementation feasible for
critically unwell patients.

This study had a sample size of 19 participants (38 samples) and is underpowered to discover more
subtle gene co-expression modules that may differ between TPs or clusters of patients. In addition, all
participants survived, and all participants had an immune trajectory that was relatively stereotyped
across PCA, digital cytometry, Endotype transition and RNA velocity fate maps. This prevented a
comparison between the immune trajectories of patients who did, and did not, survive sepsis that may
have been informative in identifying gene co-expression modules that were associated with poor
outcome (and are therefore more likely to represented pathological immune dysfunction). Although the
wider BASIC cohort was developed with a deferred consent model for sampling23, consent was
subsequently required for retention and analysis of samples. Consent from parents for children who
subsequently died was rarely achieved, leading to a survivor bias in the wider BASIC cohort. Providing a
compassionate and ethically-sound approach to gain consent from parents faced with this tragedy in
future would enhance the ability to learn from the samples and data of children who do die early within a
PICU.

Clinical insight would also benefit from biological analyses of single cells, using cytometry (including
immune state markers), single cell RNA-Seq, epigenomic studies and stimulation or co-culture
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experiments to examine post-transcriptional and post-translational immunology. A limitation in many
studies of immune trajectory in sepsis in both children and adults has been the exclusion of neutrophils
due to methodological and logistical challenges in handling these fragile cells41,42. Our data suggest that
this is a significant omission, and the exclusion of neutrophils from analyses may miss important age-
related effects. Given the increasing realisation of post-sepsis morbidity and mortality11,43, future clinical
studies should also incorporate medium- and long-term follow-up of participants beyond hospital
discharge, and possibly through routinely collected healthcare data.

In conclusion, this study provides a model for the analysis of temporal changes in gene expression in
sepsis, including the estimation of immune cell proportions, derivation of gene co-expression modules
(that are associated with clinically important features), endotype membership, and the modelling of
future immune trajectory based on RNA velocity fate maps. The use of these approaches in larger data
sets – particularly in combination with other -omic analyses – would provide further support for
incorporating immune trajectory into clinical decision-making in sepsis in children and adults.

MATERIALS AND METHODS

Clinical recruitment and data
We analysed data collected as part of the Biomarkers of Acute Serious Illness in Children (BASIC) study
that recruited participants between 2014–201623. BASIC was a prospective cohort study that enrolled
critically ill children admitted to four PICUs in London and Eastern England, UK, during emergency
transport by the Children’s Acute Transport Service (CATS), the regional paediatric critical care retrieval
service. Children aged 0–16 years with an indwelling central venous or arterial catheter were eligible for
the BASIC cohort. Infants < 36 weeks of corrected gestational age and those with agreed end-of-life care
plans were not recruited. Recruitment followed deferred consent processes, with written informed
consent obtained by the study research team from parents/legal guardians within 24–48 hours25.
According to UK best practice, the study was approved by both the Health Research Authority (HRA,
reference: 136866) and ethical approval was provided by the National Research Ethics Committee East
Midlands—Nottingham 2 (reference: 13-EM-0399) independently of the authors’ academic and clinical
affiliations. Procedures followed were in accordance with the Helsinki Declaration of 1975. The study
reporting follows the Standards of Reporting of Diagnostic Accuracy Studies 2015 Update
(https://www.equator-network.org/reporting-guidelines/stard/). The clinical trials registry for Biomarkers
of Acute Serious Illness in Children (BASIC) study is at: https://clinicaltrials.gov/study/NCT03238040,
trial number: NCT03238040. Data presented in this paper represents a retrospective analysis of data
collected during the BASIC study.

Of the 674 children recruited to the BASIC study, Timepoint (TP) 1 samples have been previously
analysed and presented from 382 (57%) children using Illumina microarray technology14 and these
children and data were not analysed again here. Of the remaining 292 children in the cohort, 12 (4.1%)
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children died, 5 of whom with infection/sepsis; none of these children had Timepoint 2 (TP2) samples
available for analysis. We therefore selected 19 children with septic shock (defined operationally as
children with suspected or confirmed infection who were invasively ventilated and receiving vasoactive
infusions via a central venous catheter) from whom TP1 and TP2 RNA-stabilised samples were available
(see Fig. 1 and Supplementary Table 1).

We used patient demographic data (sex at birth, age, self-reported ethnicity), clinical characteristics
(reason for PICU admission), details of infection status (including phenotyping for bacterial, viral,
unknown and non-infectious illnesses using standardized published criteria27), clinical severity markers
such as retrospectively applied Phoenix Sepsis Score (PSS)2 at admission to PICU as appropriate,
interventions performed (invasive ventilation, vasoactive drugs) during transport and PICU discharge
outcome (vital status and duration of organ support).

RNA sampling and sequencing
Whole blood was sampled into PAXgene (Qiagen, UK) tubes and stored appropriately at -80ºC. RNA was
extracted according to manufacturer’s instructions using the QIAsymphony PAXgene blood miRNA
extraction kit (Qiagen, UK). Extracted samples of RNA were DNA depleted (RNA Clean and Concentrator-
5 with DNase, Zymo Research, CA, USA) and globin depleted (GLOBINclear Human Kit,
ThermoFisherScientific) and sequenced on an Illumina NextSeq2000 at a core genomics facility
(Imperial Genomics Facility, Imperial NIHR Biomedical Research Centre) to generate 50 bp paired-end
reads. Raw fastq files were aligned to the human genome (GRCh38) using Salmon 1.10.2
(https://salmon.readthedocs.io/en/latest/salmon.html)45 and gene counts quantified prior to differential
gene expression analyses.

Differential gene expression analysis
Statistical analysis of gene expression was undertaken in R: A Language and Environment for Statistical
Computing (version 4.4.1)46. Differential gene expression analysis was performed using DESeq247

(v1.42) in R. Transcript-level abundance estimates from Salmon were imported using tximport, and
genes with fewer than 10 total reads across all samples were excluded prior to analysis. To identify
genes differentially expressed between TPs while accounting for variability between participants, patient
ID was included as a covariate in the DESeq2 design formula. The DESeq function was run with default
parameters, and normalised counts were extracted for downstream use. Differential expression between
TP2 and TP1 was assessed, with genes considered significant if they met a Benjamini-Hochberg-
adjusted p-value < 0.05 and an absolute log2 fold change ≥ 0.5. Results were visualised using a volcano
plot, with the top 20 most significant genes labelled.

Digital cytometry to impute immune cell populations was undertaken with Cibersort
(https://cibersortx.stanford.edu; quantile normalisation was disabled, run mode was relative and 100
permutations for significance testing were used)44 using the reference data set LM22 and used to infer
the differential proportions of immune cells between participants at TP1 and TP2.
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Weighted gene co-expression network analysis
Weighted gene co-expression network analysis was performed using the WGCNA R package30 (v1.73) to
identify modules of co-expressed genes and relate their activity to clinical response. A soft-thresholding
power of β = 5 was selected based on the criterion of approximate scale-free topology (R²>0.8), as
determined by the pickSoftThreshold function. A signed gene co-expression network was constructed
using blockwiseModules with the following parameters: minModuleSize = 30, deepSplit = 2, and
mergeCutHeight = 0.25. The signed network type was chosen to retain the directionality of gene-gene
correlations, distinguishing positively from negatively co-expressed gene pairs. The grey module,
comprising genes not assignable to any co-expression module, was excluded from downstream
analyses.

Module eigengenes (MEs), defined as the first principal component of each module’s expression matrix,
were compared between paired TP1 and TP2 samples using Wilcoxon signed-rank tests. Differences in
ME values between assigned endotypes were assessed at each timepoint using Wilcoxon rank-sum
tests. Modules were labelled by their hub gene, defined as the intramodular gene with the highest
module membership. P values were adjusted for multiple testing using the Benjamini–Hochberg
method. Gene ontology (GO) enrichment analysis of selected modules was performed using
clusterProfiler48 v4.14.4, with a q-value threshold of 0.05.

BASIC Endotypes
Microarray transcriptomic data from the previously presented 382 children at point of PICU admission
alongside BASIC Endotype assignment determined by unsupervised k-means clustering14 were analysed
alongside paired TP RNA-Seq data from the separate 19 children from the same BASIC cohort23. Genes
common to both datasets were retained (n = 2373). Both datasets were log2 transformed and quantile

normalised to the microarray derived quartile distribution using preprocessCore49. PCA confirmed

appropriate distributional alignment between platforms50. A 20-gene signature, discriminatory between
BASIC Endotype 1 and 2, was derived from the microarray cohort using forward selection partial least
squares (FS-PLS)32,51. A penalised logistic regression classifier (glmnet, 10-fold cross-validation) was
trained on the microarray data and applied to RNA-Seq samples to assign endotype membership. A
continuous BASICq score was calculated using diffusion mapping and scaled to the interval [0,1] to
validate endotype membership. Endotype assignments were verified as concordant with sample
separation observed on principal component analysis (PCA) of quantile normalised expression data
across both microarray and RNA-Seq platforms.

RNA velocity and transcriptomic trajectory methods
The raw RNA-Seq fastq files were re-mapped and re-quantified using STAR52, featureCounts53 and the
GRCh38 genome assembly fasta and GTF files from Ensembl. Counts were then summed across
sequencing lanes and those mapped to introns and exons for each gene (meta features) were used to
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derive library size normalised spliced and unspliced expression values, as previously described34. Genes
without both spliced and unspliced transcript expression were then removed as well as those containing
any introns labelled with the biotype “retained intron” or overlap with an annotated exon of another gene.
It is important to note that this may filter out key genes from the following modules, including the hub
genes.

Of the 2805 genes from the CMTM6 module, 1579 had spliced and unspliced transcript expression. This
was 1079/1943 (55.5%), 86/143 (60.1%), 2589/4076 (63.5%) and 300/479 (62.6%) from the DYNLT1,
BCL2, RAN and RAB2B and modules respectively. We then put the genes from each module into RNA
velocity analysis (VeloCD algorithm34) using all 38 samples (from 19 participants) and examined the
resulting fate maps. This was run using a number of neighbour range of 2 to 37 and transition probability
number of neighbour range of 2 to 36.
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Figure 1

Clinical characteristics and sampling. a, Clinical characteristics of the BASIC study sub-cohort (n=19
patients) and characteristics of these participants by BASIC endotype at Timepoint 1 (retrieval or
admission to PICU). b, Time course of preceding illness, PICU admission and sampling at Timepoint 1
and Timepoint 2 for study participants.
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Figure 2

Differential expression of genes by time point to show immune trajectories. a, Principal component
analysis (PCA) plot of participants (n=19, n=38 samples), with arrows showing the difference between a
patients transcriptome from Timepoint 1 (red) to Timepoint 2 (blue) for all genes. b, Volcano plot of gene
expression, with differentially expressed genes (Benjamini-Hochberg adjusted p<0.05, and absolute
log2 fold-change ≥1.5, red points (individual genes) indicate when this value is 1.5 or above, blue when
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this is -1.5 and below). c, PCA plot of participants (including trajectory of patient transcriptomes) using
only differentially expressed genes. Red indicates timepoint 1 and blue timepoint 2 samples. d, Imputed
cell populations as proportions of leukocytes at Timepoint 1 and Timepoint 2 (Cibersort44).  

Figure 3
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Biological mechanisms associated with immune trajectory. a, Weighted gene co-expression network
analysis (WGCNA) to identify key biological mechanisms between Timepoint 1 and Timepoint 2. b - c, All
genes, and all differentially expressed genes (DEGs) for modules identified in WGCNA. d, Gene set
expression analysis (GSEA) for the CMTM6 module. e, GSEA for the BCL2 module. f, GSEA for the RAN
module.

Figure 4
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Associations of BASIC endotype with immune trajectory. Across all figure components, red indicates
endotype 1 and blue endotype 2. a, Allocation of RNA-Seq patient-time points to BASIC endotypes
following quantile normalisation and application of 20 gene signature, alongside BASIC microarray
allocated endotypes by k-means clustering14. b, Sankey plot showing changes in BASIC endotype for
participants over time, colored by Timepoint (TP) 1 endotype. c, Correlation of BASIC endotype
membership and weighted gene co-expression network analysis (WGCNA) modules identified in the
cohort at Timepoint 1 and Timepoint 2. d, Gene set expression analysis (GSEA) for the RAB2B module.
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Figure 5

RNA velocity analysis. a-d, Uniform Manifold Approximation and Projection (UMAP)-based RNA velocity
fate maps of the samples in three dimensions. Arrows represent RNA velocities, the future
transcriptomic trajectories of each sample (n=38 samples, n=19 participants). The Transition Probability
Number of Neighbors (TPNN) value used for all fate maps was 36. The fate maps show samples points
colored by endotype (red: endotype 1, blue: endotype and green: individuals who transitioned from
endotype 1 to 2) and shaped by timepoint (circles: TP1, squares: TP2). a, fate map constructed from
1579 genes from the Weighted Gene Co-expression Network Analysis (WGCNA) by timepoint, CMTM6
module and a Number of Neighbors (NN) value of 25. b, Was constructed using 86 genes from the
DYNLT1 module that had spliced and unspliced transcript expression (NN: 16). c, Was constructed using
1079 genes from the BCL2 module that had spliced and unspliced transcript expression (NN: 23). d, Was
constructed using 2,589 genes from the RAN module that has spliced and unspliced transcript
expression (NN: 11). e, Was constructed using 300 genes from the RAB2B module that has spliced and
unspliced transcript expression (NN: 26).
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