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M Check for updates

Sepsis is a life-threatening organ dysfunction due to a dysfunctional response
to infection. Delays in diagnosis have substantial impact on survival. Herein,
blood samples from 586 in-house patients with suspected sepsis are used in
conjunction with machine learning and cross-validation to define a six-gene
expression signature of immune cell reprogramming, termed Sepset, to pre-
dict clinical deterioration within the first 24 h (h) of clinical presentation.
Prediction accuracy (-90% in early intensive care unit (ICU) and 70% in
emergency room patients) is validated in 3178 patients from existing inde-
pendent cohorts. A RT-PCR-based Sepset detection test shows a 94% sensi-
tivity in 248 patients to predict worsening of the sequential organ

failure assessment scores within the first 24 h. A stand-alone centrifugal
microfluidic instrument that automates whole-blood Sepset classifier detec-
tion is tested, showing a sensitivity of 92%, and specificity of 89% in identifying
the risk of clinical deterioration in patients with suspected sepsis.

Sepsis, a complex syndrome of organ dysfunction caused by a dysre-
gulated host response to infection!, has been declared a global
emergency”. Estimates from 2017 are >48.9 million cases and 11.0
million deaths per year’, not including deaths from COVID-sepsis®.
Early individualized interventions>® may significantly reduce mortality
and morbidity, and prevent poor long-term outcomes and disability>~”’.
It has been shown that even short delays in appropriate treatment can
cause significant increases in mortality from sepsis’. Despite decades

of research, however, patients are still triaged and treated on the basis
of clinical symptoms®. While these include measures of overall sever-
ity, they are largely nonspecific and do not adequately assess dysre-
gulated responses to infection, align patients with appropriate
pharmacotherapies, or predict impending deterioration and the need
for resuscitative level care. Biomarkers that provide early prognostic
and therapeutic enrichment are actively sought to achieve the perso-
nalization necessary to improve research and care*’.

TLife Sciences Division, National Research Council of Canada, 75 de Mortagne Boulevard, Boucherville, QC J4B 6Y4, Canada. 2Center for Research and
Applications in Fluidic Technologies (CRAFT), University of Toronto, 5 King’s College Rd, Toronto, ON M5S 1A8, Canada. ®Department of Biomedical

Engineering, McGill University, 775 Rue University, Suite 316, Montreal, QC H3A 2B4, Canada. 4Sepset Biosciences Inc., 420 - 730 View St, Victoria, BC V8W
352, Canada. SKeenan Research Centre for Biomedical Science, St. Michael's Hospital, University of Toronto, Critical Care Medicine, 30 Bond Street, Toronto,
ON M5G 1W8, Canada. ®Centre for Microbial Diseases and Immunity Research, University of British Colombia, 232-2259 Lower Mall, Vancouver, BC V6T 124,
Canada. "Department of Critical Care, Galilee Medical Center, Nahariya, Israel. 8Medicine Faculty, Bar Ilan University, Zafed, Israel. °Department of Mechanical
and Industrial Engineering, University of Toronto, 5 King’s College Road, Toronto, ON M5S 3G8, Canada. "°These authors contributed equally: Lidija Malic,
Peter G. Y. Zhang, Pamela J. Plant. . e-mail: Claudia.santos@utoronto.ca

Nature Communications | (2025)16:4442 1


http://orcid.org/0009-0001-8897-6555
http://orcid.org/0009-0001-8897-6555
http://orcid.org/0009-0001-8897-6555
http://orcid.org/0009-0001-8897-6555
http://orcid.org/0009-0001-8897-6555
http://orcid.org/0009-0006-1269-7492
http://orcid.org/0009-0006-1269-7492
http://orcid.org/0009-0006-1269-7492
http://orcid.org/0009-0006-1269-7492
http://orcid.org/0009-0006-1269-7492
http://orcid.org/0000-0001-9103-2494
http://orcid.org/0000-0001-9103-2494
http://orcid.org/0000-0001-9103-2494
http://orcid.org/0000-0001-9103-2494
http://orcid.org/0000-0001-9103-2494
http://orcid.org/0000-0002-7902-6291
http://orcid.org/0000-0002-7902-6291
http://orcid.org/0000-0002-7902-6291
http://orcid.org/0000-0002-7902-6291
http://orcid.org/0000-0002-7902-6291
http://orcid.org/0000-0001-5989-8503
http://orcid.org/0000-0001-5989-8503
http://orcid.org/0000-0001-5989-8503
http://orcid.org/0000-0001-5989-8503
http://orcid.org/0000-0001-5989-8503
http://orcid.org/0000-0002-6446-8791
http://orcid.org/0000-0002-6446-8791
http://orcid.org/0000-0002-6446-8791
http://orcid.org/0000-0002-6446-8791
http://orcid.org/0000-0002-6446-8791
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-59227-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-59227-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-59227-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-59227-x&domain=pdf
mailto:Claudia.santos@utoronto.ca
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-59227-x

Early diagnosis of sepsis is critical to favorable outcomes’. Cur-
rently sepsis diagnostic methods include pathogen detection (using
conventional or real-time multiplex PCR methods), clinical algorithms
based on various tests and risk factors in the patient medical records,
biomarkers including procalcitonin (PCT), C-Reactive Protein (CRP),
lactate, white blood cell shape (Intellisep test) and a variety of pro-
posed markers (Calprotectin, MCP-1, Presepsin, etc.)’. The proposed
international gold standard sequential organ failure assessment
(SOFA) score and its early analog quick SOFA (qSOFA), and more
recently a host response molecular test termed Septicyte have also
been studied'®”. Unfortunately, at first clinical presentation, these
tests have poor ability to identify patients at risk of developing sepsis.

Importantly, while some diagnostic tests have moved to a ‘dis-
tributed’ model with relevant tests performed at bedside (e.g., glucose
monitoring for diabetes), for patients with sepsis, the vast majority of
biochemical and molecular tests are implemented in a ‘centralized’
format, found only in well-equipped laboratories that require trained
operators and specialized instruments, making them less accessible
(or even inaccessible) to some of our most vulnerable and difficult to
access populations®* ™, The need to send samples to the lab for ana-
lysis significantly delays results (some more than the 6h recom-
mended by the surviving sepsis guidelines)” and limits the ability to
provide timely care to patients®'®". This ‘bottleneck’ means that test-
ing standards fail one of the primary objectives of the World Health
Organization (WHO) “to promote health, ...and serve the vulnerable so
everyone, everywhere can attain the highest level of health.®

Lab-on-a-chip (LOC)"** technologies have the potential to
advance care beyond traditional ‘syndromic’ approaches, outside
specialized centers, promising to democratize care for millions of
patients” . In addition to performing assays in a compact, miniatur-
ized format, LOC devices promote portability and point-of-care (POC)
testing, enabling minimally trained personnel to perform analytical
procedures outside laboratory settings. We have previously shown
that extraction and detection of molecular markers from biological
samples, such as blood, can be fully automated using a centrifugal-
based LOC system*. We have further integrated bioanalytical assays
for pathogen detection involving polymerase chain reaction (PCR)”
and loop-mediated isothermal amplification in a sample-to-answer
format®. Combining our LOC system with innovative RNA-based bio-
markers that predict clinical deterioration®>* may significantly
advance sepsis care in specialized and non-specialized settings alike.

House Keeping

In parallel, our group discovered and validated a 99 gene sig-
nature, present within 2 h of presentation to the emergency depart-
ment (ED), able to predict clinical deterioration based on the
emergence of a cellular reprogramming profile, associated with the
inability of cells to respond to pathogens***. Our original expression
signature was pathogen agnostic, predicting both all-cause and COVID
sepsis and different immunological response endotypes. The signature
was also predictive of organ dysfunction and severity outcomes*~*,

Here, we hypothesize that a reduced gene signature, can dis-
criminate patients with suspected sepsis at high risk of clinical dete-
rioration. We validate the ability of the signature to classify patients
into two deterioration risk groups, defined by a worsening sequential
organ failure assessment (SOFA) score, as per Sepsis-3 definitions of
sepsis, using our own independent cohort through quantitative real-
time reverse transcriptase polymerase chain reaction (qRT-PCR,
N=248). We further validate the quantitative molecular assay with
digital droplet PCR (ddPCR) to detect the RNA-based Sepset classifier
at the POC using our centrifugal microfluidic system, termed the
PREcision meDlIcine for CriTical care (PREDICT) device, which predicts
whether patients will go on to develop sepsis in <3 h using 50 uL of
whole blood (N =30) in the near-patient environment.

Results

A high-level overview of the risk prediction classifier, platform devel-
opment path and deployment workflow is shown in Fig. 1. Three
groups of independent cohorts (Supplementary Table 1) were used
to reduce our original 99-gene signature down to 6 genes. We then
validated, in a blinded fashion, the classifier’s ability to accurately
identify amongst 248 well characterized patients, those who went on
to deteriorate clinically, as defined by worsening of the sequential
organ failure assessment (SOFA>2) score and the need for ICU
admission, 24 h post-initial assessment (early for patients with pro-
spective sepsis).

Our own whole blood RNA sequencing (RNA seq) data from 586
samples from 514 individuals (176 ICU and 338 ER patients); including
392 previously published®® and 194 new patient samples, were used to
refine the gene expression signature able to predict clinical dete-
rioration in patients with suspected sepsis®****’. Briefly, these data
were generated from whole blood tubes collected from consenting
adult patients (>18 years of age) with ethics approval, who presented
with prospective sepsis, within the first 2 h of emergency room (ER) or
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Fig. 1| Overview of prediction classifier development, validation and analytical performance testing. A Machine Learning, feature reduction and validation of the
Sepset classifier. B Experimental Validation and Analytical Performance Testing of the Sepset Classifier on the PREDICT device.
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Table 1| Summary Performance for Sepset signature and classifier

RNA-Seq Dataset AUC Sensitivity Specificity Precision NPV Accuracy Reference
COVID-19 Sepsis (N = 359) 0.85 85% 72% 85% % 79% An*

ICU Validation (N =176)* 0.9 92% 82% 88% 88% 87% This study
ER Validation (N = 338)° 0.69 70% 59% 63% 67% 65% This study
Scicluna (N =802) 0.99 97% 90% 99% 61% 94% Scicluna®
Davenport (N =371) 0.83 86% 62% 59% 88% 74% Davenport®
Burnham (N = 327) 0.92 87% 83% 74% 92% 85% Burnham®?
Kalantar (N =152) 0.81 83% 65% 61% 86% 74% Kalantar®®
McClain (N=201) 0.96 92% 91% 58% 99% 91% McClain®*°
Tsalik (N =280) 0.86 75% 88% 70% 91% 82% Tsalik®®
Pankla (N =138) 0.97 94% 100% 100% 92% 97% Pankla®’
Arunachalam (N =34) 0.89 83% 95% 91% 91% 89% Arunachalam®
Aggregated Data (N = 3178) 0.88 87% 78% 80% 83% 83%

Negative Control Data Sets

Stage 3/4 Cancer (n=1755) 0.5 0% 100% 63% 50% TCGA/GDC™
Cardiogenic shock (n=33) 0.53 0% 100% 52% 50% Yang 2022"°
Coronary Artery Disease (N=353)° 0.51 3% 100% 100% 51% 51% McCaffrey”
Inflammatory Bowel Disease 0.53 0% 100% 21% 51% Argmann’?
(N=1030)°

Bacterial infection (N =170)° 0.39 83% 9% 38% 43% 46% Smith”
Viral infection (N = 64)° 0.48 0% 93% 0% 83% 46% Dapat’*

Performance of the Sepset signature was evaluated in different validation and testing datasets comprised of transcriptomic analyses of samples collected from various regions and settings.
Aggregated results include analysis of patient samples subjected to transcriptomic analysis and available in the literature (see specific references). The internal data sets, samples indicated as “This
Study”, were from an independent subset of patients from the Biomarkers of Lung Injury study (ClinicalTrials.gov ID NCTO4747782), a prospective, observational, clinical study that collected whole
blood from patients who presented to the ICU or ward with acute respiratory distress and suspected sepsis. All datasets are publicly available Supplementary Table 1. Definitions: NPV Negative

Predictive Value, ICU intensive care unit, ER emergency room.

@ These datasets were distinct subsets of the training set and performance criteria might be affected by overfitting.
"McCaffrey’’; 353 patients with coronary artery disease comparing 189 positives (MID/MID + /CAD) to 164 negatives (LOW CAD).
°Argmann’’; comparing 819 inactive/Mild/Moderate/Severe IBD blood-based transcriptomes to 211 healthy controls.

within 24 h of intensive care unit (ICU) admission (see Methods) as
previously published®>*%.

Each of the previously published 99 cellular reprogramming sig-
nature genes> was tested for their ability to discriminate between 271
patients with suspected infections who went on to record a SOFA score
>2 in the first 24 h of presentation and the 243 who did not. We used
514 first samples (out of total of 586) for machine learning (ML) model
training and the remaining 72 second samples (out of 586) from the
same 514 individuals as well as samples from 50 healthy individuals as
validation samples. We selected six upregulated genes with the highest
specificity, fold-change (FC) and lowest adjusted p-value (adj p-value,
Supplementary Table 2). Increased FCs were associated with eventual
worsening of SOFA scores as demonstrated in Supplementary Fig. 1A
showing the relative expression values for each of the putative sig-
nature genes as a function of the 24-hr SOFA score. This revealed a
relationship between the relative gene expression of each signature
gene and SOFA score (p <0.01 to p < 0.0001). Supplementary Fig. 2B,
shows no relationship between lactate level and increased SOFA scores
in sepsis samples (SOFA >2) vs. non-sepsis samples (SOFA < 2). Scat-
tering of expression values around the mean implied that no single
gene was discriminatory on its own, justifying the need for a multi-
gene risk-prediction expression signature. The six-gene signature
arose from the larger immune dysfunction (cellular reprogramming)
signature®”. Genes comprising the signature and their abbreviated
putative biological functions are shown in Supplementary Table 3.

To ensure we did not need to include positive and negative con-
trols in the prognostic assay, the expression of each of our 6 genes was
compared to two housekeeping genes (HKG) selected from the list of
the 2833 HKGs expressed in blood cells®®. Their expression variance
(coefficient of variation, CV) was analyzed in the entire data set and 63
genes showing CV <3% across all of our datasets were selected as

candidate HKG. These were filtered for lack of variance according to
the clinical metadata considering sex, age, SOFA score, location (ICU vs
ER), sepsis mortality, prediction and endotype®, as well as lack of
variance in cancer patients (Table 1 and S1). The accuracy of prediction
using ratios of individual genes to HKG was tested. While no single
gene expression ratio can discriminate those patients that are immi-
nently at risk of clinical deterioration from those that are not, the
collective set of 6 genes, when compared to 2 HKGs, gave excellent
performance (Table 1).

To determine the best ML model to predict clinical deterioration
within the first 24 h following clinical presentation, the input tran-
scriptomic and associated clinical outcome data were analyzed using
an ensemble of ML approaches. In patients with suspected sepsis, a
SOFA cut-off score of 2 was used to discriminate sepsis from non-
sepsis’. Using a change of SOFA score of >2 did not substantially
change the results. Groups of patients were analyzed in a binary
fashion (prospective sepsis cf. non-sepsis), using 18 machine learning
algorithms, initially adopting a 10X cross-validation strategy. We chose
to proceed with eXtreme Gradient Boosting (XGBoost) (https://
xgboost.ai/), a regularizing gradient boosting framework/library
involving matrices of decision trees, since it gave us the best perfor-
mance (Table 1 and Supplementary Fig. 2). Negative control data sets
were used to reduce the likelihood of identifying false positives -
patients with non-septic pro-inflammatory, shock, malignancy and
infectious (bacterial or virus non-septic) conditions.

A six-gene signature classified patients with sepsis in indepen-
dent cohorts and was robust over time and a range of disease
severity

We determined the ability of the six-gene compared to two-HKGs
signature to accurately classify patients into pre-specified sepsis
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groups using nine sepsis-related gene expression datasets (N=3178
(all samples) - 514 (training, or ICU + ER) = 2664) downloaded from the
Gene Expression Omnibus (GEO) repository. In these independent
external cohorts, the reduced signature was able to discriminate
between septic versus non-septic patients (Sepsis-3 criteria'), with a
sensitivity ranging from 83-97% and balanced accuracy of 74-94%, a
combined mean sensitivity of 85%, a specificity of 76%, and an accuracy
of 81% (Table 1). We then analyzed samples from patients that were
seen in the ER with suspicion of sepsis (N = 338) versus those admitted
directly to the ICU from the training cohort (N=176); this yielded
sensitivity assessments of 70% and 92% respectively®. To determine if
the signature was robust over time and a range of disease severity, we
assessed its performance in a validation cohort from the Biobanque
Québécoise de la COVID-19 (BQC-19; Quebec COVID-19 Biobank)
comprised of 359 blood samples taken at various times from 133
patients hospitalized with COVID-sepsis and exhibiting a range of
severity’*®. The ability of the reduced signature to discriminate
between samples from patients that went on to clinically deteriorate
(increased SOFA > 2 or ICU admission) within the first 24 h from initial
assessment, compared to those that did not was very good, with sen-
sitivity and balanced accuracy of 85% and 79%, respectively. The set of
six genes and two HKGs comprising the signature, we called here
Sepset, was able to discriminate patients with suspicion of sepsis at risk
of clinical deterioration.

Sepset RNA amplification using RT-PCR reliably identifies
patients that clinically deteriorated 24 h after initial assessment
To validate changes in gene expression using RT-PCR, we designed
sets of PCR primers that spanned intron-exon boundaries (i.e., only
contained in RNA not DNA), that amplified specific regions for each of
the mRNA isoforms selected by the ML analysis (>90% of mRNAs),
avoiding common single nucleotide polymorphisms (SNPs), for each
of the 6 signature and 2 HKGs. Control experiments demonstrated that
our primers successfully amplified mRNAs of interest extracted from
human blood in an RNA copy number dependent manner, amplified as
few as 10-20 copies of the gene and gave Ct curves in <25 cycles with
blood mRNA. The PCR primers were then combined in triplex reac-
tions and tested using whole blood RNA extracts from healthy donors.
Reaction efficiencies were 100% with as little as 0.2 ng of input RNA
(Supplementary Fig. 3). We then tested the Sepset signature in a blin-
ded fashion, using label-free whole blood samples from our in-house
cohort of patients with prospective sepsis not included in the training
set. As shown in Table 1, in 248 patients, Sepset was able to identify
patients who went on to deteriorate with worsening SOFA score (ful-
filling sepsis diagnosis based on SOFA >2 and suspicion of infection)
within the first 24 h after sampling for RT-qPCR analysis, to those who
did not. In these independent samples, Sepset demonstrated an AUC
of 0.88 and a sensitivity of 94%.

Association between Sepset with clinical features of clinical
deterioration 24 h after initial assessment

In 248 patients, we looked at the association between presence of
Sepset with demographic characteristics, clinical features of sepsis,
severity, and outcome measures at baseline, at 24 h (day 1) and 72 h
(day 3) post-initial assessment (Supplementary Table 4). In the first
24 h, the signature was correlated with the number of comorbidities,
SOFA score, the use of antibiotics, mechanical ventilation, and fluid
resuscitation, but not oxygen or vasopressor therapy. Interestingly, we
found no association with specific clinical parameters of organ dys-
function until day 3 (72h) post-initial assessment. At 72 h, culture
positivity and 28-day mortality correlated with the presence of the
signature. At both 24 h and 72 h post-initial assessment, the signature
was associated with important clinical outcome parameters such as the
need for ICU admission, initiation of mechanical ventilation, use of
fluid resuscitation, and initiation of antibiotics, as well as outcome

parameters such as ICU length of stay. Unfortunately, we did not have
data on dialysis requirements, but while presence of urine output at
baseline was not associated, an increase in serum creatinine correlated
with Sepset expression.

Digital droplet PCR detected the Sepset classifier in 0.5 ng of
patient-derived whole blood RNA

To migrate precision RNA-mark detection onto the LOC device, we
designed the microfluidic platform to measure RNA expression using
ddPCR. Herein, primers that spanned exon-exon junctions, were
designed for each of the 8 genes (6 Sepset and 2 HKG) in the signature.
The performance of each primer was benchmarked using the Bio-Rad
AutoDG/QX200 reader. Serial dilutions of human cDNA plasmids
obtained from the mammalian genome collection*® were used to
determine limits of detection (1 copy/pl) and dynamic range of the
probes for each of the genes of interest (Supplementary Fig. 4A left
panel). Verification of primer performance was conducted using uni-
versal human cDNA (Supplementary Fig. 4A middle panel) and 500 pg
of patient cDNA (Supplementary Fig. 4A right panels). A total of 500 pg
of patient cDNA resulted in optimized partitioning of the positive and
negative droplets and quantitation of the Sepset signature.

We then established the conditions for multiplexing using FAM
and HEX labeled probes at final concentration of 5 uM (Supplementary
Fig. 4B left panel). Representative 2D tracing (Supplementary Fig. 4B
bottom right panel) showed partitioning of double negative (bottom
left quadrant), FAM only (upper left quadrant), HEX only (lower right
quadrant) and double positive (upper right quadrant) droplets. Probes
alone (no cDNA) as a control rendered only double negative droplets
(bottom right panel). Counts (in copies/ul) for each gene were
obtained in triplicate and used to further refine the training of the
predictive algorithm. Primers and probes used for ddPCR are pre-
sented in Supplementary Table 5.

PREDICT platform detected the Sepset classifier at the point-
of-need
Having validated the ability of the Sepset classifier to identify patients
with ‘prospective’ sepsis, i.e. patients that will go on to clinically
deteriorate within the first 24 h of clinical presentation, we sought to
design and build an innovative POC device to perform the risk pre-
diction at the bedside. Our previously published microfluidic
technology”** was adapted to perform the molecular assay required
to quantitate specific mRNAs using ddPCR at POC. The PREDICT sys-
tem was developed as a stand-alone instrument that integrates the
entire automated workflow (Fig. 2A) for detection of the Sepset clas-
sifier directly from whole blood—without any pre-processing require-
ment. The analytical process was split between two microfluidic
cartridges that when connected enable RNA isolation and ddPCR
biomarker detection (see Methods and Supplementary materials for
details including video 1 and video 2) to be performed in sequence
automatically. Design of the cartridges and selection of fabrication
materials and processes were optimized to ensure compatibility with
assay components and reproducible assay execution. Microfluidic
cartridges are operated on a centrifugal platform (Fig. 2B)***%*%
Pneumatically-induced pressure imbalances allowed for transfer, val-
ving, flow switching, inward pumping, and on-demand bubble-based
mixing. The combination of centrifugation and pneumatic actuation
rendered manipulation of liquids independent of wetting properties,
which allowed for automation of the analytical protocol. The sample
preparation cartridge (Fig. 2C) contained buffers and reagents (Sup-
plementary Table 6) to isolate RNA from whole blood, which was then
used as a template for the ddPCR assay. The detection cartridge was
adapted for monodisperse droplet generation and visualization
(Fig. 2D-G, Supplementary Table 7).

The analytical workflow was conducted through a timed sequence
of centrifugation and pneumatic actuation steps for which operational
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parameters are provided in Supplementary Tables 8 and 9. Supple-
mentary Fig. 5 illustrates the sample preparation and detection car-
tridges during different stages of the process. The PREDICT system
used a miniature epi-fluorescence imaging module for readout of
droplets which comprises single-color excitation LEDs and proprietary
optical filters for detecting probes labeled with FAM, HEX, ROX and
Cys5 fluorophores. The instrument was adapted for recording fluores-
cence micrographs (Fig. 2H) for each channel in sequence using an
embedded monochrome CCD camera equipped with a 2x objective
that had a sufficiently large field of view (e.g., 8 mm x 8 mm) to capture
>10,000 droplets per image. The proprietary PREDICT software per-
formed image analysis and sample quantification using droplet scatter
intensity map for each fluorophore (Fig. 2I) and ‘definetherain’
thresholding algorithm****, Comparison of the performance of the
PREDICT and BioRad QX200 ddPCR is presented in Supplementary
Fig. 6. A proprietary algorithm considered Sepset and HKG expression
values and provided results as a probability of clinical deterioration
within the next 24 h.

We tested and validated the performance of the PREDICT proto-
type using label-free real-world samples from clinically annotated
patients with prospective sepsis (N =30, Research Ethics Board # 20-
078). These analyses were performed in a blinded fashion using a
subset of the 248 technically and clinically benchmarked patients. The
PREDICT system was able to predict clinical deterioration at pre-
sentation, as determined by worsening of SOFA score or need for ICU
admission, providing a risk assessment to physicians regarding the

consequent need for initiation of appropriate therapeutic (antibiotic,
anti-viral, immune modulatory and/or monoclonal antibody) or sup-
portive (ICU entry, mechanical ventilation, fluids) measures post-
presentation. The sensitivity was 92%, specificity 89%, and overall
accuracy 88% (Table 2), consistent with the RT-qPCR assays descri-
bed above.

Finally, we also looked at how the Sepset classifier compares to
lactate in predicting clinical deterioration within 24 h and whether the
Sepset signature provided any additional diagnostic value over lactate
measurements. We found that a model based on lactate will have poor
performance since the lactate level lacked discriminating power
between sepsis and non-sepsis cohorts. Lactate is used as a general test
for serious health problems, and while used in sepsis, tends to indicate
mortality risk*, which is separate from progression to sepsis®. This
was confirmed by AUC curves for Hancock ER data which, as expected,
showed that the lactate model did not work at all, being no better than
a random guess. SepsetER did very well as shown in our manuscript
and combining these two parameters actually decreased the AUC
(Supplementary Fig. 7).

Discussion

We have demonstrated the successful creation of a predictive sepsis
gene expression signature and its migration to a novel POC platform
PREDICT as overviewed in the Graphic Abstract (Fig. 3). This proof-of-
concept demonstrates the feasibility of developing a rapid POC device
that will enable physicians to conduct a prospective sepsis risk
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Table 2 | Label-free performance validation of Sepset classifier

RNA-Seq Dataset AUC Sensitivity Specificity Precision NPV Accuracy Cohorts

RT-qPCR (N =248) 0.88 94% 72% 84% 88% 83% This study
ddPCR (N=30) 0.91 100% 83% 80% 100% 92% This study
PREDICT (N =30) 0.88 92% 83% 79% 94% 88% This study

The PREDICT system was able to predict clinical deterioration at presentation, as determined by worsening of SOFA score or need for ICU admission compared to RT-gPCR and ddPCR. Definitions: RT-
qPCR reverse transcription quantitative polymerase chain reaction, ddPCR droplet digital RT-PCR. Supplementary data for this Table is found in Supplementary Data Files 1and 2.
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Fig. 3 | Feature reduction and development of a gene classifier that predicts
deterioration-risk-groups in patients. This started with taking in-house RNA seq
data from patient collected from a heterogenous cohort of patients with suspected
sepsis (top left) to reduce our original published gene signature down to 6-genes
(Sepset), for which expression could be related to 2 housekeeping genes. Feature
selection was performed using machine learning (ML) and Al and the classifier
validated in samples from published transcriptomic studies. Molecular assay is then
developed by designing and testing primer/probe sequences specific to the target
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genes using digital droplet PCR. In parallel, sample-to-answer microfluidic platform
and cartridges are developed (bottom right) and analytical performance of multi-
plex quantitative assay is tested. Prognostic enrichment is obtained by analyzing
the results using ML algorithm to determine the percent likelihood of significant
clinical deterioration within the immediate next 24 h. The deployment of PREDICT
platform (center) at the point-of-care is anticipated to aid in triage and manage-
ment of prospective sepsis within the first 3 h of clinical presentation.

assessment at the point-of-need (in as little as 1-2 h after clinical pre-
sentation). In patients with suspicion of/or early sepsis, a positive
result indicates a high probability that the patient will clinically dete-
riorate in the next 24 h (worsening SOFA score >2 points and need for
ICU admission), guiding physicians as to the need for ICU entry (in ER
patients) and interventions like mechanical ventilation. Currently, the
device provides a risk assessment in <3 h, well below the 6 ‘golden h’
recommended by the surviving sepsis campaign guidelines®. In
patients with suspected sepsis, PREDICT efficiently performs the entire
workflow of RNA signature-based classifier detection, from sample-to-
answer using just 50uL of whole blood, without requiring pre-
preparation of sample, and once transfer of eluate from the first to
the second cartridge is automated, with no involvement from the
clinical laboratory. Using real-world label-free patient samples, we
showed the device has a high sensitivity of 92%, specificity of 89%, and

an overall accuracy of 88% to identify the risk of imminent clinical
deterioration in previously benchmarked patients with known
outcomes.

There are two other established immune signature-based plat-
forms, but neither appear to be intended for use like the Sepset sig-
nature. Septicyte RAPID test*®, and the original SeptiCyte®, discriminate
sepsis from non-infectious systemic inflammation. This test, requires
prior sample preparation, including RNA extraction from blood, sepa-
rates patients into 4 bands with varying accuracy for prediction of sepsis
cf. sudden SIRS, with only 55.8% being assigned to the highest and lowest
bands and AUCs of 0.81-0.85%. In comparative studies, using Sepsis-3
definitions (96% of tested patients had sepsis), the AUC was 0.81, below
that for all cohorts with the Sepset signature, except for ER patients not
considered in the Septicyte study. Larger (29-31 genes) signatures that
predict bacterial vs. viral infections (IMX-BVN3) and sepsis mortality
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(IMX-SEV), have been devised and again separate patients into 3 or 4
bands*. A recent performance study**® showed that the IMX-BVN3
signature adjudicated that, amongst patients with confirmed bacterial
infections (64% of patients), 31% were possible and 6% were unlikely.
Critically, however it is clear that both bacteria and specific viruses like
COVID-19 can cause mechanistically almost-identical sepsis, and a posi-
tive culture is only found in around 50% of patients**~' even when using
the latest molecular detection methods. Thus, discriminating bacterial
from viral infections at the host response level may be useful with
regards to indicating treatment options but not for identifying sepsis or
identifying patients with suspicion of sepsis at risk of clinical deteriora-
tion. Conversely the sepsis mortality signature IMX-SEV* shows a good
AUC of 0.81 amongst ICU patients but this is separate from the Sepset
signature that does not detect eventual mortality (Supplementary
Table 4), in contrast to a separate signature we devised*. Overall, Sepset
provides a simple binary risk assessment with high accuracy in very large
numbers of patients (Table 1).

In our previous study® we demonstrated that despite the use of
antibiotics in most patients the Sepset signature was robust in deter-
mining progression to sepsis. However, in ER patients the sensitivity
was lower (70%) than in early ICU patients. It is possible this reflected
to some extent that in some ER patients, the early use of antibiotics
actually prevented progression to sepsis and organ failure as defined
by SOFA score > 2 (74% received antibiotics, Supplementary Table S4).
This accuracy increases upon ICU admission suggesting that patients
with a positive test or developing symptoms should be retested at a
later time (around 6-12 h of hospitalization based on our preliminary
analyses), with the likelihood of greater accuracy. We found no sta-
tistically significant association of Sepset prediction with presentation
systolic or diastolic blood pressure, heart rate, respiratory rate, or
temperature, but a modest association with altered mental status (as
defined by the Glasgow Coma Scale Score <14, p = 0.00099) and quick
SOFA (p =0.013). We found the predictive function of the Sepset sig-
nature used in the PREDICT device is independent of initial clinical
markers of severity (e.g., presentation lactate), and the association
with parameters of deterioration was sustained for up to day 3 (72 h
post-presentation) in ICU-admitted patients (p <0.005). These find-
ings strongly suggest the Sepset classifier is not simply detecting a
time window of severity; instead, it identifies a specific mechanism-
based signature. This signature provides information about immuno-
logical cell reprogramming which impairs immune cells’ ability to
respond to pathogens. This impairment is associated with future
clinical deterioration, independent from initial clinical markers of
severity. In keeping with this hypothesis, we found that the addition of
other clinical or laboratory information, outside of the Sepset classi-
fier, is not required for its performance in predicting which patients are
likely to go on deteriorate over the next 24 h. This means that, other
than suspicion of sepsis, no other information should be needed for
accurate prediction of the clinical course over the first 24 h following
initial assessment, although other clinical predictors could comple-
ment this test. We have prospectively performed validation of this
finding in the COVID cohort that was studied longitudinally®, which
suggests that, the PREDICT device may be used in low resource or
remote settings, by non-expert personnel, to make immediate risk
assessments about level of care.

Currently, there are no universally accepted diagnostic or pre-
diction tools routinely used at the bedside for patients with suspected
sepsis; especially during the critical early stages of disease where the
risk of clinical deterioration may not be clear. Despite early adequate
treatment, many patients fail to improve; highlighting the hetero-
geneity of the syndrome and the need for pathogen-agnostic risk
stratification as well as novel therapeutics’>>*. The condition remains
misdiagnosed in -30% of patients®™. Poor accuracy of current syn-
dromic diagnostic approaches results in unnecessary use of drugs
(e.g., antibiotics and steroids) and exposure to harm (iatrogenicity)

associated with hospital and ICU-level care. They also fail to predict, for
those patients who are admitted to the ward or are sent home, whether
and/or how patients deteriorate and need higher levels of care®, pla-
cing a considerable financial and human burden on both hospitals and
patients, directly affecting prognosis. The primary purpose of the
SOFA score is to objectively describe organ (dys)function rather than
to predict outcome, so no associated equation developed for predic-
tion is currently in use”. There is evidence from a range of observa-
tional studies however, that even a small change in SOFA score is
associated with a persistent trend in mortality®®. Recently, Seymour
et al.”’ investigated the validity of the SOFA score to predict in-hospital
mortality in patients with suspected infections and found it to have an
AUC-ROC of 0.74. Therefore, predicting what the SOFA score will be
24 h post-presentation may have important clinical value. Since Seps-
etER is based on a gene expression analysis of immunosuppression/
cellular reprogramming, there is likely a very strong relationship
between a positive (for sepsis) assay and the pathophysiological con-
sequences of a dysfunctional host response to expression as rein-
forced by the relationship of a positive SepsetER test and organ
dysfunction (SOFA score).

Unfortunately, there are important limitations to the calculation
and utility of the SOFA score. For example, it requires input from
healthcare personnel, and samples need to be processed in a clinical
laboratory which may prove challenging when access to clinicians/
nurses and/or the laboratory is limited. While a qSOFA has been pro-
posed as a potential solution in low resource settings, there are some
intrinsic problems with its utility in guiding early management and
qSOFA shows poor accuracy (42-46% in 2 meta analyses®*®"). One of the
advantages of PREDICT is its potential to provide information
about the risk of clinical deterioration independent of the initial
SOFA/qSOFA.

The advantages of Sepset and PREDICT include no pre-
preparation of the sample, requirement of very small volumes of
blood and the accuracy afforded by the use of ddPCR. Importantly,
PREDICT is intended for prediction of risk of clinical deterioration in
patients suspected of sepsis, so this technology differs fundamentally
from most other available tests. Other studies have used retrospective
electronic transcriptional data to predict 30-day mortality in adults®.
The advantage of using a small-sized gene classifier, and the ability to
use highly accurate multiplex PCR, needs to be balanced with the need
for precision, although we have observed no diminution of effective-
ness of the 6 gene signature compared to the 99-gene cellular repro-
gramming signature from which it was devised*.

An important limitation of our study is that the PREDICT and
Sepset classifier are yet to be tested prospectively to determine if its
implementation would lead to improved management and outcomes.
Although we were able to show high overall accuracy in studies com-
prising 3178 (all patients in Table 1) or 3426 (Table 1 plus qRT-PCR
patients in Table 2) or 3486 (all patients in Tables 1 and 2), there is a
paucity of existing cohorts with high-quality (especially RNA-Seq)
transcriptomic data for validation, despite the high frequency of sepsis
(49 M cases per year). Very few studies have collected early sepsis and/
or longitudinal data with accompanying biological samples linked to
granular metadata. Since the pandemic, the importance of collecting
clinically annotated biological samples for translational research has
significantly improved. While showing that we can predict clinical
deterioration in patients with bacterial and COVID-19 sepsis, the study
should be expanded to other viral causes of sepsis and to important
subsets of bacterial sepsis (e.g., caused by particular bacteria).
Importantly, we did not have information regarding longer-term out-
comes, such as 90-day and hospital mortality for the entire cohort. Our
data comes from observational studies, so it precludes us from
determining whether the current classifier is informative regarding
response to therapy. In contrast, the classifier can be tested in any
other cohort even if similar clinical data have not been collected, as
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long as clear indicators of clinical deterioration, such as a SOFA scores
are available. Given that the PREDICT-based test is conducted in the
immediate near-patient environment, the expectation is that there will
be no need for storage, transport, or handling of tubes, simplifying its
use at the bedside. We have clearly shown that both conventional RT-
gPCR and ddPCR as well as the PREDICT platform give very similar
accuracy results in all of these three groups. So, we can conclude that
the test is quite robust and materials and design have at most a modest
impact.

In summary, the current study describes the development of a
molecular risk classifier for clinical deterioration and onset of sepsis,
and a novel POC device to measure this at the bedside, as well as the
proof-of-concept demonstration using real-world patient samples.
The important feature of the classifier and the technology is that no
additional information, other than suspicion of sepsis, is required to
obtain a risk assessment that can be used in a clinically actionable
fashion at the bedside. Moreover, in the future, no expert personnel
or equipment are required to prepare the sample or interpret the
results. Prospective testing of the device and the classifier will be
fundamental in moving forward to determine the clinical utility of
the tool. However, the technology can be adapted to measure vir-
tually any nucleic acid-based marker, making it modular, and
therefore adaptable to easily measure both existing and emerging
markers. This adaptability could potentially enhance the predictive
performance of the classifier.

Methods

Ethics

This is a multicenter, secondary analysis of a prospectively recruited
longitudinal cohort study enrolling consecutive patients with sus-
pected sepsis. All patients were enrolled under local ethical board
approval. Informed written consent was obtained upon enrollment
from the patient or their legal representative. The Clinical Research
Ethics Board (REB) of the University of British Columbia (UBC)
provided ethics approval for all sequencing and bioinformatics
studies, carried out in a manner blinded to patient identity (approval
number REB#H20-02441, REB#H17-01208). Patients recruited and
enrolled at Unity Health Toronto were included in accordance with
protocol approved by the St. Michael’s Hospital ethics board (REB#:
20-078). Patients’ data were extracted from the in-hospital electro-
nic medical records, de-identified, and assigned random identifica-
tion numbers which were used throughout the project. All
experiments performed at the NRC involving human samples were
approved by the NRC’s Ethics Board (NRC REB 2021-57) and
experiments were performed according to NRC'’s policies governing
human subjects that follow applicable research guidelines com-
pliant with the laws in the province of Québec.

Sample collection, RNA isolation and cDNA conversion

Patient samples were collected in Pax Gene tubes and total RNA was
isolated using standard protocol for Qiagen RNAeasy mini kit (#
74104). RNA was assessed first using NanoDrop One spectro-
photometer (Thermo Scientific) and A260/A280 values were between
1.8 and 2.2, with typical yields in the range of 6-8 g total. RNA Integrity
Number (RIN) was determined using the Agilent 2100 Bioanalyzer
(Agilent Technologies). Following the standard Nanochip protocol,
samples with RIN values > 7.0 were used for conversion to cDNA. Input
volumes for reverse transcription were calculated using the con-
centration from the bioanalyzer (-500 ng total was used per sample)
and a High Capacity cDNA Reverse Transcription Kit (Applied Biosys-
tems # 4368814) was used following standard protocols. For RNA-Seq,
results have been published® including blood collection, RNA extrac-
tion and downstream processing. Accession numbers are included in
Supplementary Table 1.

Discovery dataset

The whole transcriptome (RNA-seq) data from 586 whole blood sam-
ples from different countries and continents comprised our patient
cohort. 514 samples were collected and used for discovery analyses
(i.e., the discovery cohort). The remaining 72 samples were secondary
samples collected from 72 individuals, which were excluded from
discovery analyses (to prevent same-individual artifacts) and used as a
validation cohort. The sepsis severity associated with the discovery
cohort (514) was based on the SOFA score of the patient at 24 h after
the first sample collection: 271 samples with SOFA > 2 were sepsis, and
243 samples with SOFA <2 were non-sepsis.

Sepsis signature and housekeeping gene selection

We tested 99 cellular reprogramming (CR) genes as potential sepsis
markers®*. We used DESeq2 to perform differential gene expression
analyses and chose the genes that had the highest up-regulation
(positive fold-change) in high severity samples. We also estimated
the predictive accuracy of each CR gene by setting the sensitivity to
75%. We picked six genes (RETN, SI00A8, MCEMP1, S100A12, CYP1B1
and HK3) that had the best results in both analyses for the
Sepset model.

We analyzed 2833 housekeeping genes® in our discovery cohort
of 514 samples to set a baseline for RNA quantity and sequencing
depth. We selected housekeeping genes (HKG) with high and con-
sistent expression across all samples based on mean and variance. We
then examined the expression variance of the top 20 HKG candidates
across key clinical factors such as age group, gender, sepsis severity,
patient location, mortality, etc. The two housekeeping genes (PTP4A2
and CHTOP) with the lowest variances were used to set a baseline for
the SepsetER model.

ML algorithm construction and testing

Our own published RNA-Seq data from 873 patient samples®, was
used for feature (gene) reduction using ML. An additional 1241
transcriptomes from patients were used for testing the derived
signature. Three major groups of datasets were used for biomarker
development - training, validation and testing. The discovery data
set (N=586) was first tested by 10X cross validation and randomly
divided into a training (90% of the samples) used for the construc-
tion of the models (10,000+ models) and a test dataset (10% of the
samples) to assess the best model (Supplementary Fig. 2). We
trained 18 different machine learning algorithms on the tran-
scriptomic profiles of the 514 discovery cohort samples. The algo-
rithms were: K-Nearest Neighbors (KNN), Ridge Regression (RR),
Lasso regression (LR), Elastic Net (EN), Partial Least Square (PLS),
Linear Discriminant Analysis (LDA), Regularized Discriminant Ana-
lysis (RDA), Quadratic Discriminant Analysis (QDA), Bayesian Gen-
eralized Linear Model (BL), Naive Bayes (NB), Support Vector
Machines (SVM), Decision Tree (DT), Random Forest (RF), Adaptive
Boosting (AB), Stochastic Gradient Boosting Model (GBM), Extreme
Gradient Boosting (XGB), Neural Network (NN), and Multilayer
Perceptron (MLP). We tested each model with different parameters
and chose the best one based on the AUC-ROC using 10-fold cross
validation, repeated 10 times. We then validated the performance of
each model with the additional 72 validation samples (that were not
in the training dataset).

We tested the Sepset model with multiple methods. We used
various sepsis transcriptome datasets (from microarray and RNA-seq
platforms) with over 3000 sepsis and healthy samples to evaluate the
SepsetER sepsis classification model. We also trained other published
sepsis gene-signatures with our training dataset and compared them
with Sepset. The Sepset model, using the Extreme Gradient Boosting
(XGB) algorithm, performed better than all other signatures, with a
median AUC-ROC of 0.85 in all testing datasets.
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Design of primers and probes

The expression of 6 top genes of interest was assessed based on the
selection of the highest fold changes with respect to severity of disease
in the ICU cohort. These genes (and their amplicon sizes) are HK3
(108 bp), RETN (78 bp), S1I00A12 (122 bp), SI00A8 (122 bp), MCEMP1
(131 bp), CYP1B1 (114 bp). The housekeeping genes were also selected
based on stable expression: PTP4A2 (138 bp) and CHTOP (113 bp).

Primers (IDT) for these genes have been designed to span the
exon-exon junction to avoid amplification of genomic DNA and
to cover the different isoforms. The amplicons’ sizes range between
78 bp and 138 bp, as stated above. The probes were synthesized (IDT)
with either FAM, HEX, ROX or Cys5 fluorescent labels and a ZEN/3’ lowa
Black FQ (IABKFQ) double quencher, when possible, to reduce
background noise.

Two fourplex reactions were designed to include 3 genes of
interest and 1 HKG for normalization. As such one reaction targeted:
CYP1B1, MCEMP1, S1I00A12 and PTP4A2, and the other: HK3, RETN,
S100A8 and CHTOP. The sequences of the primers and probes are
provided and described in the supplementary Table 5.

Specificity and sensitivity of the primers and probes were first
assessed by performing qPCR standard curves of the individual tar-
geted genes from human universal cDNA (P/N 637223, Clontech/
TaKaRa Bio) and comparing the efficiency with the multiplex reaction.
The results obtained were then used to design the multiplex ddPCR
reactions in order to ensure appropriate amplification of differentially
expressed genes and avoid amplification bias.

Commercial duplex ddPCR

For optimal results, recommendations made in the Droplet Digital PCR
Applications Guide (Bio-Rad Bulletin 6407) were followed. We used
equal concentrations of cDNA for droplet generation following the
protocol for ddPCR supermix (Cat # 1863026, Bio-Rad). Briefly, a 22 uL
reaction set-up consists of 2X supermix, 20X probes (a duplex of FAM
and HEX), equal concentrations of the patient samples (500 pg), and
RNase-free water. The bulk solution (in a 96-well plate) is applied to the
AutoDG (automated droplet generator) where the solution is parti-
tioned into 10,000 individual water-in-oil droplets. The 96 well plate is
foil sealed and put into the C1000 thermal cycler (Bio-Rad) where the
individual droplets are subjected to the following conditions: 10 min at
95 °C, 40 cycles of 30 s at 94 °C and 1 min at 60 °C, followed by 10 min
at 98 °C and a 4 °C hold. Subsequently, the droplets were read in the
QX200 Droplet Reader using FAM and HEX channel readout in the
QuantaSoft software. After data acquisition, the QC of the samples was
assessed (ensuring equal droplet numbers generated) and samples
were selected in the well selector tool under the Analyze tab. Samples
were all manually thresholded using the values from probe alone
readout and confirmed in 2D tracings of the duplexed reaction. Sam-
ples were tested in duplicate. The concentration reported is “copies/ng
DNA” of the final 1X ddPCR reaction.

Microfluidic device fabrication

Sample preparation cartridge. Microfluidic channels and reservoirs
were carved into a block (50 mm x 100 mm x 6 mm) of Zeonor 1060 R
(Zeon Chemicals) using precision machining (Q350 CNC Mill; Menig
Automation). The machined polymer piece was cleaned with iso-
propanol (Sigma-Aldrich) and dried with a stream of nitrogen gas. The
microfluidic circuit was sealed using adhesive film (ARclear 93495, 40
p1m in thickness; Adhesive Research) applied on a polycarbonate sheet
(#85585K103; 250 pum in thickness; McMaster-Carr).

Detection cartridge. The microfluidic circuit was fabricated in poly-
dimethylsiloxane (Sylgard 184; Dow Corning) using replica molding. A
multi-level SU-8/silicon master mold was made by sequential photo-
lithographic patterning of multiple layers (10, 30 and 50 um in thick-
ness) of SU-8 photoresist (GM1060 and GM1070; Gersteltec) spin-

coated onto a 6” silicon wafer (Silicon Quest International) in con-
junction with flood exposure at 365 nm (Hg i-line) through a chrome/
quartz glass photomask (Photronics) using an EVG 6200 mask align-
ment system (EV Group). SU-8 resist was developed in propylene gly-
col monomethyl ether acetate (# 484431 Sigma-Aldrich) for several
minutes, followed by rinsing with isopropanol (#19030, Sigma-Aldrich)
and drying with a stream of nitrogen gas. Bake steps were performed
on a programmable hot plate (HS40A; Torrey Pines Scientific) using
recommended time and temperature settings. The liquid pre-polymers
of PDMS were mixed at a ratio of 10:1 (w/w) elastomer base/curing
agent, poured onto the SU-8/silicon master mold, and cured at 85°C
for 1h. The cured PDMS replica was bonded to a glass substrate fol-
lowing oxygen plasma activation (HI RF power, 900 mTorr for 30s;
Harrick Plasma).

Microfluidic assay implementation

Total RNA extraction from whole blood. Total RNA was extracted
from 50 pL of whole blood collected in PAXgene tubes using custom
Galenvs Total RNA kit (Galenvs) following manufacturer’s recom-
mendations. Briefly, whole blood aliquot is mixed with 50 pL PBS and
introduced onto the cartridge for automated protocol or processed
manually for extraction in tubes. The mixture was first combined with
20 pL Proteinase K, and mixed. Lysis/binding buffer was then added to
the solution and incubated at 55 °C for 10 min. For manual extraction in
tubes, a DynaMag magnetic rack (#12321D Thermo Fisher Scientific)
was used to capture magnetic nanoparticles. Following the capture of
the RNA bound to the beads, two consecutive wash steps are per-
formed. Elution was performed in 25 pL of nuclease-free water (Sigma-
Aldrich). On-chip extraction of total RNA was performed using the
automated protocol (Supplementary Fig. 5A) implemented on the
centrifugal platform with the same reagents and volumes as for the
manual extraction. For the on-chip capture of magnetic nanoparticles
(MNPs), the external magnetic field was provided by a nickel-plated
neodymium alloy disk magnet (D201, 1/8” in diameter, 1/32” in thick-
ness; K& Magnetics) which remained inserted in the designated area
on the cartridge for the entire duration of the automated assay. The
extracted RNA was assessed using NanoDrop One spectrophotometer
and A260/A280 values were between 1.75 and 2.25, with typical yields
in the range of 6-7 ng/uL for both manual and automated protocols.
The extracted RNA was subsequently used in downstream RT-qPCR for
assessment of RNA extraction efficiency as well as in on-chip ddPCR for
determination of transcript copy number. Ct values for the 8-gene
signature were similar for manual and automated extractions (ACt <1)
with standard deviation slightly lower for the automated protocol.

gPCR. cDNA obtained from different patients were analyzed in a
multiplexed qPCR using primer-probe sequences for genes of interest
and housekeeping genes as internal controls for normalization. Each
qPCR reaction consisted of 5 pL 10X PCR Buffer, 8 uL HotStar Taq Plus
DNA Polymerase (Qiagen # 201205), 3 pL 25 mM MgCl,, 1 uL dNTPs,
5pL 10X primer-probe mix (final concentration of 1puM and 0.5 pM,
respectively), 2 uL template, and 26 pL nuclease-free water (Sigma-
Aldrich #W4502), for a total volume of 50 pL. Samples were tested in
duplicate. A no-template control (NTC) reaction was included to assess
for contamination. Thermal cycling was performed according to the
manufacturer’s recommended protocol in a Bio-Rad CFX96 Touch
Real-Time PCR Detection System (Bio-Rad). To quantify the copies of
genes of interest each qPCR run included serial dilutions of cDNA
(Takara) generating as such a standard curve. Cq values were plotted
against the log concentration and linear regression was used to
determine standard curves. The efficiency of each assay was 100 +10%
and the R* of each standard curve was >0.98.

RT-ddPCR. The ddPCR reaction master mix comprised of 5 uL 10X PCR
Buffer (#201205, Qiagen), 8 pL HotStar Taq Plus DNA Polymerase, 8 pL
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100X QuantiTect Virus RT Mix (#211015, Qiagen), 3 pL 25 mM MgCl,,
1L dNTPs, 5L 10X primer-probe mix (final concentration of 1 puM
and 0.5 pM respectively), 2 pL template, and 18 pL nuclease-free water
(Sigma-Aldrich), for a total volume of 50 pL. Template input was 2 uL of
cDNA, RNA, or nuclease-free water for NTC samples. On-chip ddPCR
assay was performed using an automated protocol implemented on
the centrifugal platform (Supplementary Fig. 5B). Briefly, droplets
containing template input in ddPCR reaction master mix were gener-
ated on-chip in fluorinated carrier oil (5% 00-8 FluoroSurfactant in
HFE7500) (RAN Biotechnologies #008-FluoroSurfactant-5wtH-20G).
The resultant emulsion was then transferred to the platform heater
and cycled following manufacturer’s recommended protocol (20 min
at 50 °C, followed by 5 min at 95 °C and 40 cycles of 15 s at 95°C and
45 s at 60 °C, with ramp rate of 1°C/s). Following thermal cycling, the
emulsion was transferred to the chip for fluorescence imaging and
data analysis. All experiments were performed in duplicate (no sig-
nificant differences).

Microfluidic implementation of the SepsetER classifier detection
process. The automated RNA extraction protocol (Supplementary
Fig. 5A) starts with introduction of the sample in the RNA extraction
chamber and installation of the cartridge on the platform. The soft-
ware then executes a pre-programmed protocol sequence by initiating
the platform to rotate. The first step of the automated workflow
includes the transfer of a Proteinase K solution to the RNA extraction
chamber, and bubble mixing. The lysis/binding buffer containing
magnetic nanoparticles is subsequently transferred to the sample,
mixed, and incubated for 10 min at 55 °C. The rotation speed is then
increased to capture MNPs, and the lysate is transferred to the waste
chamber. Two wash steps are then carried out sequentially by trans-
ferring the wash solutions from their respective chambers to the RNA
extraction chamber. Finally, the purified RNA is eluted in the clean
elution buffer.

To begin the cDNA synthesis and ddPCR protocol, a 2 ul aliquot of
the eluted RNA is introduced on the ddPCR cartridge in the PCR mix
chamber containing the RT-ddPCR master mix. Two cartridges, each
having capacity to perform a single fourplex ddPCR reaction are
operated in parallel to detect the 8-gene classifier. The automated
sequence (illustrated in Supplementary Fig. 5B) commences by trans-
ferring the fluorinated oil into the droplet imaging chamber, followed
by emulsification of RT-ddPCR master mix in the droplet generation
chamber. The latter is performed by applying a positive pressure onto
the ports of the master mix chamber to push the liquid through the
resistive serpentine channel entering the array of nozzles connected to
the shallow terrace merging into a deep reservoir of the droplet gen-
eration chamber. Upon completion of the droplet generation process,
the rotation speed is reduced and positive pressure is applied in order
to gently transfer the emulsion off-chip into the PCR tube located on
the platform heater, using the world-to-chip interface. Following
thermal cycling, the emulsion is transferred back on chip by applying
positive pressure. The droplets sitting on the top of the oil in the neck
of the imaging chamber are subsequently arranged in a monolayer
suitable for imaging by applying a low negative pressure at ports of the
oil reservoir. This step withdraws (back) the fluorinated oil from the
imaging chamber into the oil reservoir and gently lowers the droplets
into the shallower portion of the chamber. The pressure is slowly
decreased to O psi until the monolayer formation is complete and the
rotor is stopped, thus allowing the acquisition of fluorescence images
for subsequent analysis.

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

Data availability

Accession codes, unique identifiers, or web links for publicly available
datasets are provided in Supplementary Table S1. All data are included
in the Supplementary Information or available from the authors, as are
unique reagents used in this Article. The raw numbers for charts and
graphs are available in the Supplementary Data file 1 and 2.

Code availability

The algorithm has been deposited to Github accession number
963582406 and can be found under the link https://github.com/5dPZ/
Diagnostic_assay. The algorithm is provided for academic purposes
and copyrighted to restrict unauthorized commercial use.
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