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Abstract: Sepsis is a leading cause of mortality and morbidity in neonates yet 

remains difficult to diagnose. This leads to widespread empiric anMbioMc therapy, 

which can facilitate the development of anMmicrobial resistance. How the 

dysregulated host-response to infecMon and sepsis evolve following anMbioMc 

treatment is poorly understood. Temporal gene expression of sepMc blood culture 

posiMve neonates, treated with the anMbioMc vancomycin as part of a randomized 

controlled trial, was profiled to reveal a treatment responsive gene signature. The 

signature exhibited a rapid reversal of the sepMc state, observable within 24 hours 

of the iniMaMon of therapy. Unexpectedly, response rates associated with the 

adapMve immune system were among the fastest, and these changes were 

reproduced in both pediatric and adult paMents with sepsis, indicaMng 

conservaMon and reversibility of sepsis signatures across the life-course. We 

demonstrated how these treatment-responsive genes could be translated into a 

prognosMc clinical measure, exhibiMng strong agreement with clinical 

assessments. Network modelling of sepsis-responsive genes idenMfied a signature 

associated with treatment comprising an early transient elevaMon of anMmicrobial 

defensive genes, suggesMng an impaired bactericidal response in neonatal sepsis. 
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These findings suggest that the host response is, in fact, regulated in sepsis, and 

offer insights into early prognosMc approaches for reducing anMbioMc over-use. 

 

One-sentence summary: 

Rapid gene expression changes during treatment of neonatal sepsis indicate 

reversibility of host immune response and enable prognosMc approaches. 

 

Editor’s Summary: A Sepsis Signature. Neonatal sepsis accounts for a large 

proporMon of sepsis cases, yet it can be difficult to diagnose accurately and quickly. 

This tends to lead to empiric anMbioMc therapy, which run the risk of side effects 

for these youngest paMents. To address this unmet need, Parkinson et al. idenMfied 

a transcripMonal signature of sepsis that, upon successful treatment with the 

anMbioMc vancomyin, rapidly reverted to baseline. The signature, which included 

genes associated with metabolism, and both the innate and adapMve immune 

responses, was also predicMve of outcome in cohorts of pediatric and adult 

paMents with sepsis. These findings suggest that gene expression dynamics could 

be used to idenMfy sepsis and predict responses to treatment across the lifespan. 

–Courtney Malo  
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Introduc(on 

Sepsis is the leading pathway to death from infecMon. Neonates and infants account for 

the highest burden of sepsis (1) with esMmates of 5 million cases worldwide each year, 

resulMng in 800,000 deaths (2). Late onset neonatal sepsis occurs in neonates >72 hours of 

age, and, in high-income seings, is most ojen caused by the hospital-acquired skin 

commensals, coagulase negaMve staphylococci (CoNS), with Staphylococcus epidermidis the 

predominant species isolated (3, 4). Although overall mortality rates are low in high-income 

seings, preterm and low birthweight infants ojen require invasive procedures and 

supporMve care, and neonatal sepsis episodes are associated with morbidity including 

neurodevelopmental impairments (5). The clinical signs of neonatal sepsis can be subtle and 

highly variable, overlapping with other pathologies. Commonly used tests using inflammatory 

markers such as C-reacMve protein (CRP) and procalcitonin (PCT) exhibit poor sensiMvity and 

specificity for neonatal sepsis (6,7), and the gold standard diagnosMc, a posiMve 

microbiological culture from a normally sterile site, can take over 24 hours and gives a high 

proporMon of false negaMves (8). Hence, there is ojen a low threshold for starMng empiric 

anMbioMcs (9–11), resulMng in high proporMons of neonates exposed to anMbioMcs, which can 

potenMally cause side effects and impact anMmicrobial resistance (10,12,13). 

To address these challenges in sepsis diagnosis, host-response transcriptomic 

biomarkers have been studied extensively. Over the last decade, “gene signatures” that 

differenMate paMents with sepsis from those with milder disease have been used to both 

describe the underlying pathophysiology of sepsis at the molecular level and to develop 



 

5 

diagnosMc and prognosMc tools for potenMal clinical use (13–17). MulMple neonatal-specific 

signatures have been reported (table S1). The “Sep3” gene signature was derived by 

comparing the gene expression profiles of 62 neonates (“Sep3 discovery cohort”), comprising 

27 predominantly preterm infants with microbiologically confirmed sepsis (mean gestaMonal 

age of 31.1 weeks) with 35 predominantly term neonates without suspected infecMon (mean 

gestaMonal age of 39.4 weeks), referred to here as uninfected controls (13). The Sep3 

signature comprised of a 52-gene panel aoributable to three funcMonal pathway classes, 

innate immune, adapMve immune and sugar and lipid metabolism (referred to as metabolic 

from here on), where both innate immune and metabolic pathways are acMvated in paMents 

with sepsis and the adapMve immune pathway is suppressed. The Sepsis Meta Score (10), 

computed from the expression values of 11 genes and developed using adult and pediatric 

transcriptomes, is also discriminaMve in neonates, providing some evidence that neonatal 

sepsis gene signatures are diagnosMc across age groups. More recently, two further signatures 

have been proposed based on re-analysis of the Sep3 discovery cohort (18,19). However, the 

persistence of these biomarkers during the course of sepsis, and the potenMal for these and 

other biomarkers to monitor response to treatment remains undefined. 

Host-transcriptomic biomarkers for monitoring clinical recovery from infecMon have 

translaMonal applicaMons, including predicMon of paMent outcomes, early evaluaMon of 

treatment efficacy and personalizaMon of therapy, and have been proposed in a range of 

infecMous diseases areas, most notably tuberculosis (20,21). In sepsis, PCT has been shown to 

have efficacy as a predictor of treatment response. PCT-guided anMbioMc treatment resulted 

in reduced anMbioMc exposure and lower mortality in adults (22) and facilitated shortening of 
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anMbioMc therapy duraMon in neonates (23). However, PCT measurement in neonates can be 

variable, and standardized ranges for different age groups are lacking (24). CRP has also been 

shown to have uMlity in measuring treatment response in sepMc adult intensive care unit (ICU) 

paMents, with mortality rates differing according to CRP trajectory (25). However, CRP is a less 

reliable marker that has low diagnosMc sensiMvity in neonates, with concentraMons varying 

dependent on factors such as prematurity or causaMve organism (6, 26, 27). A decrease in the 

host-transcriptome based “quanMtaMve sepsis response signature” (SRSq) has been shown to 

be associated with decreased mortality in adult paMents with sepsis. However, no change was 

observed in pediatric sepsis and sepMc shock cases, and the kineMcs for individual genes and 

gene networks were not invesMgated (17). Whether a similar trend can be observed in 

neonates requires invesMgaMon. 

The potenMal for complicaMons from prolonged and unnecessary anMbioMc treatment 

arising from high rates of negaMve blood cultures and the lack or reliable biomarkers to 

support a diagnosis, combined with the risk of anMbioMc resistance emergence, make host-

response biomarkers capable of providing an early indicaMon of treatment response in 

neonatal sepsis highly desirable. Equally, a deeper understanding of how the sepMc state is 

reversed during treatment at the individual gene and gene pathway level may uncover new 

opportuniMes for therapeuMc intervenMon. Accordingly, we have sought to assess the 

potenMal of the Sep3 and other neonatal sepsis gene signatures as treatment monitoring 

biomarkers in neonatal sepsis and examined the kineMc responses of gene expression in a 

cohort of neonatal paMents from the NeoVanc randomized controlled trial (28). 
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Results 

Neonatal sepsis signatures are capable of discrimina4ng sepsis events 

before and a6er an4bio4c treatment 

Neonates with a microbiological or clinical diagnosis of late onset sepsis were recruited 

into NeoVanc, a randomized non-inferiority trial comparing a shorter neonatal-opMmized 

vancomycin regimen, which included a loading dose, with a longer standard course of 

vancomycin, a widely used anMbioMc for gram-posiMve late onset sepsis (28,29). To ensure as 

much certainty as possible around the paMent diagnosis, this sub-study was restricted to 

paMents with a posiMve culture (of which 96% were CoNS species), and a clinical diagnosis of 

sepsis. To miMgate the effect of between-paMent heterogeneity as a result of the pathogen, a 

subcohort of infants (N = 35) all with confirmed S. epidermidis bloodstream infecMon was 

selected for analysis. S. epidermidis was the most frequently detected CoNS species, present 

in 69% of NeoVanc paMents with a posiMve culture (28). The 35 neonates selected were 

recruited from 11 of the recruiMng terMary neonatal ICUs across 5 European countries 

(Estonia, Greece, Italy, Spain, and the UK). The trial inclusion criteria are provided in tables S2 

and S3. Whole blood samples were taken at the Mme of recruitment into the trial (TR) and 

approximately 3, 5, 10 (standard arm only) and 30 days post recruitment (table S4) and whole 

transcriptome microarray gene expression profiles produced for all available samples (Fig. 1A). 

Following quality assessment prior to and following microarray analysis to remove poor 

quality ribonucleic acid (RNA) and outlier arrays, data for 117 samples were taken forward for 

analysis. The number of samples available for each of the five Mme points was 26, 29, 24, 20 
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and 18, respecMvely. The resulMng transcriptomes provide a temporal profile of the neonatal 

immune response to infecMon and subsequent anMbioMc treatment. 

We first sought to establish whether neonatal sepsis gene signatures have 

discriminatory power in the NeoVanc paMents before and ajer anMbioMc treatment. We 

reasoned that a major state change in the transcriptome as a result of sepsis should impart 

similar data characterisMcs across plarorms. Accordingly, a machine learning-based receiver 

operaMng characterisMc (ROC) classifier (30) was trained on the gene expression profiles of 

the Sep3 genes in the Sep3 discovery cohort and used to classify the NeoVanc parMcipant 

samples. Samples at TR	were correctly idenMfied as sepMc with an accuracy of 88% (equivalent 

to sensiMvity as all paMents are sepMc) and all samples at TR	+ 30 days (the trial follow up visit 

where infants would be expected to have recovered from their sepMc episode) were idenMfied 

as non-sepMc (Fig. 1B). The classificaMon accuracy was good despite the experimental 

limitaMons; the Sep3 discovery cohort was generated with an Illumina microarray plarorm, 

whereas the NeoVanc data was generated on the more modern Affymetrix Clarion D 

microarray plarorm. Despite centering and scaling the data to correct for these differences, 

some inter-plarorm variance likely remained (31). This, combined with differences in the 

causaMve pathogen between cohorts, is likely to impact classificaMon accuracy. 

The three paMent samples misclassified as non-sepMc at TR	 may be reflecMve of a 

reduced sensiMvity and specificity in this populaMon. It is less likely their posiMve culture 

resulted from contaminaMon given the presence of at least three clinical or laboratory signs. 

No significant difference was observed between the correctly classified and misclassified 

groups in mean postmenstrual age (t = 0.69; CI = (-20.8, 41.8); P = 0.49) or sex (P = 0.059). 
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However, all misclassified paMents were among those that received vancomycin in the 24 

hours prior to randomizaMon (fig. S1), which may in part explain their molecular presentaMon 

as non-sepMc at TR. Within the overall trajectory from sepMc to non-sepMc, individual paMent 

trajectories varied widely (fig. S1). Fast-responding paMents achieved a non-sepMc 

classificaMon within the first 72 hours of treatment, whereas slow responding paMents took 

over 10 days to be classified as non-sepMc. No staMsMcally significant difference in the 

proporMon of paMents in the opMmized compared with the standard vancomycin dosing 

regimen arm was observed between the fast (classified non-sepMc from TR	+ 3 days onwards) 

and slow (classified sepMc at TR	+ 10 days or later) responding paMent groups (P = 0.60). Similar 

analysis was conducted with three other reported neonatal sepsis gene signatures (10,18,19) 

that achieved a classificaMon accuracy at TR	of 88%, 79% and 70% respecMvely (fig. S2 to S4). 

All three failed to idenMfy all paMents as non-sepMc at TR	+ 30 days. The Sep3 gene signature 

achieved the best performance when considering both classificaMon accuracy at TR	and TR	+ 

30 days, and so was taken forward in the analysis. We concluded that previously reported 

neonatal sepsis gene signatures were effecMve at discriminaMng CoNS-induced neonatal sepsis 

in this subcohort of NeoVanc paMents before, during, and following treatment with 

vancomycin, and that the state change from sepMc to non-sepMc was clearly detectable in 

temporal gene expression profiles. 

Temporal analysis reveals fragmenta4on of the Sep3 gene signature 

into responsive and non-responsive biomarkers 

The overall profile of transcripMonal change suggested there were observable, quanMtaMve 

changes in the expression of individual genes over the treatment course (Fig. 1B). To 
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invesMgate this, we applied linear mixed regression modelling (LMRM) to the expression 

profile of each Sep3 gene over the 10-day treatment period to idenMfy features associated 

with a treatment response. Changes in modelled mean log2(fold change) expression revealed 

31 of the 48 genes display significant expression shijs during treatment (95% confidence 

intervals (CI), corresponding to P <	0.05, Fig. 1C), with condiMonal r2	values in the range 0.355 

to 0.772 (mean = 0.619), indicaMng a good fit for the data. Further details of the modelled 

expression trajectories, calibraMon plots of the predicted and observed expression values, and 

the P values and r2	values obtained are provided in fig. S5 and S6 and table S5 respecMvely. 

The gene signature split into treatment responsive and non-responsive components, 

indicaMng that the underlying pathogenic pathway responses were divergent. The direcMon of 

the change in expression of the responsive genes was in the expected direcMon, based on their 

funcMonal classes (table S6), and could be divided into three sub-trajectories (Fig. 1D). 

AdapMve immune genes whose expression were down-regulated in sepsis, (e.g. CD3D and 

Myelin And Lymphocyte Protein (MAL), both associated with T cell development) recovered 

towards normal expression values. Innate immune and metabolic pathway genes up-

regulated in sepsis (e.g. G Protein-Coupled Receptor 84 (GPR84) and Fc Gamma Receptor Ia 

(FCGR1A; CD64), both pro-inflammatory receptors in myeloid cells) were down-regulated on 

recovery. The defensive anMmicrobial genes Lipocalin 2 (LCN2), Myeloperoxidase (MPO), and 

PepQdoglycan RecogniQon Protein 1 (PGLYRP1) illustrate a third and unexpected upward then 

downward trajectory, with expression increasing early in the treatment period, and then 

falling below its TR value ajer 10 days. The speed of response to treatment for certain genes 

in the signature was also surprising. Modelled mean expression (Fig. 1C) illustrated the rapid 



 

11 

change in expression on treatment iniMaMon, with a material proporMon of the shij occurring 

within 48 hours. Unexpectedly, adapMve immune network genes showed some of the fastest 

responses. 

The inclusion of the potenMal confounding factors sex, birth weight, postmenstrual age, 

and the administraMon of anMbioMcs prior to randomizaMon as model covariates was 

examined. The previous administraMon of anMbioMcs was significant for two genes and 

postmenstrual age was significant for 13 genes at α < 0.05, and goodness of fit, measured by 

the marginal r2 values, increased in these instances (tables S7 and S8). Innate immune and 

metabolic genes up-regulated at TR (e.g. Interleukin 1 Receptor Antagonist (IL1RN)) naively 

appeared to have lower expression at TR in infants that received pre-study anMbioMcs, 

suggesMng that the curaMve response may have already begun (fig. S7), and lower expression 

in older infants (fig. S8). Although these two factors impacted overall expression in a minority 

of genes, the relaMonship between gene expression and Mme from iniMaMon of treatment was 

unchanged (tables S7 and S8). 

To validate that the observed changes in gene expression were not simply the result of 

changes in immune cell populaMons, we correlated neutrophil counts with expression of 

primarily neutrophil-expressed Sep3 genes at each Mme point. A strong posiMve correlaMon 

was observed at TR + 10 days. However, the correlaMon was weaker at TR, suggesMng the down-

regulaMon of expression of these genes during treatment response was not simply due to 

reduced neutrophil numbers, but was the result of an immune-mediated down-regulated 

response (Fig. 2A). We concluded that a component of the Sep3 biomarkers exhibited 

observable changes early in the treatment period. 
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The phenotype shi6 observed in neonates during treatment is 

reproducible in independent pediatric and adult cohorts 

To establish whether the dramaMc transcriptomic shij observed during treatment of the 

NeoVanc paMents is reproduced in other individuals, we analyzed two independent sepsis 

paMent cohorts. DifferenMal expression analysis of a cohort of pediatric paMents, comprising 

18 controls and 43 sepsis paMents, (of which 25 (58%) were microbiologically confirmed, with 

the most frequent pathogens being Staphylococcus aureus and Group B streptococcus), at first 

entry into the pediatric ICU (day 1) (“pediatric validaMon cohort”) (32), revealed 49 Sep3 genes 

were among 4,574 differenMally expressed genes (fig. S9). The expected down-regulaMon of 

adapMve immune and up-regulaMon of innate immune and metabolic pathways was observed 

in sepsis samples at day 1 compared with controls (Fig. 2B). A shij in the sepMc phenotype 

was observed when comparing day 1 with samples from the same sepMc paMents 48 hours 

ajer ICU admission (day 3). Expression of adapMve immune genes were significantly up-

regulated (e.g. Lck InteracQng Transmembrane Adaptor 1 (LIME1), P <	0.001; Leucine Rich 

Repeat Neuronal 3 (LRRN3), P = 0.032) whereas innate and metabolic immune gene 

expression was down-regulated (e.g. GPR84, P < 0.001; CEA Cell Adhesion Molecule 1 

(CEACAM1), P < 0.001) (Fig. 2C). A similar rapid shij in expression trajectories was observed 

in a second cohort of 50 adult paMents with sepMc shock (“adult validaMon cohort”) of which 

41 (80%) were microbiologically confirmed and the majority of those caused by gram-negaMve 

bacteria (33). Again, 49 Sep3 signature genes were among the differenMally expressed genes 

idenMfied between sepMc shock paMents and non-sepMc controls (fig. S10). The expected 
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paoern of adapMve immune suppression and innate and metabolic network acMvaMon was 

seen in paMents with sepsis at day 1 relaMve to controls (Fig. 2D). The paoern was reversed 48 

to 72 hours ajer iniMaMon of treatment (Fig. 2E). The specific biomarkers with reversed 

trajectories at 48 to 72 hours varied between the NeoVanc cohort, the pediatric validaMon 

cohort, and the adult validaMon cohort. However, the network-level paoern was consistent. 

These rapid changes in a subset of the Sep3 biomarkers, observed in mulMple cohorts, led us 

to conclude that it may be possible to construct a clinically pracMcal measure of treatment 

response in the early treatment period using these fast-responding biomarkers. 

Shi6s in phenotype on recovery can be captured u4lizing a treatment 

response score 

To determine whether expression changes in highly treatment responsive genes could 

be captured in a dimensionless score, and how well such a measure corresponds to clinical 

assessments, we defined an “Immune Module RaMo” (IMR) as the raMo of the median 

expression of genes down-regulated in response to treatment, to the median expression of 

up-regulated genes. The IMR was calculated for the NeoVanc samples at each Mme point using 

a clinically pracMcal subset of 10 genes (five strongly up-regulated and five strongly down-

regulated; Fig. 3A). A rapid and significant shij in mean IMR between TR	and TR	+ 3 days was 

observed (t = 4.9; CI = (0.17, 0.41); P <	0.001), which was greater in magnitude than when 

using all 48 Sep3 genes (fig. S11), suggesMng the full Sep3 diagnosMc gene signature is sub-

opMmal for treatment response monitoring and benefits from being opMmized for fast 

responding markers. To illustrate the magnitude of the transcriptomic shij between the non-

sepMc state and the sepMc state at TR, the IMR was calculated using the samples from the 
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short term follow up visit at TR	+ 30 days. This sample was Mmed to reflect the point by which 

the neonate should have recovered from their sepMc episode and ceased receiving anMbioMc 

therapy, and thus provided an internal control and proxy for the transcriptomic profile of the 

infants prior to the onset of symptoms. Given that 30 of the NeoVanc paMents were receiving 

broad spectrum anMbioMcs in the 48 hours leading up to TR, there is a possibility that some of 

the observed transcriptomic changes around TR	are the host immune response to anMbioMc 

therapy rather than the infecMon. However, when the paoern of changes in the IMR were 

analyzed for the five paMents who did not receive anMbioMc therapy immediately prior to 

randomizaMon, similar trends were observed, with a significant difference in the IMR between 

TR	and	TR	+ 10 days (P = 0.0062, fig. S12). This gives some confidence that the transcriptomic 

profile is the infant’s response to the infecMon. The IMR was also strongly correlated with total 

sepsis criteria (ρ = 0.62; CI = (0.47, 0.73); P < 0.001), an independent measure of paMent 

recovery, derived from both clinical and biochemical measurements, for each paMent at the 

corresponding Mme points (Fig. 3B). This correlaMon was stronger than the correlaMon 

between other commonly used measures and total sepsis criteria (excluding the measure 

tested) such as CRP concentraMon (ρ = 0.39; CI = (0.20, 0.56); P < 0.001), blood glucose 

concentraMon (ρ = 0.38; CI = (0.19, 0.54); P < 0.001), and neutrophil count (ρ = 0.34; CI = (0.13, 

0.51); P = 0.002) (table S9). A molecular diagnosMc sensiMve to host immune recovery in the 

early treatment period provides informaMon complementary to clinical assessments and 

blood culture results. A measurable immune shij, indicaMng reversal of the sepMc state in 

paMents with persistent posiMve blood cultures and clinical symptoms (Fig. 3B; paMents 27 and 

34), may provide confidence in the efficacy of the anMbioMc regimen. Equally, evidence of a 
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strong immune response in paMents who become culture negaMve, but whose clinical signs 

have yet to stabilize (Fig. 3B; paMent 23), could result in a reducMon in the duraMon of anMbioMc 

therapy. Furthermore, changes in the IMR in the early treatment period were shown to be 

indicaMve of 28-day survival in the pediatric and adult cohorts. PaMents were grouped into 

survivors and non survivors based on outcome 28 days from iniMal admission. A significant 

downward shij in mean IMR, calculated using the same 10 genes as previously, was observed 

between day 1 and day 3 in the survivor group in both pediatric (t = 2.34; CI = (0.01, 0.15); P 

= 0.025) and adult (t = 6.42; CI = (0.17, 0.33); P < 0.001) cohorts (Fig. 3C). Pediatric and adult 

paMents that did not survive beyond 28 days showed no significant change in IMR at day 3 (t 

= 0.70; CI = (-0.12, 0.21); P = 0.52 and t = 0.11; CI = (-0.11, 0.12); P = 0.92, respecMvely). We 

concluded that gene expression changes for a fast responding subset of the Sep3 biomarkers 

may be used to construct a treatment response measure that is indicaMve of paMent recovery 

early in the treatment period. 

Modelling all coding genes reveals a shi6 from an inflammatory 

an4viral phenotype to a defensive an4microbial phenotype in 

response to treatment. 

The Sep3 signature does not comprehensively explore all funcMonal state changes 

associated with recovery from sepsis, and it is possible other pathways and genes may have a 

more prominent role. Hence, we globally interrogated the treatment recovery response of all 

coding genes, to idenMfy addiMonal biomarkers and signature pathways. LMRM yielded 422 

genes with a significant first-, second- or third-order coefficient with Mme (for P <	0.05) and 
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an effect size similar or greater than at least one of the Sep3 genes (predicted log2(fold change) 

at 72 hours >	0.075) (Fig. 4A). 

Network correlaMon analysis of the expression of this expanded set of treatment 

responsive genes at TR, TR	+ 72 hours and TR	+ 10 days revealed three disMnct and highly 

interconnected networks: a combined innate immune and metabolic network (Fig. 4B), a T 

cell network (Fig. 4C), and a third network of predominantly defensive anMmicrobial genes 

(Fig. 4D). During the treatment course, a shij was seen in both the network topology and the 

predicted gene expression values of nodes in these networks relaMve to TR	that mirrored the 

trajectories observed in the Sep3 genes. 

The innate-metabolic network remained highly interconnected throughout the 

treatment course, with expression down-regulated 72 hours following treatment iniMaMon, 

and remaining down-regulated at 10 days. This network could be further sub-divided into 

modules, which were invesMgated in turn. A module of metabolism associated genes including 

Protein Phosphatase 1 Regulatory Subunit 3B (PPP1R3B; glycogen metabolism), Acyl-CoA 

Synthetase Long Chain Family Member 1 (ACSL1; lipid biosynthesis), Solute Carrier Family 2 

Member 3 (SLC2A3; glucose transport), and Aquaporin 9 (AQP9; lipid transport) was down-

regulated, with highly connected hub genes including ASCL1, AQP9 (table S10). The innate 

response was also down-regulated early on in treatment. Gene expression values for a large 

module of anMviral defensive genes associated with the type I interferon (IFN) pathway, 

including those encoding proteins with sMmulatory (e.g. HECT And RLD Domain Containing E3 

UbiquiQn Protein Ligase 5 (HERC5) and Interferon Induced Protein With TetratricopepQde 

Repeats 1 (IFIT1)) and inhibitory (e.g. UbiquiQn Specific PepQdase 18 (USP18)) funcMons, was 
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down-regulated during recovery. A second innate immune module of leukocyte 

immunoglobulin-like receptors (LILRs), predominantly myeloid expressed regulators of the 

innate and adapMve immune response (34), also exhibited down-regulated expression early 

on in treatment. Leukocyte Immunoglobulin Like Receptor B3 (LILRB3;CD85a) emerged as one 

of the most highly connected nodes in the innate-metabolic network, with Leukocyte 

Immunoglobulin Like Receptor B2 (LILRB2; CD85d) also highly ranked (table S10), suggesMng 

these inhibitory immune related genes may have a regulatory funcMon in the restoraMve 

response. 

The topology of the T cell network remained Mghtly connected over the treatment 

course (Fig. 4C). The unexpected observaMon that expression of T cell network genes was 

already up-regulated 72 hours following treatment iniMaMon, points to the recovery of T cell 

proliferaMon and signaling. These comprised up-regulated expression of cell surface marker 

CD28, possibly indicaMve of a higher overall T cell populaMon, and expression of genes playing 

a role in T cell acMvaMon and signaling (e.g. IL2 Inducible T Cell Kinase (ITK), Fc Receptor Like 3 

(FCRL3) , and  Zeta Chain Of T Cell Receptor Associated Protein Kinase 70 (ZAP70)). Up-

regulaMon of expression of genes coding for anMgen presenMng molecules (HLA-DQA1 and 

HLA-DQA2) was also indicaMve of the shij towards a more immunocompetent state. The 

observed paoern of down-regulaMon of the innate-metabolic network and restoraMon of the 

adapMve immune arm was confirmed by cellular deconvoluMon analysis (35) quanMfying the 

shij in cellular proporMons in the NeoVanc samples over the 10 days following treatment 

iniMaMon: median CD4+ T cell proporMon of total cells increased significantly from 7.3% to 

20.1% of total cells (W = 70, P < 0.001) and B cell proporMon increased from 5.7% to 11.2% 
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(W=71, P < 0.001),  whereas neutrophil proporMons declined from 72% to 51% (W=407, , P < 

0.001) (Fig. 5A). 

The third, and unanMcipated, network of defensive anMmicrobial genes was weakly 

interconnected at TR	with an increase in topological overlap and up-regulated expression at 

TR	+ 72 hours. Expression of defensive genes criMcal to cytotoxic pepMde producMon (e.g. 

Cathelicidin AnQmicrobial PepQde (CAMP) and CEA Cell Adhesion Molecule 8 (CEACAM8)), 

pathogen binding (Oxidized Low Density Lipoprotein Receptor 1 (OLR1) and CEACAM8) and 

bacterial iron sequestraMon (e.g. Lactotransferrin (LTF) and LCN2) were all increased. Gene 

expression values for these predominantly neutrophil-expressed anMmicrobial genes 

increased during the early treatment period despite overall decreasing neutrophil counts (fig. 

S13), indicaMng an immune-mediated up-regulaMon. At TR	 + 10 days, the defensive 

anMmicrobial network topology remained highly connected; however, expression was now 

also down-regulated relaMve to TR, suggesMng the up-regulaMon of these defensive markers 

was transitory, relaxing back below TR	values by the end of the treatment period. 

The picture emerging from these treatment responsive genes in the NeoVanc paMents 

can be summarized by changes in five funcMonal modules following three disMnct trajectories 

in response to treatment: T cell signaling (upward recovery); type I IFN, metabolic, and LILRs 

(downward recovery); and anMmicrobial (upward then downward recovery) (Fig. 5B). To 

invesMgate whether these signature response modules were replicated in older paMents, we 

conducted differenMal expression analysis of 47 genes representaMve of these five modules in 

the adult validaMon cohort. Up-regulaMon of expression of T cell signaling related genes and 

down-regulaMon of expression of metabolic and type I IFN pathway-related genes was 
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observed at day 3 in survivors (Fig. 5C), but not in non-survivors (fig. S14). The response of the 

LILRs and anMmicrobial modules was unclear, with expression up-regulated in some and 

down-regulated in others in response to treatment. We concluded that there was a regulatory 

shij during the resoluMon of the neonatal sepMc state, with signature pathways indicaMng a 

shij from an inflammatory anMviral phenotype to a defensive anMmicrobial phenotype. The 

apparent suppression of anMmicrobial defenses observed in the NeoVanc paMents, but not 

clearly replicated in adults, may be related to age or the nature of the causaMve pathogen. 

Discussion 

The data generated in this study provided a Mme-resolved portrait of the individual gene 

and gene-pathway level expression changes taking place during recovery from sepsis. The 

small volume PAXgene blood RNA tube collecMon protocol used required a maximum whole 

blood volume of 50 µL (8), helping overcome the ethical challenges associated with taking 

mulMple research blood samples from unwell preterm infants. The NeoVanc trial applied this 

protocol in mulMple terMary neonatal ICUs across Europe, which yielded a sufficient quanMty 

of good quality RNA to generate the temporal transcriptomic profiles of the 35 neonates. 

The previously reported transcriptomic Sep3 biomarkers, which are highly 

discriminaMve of sepsis in neonates, have been further validated, including in individuals who 

were 24 to 48 hours into a sepMc episode. A potenMal concern with this result is the difference 

in gestaMonal age between the sepMc and uninfected control paMents in the Sep3 discovery 

cohort. This raises the possibility that the ROC classifier used to classify the NeoVanc samples 

is confounded by gestaMonal age. It is worth noMng, however, that although the Sep3 gene 
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signature was developed by comparing the gene expression profiles of infants of different 

gestaMonal ages, it was validated by classifying an independent group of 26 infants (16 

confirmed sepsis, 10 uninfected controls) with no difference in gestaMonal age, achieving an 

area under the ROC curve (AUC) of 1.0 (13). This validaMon gives some confidence that the 

ROC classifier based on the Sep3 gene signature used in this work did not rely on gestaMonal 

age to discriminate between sepMc and recovered infants in the NeoVanc cohort. We have 

idenMfied a responsive subset of the Sep3 biomarkers that show a significant change in 

expression over Mme in response to vancomycin within the first 24 to 48 hours following 

treatment iniMaMon. These results illustrate the nature of the immune response to anMbioMc 

treatment in neonatal sepsis and the speed with which the sepMc state is reversed in host 

recovery. We observed the response from both innate immune and adapMve immune cell 

markers very early on in the treatment course, with observable changes predicted in the first 

24 hours of treatment. The validaMon of the observed response in the first 48 hours of 

treatment in both pediatric and adult paMents, whose sepsis is a result of infecMon from a 

wide variety of species of bacteria, gives some indicaMon that the response is not limited to 

CoNS sepsis in neonates. The magnitude of the change in this clinically important Mme window 

holds promise for these anMbioMc responsive biomarkers to be used prognosMcally as well as 

diagnosMcally in the early treatment period. This persistence of the biomarkers in a 

noncuraMve state, and then rapid response on treatment with effecMve anMbioMcs suggests 

that the immune state in sepsis is maintained by conMnuous signaling from the pathogen and 

that, as the bacterial load is reduced during treatment, the immune state reverts rapidly. This 

is suggesMve of cooperaMve behavior between the anMbioMc and the immune system; when 
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the anMbioMc is introduced, the immune system begins to move to a curaMve state. This would 

indicate that the sepMc state is regulated, rather than dysregulated as commonly defined, and 

that it can revert quickly. 

We have illustrated how the gene expression for a small and therefore clinically pracMcal 

subset of the Sep3 biomarkers could be used to create a dimensionless host immune response 

score. The observed sensiMvity of the IMR early in the treatment period, the superior 

correlaMon between the IMR and a broad set of clinical and laboratory measures compared 

with, for example, CRP, and the relaMonship between early changes in the IMR and 28-day 

survival, together highlighted its translaMonal value. Such a molecular diagnosMc would 

provide clinicians addiMonal informaMon on an infant’s recovery and support decision making 

around anMbioMc therapy at a Mme when clinical signs may be unclear, with benefits for 

morbidity, complicaMons, and anMbioMc stewardship. The detectable shij in the IMR in sepMc 

pediatric and adult paMents with heterogeneous causaMve bacteria, limited to those paMents 

that survived, also provided evidence of the generalizability of the IMR as a treatment 

response score beyond CoNS sepsis in neonates. 

We have described a phenotypic shij observed on recovery in the NeoVanc neonatal 

subcohort that was characterized by changes in five signature pathways: a dramaMc drop in 

type I IFN pathway genes early on in treatment, down-regulaMon of metabolism-related and 

LILR genes, subsequent recovery of the T and B cellular response, and a rebounding of 

neutrophil-associated anMmicrobial defensive pathways. The observed metabolic shij early 

in the treatment period is expected, given the high energy cost required to fuel the innate 

immune response and the resulMng high set points for glycolysis and faoy acid metabolism 
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pathways in sepsis (13, 36). The transitory up-regulaMon of primarily neutrophil-expressed 

anMmicrobial defensive genes provides some evidence that this compartment of the innate 

immune response is suppressed in the sepMc state, suggesMng that sepsis-induced 

immunosuppression in neonates extends beyond inhibiMon of T cell acMvaMon and signaling 

to an impaired inflammatory response, including decreased bactericidal defenses in 

neutrophils as previously described in adult paMents with sepsis (37). The observed drop in 

type I IFN-sMmulated genes is suggesMve of a reducMon in signaling from the pathogen that 

may be the result of a reducing bacterial load over the treatment course, suggesMng that the 

sepMc state may be maintained by the presence of the pathogen. Type I IFN producMon is 

known to be associated with the suppression of the innate immune response to bacterial 

infecMons by increasing the suscepMbility of macrophages and lymphocytes to apoptosis-

inducing sMmuli and by interfering with intracellular bactericidal mechanisms, such as IFN-γ	

acMvaMon of macrophages, aiding bacterial replicaMon (38, 39). It has been reported that 

expression of IFN-β	pathway-related genes is correlaMve with the extent of disease in leprosy 

and tuberculosis, and that IFN-β	may inhibit IFN-γ	 induced anMmicrobial pathways in these 

mycobacterial diseases by blocking anMmicrobial pepMde gene expression of CAMP and 

Defensin Beta 4A (DEFB4) (40). The concurrent drop in the type I IFN pathway and increase in 

bactericidal genes observed in our results suggests a similar interacMon between these 

pathways in neonatal sepsis. The precise mechanism may differ from mycobacterial recovery, 

as we see no up-regulaMon of IFN-γ	pathway genes (e.g. Interferon Gamma (IFNG), Interferon 

Gamma Receptor 1 (IFNGR1), and C-X-C MoQf Chemokine Ligand 9 (CXCL9)) in response to 

treatment. 
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The emergence of co-inhibitory pathway receptors LILRB2 and LILRB3, previously shown 

to have up-regulated expression in neonatal sepsis (13), as highly connected hub genes in the 

network topology may also be relevant in understanding the nature of sepsis-induced 

immunosuppression in neonates. LILRB2 encodes a potent immunosuppressive receptor 

known to have a tolerogenic effect in dendriMc cells, inhibiMng anMgen presentaMon and 

therefore impairing CD4+ T cell acMvaMon, and inhibiMng the producMon of reacMve oxygen 

species in neutrophils (34). LILRB2 expression has also been shown to be up-regulated in 

circulaMng monocytes and neutrophils in adult paMents with sepMc shock, with increased 

expression triggered by iniMal infecMous challenge (33). The immunosuppressive role of LILRB3 

in sepsis has been demonstrated in mouse models (41). LILRB3 was found to inhibit bacterial 

killing by blocking anMgen presentaMon of macrophages and inhibiMng T helper 1 cell 

differenMaMon. The same study demonstrated that blocking LILRB3 protected mice from 

sepsis; the authors speculated that some bacteria can bind LILRB3 expressed on macrophages 

to inhibit signaling driving downstream bactericidal acMvity. Indeed, murine studies have 

demonstrated that gram-posiMve Staphylococcus aureus is able to bind the LILRB ortholog PIR-

B to dampen the host inflammatory response (42). LILRB3 has also been reported to be a 

potent inhibitor of Fc-receptor mediated neutrophil acMvaMon, reacMve oxygen species 

producMon, phagocytosis, and microbial killing (43). Our results support the hypothesis that 

there is a constant signaling between the bacteria and host to maintain the sepMc state, 

possibly by exploitaMon of immunosuppressive LILRs inhibiMng CD4+ T cell acMvaMon and 

depressing anMmicrobial defenses. The apparent impaired bactericidal defenses in neonates, 

and potenMal role of immune checkpoint inhibitors in the recovery process warrant further 
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invesMgaMon, and raise the quesMon of the potenMal for therapeuMc intervenMon. A recent 

murine study demonstrated that high expression of IL1RN immune checkpoint in Candida 

albicans-driven fungal sepsis prevented pathogen clearance and its targeted removal 

increased neutrophil recruitment to infecMon sites and increased resistance to Candida (44). 

Our findings point to the potenMal of similar therapeuMc intervenMons for sepsis that target 

immune checkpoint inhibitors in bacterial sepsis. 

This study has several limitaMons. Firstly, the homogeneity of the NeoVanc paMents. 

Given the nature of the NeoVanc clinical trial and the inclusion criteria for this biomarker sub-

analysis, the results presented primarily invesMgate the host immune response to 

staphylococcal sepsis and treatment with vancomycin, and not for other pathogens, for 

example gram-negaMve bacteria, or other specific anMbioMcs commonly used to treat 

neonatal sepsis. However, we believe the results remain highly relevant, given CoNS species 

are responsible for 48 to 57% of late onset sepsis cases in high income seings (3,4). In 

addiMon, NeoVanc parMcipants could have received other anMbioMcs, except for the anM-

staphylococcal agents flucloxacillin, oxacillin, linezolid, tedizolid, daptomycin and teicoplanin 

(28), alongside study vancomycin. The results are, therefore, applicable to the more general 

neonatal unit populaMon who ojen receive mulMple anMbioMcs, i.e. with gram-posiMve and 

gram-negaMve coverage, at the onset of sepsis. CoNS species are also common contaminants 

in blood cultures, raising the quesMon of causality between the presence of CoNS and clinical 

symptoms. We believe it is unlikely that the posiMve culture results are due to contaminaMon 

in the NeoVanc cohort. The NeoVanc trial imposed strict inclusion criteria, and all 35 infants 

had both a posiMve culture (of which 19 had two or more posiMve cultures), and three or more 
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clinical or laboratory signs indicaMve of sepsis. The very high blood culture posiMvity rates for 

the study overall (43% culture posiMve at TR) indicate that the inclusion criteria were 

successful in selecMng sepMc neonates. In addiMon, 80% of the neonates included in the 

NeoVanc trial were preterm, 65% were very low birth weight and 40% were extremely low 

birth weight, making this a populaMon at the highest risk of CoNS sepsis (45).  

A further limitaMon is that all paMents in the subcohort ulMmately recovered. This raises 

the quesMon of whether the observed immune response was a direct result of vancomycin 

therapy, as opposed to other clinical intervenMons, or simply the progression of sepsis. We 

also believe it is unlikely that the majority of these infants would have had a favorable clinical 

outcome without anMbioMc treatment. Although overall mortality for CoNS is low, mortality 

rises to approximately 9% in very low birth weight and preterm infants (45). Thirty-four out of 

the 35 infants selected for this study were preterm infants, and of those 25 were very low 

birth weight, making this a highly vulnerable populaMon. This, combined with the fact that 

anMbioMc suscepMbility tesMng revealed vancomycin suscepMble S. epidermidis in all paMents 

gives some confidence that the recovery of these paMents is indeed a result of the vancomycin 

therapy. Conversely, in the absence of a non-sepMc control group receiving prophylacMc 

anMbioMcs, we acknowledge that we cannot be certain that the observed gene expression 

trajectories are not in part due to the effect of vancomycin itself. However, the similar 

transcriptomic paoern observed between those paMents that did and those that did not 

receive anMbioMcs in the 48 hours prior to randomizaMon, goes some way to indicate that the 

anMbioMcs themselves are not the primary driver of the transcriptomic shijs. Further work is 

required to validate that the treatment response and signature pathways observed in the 
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NeoVanc subcohort are reproduced in larger and more diverse neonatal cohorts. TranslaMon 

of the IMR into a clinical seing will also require further work to opMmize the subset of 

biomarkers selected, and to both validate and calibrate the score in a larger paMent 

populaMon. 

We conclude that there is a dramaMc shij in regulatory gene expression during the 

resoluMon of the sepMc state. We observed a change in the overall regulatory set point, 

transiMoning from an inflammatory anMviral phenotype to a defensive anMmicrobial 

phenotype. Moreover, this shij was observed very early in the treatment course in neonates 

as well as pediatric and adult paMents, suggesMng the paoern persists throughout the life 

course. The observed speed of this systemic change raises the prospect of new prognosMc 

tests to provide an early indicator for sepsis treatment response in the clinic. 

 

Materials and Methods 

Study Design 

The purpose of this study was to invesMgate changes in host gene expression profiles of 

sepMc neonates during vancomycin therapy. The study analyzed data from a subset of the 

infants recruited to the NeoVanc trial, a mulM-center randomized open label phase IIb study 

which compared the efficacy, safety and pharmacokineMcs of an opMmized dosing to a 

standard dosing regimen of vancomycin in neonates and infants aged less than 90 days with 

late onset bacterial sepsis (ClinicalTrials.gov ID: NCT02790996) (45). NeoVanc and this 

biomarker sub-analysis were approved by the London–West London and Gene Therapy 
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Advisory Commioee (REC reference [16]/LO/1026) on July 18, 2016. Ethics commioee and 

regulatory body approvals were obtained for each parMcipaMng hospital. Wrioen informed 

consent was obtained from all paMents’ parents or guardians. The study was performed in 

accordance with the InternaMonal Conference on HarmonisaMon of Technical Requirements 

for RegistraMon of PharmaceuMcals for Human Use Good Clinical PracMce guidelines, local 

regulaMons, and standard operaMng procedures. Infants were randomly assigned to the trial 

arms; infants in the opMmized dose arm received vancomycin for 5±1	days, whereas infants 

in the standard arm received vancomycin for 10±1	days, none having received more than 24 

hours of vancomycin prior to randomizaMon. Trial inclusion criteria are detailed in table S2 and 

S3 and full details of the trial protocol are provided by Hill et al. (45). Thirty-five infants were  

retrospecMvely selected for this sub-study. The sample size was determined by the availability 

of trial paMents with microbiologically confirmed late onset sepsis caused by the pathogen S. 

epidermidis. The group comprised 18 male and 17 female paMents, and were selected from 

11 of the recruiMng terMary neonatal ICUs across 5 European countries (Estonia, Greece, Italy, 

Spain and the UK). A list of these recruiMng sites and the corresponding invesMgators is 

provided in table S11. Whole blood samples were taken for microarray gene expression 

profiling. Infants whose therapy followed trial protocol were sampled 4 Mmes in the opMmized 

arm and 5 Mmes in the standard arm; those whose vancomycin therapy ended earlier or later 

than outlined in the protocol were also sampled at the end of vancomycin therapy (EVT) Mme 

point (table S4). Given the blood volumes available in this vulnerable populaMon and the cost 

of transcriptomic analysis, a single experimental replicate was used for each infant at each 

Mme point.  Detailed clinical (e.g. temperature, heart rate) and laboratory (e.g. white blood 
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count, CRP, blood glucose concentraMons, blood culture results) measurements were also 

collected at the same Mme points. Blood samples were processed for microarray gene 

expression profiling as discussed below. Blood samples with a RNA Integrity Number (RIN) 

value >	5 were included for microarray analysis. Quality assurance of Affymetrix cell intensity 

file (CEL) data by staMsMcal tesMng yielded eight outlier arrays prior to robust mulM-array 

average (RMA) normalizaMon, and a further seven samples ajer normalizaMon. A further 

outlier sample was idenMfied based on suspected mis-labelling. All outlier samples were 

excluded from analysis. The resulMng dataset facilitated temporal analysis of gene expression 

changes in response to vancomycin therapy, and cross validaMon of the observed changes with 

clinical observaMons and laboratory readings. 

 

 

 

NeoVanc Trial Dataset 

The NeoVanc dataset comprises microarray gene expression data for 35 infants, a subset 

of the infants recruited to the NeoVanc trial. Whole blood samples were taken, following a 

small volume PAXgene blood RNA tube (Thermo Fisher ScienMfic) collecMon protocol (8) 

requiring a maximum of 50 µL of whole blood volume, at Mme points outlined in table S4. 

Total RNA quality and quanMty was assessed using Agilent 4200 TapeStaMon and a High 

SensiMvity RNA kit (Agilent Technologies). Two to 10 ng of total RNA with a RNA Integrity 

Number (RIN) value >	5 was arrayed into a 96-well plate format and hybridized to the Thermo 

Fisher Clariom D microarray using the pico GeneChip labelling kit. First strand complementary 
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deoxyribonucleic acid (cDNA) was synthesized with a combinaMon of a Poly-dT and random 

primers containing a 5’-adaptor sequence. A 3’-adaptor was added to the single stranded 

cDNA followed by low-cycle polymerase chain reacMon (PCR) amplificaMon. The cDNA was 

used as template for in vitro transcripMon (IVT) that produces amplified amounts of anMsense 

messenger RNA (cRNA). The cRNA was then used as input for a second round of first strand 

cDNA synthesis, producing single stranded sense cDNA. Ajer fragmentaMon and end-labelling 

the targets were hybridized to plate arrays which were stained and imaged on the GeneTitan 

MulM- Channel Instrument. Raw cell intensity file (CEL) data was read into R version 4.1.2 and 

analyzed for quality using the arrayQualityMetrics package (46). PotenMal outliers, in 

parMcular arrays with very low amounts of hybridizaMon, were idenMfied by visual inspecMon 

of box plots of raw expression values and calculaMng the value of the non-parametric 

Kolmogorov–Smirnov test staMsMc, comparing each sample with a reference of all samples. 

Outliers were idenMfied for further invesMgaMon based on values greater than 1.5 Mmes the 

interquarMle range (47), and eight samples were excluded from further analysis. Raw 

intensiMes were normalized with the robust mulM-array average (RMA) method using the oligo 

package (48), and annotated with a NaMonal Center for Biotechnology InformaMon (NCBI) 

gene name using annotateEset() funcMon from the affcoretools package (49) with the 

Affymetrix clariomdhuman annotaMon data package clariomdhumantranscriptcluster.db 

version 8.8.0 (50). Only probesets mapped to a NCBI gene name were retained, and maximum 

average intensiMes taken over replicate gene names. PotenMal outlier samples following RMA 

normalizaMon and probe summarizaMon were again invesMgated using the 

arrayQualityMetrics package, using comparaMve metrics widely used in microarray datasets 
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(51): i. the total L1 (Manhaoan) distance of each sample’s counts from all other samples; ii. 

the value of the non-parametric Kolmogorov–Smirnov test staMsMc, comparing each sample 

with a reference of all samples; and iii. Hoeffding’s D staMsMc, a nonparametric measure of the 

independence of the log2	raMo and the log2	average of intensiMes between each sample and 

a reference of all samples. Outliers were idenMfied based on values greater than 1.5 Mmes the 

interquarMle range in at least two out of these three tests, and seven further samples were 

excluded from further analysis. Low intensity genes with a log2	transformed intensity of 3 or 

below in all samples were removed. The low intensity threshold was set based on visual 

inspecMon of a histogram of the distribuMon of log2	 transformed intensiMes based on the 

procedure outlined by (52). A further sample was excluded from analysis based on suspected 

mis-labelling of the blood collecMon tube. 

 

Sep3 Discovery Cohort 

The Sep3 discovery cohort microarray dataset (13) was obtained from the NCBI Gene 

Expression Omnibus (GEO) database (GSE25504). The data was generated by hybridizing RNA 

from 63 infected and control infants onto Illumina Human Whole-Genome Expression 

BeadChip HT12v3 microarrays comprising 48,802 features (human gene probes). Raw data 

from 63 samples was transformed using a variance stabilizing transformaMon before robust 

spline normalizaMon to remove systemaMc between-sample variaMon. Full details are provided 

by (13). A single sample (Inf075) idenMfied as a viral infecMon was excluded from the analysis. 

Illumina HT12 plarorm gene probes were mapped to ensembl transcript IDs and NCBI gene 

names using the ensembl database (53); only those probes mapping to an ensembl transcript 
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ID were retained, and the transcript ID with the maximum average normalized expression for 

each gene name over all samples was retained as the representaMve expression for each gene. 

Expression values were standardized (z-scored). 

 

Pediatric Valida4on Cohort 

The pediatric validaMon cohort microarray dataset (32) was obtained from the NCBI 

Gene Expression Omnibus (GEO) database (GSE13904). Raw CEL data was read into R version 

4.1.2 and analyzed for quality using the arrayQualityMetrics package (46) as previously 

described. The microarray data, generated using the Human Genome U133 Plus 2.0 GeneChip, 

was summarized using RMA and combined with clinical meta data received directly from the 

Hector Wong research group. Probesets were annotated with a NCBI gene name using 

annotateEset() funcMon from the affcoretools package (49) with the annotaMon data package 

hgu133plus2.db version 3.13.0 (54). Only probesets mapped to a NCBI gene name were 

retained, and maximum average intensiMes taken over replicate gene names. Independent 

filtering was conducted to remove low intensity genes (log2	 intensity of 4 or below in all 

samples), low variance genes (genes below 50th variance percenMle) and all non-coding 

genes. The data was further processed by removing samples classified as having systemic 

inflammatory response syndrome (SIRS) and as “SIRS resolved”. Samples classified as “Sepsis” 

and “SepMc Shock” were combined as sepsis. Only those paMents with confirmed bacterial 

sepsis or no microbiologically determined cause of infecMon were retained; paMents with 

confirmed viral and fungal infecMons were removed. The causaMve pathogen in 

microbiologically confirmed paMents included both gram-posiMve and gram-negaMve bacteria. 
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In addiMon, only those sepsis paMents with samples for both day 1 and day 3 retained, leaving 

43 sepsis paMents with both day 1 and day 3 samples alongside 18 non-infected day 1 control 

samples. 

 

Adult Valida4on Cohort 

The adult validaMon cohort microarray dataset (33) was obtained from the NCBI GEO 

database (GSE95233). Raw CEL data was read into R version 4.1.2 and analyzed for quality 

using the arrayQualityMetrics package (46) as previously described, and two samples were 

idenMfied as outliers. The microarray data was generated using the Human Genome U133 Plus 

2.0 GeneChip, and summarized using RMA. Probesets were annotated with a NCBI gene name 

using annotateEset() funcMon from the affcoretools package (49) with the annotaMon data 

package hgu133plus2.db version 3.13.0 (54). Only probesets mapped to a NCBI gene name 

were retained, and maximum average intensiMes taken over replicate gene names. 

Independent filtering was conducted to remove low intensity genes (log2	 intensity of 4 or 

below in all samples), low variance genes (genes below 50th variance percenMle) and all non-

coding genes. The dataset contained gene expression data for 51 sepMc shock paMents 

(reduced to 50 ajer outlier sample removal), sampled at admission (day 1) and either 2 or 3 

days later, and 22 healthy controls. All paMents were over the age of 18. For the purposes of 

analysis, days 2 and 3 were combined as a single Mme point (“Day 3”). 45 of the sepMc shock 

paMents were confirmed as being infected with gram-negaMve or gram-posiMve bacteria (33). 

It was not possible to idenMfy the paMents without confirmed bacteremia from the data 

available, therefore all 50 paMents were retained in the analysis. SepMc shock was defined as 
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the beginning of vasopressor therapy in combinaMon with an idenMfiable site of infecMon, 

persisMng hypotension and evidence of a systemic inflammaMon. 

 

Sample Classifica4on 

Of the 52 genes originally idenMfied in the immune-metabolic classifier by (13), 48 were 

reliably mapped to probe sets in the NeoVanc dataset. This 48 gene subset is detailed in table 

S6 and referred to as the Sep3 gene signature throughout this arMcle. The four genes that 

could not be reliably mapped to probe sets in the Affymetrix Clariom D array were SRCAP, 

TRAJ17, LIME1 and TRBV28. A ROC-based classifier (30) was trained on the 62 samples of the 

Sep3 discovery cohort using the R package rocc, with the Sep3 genes as input variables. A 

single paMent that died 10 days ajer randomizaMon into the trial was excluded from the 

NeoVanc subcohort (paMent 14) on the basis that this paMent is unlikely to be representaMve 

of a paMent responding to vancomycin treatment. The trained ROC classifier was then used to 

predict whether each NeoVanc sample was sepMc or non-infected. 

 

Linear Mixed Regression Modelling 

Linear mixed regression models (LMRM) that describe the trajectory of gene expression 

for each gene individually over Mme were fit and analyzed using the R package lme4 (55) and 

P values derived using the R package lmerTest (56). Two criteria were applied to filter the set 

of 35 paMents for inclusion in the LMRM analysis: i. the paMent survived beyond the day 30 

short-term follow up visit (paMent 14 excluded); and ii. Data for at least three biomarker 

samples was available given the desire to fit models including quadraMc and cubic terms (11 
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paMents excluded). The resulMng 23 paMents were included in the LMRM analysis. 

Independent filtering based on median intensity and variance was conducted prior to LMRM 

of all genes in the NeoVanc dataset to reduce the impact of mulMple tesMng. Non coding genes 

were also removed prior to analysis.  

We intuiMvely expected gene expression to follow a monotonic saturaMng lowering or 

elevaMng trajectory over Mme, reaching a steady state on resoluMon of the infecMon; 

therefore, the opMmal mean model was invesMgated by applying simple linear regression to 

the expression data for each gene, and evaluaMng adjusted r2	and Akaike informaMon criterion 

(AIC) values for three alternaMve base models with the following variables: i) Mme t; ii) t	+	t2; 

iii) t	+	t2	+	t3. Models including quadraMc and cubic terms yielded consistently beoer model 

fits (table S12), and hence were selected as the opMmal mean model. An intra-class correlaMon 

coefficient (ICC) was calculated for each gene using an uncondiMonal means model (table S13). 

The mean ICC of 0.284 indicated that, on average, approximately 30% of the expression 

variance was explained by between paMent effects, highlighMng the paMent heterogeneity in 

gene expression and jusMfying the modelling of mixed effects to provide more consistent and 

stable parameter esMmates for the effects of Mme on gene expression.  

LMRMs included scaled (z-scored) expression as the response variable, obtained using 

the mean and standard deviaMon of the expression values over all paMents and Mme points 

for the gene. The fixed effects covariates comprise the linear and polynomial terms time, time2	

and time3	 to model the mean curved trajectories of gene expression changes. Data for 

biomarker samples taken at TR, TR	+ 72 hours, TR	+ 5 days and TR	+ 10 days were included, 

covering the treatment period. Data for the biomarker sample taken at TR	+ 30 days was 
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excluded from the LMRM analysis given this sample was taken beyond the end of treatment 

period. LMRMs were fit with random intercept and random slope terms to model 

heterogeneity in starMng expression values and rate of change of expression over Mme 

between paMents. The approach to the random effects design follows principles outlined by 

Barr et al. (57). Models were iniMally fit for all genes with random intercept and random slope 

as random effects covariates. In the case a model with both random slope and random 

intercept terms resulted in a singular fit, the design matrix was simplified to a random 

intercept only model and refit; where a random intercept only model failed to converge, the 

gene was excluded from the analysis. The intercept and slope terms were assumed to be 

correlated using the default unstructured variance-covariance structure in the lme4 

implementaMon, and the model was fit using the residual maximum likelihood (REML) 

method. Confidence intervals were calculated for the predicted mean and log2(fold change) 

using randomized bootstrapping over 1000 iteraMons with the bootMer funcMon in the lme4 

package. Adjusted P values for linear and polynomial coefficients were corrected for mulMple 

tesMng by applying the Benjamini-Hochberg procedure (58). 

 

Immune Module Ra4o (IMR) 

The Immune Module RaMo (IMR) was defined as the raMo of the median expression of 

genes down-regulated in response to treatment (med(Edown)), to the median expression of 

genes up-regulated in response to treatment (med(Eup); EquaMon 1). The resulMng measure is 

a unit-free measure of the host-immune response over the treatment course. 
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med(Edown) 

 IMR	=	  (1) 

med(Eup) 

Three alternaMve groups of genes were used to calculate the IMR: (i) the full set of sep3 genes, 

(ii) the treatment responsive sep3 genes that exhibited a significant regression coefficient with 

Mme and (iii) a reduced set of 10 genes comprising the five most strongly up-regulated and 

five most-strongly down-regulated at TR	+ 72 hours. 

 

Gene Clustering with Correla4on Networks 

A subset of 422 highly treatment responsive genes, idenMfied by at least one LMRM 

fixed effect coefficient adjusted P value <	0.05	and predicted log2(fold change) at TR	+ 72 hours 

>	0.075, underwent correlaMon network analysis to idenMfy informaMve gene clusters. P value 

and log2(fold change) thresholds were chosen to ensure a sufficient number of genes were 

included in the analysis to idenMfy underlying funcMonal relaMonships. A gene co-expression 

network was derived using the WGCNA R package. Gene co-expression similarity was 

computed from raw intensity values for the selected genes at each of TR, TR	+ 72 hours and TR	

+ 5 days, using the absolute Pearson correlaMon between gene expression profiles across 

paMents. Coexpression similarity was transformed to a weighted topographical overlap matrix 

(59) using the funcMon TOMsimilarityFromExpr. A soj threshold (power) β	value of 10 was 

selected by evaluaMng a scale-free topology curve (fig. S15A) over threshold values from 1 to 

20 and selecMng a power resulMng in a high scale-free fit index value (above 0.80). Average 

gene connecMvity under alternaMve power values was also evaluated (fig. S15B). Gene 
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networks were visualized using the igraph R package. An edge weight filter (topographical 

overlap values ≥	0.12) and a node topology filter (≥	5	neighbors within a distance of 2) were 

applied to eliminate peripherally connected nodes and aid visualizaMon. 

 

 

Sta4s4cal Analysis 

Individual-level data are presented in data file S1. Comparisons of central tendency of a 

single measure between two groups were conducted using either a two-sided Student’s t test, 

where the data met the test assumpMons and was verified as normally distributed using a 

Shapiro-Wilk test, or a two-sided Wilcoxon signed rank test otherwise. 95% confidence 

intervals were calculated using a normal approximaMon. The independence of two categorical 

variables was evaluated using Fisher’s exact test. Case versus control differenMal expression 

was determined by linear modelling using the limma package (60). The Benjamini-Hochberg 

mulMple tesMng correcMon was applied to calculate adjusted P values (58). Calculated P values 

for the significance of linear mixed regression coefficients were also adjusted using the 

Benjamini-Hochberg mulMple tesMng correcMon. CorrelaMon was measured using Pearson’s 

correlaMon coefficient in cases where the data was conMnuous and met the test assumpMons, 

and using Spearman’s rank correlaMon coefficient otherwise. Cell type quanMficaMon was 

conducted using the immunedeconv package (61) with the quanTIseq deconvoluMon 

algorithm (35) to compute cell fracMons, and differences tested for significance using a two-

sided Wilcoxon signed rank test. The significance threshold α	was set at 0.05 for all staMsMcal 

tests. 
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Fig. 1. Temporal expression profiles reveal immune shiL during neonatal sepsis recovery.  

(A) NeoVanc biomarker study design. Postmenstrual age is given as median and interquarMle 

range. (B) ROC classificaMon of NeoVanc samples using the Sep3 gene signature. Sample 

collecMon Mme points are shown on the X-axis with the classifier output scores on the Y-axis. 

Sample points are colored according to the assigned class at each Mme point (TR: n = 24; TR	+ 

3 days: n = 28; TR	+ 5 days: n = 23; TR	+ 10 days: n = 20; TR	+ 30 days: n = 18). The doPed red line 

represents class boundary derived from Sep3 discovery cohort.(C) Mean predicted log2(fold 

change) in expression for Sep3 genes at 24 hours, 48 hours, 72 hours, 5 days, and 10 days from 

vancomycin treatment iniMaMon with 95% confidence intervals. Color coding indicates 

associated immune or metabolic network. n = 89. (D) Three response sub-trajectories 

illustrated by modelled expression of LRRN3, LCN2, and GPR84 genes in the 10 days following 

vancomycin treatment iniMaMon. n = 89. Mean predicMons (fixed effects) in red, individual 

paMent predicMons (fixed plus random effects) in gray, with observed data as gray crosses. 

CondiMonal r2 values are shown.  
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Fig. 2. The phenotype shiL observed in neonates is reproducible in pediatric and adult 

cohorts.  (A) CorrelaMon of expression values of neutrophil expressed genes (X-axis) with 

neutrophil counts (Y-axis) at TR	(yellow points) and TR	+ 10 days (gray points). The yellow and 

gray lines are linear least squares regression lines for the respecMve Mme points. r	is Pearson 

correlaMon coefficient. n = 113. (B to E) DifferenMal expression volcano plots comparing 

pediatric validaMon cohort day 1 sepsis (n = 43) with controls (n = 18) (B), pediatric validaMon 

cohort day 3 sepsis (n = 43) with day 1 sepsis (n = 43). (C), adult validaMon cohort onset of 

sepMc shock (n = 50)  with controls (n = 22)  (D), and adult validaMon cohort day 3 of sepMc 

shock (n = 50) with onset (n = 50)  (E). Color coding indicates associated immune metabolic 

network. Dooed red line indicates the P value threshold at α	 = 0.05. Significant genes 

idenMfied. 
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Fig. 3. Treatment-responsive genes yield a predicDve immune response score. (A) 

DistribuMon of IMR calculated with five most strongly up-regulated and five most strongly 

down-regulated Sep3 genes for NeoVanc samples. The box and whisker plot displays the 

distribuMon of a IMR at each Mme point. The box spans the interquarMle range (IQR), from the 

25th to the 75th percenMle, with the line inside the box denoMng the median. The whiskers 

extend to the smallest and largest values within 1.5 Mmes the IQR from the quarMles. A t test-

determined P value is shown for the difference in mean expression between TR		and TR	+ 72 

hours. TR	+ 30 days are shown as an internal control, represenMng assumed range of the IMR 

prior to onset of symptoms. n = 113. (B) CorrelaMon of IMR with total sepsis criteria. Point 

color indicates biomarker sample Mme point. Point shape indicates the existence of a posiMve 

blood culture for the paMent at or subsequent to the Mme point. PaMents 23, 27, and 34 are 

labelled for illustraMon purposes. ρ	= Spearman’s rank correlaMon coefficient. The blue line is 

a linear least squares regression line. n = 113. (C) DistribuMon of IMR calculated with the five 

most strongly up-regulated and five most strongly down-regulated Sep3 genes in pediatric and 

adult validaMon cohorts between Day 1 and Day 3 sepsis samples. The summary staMsMcs 

represented by the box and whisker plots are as in (A). Paired t test-determined P values are 

shown (pediatric: n = 43; adult: n = 50). 
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Fig. 4. Sepsis resoluDon characterised by a global immune shiL with dampened innate and 

restored cellular responses. (A) Volcano plot showing the predicted log2(fold change) in 

expression 72 hours following treatment iniMaMon (X-axis) and −log10(P value) of the first-

order coefficient in the regression model (Y-axis) for all genes in the NeoVanc dataset. Points 

represenMng genes with significant first-order coefficients at α	<	0.05	are colored black, with 

the significant Sep3 genes in red. The dooed red line indicates significance threshold of α	= 

0.05. n = 89. (B to D) Gene correlaMon networks derived from significant treatment responsive 

genes are shown, including an innate-metabolic network (B), a T cell network (C), and an 

anMmicrobial network (D). Nodes represent genes. Gene-gene adjacency measured as 

topographical overlap. Node color intensity represents log2(fold change) relaMve to TR, where 

red indicates up-regulaMon and blue indicates down-regulaMon. n = 113. 
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Fig. 5. Signature pathway expression changes during recovery indicate a shiL from an 

inflammatory anDviral to a defensive anDmicrobial phenotype.   (A) EsMmated cell fracMons 

of key immune cell types over the 10 days following treatment iniMaMon by quanTIseq 

deconvoluMon of gene expression profiles. n = 113. (B) Mean predicted log2(fold change) 

expression trajectories of funcMonal gene modules over treatment course. n = 113. (C) 

DifferenMal expression of funcMonal module genes between day 3 and day 1 in survivors in the 

adult validaMon cohort. n = 33. The dooed red line indicates the significance threshold of α	= 

0.05. 
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