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Abstract

Objectives

Pneumonia is the most common bacterial infection in children at the emergency department
(ED). Clinical prediction models for childhood pneumonia have been developed (using
chest x-ray as their reference standard), but without implementation in clinical practice.
Given current insights in the diagnostic limitations of chest x-ray, this study aims to validate
these prediction models for a clinical diagnosis of pneumonia, and to explore their potential
to guide decisions on antibiotic treatment at the ED.

Methods

We systematically identified clinical prediction models for childhood pneumonia and
assessed their quality. We evaluated the validity of these models in two populations, using a
clinical reference standard (1. definite/probable bacterial, 2. bacterial syndrome, 3. unknown
bacterial/viral, 4. viral syndrome, 5. definite/probable viral), measuring performance by the
ordinal c-statistic (ORC). Validation populations included prospectively collected data of
children aged 1 month to 5 years attending the ED of Rotterdam (2012-2013) or Coventry
(2005—-2006) with fever and cough or dyspnoea.

Results

We identified eight prediction models and could evaluate the validity of seven, with original
good performance. In the Dutch population 22/248 (9%) had a bacterial infection, in Coven-
try 53/301 (17%), antibiotic prescription was 21% and 35% respectively. Three models pre-
dicted a higher risk in children with bacterial infections than in those with viral disease (ORC
>0.55) and could identify children at low risk of bacterial infection.
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Conclusions

Three clinical prediction models for childhood pneumonia could discriminate fairly well
between a clinical reference standard of bacterial versus viral infection. However, they all
require the measurement of biomarkers, raising questions on the exact target population
when implementing these models in clinical practice. Moreover, choosing optimal thresholds
to guide antibiotic prescription is challenging and requires careful consideration of potential
harms and benefits.

Introduction

Community-acquired pneumonia is the second largest cause of childhood mortality world-
wide [1]. Despite improvements over the past decades, lower respiratory tract infections are
still responsible for 103.3 deaths per 100,000 people in children under five years globally, with
large differences across regions [2]. Respiratory tract infections are also a common reason for
emergency department (ED) visit and the most frequent indication for antibiotic prescription
in children [1, 3]. Discriminating bacterial infections that require antibiotic treatment from
viral, self-limiting disease is one of the biggest diagnostic challenges in childhood pneumonia.
Chest x-ray is no longer recommended as the gold standard for bacterial pneumonia [4], and
routinely available biomarkers are not pathognomonic for this diagnosis [5]. At the same time,
accurate diagnosis of bacterial infection is crucial, since misuse of antibiotics is associated with
increased antimicrobial resistance, which in turn also causes morbidity and mortality [6]. Cur-
rent antibiotic prescription for suspected pneumonia in Western countries ranges from 23—
59% with wide acknowledgement that a considerable proportion of these antibiotics are not
necessary [3, 7].

In order to standardize the evaluation and treatment of children suspected of pneumonia,
clinical decision support systems could be useful tools to classify children into a high or low
risk profile [8]. Multiple clinical prediction models for childhood pneumonia have been devel-
oped. Even though their current use in clinical practice is limited, they may play a role as treat-
ment decision support, thereby improving rational antibiotic prescription. However, since
those models are mainly developed with chest x-ray as their reference standard, it is unclear if
they can also validly predict a clinically based diagnosis of pneumonia. Moreover, the question
is whether these models can be translated into clinical practice by guiding decisions on antibi-
otic treatment.

This study aims to systematically search available clinical prediction models for childhood
pneumonia in ED settings in high-income countries, to evaluate their validity using a new,
clinical diagnosis reference standard, and to explore their potential to guide decisions on anti-
biotic treatment.

Methods
Selection and quality assessment of prediction models

A systematic search for prediction models of childhood pneumonia was performed in Embase,
Medline Ovid, Web of science, PubMed and Google scholar in September 2017. We included
studies on diagnosis and treatment of uncomplicated childhood pneumonia in ED settings in
Western countries published since 2000 (see search strategy and exclusion criteria, S1 Text).
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JvdM and BK performed the selection independently, discrepancies were discussed within the
research group and decided using consensus.

We evaluated the clinical prediction models for their quality and diagnostic value. Quality
assessment was performed by JvdM and checked by RO, using the QUADAS-2 tool for diag-
nostic studies [9]. We assessed their level of validation using the guideline proposed by the Evi-
dence-Based Working Group [10] with one added category as described by Reilly [11],
ranging from level 1 ‘derivation of the model without validation’ to level 5 ‘proven by broad
impact analysis’.

Validation study

Validation populations. We retrospectively evaluated the validity of the identified predic-
tion models in two study populations [12, 13]. Population 1 included 248 children aged 1
month to 5 years presenting at the ED in 2012-2013 with fever and cough or dyspnoea, from a
prospective study at the Erasmus MC—Sophia, Rotterdam, the Netherlands [12]. Population 2
included 301 children aged 3 months to 5 years presenting with fever and respiratory symp-
toms at a paediatric assessment unit at the University Hospitals Coventry and Warwickshire
NHS Trust, United Kingdom (UK), in 2005-2006 [13]. In both databases children with
comorbidity related to increased risk of bacterial infection or complications were excluded,
such as severe neurological impairment, immunodeficiency and severe pulmonary or cardiac
defects. Follow-up was available for both populations, reducing the risk of missing (untreated)
serious infections. The studies in these populations were approved by the Medical Ethics Com-
mittee of the Erasmus MC (Rotterdam) and the Coventry Local Research Ethics Committee.
Written informed consent was obtained for both populations [12, 13].

Reference standard. As chest x-ray is no longer recommended as a gold standard in clini-
cal practice, the diagnosis of bacterial pneumonia is mostly a clinically based diagnosis. A
model that may reflect this clinical approach, is an algorithm published by Herberg et.al., clas-
sifying the potential aetiology of febrile illness in children [14]. For this study, we used a refer-
ence standard adapted to this model, classifying patients’ cause of respiratory tract infection
from bacterial to viral (see S1 Fig). First, we pre-specified what working diagnosis would be
classified as ‘bacterial syndrome’, ‘viral syndrome’ or ‘unknown bacterial/viral’, the first step of
the algorithm. Then we categorized all patients based on their working diagnosis as docu-
mented in the different databases. We used the working diagnosis that was attributed by the
attending clinician at the end of the ED visit, based on patient assessment and routine diagnos-
tic tests. As a second step, we used identification of bacteria or viruses and CRP-level (>60
mg/l or <60mg/l) to further differentiate the clinical diagnosis. Diagnostic tests from routine
care included viral PCR of nasopharyngeal swab and blood cultures, as performed at the dis-
cretion of the clinician. Given a low number of pathogens identified we had few definite diag-
noses, so we classified patients into to five categories: definite or probable bacterial (1),
bacterial syndrome (2), unknown bacterial or viral (3), viral syndrome (4) and definite or
probable viral (5). For example, a child presenting with bronchiolitis (viral syndrome at first
step), no virus or bacteria identified and a CRP-level of >60mg/l would be classified as having
aviral syndrome. A child with a working diagnosis of pneumonia (unknown viral/bacterial at
first step), the CRP-level would lead to either bacterial syndrome (in case of high CRP), viral
syndrome (in case of low CRP) or remain unknown bacterial/viral (in case of no CRP per-
formed). Patients with a bacterial and viral co-infection were classified as bacterial infection,
given the consequences for treatment.

Statistical analysis. Missing values were imputed 10 times using the mice package in R
(version 3.3.2), resulting in 10 separate datasets with complete (imputed) information. The
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imputation model included information about clinical signs and symptoms, referral, diagnos-
tic tests and treatment. We performed all analyses of the validation on the 10 imputed datasets
and then averaged the results [15]. When a variable of a prediction model was completely
missing in our database, multiple imputation was not possible and we used a proxy (e.g.
‘retractions’ as a proxy variable for ‘dyspnoea’, if ‘dyspnoea’ was not available). For continuous
variables, the prevalence of that variable in the original derivation population of the prediction
model was used (mean imputation) [16]. CRP-level was truncated at the level of 225 mg/L, fol-
lowing the study of Nijman [17].

We evaluated the validity of those prediction models of which more than 50% of the predic-
tors were available in our database, assuming this as a minimum for credible predictions [16].
We calculated the risk of bacterial pneumonia using each of the included prediction models
for all children in our study populations, illustrated by histograms and boxplots. To measure
performance, we calculated the ordinal c-statistic (ORC)-a measure similar to the area under
the receiver-operating-curve (AUC), but for ordinal instead of dichotomous outcomes. This
statistic can be interpreted as the probability that two cases of randomly selected outcome cate-
gories are correctly ranked [18]. We defined models with an ORC of at least 0.55 as performing
well and explored their potential to guide antibiotic prescription. For this purpose, we evalu-
ated the harms and benefits of withholding antibiotics in low-risk patients, compared to the
observed usual care in which treatment decisions were based on clinical judgment and routine
diagnostic tests. Benefit was defined as the potential reduction of antibiotic prescription and
harm as the potential risk of under treatment. Under treatment was defined as children that
were classified as having a bacterial infection and who had been treated with antibiotics, but
whom the prediction model classified as low-risk. We explored different thresholds for the
prediction models to define low-risk and evaluated their effect on harms and benefits. All anal-
yses were performed using SPSS (IBM version 24.0) and R (version 3.3.2).

Results
Identification, quality and original performance of prediction models

We identified 4324 unique articles (after removal of duplicates). Based on title and abstract
4176 articles were excluded as not relevant (see S2 Fig). After full-text selection and searching
references, 11 articles were eligible for inclusion (see Table 1). Eight were primary derivation
studies, describing different prediction models [17, 19-25], three were validation or impact
studies of three of these models [12, 26, 27] and one derivation study also included the valida-
tion of another model [25]. Even though VandenBruel’s model was derived mainly in general
practice setting, it was also validated in an ED setting, and therefore included in our study.
Most studies included children up to the age of 16, but the majority of the included patients in
all studies were under five. Most studies had radiographic pneumonia as their reference stan-
dard, except for VandenBruel’s study that used hospitalization for radiographic pneumonia as
its reference standard (Table 1). All prediction models aimed to improve clinical decision-
making in the child suspected of bacterial pneumonia. Three studies mainly focused on deci-
sions on diagnostic tests [19, 21, 23]; the other studies also mentioned the potential of the
models to improve management decisions on antibiotic treatment, admission or referral [17,
20, 22, 24, 25].

In general the quality of the prediction models was moderate (see Table 1 and S3 Fig) with
3 models having some risk of bias [19, 21, 24] and one study with concerns about the applica-
bility [20]. Nijman’s model was evaluated most thoroughly including impact analysis [17]. The
models by VandenBruel, Lynch and Oostenbrink were broadly validated in previous studies
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Table 1. Characteristics of clinical prediction models.

Clinical Setting | Population Original Prevalence | Statistical Predictor Performance Level of | QUADAS-2
prediction reference pneumonia | model variables evidence**
rule standard
Risk classification (high versus low Sensitivity | Specificity | LR+ | LR- risk of bias /
risk) concern
applicability
1. Mahabee Us 2m - 5y, radiographic | 44/510(8.6) | MLRM | age>12 months, 63.6 77 2.8 | 05 1 low / low
(2005)[23] cough + 1 of | pneumonia respiratory rate
following: >50/min,
labored/ oxygen
rapid/noisy saturation
breathing; <96%, nasal
chest/ flaring in age
abdominal <12months
pain; fever
2.Bruel,van | BE* | < 17y, acute hospital 15/3981 CART dyspnea, 93.8 93.2 13.9 | 0.07 3 low / high
den (2007) illness admission for (0.4) ’something is
[20] radiographic wrong’
pneumonia
Verbakel NL " " 17/506 (3.3) 94.1 44.6 1.7 1 0.13 NA,
(validation 1, different
2013)[26] datasets
Verbakel UK " " 131/2687 92.4 414 1.58 | 0.18
(validation 2, (4.9)
2013)
Verbakel NL " " 114/1750 65.8 43.1 1.16 | 0.79
(validation 3, (6.5)
2013)
Verbakel NL " " 54/595 (9.1) 81.5 45.5 1.49 | 0.41
(validation 4,
2013)
Verbakel UK " " 67/700 (9.6) 26.9 89.1 2.46 | 0.82
(validation 5,
2013)
3. Neuman Us < 21, chest | radiographic | 422/2574 CART oxygen 90.1 21.6 1.2 | 04 1 some / low
(2011)[21] X-ray for pneumonia (16.4) saturation
suspected <92%, history of
pneumonia fever, wheezing,
focal rales, chest
pain, focal
decreased breath
sounds
Probability (predicted AUC
risk in %)
4. Lynch us 1-16y, chest | radiographic 204/570 MLRM | fever, decreased 0.67 3 some / low
(2004)[19] X-ray for pneumonia (35.8) breath sounds,
suspected crackles,
pneumonia tachypnea
Bilkis us ! 179/257 0.7 some / some
(validation, (69.6)
2010)[27]

(Continued)
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Table 1. (Continued)

Clinical Setting = Population Original Prevalence | Statistical Predictor Performance Level of | QUADAS-2
prediction reference pneumonia | model variables evidence**
rule standard
Risk classification (high versus low Sensitivity | Specificity | LR+ | LR- risk of bias /
risk) concern
applicability
5. NL 1m - 16y, nodular 78/504 MLRM ill appearance, 0.79 3 some / low
Qostenbrink fever and infiltration or (15.5) tachypnea, O2
(2013)[24] cough consolidation <94%, CRP
on radiograph
/ rule out
pneumonia by
noneventful
followup /
consensus
Oostenbrink NL " 58/420 0.81
(validation 1, (13.8)
2013)
Qostenbrink NL " 271366 (7.4) 0.86
(validation 2,
2013)
6. Craig AU <5y, fever | consolidation | 533/15781 MLRM general 0.84 2 low / low
(2010)[22] on radiograph (3.4) appearance,
cough,
temperature,
breathing
difficulty,
abnormal chest
sounds, chronic
disease, capillary
refill time,
urinary
symptoms,
elevated
respiratory rate,
crackles,
pneumococcal
vaccine status,
elevated heart
rate, felt hot,
meningococcal
vaccine state,
infectious
contacts, crying,
fluid intake,
respiratory
symptoms,
diarrhoea,
bulging
fontanelle, male
sex, focal
bacterial
infection,
abnormal ear/
nose/throat
signs, age, rash,
stridor, wheeze
Craig AU ! 193/5584 0.84 low / low
(validation, (3.5)
2010)
(Continued)
6/15
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Table 1. (Continued)

Clinical Setting = Population Original Prevalence | Statistical Predictor Performance Level of | QUADAS-2
prediction reference pneumonia | model variables evidence**
rule standard
Risk classification (high versus low Sensitivity | Specificity | LR+ | LR- risk of bias /
risk) concern
applicability
7. Nijman NL 1m - 15y, nodular 171/2717 MLRM age, sex, 0.81 4 low / low
(2013)[17] fever infiltration or (6.3) duration of
consolidation fever,
on radiograph; temperature,
rule out respiratory rate,
pneumonia by heart rate,
noneventful oxygen
followup saturation,
capillary refill,
retractions, ill
appearance, CRP
Nijman NL 59/487 0.81 low / low
(validation, (12.1)
2013)
De Vos NL 33/439 (7.5) 0.83 low / low
(validation,
2015) [12]
8. Irwin Us <16y, respiratory | 63/532(12) | MLRM | CRP, respiratory 0.84 1 low / low
(2017)[25] (history of) symptoms, rate, normal air
fever signs and focal entry, resistine,
consolidation procalcitonin

on radiograph

m = months, y = years, ED = emergency department, GP = general practice, US = United States of America, BE = Belgium, NL = the Netherlands, AU = Australia,

UK = United Kingdom

CART = classification and regression tree, MLRM = multivariable linear regression model, LR+ = positive likelihood ratio, LR- = negative likelihood ratio, AUC = area

under the receiver operating curve

*derived in general practice and emergency department, validated in ED

Pas described by Reilly (range 1 (only derived) to 5 (proven by broad impact analysis)[11]

https://doi.org/10.1371/journal.pone.0217570.t001

[19, 20, 24]; those by Mahabee-Gittens, Neuman, Craig and Irwin were only derived or vali-
dated in one setting by the original authors [21-23, 25].

Three prediction models provided a risk classification (high versus low risk), based on the
presence of specific symptoms [20, 21, 23]. Of these models, sensitivity at model development
was moderate to good, with varying specificity (see Table 1). Only VandenBruel’s model was
validated in different settings, performing poorly due to high sensitivity and low specificity in
three settings, the opposite in another setting, and in a last setting both poor sensitivity and
specificity [26]. The other four prediction models provided a probability (predicted risk in %)
of pneumonia, based on a multiple logistic regression model [17, 19, 24, 25]. These models
showed moderate to good performance at development (AUC ranging from 0.67 to 0.84) as
well as in the validation studies [22, 24, 26].

Validation study

Table 2 shows the baseline characteristics of the two populations. Using the clinical diagnosis,
bacterial infection rate ranged from 9-17% and 38-41% were classified as ‘unknown’. Of this
latter category 74-87% recovered without antibiotics. We included seven prediction models in
our validation study. We did not assess validity of Craig’s model as only 14/28 variables were
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Table 2. Baseline characteristics of validation populations.

Rotterdam, n = 248 Coventry, n = 301
Predictor variables median (IQR) or n(%) median (IQR) or n(%)
Age (months) 14 (7-27) 19 (12-31)
Gender (male) 148/248 (60%) 174/301 (58%)
Temperature (C°) 38.2 (37.4-39.1) 38.2(37.5-39.1)
Duration of fever (days) 3(2-4) not available
Tachypnea 81/183 (44%) 154/258 (60%)
Tachycardia 66/207 (32%) 191/294 (65%)
Oxygen saturation (%) 98 (97-100) 97 (95-98)
Ill appearance 35/149 (23%) 1/301 (0%)
Dyspnoea 106/248 (43%) 81/301 (27%)
Decreased breath sounds 12/136 (9%) not available
Crackles 30/127 (24%) not available
Focal rales 67/151 (44%) not available
Retractions 68/107 (64%) not available
Nasal flaring 29/58 (50%) not available
Prolonged capillary refill (>2sec) 10/53 (19%) 58/187 (31%)
Diagnostics and treatment
CRP measured 94/248 (38%) 109/301 (36%)
CRP (mg/L) 16 (7-42) 45 (19-122)
X-ray performed 42/248 (17%) 67/301 (22%)
Antibiotics prescribed 51/248 (21%) 105/301 (35%)
Clinical diagnosis (S1 Fig)
Definite or probable bacterial 18/248 (7%) 37/301 (12%)
Bacterial syndrome 4/248 (2%) 16/301 (5%)
Unknown 94/248 (38%) 122/301 (41%)
Viral syndrome 59/248 (24%) 72/301 (24%)
Definite or probable viral 73/248 (29%) 54/301 (18%)

IQR = interquartile range

https://doi.org/10.1371/journal.pone.0217570.t1002

present in both databases. Lynch-having only 2/4 variables available-was not validated in the
Coventry database. The supplementary S1 Table gives an overview of all variables and proxies
of the validated prediction models. Mahabee-Gittens published a regression model providing a
probability, but the coefficients to calculate this probability were not available from the author
[23]. We therefore used the presence of one or more of the included variables classifying
patients at high risk of bacterial pneumonia. VandenBruel published a general prediction
model for febrile children, and one for pneumonia; for this review we only used the pneumo-
nia model [20]. Neuman used a decision tree to classify patients into 3 categories (high/inter-
mediate/low risk of pneumonia) [21]. In this model ‘history of fever’ discriminated
intermediate from low risk, but since fever was an inclusion criteria of all our validation popu-
lations, only high and low risk patients were identified, based on the first step of the decision
tree (oxygen saturation <92%).

Performance of prediction models. The performance of the three models with a risk clas-
sification (high/low risk) is shown in Fig 1A. The white bars indicate the number of children
with predicted low risk of pneumonia and the grey bars the number of patients with predicted
high risk, across the five reference standard categories (bacterial to viral infection). For exam-
ple, when we used Mahabee-Gittens’ model to predict the risk of having a bacterial pneumonia
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a. Models with risk classification (high vs. low predicted risk)
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Fig 1. Performance of prediction models. a. Models with risk classification (high vs. low predicted risk) b. Models with probability (% predicted risk).
DPB = definite or probable bacterial, BS = bacterial syndrome, U = unknown, VS = viral syndrome, DPV = definite or probable viral; ORC = ordinal c-statistic;
SD = standard deviation.

https://doi.org/10.1371/journal.pone.0217570.g001

in our two validation populations, we observed that this model predicts most children as hav-
ing a high risk of pneumonia (grey bars), including most children with viral infections. Using
VandenBruel’s model, we observed low as well as high predicted risks across all 5 diagnosis
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Table 3. Clinical consequences of using prediction models to guide antibiotic prescription.

Rotterdam, n = 248 Coventry, n = 301

Observed antibiotic prescription, n (%) 51 (21%) 105 (35%)
Predictions by Nijman’s model
Threshold 10% Rotterdam Coventry
Number of children below threshold (low-risk group) 130 (52%) 193 (64%)
Expected antibiotic prescription when guided by threshold (benefit) 35 (14%) 49 (16%)
Expected under treatment when prescription was guided by threshold 5(2%) 15 (5%)
(harm)?
Threshold 15%
Number of children below threshold 167 (67%) 229 (76%)
Expected antibiotic prescription when guided by threshold 28 (11%) 36 (12%)
Expected under treatment when prescription was guided by threshold® 8 (3%) 22 (7%)
Predictions by Oostenbrink’s model
Threshold 10% Rotterdam Coventry
Number of children below threshold 69 (28%) 94 (31%)
Expected antibiotic prescription when guided by threshold 44 (18%) 77 (26%)
Expected under treatment when prescription was guided by threshold® 0 (0%) 8 (3%)
Threshold 15%
Number of children below threshold 110 (44%) 178 (59%)
Expected antibiotic prescription when guided by threshold 35 (14%) 51 (17%)
Expected under treatment when prescription was guided by threshold® 2 (1%) 13 (4%)
Predictions by Irwin’s model
Threshold 10% Rotterdam Coventry
Number of children below threshold 100 (40%) 155 (51%)
Expected antibiotic prescription when guided by threshold 38 (15%) 64 (21%)
Expected under treatment when prescription was guided by threshold® 5(2%) 15 (5%)
Threshold 15%
Number of children below threshold 120 (48%) 198 (66%)
Expected antibiotic prescription when guided by threshold 33 (13%) 48 (16%)
Expected under treatment when prescription was guided by threshold® 8 (3%) 22 (7%)

# Number of children with a bacterial infection who were treated with antibiotics, but who were classified as low-risk

according to the used prediction model and threshold

https://doi.org/10.1371/journal.pone.0217570.t003

categories. Almost all children were assigned to a low risk group using Neuman’s model,
including children with bacterial infections.

Fig 1B shows the performance of the prediction models providing a probability. Again, pre-
dictions are shown across the five diagnosis categories for each model and for both popula-
tions, illustrated by a boxplot. Lynch’s model predicted high risk of pneumonia (around 90%)
for all children, with little variation across the different outcome categories (see S4 Fig), and
did not contribute to discrimination between bacterial or viral disease. The models by Oosten-
brink, Nijman and Irwin assigned higher risks to children with bacterial infections than to the
children with viral infections, confirmed by a moderate ordinal c-statistic of >0.55 (see Fig
1B).

To assess the clinical relevance of these findings, we explored the potential of the last three
models to define low-risk patients possibly not needing antibiotic treatment. For example,
applying a risk threshold of 10% using Nijman’s model would classify 130 children (52%) in
the Rotterdam population as being at low risk of bacterial pneumonia (see Table 3, details in
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S2 Table). Of these children 16 were currently treated with antibiotics. If this threshold would
be used in clinical practice, and antibiotics would be withheld in all low-risk children, the over-
all antibiotic prescription rate would reduce from 21% (observed antibiotic prescription) to
14% (expected antibiotic prescription) in the Rotterdam population and from 35% to 16% in
the Coventry population (Table 3). The potential risk of under treatment (e.g. withholding
antibiotics in children with a bacterial infection who were currently treated with antibiotics)
would be 2% (Rotterdam) and 5% (Coventry). Similar benefits and harms were observed when
applying the models of Oostenbrink and Irwin. A threshold of 15% would lead to greater
reduction in antibiotic prescription, but at a higher risk of under treatment.

Discussion

We identified eight clinical prediction models for childhood pneumonia by literature review.
Following changing perspectives on a relevant reference standard for childhood pneumonia,
we could assess the validity of seven of them for a clinical diagnosis of bacterial, unknown bac-
terial/viral or viral infection. Three models-with good original performance and quality-
assigned a higher risk to children with bacterial infection than to those with viral infection,
with the potential of proper selection of children who may recover without antibiotics.

An important strength of our study is the broad validation of multiple prediction models in
prospective cohorts including over 500 patients in two different European acute care settings.
Our populations were rather heterogeneous in terms of their clinical characteristics, increasing
the generalizability of our findings. A limitation is the heterogeneity of the information avail-
able, and missing values in general, which is related to the use of already existing datasets. We
have accounted for this by multiple imputation or by using proxies where possible. Another
limitation is the retrospective classification of the clinical diagnosis, based on the working
diagnosis by the treating physician not blinded for clinical features and diagnostic tests.
Because none of these clinical features or tests alone determined classification into a final diag-
nosis category, we believe this potential bias is limited. Diagnostic tests were performed at the
discretion of the treating clinician, and included chest x-rays mainly. For 22 patients a definite
viral or bacterial test was recorded to be positive, however, we had no data on the total per-
formed viral/bacterial tests. Previous studies in these settings have shown that these are per-
formed in about 10% of febrile children [12, 13]. Validity assessment of the model by
Mahabee-Gittens was limited by the absence of the original coefficients. Of Irwin’s model only
3 out of 5 predictor variables were present, for the other two variables we used mean imputa-
tion. This may have underestimated the model’s discriminative value; but given the small effect
sizes of the missing variables, we consider this effect limited [16].

We should appreciate several differences between our study populations and the popula-
tions the models were originally derived on. Since our populations included febrile children at
the ED, it is not surprising that we observed less variability in the predicted probabilities in the
validation of Neuman and Lynch’ models, since fever was one of their predictor variables. Fur-
thermore, differences in pneumonia prevalence in the derivation populations (6-36%) of the
models may explain systematic differences in predicted probabilities in 4 models [17, 19, 24,
25, 28]. In general, correcting for this involves recalibration (calibration-in-the-large) of the
model to a new target population [28]. However, this type of recalibration does not influence
discrimination (the ordinal c-statistic), and thus not our conclusions. It may, however, explain
the variable impact the suggested thresholds have using the different models. Next, the type of
reference standard (radiographic pneumonia vs. clinical diagnosis) differed between deriva-
tion and validation studies, as was the purpose of our study. Given the diagnostic limitations
of chest X-rays, we chose to define our reference standard following Herberg’s classification
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[14]. It must be noted that this choice was not proposed as a new gold standard, but rather
used as a model that may reflect our best current practice. In our aim to translate prediction
models into clinical practice, we observed that the performance varied by type of model. We
observed that the models using the probability scale had better diagnostic performance
(reflected by a higher ORC statistic) than those using a risk classification (high/low risk). This
can partly be explained by the ability to adjust risk thresholds-with a direct link to the harm-
benefit ratio-more easily in models using the probability scale. Models using a risk classifica-
tion have a fixed threshold and lack this flexibility and may therefore show lower diagnostic
performance when validated according to a new reference standard.

In order to improve rational use of antibiotics in children with respiratory infections, there
is a need to improve discrimination between bacterial and viral, self-limiting disease. We
showed that three of seven tested clinical prediction models could identify a low-risk group of
children with self-limiting disease in an ED population fairly well and we believe those three
have the potential to improve treatment decisions. Those models include a combination of
signs of general illness and/or respiratory distress and biomarkers. The availability of biomark-
ers will influence the feasibility of implementation of these models in clinical practice. The
models of Oostenbrink and Nijman include CRP measurement, Irwin’s model includes CRP,
procalcitonin and resistin. Given the wide availability of point-of-care CRP tests the first two
models will be most feasible for routine use in the ED.

Another important challenge to be faced before prediction models can be implemented as
decision tools in clinical practice is to choose optimal decision thresholds, adapted to the appro-
priate target population. A balance is needed between the benefit of reducing unnecessary anti-
biotic prescription and the harm of potential under treatment of bacterial infections. The prior
risk of severe illness in a population is an important consideration. For example, in settings with
high prevalence of comorbidity, the course of pneumonia will generally be more severe and
missing a serious infection will have worse consequences than in a low-risk population. Next,
the natural course of the disease should be taken into account. Last, access to (good quality)
healthcare is important. In a setting with limited possibility for patient follow-up, potential risks
of under treatment will higher. Given the natural course of pneumonia (developing over days
instead of hours), a watchful waiting approach instead of immediate antibiotic treatment in
children with uncomplicated pneumonia with a predicted risk <10-15% might be justified in
settings with good access to care, in the presence of a proper safety-netting strategy for unex-
pected disease course. In low resource settings or high-risk populations lower thresholds may
be reasonable. Before implementing treatment interventions based on these prediction models
in clinical practice, a prospective study is needed to evaluate the overall impact of treating chil-
dren according to such a prediction model, compared to usual care. Such a study should assess
the feasibility and safety of the suggested thresholds for that specific setting.

Three out of seven clinical prediction models for pneumonia could discriminate fairly well
between a new reference standard of bacterial and viral infection in children presenting at the
ED. However, they all require the measurement of biomarkers, raising questions on the exact
target population when implementing these models in clinical practice. Moreover, choosing
optimal decision to guide antibiotic prescription is challenging and requires careful consider-
ation of potential harms and benefits. Future research should focus on the feasibility and safety
of treatment based on chosen decision thresholds for specific settings.

Supporting information

S1 Text. Search strategy and in/exclusion criteria for literature review.
(PDF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0217570 June 13,2019 12/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s001
https://doi.org/10.1371/journal.pone.0217570

@ PLOS|ONE

Application of clinical prediction models for childhood pneumonia

S1 Fig. Classification of febrile illness.
(PDF)

S2 Fig. Flowchart of the selection process.
(PDF)

S3 Fig. QUADAS-2 quality assessment.
(PDF)

$4 Fig. Performance Model Lynch.
(PDF)

S1 Table. Missings and proxies of predictor variables.
(PDF)

S2 Table. Detailed classification of risk groups based on different prediction models.
(PDF)

Acknowledgments

We thank Wichor Bramer for his assistance in conducting the systematic literature search and
Behesta Kazemi for her assistance in the selection process of the literature review.

Author Contributions

Conceptualization: Josephine van de Maat, Daan Nieboer, Henriette Moll, Rianne
Oostenbrink.

Data curation: Josephine van de Maat, Matthew Thompson, Monica Lakhanpaul.
Formal analysis: Josephine van de Maat, Daan Nieboer.

Methodology: Josephine van de Maat, Daan Nieboer, Rianne Oostenbrink.
Supervision: Henriette Moll, Rianne Oostenbrink.

Writing - original draft: Josephine van de Maat.

Writing - review & editing: Daan Nieboer, Matthew Thompson, Monica Lakhanpaul, Henri-
ette Moll, Rianne Oostenbrink.

References

1. Liul, Oza S, Hogan D, Perin J, Rudan |, Lawn JE, et al. Global, regional, and national causes of child
mortality in 2000—13, with projections to inform post-2015 priorities: an updated systematic analysis.
Lancet. 2015; 385(9966):430—40. https://doi.org/10.1016/S0140-6736(14)61698-6 PMID: 25280870.

2. Collaborators GBDLRI. Estimates of the global, regional, and national morbidity, mortality, and aetiolo-
gies of lower respiratory infections in 195 countries, 1990-2016: a systematic analysis for the Global
Burden of Disease Study 2016. Lancet Infect Dis. 2018; 18(11):1191-210. Epub 2018/09/24. [pii]
https://doi.org/10.1016/S1473-3099(18)30310-4 PMID: 30243584; PubMed Central PMCID:
PMC6202443.

3. vande MaatJ, van de Voort E, Mintegi S, Gervaix A, Nieboer D, Moll H, et al. Antibiotic prescription for
febrile children in European emergency departments: a cross-sectional, observational study. Lancet
Infect Dis. 2019: Epub 2019/02/28/. https://doi.org/10.1016/S1473-3099(18)30672-8

4. Harris M, Clark J, Coote N, Fletcher P, Harnden A, McKean M, et al. British Thoracic Society guidelines
for the management of community acquired pneumonia in children: update 2011. Thorax. 2011; 66
Suppl 2:ii1—23. Epub 2011/10/19. thoraxjnl-2011-200598 [pii] https://doi.org/10.1136/thoraxjnl-2011-
200598 PMID: 21903691.

PLOS ONE | https://doi.org/10.1371/journal.pone.0217570 June 13,2019 13/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0217570.s007
https://doi.org/10.1016/S0140-6736(14)61698-6
http://www.ncbi.nlm.nih.gov/pubmed/25280870
https://doi.org/10.1016/S1473-3099(18)30310-4
http://www.ncbi.nlm.nih.gov/pubmed/30243584
https://doi.org/10.1016/S1473-3099(18)30672-8
https://doi.org/10.1136/thoraxjnl-2011-200598
https://doi.org/10.1136/thoraxjnl-2011-200598
http://www.ncbi.nlm.nih.gov/pubmed/21903691
https://doi.org/10.1371/journal.pone.0217570

@ PLOS|ONE

Application of clinical prediction models for childhood pneumonia

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

Van Den Bruel A, Thompson MJ, Haj-Hassan T, Stevens R, Moll H, Lakhanpaul M, et al. Diagnostic
value of laboratory tests in identifying serious infections in febrile children: Systematic review. BMJ.
2011; 342(7810). https://doi.org/10.1136/bmj.d3082 PMID: 21653621

Tacconelli E, Pezzani MD. Public health burden of antimicrobial resistance in Europe. Lancet Infect Dis.
2018. PMID: 30409682.

Ouldali N, Bellettre X, Milcent K, Guedj R, de Pontual L, Cojocaru B, et al. Impact of Implementing
National Guidelines on Antibiotic Prescriptions for Acute Respiratory Tract Infections in Pediatric Emer-
gency Departments: An Interrupted Time Series Analysis. Clin Infect Dis. 2017; 65(9):1469-76. https://
doi.org/10.1093/cid/cix590 PMID: 29048511.

Samore MH, Bateman K, Alder SC, Hannah E, Donnelly S, Stoddard GJ, et al. Clinical decision support
and appropriateness of antimicrobial prescribing: a randomized trial. Jama. 2005; 294(18):2305-14.
https://doi.org/10.1001/jama.294.18.2305 PMID: 16278358.

Whiting PF, Rutjes AW, Westwood ME, Mallett S, Deeks JJ, Reitsma JB, et al. QUADAS-2: a revised
tool for the quality assessment of diagnostic accuracy studies. Ann Intern Med. 2011; 155(8):529-36.
https://doi.org/10.7326/0003-4819-155-8-201110180-00009 PMID: 22007046.

McGinn TG, Guyatt GH, Wyer PC, Naylor CD, Stiell IG, Richardson WS. Users’ guides to the medical
literature: XXII: how to use articles about clinical decision rules. Evidence-Based Medicine Working
Group. Jama. 2000; 284(1):79-84. PMID: 10872017.

Reilly BM, Evans AT. Translating clinical research into clinical practice: impact of using prediction rules
to make decisions. Ann Intern Med. 2006; 144(3):201-9. PMID: 16461965.

de Vos-Kerkhof E, Nijman RG, Vergouwe Y, Polinder S, Steyerberg EW, van der Lei J, et al. Impact of a
clinical decision model for febrile children at risk for serious bacterial infections at the emergency depart-
ment: a randomized controlled trial. PLoS One. 2015; 10(5):€0127620. Epub 2015/05/30. https://doi.
org/10.1371/journal.pone.0127620 [pii]. PMID: 26024532; PubMed Central PMCID: PMC4449197.

Blacklock C, Mayon-White R, Coad N, Thompson M. Which symptoms and clinical features correctly
identify serious respiratory infection in children attending a paediatric assessment unit? Arch Dis Child.
2011; 96(8):708-14. https://doi.org/10.1136/adc.2010.206243 PMID: 21586436.

Herberg JA, Kaforou M, Wright VJ, Shailes H, Eleftherohorinou H, Hoggart CJ, et al. Diagnostic Test
Accuracy of a 2-Transcript Host RNA Signature for Discriminating Bacterial vs Viral Infection in Febrile
Children. Jama. 2016; 316(8):835-45. https://doi.org/10.1001/jama.2016.11236 PMID: 27552617.

Donders AR, van der Heijden GJ, Stijnen T, Moons KG. Review: a gentle introduction to imputation of
missing values. J Clin Epidemiol. 2006; 59(10):1087-91. https://doi.org/10.1016/}.jclinepi.2006.01.014
PMID: 16980149.

Janssen KJ, Vergouwe Y, Donders AR, Harrell FE Jr., Chen Q, Grobbee DE, et al. Dealing with missing
predictor values when applying clinical prediction models. Clin Chem. 2009; 55(5):994—1001. https://
doi.org/10.1373/clinchem.2008.115345 PMID: 19282357.

Nijman RG, Vergouwe Y, Thompson M, Veen MV, Van Meurs AHJ, Van Der Lei J, et al. Clinical predic-
tion model to aid emergency doctors managing febrile children at risk of serious bacterial infections:
Diagnostic study. BMJ (Online). 2013; 346(7905). https://doi.org/10.1136/bmj.f1706 PMID: 23550046

Van Calster B, Van Belle V, Vergouwe Y, Steyerberg EW. Discrimination ability of prediction models for
ordinal outcomes: relationships between existing measures and a new measure. Biom J. 2012; 54
(5):674-85. https://doi.org/10.1002/bim}.201200026 PMID: 22711459.

Lynch T, Platt R, Gouin S, Larson C, Patenaude Y. Can we predict which children with clinically sus-
pected pneumonia will have the presence of focal infiltrates on chest radiographs? Pediatrics. 2004;
113(3 Pt 1):e186-9. https://doi.org/10.1542/peds.113.3.e186 PMID: 14993575.

Van den Bruel A, Aertgeerts B, Bruyninckx R, Aerts M, Buntinx F. Signs and symptoms for diagnosis of
serious infections in children: a prospective study in primary care. Br J Gen Pract. 2007; 57(540):538—
46. Epub 2007/08/31. PMID: 17727746; PubMed Central PMCID: PMC2099636.

Neuman MI, Monuteaux MC, Scully KJ, Bachur RG. Prediction of pneumonia in a pediatric emergency
department. Pediatrics. 2011; 128(2):246-53. https://doi.org/10.1542/peds.2010-3367 PMID:
21746728.

Craig JC, Williams GJ, Jones M, Codarini M, Macaskill P, Hayen A, et al. The accuracy of clinical symp-
toms and signs for the diagnosis of serious bacterial infection in young febrile children: Prospective
cohort study of 15 781 febrile illnesses. BMJ (Online). 2010; 340(7754):1015. https://doi.org/10.1136/
bmj.c1594 PMID: 20406860

Mahabee-Gittens EM, Grupp-Phelan J, Brody AS, Donnelly LF, Bracey SE, Duma EM, et al. Identifying
children with pneumonia in the emergency department. Clin Pediatr (Phila). 2005; 44(5):427-35.
https://doi.org/10.1177/000992280504400508 PMID: 15965550.

PLOS ONE | https://doi.org/10.1371/journal.pone.0217570 June 13,2019 14/15


https://doi.org/10.1136/bmj.d3082
http://www.ncbi.nlm.nih.gov/pubmed/21653621
http://www.ncbi.nlm.nih.gov/pubmed/30409682
https://doi.org/10.1093/cid/cix590
https://doi.org/10.1093/cid/cix590
http://www.ncbi.nlm.nih.gov/pubmed/29048511
https://doi.org/10.1001/jama.294.18.2305
http://www.ncbi.nlm.nih.gov/pubmed/16278358
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
http://www.ncbi.nlm.nih.gov/pubmed/22007046
http://www.ncbi.nlm.nih.gov/pubmed/10872017
http://www.ncbi.nlm.nih.gov/pubmed/16461965
https://doi.org/10.1371/journal.pone.0127620
https://doi.org/10.1371/journal.pone.0127620
http://www.ncbi.nlm.nih.gov/pubmed/26024532
https://doi.org/10.1136/adc.2010.206243
http://www.ncbi.nlm.nih.gov/pubmed/21586436
https://doi.org/10.1001/jama.2016.11236
http://www.ncbi.nlm.nih.gov/pubmed/27552617
https://doi.org/10.1016/j.jclinepi.2006.01.014
http://www.ncbi.nlm.nih.gov/pubmed/16980149
https://doi.org/10.1373/clinchem.2008.115345
https://doi.org/10.1373/clinchem.2008.115345
http://www.ncbi.nlm.nih.gov/pubmed/19282357
https://doi.org/10.1136/bmj.f1706
http://www.ncbi.nlm.nih.gov/pubmed/23550046
https://doi.org/10.1002/bimj.201200026
http://www.ncbi.nlm.nih.gov/pubmed/22711459
https://doi.org/10.1542/peds.113.3.e186
http://www.ncbi.nlm.nih.gov/pubmed/14993575
http://www.ncbi.nlm.nih.gov/pubmed/17727746
https://doi.org/10.1542/peds.2010-3367
http://www.ncbi.nlm.nih.gov/pubmed/21746723
https://doi.org/10.1136/bmj.c1594
https://doi.org/10.1136/bmj.c1594
http://www.ncbi.nlm.nih.gov/pubmed/20406860
https://doi.org/10.1177/000992280504400508
http://www.ncbi.nlm.nih.gov/pubmed/15965550
https://doi.org/10.1371/journal.pone.0217570

@ PLOS|ONE

Application of clinical prediction models for childhood pneumonia

24,

25.

26.

27.

28.

Oostenbrink R, Thompson M, Lakhanpaul M, Steyerberg EW, Coad N, Moll HA. Children with fever and
cough at emergency care: diagnostic accuracy of a clinical model to identify children at low risk of pneu-
monia. Eur J Emerg Med. 2013; 20(4):273-80. https://doi.org/10.1097/MEJ.0b013e32835771fd PMID:
22868746.

Irwin AD, Grant A, Williams R, Kolamunnage-Dona R, Drew RJ, Paulus S, et al. Predicting Risk of Seri-
ous Bacterial Infections in Febrile Children in the Emergency Department. Pediatrics. 2017; 140(2).
Epub 2017/07/07. peds.2016-2853 [pii] https://doi.org/10.1542/peds.2016-2853 PMID: 28679639.

Verbakel JY, Van den Bruel A, Thompson M, Stevens R, Aertgeerts B, Oostenbrink R, et al. How well
do clinical prediction rules perform in identifying serious infections in acutely ill children across an inter-
national network of ambulatory care datasets? BMC Med. 2013; 11(1). https://doi.org/10.1186/1741-
7015-11-10 PMID: 23320738

Bilkis MD, Gorgal N, Carbone M, Vazquez M, Albanese P, Branda MC, et al. Validation and develop-

ment of a clinical prediction rule in clinically suspected community-acquired pneumonia. Pediatr Emerg
Care. 2010; 26(6):399—405. https://doi.org/10.1097/PEC.0b013e3181e05779 PMID: 20502390

Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obuchowski N, et al. Assessing the perfor-
mance of prediction models: a framework for traditional and novel measures. Epidemiology. 2010; 21
(1):128-38. https://doi.org/10.1097/EDE.0b013e3181c30fb2 PMID: 20010215.

PLOS ONE | https://doi.org/10.1371/journal.pone.0217570 June 13,2019 15/15


https://doi.org/10.1097/MEJ.0b013e32835771fd
http://www.ncbi.nlm.nih.gov/pubmed/22868746
https://doi.org/10.1542/peds.2016-2853
http://www.ncbi.nlm.nih.gov/pubmed/28679639
https://doi.org/10.1186/1741-7015-11-10
https://doi.org/10.1186/1741-7015-11-10
http://www.ncbi.nlm.nih.gov/pubmed/23320738
https://doi.org/10.1097/PEC.0b013e3181e05779
http://www.ncbi.nlm.nih.gov/pubmed/20502390
https://doi.org/10.1097/EDE.0b013e3181c30fb2
http://www.ncbi.nlm.nih.gov/pubmed/20010215
https://doi.org/10.1371/journal.pone.0217570

