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Introduction

Sepsis Is the leading cause of child death globally, with low- and middle-
iIncome countries (LMICs) bearing the largest burden. LMICs often have
limited prognostic tools and critical care capacity, leading to delayed

recognition of advanced sepsis (Figure. 1).
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Figure 1. Comparison of HICs and LMICs in the speed of recognition of sepsis due to limited use of
PSOFA and Phoenix Criteria.

Traditional sepsis scoring systems, such as the pSOFA and Phoenix
criteria, are used to evaluate the severity of organ dysfunction and
diagnose sepsis. While extremely valuable, these tests require extensive
lab tests that are only sometimes available. This study aimed to evaluate
machine learning (ML) models using readily accessible clinical data
throughout Bangladesh to predict mortality in pediatric sepsis following the

Initial 24 hours post-suspicion of sepsis.

ODbjectives

« We hypothesize that sepsis prediction models based on widely
available clinical measurements can match the accuracy of pSOFA and

Phoenix criteria in resource-constrained settings

* In this study, we developed and evaluated ML models using readily

accessible clinical data to predict mortality in pediatric sepsis.
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Methods

Sample Collection: Data was collected from a prospective observational
study of children (N = 96) with suspected sepsis admitted to the
International Centre for Diarrhoeal Disease Research, Bangladesh (icddr,
b). Upon enroliment, study staff collected demographic, clinical, and

laboratory tests, and upon study termination, mortality.

Variable Determination: To minimize overfitting, dimensionality reduction
techniques were employed, and features were selected based on their

significance In four distinct models (Figure 2).
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Figure 2. A bar chart illustrating the coefficient magnitudes of all features reflective of their mortality
prediction, highlighting significant predictors.
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Feature Set Creation: Four distinct feature sets were created,;
« Model 1 (Clinical Variables): WBCs, platelets, lactate, age, temperature,
RR, HR, BP, spO2:FiO2, and GCS
Model 2 (Clinical Variables without Lab Values): age, temperature, RR,
HR, BP, spO2:FIO2, and GCS
Model 3 (Phoenix Criteria by Iindividual components). Respiratory,
cardiovascular, coagulation, and neurologic components

Model 4 (pSOFA criteria by individual components): Respiratory,

Cardiovascular, Coagulation, Renal, and Neurologic components

ML Classifiers Employed: Data was trained and tested on the following
seven ML classification models: Decision tree, Random forest, Support
Vector Machine (SVM), Kernel SVM, Naive Bayes, K nearest neighbors

(KNN), and logistic regression.
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Results

Table 1. Comparative performance of predictive models using different feature sets, including Clinical
Variables (Model 1), Non-Lab Variables (Model 2), Phoenix Scores (Model 3), and pSOFA scores (Model
4). The metrics evaluated are Accuracy, F1 Score, and AUROC.

Non-Lab Variables Phoenlx Scores

Clinical Variables pSOFA Scores

Decision Tree
ACcuracy
F15Score
AURCC

Random Forest
Accuracy
F15core
AURCC

VM

Accuracy
F15core
ALUROC
Maive Bayes
Accuracy

F15core

ALUROC
Logistic Regression
ACcuracy 0.871][0.836 - 0.908]
F1Score 0.674[0.590 - 0.765]
ALUROC 0.918[0.880 - 0.953]
Kernel SVM
ACcuracy
F15core
AUROC
KNN
Accuracy

F15core
ALUROC

0.866[0.837 - 0.896]
0.667[0.587 - 0.749]
0.925[0.895 - 0.954]

0.879[0.830 - 0.928]
0.669[0.499 - 0.818]
0.915[0.865 - 0.962]

0.898[0.858 - 0.938]
0.720[0.618 - 0.825]
0.894[0.849 - 0.938]

* Logistic Regression demonstrated high predictive performance with
AUROC of 0.918 (CI: 0.880-0.953) for clinical variables and 0.915 (CI:
0.865-0.962) for clinical variables without labs.

* The Phoenix and pSOFA criteria were broken into individual sub-scores
as variables, achieving an AUROC of 0.894 (Cl: 0.849-0.938) and 0.925
(Cl: 0.895-0.954).

Summary

We have shown that predictive modeling can perform as well as, or even
better than, traditional sepsis scoring systems In resource-limited settings.
Future research should focus on enhancing these models to improve their
practical use. By employing machine learning models, we can improve the
timely identification and treatment of pediatric sepsis, leading to a

reduction in mortality in low—and middle-income countries.
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