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Abstract
Introduction:

Serious bacterial infection (SBI), remain a major cause of morbidity and mortality among children under
five, particularly in low- and middle-income countries where diagnostic capacity is limited. Despite
increasing use of artificial intelligence (Al) in pediatric risk prediction, context-specific Al models for
pediatric SBI in Nigeria remain limited. To develop and internally validate an Al-based clinical prediction
framework for identifying SBI risk among children in Nigerian hospital settings, with additional safety-
gating features to support clinically responsible use.

Methods

We conducted an Al-enabled retrospective prediction model development and internal validation using
pediatric clinical records from Nigerian hospital settings. Ensemble prediction combined logistic
regression, decision tree, and Extreme Gradient Boosting models implemented in R. Internal validation
used a stratified 80:20 development-held-out test split, with tuning, class weighting, and threshold
optimization performed within the development partition only. The system architecture incorporated a
local large language model, by finetuning MedGemma, for schema-constrained extraction from free-text
clinical-note inputs, and a Python-based deterministic gating engine for completeness, plausibility,
consistency, and prediction-readiness checks. Metrics including AUROC, sensitivity, specificity, accuracy,
predictive values, balanced accuracy, and simulated workflow-abstention rates.

Results

Among 11,466 labeled pediatric records, 936 (8.2%) were SBI-positive. Culture-confirmed SBI was
associated with key demographic, anthropometric, clinical, physiologic, and comorbidity factors, while
the strongest model predictors were mainly growth, age-related, and maternal factors, with selected
clinical signs contributing additional predictive value. The finalized ensemble model achieved AUROC
0.76 (95% CI: 0.72-0.80), sensitivity 0.76 (95% CI: 0.69-0.82), specificity 0.63 (95% Cl: 0.61-0.65),
accuracy 0.64 (95% Cl: 0.62-0.66), PPV 0.13 (95% CI: 0.11-0.16), NPV 0.97 (95% CI: 0.96-0.98), and
balanced accuracy 0.70 (95% Cl: 0.66—0.73), using an optimized threshold of 0.50. In simulated
workflow testing, schema-conforming extraction succeeded in 95% of inputs, while prediction was
withheld in 20% because of missing, implausible, or conflicting information.

Conclusion

This study presents a context-specific Al framework for pediatric SBI prediction using Nigerian clinical
data. The findings support further external validation, prospective evaluation, and testing with real-world
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clinical documentation before routine deployment.

Introduction

Serious bacterial infection (SBI), including bacteremia, sepsis, meningitis, severe pneumonia, and other
invasive bacterial infections, remains a major contributor to preventable childhood morbidity and
mortality worldwide. In 2024, an estimated 4.9 million children died before their fifth birthday globally,
including approximately 2.3 million newborns, with an estimated global under-five mortality rate of 37.4
deaths per 1,000 live births (WHO, 2026; UN IGME, 2026). These deaths remain highly concentrated in
low- and middle-income countries, particularly in sub-Saharan Africa, which accounted for 58% of all
global under-five deaths in 2024. Infectious diseases remain a major contributor to child mortality in the
region, with the nine leading infectious diseases accounting for 54% of under-five deaths in sub-Saharan
Africa in 2024 (UNICEF, 2026). Nigeria is among the highest-burden countries; in 2024, WHO reported
that only Niger, Nigeria, and Somalia had under-five mortality rates above 100 deaths per 1,000 live
births. These patterns reflect persistent weaknesses across the pediatric infection-care pathway,
including delayed care-seeking, under-recognition of severe illness, limited diagnostic capacity, variable
antimicrobial access, and referral-system constraints. In northwest Nigeria, Bakare et al. found that only
4.9% of caregivers could identify both cough and fast or difficult breathing as pneumonia symptoms, and
only 32.3% of children with pneumonia-specific symptoms were taken for care, highlighting important
delays before children reach formal health services (Ukwaja et al., 2012; Bakare et al. (2023). Falade et
al. reported in Lagos that health workers in primary health centres rarely diagnosed chest indrawing
pneumonia under routine programme conditions, reinforcing concerns about frontline recognition of
severe pediatric infection (Bakare et al., 2020; Falade et al. (2026). Other Nigerian implementation
studies have shown that strengthening pulse oximetry, oxygen services, and health-worker training can
improve recognition and management of hypoxaemic pneumonia, but these services are not uniformly
available across routine care settings (Colbourn et al., 2024; Graham et al., 2022). At the treatment level,
recent global analyses show that antimicrobial resistance and limited access to effective antibiotics
remain major barriers to appropriate management of serious bacterial infections in LMICs (Naghavi et
al., 2024; Mishra et al., 2025).

Early recognition of SBl is critical because delayed diagnosis and treatment can lead to rapid
progression to sepsis, prolonged hospitalization, inappropriate antimicrobial use, preventable
complications, and death. However, identifying SBI in young children remains challenging. Clinical
presentations are often non-specific, with symptoms such as fever, irritability, respiratory symptoms, or
poor feeding overlapping with viral and non-invasive bacterial illnesses. Furthermore, microbiological
confirmation is frequently unavailable or delayed, particularly in resource-constrained settings. In many
frontline pediatric facilities, clinicians must make rapid triage and treatment decisions based on
incomplete histories, limited physiologic measurements, variable documentation quality, and restricted
laboratory capacity. These challenges are especially pronounced in Nigerian hospital settings, where
under-five mortality are among the highest globally and diagnostic uncertainty continues to shape
pediatric infectious disease care.

Page 4/30



Prediction-support tools have the potential to improve pediatric triage and clinical decision-making by
integrating multiple routinely available clinical features into structured risk estimates. Traditional clinical
prediction rules and biomarker-based approaches, such as C-reactive protein and procalcitonin-have
been used to stratify febrile children according to their risk of serious infection (Van den Bruel et al.,
2011). More recently, machine-learning and artificial intelligence (Al) methods have expanded the scope
of pediatric risk prediction by enabling flexible modelling of non-linear relationships, complex
interactions among predictors, and high-dimensional clinical data. Several studies have demonstrated
the potential of machine-learning models to predict SBI or invasive bacterial infection among febrile
infants and children, particularly in emergency department and hospital settings in high-income
countries (Ramgopal et al., 2020; Chiu et al., 2021; Lee et al.,, 2022; Park et al., 2025).

Despite these advances, important gaps remain. First, existing machine-learning models for pediatric SBI
or invasive bacterial infection have largely been developed in emergency department or tertiary hospital
datasets from high-income or non-African settings. For example, Ramgopal et al. developed a
supervised machine-learning model for SBI among febrile infants aged < 60 days in a United States
pediatric emergency-care context (ref); Chiu et al. developed models for invasive bacterial infection
among febrile infants attending emergency departments across three medical centers in Taiwan (ref);
Lee et al. developed and externally validated an SBI prediction model using febrile children from three
tertiary hospital emergency departments in South Korea (ref) ; and Park et al (2025) reported a machine-
learning model for SBI among febrile young infants in a Korean tertiary-care setting. Although these
studies demonstrate the potential of machine-learning approaches for pediatric infection risk prediction,
their development populations, diagnostic pathways, laboratory availability, and healthcare-use patterns
differ substantially from routine pediatric care in Nigeria.

Second, although Al applications in infectious disease research are increasing across sub-Saharan
Africa, evidence remains uneven by geography, disease focus, and implementation maturity (Lokonon et
al., 2026; Makola et al., 2026). A recent review of 62 studies, mainly from South Africa, Ethiopia, Kenya,
and Tanzania, focused largely on major infectious diseases such as malaria, HIV, COVID-19, and
tuberculosis (Lokonon et al., 2026). In Nigeria, emerging Al studies such as a hybrid Neural Network
model trained on 4,027 clinical records focused only on neonates from the southwest Nigeria and a few
conditions like sepsis, birth asphyxia, jaundice, and prematurity rather than culture-confirmed SBl in
under-five children (Odeyemi et al., 2025). These suggests that pediatric SBI in Nigeria is
underrepresented in the regional Al literature. This is important because clinical prediction models
require external validation, impact assessment, and context-specific evaluation before clinical use,
particularly in resource-constrained settings (Arshi et al., 2025; Waldock et al., 2026).Third, many Al
prediction systems assume that clinical inputs are complete, structured, and internally consistent, which
is often unrealistic in real-world LMIC practice. Missing data, implausible physiologic measurements,
inconsistent symptom documentation, and heterogeneous free-text clinical notes are common
challenges (Narasimhan et al., 2021). Consequently, models that generate risk estimates from
incomplete or contradictory information may produce misleading outputs, potentially resulting in false
reassurance or inappropriate escalation of care. Therefore, Al systems intended for frontline clinical
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decision support should not only estimate risk but also assess whether the available information is
sufficient, plausible, and reliable for prediction. This necessitates an informatics architecture capable of
structured data extraction, prediction-readiness assessment, uncertainty management, and clinician
oversight.

Large language models offer potential for transforming unstructured clinical notes into structured
variables suitable for downstream prediction tasks. However, unrestricted generative outputs potentially
introduce safety concerns; hallucination of clinical information, misclassification of key variables, and
overconfident interpretations (Singhal et al., 2023). This study uses an internally validated Al-based,
context-specific, ensemble machine-learning model to identify SBI risk among children in Nigerian
clinical settings. In addition, it utilises an implementation-oriented, safety-gated architecture that
integrates schema-constrained extraction from simulated clinical-note inputs, deterministic checks for
completeness and plausibility, consistency validation, and clinician authorization prior to model scoring.

Methods
Study Design

This was a retrospective prediction model development and internal validation study using pediatric
clinical records obtained from the Community-Acquired Pneumonia and Invasive Bacterial Diseases in
Young Nigerian Children (CAPIBD) surveillance study conducted in Kano State, Nigeria (Ref). The study
was designed and reported in accordance with the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis-Artificial Intelligence (TRIPOD-AI) guideline for artificial
intelligence-based clinical prediction models (Collins et al., 2024).

Study Setting and Data Source
The development dataset consisted of pediatric clinical records obtained from the

CAPIBD study. The dataset included demographic, symptom-history, signs, and microbiologic variables
collected from children presenting with suspected bacterial infections.

Participants

Eligible participants were children younger than five years presenting with suspected bacterial infections
at Aminu Kano Teaching Hospital, Kano. Records with missing observation for the outcome variable
were excluded from the model development. A total of 11,466 pediatric records were available for
system development.

Outcome Definition
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The primary outcome was SBI status, defined as culture-confirmed invasive bacterial infection, modeled
as a binary classification outcome: Positive SBI: blood culture positive for a clinically significant bacterial
pathogen (excluding contaminants such as coagulase-negative staphylococci (CONS) and Bacillus
Species). Negative SBI: blood culture negative or culture interpreted as contaminant. Culture
interpretation followed existing clinical microbiology procedures used within the source datasets as
guided by the Clinical and Laboratory Standards Institute (CLSI). The operational definition was selected
to support clinically relevant binary prediction modeling while acknowledging the limitations of culture-
based reference standards in resource-constrained environments.

Candidate Predictors

Candidate predictor variables were identified through a structured review of recent literature on pediatric
serious bacterial infection (SBI), invasive bacterial infection, bacteremia, and sepsis prediction models
published between 2020 and 2025. Variables consistently associated with SBI risk across previous
studies were prioritized, particularly those routinely available during early clinical assessment in
resource-constrained settings (Chiu et al., 2021; Schinkel et al., 2022). A total of 32 variables were
available for use in the dataset (Table 1).

Table 1
List of Variables available for modelling

List of Variables

Age group

Birth weight

Place of delivery
Maternal age

Maternal education
Weight

Height

Temperature

Heart rate

Respiratory rate
Systolic blood pressure
Diastolic blood pressure

Sex

Reported fever
Lethargy
Seizure

Cough
Vomiting
Diarrhea

Rash

Fever duration
Prior antibiotics
HIV exposure or known HIV
lIl appearance
AVPU

Respiratory distress signs

Local infection signs

Immunocompromised status

MUAC

Previous healthcare visit for current illness

Sickle cell disease

Chronic illness present
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Missing Data Handling

Missing data was handled differently during model development and live clinical workflow operation.
During model development, missing numeric and categorical variables were imputed using Multiple
Imputation by Chained Equations (MICE). For selected categorical variables where missingness was
considered potentially informative in routine clinical practice, an explicit “unknown” category was
retained and evaluated. During live workflow execution, prediction was blocked if required predictors
were missing. Follow-up information was requested before scoring and cases with unresolved
missingness remained in abstention mode. This distinction was intentional because statistical
imputation may support predictive model development, whereas real-time clinical deployment requires
more conservative safety safeguards.

To improve prediction safety and reduce inappropriate model inference, the application incorporated
deterministic validation rules and age-specific physiologic plausibility ranges for edge-case handling.
Validation thresholds were informed by pediatric clinical references, sepsis prediction studies, and
implementation guidance from trustworthy Al frameworks (Moor et al., 2023; Shashikumar, et al., 2021).
Core variables including temperature, heart rate, respiratory rate, oxygen saturation, blood pressure,
anthropometric measures, and laboratory parameters were evaluated against predefined biologically
plausible ranges before model scoring. The rule engine additionally assessed cross-variable consistency,
such as fever-temperature mismatches, implausible age-vital sign combinations, and contradictory
respiratory findings. Inputs violating hard physiologic or logical constraints triggered prediction
abstention or rejection, while clinically abnormal but plausible values were retained and flagged as high-
risk indicators. Missing mandatory variables, implausible physiologic measurements, and out-of-
distribution patterns were similarly handled through deterministic abstention logic rather than
unrestricted prediction generation.

System Architecture

The system architecture consisted of three interconnected layers: extraction, deterministic validation,
and prediction (Fig. 1).

Structured Extraction Layer

Free-text clinical notes were processed using a locally deployed MedGemma large language model. The
extraction workflow constrained outputs to a predefined JSON schema to reduce hallucination risk and
improve extraction consistency. The extraction layer was restricted to information structuring only and
was not permitted to generate treatment recommendations or independent clinical decisions.

Al Development Workflow and Reproducibility
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The Al system was developed as a modular workflow comprising structured extraction, deterministic
safety validation, ensemble prediction, clinician-facing display, and validation testing. Each component
was implemented using open-source or locally deployable tools where possible, with separation between
information extraction, prediction-readiness checks, model inference, and output presentation. The
major development phases, tools, and reproducibility functions are summarized in Table 2.

Table 2
Al Development Workflow
Phase How it was built Tools used Reproducibility value
LLM Converted simulated MedGemma, Python, JSON Makes unstructured or
extraction free-text clinical notes schema, retrieval-augmented  semi-structured clinical
into structured clinical generation, ChromaDB, narratives usable for
variables using SentenceTransformer downstream prediction
schema-constrained
outputs
Safety gate Checked extracted Python rule engine, Prevents unsafe model
(Edge- variables for predefined pediatric scoring when inputs are
Cases) missingness, plausibility ranges incomplete, implausible,
physiologic or contradictory
implausibility, internal
inconsistency, and
prediction readiness
ML Built three component R, logistic regression, Generates reproducible
prediction models and combined decision tree, XGBoost, SBI risk estimates from
their predicted custom R ensemble structured predictors and
probabilities using a script/function, held-out test documents how
probability-averaging evaluation component model
ensemble outputs were combined
Clinician Displayed extracted Flask, HTML, CSS, JavaScript = Supports clinician review
interface variables, risk and prevents hidden or
estimates, warnings, autonomous model
uncertainty indicators, output
and authorization
controls
Validation Tested frozen models Python, R, bootstrap Enables reproducible
workbench on held-out datasets reporting validation and
and summarized transparent reporting of
uncertainty around performance metrics
performance estimates

Deterministic Safety Gating Layer

A Python-based deterministic gating engine validated prediction readiness before model inference. The
gating system evaluated completeness of required variables, plausibility of numeric ranges, internal
consistency between variables, out-of-distribution input patterns and explicit clinician authorization
before scoring (Table 3).
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Table 3
Deterministic Safety Controls in the Prediction Workflow

Safety Control Purpose Action

Completeness check Ensures required predictors are Requests follow-up information
present

Plausibility check Rejects impossible or out-of-range  Blocks scoring pending correction
values

Consistency check Detects contradictory information Flags for human review

Out-of-distribution Identifies unfamiliar patterns Allows abstention or caution

detection labeling

Permission gate Preserves clinician control Requires authorization before

scoring
Structured output Reduces unsafe free-text Returns fixed clinician-facing
formatting interpretation summaries

Prediction Layer

Prediction modeling was implemented in R (version 4.5.2) using an ensemble machine learning
approach combining logistic regression, decision tree, and XGBoost. The final ensemble probability was
calculated as the mean predicted probability across component models.

Model Specification

The logistic-regression component estimated SBI probability using the generalized linear form:

log (f%p) =Bo+B. X1+ ByXe+ - +B8,Xn

where:

e prepresents the predicted probability of SBI,
* B istheintercept,

e and X;... X, represent predictor variables.
Decision Tree Prediction

A Decision Tree (DT) classifier was developed using recursive partitioning to predict serious bacterial
infection. The model partitions the predictor space into mutually exclusive regions R,,and assigns a
class label to each terminal node. Mathematically, the decision tree can be expressed as

T(X)=> M ¢,I(X € R,)where M denotes the number of terminal nodes, R, represents
the partitioned regions of the predictor space, and ¢, denotes the class prediction associated with each
terminal node.
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XGBoost prediction

For SBI prediction, XGBoost typically uses the logistic objective

gi=0 (3t (@)

Where:

1

e &) =17

This converts the boosted tree output into a predicted probability between 0 and 1.

Train-Test Splitting Strategy

The harmonized labeled dataset was randomly divided into development and held-out test partitions
using an 80:20 ratio. Stratified splitting was applied to preserve the SBI-positive and SBI-negative class
distribution across partitions. The development partition (80%) was used for preprocessing, feature
prioritization, hyperparameter tuning, threshold optimization, and model fitting, whereas the held-out test
partition (20%) was reserved exclusively for final internal evaluation. To reduce information leakage,
train-test splitting was performed before preprocessing, imputation, scaling, feature prioritization, or
imbalance handling. All preprocessing parameters, including imputation values and categorical-level
mappings, were estimated using the development partition only and then applied unchanged to the held-
out test set.

Duplicate and Cohort-Overlap Checks

The training workflow included exact row-signature checks for duplicate records and exact overlap
between the development and held-out internal test partitions. In the verification runs used to audit the
updated pipeline, no exact row overlap was identified between training and test partitions.

Leakage Prevention and Data-Separation Safeguards

To reduce information leakage risk, train-test splitting preceded preprocessing, imputation parameters
were learned exclusively on training data, feature prioritization avoided direct use of the held-out test set,
duplicate-row checks were performed, and exact train-test overlap detection was implemented. Internal
evaluation emphasized held-out test-set performance from the finalized leakage-safer workflow.
Performance measures included the area under the receiver operating characteristic curve (AUROC),
sensitivity, specificity, balanced accuracy, accuracy, and calibration slope. Also, calibration intercept,
Brier score, and confusion-matrix statistics were assessed. Five-fold cross-validation remained available
as an internal stability procedure but was not used as the primary final performance estimate. Following
stratified 80:20 splitting, approximately 80% of labeled records were allocated to model development
and 20% reserved for held-out internal evaluation.

Hyperparameter Tuning and Class-Imbalance Handling
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Hyperparameter tuning was conducted within the 80% development partition using internal train-
validation resampling. The 20% held-out test set was reserved exclusively for final evaluation and was
not used for feature selection, preprocessing, tuning, or threshold selection. Logistic regression, decision
tree, and XGBoost models were tuned using model-specific parameters, including regularization
strength, tree complexity, learning rate, subsampling, and boosting rounds. Because SBI-positive cases
were uncommon, class weighting was applied to reduce majority-class dominance, and threshold
optimization was performed within the development data to prioritize balanced accuracy while
maintaining clinically acceptable sensitivity. Random oversampling, undersampling, and SMOTE were
available as sensitivity options but were not used as default approaches. Final performance was
assessed once on the held-out test set, with Wilson 95% confidence intervals for sensitivity, specificity,
and accuracy, and bootstrap percentile 95% confidence intervals for AUROC and balanced accuracy.

Deterministic Validation and Edge-Case Handling

To improve prediction safety and reduce inappropriate model inference, the application incorporated
deterministic validation rules and age-specific physiologic plausibility ranges for edge-case handling.
Validation thresholds were informed by pediatric clinical references, sepsis prediction studies, and
implementation guidance from trustworthy Al frameworks (Moor et al., 2023; Shashikumar, et al., 2021).
Variables including temperature, heart rate, respiratory rate, oxygen saturation, blood pressure,
anthropometric measures, and laboratory parameters were evaluated against predefined biologically
plausible ranges before model scoring. The rule engine additionally assessed cross-variable consistency,
such as fever-temperature mismatches, implausible age-vital sign combinations, and contradictory
respiratory findings. Inputs violating hard physiologic or logical constraints triggered prediction
abstention or rejection, while clinically abnormal but plausible values were retained and flagged as high-
risk indicators. Missing mandatory variables, implausible physiologic measurements, and out-of-
distribution patterns were similarly handled through deterministic abstention logic rather than
unrestricted prediction generation.

Operational Workflow Testing

The end-to-end workflow was tested using 30 simulated, de-identified clinical-note inputs derived from
the study variables and designed to reflect plausible pediatric presentations in the source dataset.
Testing was conducted by the study data-management/model-development team, with clinical review of
flagged outputs. Each test case was processed through the full pipeline: schema-constrained extraction,
completeness checks, physiologic plausibility checks, consistency checks, clinician-authorization
simulation, model scoring where permitted, and structured output generation. Successful extraction was
defined as production of a valid schema-conforming output. Prediction blocking was defined as any
case in which model scoring was prevented because of missing required predictors, implausible
physiologic values, internally inconsistent information, or absence of authorization. Blocked cases were
reviewed to classify the reason for abstention as missing data or implausible/conflicting input.

Ethical Considerations
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Ethical approval

for the Community-Acquired Pneumonia and Invasive Bacterial Diseases in Young Nigerian Children
(CAPIBD) study was obtained from the National Health Research Ethics Committee of Nigeria (NHREC)
(Approval No: NHREC/21/08/2008/AKTH/1633) and the Ethics Review Board of Aminu Kano Teaching
Hospital (Approval No: AKTH/MAC/SUB/12A/P-3/VI/1733). Written informed consent to participate in
the original CAPIBD study was obtained from the parent or legal guardian of every enrolled child before
enrolment. Authorization to access and use the dataset for this study was granted by the International
Foundation Against Infectious Diseases in Nigeria (IFAIN). All data used for analysis were retrospectively
collected and de-identified prior to model development and analysis to protect participant confidentiality
and privacy. The Al framework was designed as a clinician-support tool and not as an autonomous
diagnostic system.

Results

Dataset Composition

A total of 11,466 pediatric records were available for system development, including 936 culture-
confirmed SBI-positive cases, corresponding to an event prevalence of 8.2% (Table 4).

Table 4
Dataset Composition

Dataset Component Count Proportion
Total labeled records 11,466

SBIl-positive cases 936 8.2%

SBl-negative cases 10,530 91.8%
Participant Characteristics

The cohort consisted primarily of infants and young children, with a mean age of 605 days (IQR: 284~
1300). The mean height was 65 cm (SD 15), while the median weight was 8.1 kg (IQR 4.5-12.0). The
median temperature at presentation was 38.2°C (IQR 37.7-38.8). The most common symptom was
fever seen in 92.5% of participants, other symptoms, and prior antibiotic exposure - 33.3%, are as shown
in Table 5. of cases (Table 5).
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Table 5
Descriptive Characteristics of Selected Variables

Variable Summary

Age- Median (IQR) 605 days (IQR: 284-1300)
Mean height (cm) 65 (SD 15)

Weight (kg)- Median (IQR) 8.1 kg (IQR 4.5-12.0)

Temperature (°C) - Median (IQR)  38.2°C (IQR 37.7-38.8)

Reported fever present 92.5%
Poor feeding present 30%

Cough present 40.7%
Vomiting present 34.2%
Diarrhea present 25.8%
Rash present 5.6%

Prior antibiotic exposure 33.3%

Association Between Demographic Characteristics and
Culture-Confirmed SBI

Factors associated with a higher proportion of culture-confirmed SBI included; neonates and older
children (p <0.001), birthweight less than 2.5 kg (p = 0.013), home-delivery (p = 0.001), mothers with
formal education (p = 0.012), and lower weight and extreme height categories p < 0.001). However, the
findings for birth weight, place of delivery, maternal age, and maternal education should be interpreted
cautiously because of the high proportion of missing observations for these variables (Table 6).
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Table 6

Association Between Demographic Characteristics and Culture-Confirmed SBI

Predictor

Age group

Neonate (0-28 d)
Infant (29-364 d)
Child (=365 d)
Weight
<2.5kg
2.5-4.9 kg
5.0-9.9 kg
>10kg

Height

<50 cm
50.0-74.9cm
75.0-109.9 cm
2110 cm

Sex

Female

Male

MUAC
<11.5cm
11.5-12.4 cm
212.5cm
Birth weight
<2.5kg
2.5-3.9 kg
>4.0kg

Place of delivery

Total n

227
3,517
7,722

945

1,706
3,491
3,800

1,171
2,423
2,232
388

5,069
6,397

421
377
3,826

79
214
20

SBI-negative n (%)

202 (89.0)
3,309 (94.1)
7,019 (90.9)

826 (87.4)

1,576 (92.4)
3,305 (94.7)
3,512 (92.4)

1,072 (91.5)
2,314 (95.5)
2,105 (94.3)
338 (87.1)

4,662 (92.0)
5,868 (91.7)

393 (93.3)
359 (95.2)
3,624 (94.7)

69 (87.3)

205 (95.8)
20 (100.0)
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SBI-positive n (%)

25 (11.0)
208 (5.9)
703 (9.1)

119 (12.6)
130 (7.6)
186 (5.3)
288 (7.6)

99 (8.5)

109 (4.5)
127 (5.7)
50 (12.9)

407 (8.0)
529 (8.3)

28 (6.7)
18 (4.8)
202 (5.3)

10 (12.7)
9 (4.2)
0(0.0)

p-value*

<0.001

<0.001

<0.001

0.641

0.431

0.013




Predictor Totaln SBl-negative n (%) SBI-positive n (%) p-value*

Age group
Health facility 222 211 (95.0) 11 (5.0) 0.001
Home 49 39 (79.6) 10 (20.4)

Maternal age

<20 years 10 8 (80.0) 2 (20.0) 0.346
20-34 years 371 343 (92.5) 28 (7.5)

> 35 years 55 51 (92.7) 4 (7.3)

Maternal education 0.012
None 36 28 (77.8) 8 (22.2)

Primary 45 43 (95.6) 2 (4.4)

Secondary 137 128 (93.4) 9 (6.6)

Tertiary 224 207 (92.4) 17 (7.6)

Percentages are row percentages and were calculated using available non-missing data for each predictor.
Denominators vary across predictors because of missing observations.

Clinical Presentation and Physiologic Factors Associated
with Culture-Confirmed SBI

Also, children presenting with hypothermia (< 36.5°C) or high-grade fever (= 38.5°C) demonstrating (p <
0.001). Similarly, for tachypneic children (= 60 breaths/minute - p < 0.001), fever duration of seven or
more days (p < 0.001),, absence of cough (p < 0.001), and unresponsive children using AVPU neurologic
status assessment (p < 0.001) all had higher proportions of SBI-positive cases. For heart rate, seizure,
vomiting, diarrhea, ill appearance, and respiratory distress signs, SBI-positive proportions were broadly
comparable across categories and should therefore be interpreted cautiously (Table 7).
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Table 7

Clinical Presentation and Physiologic Factors Associated with Culture-Confirmed SBI

Predictor

Temperature

<36.5°C
36.5-37.4°C
37.5-38.4°C
>38.5°C
Heart rate
<120 bpm
120-159 bpm
>160 bpm

Respiratory rate

<40 bpm
40-59 bpm
>60 bpm
Systolic BP
<70 mmHg
70-89 mmHg
=90 mmHg
Diastolic BP
<40 mmHg
40-59 mmHg
>60 mmHg
Lethargy

Yes

No

Seizure

Yes

Total n

770

1,497
4,092
4,222

2,198
6,516
1,880

5,032
3,547
2,166

11

93
419

86

183

403
10,866

804

SBI-negative n (%)

696 (90.4)

1,395 (93.2)
3,888 (95.0)
3,893 (92.2)

2,055 (93.5)
6,068 (93.1)
1,743 (92.7)

4,738 (94.2)
3,301 (93.1)
1,962 (90.6)

11 (100.0)
84 (90.3)
364 (86.9)

4 (66.7)
75 (87.2)
161 (88.0)

368 (91.3)
10,123 (93.2)

752 (93.5)
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SBI-positive n (%)

74 (9.6)

102 (6.8)
204 (5.0)
329 (7.8)

143 (6.5)
448 (6.9)
137 (7.3)

294 (5.8)
246 (6.9)
204 (9.4)

0 (0.0)
9(9.7)
55 (13.1)

2 (33.3)
11 (12.8)

22 (12.0)

35(8.7)
743 (6.8)

52 (6.5)

p-value*

<0.001

0.617

<0.001

0.300

0.305

0.151

0.733




Predictor

Temperature

No
Cough
Yes

No
Vomiting
Yes

No
Diarrhea
Yes

No

Rash
Yes

No

Fever duration

0-2 days
3-6 days
>7 days

lll appearance

Yes
No
AVPU

Alert

Unresponsive

Voice

Respiratory distress signs

Yes

No

Total n

9,480

4,182
6,102

3,518
6,766

2,651
7,633

573
9,711

3,528
3,323
1,364

2,019
8,265

10,707
159
403

1,512
8,772

SBI-negative n (%)

8,837 (93.2)

3,967 (94.9)
5,622 (92.1)

3,298 (93.7)
6,291 (93.0)

2,468 (93.1)
7,121 (93.3)

526 (91.8)
9,063 (93.3)

3,337 (94.6)
3,117 (93.8)
1,235 (90.5)

1,868 (92.5)
7,721 (93.4)

9,991 (93.3)
132 (83.0)
368 (91.3)

1,404 (92.9)
8,185 (93.3)

SBI-positive n (%)

643 (6.8)

215 (5.1)
480 (7.9)

220 (6.3)
475 (7.0)

183 (6.9)
512 (6.7)

47 (8.2)
648 (6.7)

191 (5.4)
206 (6.2)
129 (9.5)

151 (7.5)
544 (6.6)

716 (6.7)
27 (17.0)
35(8.7)

108 (7.1)
587 (6.7)

p-value*

<0.001

0.142

0.730

0.156

<0.001

0.150

<0.001

0.519
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Percentages are row percentages and were calculated using available non-missing data for each predictor.
Denominators vary across predictors because of missing observations.

Medical History and Comorbidity Factors Associated with
Culture-Confirmed SBI

Children with a previous healthcare visit for the current illness also had significantly higher SBI positivity
compared with those without prior healthcare visits (p = 0.001). The presence of chronic iliness was also
significantly associated with SBI occurrence (p = 0.034) [Table 8].

Table 8
Medical History and Comorbidity Factors Associated with Culture-Confirmed SBI

Predictor Totaln SBIl-negativen (%) SBI-positive n (%) p-value*

Prior antibiotics

Yes 3,086 2,883 (93.4) 203 (6.6) 0.809
No 6,169 5,755 (93.3) 414 (6.7)

HIV exposure/known HIV

Yes 37 33(89.2) 4 (10.8) 0.094
No 1,651 1,572 (95.2) 79 (4.8)

Previous healthcare visit

Yes 3,235 2,975 (92.0) 260 (8.0) 0.001
No 7,793 7,298 (93.6) 495 (6.4)

Sickle cell disease

Yes 84 82 (97.6) 2(2.4) 0.264
No 1,629 1,546 (94.9) 83 (5.1)

Chronic illness present

Yes 363 335(92.3) 28 (7.7) 0.034
No 2,487 2,362 (95.0) 125 (5.0)

Percentages are row percentages and were calculated using available non-missing data for each predictor.
Denominators vary across predictors because of missing observations.

Internal Validation Performance

The finalized ensemble model demonstrated moderate discrimination on the held-out internal test set,
with an AUROC of 0.76 (95%Cl: 0.72-0.80). Sensitivity and specificity were 0.76 (95%Cl: 0.69-0.82) and
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0.63 (95%Cl: 0.61-0.65), respectively, indicating reasonable detection of SBI-positive cases with
moderate exclusion of SBI-negative cases. Overall accuracy was 0.64 (0.62-0.66), while the balanced
accuracy of 0.70 (95%Cl: 0.66-0.73) suggested moderate combined classification performance despite
class imbalance. Binary classification was performed using an optimized probability threshold of 0.50,
selected within the development data (Fig. 2).

Feature importance ranking for the SBI prediction model

Feature-importance analysis showed that anthropometric and early-life variables contributed most
strongly to the SBI prediction model. Birth weight was the highest-ranked predictor, followed by current
weight and gestational age. Age, maternal age, and MUAC also showed substantial contribution,
suggesting that developmental, maternal, and nutritional factors were important in model discrimination.
Clinical presentation variables, including respiratory rate, heart rate, cough, fever duration, appetite
status, lethargy, reported fever, ill appearance, and respiratory distress, contributed moderately but
ranked below the anthropometric and early-life predictors. Overall, the model appeared to draw most
strongly on growth, age-related, and perinatal characteristics, while acute clinical signs provided
additional discriminatory information (Fig. 3).

Operational Workflow Performance

Among 30 simulated clinical-note inputs evaluated, the structured extraction layer generated schema-
conforming outputs in 95% of cases. Overall, prediction was blocked in 20% of cases by the
deterministic safety-gating layer, including 12% because of missing required data and 8% because of
implausible or conflicting inputs. Blocked cases did not proceed to model scoring until the missing,
implausible, or contradictory information was reviewed or corrected. This demonstrated the intended
safety behavior of the workflow, prioritizing prediction readiness and controlled inference over
unrestricted model output generation (Table 9).

Table 9
Operational Workflow Outcomes
Workflow Measure Result
Successful structured extraction 95%
Prediction blocked overall 20%
Blocked because of missing data 12%
Blocked because of implausible/conflicting inputs 8%

Clinical Output Structure
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The system returned clinician-facing summaries organized into five key sections. Clinical impression
provided an overview of the patient presentation and initial assessment. Supporting clinical features
detailed the relevant findings that informed this impression. Model-based assessment presented the
algorithmic predictions and their rationale. Safety and uncertainty indicators highlighted areas of
confidence and potential limitations in the model's output. Finally,immediate clinical considerations
outlined actionable next steps and critical alerts. This structured reporting strategy was designed to
improve interpretability and reduce unsafe reliance on raw technical outputs.

Discussion

This study describes the development and validation of a safety-gated artificial intelligence (Al)
framework for predicting culture-confirmed SBI among children in resource-constrained healthcare
settings. The proposed framework integrates large language model-based structured extraction,
deterministic workflow governance, and ensemble machine-learning prediction within a unified clinician-
facing architecture. Unlike many conventional healthcare Al systems that proceed directly from data
ingestion to prediction generation, the present framework incorporated explicit validation and safety
controls before model inference. This design was intended to reduce unsafe prediction under conditions
of incomplete, implausible, or contradictory clinical information. This design aligns with the need for
clinically responsible Al systems that are adapted to local data realities and capable of supporting
decision-making under diagnostic uncertainty. The model demonstrated moderate discriminatory
performance during internal validation. Sensitivity was intentionally prioritized over specificity to reduce
missed SBIl-positive cases, reflecting the clinical realities of pediatric infectious disease triage where
delayed identification of bacterial infection may contribute to progression to sepsis, prolonged
hospitalization, and increased mortality. In many frontline pediatric settings, especially within LMIC
environments, prediction systems designed for triage support often require greater emphasis on
sensitivity and negative predictive value than on maximizing specificity alone. The high negative
predictive value observed in internal validation suggests that the framework may have utility in
identifying lower-risk presentations while maintaining cautious identification of potentially severe
bacterial infections. However, the relatively low positive predictive value reflects the low-prevalence
nature of SBI within the evaluated cohorts and reinforces the importance of interpreting the model as a
supportive triage aid rather than a confirmatory diagnostic system.

A major contribution of this study lies in the explicit separation between generative extraction,
deterministic validation, and model scoring. In this architecture, the language model performed
structured information extraction, while the rule-based safety layer assessed whether extracted data met
predefined criteria for completeness, physiologic plausibility, internal consistency, and clinician
authorization before prediction was permitted. This separation is particularly important in clinical
decision-support settings where Al tools are intended to augment, rather than replace, clinical judgment.
Importantly, the framework could abstain from prediction when critical information was missing or
implausible. This “safe abstention” philosophy aligns with emerging principles of trustworthy and
human-centered clinical Al, which emphasize uncertainty awareness, controlled inference, and explicit
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safeguards against unsafe autonomous prediction (World Health Organization, 2021; Shashikumar et al.,
2021).

The workflow findings further support the relevance of deterministic safety governance in constrained
healthcare environments. Approximately one-fifth of evaluated cases triggered prediction blocking
because of missing or implausible information. In many conventional machine-learning systems, these
records might still generate predictions after silent imputation or unconstrained inference, potentially
producing misleading outputs. By explicitly preventing prediction under unsafe conditions, the
framework prioritized transparency and clinician oversight over unrestricted automation. This distinction
is especially important in LMIC healthcare systems where inconsistent documentation and incomplete
clinical observations are common operational realities rather than isolated exceptions.

This study also contributes to the growing literature on Al implementation in low-resource healthcare
settings. Many published prediction models are developed using highly curated datasets from high-
income countries with mature electronic health record systems and extensive laboratory infrastructure.
Such models may not generalize effectively to settings characterized by paper-based documentation,
fragmented workflows, and variable diagnostic availability. The present framework was intentionally
designed around these operational realities by supporting free-text clinical documentation, incorporating
local deployment workflows, and prioritizing routinely obtainable clinical predictors. The use of schema-
constrained extraction and deterministic validation may therefore represent a more feasible
implementation pathway for Al-assisted pediatric triage support in constrained environments. Several
findings from the bivariate analysis were consistent with existing pediatric SBI and sepsis literature.
Younger age, abnormal temperature, tachypnea, poor nutritional indicators, and several symptom-history
variables demonstrated significant associations with SBI occurrence (Ref). Previous healthcare contact
and chronic illness showed associations with SBI positivity, while other comorbidity indicators showed
limited separation in the available-case analysis. These findings support the clinical plausibility of the
selected predictor set and align with previous studies evaluating machine-learning approaches for
invasive bacterial infection and sepsis prediction in pediatric populations (Chiu et al., 2021; Schinkel et
al., 2022).

The study has some limitations, the retrospective design introduces the possibility of selection bias,
documentation inconsistency, and residual confounding. Despite implementation of leakage-reduction
safeguards, retrospective harmonized datasets may still contain latent correlations capable of inflating
apparent model performance. Additionally, the development cohort exhibited class imbalance, which
may have influenced threshold-dependent performance metrics despite the use of class weighting, and
threshold optimization. Operational workflow testing used simulated clinical-note inputs rather than
prospectively collected routine clinical notes; therefore, future implementation studies should evaluate
extraction performance, clinician interaction, and safety-gating behavior using real-world clinical
documentation. Similarly, the present study did not formally evaluate clinician usability, workflow
integration, fairness across demographic subgroups, or downstream effects on patient outcomes.
Consequently, the findings should be interpreted primarily as evidence of developmental feasibility and
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governance-oriented system design rather than proof of deployment readiness. Future studies will be
conducted to evaluate clinician usability, workflow integration, fairness across demographic subgroups,
or downstream effects on patient outcomes

Nevertheless, this study demonstrates how deterministic governance mechanisms can be integrated
with machine-learning prediction systems to support safer Al-assisted pediatric triage in constrained
healthcare environments. The framework moves beyond conventional predictive modeling by embedding
explicit safety controls, abstention logic, and clinician authorization directly into the inference pipeline. In
this context, the principal contribution of the system may not solely be predictive discrimination, but
rather the demonstration of a governance-oriented Al architecture that prioritizes transparency,
controlled inference, and operational safety within real-world pediatric care environments.

Conclusion

We developed a gated Al system for pediatric serious bacterial infection prediction that combines local
large language model-based structured extraction with deterministic workflow safeguards and ensemble
machine learning prediction. The architecture was specifically designed for resource-constrained clinical
environments where incomplete documentation and variable data quality may make unrestricted
prediction unsafe. Internal validation demonstrated promising discrimination and operational feasibility.
This work demonstrates the feasibility of integrating deterministic safety governance into Al-assisted
pediatric triage systems and provides a potentially scalable framework for trustworthy clinical Al
deployment in resource-constrained healthcare environments.
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Feature importance ranking for the SBI prediction model (Top 15)
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