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Machine Learning Used to Compare the Diagnostic Accuracy
of Risk Factors, Clinical Signs and Biomarkers and to Develop
a New Prediction Model for Neonatal Early-onset Sepsis
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Background: Current strategies for risk stratification and prediction of
neonatal early-onset sepsis (EOS) are inefficient and lack diagnostic per-
formance. The aim of this study was to use machine learning to analyze the

Accepted for publication August 22, 2021

From the *Department of Paediatrics, Neonatal and Paediatric Intensive Care
Unit, Children’s Hospital Lucerne, Lucerne; tDepartment of Computer Sci-
ence, ETH Zurich, Switzerland; }Department of Paediatrics, Division of
Paediatric Infectious Diseases and Immunology, Erasmus MC University
Medical Centre-Sophia Children’s Hospital, Rotterdam, The Netherlands;
§Division of Neonatology, McMaster University Children’s Hospital, Ham-
ilton Health Sciences, Hamilton, ON, Canada; YDepartment of Neonatal
Intensive Care Unit, Isala Women and Children’s Hospital, Zwolle; || Depart-
ment of Paediatrics, Haaglanden Medical Centre, ‘s Gravenhage, The Neth-
erlands; **Department of Obstetrics and Gynecology, Motol University
Hospital, Second Medical Faculty, Prague, Czech Republic; fiDepartment
of Neonatology, Reinier de Graaf Gasthuis, Delft; {{Department of Neona-
tology, Zuyderland Medical Centre, Heerlen; §§Department of Neonatology,
Amsterdam UMC, Vrije Universiteit Amsterdam, Amsterdam; {fDepartment
of Jeroen Bosch Academy Research, Jeroen Bosch Hospital, ‘s-Hertogen-
bosch; ||||Department of Tranzo, Tilburg University, Tilburg; ***Depart-
ment of Paediatrics, Maxima Medical Centre, Veldhoven, The Netherlands;
t1tDepartment of Paediatrics, Kantonsspital Winterthur, Winterthur;
iifNeonatal and Pediatric Intensive Care Unit, Children’s Research Center,
University Children’s Hospital Zurich, Zurich, Switzerland; §§§Department
of Neonatology, Albert Schweitzer Hospital, Dordrecht; §{Department
of Neonatology, Sint Franciscus Gasthuis, Rotterdam, The Netherlands;
|||l/|Department of Neonatology, St. Josephs Healthcare, Hamilton Health
Sciences, Hamilton, ON, Canada; ****Department of Paediatrics, Stadtspi-
tal Triemli, Ziirich, Switzerland; {{tfDepartment of Paediatrics, Division
of Neonatology, Erasmus MC University Medical Centre-Sophia Children’s
Hospital, Rotterdam; }i}iTherapeuticum Utrecht, Utrecht, §§§§Depart-
ment of Pediatrics, Tergooi Hospital, Blaricum, the Netherlands and Amster-
dam University Medical Center, Department of Pediatrics, Amsterdam, The
Netherlands; J]{YDepartment of Neonatology, University Children’s Hospi-
tal Regensburg (KUNO), University of Regensburg, Regensburg, Germany;
and ||||||||Department of Health Sciences and Medicine, Head Biostatistics
and Methodology, University of Lucerne, Lucerne, Switzerland.

This study was supported by The Thrasher Foundation (9143) to [M.S.]; The
NutsOhra Foundation (1101-059) to [A.M.C.v.R.]; The Sophia Foundation
for Scientific research (681) to [W.v.H.]; and the Swiss National Science
Foundation (200021_188466) to [I.D.]. In addition, Thermofisher provided
procalcitonin kits and provided an unrestricted grant for the organization of
4 investigator meetings (2008, 2009, 2013 and 2015).

The authors have no conflicts of interest to disclose.

M.S. and L.D. contributed equally as co-first authors. A.M.C.v.R. and J.E.V. con-
tributed equally as co-senior authors.

Address for correspondence: Martin Stocker, MD, Department of Paediatrics,
Division of Neonatal and Paediatric Intensive Care, Children’s Hospital,
Lucerne, Switzerland. E-mail: martin.stocker@]luks.ch.

Copyright © 2021 Wolters Kluwer Health, Inc. All rights reserved.

ISSN: 0891-3668/22/4103-0248

DOTI: 10.1097/INF.0000000000003344

248 / www.pidj.com

diagnostic accuracy of risk factors (RFs), clinical signs and biomarkers and
to develop a prediction model for culture-proven EOS. We hypothesized
that the contribution to diagnostic accuracy of biomarkers is higher than of
RFs or clinical signs.

Study Design: Secondary analysis of the prospective international multi-
center NeoPInS study. Neonates born after completed 34 weeks of gestation
with antibiotic therapy due to suspected EOS within the first 72 hours of life
participated. Primary outcome was defined as predictive performance for
culture-proven EOS with variables known at the start of antibiotic therapy.
Machine learning was used in form of a random forest classifier.

Results: One thousand six hundred eighty-five neonates treated for sus-
pected infection were analyzed. Biomarkers were superior to clinical signs
and RFs for prediction of culture-proven EOS. C-reactive protein and white
blood cells were most important for the prediction of the culture result. Our
full model achieved an area-under-the-receiver-operating-characteristic-
curve of 83.41% (+8.8%) and an area-under-the-precision-recall-curve of
28.42% (£11.5%). The predictive performance of the model with RFs alone
was comparable with random.

Conclusions: Biomarkers have to be considered in algorithms for the man-
agement of neonates suspected of EOS. A 2-step approach with a screen-
ing tool for all neonates in combination with our model in the preselected
population with an increased risk for EOS may have the potential to reduce
the start of unnecessary antibiotics.

Key Words: early-onset sepsis, risk factors, clinical signs, biomarkers, anti-
biotic therapy

(Pediatr Infect Dis J 2022;41:248-254)

Suspected early-onset sepsis (EOS) represents the main reason to
start antibiotic therapy in late-preterm and term neonates within
the first 3 days of life. A low threshold regarding start of therapy for
suspected EOS traditionally has been justified by the higher mor-
tality and morbidity associated with delayed initiation of antibiotic
therapy.'? In high-income countries, the incidence of culture-proven
EOS and sepsis-related mortality in late-preterm and term neonates
have significantly decreased.’* Strategies for risk stratification and
prediction of EOS remain inefficient and recent publications report
up to over 100 neonates started on antibiotic therapy to capture one
neonate with culture-proven EOS.3* Evidence is growing that each
day on antibiotics at the start of life may lead to perturbations of
the individual microbiome with potential consequences for future
health.®” Currently, the sepsis calculator published by investigators
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of the Kaiser Permanente group in California is the most prominent
algorithm using risk factors (RSs) and clinical signs (CSs) for pre-
diction of EOS.?

In recent years, machine learning has started transforming
diagnostics and decision making in medical sciences. The spectrum
of machine learning goes from strongly human-guided methods to
completely data-driven analyses.’ In recent medical literature, there
is a debate if machine learning methods compared with more tra-
ditional statistical methods, such as linear regression models, may
achieve stronger predictive results.!* 1

In 2017, we published NeoPInS, an investigator-initiated,
multicenter randomized intervention study analyzing the impact
of a procalcitonin (PCT)-guided algorithm regarding duration of
antibiotic therapy for suspected EOS.!® The database of NeoPInS
includes 1710 neonates with antibiotic therapy. The aim of this
article was to leverage the predictive power of machine learning
methods to compare the predictive value of RFs, CSs and bio-
markers and to develop a first version of a multivariable predic-
tion model for culture-proven EOS. We hypothesized that the
contribution to diagnostic accuracy of biomarkers is higher than
of RFs or CSs.

METHODS

This is a secondary analysis of the NeoPInS study, a rand-
omized controlled intervention study in 17 centers in The Neth-
erlands, Canada, Czech Republic and Switzerland.!> The local
institutional review boards and the national ethical committees
of each site approved the study. Written informed consent was
obtained from all parents or caregivers. The trial was registered
at Clinicaltrials.gov (NCT00854932). The report of the cur-
rent study is according to the TRIPOD statement for transpar-
ent reporting of a multivariable prediction model for individual
prognosis or diagnosis.'

Participants and Definition of Proven EOS

Neonates born after 34 completed weeks of gestation with
antibiotic therapy due to suspected EOS within the first 72 hours
of life participated. Suspicion of sepsis was defined as neonates
with RFs, and/or CSs, and/or biomarker measurements possibly
related to EOS. Of note, biomarker measurements without RFs or
CSs were not part of the standard procedure in any of the participat-
ing units. The group of proven sepsis was defined as neonates with
positive blood cultures and with duration of antibiotic therapy of at
least 3 days or until death, whichever occurred first. Positive blood
cultures with growth of skin flora or very atypical microbes for
EOS and a shorter duration of antibiotic therapy than 3 days were
included among the group without proven sepsis. RFs, CSs, bio-
marker measurements at start of antibiotic therapy and blood cul-
ture results were defined as key variables. Neonates with missing
all key variables or unknown blood culture result were excluded.

Predictive Variables

RFs, CSs and biomarkers around the time-point start of
antibiotic therapy were defined as primary predictive variables.
RFs were defined as positive maternal group B streptococci (GBS)
status, CSs of chorioamnionitis, premature rupture of membranes
longer than 18 hours and gestational age <37 0/7 weeks. These
RFs were used as dichotomized data (present/absent). CSs possibly
related to infection included signs of respiratory distress, apnea,
tachycardia or bradycardia, arterial hypotension or tissue hypoper-
fusion, hypothermia or hyperthermia, neurologic signs and abdom-
inal signs. Assessed biomarkers were C-reactive protein (CRP),
total white blood cell count (WBC) and thrombocyte count (TC).
According to the protocol, PCT was not part of the measurement

© 2021 Wolters Kluwer Health, Inc. All rights reserved.

around the time-point start of antibiotic therapy. Nevertheless,
in some study centers, PCT was measured at that time-point and
the obtained PCT values were included in the prediction analysis.
All biomarkers were measured in central laboratories and were
included if the results were known within 6 hours from the time-
point start of antibiotic therapy.

All variables were assessed as single variables and as subsets
of variables regarding RSs, CSs and biomarkers. Other variables
related to birth and generalizable for the total cohort were assessed
in addition (ie, mode of delivery, Apgar scores). See Table 1 for a
list of all variables.

Outcome

The outcome was defined as the predictive performance
for culture-proven EOS with variables known around the start
of antibiotic therapy; predictive importance was defined for both
single variables and grouped variables (RFs, CSs and/or biomark-
ers). There are different definitions of culture-negative sepsis and
most of them are using RFs, CSs and abnormal biomarker results.'”
These were the analyzed predictive variables and we wanted to use
clear cases with a strict definition. Therefore, we focused just on
culture-positive EOS.

Machine Learning

Machine learning was used to predict the result of the cul-
ture test based on the variables known at the start of antibiotic
therapy. As input to the classifier, we have investigated several
subsets of variables, grouped as follows: (1) all variables; (2)
all variables excluding biomarkers; (3) biomarkers only; (4) RFs
only; and (5) CSs only. Figure 1 provides an overview of these
groups of variables as well as the outcome variable and abla-
tions used for this study. Machine learning was used in form of
a random forest classifier to predict the probability that a culture
test will be positive or negative.'® The random forest is a type of
nonlinear classifier that consists of an ensemble of decision trees,
each of which is a classifier that is trained on a different subset of
data. Every tree is trained by maximizing the Gini impurity, an
entropy measure that is used to decide which variable to split on
in each step of building the tree. The predicted probability com-
puted by the random forest is the average over the predictions of
all decision trees that comprise the forest. Such a majority vote
of classifiers trades off the bias, that is, the overspecialization
of each tree, against the variance across the trees’ predictions.
As such, the random forest is an established machine learning
method known for its strong predictive performance (especially
on tabular data) and its robustness to overfitting.'® The choice to
use the random forest model for our analysis was affirmed in a
recent publication comparing 4 different models (logistic regres-
sion, random forest, support vector machine and a single-hid-
den layer neural network) to predict serious bacterial infections
in young febrile infants showing that the random forest model
showed the highest accuracy.'

To assess the relative effect of a variable on the prediction,
the variable importance was computed. For a decision tree, variable
importance measures the relative effect of a variable as the Gini
importance, that is, the total decrease in node impurity weighted
by the fraction of samples the variable contributes to. For the ran-
dom forest, variable importance is defined as the average over the
variable importance of all trees. All machine learning methods have
hyperparameters, that is, control knobs that can be adjusted to tune
the performance of the system for the task at hand. For the random
forest, we used the default configuration provided by the scikit-
learn library (v0.21.3) and increased the number of trees to 300, to
reduce the variance of the estimation.

www.pidj.com | 249

Copyright © 2021 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.



Stocker et al The Pediatric Infectious Disease Journal e Volume 41, Number 3, March 2022
TABLE 1. Baseline Characteristics and List of All Variables Used in Analysis for All
Patients Included and Culture-proven Sepsis Cases

All Included
Neonates Sepsis-proven
Used as
n = 1685 n=28 Variable for ML
Sex
Male 989 (58.7%) 15 (53.6%) Yes
Female 696 (41.3%) 13 (46.4%)
Gestational age, wks 39.6 (37.3-40.6)  39.9 (37.7-40.9) Yes
Birth weight, kg 3.4(2.9-3.8) 3.4 (3.0-3.7) Yes
Mode of delivery
Spontaneous vaginal 802 (47.6%) 17 (60.7%) Yes
Vacuum or forceps 262 (15.6%) 4 (14.3%) Yes
Primary cesarean section 141 (8.4%) 2(7.1%) Yes
Secondary cesarean section 477 (28.3%) 5(17.9%) Yes
Epidural anesthesia 695 (41.25%) 5 (17.9%) Yes
Meconium stained fluids 461 (27.4%) 10 (35.7%) Yes
Intrapartum antibiotics 802 (47.6%) 4 (14.3%) Yes
Arterial cord pH 7.23 (7.16-7.29)  7.25(7.19-7.33) Yes
APGAR score
1-min postpartum 8 (6-9) 8 (7-9) Yes
5-min postpartum 9 (8-10) 9 (8-10) Yes
10-min postpartum 9 (8-10) 9 (8-10) Yes
RFs
Group B streptococcus carriage 243 (14.4%) 7 (25.0%) Yes
Chorioamnionitis 324 (19.2%) 4 (14.3%) Yes
PROM > 18 h 393 (23.3%) 4 (14.3%) Yes
Gestational age < 37 wks 347 (20.6%) 6 (21.4%) Yes
Clinical signs
Respiratory distress/apnea 1012 (60.1%) 24 (85.7%) Yes
Tachycardia or bradycardia 177 (10.5%) 11 (39.3%) Yes
Arterial hypotension/poor perfusion 156 (9.3%) 12 (42.9%) Yes
Hypothermia or hyperthermia 278 (16.5%) 11 (39.3%) Yes
Seizure/floppy infant/irritability/lethargy 165 (9.8%) 8 (28.6%) Yes
Vomiting/feeding intolerance/ileus 114 (6.8%) 1(3.6%) Yes
Duration of antibiotic therapy, h 60 (45-144) 192 (160-300)
Biomarker values at start of antibiotic therapy
WBC, n 1571 (93.2%) 24 (85.7%)
WBC, 10%L 18.3 (13.3-23.2) 8.0 (4.5-12.4) Yes
CRP,n 1519 24 (85.7%)
CRP, mg/L 1.0 (1.0-6.0) 24.4 (5.6-44.4) Yes
PCT, n 292 2 (0.7%)
PCT, ng/LL 0.29(0.15-1.33)  16.3 (9.1-23.4) Yes
Platelets, n 1539 (91.3%) 25 (89.3%)
Platelets, 10°%L 229 (183-274) 180 (125-223) Yes
Blood culture positive 30 (1.8%) 28 (100%)
Group B streptococcus 21 (1.2%) 21 (75%)
Escherichia coli 3(0.2%) 3 (10.7%)
Other bacteria 4(0.2%) 4 (14.3%)
Contamination* 2(0.1%) 0
All values are shown as n (%) or median (IQR).
*Contamination: Positive blood cultures with growth of skin flora or very atypical microbes for EOS and a duration of antibiotic
therapy of <3 days.
PROM indicates premature rupture of membranes.
Statistics effect of individual variables for the prediction, we computed the

We evaluated the prediction of culture-proven EOS with a
repeated, stratified 5-fold cross-validation, with 10 different splits
to reduce the variance due to outliers given the relatively small
number of culture-positive patients.!” Stratification was used to
match the frequency of culture-positive cases in the overall pop-
ulation. Cross-validation is a default model validation method to
compute averages and SDs over different partitions of the cohort.
In our case, each partition or fold represents a split into 80% train-
ing data used to fit the model and 20% test data for evaluation. The
predictive performance of the random forest was measured in area-
under-the-receiver-operating-curve (AUROC) and area-under-the-
precision-recall-curve (AUPRC). Precision is equal to the positive
predictive value, whereas recall is equal to sensitivity. To study the

250 | www.pidj.com

variable importance and performed a backward variable selection
for each group of variables.

RESULTS

Sixteen hundred eighty-five neonates treated for suspected
infection with key variables available were analyzed. Twenty-five
neonates from the original cohort of the NeoPInS cohort had to be
excluded due to missing key variables. Twenty-eight (1.7%) neo-
nates had a proven infection. Table 1 gives an overview of base-
line characteristics of all included patients and all variables used for
analysis. The predictive performance of the random forest achieved
83.4% (+£8.8%) AUROC and 28.4% (+11.5%) AUPRC compared
with the random classification baselines of 50% AUROC and 1.5%

© 2021 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 1. Overview of analysis using machine learning (random forest) to develop a model for the early prediction of
culture-proven EOS. In parentheses, we report the number of variables in the respective group; all 28 variables are listed in
Table 1. Note that all predictive variables were measured before the result of the culture test was known at the start of the
antibiotic therapy. Apart from the primary outcome (predictive performance of the model for culture-proven EOS) analyses
without a specific variable investigated the predictive performance for each clinically relevant group of variables.

AUPRC, respectively (Fig. 2). Biomarkers contributed significantly
to the predictive performance, as a model without biomarkers
resulted in an AUROC of 73.3% (£10.3%) and an AUPRC of 15.7%
(£10.1%). The assessed predictive value of the subsets of variables
RFs, CSs and biomarkers showed AUROC of 43.9%, 61.5% and
73.2%, respectively. In terms of AUPRC, the scores were 1.7% for
RFs, 12.7% for CSs and 17.6% for biomarkers, respectively (Fig. 2).

Analysis of the individual variable importance is shown in
Figure 3. The biomarker CRP had the highest impact regarding pre-
diction of culture-proven EOS followed by WBC. RFs were not in
the top 15 predictor variables. Within the subset of CSs, cardiovas-
cular signs showed the highest contribution to diagnostic accuracy.

DISCUSSION

Using machine learning allowed us to analyze the predic-
tive accuracy of RFs, CSs and biomarkers in a large dataset of

a high-quality international prospective trial. With help of this
analysis, we developed a first version of a new prediction tool for
early detection of culture-proven EOS in a preselected popula-
tion of late-preterm and term neonates suspected for EOS and
therefore started on antibiotic therapy. Our full model achieved
an AUROC of 83% and an AUPRC of 28% and identified bio-
markers as superior to CSs and RFs for prediction of culture-
proven EOS around the time-point of start of antibiotic therapy.
CRP and WBC were most important for the prediction of the
culture result. The predictive performance of the model with RFs
alone was comparable with random.

Overall, clinicians are valuing biomarkers as very limited in
their performance and timely availability regarding the decision to
start antibiotic treatment for suspected EOS.?* Newman reported
in a huge retrospective cross-sectional study that the positive
likelihood ratio of leukocytopenia regarding culture-proven EOS
increased within the first hours of life to over 80 after 4 hours.*!

A 1.0 1 B 1.0 1 = full model
= w/o biomarkers
=~ biomarkers only
0.8 0.8 ~ clinical signs only
risk factors only
% === chance
= 0.6 0.6 1
g s
= ]
" o
4 @
@ 0.41 2 0.4
g
= s = full model
e —— w/o biomarkers
0.21 el —— biomarkers only 0.2 1
/’ —— clinical signs only
P risk factors only
0.0 4 -=- chance 0.0 -
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

false positive rate

recall

FIGURE 2. Predictive performance of the random forest. Receiver operating characteristic curve (A) and precision-recall
curve (B) for the full model, the full model without biomarkers, and the respective subsets of variables. AUC values in %.
While biomarkers contribute significantly to the prediction of culture-positive EOS, the predictive performance of clinical
signs and especially RFs are not significantly better than chance. The provided ROC- and PR-curves are showing the tradeoff
between various metrics for different decision thresholds and allow to answer, for instance, the question “what sensitivity can
be achieved for a specific PPV.” Precision indicates positive predictive value; recall, sensitivity.
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FIGURE 3. The 15 variables with largest variable importance (larger is better), normalized such that values sum to 1 over
all variables. Bars depict variable importance values averaged over 5 cross-validation folds, whereas lines depict 1SD,
respectively. In parentheses, it is denoted if the variable belongs to the group of biomarkers (Biomarker), CSs, RFs or other

variables (other).
online

This is in line with our findings. Nevertheless, the overall literature
is in line with the clinician’s assessment and a recently published
review reported a moderate accuracy between 80% and 90% for
CRP and PCT for diagnosis of neonatal sepsis.??> But biomarkers
performed best in our model. One potential explanation for this
discrepancy would be an overfitted model. However, we have taken
serious precautions against overfitting by evaluating the model on
data that was not used for training the model. In particular, we used
stratified cross-validation and we reported the variance across folds
for each model. The lower granularity of our dichotomized data
regarding RFs and CSs (present/absent) compared with the bio-
marker data may result in lower predictive performance and may
give another potential explanation. But additionally, all neonates
were suspected to have EOS because of RFs, and/or CSs, and/or
abnormal biomarkers. Therefore, our cohort was preselected and
CSs were most prominent. Nevertheless, we may ask what is the
overall predictive value of RFs and clinical signs regarding diag-
nostic accuracy for EOS? Whereas biomarkers were far from being
perfect predictors, we have to compare them with the diagnostic
accuracy of RFs and CSs.

In a large case-control study, the highest maternal intrapar-
tum temperature showed the highest predictive value of all RFs in
a continuous temperature-dependent fashion for culture-proven
EOS.? Maternal GBS status, duration of rupture of membranes
and prematurity of 34-36 weeks of gestational age showed ORs
between 1 and 5, which is moderate in a setting with a low inci-
dence of culture-proven EOS. Various networks of perinatal care
changed their practice and studies implementing the strategy to use
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RFs as guidance in which neonates have to be observed closely, but
not as guidance regarding antibiotic treatment showed promising
results with a very low rate of morbidity and mortality.**’ This is
in line with our results that a model with RFs alone was comparable
with random. But further studies are needed to prove the safety of
this approach.

CS possibly related to neonatal EOS are very nonspecific.!
Respiratory distress may have many different reasons of which
EOS is seldom the only one.® Ohlin et al*® reported in a prospec-
tive cohort study no impact of oxygen requirement or tachypnea
on the positive likelihood ratio for culture-proven EOS. Only arte-
rial hypotension or impaired peripheral circulation had a small, but
significant impact. This is in line with our findings showing cardio-
vascular instability as the best predictor among the CSs studied. In
summary, the literature regarding CSs and neonatal EOS shows that
the negative predictive value is very high when neonates exhibit no
CSs, whereas the positive predictive value in the presence of CSs
for culture-proven EOS is limited.?° In a recently published qual-
ity improvement study, Capin et al*' reported no missed EOS cases
after introduction of a new management protocol requesting not to
start antibiotic therapy just based on respiratory distress. The high
incidence of respiratory distress with a low predictive performance
for EOS may be the main cause for low predictive performance of
CSs in our model.

The sepsis calculator is the most validated algorithm using
RFs and CSs of neonates.® Various studies reported a benefit in terms
of reduced exposure to antibiotics within the first week of life.’
However, in a recently published individual patient meta-analysis,
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only around 40% of neonates with culture-proven EOS were ini-
tially assigned (strong consideration) for antibiotic treatment. This
proportion increased to 61% at the age of 12 hours of life. The
reported sensitivity of the sepsis calculator for culture-proven EOS
is dependent on a priori EOS incidence rate and treatment thresh-
olds.? This is true as well for our model: Sensitivity will go up if
we accept a higher proportion of treated neonates without culture-
proven EOS (Fig. 2). If we accept a treatment of 50 neonates to
capture one neonate with culture-proven EOS (precision of 2%),
the sensitivity of our model is around 80%. It is important to real-
ize that an initial delay in treatment does not equal a worse clinical
outcome. However, it makes clear that vigilance is required for all
infants, despite the risk estimate—probably true for every neonatal
sepsis prediction tool in the future.

In contrast to the sepsis calculator, our new model is applied
in a preselected population at the moment of start of antibiotics,
and does include biomarkers. Our analysis demonstrates in that
particular clinical phase, biomarkers may carry the most additional
value. It also shows that using machine learning, further discrimi-
nation between high- and low-risk infants is possible, and therefore,
further reduction of overtreatment may be possible. Therefore, a
combined application of the sepsis calculator with our new model
has to be considered. As the sepsis calculator is highly dependent
on clinical observation, it is similar to a population preselected
by healthcare workers using serial examinations.*® Studies of
approaches using serial examinations are increasingly conducted,
with promising results.?**>?” This approach may be combined with
our new model as well.

The relatively small number of positive blood cultures repre-
sents the main limitation of this study. It leads to a high variability
in the classification of performance. Second, we analyzed the pre-
dictive performance only for culture-proven EOS. Culture-negative
EOS is highly contradictory within the literature.'”** Nevertheless,
culture-negative EOS may exist and antibiotic treatment may be
beneficial for some neonates.** Besides, the dataset was limited to
the variables collected for NeoPInS with RFs and CSs known only
as dichotomized data (present/absent), with biomarkers limited to
CRP, WBC and TC and only a small number of PCT measurements
around the starting point of antibiotic therapy. RFs used as continu-
ous data such as exact duration of prolonged rupture of the mem-
branes in hours as applied by the group of Kaiser Permanente may
result in better predictive performance.® Similarly, CSs including
severity or duration of CSs may result in better predictive perfor-
mance as well. Therefore, our current model is just the first step
in the development of a new prediction tool. It needs to be vali-
dated and refined in an iterative process.'"!'* Our results cannot be
transferred to a setting with a high burden of EOS or with a high
sepsis-related mortality. In addition, for implementation into clini-
cal practice an easy-to-use and data safe human—machine interface
is required.'®!" The time delay to get biomarker results back limits
the use of our model and the development of point-of-care meas-
urements with availability of accurate biomarker results within a
short timeframe is mandatory for implementation. Neonates pre-
senting with evident clinical sepsis always have to be started imme-
diately on antibiotic treatment and biomarker results should have
no impact on this decision.

We conclude that biomarkers have to be considered in future
analyses and algorithms for management of late-preterm and term
neonates suspected of EOS. A 2-step approach with a screening tool
for all neonates (unselected population) in combination with our
model in the preselected population of neonates with an increased
risk for EOS may have the potential to reduce start of unnecessary
antibiotics. Timely available biomarkers results are mandatory and
development of point-of-care measurements are urgently needed.
In addition, future studies are needed to validate and refine the first

© 2021 Wolters Kluwer Health, Inc. All rights reserved.

version of our model. Accurately defined CSs and new biomarkers
have to be tested to get the highest possible prediction performance.
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COVID-19-Associated Mucormycosis—Arkansas,
July—September 2021

Dulski TM, DeLong M, Garner K, et al. Morbid and Mortal Wkly
Rep. 2021;70:1750-1751.

During September 17-24, 2021, 3 clinicians independently notified the
Arkansas Department of Health (ADH) of multiple patients with mucormy-
cosis after a recent diagnosis of COVID-19. To provide data to guide clini-
cal and public health practice, ADH coordinated a statewide call on October
11,2021, to infection preventionists for COVID-19-associated mucormyco-
sis cases. A case of mucormycosis was defined as laboratory identification
of Mucorales by culture, histopathology, or polymerase chain reaction in
a patient with a clinical diagnosis of invasive mucormycosis. Cases were
considered COVID-19-associated if the patient received a positive reverse
transcription-polymerase chain reaction or antigen test result for SARS-
CoV-2 (the virus that causes COVID-19) during the 60 days preceding the
mucormycosis diagnosis.

Ten COVID-19-associated mucormycosis cases that occurred dur-
ing July 12—September 28, 2021, were reported to ADH by 6 hospitals. Nine
patients lived in Arkansas, with patients representing each of the state’s 5
public health unit regions; 1 patient lived in a neighboring state. Among all
10 patients, the median age was 57 years (range, 17-87 years). All patients
were non-Hispanic White persons, 7 were male, 1 had a history of organ
transplantation, and 1 had a history of traumatic injury at the body site
where mucormycosis later developed.

Eight patients had diabetes; among these, the median hemoglobin
Al was 8.6% (range = 6.0%—14.3% [normal < 5.7%]). Mucormycosis clini-
cal signs and symptoms included those that were rhino-orbital (4 patients,
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including 3 with cerebral involvement), pulmonary (3), disseminated (2), and
gastrointestinal (1).

The median interval from COVID-19 diagnosis to the first positive
test result for mucormycosis was 18.5 days (range = 652 days). None of
the patients had been vaccinated against COVID-19. COVID-19 treatment
included supplemental oxygen therapy (8 patients), invasive mechanical
ventilation (5), corticosteroids (9), tocilizumab (2), and baricitinib (2).
Five patients received surgical treatment to excise mucormycosis-affected
tissue. Six of the 10 patients died during hospitalization or within 1 week
of discharge.

Comment: Mucormycosis is an uncommon but severe invasive
fungal infection caused by molds in the order Mucorales. Mucormycosis typ-
ically affects persons with immunocompromising conditions, such as hema-
tologic malignancy, stem cell or solid organ transplantation, or uncontrolled
diabetes. The emergence of COVID-19-associated mucormycosis has been
described in other parts of the world, including India (Joshi S, et al Emerg
Infect Dis 2022; 28: 1-8) and Honduras (Mejia-Santos H, et al Morbid Mor-
tal Wkly Rep 2021; 70: 1747-1749) but has been infrequently reported in
the United States. COVID-19 might increase mucormycosis risk because
of COVID-19-induced immune dysregulation or associated treatments such
as corticosteroids and immunomodulatory drugs (eg, tocilizumab or barici-
tinib) that impair host defenses against molds.

Because of the severity of mucormycosis, it is important that
clinicians maintain a high index of suspicion for COVID-19-associated
mucormycosis, including in patients without severe immunocompromis-
ing conditions. Mucormycosis treatment guidelines recommend prompt
antifungal therapy and surgical intervention to improve outcomes. Main-
tenance of glycemic control in patients with diabetes, guideline-based
use of corticosteroids for COVID-19 treatment, and vaccination against
COVID-19 should be encouraged.
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