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CONTEXT AND SIGNIFICANCE

Infectious and inflammatory

diseases are the most common

causes of children seeking

medical care in both hospital and

community settings. It is a

considerable challenge for clinical

teams to reliably distinguish

common viral infections, bacterial

infections (which are potentially

serious), and less common

inflammatory diseases, with

existing tests when children

initially present at healthcare

settings. Habgood-Coote et al.

describe an approach for

simultaneously distinguishing

between 18 infectious and

inflammatory diseases using the

differences in the levels of

expression of 161 genes in

patients’ blood. A future

diagnostic test based on this

approach could help provide the

right treatment, to the right

patient, at the right time, while

optimizing antibiotic use and

reducing lengthy time to

diagnosis for inflammatory

diseases.
SUMMARY

Background: Appropriate treatment and management of children pre-
senting with fever depend on accurate and timely diagnosis, but current
diagnostic tests lack sensitivity and specificity and are frequently too
slow to inform initial treatment. As an alternative to pathogen detec-
tion, host gene expression signatures in blood have shown promise in
discriminating several infectious and inflammatory diseases in a dichot-
omous manner. However, differential diagnosis requires simultaneous
consideration of multiple diseases. Here, we show that diverse infec-
tious and inflammatory diseases can be discriminated by the expression
levels of a single panel of genes in blood.
Methods: A multi-class supervised machine-learning approach, incorpo-
rating clinical consequence of misdiagnosis as a ‘‘cost’’ weighting, was
applied to awhole-blood transcriptomicmicroarray dataset, incorporating
12 publicly available datasets, including 1,212 childrenwith 18 infectious or
inflammatory diseases. The transcriptional panel identifiedwas further vali-
dated in a new RNA sequencing dataset comprising 411 febrile children.
Findings: We identified 161 transcripts that classified patients into 18
disease categories, reflecting individual causative pathogen and spe-
cific disease, as well as reliable prediction of broad classes comprising
bacterial infection, viral infection, malaria, tuberculosis, or inflammatory
disease. The transcriptional panel was validated in an independent
cohort andbenchmarked against existingdichotomous RNA signatures.
Conclusions: Our data suggest that classification of febrile illness can
be achieved with a single blood sample and opens the way for a new
approach for clinical diagnosis.
Funding: European Union’s Seventh Framework no. 279185; Hori-
zon2020 no. 668303 PERFORM; Wellcome Trust (206508/Z/17/Z);
Medical Research Foundation (MRF-160-0008-ELP-KAFO-C0801); NIHR
Imperial BRC.
Med 4, 635–654, September 8, 2023 ª 2023 The Author(s). Published by Elsevier Inc.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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INTRODUCTION

Infectious and inflammatory diseases are the most common causes of children seeking

medical care in both hospital and community settings.1 It is a considerable challenge for

clinical teams to identify and appropriately treat the small proportion of patients who

have severe bacterial infection2,3 or inflammatory conditions while avoiding over-treat-

ing the majority of patients who have self-limiting, usually viral, illness.

Conventional diagnostic tests cannot distinguish the multitude of potential etiol-

ogies with sufficient speed and accuracy to inform initial treatment.4 Culture-based

microbiological diagnosis is slow, and while molecular diagnostic techniques are

faster, they are limited by the pathogens included in the panel and positive results

may identify pathogens that are not the cause of the current illness, particularly for

respiratory samples.5 Infection can involve either a single causative pathogen or

the interaction ofmultiple organisms, limiting the utility of viral pathogen detection.6

Infections are frequently localized in inaccessible sites (such as the lungs) and, conse-

quently, pathogen detection from accessible sites such as blood, urine, or cerebro-

spinal fluid is frequently negative, even when severe infections are present.

For most inflammatory disorders, there is currently no single test to confirm or refute

the diagnosis, and therefore patients with conditions such as Kawasaki disease (KD)

or juvenile idiopathic arthritis are often not diagnosed until after a long period of

hospitalization, treatment for presumed infection, and numerous investigations.7–9

As a result of the limitations of existing diagnostics, definitive final diagnoses are

made for less than 50% of children attending an emergency department with fever,

and in only half of children admitted to pediatric intensive care with suspected

infection.10,11 Given this diagnostic uncertainty, many patients without bacterial

infection are unnecessarily treated with broad-spectrum antibiotics to mitigate the

risks of missing severe bacterial infection, contributing to the growing problem of

antimicrobial drug resistance.12

Gene expression microarrays and, more recently, RNA sequencing (RNA-seq) have

revealed an alternative approach, in which infectious or inflammatory diseases are

characterized by unique patterns of host gene expression in patients’ blood, thus

bypassing the need for direct pathogen detection. There is a growing literature doc-

umenting that specific infectious and inflammatory diseases can be distinguished

from conditions with similar presenting features using sparse transcriptional signa-

tures in whole blood, including discriminating between bacterial and viral infec-

tions,13–19 malaria,20,21 dengue virus,22 respiratory syncytial virus,23,24 rotavirus,25,26

and tuberculosis (TB)27,28–30 and diagnosing inflammatory conditions such as KD31

and systemic lupus erythematosus (SLE).32

Previous studies using gene expression for diagnosis have focused on simplified

binary distinctions, either one versus one (e.g., bacterial versus viral) or one versus

all (e.g., tuberculosis versus other diseases). However, in clinical practice, there is

a hierarchy of diagnostic categories, and many potential etiologies must be consid-

ered and prioritized according to the risks posed by each. We hypothesized that

multiple infectious and inflammatory diseases could be simultaneously discrimi-

nated by a limited number of gene transcripts measured in patients’ blood.

To investigate this hypothesis, we applied a multi-class feature selection and classi-

fication approach based on least absolute shrinkage and selection operator (LASSO)

and Ridge regression to genome-wide RNA expression data from 1,212 febrile
636 Med 4, 635–654, September 8, 2023
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children in 12 publicly available gene expression microarray datasets, representing

18 disease categories, incorporating the clinical risks associated with incorrect diag-

nosis as a ‘‘cost weighting.’’ We identified 161 transcripts that predicted the broad

disease category (bacterial, viral, inflammatory, malaria, TB, and KD) with high con-

fidence, as well as specific causative pathogens and diseases.

Cross-platform validation of the signature was performed in an independent cohort

of patients (n = 411) for whom gene expression was instead measured in whole

blood by RNA-seq. Our data provide proof of concept that the pattern of expression

of a single set of transcripts in each patient’s blood can be used to diagnose a wide

range of infectious and inflammatory diseases.

RESULTS

Two datasets measuring whole-blood gene expression from pediatric patients with

febrile illness were used to investigate the potential of a multi-class approach to

biomarker discovery. A dataset composed of 12 publicly available gene expression

microarray datasets (n = 1,212) was used for the discovery of a biomarker panel,

which was then applied to a newly generated RNA-seq dataset (n = 411).

The discovery dataset

To explore the feasibility of using a limited number of RNA transcripts to classify

febrile illness, we merged and analyzed publicly available microarray datasets. A

comprehensive literature search, limited to Illumina Beadchip arrays, identified 12

datasets (GEO: GSE73464, GSE68004, GSE65391, GSE64456, GSE42026,

GSE40396, GSE39941, GSE38900, GSE34404, GSE30119, GSE29366, GSE22098)

that measured gene expression in whole-blood samples from both pediatric pa-

tients with acute febrile illnesses and appropriate controls (Table S1). The control

samples in each dataset were used to perform batch correction with the COmbat

CO-Normalization Using conTrols (COCONUT) method19(Figure S1).

Patients with multiple potentially causative pathogens and disease groups with

fewer than 10 cases were excluded, leaving 1,212 patients across 18 disease classes.

Of these patients, 338 had bacterial infections caused by Staphylococcus aureus (n =

107), Streptococcus pneumoniae (n = 15), group A Streptococcus (GAS) (n = 38),

group B Streptococcus (GBS) (n = 10), Neisseria meningitidis (n = 10), Escherichia

coli (n = 58), or Mycobacterium tuberculosis (n = 100). There were 290 cases due

to viral infections, including respiratory syncytial virus (RSV) (n = 61), rhinovirus

(n = 12), human herpesvirus 6 (HHV6) (n = 10), influenza virus (n = 98), enterovirus

(n = 57), and adenovirus (n = 52). The 487 cases of inflammatory disease included

SLE (n = 204), juvenile idiopathic arthritis (JIA) (n = 98), Henoch-Schönlein purpura

(HSP) (n = 18), and KD (n = 167). Malaria (n = 97) was the only parasitic infection

present in the datasets. The merged and batch-corrected data were randomly split

into subsets comprising 75% and 25% for training and testing respectively using

stratified holdout to maintain class proportions.

Identification of a multi-class signature of febrile illness

In the discovery set, repeated cross-validation was performed in order to select the

best method for deriving a multi-class signature of febrile illness (see STAR

Methods). Of the five multivariate penalized regression methods compared,

LASSO + Ridge derived the smallest models with good classification performance

while allowing cost-sensitivity (Figure S2A). This is a two-stage method in which

LASSO regression is used to perform feature selection followed by a Ridge regres-

sion to refit the coefficients and improve predictive performance.33
Med 4, 635–654, September 8, 2023 637
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Figure 1. Confusion matrix for the gene expression microarray test set predictions

(A and B) Performance of the 161-transcript signature in the 25% microarray test set over 18 specific disease classes (A) and over six broad disease

classes (B). Confusion matrices show the numbers of each type of misclassification made where each sample is predicted to belong to the class with

highest probability. Green corresponds to correct predictions (true positives), brown corresponds to incorrect predictions within the same broad

disease category, and pink shows incorrect predictions for disease category (false positives/negatives). Cost-weighting, point estimates for sensitivity,

and specificity for each prediction are shown on the right. E. coli, Escherichia coli; GAS, group A Streptococcus; GBS, group B Streptococcus; N.

meningitidis, Neisseria meningitidis; S. pneumoniae, Streptococcus pneumoniae; S. aureus, Staphylococcus aureus; HHV6; human herpesvirus 6; RSV,

respiratory syncytial virus; HSP, Henoch-Schönlein purpura; JIA, juvenile idiopathic arthritis; SLE, systemic lupus erythematosus; KD, Kawasaki disease.
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An important consideration in the context of clinical diagnostics is the potential

consequence of incorrect diagnosis. In order to incorporate the clinical conse-

quences of misdiagnosis, we applied a ‘‘cost-sensitive learning’’ approach by

performing example weighting. Class weights were assigned by the consensus judg-

ment of five independent pediatric infectious disease specialists to reflect the risks

posed by each disease if untreated, the speed of disease progression, and the avail-

ability of effective treatment. Weights were divided by the abundance of each class

to offset the effect of class imbalance (Table S2). The effect of incorporating these

weights in the training process is to bias the feature set and coefficients to reduce

the false-negative error for high-risk groups at the expense of increasing the false-

negative error of low-risk groups (Figure S2B).

We applied multinomial LASSO + Ridge penalized regression in the 75% discovery

set to identify an RNA transcript panel consisting of 161 probes for the discrimina-

tion of 18 disease classes. This set of probes was selected from the LASSO regulari-

zation path at a value of lambda at which the cross-validated mean square error

(weighted by cost and class imbalance) for the Ridge regression was within two stan-

dard errors of the minimum. A heatmap of the standardized expression of the

selected probes is shown in Figure S3.
Test set predictions

Predicted probabilities for the 25% test set were used to derive a confusion matrix

for which discrete class predictions for each sample were made by taking the class

with highest predicted probability (Figure 1A). The ability of the classifier to separate

disease groups was also assessed for pairwise (one-versus-one) and one-versus-all

discrimination on the basis of predicted probabilities (Figure S4 and Table S3). While

the model was able to reliably predict most diagnostic classes, the predictive perfor-

mance was lower for groups with smaller number of samples in the training dataset

(Figure S2C). While many of the samples could be assigned to specific disease

classes, many of the misclassifications occur between classes from the same broad

disease category (bacterial or viral) (Figures 1B and S5).
Broad clinical categories with immediate clinical implications

While the rapid identification of causative pathogens would be useful for optimal

treatment and choice of antibiotics, clinical teams require a high degree of confi-

dence in the broad disease category (i.e., viral, bacterial, or inflammatory) to ensure

potentially life-threatening conditions are not missed and to direct empiric

treatment and appropriate subsequent investigations.

We investigated whether the biomarker panel could also be used to make confident

predictions of broad disease category. Refitting the coefficients for the 161 tran-

scripts using multinomial Ridge regression allowed the panel to predict the broad

disease categories: inflammatory disease, viral infection, bacterial infection, KD,

malaria, and tuberculosis (Figures S2D and Table S3). Although tuberculosis is a bac-

terial disease, it was considered as a separate class, as it requires very different
Med 4, 635–654, September 8, 2023 639
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Figure 2. Microarray test set predictions of broad disease categories

Pairwise and one-versus-all discrimination of broad disease categories. Scatterplots and ROC curves are shown for pairs of disease categories (columns

1–6). Each scatterplot shows the predicted probabilities for patients with one of a pair condition; conditions for each scatterplot are given on the

diagonal, above (x axis) and to the right (y axis) of each plot. ROC curves show the performance when distinguishing each pair of conditions; conditions

for each ROC plot are given on the diagonal, below and to the left of each plot. Separation of the pair of diseases is performed using the predicted

probabilities of both classes where the decision threshold is defined by varying the gradient of a line p(class1) = m 3 p(class2). The rightmost panels

(columns 7–8) show the predicted probabilities for each class (left) and the one-versus-all ROC curve defined using only these probabilities to

distinguish the class in a one-versus-all comparison. 95% confidence intervals are shown for all ROC curves except where they could not be calculated

due to lack of overlap.

ll
OPEN ACCESS Clinical and Translational Article
clinical management from the other bacterial infections, and also induces distinct

transcriptional responses (Figure S2G). Similarly, KD, which also induced distinct

transcriptional responses, was considered as a distinct class. Although epidemiolog-

ical features suggest an infectious agent as the cause of KD, its etiology remains un-

known and treatment is directed at immunomodulation.34,35 The resulting model

accurately predicted the presence of these six disease classes both when consid-

ering the most likely class for each patient (Figure 1B) and when considering classes

independently (Figure 2 and Table S3). These predictions allow the model to reflect

the diagnostic classification used in clinical decision making and simultaneously

address multiple clinical questions. The clinical teams can be provided with the

probabilities for each patient to belong in each class as an optimal input for decision

making.
640 Med 4, 635–654, September 8, 2023



Table 1. RNA-seq set demographics

Characteristic Bacterial Viral Inflammatory TB Malaria KD

Number of patients 130 88 50 18 12 113

Age: months,
median (IQR)

30 (9–65) 7 (2–20) 171 (132–200) 79 (43–93) 70 (51–93) 35 (18–56)

Male sex: no. (%) 72 (55) 58 (66) 11 (22) 10 (56) 6 (50) 68 (60)

Population group African 25 (19.2) 5 (5.7) 0 1 (5.6) 12 (100) 7 (6.2)

Asian 5 (3.9) 2 (2.3) 1 (2.0) 0 0 16 (14.2)

European 85 (65.4) 62 (70.5) 49 (98.0) 0 0 27 (23.9)

Latin
American

1 (0.8) 8 (9.1) 0 1 (5.6) 0 37 (32.7)

Mixed/other/
unknown

14 (10.8) 11 (12.5) 0 16 (88.9) 0 26 (23.0)

Days from symptoms:
median (IQR)

2 (1–4) 5 (2–7) 264 (158–765)/
877 (364–2,095)a

14 (7–30) 3 (2–3) 6 (5–7)

Intensive care:
no. (%)

69 (53.1) 17 (19.3) 0 0 0 2 (1.8)

Deaths: no. 10 1 0 0 0 0

CRP (mg/L):
median (IQR)

203
(111–281)

6 (3–18) 10 (3–44) 60 (51–69) NA 72 (42–162)

Blood cell differential

Neutrophil %:
median (IQR)

75.0
(59.9–85.7)

29.0
(16.8–48.7)

51.3
(42.8–59.4)

NA 65.8
(56.6–74.4)

61.3
(52.5–76.9)

Lymphocytes %:
median (IQR)

17.0
(9.3–27.9)

47.5
(28.5–60.3)

35.4
(29.8–45.0)

29.5
(25.0–35.5)

27.1
(18.8–34.4)

22.5
(11.8–30.2)

Monocyte %:
median (IQR)

5.88
(3.0–8.0)

7.7
(5.0–11.1)

8.4
(7.0–10.7)

5.0
(5.0–6.9)

6.8
(4.7–8.5)

5.0
(3.0–8.0)

Clinical syndromes

Soft tissue 10 0 0 0 0 0

Inflammatory 0 0 50 0 0 113

Gastrointestinal 3 1 0 0 0 0

Urinary tract infection 8 0 0 0 0 0

Upper respiratory/ear,
nose, throat

3 25 0 0 0 0

Lower respiratory tract 17 62 0 17 0 0

Central nervous system
involvement

38 0 0 0 0 1

Musculoskeletal 7 0 0 0 0 0

Otherc 6 1 0 9 0 0

Pathogen specificb 3 0 0 0 12 0

Sepsis 76 0 0 0 0 0

IQR, interquartile range; CRP, C-reactive protein; Ethnicity, self-reported ethnicity; TB, tuberculosis; KD, Kawasaki disease.
aRelative to initial symptom onset for the first episode or exacerbations respectively.
bIncluding scarlet fever, staphylococcal scalded skin, and malaria.
cIncluding central-line-associated bloodstream infection, endocarditis, extra-pulmonary TB, facial palsy, pericarditis, and status epilepticus. Patients could be

affected by more than one syndrome at the same time.
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Validation in an independent study using RNA-seq

We evaluated the performance of the diagnostic signature in an independent

patient cohort and using a different RNA quantification platform. We used a newly

generated dataset of whole-blood RNA-seq including 411 pediatric patients with

a range of infectious or inflammatory diseases, covering all six broad diagnostic clas-

ses and 13 of the 18 specific diagnostic classes used in the discovery dataset (demo-

graphic and clinical details in Table 1 and study details in STAR Methods).

The 161 microarray probes were mapped uniquely to 155 genes, of which 10 did not

have sufficient read counts in the RNA-seq dataset for reliable quantification, leaving

145 genes in the panel in the RNA-seq dataset (Table S4). Gene level read counts
Med 4, 635–654, September 8, 2023 641
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Figure 3. Performance of the 145-transcript panel in the validation cohort

(A and B) Multi-class confusion matrices for disease prediction in the RNA-seq validation set for specific disease classes (A) and for broad disease classes

(B). Circle area and color correspond to number of patients and type of misclassification, respectively, where green is correct classification, pink is

incorrect classification in a different broad disease group, and brown is incorrect classifications within the same broad disease class. Specificities and

sensitivities for the detection of each class were derived from discrete class predictions. Cost weighting and point estimates for sensitivity and

specificity for each prediction are shown on the right.
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were normalized for sequencing depth with scaling factors calculated with DESeq236

followed by a log transformation. To account for the different quantification platform

and smaller signature, the coefficients of the multi-class models for classifying both

broad and specific disease class were refitted on a random selection of 50% of the

dataset using multinomial Ridge regression with class weighting (Table S2). The per-

formance in the remaining 50% is shown for discrete class predictions (Figure 3) us-

ing predicted probabilities for pairwise and one-versus-all comparisons (Figures 4,

S2E, S2F, and S5 and Table S3) and for individual patients.

In addition, and although microarray and RNA-seq rely on very different quantifica-

tion approaches, we assessed the performance of the broad disease classifier in the

RNA-seq dataset without retraining the coefficients in the RNA-seq dataset. The

coefficients were refitted using Ridge regression in the completemicroarray dataset.

This model was then used to make predictions on the RNA-seq dataset after

applying limma voom transformation37 to the DESeq2 depth normalized RNA-seq

count data (Figure S6).

The utility of a diagnostic test is highly dependent on the prevalence of disease in the

population on which it is being used; however, since a multi-class diagnostic panel

could be applied in different clinical contexts, values for specificity, positive predic-

tive value, and negative predicted value are shown for four illustrative scenarios of

disease prevalence in different populations (Table S5).38–41

We performed differential expression analyses between each broad disease cate-

gory and the other disease groups using DESeq236 and the enrichment analysis

for the different comparisons using g:Profiler42 of Gene Ontology (biological path-

ways) and Reactome terms (Figure S7).

Benchmarking with previously published one-versus-all signatures

There are no previously reported transcriptional panels that can simultaneously

distinguish multiple causes of fever in children against which to benchmark perfor-

mance. We therefore compared the performance of our multi-class biomarker panel

to four previously reported binary classification signatures for the classification of

pediatric febrile illness: tuberculosis,27,30 KD,31 and for distinguishing bacterial

from viral infections14(Table S6). Since some of the microarray datasets were used

for binary signature derivation, performance was only compared in the RNA-seq

dataset for comparison fairness. The coefficients of each linear model were refitted

using the same 50% of the RNA-seq dataset and performance was evaluated using

receiver operating characteristic (ROC) curves on the remaining 50%. There was no

significant difference in the area under the ROC curve (AUC) between the Wright

signature31 and the Kawasaki component of the multi-class signature (p = 0.2, boot-

strap test, Benjamini Hochberg corrected). The multi-class biomarker panel

performed better in terms of AUC than the single-class Sweeney signature for tuber-

culosis30 (p = 0.03) but there was not a significant difference to the AUC of the An-

derson signature27 (p = 0.08) (Figure 5 and Table S7). The improvement relative to

the bacterial-viral signature was significant for the identification of viral infection

(viral versus all; p = 0.007) and bacterial infection (bacterial versus all; p = 0.007)
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Figure 4. RNA-seq validation set predictions of broad disease classes

Pairwise and one-versus-all discrimination of broad disease categories. Scatterplots and ROC curves are shown for pairs of disease categories (columns

1–6). Each scatterplot shows the predicted probabilities for patients with one of a pair condition; conditions for each scatterplot are given on the

diagonal, above (x axis) and to the right (y axis) of each plot. ROC curves show the performance when distinguishing each pair of conditions; conditions

for each ROC plot are given on the diagonal, below and to the left of each plot. Separation of the pair of diseases is performed using the predicted

probabilities of both classes where the decision threshold is defined by varying the gradient of a line p(class1) = m 3 p(class2). The rightmost panels

(columns 7–8) show the predicted probabilities for each class (left) and the one-versus-all ROC curve defined using only these probabilities to

distinguish the class in a one-versus-all comparison. 95% confidence intervals are shown for all ROC curves except where they could not be calculated

due to lack of overlap.
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but not for distinguishing bacterial from viral infection (bacterial versus viral; p = 0.3),

reflecting that the inclusion of the additional disease groups on this study has only a

minor impact on overall performance measured by AUC for the direct bacterial-viral

comparison, but the use of a cost-sensitive approach improves the sensitivity to bac-

terial infection for the lower values of specificity.
DISCUSSION

We investigated whether multiple diseases could be distinguished simultaneously

using a single whole-blood transcriptional panel. A multi-class machine-learning

approach was applied to publicly available blood gene expression datasets to

identify a set of 161 transcripts sufficient for accurate diagnosis of diverse causes

of febrile illness in children. The 161-transcript panel can identify 18 specific inflam-

matory diseases and pathogen species and distinguish between six broad disease
644 Med 4, 635–654, September 8, 2023
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Figure 5. Comparison of the multi-class RNA signature to previously published signatures of infectious disease

(A–E) ROC curves and 95% confidence intervals of specificity are shown for the multi-class signature and previously reported signatures for tuberculosis

(A), KD (B), and for distinguishing bacterial and viral infection (C–E). The comparison to the bacterial-viral signature is split by the formulation of the

classification problem.

(C) A bacterial versus viral comparison where, for the multi-class classifier, the ratio of predicted probabilities for bacterial and viral infection are used.

(D and E) The problem as a viral versus all and bacterial versus all respectively with each using the corresponding component of the multi-class

signature.
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categories (bacterial infection, viral infection, inflammatory disease, tuberculosis,

malaria, and KD). As some diagnostic errors carry severe consequences (such as fail-

ure to diagnose a life-threatening bacterial infection), while others have few adverse

consequences (such as failing to diagnose a self-limiting viral infection for which

there is no specific treatment), we used a cost-sensitive learning approach in our dis-

covery pipeline by example weighting. Although derivation of a full cost matrix

based on formally defined outcome measures would be necessary to fully recapitu-

late the clinical consequences of misclassifications, this is beyond the scope of this

study. We instead used a weighting scheme based on expert consensus that could

effectively prioritize the predictions in favor of diseases for which misdiagnosis

carries the greatest consequence. The 161-transcript signature identified using

gene expression microarray datasets was validated in a translated 145-gene form

in an independent study of febrile children in whom gene expression levels were

detected by RNA-seq, supporting the clinical validity, the robustness, and the repro-

ducibility of the approach.

In order to incorporate a multi-class transcriptomic signature for febrile illness into

clinical care, the panel of RNA transcripts needs to be translated into a diagnostic

test suitable for use in hospitals or clinics, which would be able to measure the

transcripts rapidly and at affordable cost. There is a rapidly expanding number of

molecular methods and technologies for rapid, inexpensive, and high-throughput

measurement of large numbers of targets, including customized arrays,43 high-

throughput PCR-based methods, NanoString technologies,44 and electrochemical

biosensor technology.45,46

The imperative need of a novel diagnostic platform capable of simultaneously iden-

tifyingmultiple pathogens anddifferent analyte types to improvediagnosis andman-

agement of febrile patients (MAPDx) was highlighted by Médecins Sans Frontières

(MSF), Foundation for Innovative New Diagnostics (FIND), and the World Health Or-

ganization (WHO)47 in a foundation document for a fever-specific assay. A host RNA-

based approach that could simultaneously identify different causes of fever would

meet several of the target product profile (TPP) characteristics reported: single sam-

ple, kinetics of infection, and semi-open design to allow for relevant genes to be

measured in different settings and to address different clinical questions. Further

research needs to be conducted to optimize the presentation of results and level

of detail that would be made available to the clinical team and to determine whether

results are presented as most likely cause, probability of each cause, or enhanced

with management suggestions taking pre-test probabilities into account.

This study provides a proof of principle that a single panel of RNA transcripts can be

used to assign patients with fever and non-specific clinical and laboratory findings to

a range of etiologies from a single whole-blood sample. Coupled with diagnostic

technological advances able tomeasure RNA transcripts rapidly and at an affordable

cost, a multi-class diagnostic test for febrile illness could circumvent lengthy clinical

diagnostic processes and reduce delays to diagnoses, missed diagnoses, and un-

necessary antibiotic treatment, having a significant impact on global health.
646 Med 4, 635–654, September 8, 2023
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Limitations of the study

While our study provides proof of principle that disease class assignment for a rangeof

infectious and inflammatory diseases can be achieved using the pattern of gene

expression in the blood of each patient, further development of the approach is

currently limited by the availability of whole-blood gene expression datasets.

Although the use of publicly available gene expression datasets allows more hetero-

geneity to be captured, particularly where a single disease is considered across mul-

tiple datasets,30 the scope of the approach can be limited by the representativeness

and completeness of datasets used for discovery, imposed by the research focus of

prior studies. Further optimization of the transcript panel will require a large compre-

hensive blood gene expression dataset where a wide range of illnesses is considered

simultaneously to ensure signatures are robust to the full range of potential etiologies.

In our study, class imbalance was taken into account; however, some of the patho-

gens and diseases for which a limited number of samples were available were not

accurately identified by the transcript panel (e.g., E. coli in the RNA-seq data), as

were pathogens whose clinical relevance is less well defined (such as viral pathogen

detection in respiratory samples).48 While a more stringent filtering of disease

groups of small sample size would improve predictive performance, this would

mean the omission of clinically relevant diseases from this proof-of-concept study.

For some of these underrepresented disease groups in the discovery set, good per-

formance could be achieved, such as N. meningitidis, which could be reliably

detected in both discovery and validation datasets. Additionally, we have excluded

patients with more than one potential cause of fever, but further work needs to be

undertaken to benchmark the predictions for cases with more than one clinical diag-

nosis. While the discrimination of healthy control samples might be an advantage in

a screening context, the populations targeted by a diagnostic test of this kind will

consist of febrile patients with sufficient clinical concern to warrant a blood test.

Although we successfully performed cross-platform and cross-cohort validation mov-

ing from a microarray discovery cohort to an RNA-seq validation cohort, some of the

originally discovered 161-microarray transcript set were not present in the RNA

sequence data. Additionally, there were insufficient numbers of patients in the RNA-

seq data to include five of the disease groups present in the microarray data (entero-

virus, GBS, HHV6, HSP, and SLE). To ensure clinical utility, further development of the

approach will require large prospective patient cohorts, with consistent, detailed, and

accurate clinical phenotypes. By expanding the rangeof conditions included in thedis-

covery of the transcript panels, it may be possible to improve the treatment of a large

number of patients, particularly for rare and under-diagnosed conditions for which

early detection and thus treatment could have a significant benefit. Similarly, given

appropriate clinical cohorts and gene expression datasets, it may be possible to

expand this principle to other populations such as adults, patientswith co-morbidities,

and populations affected by pathogens specific to certain geographic areas, such

dengue, arbovirus infections, or zoonotic illnesses such as Lyme disease and typhus,

which pose considerable diagnostic challenges.
CONSORTIA

Themembers of EUCLIDS (www.euclids-project.eu) are Michael Levin, Lachlan Coin,

Stuart Gormley, Shea Hamilton, Jethro Herberg, Bernardo Hourmat, Clive Hoggart,

Myrsini Kaforou, Vanessa Sancho-Shimizu, Victoria Wright, Amina Abdulla, Paul

Agapow, Maeve Bartlett, Evangelos Bellos, Hariklia Eleftherohorinou, Rachel Galas-

sini, David Inwald, Meg Mashbat, Stephanie Menikou, Sobia Mustafa, Simon Nadel,
Med 4, 635–654, September 8, 2023 647

http://www.euclids-project.eu


ll
OPEN ACCESS Clinical and Translational Article
Rahmeen Rahman, Hannah Shailes, Clare Thakker, S. Bokhandi, Sue Power, Heather

Barham, N. Pathan, Jenna Ridout, Deborah White, Sarah Thurston, Saul Faust, San-

jay Patel, Jenni McCorkell, P. Davies, Lindsey Crate, Helen Navarra, Stephanie

Carter, R. Ramaiah, Rekha Patel, Catherine Tuffrey, Andrew Gribbin, Sharon

McCready, Mark Peters, Katie Hardy, Fran Standing, Lauren O’Neill, Eugenia Abe-

lake, Akash Deep, Eniola Nsirim, Andrew Pollard, Louise Willis, Zoe Young, C.

Royad, Sonia White, P.M. Fortune, Phil Hudnott, Federico Martinón-Torres, Antonio
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José Marı́a Martinón Sánchez, Beatriz Morillo Gutiérrez, Belén Mosquera Pérez, Pa-
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Herce, Miriam Garcı́a Samprudencio, Gema Manrique Martı́n, Paula Garcı́a Casas,
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Méndez Bustelo, Fernanda Crespo Vázquez, Marı́a Paz Vior Álvarez, Marı́a Elena
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24. Barral-Arca, R., Gómez-Carballa, A., Cebey-
López, M., Bello, X., Martinón-Torres, F., and
Salas, A. (2020). A meta-analysis of multiple
whole blood gene expression data unveils a
diagnostic host-response transcript signature
for respiratory syncytial virus. Int. J. Mol. Sci. 21,
1831. https://doi.org/10.3390/ijms21051831.

25. DeBerg, H.A., Zaidi, M.B., Altman, M.C.,
Khaenam, P., Gersuk, V.H., Campos, F.D.,
Perez-Martinez, I., Meza-Segura, M.,
Chaussabel, D., Banchereau, J., et al. (2018).
Shared and organism-specific host responses
to childhood diarrheal diseases revealed by
whole blood transcript profiling. PLoS One 13,
e0192082. https://doi.org/10.1371/journal.
pone.0192082.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Wright et al. (2018)31 GEO: GSE73464

Jaggi et al. (2018)49 GEO: GSE68004

Banchereau et al.(2016)50 GEO: GSE65391

Mahajan et al. (2016)16 GEO: GSE64456

Herberg et al. (2013)13 GEO: GSE42026

Hu et al.(2013)51 GEO: GSE40396

Anderson et al.(2014)27 GEO: GSE39941

Mejias et al. (2013)23 GEO: GSE38900

Idaghdour et al.(2012)52 GEO: GSE34404

Banchereau et al.(2012)53 GEO: GSE30119

NA GEO: GSE29366

Berry et al. (2010)28 GEO: GSE22098

This paper EBI: E-MTAB-11671

Human genome ensembl Gch38 version 89

Software and algorithms

R https://cran.r-project.org/ Version 3.4.4; RRID:SCR_001905

GEOquery https://bioconductor.org/packages/release/bioc/html/GEOquery.html RRID:SCR_000146

Lumi https://bioconductor.org/packages/release/bioc/html/lumi.html RRID:SCR_012781

lumiHumanIDMapping https://bioconductor.org/packages/release/data/annotation/html/
lumiHumanIDMapping.html

N/A

SVA https://bioconductor.org/packages/release/bioc/html/sva.html RRID:SCR_012836

Limma https://bioconductor.org/packages/release/bioc/html/limma.html RRID:SCR_010943

glmnet https://cran.r-project.org/web/packages/glmnet/index.html RRID:SCR_015505

pROC https://cran.r-project.org/web/packages/pROC/index.html N/A

STAR https://github.com/alexdobin/STAR RRID:SCR_004463

Samtools http://www.htslib.org/ RRID:SCR_002105

FeatureCounts https://subread.sourceforge.net/featureCounts.html RRID:SCR_012919

DESeq2 https://bioconductor.org/packages/release/bioc/html/DESeq2.html RRID:SCR_015687

G:Profiler https://cran.r-project.org/web/packages/gprofiler2/index.html N/A

Original code Zenodo https://doi.org/10.5281/zenodo.7620205 N/A
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to

and will be fulfilled by the lead contact, Myrsini Kaforou (m.kaforou@imperial.ac.uk).
Materials availability

This study did not generate new unique reagents.

Data and code availability

Newly generated transcriptomic RNA-seq datasets have been uploaded to EBI

ArrayExpress: E-MTAB-11671 and the programming code has been uploaded to gi-

thub https://github.com/d-h-c/multiclass_fever_biomarkers and Zenodo https://

doi.org/10.5281/zenodo.7620205. Any additional information required to reanalyze

the data reported in this paper is available from the lead contact upon request.
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STUDY PARTICIPANT DETAILS

Description of the validation study (RNA-Seq dataset)

Patient recruitment. Patients were recruited as part of the European Union Child-

hood Life-threatening Infectious Disease Study (EUCLIDS https://www.euclids-

project.eu), a prospective, multicentre, cohort study conducted in six countries in

Europe. Patients aged 1 month to 18 years with sepsis (or suspected sepsis) or

severe focal infections, admitted to 98 participating hospitals in the UK, Austria,

Germany, Lithuania, Spain, Switzerland and the Netherlands were prospectively

recruited between July 1, 2012, and Dec 31, 2015. Febrile patients were recruited

additionally with similar criteria in Spain (GENDRES network, Santiago de Compos-

tela), in the Netherlands (Virgo cohort, JIA cohort), in the USA (Rady Children’s

Hospital-San Diego as described previously),54 and in Cape Town (Red Cross

Children’s hospital) between 2009 and 2013. Patients were recruited if they met

the inclusion criteria of having febrile illness (temperature R38�C) of perceived suf-

ficient severity to warrant blood testing or hospital admission and were <17 years of

age. Participants’ information on sex, age, and race was self-reported, or reported

by parent/guardian. Information on gender and socioeconomic status was not

collected. Patients were excluded if they had comorbidities or treatments likely to

affect gene expression, including prior bone marrow transplant, immunodeficiency,

or immunosuppressive treatment. Blood samples for RNA analysis were collected

together with clinical blood tests at, or as close as possible to, presentation to hos-

pital, irrespective of antibiotic use at the time of collection.

Diagnostic process. All patients underwent routine diagnostic investigations as

part of clinical care in each hospital’s microbiology and virology laboratories,

including blood count and differential, C-reactive protein (CRP), blood chemistry,

blood, and urine cultures, and cerebrospinal fluid (CSF) analysis where indicated.

Throat swabs were cultured for bacteria, and viral diagnostics were undertaken on

nasopharyngeal aspirates using multiplex PCR for common respiratory viruses.

Chest radiographs and other tests were undertaken as clinically indicated. Patients

were assigned to diagnostic groups using predefined criteria as described

previously.14,30 The Definite Bacterial group included only patients with bacteria

identified in a sample from a sterile site, and the Definite Viral group included

only patients with culture, PCR or Immunofluorescent test - confirmed viral infection.

Children were recorded as having juvenile idiopathic arthritis, Kawasaki disease,

tuberculosis disease and malaria in the respective studies. Children in whom

definitive diagnosis was not established were not used in this study.

Study conduct and oversight. Clinical data and patient samples were identified only

by study number. Assignment of patients to clinical groups was made independent

of those managing the patient clinically by consensus of two experienced clinicians,

after review of the investigation results and using previously agreed definitions.

Statistical analysis was conducted after the RNA expression data and clinical assign-

ment databases had been locked.Written, informed consent was obtained from par-

ents or guardians at all sites using locally approved permissions (St Mary’s Research

Ethics Committee (REC 09/H0712/58); Ethical Committee of Clinical Investigation of

Galicia (CEIC ref 2010/015); Amsterdam, the Netherlands (NL41023.018.12 and

NL34230.018.10); the University of California San Diego (Human Research Protec-

tion Program 140220); The Gambia Govemment/MRC Joint Ethics (Committee

reference L2013.07V2); Cape Town, South Africa (HREC No 389/2017 linked to

No 045/2008); Cantonal Ethis Committee Bern (KEK-029)).
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Peripheral blood RNA sequencing. Whole blood was collected at the time of

recruitment into PAXgene blood RNA tubes (PreAnalytiX, Germany), frozen, and

later extracted. Library preparation and sequencing of 30million 75 or 100 bp paired

end reads was conducted using the Illumina’s TruSeq RNA Sample Preparation Kit,

ribosomal and globin RNA depletion was performed using the Illumina� Ribo-Zero

Gold kit and HiSeq 4000 at The Wellcome Centre for Human Genetics.

QUANTIFICATION AND STATISTICAL ANALYSIS

Analyses were performed in R version 3.4.455

Microarray data pre-processing

We identified human Illumina gene expressionmicro-array datasets in National Insti-

tutes of Health Gene Expression Omnibus database56 and ArrayExpress,57 which

included expression data from children with infectious and inflammatory diseases

as well as healthy controls (Table S1). Only datasets where Illumina Beadchip arrays

(V3, V4) were used to measure whole blood gene expression were included.

Datasets were retrieved with GEOquery,58 normalised using robust spline normal-

isation (RSN) from the lumi package59 and log transformed independently prior to

batch correction. Probes common to all datasets were identified using lumiHuma-

nIDMapping to map probes to Illumina nuIDs.60 Duplicate samples between

datasets were identified using correlation structure and checked using patient char-

acteristics. ComBat as was performed using the R package SVA61 to correct for a

batch internal to GSE72829 before using COCONUT,19 which assumes that healthy

controls are drawn from the same distribution, to correct for batch effects between

experiments (Figure S1).

Disease groups with fewer than 10 patients were excluded from the discovery set, as

were cases in which a single causative pathogen was not identified or the diagnosis

was uncertain. Stratified holdout was used to select the 25% of the data to be used in

testing.

Feature pre-filtering

Prior to feature selection pre-filtering was performed to reduce the size of the search

space and remove probes with little or no association with any of the diseases

considered. To this end a differential expression analysis was performed with

limma62 for all 153 pairwise disease comparisons. Probes with absolute log2 fold

change below 0.5 were discarded and the remaining probes for each comparison

were ranked by p value. Probes were selected from these lists in an iterative process

until at least 2,000 probes were present. At each iteration the contribution of each

probe was divided between the comparisons in which it was selected (i.e. a probe

selected by 2 comparisons contributes a weight of 0.5 to each) in order that all

comparisons were defined by similar numbers of discriminatory probes.

Method selection

In order to compare methods for performing the feature selection and classification,

we used stratified 10-fold cross-validation in the microarray training set, this

was repeated 10 times by changing seed values. We considered five different multi-

variate penalised regression methods, implemented here using glmnet63: one-vs-all

LASSO, one-vs-all LASSO followed by multinomial Ridge regression over the

selected feature set, multinomial-LASSO, multinomial-LASSO + Ridge and multino-

mial relaxed LASSO. Nested cross validation was used to select hyper-parameters;

when performing feature selection, the 1SE method was used and when refitting

coefficients, the parameters were selected to minimise error. Performance was
Med 4, 635–654.e1–e5, September 8, 2023 e3
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evaluated using mean weighted square error (MWSE) and mean size of the selected

feature set. We concluded that the one-versus-all approach was not feasible due to

the identification of very large gene signatures with more highly correlated and

redundant features (Figure 1A). Of the multi-class approaches used, the

LASSO+Ridge two-stage procedure obtained the smallest models with high predic-

tive performance.
LASSO+Ridge hybrid

Penalised regression was performed on standardised expression values using the

glmnet63 package in Bioconductor.64 Coefficients were grouped so that all coeffi-

cients for each feature were set to zero together. l1 and l2 penalised regression

were combined into a two-stage procedure, referred to here as LASSO+Ridge,33

for which the LASSO (l1 penalty) was used to perform feature selection followed

by a Ridge regression (l2 penalty) to refit the coefficients for the resulting feature

set. This method has similarities with the Relaxed LASSO65 and LARS-OLS66

methods, which use LASSO and ordinary least squares (OLS) for the second stage

respectively. For the LASSO+Ridge procedure the tuning parameters of LASSO ( l

) and Ridge fits ( 4 ) were selected using nested cross validation. At each l of the

LASSO regularisation path, genes with non-zero coefficients are used as input for

a Ridge regression. For each Ridge regression the tuning parameter 4 was selected

to minimise the MWSE. l was then selected to minimise model size such that the

MWSE was within two standard errors of the minimum (2SE). Relative to LASSO

and Relaxed LASSO, the LASSO+Ridge hybrid method had lower MWSE for each

feature set, which resulted in smaller signatures with similar predictive accuracy

(Figure 1A).
Cost and rescaling

Example weighting67 was used to bias the feature selection in order to prioritise the

reduction of false negative error for diseases which are associated with greater

immediate risk to the patient. These relative weights were defined for each disease

class by a team of 5 paediatric infectious disease specialists to reflect: risk of nega-

tive outcome (e.g. death, organ damage), speed of disease progression and the

availability of effective treatment (Table S2). The effect of adding class weights to

a multinomial LASSO is to bias the feature set and weights towards reducing the

false negative error for classes with worse potential outcomes, more rapid progres-

sion and available treatment; this also leads to an increase in the false positive error

for these classes and the converse for diseases with smaller weights (Figure 1B).

Weights were also modified to counteract the bias induced by differences in the

numbers of samples in each group (class imbalance), as there was a 20:1 ratio be-

tween most and least abundant classes. This was done by updating class weights

by dividing costs by the number of patients in each class.
Performance

Classifier performance is shown using confusion matrices where discrete class pre-

dictions, for each patient, are the class with highest predicted probability. ROC

curves were derived using the predicted probabilities for each class with the

pROC package and trapezoidal calculation of AUC,68 the bootstrap methods were

used for to derive confidence intervals and compare AUCs. Pairwise ROC curves

were derived using the ratio of the predicted probabilities of the two classes.
e4 Med 4, 635–654.e1–e5, September 8, 2023
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RNA-sequencing analysis

The RNA-Seq analysis pipeline consisted of: quality control using FastQC,69

MultiQC70 and annotations modified with BEDTools,71 alignment and read counting

using STAR,72 SAMtools,73 FeatureCounts74 and version 89 ensembl75 GCh38

genome and annotation. Normalisation was performed using the DESeq236 method

for estimating scale factors with a subsequent log transformation (Figures S1D and

S1E). The 161 microarray probes were mapped uniquely using BLAST to 155 genes,

10 of which were removed due to low read counts (unnormalised counts >5 in fewer

than 10 samples) (Table S4). Refitting of the coefficients of the model was performed

using Ridge regression on 50% of the dataset, the remainder was used for perfor-

mance evaluation. The same split was used when retraining and testing comparator

signatures. Differential expression and enrichment analyses were performed using

DESeq2 and g:Profiler41 (Figure S6).
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Supplementary Table 1: Datasets and diseases included in the Discovery gene expression microarray dataset. Related to Figure 1.
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GSE73464 22 1 19 6 3 18 97 78 10 6 4 27 1 5 62 NA
GSE68004 19 17 89 37 NA
GSE65391 135 48 Initial time points only
GSE64456 55 48 7 3 51 19 NA
GSE42026 12 3 9 6 33 NA
GSE40396 11 2 8 4 6 10 22 NA
GSE39941 95 4 68 NA
GSE38900 28 8 Only V4/GPL10558 array
GSE34404 93 62 NA
GSE30119 99 43 NA
GSE29366 19 12 NA
GSE22098 12 1 69 39 NA
GSE25504 Premature infants

GSE38900
(V3/GPL6884) excluded due to failed probes



Supplementary Table 2: Misclassification costs. Related to Figure 2.

Disease Group
Cost/ disease

penalty
Justification

Frequency in
the

Microarray
data

Weight in the 
microarray

data

Frequency in
the

RNA-seq data

Weight in
the 

RNA-Seq
data

Specific
disease

classification

E. coli 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 58 0.17 10 1

GAS 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 38 0.26 19 0.53

GBS 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 10 1 0 NA

N. meningitidis 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 10 1 54 0.19

S. pneumoniae 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 15 0.67 26 0.39

S. aureus 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 107 0.09 21 0.48

Tuberculosis 8 Slowly progressive infection, delay in diagnosis can result in more severe and disseminated disease. 100 0.08 18 0.44

Adenovirus 2 Usually self-limiting viral infection, no specific treatment, misclassification may result in unnecessary antibiotic use. 52 0.04 14 0.14

Enterovirus 2 Usually self-limiting viral infection, no specific treatment, misclassification may result in unnecessary antibiotic use. 57 0.04 0 NA

Influenza 3 Sometimes severe, viral infection. Treatable by early initiation of antiviral therapy. 98 0.03 8 0.38

HHV6 2 Usually self-limiting viral infection, no specific treatment, misclassification may result in unnecessary antibiotic use. 10 0.2 0 NA

Rhinovirus 2 Usually self-limiting viral infection, no specific treatment, misclassification may result in unnecessary antibiotic use. 12 0.17 12 0.17

RSV 2 Usually self-limiting viral infection, no specific treatment, misclassification may result in unnecessary antibiotic use. 61 0.03 54 0.04

HSP 1 Typically, self-limiting condition, with very few consequences of misdiagnosis at first presentation. 18 0.06 0 NA

JIA 5 Chronic inflammatory condition, predominantly involving joints, delay to diagnosis incurs significant healthcare costs and may result in joint damage. 98 0.05 50 0.10

SLE 8 Inflammatory condition, multiple organ involvement, delay to diagnosis incurs significant healthcare costs and may result in multiple end-organ
damage.

204 0.04 0 NA

KD 9 Inflammatory condition, delay to diagnosis carries high risk of coronary artery aneurysms. 167 0.05 113 0.08

Malaria 10 Acute and life-threatening parasitic infection, requiring immediate diagnosis. 97 0.1 12 0.83

Broad
disease

classification

Bacterial 10 Acute and life-threatening bacterial infection, requiring immediate diagnosis. 238 0.04 130 0.08

Viral 2 Usually self-limiting viral infections, no specific treatment for most, misclassification may result in unnecessary antibiotic use. 290 0.01 88 0.02

Inflammatory 5 Mostly slowly progressive but earlier diagnosis may improve outcomes. 320 0.02 50 0.10

KD 9 Inflammatory condition, delay to diagnosis carries high risk of coronary artery aneurysms. 167 0.05 113 0.08

Malaria 10 Acute and life-threatening parasitic infection, requiring immediate diagnosis. 97 0.1 12 0.83

Tuberculosis 8 Slowly progressive infection, delay in diagnosis can result in more severe and disseminated disease. 100 0.08 18 0.44



Supplementary Table 3: Performance metrics for specific and broad disease classification in the 25% microarray test set and the RNA-Seq 
50% validation set. Related to Figures 1,2,3 and 4.
Sensitivity and specificity values correspond to the discrete class predictions made by taking, for each patient, the class with highest predicted 
probability.AUCROC values correspond to the one-versus-all discrimination based on the predictions of each disease class.

Microarray  performance RNA-Seq performance
Disease Group Frequency AUCROC CI (95%) Sensitivity  Specificity Frequency AUCROC CI (95%) Sensitivity Specificity

Specific disease
classification

E. coli 15 0.97 0.928-1 0.87 0.98 5 0.55 0.158-0.94 0.40 0.99
GAS 10 0.97 0.942-0.987 0.80 0.98 10 0.85 0.66-1 0.60 0.96
GBS 3 1 0.989-1 1.00 0.99

N. meningitidis 3 0.99 0.973-1 0.67 1.00 27 0.95 0.91-0.994 0.82 0.95
S. pneumoniae 4 0.91 0.826-0.985 0.25 1.00 13 0.85 0.759-0.94 0.39 0.93

S. aureus 27 0.94 0.879-1 0.78 0.99 11 0.64 0.49-0.796 0.18 0.97
Tuberculosis 25 0.97 0.932-1 0.88 1.00 9 0.98 0.96-1 0.89 0.97
Adenovirus 13 0.85 0.724-0.984 0.69 0.96 7 0.97 0.923-1 0.57 0.99
Enterovirus 15 0.93 0.891-0.976 0.67 1.00

Influenza 25 0.89 0.814-0.962 0.56 0.99 4 0.95 0.885-1 0.25 0.99
HHV6 3 1 0.983-1 0.67 0.99

Rhinovirus 3 0.64 0.291-0.984 0.33 0.99 6 0.75 0.606-0.89 0.00 1.00
RSV 16 0.96 0.921-0.99 0.63 0.98 27 0.97 0.945-0.989 0.63 0.98
HSP 5 0.98 0.968-0.998 0.80 0.99
JIA 25 1 0.996-1 1.00 0.99 25 0.99 0.968-1 0.96 0.97
SLE 51 0.98 0.95-1 0.84 0.99
KD 42 0.99 0.984-1 0.95 0.97 57 0.95 0.913-0.981 0.74 0.99

Malaria 25 1 NA 1.00 1.00 6 1 0.986-1 0.83 0.98

Broad disease
classification

Tuberculosis 25 0.97 0.938-1 0.88 1 9 0.98 0.966-1 0.89 0.97
KD 42 0.99 0.986-1 0.95 0.97 57 0.94 0.9-0.975 0.86 0.97

Malaria 25 1 NA 1 0.99 6 1 0.986-1 0.83 0.99
Bacterial 62 0.93 0.902-0.966 0.87 0.92 66 0.89 0.831-0.94 0.82 0.94

Viral 75 0.95 0.921-0.969 0.63 0.98 44 0.96 0.913-1 0.82 0.99
Inflammatory 81 0.98 0.962-0.997 0.93 0.95 25 0.98 0.961-1 0.96 0.96



Supplementary Table 4: Selected microarray probes and their overlap in the RNAseq data. Related to Figure 3.
Illumina NuID ENSEMBL_ID In RNA-Seq Gene Symbol Illumina NuID ENSEMBL_ID In RNA-Seq Gene Symbol Illumina NuID ENSEMBL_ID In RNA-Seq Gene Symbol

Qmd6QFgCjh6GtXzpZM ENSG00000104951 TRUE IL4I1 fftCuCoRC_UlFB.fl0 ENSG00000274736 TRUE CCL23 W5VEV1fFddSFPShEqA ENSG00000010610 TRUE CD4
oVLqP09XJuujRUOUgg ENSG00000163666 TRUE HESX1 l4pUCR_fE13jJ79A7k ENSG00000136999 TRUE NOV 06Xqf3il83jl3kvTtU ENSG00000162430 TRUE SELENON
HlbQueVeXu3q.e_nv8 ENSG00000115155 TRUE OTOF iSFLpQSVQqiVDwMXq8 ENSG00000131089 TRUE ARHGEF9 olHl55IgBEdf58lRCs ENSG00000240403 TRUE KIR3DL2
9qsESLlfOCi_iNeQoI ENSG00000137959 TRUE IFI44L 9niJ6n9d7hTVpewTN4 ENSG00000183087 TRUE GAS6 WgA1K5aKJIKOIDHolo ENSG00000105516 TRUE DBP
cXfiegZeAeiXRgqeec ENSG00000168003 TRUE SLC3A2 fSCcSeUrTkYKiRbogg ENSG00000128322 TRUE IGLL1 iniqwivvsvteuXU0h0 ENSG00000165795 TRUE NDRG2

QeeYeOUoQX91SOwEiI ENSG00000198417 TRUE MT1F 316HcV13gIJ6p_d4a0 ENSG00000170476 TRUE MZB1 9l5aOODpOCeLpYiPhs ENSG00000099783 TRUE HNRNPM
QOOmuiuuvsu46NV.K8 ENSG00000128284 TRUE APOL3 Q0EDGDuSa56rTjp2uo ENSG00000015475 TRUE BID QagniqAUsQgjjhQIok ENSG00000182534 TRUE MXRA7

iqLR_Of0rw0ic6ucSk ENSG00000133106 TRUE EPSTI1 Nbpyl.Xli53jkMugNk ENSG00000139970 TRUE RTN1 ul141JapUj1HivItT8 ENSG00000100918 TRUE REC8
oUL016nU_reU_ae0_Y ENSG00000165949 TRUE IFI27 EUoUKdKji6iI6vMe1c ENSG00000164002 TRUE EXO5 NWU_px7I.s1_ODeq.U ENSG00000078399 TRUE HOXA9
KvR4cynHkkeq7S__tU ENSG00000243547 TRUE HNRNPKP4 E5X57Z4a4eailK_.9M ENSG00000188459 FALSE WASF4P 3TX9p7rkrg6RlbDnkg ENSG00000156521 TRUE TYSND1
QzYbbjUgtSJ4goeXv4 ENSG00000151883 TRUE PARP8 TepXsAy7x7DHe.5deU ENSG00000151553 TRUE FAM160B1 QfhOJF.I1fVdTqf6lE ENSG00000178695 TRUE KCTD12
6LpijpCAJ6Qfc7F5IE ENSG00000147604 TRUE RPL7 9qrtTum7u4uIf.x5tU ENSG00000186654 TRUE PRR5 Kleqv0tN1U.rVeh7f4 ENSG00000204256 TRUE BRD2
0Qkr_3iKjrnqoKf6Pk ENSG00000253508 FALSE AC004080.2 ioeoA3kk0hzl.TVUlI ENSG00000120539 TRUE MASTL 6gUeLSiJSuigUWLSiI ENSG00000182583 TRUE VCX
xq1zrrU_dIe01010ek ENSG00000158604 TRUE TMED4 0XR7oFXQ6Hd0FSoRUI ENSG00000174600 TRUE CMKLR1 3GcqHr1KlETMUA3lTE ENSG00000145354 TRUE CISD2
6qPyUIkSH6PX3tXVRc ENSG00000162783 TRUE IER5 TSO6z5Xo5Ojv1Hq44I ENSG00000146070 TRUE PLA2G7 WQjCT9.Xi9K4eKCJRA ENSG00000105323 TRUE HNRNPUL1

0TnQRAonqQYtQfS45E ENSG00000264943 TRUE SH3GL1P2 cQKpNoguSee5eO6gSc ENSG00000169715 TRUE MT1E Nt.kfERHfXveX0XOWo ENSG00000115350 TRUE POLE4
0k_XHUkluCh3ee.9d4 No annotated gene FALSE NA fn3Hpm4vVouL4FK6FA ENSG00000100985 TRUE MMP9 fmy.roAGpfm2l0VUu8 ENSG00000163682 TRUE RPL9

KMrUN53QpfrXrqPX0U ENSG00000146072 TRUE TNFRSF21 TeYp8Xrqnf4oRQXu5w ENSG00000277775 TRUE HIST1H3F rlnUn_Rv2NUClf.Klg ENSG00000270882 TRUE HIST2H4A
Q.Qr3BXMeyz3_q5V3U ENSG00000167601 TRUE AXL c0IJVNnNpesS6d1mI8 ENSG00000278828 TRUE HIST1H3H HdefXV5T01eVd1OCfg ENSG00000089127 TRUE OAS1
EsEq5LvvzH0_dfShOo ENSG00000122545 TRUE SEPT7 rAgveQgoc5rkrprq5k ENSG00000162068 FALSE NTN3 cRElEvlA1bHX5Raf3I ENSG00000173482 TRUE PTPRM
WieWpBdI4WH.V.iXS8 ENSG00000105246 TRUE EBI3 B6ugFxXupFTtYlV6T8 ENSG00000184470 TRUE TXNRD2 WXler3i_eLohjjoiS4 ENSG00000253660 FALSE AC008464.1
TQSWUUSSXjlTSSfVVI ENSG00000181827 TRUE RFX7 We18LlNB3SdX7J.7qM ENSG00000117697 TRUE NSL1 cfnMgheoSKHnt5Xd60 ENSG00000239839 TRUE DEFA3
33iteiuU.V3e_CQKWo ENSG00000125844 TRUE RRBP1 f56RRSkXRIDiNKd5dE ENSG00000172215 TRUE CXCR6 l5f5XV.Ee3lptBCYRI ENSG00000184709 FALSE LRRC26
x44Ih511bz5VmFo0xg ENSG00000180370 TRUE PAK2 Ncd91ff036r6siARAo ENSG00000154174 TRUE TOMM70 BeuXt358UO3CtVHl54 ENSG00000189013 TRUE KIR2DL4
6yEdVgt.72TrREeOfI ENSG00000272398 TRUE CD24 TD56KCJTiWKDkhJd90 ENSG00000114735 TRUE HEMK1 cCKea4lD8iVAiVYqBc ENSG00000129757 TRUE CDKN1C

9aLI9auX8dR7hdMDUo ENSG00000169397 TRUE RNASE3 c8V5eI9dKIApBeXUl4 ENSG00000135469 TRUE COQ10A uMWn1IhV.3UlM8TSnI ENSG00000119729 TRUE RHOQ
0_DHz7_krTURH3lVHk ENSG00000133574 TRUE GIMAP4 6p_X8jaueM_Xv1yw6k ENSG00000108960 TRUE MMD WVKkr_fhd5dL3YdwKE ENSG00000129515 TRUE SNX6
lNN2N6_4e6VeW7ddtI ENSG00000064270 TRUE ATP2C2 x64jX3XE4pS3hC3qIo No annotated gene FALSE WXVLs95PtfFcjSVfe4 ENSG00000166845 TRUE C18orf54

3RVYnZOe0VPUlwO4Uw ENSG00000089505 TRUE CMTM1 oRf7kYlXrI7Ug7e.Uo ENSG00000129538 TRUE RNASE1 TFITfhT0nIFekkEic8 ENSG00000221818 FALSE EBF2
Q_.z_qeqiszjiSH3aA ENSG00000105971 TRUE CAV2 WVHqq_qwz3utdJXsXw ENSG00000197903 TRUE HIST1H2BK c1Le0V1.XnVMRUKfv0 ENSG00000223501 TRUE VPS52

ioMeCC6goFCeESl0eQ ENSG00000120833 TRUE SOCS2 r731U7Xo5R6C5Eefs4 ENSG00000141664 TRUE ZCCHC2 cUKREqx.ehUeehIfgo ENSG00000107902 TRUE LHPP
uF7uCSSUl8Cy1PfnDo ENSG00000136888 TRUE ATP6V1G1 3F1GP2UUoEQEn3Aiq0 ENSG00000090905 TRUE TNRC6A r3ug_u1e8kOkiFJeiU ENSG00000150459 TRUE SAP18
rUu3HPy5Xp3P2tddVo ENSG00000261150 TRUE EPPK1 uXlBtLlEeu3gKABKBI ENSG00000271321 TRUE CTAGE6 lr17JJJYKiF2fAUEQ0 ENSG00000159461 TRUE AMFR

c6dUHXVzXApUek8C54 ENSG00000087237 TRUE CETP 9nCegq581ebIBl5Q58 ENSG00000122644 TRUE ARL4A ZV51LRFaCeHrUZEngk
ENSG00000164180/
ENSG00000089472 FALSE

H5lhjlSDUgf7c0d1UE ENSG00000126709 TRUE IFI6 on_s959RO5S_Xo_olM ENSG00000178445 TRUE GLDC lKLZ3J6xWwC_6g_4VU ENSG00000151348 TRUE EXT2
uR8UXT_f96KU5DMpqE ENSG00000184678 TRUE HIST2H2BE ixRleehKiiJp46IB9c ENSG00000170819 TRUE BFSP2 B3q9A94B7R88Xs4E6k ENSG00000149516 TRUE MS4A3
okEmkBx6lCOJBVE._o ENSG00000255423 TRUE EBLN2 cPOnvClqauHSkrDVIE ENSG00000136213 TRUE CHST12 Qd7kGUX8AIX1pF557k ENSG00000180720 FALSE CHRM4

ZdUVdckVUTVU3LBN0g ENSG00000180818 FALSE HOXC10 K1V9o7p_J7KZoqWiGc ENSG00000122565 TRUE CBX3 Z_4GFFXqPeueOmsfa8 ENSG00000057657 TRUE PRDM1
BTTooXoRA5IQknifYo ENSG00000163220 TRUE S100A9 H9WdVTND.X.t1qniwM ENSG00000101871 TRUE MID1 QjuMi7uqd7tfV6iek8 ENSG00000167074 TRUE TEF

6WKAX5VTR0k_R8jEg4 ENSG00000153823 TRUE PID1 3lY39wDEveDOedNVF4 ENSG00000140678 TRUE ITGAX clJOt7v1_6PRe6V57o ENSG00000215421 TRUE ZNF407
WiuuqFKnOoukrPOEtg ENSG00000102317 TRUE RBM3 lV5KVKeJR1KQieOK_c ENSG00000240247 FALSE DEFA1B iToSCCkkrpIOq5OCv0 ENSG00000163599 TRUE CTLA4
TrUix_.1Y7tSUnWSSc ENSG00000134107 TRUE BHLHE40 igXzsWJA5StyQEw5y0 ENSG00000070756 TRUE PABPC1 TityCxcBee9RJS1fQk ENSG00000156374 TRUE PCGF6

0CaOkkeCBCVSvUvUq0 ENSG00000254093 TRUE PINX1 cntX1SX_KLyoJMCqn4 ENSG00000158122 TRUE AAED1 T0zNFbuqF9akRJJXiM ENSG00000160401 FALSE CFAP157
uVLfujoDsudi0T3nwI ENSG00000080824 TRUE HSP90AA1 rWiFXoPwNPJFmV9Vgg ENSG00000185946 TRUE RNPC3 Q6epTsh5ddTi.lJ._I ENSG00000075651 TRUE PLD1

cN3p4qOHxe9LHcQ9d4 ENSG00000080824 TRUE HSP90AA1 NawJcR29S0Xx2U4CC0 ENSG00000188295 TRUE ZNF669 Hay0Gref1XajQd9ShQ ENSG00000132749 TRUE TESMIN
9UEonuSPsCVSNeHqTU ENSG00000047365 TRUE ARAP2 9X1L7fgSXh16SVzoL0 ENSG00000162825 TRUE NBPF20 9V4f795ApF5O7e727I ENSG00000206503 TRUE HLA-A
WT6GkkHqpCBBqCNF7k ENSG00000100079 TRUE LGALS2 6p_lFeWeVJRNX6.7P8 ENSG00000039523 TRUE RIPOR1 9kAqUtm.c.d2NUp95o ENSG00000100014 TRUE SPECC1L
uoJSuX8NR7BdEHULUQ ENSG00000169385 TRUE RNASE2 QkAlQK9cJenkCCDQSo ENSG00000105851 TRUE PIK3CG T5Vng3Xp4f5666Xzu4 ENSG00000242110 TRUE AMACR
ZumFCGP95fIkKj0V1k ENSG00000089692 TRUE LAG3 uepygIiBCQlqnF5VSs ENSG00000023892 TRUE DEF6 Q5R5_pIsArlKKJOrug ENSG00000269858 TRUE EGLN2

lpcsVWbpc1HXRNREeQ ENSG00000188389 TRUE PDCD1 NeI0lTt3rZ3fl7o17c ENSG00000196872 TRUE KIAA1211L EaUBNXocgvkqgNASVI ENSG00000232160 TRUE RAP2C-AS1
9OupNSp3hJt91p9ed8 ENSG00000159189 TRUE C1QC 91ed6iT5yX3FU1ejUQ ENSG00000104081 TRUE BMF ZVxDokSh6Px3pJx6hI ENSG00000141447 TRUE OSBPL1A

0yleB.dSUJ3ipUXXl0
(ENSG00000230724/
ENSG00000236438) FALSE 3Vy3nJSjUQtfvUe5fo ENSG00000169429 TRUE CXCL8 NVQhcKv83XVfgzq6d4 ENSG00000089041 TRUE P2RX7

lSVJXuAjonh_eSqF48 ENSG00000215440 TRUE NPEPL1 WUlRXKLv6P406OyTEU ENSG00000166446 TRUE CDYL2 irAqP6o5unq697dSt0 No annotated gene FALSE
ETgSW4s6pegkkroNQg ENSG00000105205 TRUE CLC NX9EfunjuDnhYBOiNU ENSG00000163565 TRUE IFI16



Supplementary Table 5: Illustrative scenarios for evaluation of diagnostic performance of the high-level multiclass signature. Related to 
Figures 1,2,3 and 4.

Scenario Bacterial Viral Inflammatory TB Malaria KD Citation

All diseases at equal
prevalence

Prevalence (%) 16.6 16.6 16.6 16.6 16.6 16.6

N/A
PPV 0.840 0.959 0.894 0.748 0.848 0.926
NPV 0.964 0.965 0.992 0.977 0.967 0.972

Sensitivity 0.818 0.818 0.960 0.889 0.833 0.860
Specificity 0.969 0.993 0.977 0.940 0.970 0.986

Febrile children undergoing
blood tests in European
emergency departments

Prevalence (%) 20 70 3 1 1 5

(Nijman et al. 2021)

PPV 0.759 0.997 0.458 0.176 0.294 0.632
NPV 0.954 0.701 0.999 0.999 0.998 0.993

Sensitivity 0.818 0.818 0.960 0.889 0.833 0.860
Specificity 0.935 0.994 0.965 0.958 0.980 0.974

Hospitalized children with
fever without source (<7

days duration)

Prevalence (%) 36 15 3 1 1 44

(Yoshizato and Koga 2020)
PPV 0.858 0.888 0.444 0.239 0.455 0.950
NPV 0.900 0.968 0.999 0.999 0.998 0.897

Sensitivity 0.818 0.818 0.960 0.889 0.833 0.860
Specificity 0.924 0.982 0.963 0.971 0.990 0.965

Hospitalized children with
fever of unknown origin >7

days duration

Prevalence (%) 40 16 28 5 1 10

(Antoon et al. 2018)

PPV 0.943 0.974 0.871 0.567 0.353 0.798
NPV 0.889 0.966 0.984 0.994 0.998 0.984

Sensitivity 0.818 0.818 0.960 0.889 0.833 0.860
Specificity 0.967 0.996 0.944 0.964 0.985 0.976

African Outpatient children
with fever

Prevalence (%) 15 70 1 3 10 1

(D'Acremont et al. 2014) 
PPV 0.716 0.999 0.245 0.332 0.795 0.274
NPV 0.967 0.702 1.000 0.996 0.981 0.999

Sensitivity 0.818 0.818 0.960 0.889 0.833 0.860
Specificity 0.943 0.999 0.970 0.945 0.976 0.977



Supplementary Table 5:  In each scenario the prevalence of the six high level  diagnostic
groups has been extrapolated from published data  with the simplifying assumption that
these groups are mutually exclusive and together account for 100% of diagnoses.  Where
prevalence of a disease group could not be calculated from the original  data, we made
estimates based on our own clinical experience and set minimum prevalence for any group
to 1%. Performance metrics taking account of disease prevalence scenarios were calculated
from the microarray test  set confusion matrix  of  broad disease categories.  Rows of the
confusion matrix were divided by the number of test set samples and multiplied by each of
the prevalence scenarios prior to calculating the metrics.



Supplementary  Table  6.  The  genes  contained  in  previously  published  expression
signatures of paediatric febrile illness. Related to Figure 5.
Symbol Ensembl ID Expressed above threshold Published signature Included in multiclass signature
GBP5 ENSG00000154451 TRUE Sweeney et al. 2016 FALSE
DUSP3 ENSG00000108861 TRUE Sweeney et al. 2016 FALSE
KLF2 ENSG00000127528 TRUE Sweeney et al. 2016 FALSE
IFI44L ENSG00000137959 TRUE Herberg et al. 2016 TRUE
FAM89A ENSG00000182118 TRUE Herberg et al. 2016 FALSE
CACNA1E ENSG00000198216 TRUE Wright et al. 2018 FALSE
DDIAS ENSG00000165490 TRUE Wright et al. 2018 FALSE
KLHL2 ENSG00000109466 TRUE Wright et al. 2018 FALSE
PYROXD2 ENSG00000119943 TRUE Wright et al. 2018 FALSE
SMOX ENSG00000088826 TRUE Wright et al. 2018 FALSE
ZNF185 ENSG00000147394 FALSE Wright et al. 2018 FALSE
LINC02035 ENSG00000273033 TRUE Wright et al. 2018 FALSE
CLIC3 ENSG00000169583 TRUE Wright et al. 2018 FALSE
S100P ENSG00000163993 TRUE Wright et al. 2018 FALSE
IFI27 ENSG00000165949 TRUE Wright et al. 2018 TRUE
TIGIT ENSG00000181847 TRUE Wright et al. 2018 FALSE
CD163 ENSG00000177575 TRUE Wright et al. 2018 FALSE
RTN1 ENSG00000139970 TRUE Wright et al. 2018 TRUE
ALAS2 ENSG00000158578 FALSE Anderson et al. 2014 FALSE
ALDH1A1 ENSG00000165092 TRUE Anderson et al. 2014 FALSE
C1QB ENSG00000173369 TRUE Anderson et al. 2014 FALSE
C20ORF103 ENSG00000125869 TRUE Anderson et al. 2014 FALSE
C3HC4 ENSG00000165406 TRUE Anderson et al. 2014 FALSE
CAST ENSG00000153113 TRUE Anderson et al. 2014 FALSE
CCDC52 ENSG00000163611 TRUE Anderson et al. 2014 FALSE
CD226 ENSG00000150637 TRUE Anderson et al. 2014 FALSE
CD79A ENSG00000105369 TRUE Anderson et al. 2014 FALSE
CDKN1C ENSG00000129757 TRUE Anderson et al. 2014 TRUE
CEACAM1 ENSG00000079385 TRUE Anderson et al. 2014 FALSE
CYB561 ENSG00000008283 TRUE Anderson et al. 2014 FALSE
DEFA1 ENSG00000206047 FALSE Anderson et al. 2014 FALSE
F2RL1 ENSG00000164251 TRUE Anderson et al. 2014 FALSE
FER1L3 ENSG00000138119 TRUE Anderson et al. 2014 FALSE
FRMD3 ENSG00000172159 TRUE Anderson et al. 2014 FALSE
GBP3 ENSG00000117226 TRUE Anderson et al. 2014 FALSE
GBP5 ENSG00000154451 TRUE Anderson et al. 2014 FALSE
GBP6 ENSG00000183347 TRUE Anderson et al. 2014 FALSE
GRAMD1B ENSG00000023171 TRUE Anderson et al. 2014 FALSE
HLA-DRB1 ENSG00000196126 TRUE Anderson et al. 2014 FALSE
HLA-DRB5 ENSG00000198502 TRUE Anderson et al. 2014 FALSE
HLA-DRB6 ENSG00000229391 TRUE Anderson et al. 2014 FALSE
HPSE ENSG00000173083 TRUE Anderson et al. 2014 FALSE
HS.106234 ENSG00000226496 FALSE Anderson et al. 2014 FALSE
HS.171481 ENSG00000173559 TRUE Anderson et al. 2014 FALSE
JUP ENSG00000173801 TRUE Anderson et al. 2014 FALSE
KCNJ15 ENSG00000157551 TRUE Anderson et al. 2014 FALSE
KIFC3 ENSG00000140859 TRUE Anderson et al. 2014 FALSE
KLHDC8B ENSG00000185909 TRUE Anderson et al. 2014 FALSE
KREMEN1 ENSG00000183762 TRUE Anderson et al. 2014 FALSE
LOC389386 ENSG00000124762 TRUE Anderson et al. 2014 FALSE
LOC642678 ENSG00000055609 TRUE Anderson et al. 2014 FALSE
LOC647460 ENSG00000239819 TRUE Anderson et al. 2014 FALSE
LOC649210 ENSG00000211638 TRUE Anderson et al. 2014 FALSE
LOC653778 ENSG00000147454 TRUE Anderson et al. 2014 FALSE
MIR1974 Multiple mapped sites FALSE Anderson et al. 2014 FALSE
NCF1B ENSG00000182487 TRUE Anderson et al. 2014 FALSE
OSBPL10 ENSG00000144645 TRUE Anderson et al. 2014 FALSE
PDCD1LG2 ENSG00000197646 TRUE Anderson et al. 2014 FALSE
SCGB3A1 ENSG00000161055 TRUE Anderson et al. 2014 FALSE
SEMA6B ENSG00000167680 TRUE Anderson et al. 2014 FALSE
SIGLEC14 ENSG00000254415 TRUE Anderson et al. 2014 FALSE
SMARCD3 ENSG00000082014 TRUE Anderson et al. 2014 FALSE
SNORD8 ENSG00000200785 TRUE Anderson et al. 2014 FALSE
TNFRSF17 ENSG00000048462 TRUE Anderson et al. 2014 FALSE
TPST1 ENSG00000169902 TRUE Anderson et al. 2014 FALSE
VAMP5 ENSG00000168899 TRUE Anderson et al. 2014 FALSE
ZBED2 ENSG00000177494 TRUE Anderson et al. 2014 FALSE



Supplementary Table 7: AUCROC values for previously published signatures of paediatric 
infectious disease and the multiclass signature in the RNA-Seq test set. Related to Figure 
5.

Signature comparison
Test set

cases
AUCROC CI (95%)

Comparison to MCS

z p

MCS- Tuberculosis
Tuberculosis-

vs-ALL
9 0.98 0.97-1

Sweeney et al. 2016
Tuberculosis-

vs-ALL
9 0.93 0.90-0.97 2.43 0.015

Anderson et al. 2014
Tuberculosis-

vs-ALL
9 0.93 0.88-0.98 1.92 0.054

MCS-Kawasaki
Kawasaki-vs-

ALL
57 0.94 0.90-0.97

Wright et al. 2018
Kawasaki-vs-

ALL
57 0.91 0.87-0.95 1.31 0.19

MCS-Bacterial
Bacterial-vs-

Viral
66 0.95 0.90-1

Herberg et al. 2016
Bacterial-vs-

Viral
66 0.93 0.88-0.98 0.95 0.34

MCS-Viral Viral-vs-ALL 44 0.96 0.91-1

Herberg et al. 2016 Viral-vs-ALL 44 0.86 0.81-0.91 3.13 0.0018

MCS-Bacterial
Bacterial-vs-

ALL
66 0.89 0.83-0.94

Herberg et al. 2016
Bacterial-vs-

ALL
66 0.80 0.74-0.87 3.04 0.0024

MCS: MultiClassSignature



Supplementary Figure 1: Principal component analysis (PCA) for the merged microarray datasets 
and RNA-Seq dataset. Related to Figures 1,2,3 and 4. The first two principal components are 
plotted for: (A) uncorrected microarray data, (B) microarray data filtered for an outlier dataset 
(GSE38900, shown in yellow), (C) the coconut batch corrected microarray dataset, (D) the RNA-Seq 
dataset before normalisation and (E) the RNA-Seq dataset after normalisation.
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Supplementary Figure 2: Predictive performance differences due to feature selection method and
disease group. Related to Figures 1,2,3 and 4.
(A) Prediction  error  and  signature  size  for  each  of  the  10  folds  used  for  cross-validation  when  using
alternative  feature  selection approaches:  multinomial  LASSO,  OVA (one-versus-all)  LASSO,  LASSO+Ridge,
Relaxed LASSO and OVA LASSO +  ridge  (for  feature  selection and  classification respectively).  (B)  False
positive (red) and false negative (blue) error refer respectively to the summed columns or rows of confusion
matrices populated with prediction errors. The error when omitting cost from learning was subtracted from
the error when including cost in learning for each iteration of the 10-fold cross validation and disease.  (C)
Microarray test set prediction AUC values and sample numbers for specific disease classes.  (D) Microarray
test set AUCs and sample numbers for broad disease classes.  (E) RNA-Seq validation set AUCs and sample
numbers  for  specific  diseases.  (F) RNA-Seq validation set  AUCs  and sample  numbers  for  broad disease
classes.  (G)  Components 1 and 2 for a PCA of the microarray expression of the selected 161 transcripts:
bacterial  (pink),  viral  (blue),  inflammatory  (yellow),  tuberculosis  (orange),  malaria  (green)  and  Kawasaki
disease (turquoise).
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Supplementary Figure 3: Heatmap of gene expression for the selected 161 probes in the 
microarray test set.  Related to Figures 1 and 2
Hierarchical clustering was performed for probes on the basis of Euclidean distance over 
standardised expression. Expression values above, equal to or below the mean for each probe are 
shown in red, white and blue respectively.
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Supplementary Figure 4: Microarray test set predicted probabilities for specific disease 
categories.  Related to Figure 2. Each scatter plot shows the predicted probabilities for 
patients with one of a pair conditions which are given on the diagonal, above vs to the right 
of each plot. ROC curves show the performance when distinguishing each pair of classes 
(below and to the left). Separation of the pair of diseases is performed using the predicted 
probabilities of both classes where the decision threshold is defined by varying the gradient 
of a line p(class1) = m*p(class2). The rightmost 2 columns of panels show the predicted 
probabilities for each class (left) and the ROC curve defined using only these probabilities to 
distinguish the class in a one-versus-all comparison (right). (* confidence intervals could not 
be calculated due to lack of overlap)
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Influenza 
n = 25
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n = 3 0.889

(0.581−0.89)
1* 1* 1* 1* 1* 1* 1*
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RSV 
n = 16

1* 1*
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HSP 
n = 5

1* 1*
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JIA 
n = 25

1* 1* 1* 1*
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(1−1)
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SLE 
n = 51

1* 1* 1*
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Supplementary Figure 5: Pairwise discrimination of specific disease category predictions in
the RNA-Seq validation set. Related to Figure 4.
Scatter plots show the predicted probabilities for the pair of classes above (X axis) and to the
right (Y axis) for samples in each pair of groups. ROC curves show the performance when 
distinguishing each pair of classes (below and to the left) when using the predicted 
probabilities of both classes where the decision threshold is defined by varying the gradient 
of a line p(class1) = m*p(class2). The 2 rightmost columns of panels show the predicted 
probabilities for each class (left) and the ROC curve defined using only these probabilities to 
distinguish the class in a one-versus-all comparison (right). (* confidence intervals could not 
be calculated due to lack of overlap)
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Supplementary Figure 6: Broad disease model predictions in the RNA-Seq cohort using 
microarray derived coefficients. Related to Figure 4. Model coefficients for the 161 probes 
were fitted over the combined training and test sets from the microarray dataset, 
predictions in the RNA-Seq cohort of each broad disease category are based on these 
coefficients as independent linear models without applying the softmax function. Scatter 
plot axes are adjusted such that zero and one correspond to lowest and highest values 
respectively. ROC curves for pairwise comparisons are derived from the ratio of predictions.
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Supplementary Figure 7: Enrichment of (A) gene ontology (biological pathways) and (B) Reactome
terms in the differential expression results. Related to Figure 4. Enrichment for terms in gene sets
with absolute log fold change >1, adjusted p-value <0.01 and mean expression>10 are shown for
each broad disease category for which differential expression was performed relative to the other
disease groups. The pathways are split by direction (red indicates upregulation and blue indicates
downregulation).  For  visualisation  "response",  "regulation"  and  “immunoglobulin”  have  been
shortened to "resp", "reg" and “Ig”respectively.
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