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Abstract
Objective: Sepsis recognition among infants in the Neonatal Intensive Care Unit (NICU) is challenging and delays in recognition can result 
in devastating consequences. Although predictive models may improve sepsis outcomes, clinical adoption has been limited. Our focus 
was to align model behavior with clinician information needs by developing a machine learning (ML) pipeline with two components: (1) a 
model to predict baseline sepsis risk and (2) a model to detect evolving (dynamic) sepsis risk due to physiologic changes. We then com
pared the performance of this two-component pipeline to a single model that combines all features reflecting both baseline risk and evolv
ing risk.
Materials and Methods: We developed prediction models (two-stage pipeline and a single model) using logistic regression and XGBoost 
trained on electronic healthcare record data of an NICU cohort (1706 observations from 1094 patients, with a 1:1 ratio of cases to con
trols). We used nested 10-fold cross-validation to evaluate model performance on predictions made 1 h (T−1) before actual clinical 
recognition.
Results: The single model (XGBoost) achieved the best performance with a sensitivity of 0.77 (0.74, 0.80), specificity of 0.83 (0.80, 0.85), and 
positive predictive value (PPV) of 0.82 (0.79, 0.84), at 1 h prior to clinical sepsis recognition (T−1). The pipeline model (XGBoost) achieved a sensi
tivity of 0.72 (0.69, 0.75), specificity of 0.84 (0.82, 0.87), and PPV of 0.82 (0.80, 0.85) at T−1.
Discussion: Our findings highlight the challenges of aligning machine learning with NICU clinical decision-making processes. The two-stage 
pipeline, designed to mirror clinicians’ reasoning, underperformed compared to the single model. Future work should explore integrating contin
uous physiological data to enhance real-time risk assessment.
Conclusion: Although a pipeline model that separately estimates baseline and dynamic sepsis risk aligns with clinical information needs, at sim
ilar levels of specificity the observed sensitivity of the pipeline is inferior to that of a single model. Additional research is needed to better align 
model outputs with clinician information needs.

Lay Summary
Recognizing sepsis in infants in the Neonatal Intensive Care Unit (NICU) is a critical challenge, as delays in diagnosis can have devastating con
sequences. Predictive machine learning models can potentially improve early detection, but their use in clinical settings remains limited. Our 
research aimed to develop and evaluate a machine learning pipeline designed to align better with the needs of clinicians. This pipeline consists 
of 2 models: one to estimate baseline sepsis risk and another to detect dynamic risk changes based on infants’ physiological data. We com
pared this 2-stage approach to a single, comprehensive model that integrates all relevant data. Our results show that the single model outper
formed the 2-stage pipeline, achieving higher sensitivity while maintaining similar specificity, suggesting that the single model is more effective 
at identifying infants with sepsis 1 h before clinical recognition. However, the 2-stage pipeline may better address clinicians’ information needs 
by separating baseline and evolving risk. Future efforts should focus on refining predictive tools to align with clinicians’ needs, ultimately improv
ing sepsis detection and outcomes for vulnerable infants in the NICU.
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Introduction
Sepsis among infants in the Neonatal Intensive Care Unit 
(NICU) is challenging to recognize, and delays in diagnosis can 
result in devastating consequences such as high mortality, 
chronic lung disease, and neurodevelopmental impairment.1–5

The presentation of infant sepsis is heterogenous, sometimes 
presenting as fulminant disease and other times in an indolent 
manner making timely detection and potentially life-saving 
treatment difficult.6,7 While delays in sepsis recognition increase 
mortality across all age groups, our recent work demonstrates 
that each 30-min delay in administration of antibiotics is associ
ated with an alarming 1.4-fold increase in the odds of mortality 
in the NICU.7,8

Given the poor outcomes and financial burdens caused by 
delays in sepsis recognition, our team has utilized machine 
learning (ML) methods to support earlier recognition of sep
sis. In our prior work, we developed machine learning models 
using readily available electronic health record (EHR) data to 
predict sepsis 4 h prior to clinical recognition.9 Recently, 
additional ML models have been derived to predict pediatric 
sepsis in general wards,10 emergency department (ED),11–13

pediatric intensive care unit (PICU),14,15 and NICU16 set
tings. In the context of sepsis among very low birth weight 
infants, vital sign data from bedside monitors such as heart 
rate and pulse oximetry characteristics have demonstrated 
excellent prediction accuracy.17,18 Implementation of a pre
diction rule based on heart rate characteristics has been 
shown to reduce mortality among very low birth weight 
infants.19 However, model adoption has been hindered by 
the tension between clinical interpretability and algorithm 
performance challenges such as high false alarm rates at 
acceptable levels of sensitivity.20–22 Models that achieve the 
highest accuracy tend to be more complex and less interpret
able, whereas models more aligned with clinician expecta
tions may be simpler to interpret but less accurate.23,24

To better support clinical information needs and motivated 
by interviews with clinician and nurse participants,25 we 
designed a 2-step ML pipeline combining baseline and diag
nostic assessments. The baseline risk model is intended to 
answer the question, “might this infant become infected?” 
while the diagnostic model is intended to answer the ques
tion, “is this infant currently infected?” For comparison, we 
also derived a single model from data available at the time of 
sepsis evaluation.

Our goal is to support future clinical decision support 
(CDS) efforts by developing a sepsis recognition model that 
best balances predictive performance with clinician expecta
tions and utility. Our long-term aim is to enhance the detec
tion and treatment of infant sepsis, ultimately improving 
clinical outcomes.

Methods
Data sources and setting
Our study leveraged data from the neonatal sepsis registry in 
the NICU at the Children’s Hospital of Philadelphia (CHOP) 
from January 2013 to September 2019.9 The CHOP NICU is 
a 100-bed quaternary referral unit treating outborn and 
inborn infants with complex medical and surgical conditions. 
Our neonatal sepsis registry contains detailed data from the 
electronic health record for all infants admitted to the CHOP 
NICU. The data are stored in an adapted version of the 

PCORnet common data model26 augmented with manually 
adjudicated sepsis evaluation data. Consistent with our prior 
work, we defined sepsis evaluations as culture positive if the 
evaluation yielded a positive bacterial blood culture and clini
cally positive if cultures were negative, but antibiotics were 
administered for at least 5 days.9 We selected the 5 days cut- 
off point as it is a treatment standard that has been used to 
define culture negative sepsis in prior multicenter neonatal 
studies.27–30 Episodes of viral or fungal disease among our 
cohort were not analyzed further (Table 1).

The sepsis registry documents the precise time at which 
clinical evaluation for potential infection occurs, which is 
subsequently referred to as “clinical recognition” of a poten
tial infection. However, the actual infectious process may 
have begun hours earlier, prior to clinical recognition, 
depending on the virulence of the infectious pathogen and the 
clinical signs demonstrated by the infant.

Our goal was to develop models that can support ongoing 
monitoring for the onset of sepsis among infants that arises 
after the time of NICU admission. We initiated our observa
tion period on the third day post-admission, which excludes 
sepsis that was present on arrival and guarantees the inclu
sion of at least 2 days of baseline data for each infant. We 
excluded sepsis episodes that started on or after the infant’s 
first birthday. If an infant was transferred out of the unit and 
then readmitted after an absence exceeding 4 h, this was 
regarded as a new admission. There is often some “change in 
status” related to lengthy departures from the NICU (eg, 
major surgical procedure or a transfer to a regular floor due 
to improving health and subsequent deterioration). Thus, a 
fresh 2-day baseline data collection period was mandated 
before the resumption of the observation period and corre
sponding inclusion of sepsis episodes in our evaluation.

All analyses were performed using Python version 3.9.18 
and Scikit-learn version 1.4.1.31 Our analyses were approved 
the CHOP’s Institutional Review Board and a waiver of con
sent was granted.

Prediction features and feature engineering
Our models (baseline, diagnostic, and single) utilize features 
identified as important by clinicians and nurses based on our 
prior research.25 These features include demographic charac
teristics, clinical signs and symptoms, the presence of indwel
ling hardware and artificial airways, vital signs, and 
comorbid conditions. Note, our 3 models each use distinct 
subsets of these variables (Table S1).

To ensure that the models can be easily integrated into clin
ical practice, we limited the features to those routinely col
lected and available in typical EHR workflows, which 
resulted in a final set of 28 candidate prediction features. We 
excluded lab results to avoid potential bias introduced by the 
variability in lab ordering patterns across sites and over time. 
For our diagnostic model (described further below in the sec
tion on model training), we selected 14 features out of our set 
of 28 features derived from vital signs and measurements. 
These dynamic features were selected based on (1) their 
potential to reflect short-term changes in clinical status and 
(2) their availability in the EHR in a timely fashion regardless 
of clinical workflow or variability in documentation 
practices.

Among these dynamic features and consistent with our 
original model derivation efforts, we included physiologically 
meaningful binary thresholds and vital sign difference 
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(“delta”) features for selected vital signs.9 The delta features 
for temperature, heart rate (HR), respiratory rate (RR), sys
tolic blood pressure (SBP), and diastolic blood pressure 
(DBP) were calculated as the difference between the current 
value and the mean over the previous 24 h. We normalized 
infant weight to better reflect volume status rather than age. 
This normalization was completed by converting infant 
weight to Z-scores using either the Fenton standard32 or 
WHO standard33 reference data, depending on each infant’s 
postmenstrual age at the time of weight measurement.

In our baseline and single model, we additionally included 
the remaining 14 features not included in the diagnostic 
model. Where necessary to address missing data, we carried 
forward central access (venous, arterial catheters, and pres
ence of ECMO cannula) up to 48 h after last 

documentation,34 as well as nurse assessments of poor perfu
sion, or lethargy up to 12 h which reflects the cadence of 
nursing assessment. We included all apnea, bradycardia, and 
desaturation (ABD) events, regardless of their severity. We 
included ABD events as a count of events to represent their 
intensity over the past 12 h. We included infant comorbid 
conditions (chronic lung disease [CLD], prior necrotizing 
enterocolitis [NEC], congenital surgical anomalies, congeni
tal heart disease, and intraventricular hemorrhage) due to 
their potential associations with poor outcomes. CLD 
required some special handling in our feature engineering 
because lung disease among infants is only considered 
chronic if it remains present at least through day of life 30. 
Therefore, any mentions of CLD prior to this time were 
treated as if the condition started on day 30.

Table 1. Patient characteristics.

Total

Infants evaluated  
but found to be  

uninfected

Infants never  
evaluated for  

sepsis and  
had no clinical  

suspicion

Infants with  
at least  

one sepsis  
episodea

Infants evaluated  
for infection and 

found to have  
viral or fungal 

etiologyb

Patient, no. 1094 192 266 617 19
Sex, no. (%)

Female 452 (41.3) 68 (35.4) 110 (41.4) 266 (43.1) 8 (42.1)
Male 642 (58.7) 124 (64.6) 156 (58.6) 351 (56.9) 11 (57.9)

Race, no. (%)
American Indian or Alaska native 3 (0.3) 0 (0.0) 1 (0.4) 2 (0.3) 0 (0.0)
Asian 34 (3.1) 6 (3.1) 6 (2.3) 22 (3.6) 0 (0.0)
Black or African American 261 (23.9) 43 (22.4) 63 (23.7) 146 (23.7) 9 (47.4)
Native Hawaiian or other Pacific 
Islander

2 (0.2) 0 (0.0) 1 (0.4) 1 (0.2) 0 (0.0)

White 478 (43.7) 90 (46.9) 116 (43.6) 268 (43.4) 4 (21.1)
Multiple race 51 (4.7) 6 (3.1) 14 (5.3) 30 (4.9) 1 (5.3)
No information 10 (0.9) 3 (1.6) 3 (1.1) 4 (0.6) 0 (0.0)
Unknown 255 (23.3) 44 (22.9) 62 (23.3) 144 (23.3) 5 (26.3)

Ethnicity, no. (%)
Hispanic or Latino 153 (14.0) 26 (13.5) 30 (11.3) 95 (15.4) 2 (10.5)
Not Hispanic or Latino 931 (85.1) 165 (85.9) 234 (88.0) 515 (83.5) 17 (89.5)
Unknown 10 (0.9) 1 (0.5) 2 (0.8) 7 (1.1) 0 (0.0)

Gestational age, median (IQR), weeks 33 (27-37) 33 (27-37) 35 (29-38) 32 (26-37) 30 (24-33)
Age at first admission, median (IQR), 

days
2 (0-37) 1 (0-43) 5 (0-51) 2 (0-30) 17 (2-44)

Age at NICU first discharge, median 
(IQR), days

113 (63-188) 135 (74-195) 69 (29-152) 120 (71-194) 214 (147-223)

Length of stay, median (IQR), days 88 (48-145) 97 (65-147) 46 (23-89) 104 (60-154) 160 (120-197)
All-cause mortality, no. (%) 119 (10.9) 6 (3.1) 3 (1.1) 109 (17.7) 1 (5.3)
Comorbidity, no. (%)

Chronic lung disease 445 (40.7) 85 (44.3) 72 (27.1) 276 (44.7) 12 (63.2)
History of necrotizing enterocolitis 328 (30.0) 25 (13.0) 26 (9.8) 270 (43.8) 7 (36.8)
Congenital surgical malformations 380 (34.7) 63 (32.8) 80 (30.1) 234 (37.9) 3 (15.8)
Congenital cardiac disease 167 (15.3) 36 (18.8) 32 (12.0) 97 (15.7) 2 (10.5)

Central venous line, no. (%)c 951 (86.9) 164 (85.4) 173 (65.0) 596 (96.6) 18 (94.7)
Mechanical ventilator, no. (%)c 931 (85.1) 181 (94.3) 163 (61.3) 569 (92.2) 18 (94.7)
Age at first sepsis evaluation, median 

(IQR), days
22 (4-61) 27 (1-87) — 21 (5-54) 54 (25-101)

Total evaluations, no. 2317 309 — 1964 44
Total positive sepsis evaluations, no. 972 0 — 972 0
Infants having positive sepsis evaluation, 

no. (%)
617 (56.4) 0 — 617 (100) 0

Infants having multiple positive sepsis 
evaluations, no. (%)

224 (20.5) 0 — 224 (36.3) 0

a Our eligibility criteria included infants hospitalized in the NICU >72 h. It is possible that infants may have been infected on admission to our NICU and 
as such, actual sepsis cases may be greater than our original numbers. Out of 617 infected, 587 were included as cases, the remainder were included as 
controls because the infection was occurred in the first 48 h within admission. Sepsis evaluations were defined as culture positive if the evaluation yielded a 
positive bacterial blood culture and clinically positive if cultures were negative, but antibiotics were administered for at least 5 days.

b Three infants have fungal infection, the rest of them have viral infection.
c Infants who ever had a CVL or mechanical ventilator.
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Model derivation
Selection of controls
A total of 1706 observations from 1094 neonatal patients 
were included in the training set, with a 1:1 ratio of cases to 
controls. Although sepsis among infants is a rare event and 
does not occur in a 1:1 ratio, we chose this ratio to reduce 
issues due to data imbalance. This approach allows us to 
achieve our primary goal of comparing the algorithm per
formance between our two modeling approaches (pipeline vs 
single model) but limits our ability to estimate important per
formance characteristics such as false alarm rates in real 
world populations.

Controls were selected from 3 cohorts: (1) infants who had 
at least one sepsis episode, but were uninfected at other time 
periods, (2) infants who were evaluated for sepsis but deter
mined to be uninfected (“ruled-out” sepsis), and (3) infants 
who were never evaluated for sepsis. We stratified sampling 
from these cohorts in proportions reflective of those observed 
among our NICU infants (28% observation time among 
infants who were infected or presumed infected at least once, 
45% observation time among infants who were evaluated 
but never infected, and 27% observation time from infants 
never evaluated). We did not match on any clinical character
istics to ensure all potentially relevant characteristics could be 
included in the model as predictors (eg, gestational age and 
clinical co-morbidities). To reduce the effect of data collec
tion artifacts related to time of day or shift changes, we coun
terfactually assigned the time of day of sepsis evaluation for 
cases to the matched controls.

Model selection
Numerous ML algorithms were considered in our prior work 
and offered generally similar levels of performance on held 
out samples in a cross-validation study design.9 For this 
work, regularized (lasso) logistic regression (LR) and 
XGBoost were selected as the candidate models, with LR 
selected for its explainability and generally good performance 
on datasets with appropriately engineered features, and 
XGBoost for its ability to learn non-linear relationships and 
variable interactions from the data.

Model training
To align our pipeline approach with clinical decision-making, 
we created a 2-stage set of models to support: (1) recognition 
of which infants may become septic in the future (sometimes 
referred to as “watchers”)35 and (2) identification of actively 
infected infants among those “watchers.” We therefore cre
ated a baseline model to recognize infants that may become 
septic optimized for recognition 12 h prior to a potential sep
sis event to mimic the first step in clinician decision making 
and align with forecasting that might be needed for the length 
of typical work shifts in the NICU. Additionally, we devel
oped a diagnostic model to recognize currently septic infants 
optimized for recognition up to 1 h prior to clinician recogni
tion. The diagnostic model is intended to mimic the second 
step in clinician decision making that may occur in response 
to a change in an infant’s clinical status. Our pipeline model 
combines the baseline and diagnostic models into a single sys
tem of these 2 separately trained models to align with the 
overall clinical decision process. For purposes of comparison, 
we also trained a single model using all available features.

To begin our modeling development process, we binned 
the data into 1-h windows such that the final bin ends at the 
time of sepsis evaluation (T0) for cases with data bin assign
ment based on its EHR timestamp. For controls, training 
data were taken from randomly selected portions of the 
sepsis-free time periods available for a given sample, and also 
binned into 1-h windows starting from the selected sepsis- 
free time. To optimize hyperparameters, we utilized 10-fold 
nested cross-validation. A high-level overview of data binning 
and time points related to model derivation and evaluation is 
shown in Figure 1.

Baseline risk model
The baseline risk model was trained on data curated 12 h 
prior to sepsis recognition (T−12) for the case samples, and 12 
h prior to the randomly selected sepsis-free time for the con
trol samples, using all 28 features (Table S1).

Diagnostic model
The diagnostic model was trained on data at the time of sep
sis evaluation (T0) for case samples, and at the randomly 
selected sepsis-free time for the control samples. This model 
only used the 14 dynamic features that were reliably and fre
quently updated in the EHR system, such as vital signs, which 
were updated hourly (Table S1 and described previously in 
the feature engineering section).

Single model
The single model was trained on data at the time of sepsis 
evaluation (T0) for case samples, and at the randomly 
selected sepsis-free time for the control samples, using all 28 
features (Table S1).

Model evaluation
All models were evaluated using held out samples in the outer 
loop of the nested cross validation. Motivated by a desire to 
evaluate a system that can improve on the current state of 
clinical care, our model evaluation time point differs from the 
model training time points. Given even small delays in treat
ment for sepsis significantly impacts mortality and adverse 
outcome in NICU,8 we evaluated model performance at 1 h 
prior to sepsis recognition (T−1). In real-world implementa
tions infants would be continuously monitored for possible 
sepsis, and even a 1-h earlier detection of sepsis could make a 
significant difference in reducing mortality and morbidity. 
Additionally, as retrospective analysis of infants in our NICU 
sometimes shows signs of infection several hours prior to 
clinical recognition,36 we also assessed model performance 
12 h prior to sepsis evaluation (T−12), as this represents the 
earliest meaningful evaluation window. We selected a model 
predicted probability of sepsis decision threshold to achieve 
80% sensitivity at the training hour of the model being eval
uated (T−12 for the baseline risk model and T0 for the diag
nostic and single models). Based on the decision threshold, 
sensitivity, positive predictive value (PPV), area under the 
curve of the receiver operating characteristic (AUROC), and 
F1 score were calculated at our two evaluation times (T−1 for 
our primary analysis and T−12 for our secondary analysis).

Evaluation of the pipeline model
The 2-stage screening pipeline integrates both the baseline 
risk model and the diagnostic model, aiming to utilize their 
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predictions in sequence. If the baseline risk model flags a 
potential high risk, then those infants are monitored using 
the diagnostic model.

We did not do additional model training for the pipeline 
model (eg, to weigh the contributions of each model in the 
pipeline), rather we used the baseline risk and diagnostic 
models in tandem similar to how they might be used clini
cally. We defined the pipeline model predictions as follows: a 
positive prediction by the pipeline model occurs when both 
the baseline risk model and the diagnostic model flag a case 
as positive. A negative prediction by the pipeline occurs when 
either (1) the baseline risk model flags the case as negative or 
(2) the baseline model flags the case as positive, but the diag
nostic model flags it as negative. True positive predictions are 
all cases of sepsis, for which both baseline risk and diagnostic 
model predict positive. True negative predictions are all cases 
that did not have a sepsis episode, for which either (1) the 
baseline risk model predicts negative (so case is not seen by 
diagnostic model) or (2) baseline risk model predicts positive, 
but the diagnostic model predicts negative.

Assessment of feature importance
To determine the feature importance for individual predic
tions, we used the Shapley Additive exPlanations (SHAP) 
method37 and calculated the conditional SHAP values for 
each model.38

Results
Cohort demographic and clinical characteristics
The derivation set included 1094 patients < 1 year old, of 
which 617 (56.4%) had at least one sepsis episode (Table 1). 
Of those, 109 (17.7%) died (all-cause mortality), while 
among the 266 (24.3%) infants who were never evaluated 

for sepsis and had no clinical suspicion only 3 (1.1%) died. 
Infants with at least one sepsis episode had a median length 
of stay (LOS) of 104 days, while the median LOS of infants 
who had no clinical suspicion for sepsis was 46 days. Of 
note, 34.7% of total infants in our cohort presented with 
congenital surgical malformations, and 15.3% had congeni
tal cardiac diseases, emphasizing the complexity and level of 
critical illness in our population. In addition, the prevalence 
of infants who ever required a CVL or mechanical ventilation 
was at 86.9% and 85.1%, indicating a high level of interven
tion within this population.

Model performance
Baseline and diagnostic models individually
Results for our primary evaluation at T−1 and secondary 
analysis at T−12 are shown in Table 2 and Table S2, respec
tively. Averaged over 10 outer folds of the nested cross- 
validation, both the LR and XGBoost baseline risk models 
had high sensitivity at T−1. With a target sensitivity of 0.8 at 
T−12, both achieved > 0.85 sensitivity at T−1, thereby captur
ing a large proportion of patients at risk, although at modest 
levels of specificity (0.68 and 0.67 for LR and XGBoost, 
respectively). Evaluating the diagnostic models by themselves, 
the XGBoost diagnostic model achieved close to our target 
sensitivity (0.77 at T−1) with a specificity of 0.74. In secon
dary analyses, the diagnostic models had low sensitivity at 
T−12 (LR: 0.59, XGBoost: 0.66).

Pipeline model and comparison to single model approach
When integrating the 2 models into a pipeline, the observed 
sensitivity was lower than our target at T−1 (LR: 0.65, 
XGBoost: 0.72), although specificity was somewhat higher 
(LR: 0.82, XGBoost: 0.84) (Table 2). Notably, the sensitivity 
of the pipeline model approach was lower than that of a 

Figure 1. High level overview of data binning for model training and evaluation. Note the primary evaluation time point for all models is 1 h prior to 
sepsis recognition in actual clinical care (T−1). In a secondary analysis (not illustrated in this figure), we also evaluate model performance at T−12. 
Model evaluation was performed on held out samples in the out loop of the nested cross validation.
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single model trained on all available features at a similar level 
of specificity (the single model’s sensitivities were 0.76 and 
0.77 and specificities were 0.80 and 0.83 for LR and 
XGBoost, respectively). This observed difference in predic
tion outcome distribution at T−1 was statistically significant 
(McNemar’s test P< .0001 for both LR and XGBoost 
models).

Feature importance assessment
We conducted SHAP analysis to evaluate feature importance 
and their impact on the XGBoost models (Figure 2). In the 
SHAP violin plots, each dot is a patient where red indicates 
higher risk; for example, higher temperatures predict 
increased risk while increased age predicts decreased risk. 
Indwelling central venous line (CVL), high fraction of 
inspired oxygen (FiO2) and mechanical ventilation were the 
top 3 predictors in the baseline risk model. For the diagnostic 
model, elevated temperature, high FiO2, and low systolic 
blood pressure (SBP) were predictive of sepsis. For the single 
model, the highest ranked 5 features are CVL, temperature, 
FiO2, chronological age and mechanical ventilation, which 
represents a blend of the important features from the baseline 
risk and diagnostic models.

Discussion
As evidenced by the clinical pathways developed at our insti
tution,39,40 clinicians often think about infant sepsis in the 
NICU using a 2-stage process: (1) who are the “watcher” 
infants who might become infected and (2) among those 
“watchers” which infants show signs of deterioration that 
suggests infection. Our main objective was to determine if a 
2-step pipeline model, which aligns better with current clini
cal decision-making processes in the NICU, has superior per
formance compared to a single model for diagnosing infant 
sepsis. Unfortunately, in our analysis, a 2-stage pipeline 
approach had inferior test characteristics—notably unaccept
able sensitivity—compared to a model that combines both 
baseline and dynamic input features into a single model. The 
sensitivity of the 2-stage pipeline is inadequate for clinical use 

given the risks of not treating potentially infected infants. 
These results underscore the importance and ongoing chal
lenges of thoughtful efforts to implement machine learning 
algorithms in clinical care in ways that support the needs of 
clinical teams.41

We anticipated the baseline model would have high sensi
tivity with potentially poor precision as it is based on rela
tively static or otherwise slowly changing variables. 
Simultaneously, we anticipated the diagnostic model would 
have high precision. We did not combine these into a single 
model because we expected that the baseline risk factors were 
likely to dominate the diagnostic variables. Our hypothesis 
was that the pipeline model could combine the baseline and 
diagnostic models in such a way that overall false positives 
could be reduced (ie, increased precision) without sacrificing 
sensitivity. Emergence of that outcome requires that one of 
the individual models provides a negative prediction in cases 
where the other provides a false positive or where an overall 
model using all features provides a false positive. In our 
exploration, the pipeline model was not able to achieve this 
balance. However, performance could potentially be 
improved by incorporating data from bedside monitors or 
other physiological monitoring systems.18,19,42,43 For 
instance, the Pulse Oximetry Warning System (POWS) mod
els utilize statistical analyses of beat-to-beat heart rate varia
bility and abnormal oxygen saturation patterns collected 
from bedside monitors. These models have demonstrated 
robust dynamic risk prediction for late-onset sepsis in very 
low birth weight infants.17 Moreover, spikes in POWS have 
been clinically correlated with infection and respiratory dete
rioration.44 This represents an intriguing direction for further 
investigation. In our future work, we plan to evaluate and 
explore the potential benefits of integrating bedside and other 
physiological monitoring data to improve predictive 
modeling.

It is worth noting that the SHAP values show that FiO2 is 
consistently ranked among the top 3 most important features 
for the baseline risk, diagnostic, and the single models 
(Figure 2). Although FiO2 theoretically varies significantly, 
in practice, it tends to remain relatively stable, making it a 

Table 2. Performance (95% confidence interval) of baseline risk model, diagnostic model, pipeline, and single model at 1 h prior (T−1) to sepsis 
recognition.

Baseline modela Diagnostic modelb Pipeline Single modelc

T−1 T−1 T−1 T−1

Logistic regression
Sensitivity 0.87 (0.85, 0.90) 0.69 (0.66, 0.72) 0.65 (0.62, 0.68) 0.76 (0.74, 0.79)
Specificity 0.68 (0.64, 0.71) 0.69 (0.65, 0.72) 0.82 (0.79, 0.85) 0.80 (0.78, 0.83)
PPV 0.73 (0.70, 0.76) 0.69 (0.66, 0.72) 0.78 (0.75, 0.81) 0.79 (0.77, 0.82)
NPV 0.84 (0.81, 0.87) 0.69 (0.66, 0.72) 0.70 (0.67, 0.73) 0.77 (0.75, 0.88)
AUC 0.86 (0.84, 0.88) 0.73 (0.71, 0.76) — 0.87 (0.85, 0.88)
F1 0.79 (0.77, 0.82) 0.69 (0.66, 0.72) 0.71 (0.68, 0.74) 0.77 (0.77, 0.80)
XGBoost
Sensitivity 0.85 (0.83, 0.88) 0.77 (0.75, 0.80) 0.72 (0.69, 0.75) 0.77 (0.74, 0.80)
Specificity 0.67 (0.64, 0.70) 0.74 (0.71, 0.77) 0.84 (0.82, 0.87) 0.83 (0.80, 0.85)
PPV 0.72 (0.69, 0.75) 0.75 (0.72, 0.78) 0.82 (0.80, 0.85) 0.82 (0.79, 0.84)
NPV 0.82 (0.79, 0.85) 0.77 (0.74, 0.80) 0.75 (0.73, 0.78) 0.78 (0.76, 0.81)
AUC 0.86 (0.84, 0.88) 0.83 (0.80, 0.85) — 0.87 (0.86, 0.89)
F1 0.78 (0.75, 0.81) 0.76 (0.73, 0.79) 0.77 (0.74, 0.80) 0.79 (0.76, 0.82)

a Derived from 12 h prior to sepsis recognition (T−12) using all 28 features.
b Derived from the time at sepsis recognition (T0) using 14 dynamic features only.
c Dervied from T0 using all 28 features.

6                                                                                                                                                                                               JAMIA Open, 2025, Vol. 8, No. 2 



key factor in all 3 models. In O’Sullivan et al.’s scoping 
review of previous machine learning studies on neonatal sep
sis diagnosis, the gestational age, C-reactive protein levels, 
and white blood cell count are the strongest predictors to 
diagnose sepsis.45 However, gestational age is a static feature, 
meaning its value remains unchanged across all possible pre
diction windows prior to sepsis. Although the C-reactive pro
tein and white blood cell count were used in our original 
model development as laboratory data,9 all lab-based fea
tures have been excluded from our current models for 2 key 
reasons: (1) to reduce bias, as the ordering of lab tests could 
indicate extant clinician concern for patient deterioration and 
(2) to support generalization of the models, given that order
ing patterns may vary over time and across sites. Tempera
ture and systolic blood pressure were among the most 
important dynamic features in our models (Figure 2). In the 
NICU setting these dynamic features are typically updated 
hourly in the EHR. Although vital signs are updated much 
more frequently on bedside monitors, our goal was to bal
ance ease of implementation with the ability to help clinicians 
better understand the evolving state of the infant over time 
using readily available data.

Our work relates to numerous studies that utilize tradi
tional ML and deep learning models to support sepsis recog
nition and management. In the setting of adult sepsis, several 
models have been shown to accurately predict sepsis onset 
and have been effectively adopted into clinical practice.46,47

Fewer models are available for neonatal patients, given age- 
specific differences in physiology, difficulty in data acquisi
tion for neonates and the complexity of EHR data for infants 
in the NICU.45

In current clinical practice, an ideal implementation 
approach for infant sepsis predictive models in the NICU 
should support both the need to identify infant “watchers” 
who might become infected and support a more active moni
toring process using models tuned to detect changes in clini
cal status that may be due to sepsis among those 
“watchers.”35 It is possible due to advances in machine learn
ing and artificial intelligence that this clinical paradigm may 
evolve, and new clinical information needs may arise. For 
example, the incorporation of sepsis biomarkers and multi- 
modal data available continuously from bedside monitors 

and video cameras may result in highly accurate sepsis predic
tion models where greater degrees of automation in sepsis 
monitoring might be reasonable. However, in the present 
state where tradeoffs must be made between sensitivity and 
false alarm rates, clinician judgment remains an essential 
aspect of the decision-making process. Consequently, near- 
term efforts should continue to seek ways to support clinician 
information needs in alignment with the current clinical best 
practices for ensuring the timely recognition of sepsis among 
infants in NICU settings.

Limitations
Our evaluation was performed in a single health system and 
did not use an independent held-out test set to externally 
evaluate algorithm performance. Also, due to our sampling 
strategy (1:1 ratio of cases and controls), important real 
world performance characteristics such as false alarm rate 
cannot be assessed. Our future efforts will involve evaluating 
the potential impact of our ML models under real-world con
ditions in partnership with clinical teams. These efforts will 
involve evaluating the impact of false alarms, and determin
ing appropriate risk thresholds to trigger clinical actions 
related to sepsis monitoring, evaluation and treatment. We 
will also design interfaces in partnership with these clinical 
teams to present model outputs in a manner that is easily 
interpretable and actionable in alignment with their informa
tion needs.

Conclusion
In this study, we demonstrated that a single model trained on 
both baseline risk and dynamic physiologic features available 
at the time of sepsis evaluation has better inference perform
ance compared to a two-stage pipeline model comprising a 
separate baseline risk model and a diagnostic model trained 
on data available 12 h and 1 h prior to sepsis evaluation, 
respectively. Although aspects of the 2-stage screening pipe
line may better support clinical information needs, our evalu
ation suggests that future efforts should consider ways that 
outputs from a single optimized model can be used to support 
the two distinct information needs of current clinical practice. 
Specifically, clinical teams need model outputs or 

Figure 2. SHAP feature importance plot displaying patient-level conditional SHAP value for the XGBoost algorithm. Left: baseline risk model. Middle: 
Diagnostic model. Right: single model. Abbreviations: CVL, central venous line; FiO2, high fraction of inspired oxygen; NEC, prior necrotizing 
enterocolitis; SBP, systolic blood pressure; DBP, diastolic blood pressure).

JAMIA Open, 2025, Vol. 8, No. 2                                                                                                                                                                                                7 



visualizations that help them both identify infants at risk of 
sepsis (ie, “watchers”) and support the timely recognition of 
clinical deterioration among those at-risk infants.

Our over-arching goal is to improve the recognition of 
infant sepsis and the clinical use of predictive models to help 
to reduce morbidity and mortality in this vulnerable popula
tion. Due to imperfect sensitivity of all models we evaluated, 
it is important to note that while these models can help iden
tify infants who may have sepsis, they should not replace clin
ical judgment.
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