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Abstract 
Clinical deterioration in children can be a rapid process that necessitates rapid recognition to avoid adverse outcomes including 
respiratory failure, hemodynamic instability, need for transfer to intensive care, cardiac arrest, or death. This study aimed to create 
and test machine learning models for early prediction of pediatric clinical deterioration, based on multivariate physiological, 
laboratory and short-term trends. For analysis, a patient population of 800 paediatric patient records was created, with 171 (21.4%) 
patients having deteriorated within 24 hours. Demographic parameters, HR, RR, oxygen sat, SBP, temperature, CFT, GCS, urine 
output, inflammatory and metabolic lab parameters, and 6-hour trends were used as predictor variables. The five supervised learning 
algorithms logistic regression, decision tree, random forest, support vector machine and gradient boosting/XGBoost – were tested 
with accuracy, sensitivity, specificity, precision, F1 score, and area under the receiver operating characteristic curve. There was a 
correlation between deterioration and deteriorating respiratory, cardiovascular, neurological, perfusion, inflammatory and 
metabolic parameters. Logistic regression was the best-performing combination of sensitivity, F1, and interpretability, while gradient 
boosting was best at overall discrimination. The results illustrate the feasibility of combining physiological, lab, and temporal data to 
develop an early pediatric risk stratification. To enable clinical use, however, validation with real-world multicenter pediatric data is 
needed. These models help to escalate monitoring and treatment earlier. 
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Introduction 
Pediatric clinical deterioration is defined as a worsening of a child's physiology which result in respiratory failure, 
hemodynamic instability, sepsis, unplanned admission to the pediatric intensive care unit (PICU), cardiac arrest or 
death. It is therefore a key goal in paediatric hospital care that such deterioration is detected early. Children 
deteriorate quickly and there subtle changes in key parameters, such as heart rate, respiratory rate, oxygen 
saturation, blood pressure, temperature, level of consciousness, and laboratory parameters, that precede overt 
clinical instability. Continuous and wireless monitoring systems have proven their potential to detect early 
physiological changes before any bedside recognition [1]. In the same way, predictive models based on 
cardiorespiratory signals have been able to find characteristic patterns linked to neonatal sepsis and imminent 
clinical deterioration [2]. 
The most common type of child early warning system is based on discrete thresholds, combined scores, and time-
series clinical data points. While helpful, these methods do not accurately reflect the way several variables interact 
or nuances in the temporal dimension. Pediatric early warning approaches based on machine learning have 
therefore been explored as they can produce more personalised risk estimates [3]. Predictive modeling has also 
been shown to be beneficial in identifying children likely to deteriorate to intensive care before clinical signs of 
critical deterioration [4]. 
Machine learning (ML) provides a chance to examine the massive amounts of heterogeneous clinical data that 
children encounter and identify nonlinear relationships that may not be obvious using traditional scoring 
approaches. More recent research has used ML for predicting mortality, predicting critical events, detecting sepsis 
and other negative events in paediatric and neonatal populations. For instance, machine learning methods have 
demonstrated good accuracy in predicting neonatal mortality for suspected sepsis [5] and deep learning has been 
applied to forecasting critical events in patients as they move through the PICU [6]. Other, more recent studies have 
also shown that data subdivision strategies can increase the accuracy of mortality prediction for children in the PICU 
with ML [7]. 
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When paired with laboratory information, physiological monitoring adds to prediction, as there is often more than 
one indicator of deterioration, such as cardiovascular, respiratory, inflammatory, metabolic, and organ-function 
indicators. Monitoring signal-based models have been effective in predicting late-onset sepsis among preterm 
infants [8] and the use of non-invasive biosignal-based deep learning has allowed the detection of neonatal sepsis 
in multiple centres [9]. Laboratory and physiological data can thus have complementary predictive utility. ML has 
also proven to be effective at detecting early signs of hemodynamic failure in PICU cohorts, using multiple clinical 
parameters [10]. 
Although there is increasing evidence of the use of AI in paediatric healthcare, there are key gaps. Most published 
studies have only addressed a single condition, like neonatal sepsis, death, or condition-specific outcomes, not 
clinical deterioration in general. For instance, ML has been applied to vital signs to detect neonatal sepsis [11] and 
to microbiome-related information to predict NEC [12]. However, these types of studies showcase the usefulness of 
prediction based on data but fall short in solving the overall issue of early multisystem deterioration. 
In addition, while there have been exciting advancements in pediatric deterioration models in recent years that have 
shown promise in predictive capability and temporal validation, there is still room to incorporate short-term trends, 
laboratory markers, and physiological data in one cohesive multivariate model [13]. Recent studies on direct 
prediction of critical deterioration in PICU environments further underscore the need to develop models that can 
predict clinically meaningful risk before major adverse events [14]. This study proposes to build and test machine 
learning models to predict early clinical deterioration of children based on multivariate physiological and laboratory 
measurements. 
The study aims to find out which physiological and laboratory variables are statistically significant in association with 
pediatric deterioration, build ML models to predict the deterioration within 24 hours of admission, compare the 
performance of selected models, and identify the important variables that influence early deterioration risk 
classification. The ultimate goal is to develop a clinically meaningful predictive model that helps identify and 
intervene early in high-risk children. 

 
2. Materials and Methods 
2.1 Study Design 
The quantitative approach to prediction modelling was adopted for this study to construct machine learning models 
for pediatric clinical deterioration prediction. Multivariate demographic, physiological, laboratory and short-term 
trend information relevant to pediatric inpatient monitoring were modeled using a clinical dataset. 
2.2 Dataset and Study Population 
Eight hundred pediatric patient records were included in the dataset. The variables were age, sex, weight, 
comorbidities, previous hospitalizations, physiological measurements, laboratory results, oxygen-support status, 
and 6-hour clinical trends. Clinical deterioration within 24 hours was used as the primary outcome. Of the 800 
patients, 171 (21.4%) were classified as deteriorated and 629 (78.6%) as non-deteriorated. 
2.3 Predictor Variables 
Demographic and clinical predictors were age, sex, weight, number of comorbidities and prior hospital admission. 
Physiological parameters were heart rate, respiratory rate, oxygen saturation, systolic blood pressure, temperature, 
capillary refill time, Glasgow Coma Scale and urine output. Laboratory predictors included white blood cell count, C-
reactive protein, hemoglobin, platelet count, blood pH, lactate, creatinine, glucose, sodium and potassium. 
2.4 Temporal Trend Variables 
Five six-hour trend variables to capture evolving physiological deterioration were included: HR, RR, oxygen 
saturation, systolic blood pressure, and serum lactate. These variables enabled the models to account for changes 
in clinical variables over time rather than one measurement only. 
2.5 Outcome and Data Preprocessing 
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The outcome variable Clinical_Deterioration_24h was dichotomized as 0 = no deterioration and 1 = deterioration. 
There were no missing values in the data. The patient identifiers were not used in modelling and the categorical 
variables were coded numerically. For scale-sensitive models like logistic regression and support vector machine 
(SVM), continuous predictors were standardised. 
2.6 Statistical Analysis 
Patient characteristics were summarized by descriptive statistics. Comparison of continuous and categorical 
variables was done between the deterioration and non-deterioration groups. Two-sided p-values were used as the 
level of significance, with p < 0.05 considered significant. Correlation analysis was used to test for relationships 
between continuous predictors and multivariable logistic regression was used to determine predictors of 
deterioration independently.  
2.7 Machine Learning Models 
A total of five supervised learning algorithms were tested including logistic regression, decision tree, random forest, 
support vector machine and gradient boosting/XGboost. Tree-based and ensemble methods were added to the 
logistic regression as baseline interpretable models to detect nonlinear relationships and interactions between 
clinical variables.  
2.8 Training and Model Evaluation 
The data were split into 560 training records (70%), 120 validation records (15%) and 120 independent test records 
(15%). The accuracy, sensitivity, specificity, precision, F1-score and Area under the receiver operating characteristic 
(AUC) curve were used to check the model performance. Sensitivity and AUC were given more weight due to the 
fact that failure to recognise a deteriorating paediatric patient have important clinical consequences. 
2.9 Feature Importance 
Feature-importance analysis was performed to find out which physiological, laboratory and trend variables had the 
highest contribution to deterioration prediction. Logistic regression coefficients and importance scores obtained 
from tree-based models were analyzed to find out the most important predictors and to enhance the clinical 
interpretability of the final predictive model. 

 
3. Results 
3.1 Characteristics of the Study Population 
Eight hundred pediatric records were analyzed. The mean age was 85.82 ± 53.68 months, and 419 (52.4%) patients 
were male. Mean heart rate was 97.83 ± 16.40 bpm, respiratory rate was 23.24 ± 8.29 breaths/min, and oxygen 
saturation was 97.07 ± 2.48%. The mean lactate concentration was 1.34 ± 0.65 mmol/L and mean blood pH was 
7.404 ± 0.039. The subjects' baseline characteristics are presented in Table 1. 
 

Table 1. Overall demographic, physiological, and laboratory characteristics (N = 800) 

Variable Overall 
value 

Age, 
months 

85.82 ± 
53.68 

Male sex, n 
(%) 

419 
(52.4%) 

Weight, kg 25.94 ± 
13.46 

Comorbidity 
count 

0.61 ± 
0.74 

Heart rate, 97.83 ± 
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bpm 16.40 

Respiratory 
rate, 
breaths/min 

23.24 ± 
8.29 

SpO₂, % 97.07 ± 
2.48 

Systolic BP, 
mmHg 

97.59 ± 
13.23 

Capillary 
refill, s 

1.40 ± 
0.57 

GCS score 14.58 ± 
0.65 

Urine 
output, 
mL/kg/h 

1.52 ± 
0.42 

WBC, 
×10⁹/L 

9.59 ± 
3.60 

CRP, mg/L 11.78 ± 
13.32 

Lactate, 
mmol/L 

1.34 ± 
0.65 

Creatinine, 
mg/dL 

0.47 ± 
0.14 

Blood pH 7.404 ± 
0.039 

Values are mean ± standard deviation unless otherwise stated. 
 
3.2 Distribution of Clinical Deterioration 
In 24 hours, 171 of 800 patients (21.4%) were categorized as having a clinical deterioration, and 629 (78.6) were 
clinically stable. This translates to moderate class imbalance, as shown in Figure 1, and still had an adequate number 
of deterioration events for predictive modelling. 
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Figure 1. Distribution of 24-hour pediatric clinical deterioration.  

3.3 Comparison Between Deteriorated and Non-Deteriorated Patients 
There were significant differences in outcome groups (Table 2). Patients who worsened had increased heart rate, 
respiratory rate, capillary refill time, WBC, CRP and lactate, but lower SpO 2, systolic blood pressure, GCS score, urine 
output and blood pH. The five six-hour trend variables were also significantly different between groups, and they 
showed progressive instabilities in physiology before the deterioration endpoint. 

 
Table 2. Comparison of major predictors according to 24-hour deterioration status 

Variable No deterioration (n=629) Deterioration (n=171) p-value 

Heart rate, bpm 95.79 ± 15.92 105.33 ± 15.98 <0.001 

Respiratory rate, breaths/min 21.85 ± 7.80 28.34 ± 8.08 <0.001 

SpO₂, % 97.49 ± 2.19 95.54 ± 2.85 <0.001 

Systolic BP, mmHg 99.09 ± 12.91 92.06 ± 12.94 <0.001 

Capillary refill, s 1.32 ± 0.52 1.70 ± 0.65 <0.001 

GCS score 14.65 ± 0.62 14.33 ± 0.70 <0.001 

Urine output, mL/kg/h 1.58 ± 0.40 1.30 ± 0.43 <0.001 



 

1678 
 

Adolescencia e Saude, vol. 21, No.10s, p. 1673-1685 

 
 
 
 

 
Research Article 

 

 

WBC, ×10⁹/L 9.35 ± 3.51 10.49 ± 3.77 <0.001 

CRP, mg/L 11.17 ± 13.08 14.06 ± 13.95 0.015 

Lactate, mmol/L 1.24 ± 0.58 1.73 ± 0.75 <0.001 

Blood pH 7.411 ± 0.036 7.381 ± 0.040 <0.001 

Δ Respiratory rate, 6 h −0.49 ± 4.53 2.95 ± 4.56 <0.001 

Δ SpO₂, 6 h 0.20 ± 1.88 −1.15 ± 2.05 <0.001 

Δ Lactate, 6 h −0.04 ± 0.34 0.23 ± 0.38 <0.001 

 
3.4 Magnitude of Clinical Differences 
The standardized differences also revealed that the respiratory rate, oxygen saturation, lactate, blood pH, urine 
output, and temporal deterioration patterns were highly discriminative. Figure 2 shows the direction and relative 
magnitude of these differences. Positive values denote an increase in measurements in the deteriorated patients 
and negative values denote a decrease in measurements. 

 
Figure 2. Standardized differences in major clinical variables between deterioration groups. 
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3.5 Machine Learning Model Performance 
Each of the five machine learning methods showed discrimination better than chance on the independent test set 
(Table 3). Gradient boosting attained the best AUC (0.810), then the support vector machine (0.804), and random 
forest (0.797). Logistic regression was most accurate (84.2 percent) and gave the highest sensitivity (52.0-percent) 
and F1-score (0.578), which implies a relatively more favorable compromise between the identification of clinically 
deteriorating patients. 
 

Table 3. Predictive performance of machine learning models on the test dataset 

Model Accuracy Sensitivity Specificity Precision F1-score AUC 

Logistic Regression 0.842 0.520 0.926 0.650 0.578 0.789 

Decision Tree 0.767 0.160 0.926 0.364 0.222 0.726 

Random Forest 0.833 0.360 0.958 0.692 0.474 0.797 

Support Vector 

Machine 

0.808 0.160 0.979 0.667 0.258 0.804 

Gradient Boosting 0.842 0.320 0.979 0.800 0.457 0.810 

3.6 ROC Curve Analysis 
The ROC curves in Figure 3 demonstrated moderate-to-good discrimination among the assessed algorithms. 
Gradient boosting gave the largest AUC, but logistic regression had a more desirable sensitivity at the classification 
threshold. The results show that the ranking of performance did not always translate into the best detection of cases 
of deterioration. 



 

1680 
 

Adolescencia e Saude, vol. 21, No.10s, p. 1673-1685 

 
 
 
 

 
Research Article 

 

 

 
Figure 3. ROC curves comparing the five machine learning models. 

 
3.7 Important Predictors of Clinical Deterioration 
A feature analysis revealed that a mixture of physiological status, laboratory results, and time trends were the 
predictors (Table 4). The magnitude of the standardized coefficient of GCS score was greatest in the chosen logistic 
regression model, along with respiratory rate and six-hour change in respiratory rate. Prediction was also made using 
urine output, systolic blood pressure, SpO2 trend, WBC, lactate and comorbidity burden. 
 

Table 4. Leading predictors in the logistic regression model 

Rank Predictor Domain Standardized coefficient 

1 GCS score Physiological −0.424 

2 Respiratory rate Physiological 0.392 

3 Δ Respiratory rate, 6 h Trend 0.369 

4 Urine output Physiological −0.311 

5 Systolic blood pressure Physiological −0.294 
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6 Δ SpO₂, 6 h Trend −0.258 

7 Temperature Physiological 0.255 

8 WBC count Laboratory 0.254 

9 Comorbidity count Clinical 0.233 

10 Heart rate Physiological −0.211 

11 Lactate Laboratory 0.209 

12 Sodium Laboratory −0.196 

 
Coefficient magnitude indicates relative contribution after standardization; coefficient direction reflects the 
multivariable model and should be interpreted in the context of correlated predictors. 
 
3.8 Best-Performing Model and Predictor Profile 
Even though the test AUC of gradient boosting was the highest (0.810), logistic regression was deemed the most 
clinically balanced model with the highest sensitivity (52.0%) and the highest F1-score (0.578) as well as an accuracy 
of 84.2%. This was especially applicable since missed deterioration events are a much more significant issue than 
the accuracy of classification in general. Figure 4 presents the most significant variables of the chosen model, which 
are the combined value of neurological status, respiratory abnormalities, hemodynamic indicators, laboratory 
findings, and short-term physiological trends. 

 
Figure 4. Most influential predictors in the selected pediatric deterioration model. 

4. Discussion 
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Using integrated physiological, laboratory and short-term trend data, the present study showed that machine 
learning is able to be useful in prediction of clinical deterioration in paediatric patients at an early stage. The best 
discriminatory model was gradient boosting, while logistic regression was the best performing model in terms of a 
balance between sensitivity, F1-score and interpretability. These results align with the fact that electronic health 
record (EHR)-based models for detecting deterioration from data have been reported before the occurrence of overt 
critical events [15]. Such systems for risk stratification have been developed in the paediatric setting and have shown 
promise in preventing in-hospital deterioration [16]. 
Some of the most powerful predictors of deterioration were physiological variables. Lower oxygen saturation, lower 
systolic blood pressure, higher respiratory rate, lower Glasgow Coma Scale score, impaired urine output and longer 
capillary refill time were linked to risk of deterioration. The results offer insights into the significance of respiratory, 
cardiovascular, neurological, and perfusion abnormalities in critical illness recognition. The current paediatric sepsis 
guidelines also focus on cardiovascular, respiratory, coagulation and neurological dysfunction as markers of severe 
paediatric illness [17,18]. Routinely monitored physiological parameters have also been shown to give clinically 
meaningful deterioration signals, with deep-learning models for paediatric early-warning systems. 
Laboratory markers were also used in addition to physiological monitoring and provided information on underlying 
inflammatory, metabolic, and organ dysfunction. Lactate, WBC, and CRP levels and blood pH were correlates of 
deterioration, and creatinine added data on renal and systemic status. The combination of clinical signs and 
biomarkers is useful in machine-learning models for neonatal sepsis prediction [19]. Moreover, explainable ML 
studies revealed that laboratory biomarkers can significantly enhance the classification and interpretation of sepsis 
risks early in the sepsis journey [20]. Machine-learning methods for neonatal sepsis have also been able to detect 
clinically relevant combinations of laboratory and monitoring variables [21]. 
The results suggest that there is potential in using machine-learning prediction in the paediatric ward, in emergency 
departments and in intensive care settings. Continuous risk estimates using routinely collected clinical data analysed 
automatically and escalation happen before major deterioration. Prior studies using EHR have demonstrated the 
ability of ML to detect children who are at risk for unplanned transfer to the ICU and critical deterioration [22]. More 
recent ensemble methods also have shown the viability of using routinely collected pediatric EHR data to predict 
uncaught critical-care transfers [23]. 
The current results are in line with the new paediatric research demonstrating the capability of ML models to detect 
imminent cardiovascular and systemic deterioration. Routinely collected PICU data, for instance, have been 
leveraged to predict deterioration of the cardiovascular system with machine-learning early-warning methods [24]. 
Similar developments in early prediction have been seen for late-onset neonatal sepsis, especially when machine 
learning systems are used as tools for clinical risk prediction [25]. Predictive modelling has also proved useful in 
predicting mortality and major morbidity in very low birth weight neonates [26]. 
A great asset was the multivariate design that incorporated not only the demographic, physiological, and laboratory 
variables, but also variables related to the respiratory support and six-hour trends. The comparison between the five 
machine-learning algorithms also allowed the evaluation of both linear and nonlinear methods of prediction. It was 
especially critical to include temporal changes, since deterioration is a dynamic process, not just a series of 
measurements. 
The biggest limitation is with the data. While the dataset aimed to create clinically plausible associations, the data 
set not perfectly reflect the true variance that can be seen in clinical practice, measurement error, treatment effects, 
missing data, or even differences between institutions. As such, the reported predictive performance is 
methodological and not evidence of clinical effectiveness. 
Real pediatric hospital data and multicenter populations should be used to validate the models in the future. Before 
clinical translation, external validation, calibration assessment, prospective implementation, and subgroup analysis 
need to be performed. Time-series and deep-learning methods for continuous physiological monitoring should also 
be considered, focusing on explainability, alert fatigue, and real-time integration into pediatric early-warning 
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systems. 

5. Conclusion 
This study shows the promise of using integrated physiological, laboratory and short-term trend data to predict 
clinical deterioration early in a child's hospital stay using machine learning. The cohort analysis revealed that 
deterioration was associated with clinically important shifts in respiratory rate, oxygen saturation, systolic blood 
pressure, Glasgow Coma Scale score, urine output, capillary refill time, lactate, and C-reactive protein levels, as well 
as 6-hours' physiological trends. In the assessed algorithms, gradient boosting performed best as regards 
discriminatory performance, while logistic regression had a relatively good balance between sensitivity, F1-score 
and interpretability. These results serve to emphasize the importance of using more than one clinical domain, and 
not just measurements or the traditional threshold warning system. The integration of temporal changes enhanced 
the predictive model even more, providing insight into changing instability that occurs before actual deterioration. 
From a clinical point of view, these models are used to more quickly recognize patients at high risk in pediatrics, and 
to rapidly increase monitoring and treatment. The findings, however, should be interpreted with caution given that 
they are based on data and in the absence of prospective and external clinical validation. Before clinical deployment, 
future research is needed to test these models with actual, multicenter pediatric datasets, to check calibration and 
model performance in subgroups, and to test real-time implementation using continuous or longitudinal monitoring 
data. 
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