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ABSTRACT
Background  Sepsis affects 25 million children and 
neonates annually, causing significant mortality and 
morbidity. Early identification and treatment are crucial 
for improving outcomes. Identifying children at risk is 
challenging due to clinical heterogeneity and overlap with 
other conditions. Current evaluations of sepsis criteria 
adopt a variable-centred approach, evaluating each 
criterion independently. The objective of this study was to 
explore associations between patterns of sepsis screening 
criteria and sepsis risk in children screened in the 
emergency department (ED) to identify distinct profiles that 
describe the clinical heterogeneity of suspected sepsis.
Methods  This secondary analysis involved 3473 
children screened for sepsis across 12 EDs in Queensland, 
Australia. Bayesian profile regression was used to 
construct data-driven clinical profiles derived from sepsis 
screening criteria and their association with suspected 
sepsis, defined as senior medical officer diagnosis 
and antibiotic administration in the ED. Posterior risk 
probabilities (Prs) with 95% credible intervals (CIs) 
were calculated for each profile. Profiles were internally 
validated by assessing their association with sepsis, septic 
shock, organ dysfunction and infection sources, in both 
adjusted and unadjusted models.
Results  Seven distinct clinical profiles were identified. 
Two profiles were labelled as high risk of suspected sepsis 
(profile 1, n=22: Pr 0.73, 95% CI 0.55, 0.89; profile 2, 
n=150: Pr 0.69, 95% CI 0.59, 0.80), four as moderate risk 
and one as low risk. High-risk profiles were characterised 
by severe illness indicators and elevated lactate levels. 
Moderate-risk profiles included criteria such as altered 
behaviour, young age (<3 months) and respiratory distress. 
High-risk profiles had strong associations with all clinical 
outcomes.
Conclusions  Seven clinical profiles were identified that 
varied in their risk of suspected sepsis and associated 
outcomes. Validation of these profiles in diverse 
populations and identification of which profiles are likely to 
benefit from certain interventions is needed.

INTRODUCTION
Sepsis affects 25 million children and neonates 
per year and is a leading cause of childhood 
mortality and morbidity worldwide.1 It is 

recognised that the early identification and 
treatment of children with sepsis or septic 
shock is critical for improving outcomes.2 
Protocol-based care has been found to 
decrease sepsis-related organ dysfunction, 
hospital and intensive care unit length of 
stay, and mortality.3–6 To aid the timely recog-
nition and treatment of sepsis, the 2020 
Surviving Sepsis Campaign guidelines advo-
cate for the use of systematic screening tools 
to assist in early recognition.7 8 However, the 
non-specific symptoms for sepsis in children 
can be difficult to recognise, especially in 
their early stages. There is significant clinical 
heterogeneity in the physiological signs indic-
ative of sepsis and considerable overlap in the 
presenting signs and symptoms with other 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Early recognition of sepsis remains a hurdle towards 
timely administration of sepsis treatment. The non-
specific symptoms for sepsis in children can be dif-
ficult to recognise, especially in their early stages. 
Current evaluations of sepsis screening criteria for 
children are limited.

WHAT THIS STUDY ADDS
	⇒ Distinct clinical profiles of children screened for sep-
sis in the emergency department were identified and 
internally validated. The profiles were characterised 
by different sepsis risk factors and moderate and 
severe illness features and varied in terms of their 
predicted risk of sepsis.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ This study highlights the potential for using data-
driven clinical profiles to better stratify the risk of 
suspected sepsis in children, particularly in emer-
gency settings. By identifying distinct risk profiles, 
it suggests the need for targeted monitoring and in-
terventions, especially for children in moderate-risk 
groups who may require ongoing reassessment.
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conditions, such as milder infections.9 As such, identi-
fying children who may benefit most from treatment 
remains challenging.10 11

Sepsis screening tools are increasingly being used in 
emergency departments (EDs) to improve the prompt 
recognition of paediatric sepsis and timely initiation of 
treatment. Paediatric sepsis screening tools comprise a 
range of vital signs or risk factors indicative of sepsis in 
children, which are either embedded as alerts into the 
electronic health record11–13 or completed as a checklist 
by treating clinicians,14 15 typically as part of a protoco-
lised bundle of care.5 16–18 Current evaluations of sepsis 
criteria adopt a variable-centred approach,19 where the 
association between each criterion and sepsis is evalu-
ated independently. Variable-centred approaches, such 
as multiple regression, assume that all individuals in 
a sample belong to a single population, where a set of 
averaged parameters is estimated.20 In contrast, person-
centred approaches assume that the sample may include 
multiple subpopulations characterised by different sets of 
parameters.20 The identification of these subpopulations 
can help to understand different responses to treatment 
and support effective decision-making through stratifica-
tion of care.21 22

Person-centred approaches, such as latent-class anal-
ysis and growth mixture modelling, have been used 
to identify clinical phenotypes of paediatric sepsis 
patients23 24 and paediatric patients with acute respira-
tory distress syndrome.25 However, these studies involved 
patients with confirmed diagnoses, and to our knowledge, 
this approach has not been employed to identify profiles 
of children screened for sepsis. Given the clinical hetero-
geneity in the signs and symptoms of paediatric sepsis, 
we used a person-centred approach to explore the asso-
ciation between patterns of sepsis screening criteria and 
sepsis risk in children screened for sepsis in the ED. We 
applied Bayesian profile regression26 to construct clinical 
profiles based on covariate patterns of sepsis screening 
criteria and their association with clinician-diagnosed 
suspected sepsis.

METHODS
Cohort selection
This is a secondary analysis of a screening tool incor-
porated in the Queensland Paediatric Sepsis Pathway 
(PSP). The Queensland Paediatric Sepsis Collaborative 
was a state-wide quality improvement initiative evaluating 
the implementation of the PSP, designed to improve the 
recognition, escalation and management of paediatric 
sepsis.16 Overall, 3473 children (<18 years old) were 
screened for sepsis at 12 participating EDs in Queensland 
during the evaluation period from 4 August 2018 to 31 
December 2019.15

Exposure
The PSP screening tool contained 32 criteria associ-
ated with sepsis which were separated into 4 blocks of 

features corresponding to sepsis indicators (i.e., triggers 
to initiate screening), sepsis risk factors and features of 
severe and moderate illness.14 Children were screened 
using the tool if the ED clinician suspected that the child 
may have sepsis or the child met one or more of the sepsis 
indicator criteria. Children were escalated to review by 
a senior medical officer (SMO) if any of the severe or 
moderate illness features were present.14

Outcomes
The primary outcome used to derive the clinical profiles 
was suspected sepsis, defined by two criteria: (1) the child 
was diagnosed with suspected sepsis by an SMO following 
screening on the PSP and (2) the child was treated with 
intravenous antibiotics in the ED.16

Secondary clinical outcomes of interest included sepsis, 
septic shock, organ dysfunction and infection source. 
Sepsis (children who met criteria for suspected sepsis 
and displayed signs of organ dysfunction) and septic 
shock (children who met criteria for suspected sepsis and 
displayed signs of cardiovascular organ dysfunction) were 
defined as per the 2005 International Pediatric Sepsis 
Definition Consensus Conference (online supplemental 
etable 1).27 Organ dysfunction was recorded during the 
24 hours following suspected sepsis diagnosis in the ED, 
including the presence of any organ dysfunction, as well as 
central nervous system (CNS) and cardiovascular system 
(CVS), renal, haematologic, respiratory and gastrointes-
tinal organ dysfunction (online supplemental etable 1). 
The suspected source of infection was identified from the 
PSP or ED notes or retrieved from the medical record by 
research staff and categorised into sepsis with meningitis, 
sepsis (source unknown, excluding meningitis), pneu-
monia, intra-abdominal, urinary, cellulitis/skeletal/soft 
tissue, central venous access device, febrile neutropenia 
or other sources.

Patient and public involvement
This study is a secondary analysis of the screening tool 
incorporated in the Queensland PSP, and as such, there 
was no patient or public involvement in this specific work. 
However, the Queensland Sepsis Collaborative estab-
lished a paediatric sepsis family group, which contributed 
to workshops on the screening tool design and imple-
mentation.

Statistical analysis
Descriptive statistics of the cohort are presented as counts 
and percentages for categorical variables and medians 
and IQR for continuous variables.

Covariates
The covariates used were the criteria assessed on the PSP 
screening tool. Previous work evaluating this screening 
tool identified 16 of the 32 criteria as being most strongly 
associated with suspected sepsis.14 Therefore, this study 
uses only these 16 criteria as covariates in the derivation 
of the clinical profiles (table 1).
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To assess the association between the clinical profiles 
and secondary outcomes, additional clinical control vari-
ables of gender, triage category (1: highest priority to 5: 
lowest priority), hospital category (quaternary hospital, 
dedicated paediatric hospital, mixed hospital) and admis-
sion time (midnight to 6:00, 6:oo to midday, midday to 
18:00, 18:00 to midnight) were included.

Profile regression
Profile regression was used to cluster the sepsis 
screening criteria to identify clinical profiles (i.e., 
common covariate patterns of sepsis screening 
criteria). Profile regression is a Bayesian clustering 
algorithm which (1) uses a Bayesian mixture model 
framework to partition the observations based on 
similarity in covariate responses, (2) uses Markov 
chain Monte Carlo (MCMC) sampling methods to 
fit the model, which outputs a different partition 
(i.e., different number and composition of clinical 
profiles) at each iteration of the sampler, (3) links 
the profiles to the outcome via a regression model at 
each iteration of the sampler and (4) identifies the 
‘best’ clustering solution (i.e., optimal number and 
composition of clinical profiles) and uses model aver-
aging techniques to summarise the posterior distri-
bution and quantify the uncertainty in the profiles.26 
Detailed descriptions of this method have been 
reported elsewhere.26 28 29

After obtaining the optimal profiles, we categorised 
them into three clinically meaningful categories of 
sepsis risk, based on their posterior mean probability 
of suspected sepsis. Profiles with a posterior mean 
probability of suspected sepsis between ≥10% and 
<50% were defined as moderate risk of sepsis, and 
groups with a posterior probability of suspected 
sepsis ≥50% were defined as high risk of sepsis. 
Profiles with a <10% posterior mean probability of 
suspected sepsis were categorised as low risk. These 
cut-offs were selected through consultation with clin-
ical experts based on their experiences with identi-
fication and treatment of children with paediatric 
sepsis presenting to the ED.

To identify profiles that had higher or lower risk of 
suspected sepsis on average, as well as identify which 
specific sepsis criteria were most prevalent in each 
profile, we calculated centred parameters by subtracting 
the profile-specific probabilities from the overall mean 
probabilities across all profiles.26 Furthermore, we 
examined the posterior distributions of the predicted 
risk for each profile by calculating the probability that 
the centred risk is greater than 0 (i.e., greater than the 
average risk of all profiles)26 and by calculating the odds 
ratio (OR) and 95% credible intervals (CIs) between 
each profile and the reference profile, which we defined 
as the profile with the lowest predicted risk.30 Further 
details of the model specification, prior distributions, 
model estimation and convergence, and model postpro-
cessing are reported in online supplemental methods. All 

analyses were performed using the PReMiuM package29 
in R (V.4.1.1).31

Associations between clinical profiles and secondary clinical 
outcomes
We used Bayesian generalised linear models to assess 
the associations between each clinical profile and the 
secondary clinical outcomes of organ dysfunction and 
suspected source of infection. Models were only esti-
mated for secondary outcomes with ≥5 cases in each 
profile. Log-binomial regression models were used to 
estimate the relative risk (RR) of each secondary outcome 
for each profile, alongside the 95% CIs. Clinical covari-
ates were included as control variables. Models were fit 
in R using the Bayesian Applied Regression Modelling 
via Stan (rstanarm) package.32 Default weakly informa-
tive priors, to provide moderate regularisation and help 
stabilise computation, were used.32

Missing data
As per previous publications using this cohort,14 16 chil-
dren who were missing data used to define the primary 
outcome of suspected sepsis (SMO review and/or anti-
biotic administration in the ED) were coded as 0 (i.e., 
no suspected sepsis). There were no missing data for the 
sepsis screening criteria or any clinical covariates except 
triage category, which was missing for <1% of cases. As a 
Bayesian modelling framework was used, imputation of 
these missing cases was not required.

Internal Validation
We internally validated the clinical profiles by executing 
the profile regression on two stratified random subsam-
ples of the data (50/50 split, stratified by the original 
profile assignments). We fit the profile regression model 
to each subsample and selected the optimal number 
of clusters to be the same as the original analysis. We 
compared the resulting cluster compositions from the 
original analysis to each subsample by visual inspection 
of alluvial diagrams and through calculation of Cohen’s 
kappa and the adjusted Rand index.33–35

To confirm that the clinical profiles were derived based 
on the underlying sepsis risk, we validated the profiles 
by evaluating the association between the clinical profiles 
and the sepsis and septic shock outcomes using Bayesian 
log-binomial regression models.

RESULTS
Cohort description
3473 children were screened for sepsis using the PSP. The 
median age of the children screened was 2.1 years (IQR 
0.9–5.6) and 54.8% were male (table 1). 523 (15.1%) met 
the criteria for suspected sepsis (table 2). Of these, 210 
(40.1%) children met criteria for sepsis, including 146 
(27.9%) that met criteria for septic shock. The top three 
sources of infection for all children screened were pneu-
monia (n=268, 7.7%), sepsis with meningitis (n=243, 

https://dx.doi.org/10.1136/bmjpo-2024-003100
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7.0%) and sepsis (source unknown, excluding menin-
gitis) (n=189, 5.4%). Of the children screened, 518 
(14.9%) had organ dysfunction, of which 308 (59.5%) 
did not meet criteria for suspected sepsis. The most 
common types of organ dysfunction were CVS (n=260, 
50.1%) and CNS (n=230, 44.4%) dysfunction.

Description of profiles
The convergence statistics and procedures indicated that 
all parameters had sufficiently converged (online supple-
mental methods, efigure 1, etable 2). Postprocessing 
the MCMC chains revealed seven profiles, each with a 
differing predicted risk probability of suspected sepsis 
(table 2, figure 1) and characterised by a distinct subset 
of the sepsis screening criteria (table 1, figure 2, online 
supplemental efigure 2).

Two profiles had a high risk of sepsis (high risk 
1 profile: risk probability (Pr) 0.73, 95% CI 0.55, 
0.89; high risk 2 profile: Pr 0.69, 95% CI 0.59, 0.80) 
(table  3, figure  1). The high risk 1 profile was the 
smallest profile (n=22), representing less than 1% of 
the total cohort and included children with features 
of severe illness indicating likely organ dysfunction 
as well as multiple sepsis indicator and risk factor 
characteristics, including ‘altered behaviour’ and 
‘chronic disease’ (table  1, figure  2). Four percent 
(n=150) of the cohort were assigned to high risk 2 

profile, which was primarily characterised by elevated 
lactate and non-blanching rash (table  1, figure  2). 
Both these high-risk profiles were also characterised 
by two of the sepsis indicator criteria, ‘healthcare 
worker concern’ and ‘looks sick’.

Four profiles had moderate risk of sepsis (table 3, 
figure  1) and were each characterised by a distinct 
profile of sepsis screening criteria (table  1, online 
supplemental efigure 2). Moderate risk 1 profile was 
characterised by altered behaviour and/or reduced 
level of consciousness. Moderate risk 2 profile was 
primarily composed of infants (age <3 months). 
Moderate risk 3 profile was characterised by children 
with severe respiratory distress and tachycardia, and 
moderate risk 4 profile had children with features of 
moderate illness (increased capillary refill time and 
cold extremities). All remaining children were allo-
cated to the low-risk profile (online supplemental 
efigure 2), which was not characterised by any sepsis 
screening criteria and had the lowest predicted risk 
of sepsis.

Secondary outcomes
All the high-risk and moderate-risk profiles had 
higher risk for all organ dysfunction outcomes 
compared with the low-risk profile (table 4). For any 
organ dysfunction and cardiovascular dysfunction, 
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Figure 1  Posterior mean and 95% credible intervals of the centred risk for each profile. The line at zero indicates the average 
risk of sepsis across all profiles.
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https://dx.doi.org/10.1136/bmjpo-2024-003100
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the risk was greatest for the high-risk profiles and 
moderate risk 1 profile (characterised by altered 
behaviour). The highest risk of CNS dysfunction was 
exhibited by high risk 1 and moderate risk 1 profiles.

All high-risk and moderate-risk profiles had higher 
risk for sepsis with meningitis as the source of infec-
tion, compared with the low-risk profile (table  4), 
with both high-risk profiles and moderate risk 1 
(altered behaviour) and 2 (age <3 months) profiles 

exhibiting the highest risk. For sepsis (source 
unknown, excluding meningitis) as the focus of 
infection, all high and moderate risk profiles had 
higher risk compared with the low-risk profile, with 
high-risk 2 profile, characterised by elevated lactate, 
displaying the highest risk. Finally, all high-risk and 
moderate-risk profiles had greater risk of pneumonia 
as the source of infection compared with the low-
risk profile, except for moderate-risk 2 profile (age 

Age < 3 months

Capillary refill > 3 seconds

Cold extremities

Immunocompromised

Non−blanching rash

Hypothermia

Hypotension

Chronic disease

HCW concern

Looks sick

Lactate > 2 mmol/L

Altered behaviour

Severe respiratory distress

Severe tachycardia

Altered AVPU

Need oxygen

0.00 0.25 0.50 0.75
Posterior mean deviation (95% CI)

High Risk 1: n = 22
A

Altered AVPU

Altered behaviour

Need oxygen

Capillary refill > 3 seconds
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Severe respiratory distress

Hypotension

Hypothermia
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Non−blanching rash
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−0.2 0.0 0.2
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High Risk 2: n = 150
B

Feature prevalence High Moderate Low

Figure 2  (A) Profile plot of the highest-risk profile (profile 1). (B) Profile plot of the high-risk profile (profile 2). For each feature, 
the posterior mean deviation and 95% credible interval (CI) from the average prevalence across all profiles (represented by the 
line at 0) is displayed. Features which are more prevalent within the subgroup compared with the average across all groups are 
presented in red, and features which are less prevalent within the subgroup compared with the average across all groups are 
presented in green. AVPU, Alert, Verbal, Pain, Unresponsive scale; HCW, healthcare worker.
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<3 months). The high-risk 1 profile (severe illness 
features) and the moderate-risk 3 profile (severe 
tachycardia) displayed the highest risk.

Internal validation
The cluster memberships derived in the subsamples 
demonstrated moderate agreement to the original 
cluster memberships (Cohen’s κ subsample 1=0.68, 
95% CI (0.65, 0.70), adjusted Rand index 0.71; Cohen’s 
κ subsample 2=0.71, 95% CI (0.68, 0.74), adjusted Rand 
index 0.75). Alluvial diagrams displaying the agreement 
between the cluster memberships show some consist-
ency in the cluster assignments with some splitting and 
merging of clusters (online supplemental efigure 3 and 
4). The original high-risk 1 profile, the smallest high-risk 
profile, was not represented in either subsample.

The evaluation of the association between the clin-
ical profiles and the sepsis and septic shock outcomes 
confirmed that the clinical profiles were derived based 
on the underlying sepsis risk, whereby the highest risk 
profiles exhibited over 100-fold risk of sepsis and septic 
shock risk compared with the low-risk profile (online 
supplemental etable 3). For the moderate risk profiles, 
the risk of sepsis and septic shock aligned with the orig-
inal risk probabilities of suspected sepsis, confirming the 
validity of the risk assignments.

DISCUSSION
Using Bayesian profile regression, we identified seven 
distinct clinical profiles of sepsis screening criteria in 
children screened for sepsis in the ED, each differing 
in their associated risk of suspected sepsis. Two profiles 
had a high risk of suspected sepsis: High risk 1 profile, 
with the smallest number of children assigned to it, was 
characterised by features of severe illness and linked to 
higher severity presentations of sepsis,36–39 and high-risk 
2, primarily marked by elevated lactate, which is known to 
predict sepsis in children.40–42 Both high-risk profiles were 
strongly associated with organ dysfunction and infection 

outcomes. Four profiles had moderate risk for suspected 
sepsis, each with unique characteristics suggesting poten-
tial for deterioration. For example, the moderate risk 1 
profile was associated with neurological dysfunction and 
linked to CNS organ dysfunction, while moderate risk 3, 
marked by severe respiratory distress and tachycardia, 
was strongly associated with pneumonia. The last profile 
had a low risk of suspected sepsis.

Bayesian profile regression has several strengths over 
other clustering methods and mixture model approaches. 
First, Bayesian profile regression is a semisupervised 
method which identifies representative profiles based not 
only on the similarity of the features (i.e., sepsis screening 
criteria), but also on their association with the primary 
outcome (i.e., suspected sepsis). Second, unlike other 
clustering algorithms and mixture models,43 44 Bayesian 
profile regression is a non-parametric model that uses a 
Dirichlet process prior to model the number of clusters 
and, therefore, does not require the number of profiles 
to be prespecified.26 45 Finally, by using a Bayesian frame-
work, the uncertainty in the profile assignments can be 
explicitly quantified through Bayesian model averaging.

This cohort had low acuity and were all from the same 
well-resourced geographical area. As Bayesian profile 
regression is largely dependent on the data that is used 
to construct the profiles, external validation is needed 
to verify if the profiles observed using these data are 
represented in profiles derived from other cohorts, 
particularly from diverse settings. Previous research has 
found similar profiles in a very different population of 
children,46 suggesting that some profiles may be stable 
across different populations. When internally validating 
the profiles through split-stratified sampling, we found 
moderate agreement between the clustering solutions. 
Although the highest-risk profile, with the smallest 
number of children assigned to it, was not represented 
in either subsample, most observations from this high-
risk group merged with observations from the high-risk 
2 profile and moderate-risk 1 profile in both subsamples 

Table 3  Predicted risk of suspected sepsis for each of the seven clinical profiles: profile size, posterior mean and 95% CIs of 
the uncentred risk, probability that the centred risk is greater than zero, and odds ratio of the predicted risk with the low-risk 
profile as the reference category

Profile Profile size
Posterior mean
(95% CI) Pr (‍p

∗
c > 0‍) OR (95% CI)

High risk 1 (severe features) 22 0.73 (0.55, 0.89) 1.00 61.66 (15.15, 125.30)

High risk 2 (elevated lactate) 150 0.69 (0.59, 0.80) 1.00 46.60 (22.58, 75.14)

Moderate risk 1 (altered behaviour) 111 0.39 (0.31, 0.48) 0.78 12.96 (8.01, 18.37)

Moderate risk 2 (age <3 months) 299 0.31 (0.27, 0.36) 0.03 9.02 (6.42, 11.80)

Moderate risk 3 (severe tachycardia) 420 0.23 (0.19, 0.27) 0.00 5.97 (4.32, 7.75)

Moderate risk 4 (moderate features) 533 0.14 (0.11, 0.17) 0.00 3.17 (2.27, 4.12)

Low risk 1938 0.05 (0.04, 0.06) 0.00 1.00 (Reference)

Pr (‍p
∗
c > 0‍): Probability that the centred risk is greater than zero.

CI, credible interval; OR, odds ratio.

https://dx.doi.org/10.1136/bmjpo-2024-003100
https://dx.doi.org/10.1136/bmjpo-2024-003100
https://dx.doi.org/10.1136/bmjpo-2024-003100
https://dx.doi.org/10.1136/bmjpo-2024-003100
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Table 4  Associations between clinical profiles and secondary outcomes of organ dysfunction type and sources of infection

Outcome Clinical profile
Unadjusted RR
(95% CI)

Adjusted RR 
(95% CI)*

Organ dysfunction outcomes

 � Any organ dysfunction High risk 1 (severe features) 13.26 (10.61, 16.20) 11.04 (8.81, 13.66)

 �  High risk 2 (elevated lactate) 6.79 (5.27, 8.61) 6.74 (5.34, 8.60)

 �  Moderate risk 1 (altered 
behaviour)

9.56 (7.66, 11.84) 9.44 (7.58, 11.67)

 �  Moderate risk 2 (age <3 months) 2.98 (2.23, 3.92) 2.96 (2.21, 3.88)

 �  Moderate risk 3 (severe 
tachycardia)

3.00 (2.31, 3.80) 2.98 (2.34, 3.83)

 �  Moderate risk 4 (moderate 
features)

1.85 (1.40, 2.44) 1.84 (1.39, 2.42)

 �  Low risk 1.00 (Reference) 1.00 (Reference)

 � Central nervous system 
dysfunction

High risk 1 (severe features) 28.34 (18.79, 41.00) 23.85 (15.85, 34.76)

 �  High risk 2 (elevated lactate) 5.62 (3.34, 8.96) 5.71 (3.46, 9.03)

 �  Moderate risk 1 (altered 
behaviour)

22.13 (16.28, 30.73) 22.22 (15.88, 31.19)

 �  Moderate risk 2 (age <3 months) 2.14 (1.16, 3.73) 2.13 (1.18, 3.59)

 �  Moderate risk 3 (severe 
tachycardia)

4.23 (2.84, 6.26) 4.30 (2.85, 6.38)

 �  Moderate risk 4 (moderate 
features)

1.80 (1.09, 2.88) 1.84 (1.09, 2.93)

 �  Low risk 1.00 (Reference) 1.00 (Reference)

 � Cardiovascular dysfunction High risk 1 (severe features) 17.88 (10.68, 26.14) 16.41 (10.37, 23.85)

 �  High risk 2 (elevated lactate) 11.25 (8.14, 15.43) 10.80 (7.72, 15.00)

 �  Moderate risk 1 (altered 
behaviour)

8.09 (5.30, 12.14) 7.93 (5.15, 11.78)

 �  Moderate risk 2 (age <3 months) 3.12 (2.00, 4.70) 3.04 (1.93, 4.61)

 �  Moderate risk 3 (severe 
tachycardia)

2.98 (2.00, 4.32) 2.93 (2.00, 4.27)

 �  Moderate risk 4 (moderate 
features)

1.87 (1.21, 2.79) 1.81 (1.18, 2.72)

 �  Low risk 1.00 (Reference) 1.00 (Reference)

Focus of infection outcomes

 � Sepsis with meningitis High risk 1 (severe features) 17.26 (8.12, 30.11) 17.34 (8.25, 30.97)

 �  High risk 2 (elevated lactate) 14.13 (9.40, 20.94) 13.69 (9.17, 20.47)

 �  Moderate risk 1 (altered 
behaviour)

14.26 (9.19, 21.61) 13.68 (8.91, 21.14)

 �  Moderate risk 2 (age <3 months) 11.26 (7.85, 16.44) 11.22 (7.69, 16.38)

 �  Moderate risk 3 (severe 
tachycardia)

3.28 (2.04, 5.17) 3.28 (1.98, 5.16)

 �  Moderate risk 4 (moderate 
features)

2.31 (1.40, 3.77) 2.31 (1.36, 3.74)

 �  Low risk 1.00 (Reference) 1.00 (Reference)

 � Sepsis (source unknown, 
excluding meningitis)

High risk 1 (severe features) 5.94 (1.38, 15.98) 5.88 (1.34, 14.65)

 �  High risk 2 (elevated lactate) 11.32 (7.35, 17.59) 11.08 (7.20, 16.68)

 �  Moderate risk 1 (altered 
behaviour)

5.97 (3.13, 10.56) 5.64 (3.05, 9.87)

Continued
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(both high severity groups with high risk of suspected 
sepsis). This demonstrates that although the profiles may 
not be exactly reproducible, they still may be generalis-
able in terms of their sepsis risk.

This exploratory study used clustering methods to iden-
tify data-driven clinical symptom profiles, which may not 
be generalisable to other cohorts and are not intended 
for clinically diagnostic use. The primary outcome for 
deriving the profiles was clinician-diagnosed suspected 
sepsis, based on SMO judgement that ‘sepsis is likely’, 
which may introduce misclassification bias,13 but reflects 
real clinical practice. Internal validation showed consis-
tent risk probabilities between the clinical profiles and 
the sepsis and septic shock outcomes. Predefined cut-offs 
were used to classify profiles into low, moderate or high 
sepsis risk, with a predicted risk >50% for high-risk and 
10%–50% for moderate-risk profiles. These cut-offs, devel-
oped in consultation with clinicians, may need further 
refinement. Previous research on sepsis subgroups has 
mostly focused on adult cohorts with a confirmed sepsis 
diagnosis,47 limiting our ability to compare to existing 
derived subgroups. However, our two high-risk profiles 
share similarities with groups identified in the reanalysis 
of a landmark paediatric fluid trial examining fluid bolus 
in resuscitation among febrile children in Africa (FEAST 
trial),46 which used Bayesian clustering to identify groups 
marked by severe respiratory and neurological dysfunc-
tion and elevated lactate, both associated with higher 
mortality.

Our study aimed to explain the clinical heterogeneity 
of children screened for sepsis in the ED, irrespective of 

diagnosis. This approach allowed us to identify the most 
common patterns of presenting signs and symptoms of 
children screened for sepsis in the ED and the associated 
risk of sepsis of each of those common patterns. The 
moderate-risk profiles that were uncovered reflect the 
clinical heterogeneity of paediatric sepsis, where although 
children at a high risk or low risk of sepsis can easily be 
identified through their presenting signs and symptoms, 
for the moderate-risk profiles, there is lower certainty for 
ruling out sepsis and, therefore, rescreening or ongoing 
monitoring of these children may be required.

This study contributes to the development of clin-
ical profiles in children screened for sepsis in the ED. 
Using Bayesian profile analysis, we have identified seven 
distinct profiles which differ in terms of their predicted 
risk of suspected sepsis, as well as their association with 
organ dysfunction and source of infection outcomes. 
Future research should focus on the stability of these 
profiles, as well as identify which profiles are more or 
less likely to benefit from certain interventions. In addi-
tion, combining these clinical profiles with biological 
and genetic markers would provide a holistic perspective 
into the mechanisms associated with the development of 
sepsis in children.
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Outcome Clinical profile
Unadjusted RR
(95% CI)

Adjusted RR 
(95% CI)*

 �  Moderate risk 2 (age <3 months) 5.17 (3.27, 8.10) 5.23 (3.34, 8.03)

 �  Moderate risk 3 (severe 
tachycardia)

2.51 (1,50, 4.25) 2.47 (1.45, 4.03)

 �  Moderate risk 4 (moderate 
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 �  Low risk 1.00 (Reference) 1.00 (Reference)

 � Pneumonia High risk 1 (severe features) 7.50 (3.48, 13.51) 7.14 (3.44, 12.46)

 �  High risk 2 (elevated lactate) 3.08 (1.86, 4.78) 3.15 (1.93, 4.92)

 �  Moderate risk 1 (altered 
behaviour)

2.42 (1.24, 4.23) 2.33 (1.21, 4.07)

 �  Moderate risk 2 (age <3 months) 0.81 (0.39, 1.46) 0.84 (0.40, 1.51)

 �  Moderate risk 3 (severe 
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5.99 (4.54, 7.81) 6.00 (4.55, 7.94)
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1.94 (1.32, 2.81) 1.97 (1.37, 2.82)

 �  Low risk 1.00 (Reference) 1.00 (Reference)

*Adjusted for gender, triage category, site type (quaternary, specialised, mixed) and admission time (midnight–6:00, 6:00–midday, 
midday–18:00, 18:00–midnight).
CI, credible interval; RR, risk ratio.
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