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Abstract 

Background: Shock is the most critical complication of dengue, yet early risk 
stratification remains challenging. This study performed a secondary analysis of a 
prospective cohort to evaluate machine learning (ML) models for predicting shock and 
to identify the most influential clinical and haemodynamic predictors. 

Results: Eighty-six patients were included, of whom 67 (77.9%) developed shock. In 
basic features only Model, performance was limited, indicated by AUC ≤0.68. Addition 
of demographic and haemodynamic features to the model showed the best balance of 
discrimination and calibration, with Random Forest achieving an AUC of 0.80 and 
accuracy of 0.80. Combining all features yielded slightly higher accuracy (up to 0.82 with 
Random Forest) but no clear calibration advantage over Model 2. Feature importance 
analyses ranked haemodynamic parameters, such as stroke volume, stroke volume 
index, cardiac index, and aortic VTI, as the most influential predictors. 

Methods: Data from patients admitted with dengue shock syndrome at the Hospital for 
Tropical Diseases, Ho Chi Minh City, were reanalyzed. Demographic, vital sign, 
haemodynamic, and echocardiographic variables were included. Shock occurrence 
served as the binary outcome. Seven ML classifiers (Decision Tree, Random Forest, 
XGBoost, LightGBM, AdaBoost, Gradient Boosting, Naive Bayes) were trained using 
stratified 10-fold cross-validation. Performance was assessed by accuracy, AUC, 
sensitivity, specificity, F1 score, and RMSE. Feature importance was analyzed to explore 
mechanistic relevance. 

Conclusion: ML classifiers showed moderate ability to predict shock in dengue, with 
Random Forest, LightGBM, and XGBoost performing best. A parsimonious model using 
demographic and haemodynamic features achieved calibration similar to more complex 
models and was supported by feature importance findings. 

Keywords: Dengue shock syndrome, Random Forest, LightGBM, haemodynamic 
parameters, echocardiography  
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Dengue is a major vector-borne viral disease with a high burden in tropical and 
subtropical regions, where its age-adjusted incidence rate reach 752.04 per 100,000 
population in 2021 [1]. Severe forms of dengue, characterized by plasma leakage, 
bleeding, and organ impairment, are associated with significant morbidity and mortality 
[2,3]. Among the critical complications, circulatory shock represents a leading cause of 
death in severe dengue, particularly when not recognized and managed promptly [3,4]. 
Early identification of patients at risk of shock remains a central challenge in clinical 
practice. 

Traditional risk stratification relies primarily on demographic and basic clinical 
variables such as age, sex, and vital signs [4,5]. However, these parameters often lack the 
sensitivity and specificity needed to predict shock progression. Echocardiography has 
been increasingly recognized as a valuable tool for evaluating haemodynamic and 
myocardial function in dengue patients, providing insight into stroke volume, cardiac 
index, and ventricular performance [6,7]. Prior works have demonstrated that 
echocardiographic abnormalities are common in dengue and may contribute to the risk 
of shock and poor outcomes [6,7]. Nevertheless, the integration of these 
multidimensional data into predictive models has been limited. 

Recent advances in machine learning (ML) enable the construction of models that 
incorporate complex clinical and echocardiographic features to improve risk prediction 
[8-10]. By leveraging such approaches, it is possible to capture nonlinear interactions 
among variables and generate clinically useful risk estimates. The present study aimed 
to develop and compare ML-based predictive models for shock occurrence in patients 
with severe dengue. This work represents a secondary analysis of a prospective 
observational cohort conducted at the Hospital for Tropical Diseases (HTD), Ho Chi 
Minh City, Vietnam [7]. Four feature sets were defined, ranging from demographic and 
basic clinical data to advanced echocardiographic haemodynamic and 
structural/functional parameters. The objective was to evaluate whether inclusion of 
haemodynamic and echocardiographic indices improves prediction of shock beyond 
basic clinical features. 

2. Results 

2.1. Characteristics 
A total of 86 patients were included in the analysis, of whom 67 (77.9%) developed 

shock and 19 (22.1%) did not. The mean age was lower in the shock group compared 
with the non-shock group (12.22 ± 6.37 vs. 15.26 ± 11.96 years), although this difference 
was not statistically significant (p = 0.143). The distribution of sex was similar between 
groups (male: 58.2% vs. 47.4%; p = 0.563). Vital signs, including pulse, systolic and 
diastolic blood pressure, mean arterial pressure, temperature, and respiratory rate, did 
not differ significantly between groups. Several haemodynamic parameters showed 
significant differences. Patients with shock had lower stroke volume (26.45 ± 6.94 vs. 
31.88 ± 8.61 mL, p = 0.005), stroke volume index (22.05 ± 3.67 vs. 26.01 ± 3.66, p < 0.001), 
and cardiac index (2.10 ± 0.39 vs. 2.40 ± 0.45, p = 0.005) compared with those without 
shock. Among echocardiographic measures, pulmonary ejection time was shorter in the 
shock group (264.19 ± 37.13 vs. 284.32 ± 33.87 ms, p = 0.037), and AorticVTIAve.1 was 
significantly lower (12.00 ± 1.88 vs. 13.81 ± 1.83, p < 0.001). Other structural and 
functional indices, including ejection fraction, MPI values, and chamber dimensions, 
were comparable between groups. The characteristics and echocardiography profiles of 
the dengue patients are summarized and presented in Table 1. 
 
Table 1. Characteristics and echocardiography profiles of patients stratified by shock 
occurrence 

Variable mean ± SD p-valuea 
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No shock (n = 19) Shock (n = 67) 
Age, years 15.26 ± 11.96 12.22 ± 6.37 0.143 
Pulse, /min 92.63 ± 14.15 95.99 ± 14.43 0.372 
Systolic blood 
pressure (mmHg) 

99.21 ± 8.54 101.79 ± 9.80 0.301 

Diastolic blood 
pressure (mmHg) 

65.26 ± 9.05 69.82 ± 12.66 0.147 

Mean arterial 
pressure (mmHg) 

142.72 ± 14.02 148.34 ± 15.67 0.162 

Temperature (°C) 37.26 ± 0.45 37.27 ± 1.26 0.985 
Respiratory rate 
(/min) 

23.84 ± 4.86 24.93 ± 4.91 0.397 

Stroke volume 
(mL) 

31.88 ± 8.61 26.45 ± 6.94 0.005 

Stroke volume 
index 

26.01 ± 3.66 22.05 ± 3.67 <0.001 

Cardiac index 2.40 ± 0.45 2.10 ± 0.39 0.005 
Body surface area 
(m2) 

1.22 ± 0.30 1.20 ± 0.26 0.742 

Left ventricular 
diastolic diameter  

3.80 ± 0.58 3.63 ± 0.51 0.209 

Left ventricular 
systolic diameter 

2.68 ± 0.43 2.57 ± 0.44 0.321 

Ejection fraction 
(%) 

64.78 ± 4.87 64.45 ± 6.54 0.841 

Left myocardial 
performance index 

0.38 ± 0.15 0.38 ± 0.14 0.957 

Right myocardial 
performance index 

0.18 ± 0.08 0.21 ± 0.11 0.385 

E/A ratio 0.61 ± 0.14 0.63 ± 0.17 0.507 
Pulmonary ejection 
time 

284.32 ± 33.87 264.19 ± 37.13 0.037 

Mitral A-wave 
duration  

344.78 ± 53.50 330.51 ± 45.29 0.248 

Tricuspid A-wave 
duration  

337.32 ± 53.52 317.50 ± 43.62 0.1 

Aortic ejection time  250.86 ± 36.09 240.03 ± 31.59 0.205 
LVOT 1.70 ± 0.21 1.67 ± 0.19 0.542 
LVOT at site 2 2.92 ± 0.69 2.81 ± 0.62 0.505 
Aortic 
velocity–time 
integral 1 

13.81 ± 1.83 12.00 ± 1.88 <0.001 

Aortic 
velocity–time 
integral 2 

13.00 ± 2.36 12.03 ± 1.96 0.074 

Inferior vena cava 
diameter (min.) 

0.77 ± 0.30 0.66 ± 0.20 0.064 

Inferior vena cava 
diameter (max.) 

1.18 ± 0.29 1.10 ± 0.24 0.259 

Inferior vena cava 
collapsibility index 

0.36 ± 0.09 0.41 ± 0.09 0.052 

Sex, n (%)    
Male 9 (47.4) 39 (58.2) 0.563b 
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Female 10 (52.6) 28 (41.8)  
Recurrent shock, n 
(%) 

   

No 19 (100.0) 43 (64.2) NA 
Yes 0 (0.0) 24 (35.8)  

*Otherwise stated, p-value is estimated from t-test; bChi-square NA, not applicable; 
MAP, mean arterial pressure; SV, stroke volume; SVI, stroke volume index; CI, cardiac 
index; BSA, body surface area; E/A ratio, ratio of early to late mitral inflow velocity; 
LVOT, left ventricular outflow tract diameter; 

2.2. Machine learning predictive performance 
Across all models, sensitivity was generally higher than specificity, reflecting 

stronger ability to identify patients with shock compared to those without (Table 2). 
Model 1 (basic features) showed modest predictive performance, with AUC values 
ranging from 0.54 (Decision Tree) to 0.68 (Gradient Boosting). Random Forest and 
LightGBM achieved the highest sensitivity (0.94 ± 0.15), although specificity remained 
low across classifiers (≤0.35). Model 2 (basic and haemodynamic features) improved 
overall discrimination. Random Forest achieved the best balance, with accuracy 0.80 ± 
0.11 and AUC 0.80 ± 0.16, accompanied by high sensitivity (0.93 ± 0.09). XGBoost and 
LightGBM also performed well, with AUC values >0.70.  Model 3 (basic and structural or 
functional features) performed less consistently, with lower AUC values overall. Most 
classifiers achieved moderate accuracy (0.66–0.73) but poor specificity, suggesting 
limited added predictive value from structural/functional parameters alone. Model 4 (all 
Combined) demonstrated the highest predictive ability. Random Forest again yielded 
the strongest performance (accuracy 0.82 ± 0.14, AUC 0.75 ± 0.24, sensitivity 0.95 ± 0.09). 
LightGBM also achieved robust results (accuracy 0.80 ± 0.12, AUC 0.74 ± 0.21, specificity 
0.50 ± 0.32). Inclusion of haemodynamic parameters (Model 2) and the full combined 
feature set (Model 4) improved model discrimination compared with basic or 
structural/functional features alone. Tree-based ensemble methods, particularly Random 
Forest and LightGBM, consistently outperformed other classifiers (Table 2). 

 
Table 2. Predictive performance of machine learning classifiers for shock occurrence 
across feature sets 

Model 
and 

feature 
set 

Accuracy AUC Sensitivit
y 

Specificit
y F1 RMSE 

Model 1       
Decision 
Tree 

0.70 ± 0.15 0.54 ± 0.19 0.83 ± 0.15 0.25 ± 0.33 0.81 ± 0.11 0.51 

Random 
Forest 

0.75 ± 0.13 0.64 ± 0.21 0.94 ± 0.15 0.15 ± 0.32 0.85 ± 0.10 0.424 

XGBoost 0.71 ± 0.19 0.68 ± 0.29 0.87 ± 0.20 0.15 ± 0.23 0.81 ± 0.16 0.44 
LightGBM 0.76 ± 0.16 0.60 ± 0.36 0.94 ± 0.15 0.20 ± 0.33 0.85 ± 0.11 0.43 
AdaBoost 0.68 ± 0.15 0.60 ± 0.25 0.79 ± 0.16 0.30 ± 0.40 0.79 ± 0.12 0.49 
Gradient 
Boosting 

0.72 ± 0.17 0.68 ± 0.26 0.84 ± 0.15 0.30 ± 0.33 0.82 ± 0.12 0.47 

Naive 
Bayes 

0.61 ± 0.20 0.57 ± 0.27 0.69 ± 0.20 0.35 ± 0.32 0.72 ± 0.16 0.50 

Model 2       
Decision 
Tree 

0.70 ± 0.06 0.57 ± 0.13 0.79 ± 0.09 0.35 ± 0.32 0.80 ± 0.04 0.55 
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Random 
Forest 

0.80 ± 0.11 0.80 ± 0.16 0.93 ± 0.09 0.35 ± 0.32 0.88 ± 0.07 0.36 

XGBoost 0.78 ± 0.12 0.72 ± 0.14 0.92 ± 0.10 0.30 ± 0.33 0.87 ± 0.08 0.40 
LightGBM 0.77 ± 0.12 0.77 ± 0.14 0.89 ± 0.10 0.35 ± 0.32 0.86 ± 0.08 0.38 
AdaBoost 0.81 ± 0.11 0.55 ± 0.28 0.93 ± 0.10 0.40 ± 0.30 0.88 ± 0.07 0.46 
Gradient 
Boosting 

0.75 ± 0.11 0.66 ± 0.23 0.87 ± 0.10 0.35 ± 0.32 0.84 ± 0.07 0.45 

Naive 
Bayes 

0.71 ± 0.15 0.68 ± 0.23 0.79 ± 0.13 0.45 ± 0.27 0.80 ± 0.11 0.46 

Model 3       
Decision 
Tree 

0.68 ± 0.19 0.54 ± 0.24 0.78 ± 0.20 0.30 ± 0.40 0.78 ± 0.15 0.54 

Random 
Forest 

0.73 ± 0.15 0.58 ± 0.29 0.92 ± 0.15 0.10 ± 0.30 0.84 ± 0.11 0.43 

XGBoost 0.68 ± 0.12 0.49 ± 0.23 0.85 ± 0.16 0.10 ± 0.20 0.80 ± 0.09 0.49 
LightGBM 0.67 ± 0.11 0.48 ± 0.28 0.83 ± 0.15 0.10 ± 0.20 0.79 ± 0.09 0.48 
AdaBoost 0.73 ± 0.14 0.49 ± 0.21 0.89 ± 0.16 0.15 ± 0.23 0.83 ± 0.11 0.48 
Gradient 
Boosting 

0.66 ± 0.18 0.66 ± 0.27 0.80 ± 0.21 0.20 ± 0.33 0.77 ± 0.15 0.51 

Naive 
Bayes 

0.59 ± 0.24 0.59 ± 0.28 0.65 ± 0.28 0.40 ± 0.37 0.68 ± 0.22 0.52 

Model 4       
Decision 
Tree 

0.69 ± 0.09 0.55 ± 0.15 0.79 ± 0.11 0.30 ± 0.33 0.79 ± 0.06 0.55 

Random 
Forest 

0.82 ± 0.14 0.75 ± 0.24 0.95 ± 0.09 0.40 ± 0.37 0.89 ± 0.09 0.37 

XGBoost 0.75 ± 0.16 0.72 ± 0.18 0.86 ± 0.15 0.35 ± 0.32 0.84 ± 0.11 0.40 
LightGBM 0.80 ± 0.12 0.74 ± 0.21 0.89 ± 0.13 0.50 ± 0.32 0.87 ± 0.09 0.37 
AdaBoost 0.77 ± 0.14 0.57 ± 0.21 0.89 ± 0.10 0.35 ± 0.32 0.86 ± 0.09 0.46 
Gradient 
Boosting 

0.73 ± 0.12 0.72 ± 0.18 0.82 ± 0.12 0.40 ± 0.30 0.82 ± 0.08 0.48 

Naive 
Bayes 

0.70 ± 0.14 0.65 ± 0.24 0.76 ± 0.12 0.50 ± 0.32 0.79 ± 0.10 0.48 

 
Receiver operating characteristic (ROC) curves for Model 2 (Basic + 

Haemodynamic) demonstrated varying discriminatory performance across classifiers 
(Figure 1). The Decision Tree model showed modest separation from the reference line, 
reflecting limited discriminative ability. Ensemble methods, particularly Random Forest, 
XGBoost, and LightGBM, achieved stronger ROC curves, with Random Forest 
demonstrating the most favorable profile, consistent with its higher AUC (0.80 ± 0.16). 
Gradient Boosting and AdaBoost also provided reasonable discrimination, though with 
lower stability. Naive Bayes achieved moderate performance, with ROC curves 
suggesting weaker separation compared to tree-based ensembles. 

Calibration plots for the same classifiers are shown in Figure 2. The Decision Tree 
model demonstrated poor alignment with the ideal calibration line, with marked 
overestimation at lower predicted probabilities. Random Forest, XGBoost, and 
LightGBM exhibited improved calibration, with predicted risks more closely following 
the diagonal line, although some degree of underestimation was noted at intermediate 
probabilities. AdaBoost produced well-aligned calibration in the mid-range but showed 
deviations at the extremes. Gradient Boosting showed substantial miscalibration, 
particularly at lower probability ranges. Naive Bayes demonstrated moderate alignment, 
though with some underestimation at higher predicted risks. Overall, ensemble 
tree-based models (Random Forest, XGBoost, LightGBM) displayed the most favorable 
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calibration performance, whereas single learners and Gradient Boosting showed weaker 
agreement between predicted and observed outcomes. 

 
 

   

   
 

 

 

Figure 1. Receiver operating characteristic (ROC) curves for Model 2 (basic and 
haemodynamic features) across seven classifiers. Mean ROC curves are shown in blue, 
with the dashed line representing the reference line (AUC = 0.5). 
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Figure 2. Calibration plots for Model 2 (basic and haemodynamic features) across seven 
classifiers. The dashed diagonal line represents perfect calibration. Blue lines indicate the 
mean calibration performance, with grey lines showing individual folds. 
 

ROC curves for Model 4 are shown in Figure 3. Compared with basic or 
haemodynamic feature sets, combining all predictors resulted in improved 
discrimination across most classifiers. The Decision Tree model continued to show 
limited separation from the reference line. In contrast, ensemble methods such as 
Random Forest, XGBoost, and LightGBM achieved strong ROC profiles, with Random 
Forest showing the most favorable curve, consistent with its highest sensitivity (0.95 ± 
0.09) and accuracy (0.82 ± 0.14). AdaBoost and Gradient Boosting also demonstrated 
good discrimination, while Naive Bayes achieved moderate performance. Overall, the 
inclusion of all feature categories enhanced model discrimination, with Random Forest 
and LightGBM yielding the most robust results. 

Calibration plots for Model 4 are presented in Figure 4. The Decision Tree model 
remained poorly calibrated, with overestimation of predicted risk. Random Forest, 
XGBoost, and LightGBM displayed the most favorable calibration, with predicted risks 
tracking closer to the diagonal reference line, although minor underestimation occurred 
at intermediate probabilities. AdaBoost showed reasonable mid-range calibration but 
deviated at the extremes. Gradient Boosting and Naive Bayes demonstrated weaker 
calibration, with consistent misalignment between predicted and observed risks. Taken 
together, ensemble tree-based methods not only provided the strongest discrimination 
but also achieved the most reliable calibration. When compared with Model 2, Model 4 
offered slightly improved discrimination. Nonetheless, calibration plots between the two 
models were broadly similar between the two models. 
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Figure 3. Receiver operating characteristic (ROC) curves for Model 4 (all features 
combined) across seven classifiers. Mean ROC curves are shown in blue, with the dashed 
line representing the reference line (AUC = 0.5). 

 

   

   
 

 

 

Figure 4. Calibration plots for Model 4 (all features combined) across seven classifiers. 
The dashed diagonal line represents perfect calibration. Blue lines indicate mean 
calibration performance, with grey lines showing individual folds. 

2.3. Feature Importance and SHAP 
Feature importance rankings for Model 2 and Model 4 are summarized in Table 3. 

Across all three classifiers, haemodynamic parameters such as AorticVTI, stroke volume, 
stroke volume index, and cardiac index consistently emerged among the most influential 
predictors (Figures 5—7). Age also contributed meaningfully in both models, 
particularly in Random Forest and XGBoost. When additional echocardiographic 
parameters were incorporated in Model 4, features such as LVOT at site 2, left 
myocardial performance index (LMPI), and pulmonary ejection time appeared in the top 
ranks for LightGBM and Random Forest. Nevertheless, the haemodynamic indices that 
dominated Model 2 remained important in Model 4, indicating stability of these 
predictors regardless of model complexity. These findings suggest that a compact 
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feature set centered on haemodynamic variables is sufficient to capture most of the 
predictive signal, reinforcing the practicality of Model 2 compared with the more 
complex Model 4. 
 
Table 3. Top five features contributing to shock prediction in Model 2 and Model across 
Random Forest, LightGBM, and XGBoost classifiers. 

Top-5 features in 
Model 2 

Importance Top-5 features in 
Model 4 

Importance 

Random Forest  Random Forest  
Aortic 
velocity–time 
integral  

0.139 Aortic 
velocity–time 
integral  0.100 

Stroke volume 0.125 Stroke volume  0.099 
Stroke volume 
index 

0.098 Stroke volume 
index 0.077 

Cardiac index 0.083 Cardiac index 0.065 
Age 0.062 LVOT at site 2 0.045 
LightGBM  LightGBM  
LVOT 49.5 Stroke volume 

index 41.5 
Stroke volume 46.8 Aortic 

velocity–time 
integral  36.8 

Cardiac index 43.9 LMPI 35.9 
Aortic 
velocity–time 
integral  

31.5 

Cadiac index 31.2 
IVCmax 30.9 PulmonaryET 26.4 
XGBoost  XGBoost  
Stroke volume 0.129 Body surface area 0.124 
Body surface area 0.102 Stroke volume 0.119 
Stroke volume 
index 0.089 

Age 0.109 

Aortic 
velocity–time 
integral  0.075 

LVOT 0.073 

Age 0.071 
Stroke volume 
index 

0.053 
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Figure 5. Gini importance rankings comparing Model 2 (a) and Model 4 (b) based on 
Random Forest classifier. Features are ordered from top to bottom by decreasing 
importance, with higher values indicating a greater influence on model predictions. 

 

  
Figure 6. SHAP summary plots comparing Model 2 (a) versus Model 4 (b) based on 

LightGBM classifier. Each point represents an individual observation, with the horizontal 
position indicating the SHAP value. Feature values are color-coded from low (blue) to 
high (red). Features are ranked by their overall importance, defined as the mean absolute 
SHAP value across all observations. 
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Figure 7. SHAP summary plots comparing Model 2 (a) versus Model 4 (b) based on 

XGBoost classifier. Each point represents an individual observation, with the horizontal 
position indicating the SHAP value. Feature values are color-coded from low (blue) to 
high (red). Features are ranked by their overall importance, defined as the mean absolute 
SHAP value across all observations. 

 

3. Discussion 
This secondary analysis evaluated the performance of ML algorithms in predicting 

shock among children with dengue shock syndrome using demographic, 
haemodynamic, and echocardiographic features. Ensemble-based classifiers, particularly 
Random Forest, LightGBM, and XGBoost, consistently provided the strongest 
discrimination and calibration. Importantly, a reduced feature set combining basic 
demographic and haemodynamic variables (Model 2) performed comparably to the 
more complex all-feature model (Model 4). The accurate risk stratification in the present 
study, therefore, can be achieved without reliance on extensive echocardiographic 
inputs. These suggest the feasibility of the generated parsimonious models for clinical 
deployment, as similarly reported previously [11-13].  

Feature importance analyses provided mechanistic insights into the determinants of 
shock prediction. Parameters directly reflecting circulatory function, such as stroke 
volume, stroke volume index, cardiac index, and aortic velocity–time integral 
(AorticVTI), emerged as the most influential predictors across models. This observation 
is consistent with the established pathophysiology of dengue shock syndrome, in which 
increased vascular permeability leads to plasma leakage, reduced venous return, 
diminished preload, and subsequent decline in effective cardiac output [14, 15]. Stroke 
volume and cardiac index directly quantify forward flow, while stroke volume index 
accounts for body size–adjusted circulatory capacity, making it particularly informative 
in pediatric populations [4, 16-18]. AorticVTI, which represents the distance blood 
travels through the left ventricular outflow tract during systole, has been shown to 
correlate strongly with stroke volume and cardiac output and thus serves as a robust 
surrogate marker of systemic perfusion [14, 16]. 
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Additional echocardiographic parameters, including left ventricular outflow tract 
measurements, myocardial performance indices (LMPI), and pulmonary ejection time, 
emerged among the top-ranked features in Model 4. These indices provide 
complementary insight into chamber geometry, systolic–diastolic coupling, global 
ventricular efficiency, and right ventricular function, all of which may be affected during 
severe dengue infection [17, 19]. Plasma leakage and systemic inflammation in dengue 
shock syndrome can impair preload and myocardial performance, leading to altered 
ventricular filling, prolonged ejection times, and transient myocardial dysfunction that 
may not be detected by blood pressure alone [6, 7]. The prominence of these parameters 
therefore supports a contributory role of myocardial involvement and altered 
ventricular timing in the haemodynamic phenotype of severe dengue, consistent with 
prior echocardiographic observations in both pediatric dengue and distributive shock 
states [6]. 

The comparable calibration observed between Model 2 and Model 4, in the present 
study, underscores the value of parsimonious models that rely on fewer, readily 
obtainable predictors. While echocardiographic parameters provide important 
mechanistic insight, their acquisition requires specialized equipment and operator 
expertise that may not be consistently available, particularly in low-resource or 
high-burden dengue settings [20, 21]. In contrast, Model 2 relies on fundamental 
haemodynamic measures that are more feasible for routine bedside use, enhancing its 
practicality for early risk stratification. This balance between physiological relevance and 
operational feasibility strengthens the translational potential of the model. These 
findings are consistent with prior evidence showing that machine learning approaches 
outperform traditional regression in capturing nonlinear interactions in critical illness, 
while also highlighting that simpler models are more likely to be implemented in 
real-world care pathways [8, 11, 22].  

The strengths of this study include the use of a prospective, well-characterized 
pediatric cohort and rigorous internal validation using multiple performance and 
interpretability metrics. However, several limitations warrant consideration. The 
analysis was restricted to patients admitted to intensive care, which may limit 
generalizability to milder dengue cases or earlier stages of disease. In addition, the use 
of single-center data may constrain external validity. Future studies should focus on 
external validation in larger, multi-center cohorts and evaluate model performance in 
non–intensive care settings to determine broader applicability across the clinical 
spectrum of dengue infection. 

4. Materials and Methods 

4.1. Study Design  
This study is a secondary analysis of a previously published prospective 

observational cohort conducted at the Hospital for Tropical Diseases, Ho Chi Minh City, 
Vietnam [15]. The original study enrolled individuals aged above 3 years admitted to 
paediatric or adult intensive care units (ICUs) with a clinical diagnosis of dengue with 
warning signs or severe dengue, within 12 hours of ICU admission. Patients were 
reviewed daily until discharge or up to 5 days, with standardized documentation of 
clinical parameters, intravenous fluid therapy, and interventions. Portable 
echocardiograms were performed at enrolment and then daily until discharge, with 
additional follow-up 10–14 days later. Detailed methodology, including dengue 
diagnostics, laboratory protocols, and echocardiography acquisition, has been described 
previously [15]. For the present analysis, echocardiographic parameters measured at 
ICU admission or within the first 24 hours were used. 

4.2 Ethical Considerations 
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Ethical approvals for the original study were obtained from the Oxford Tropical 
Research Ethics Committee and the Ethics Review Committee at HTD, with written 
informed consent secured from participants or their legal guardians [15]. The current 
analysis used anonymized, previously collected data and therefore did not require new 
ethical approval. 

4.3 Data Preprocessing 
The dataset included demographic information, vital signs, haemodynamic 

parameters, and structural/functional echocardiographic indices. The binary outcome 
was shock occurrence (shock vs. no shock). Mean arterial pressure (MAP) was estimated 
from systolic and diastolic blood pressure values rather than directly measured. 
Echocardiographic parameters were acquired at admission or within the first 24 hours 
and averaged across repeated measurements during the examination session, as 
described in the original study [7]. Categorical variables (e.g., Sex) were encoded as 
categorical data. Missing values were imputed using median values for numerical 
features and most frequent values for categorical features. Categorical predictors were 
one-hot encoded 

4.4 Feature Sets 
Four predictive models were constructed to assess the incremental contribution of 

different clinical and echocardiographic feature domains. Model 1 comprised basic 
demographic characteristics and vital signs, including age, sex, pulse rate, systolic blood 
pressure (SBP), diastolic blood pressure (DBP), mean arterial pressure (MAP), body 
temperature, and respiratory rate. Model 2 expanded Model 1 by incorporating 
hemodynamic and volumetric parameters derived from echocardiography, namely 
stroke volume (SV), stroke volume index (SVI), cardiac index (CI), left ventricular 
outflow tract average diameter (LVOT Ave), left ventricular outflow tract area (LVOT²), 
average aortic velocity–time integral (Aortic VTI Ave.1 and Aortic VTI Ave.2), body 
surface area (BSA), average minimum inferior vena cava diameter (IVC min Ave), 
average maximum inferior vena cava diameter (IVC max Ave), and inferior vena cava 
collapsibility index (IVCCI). Model 3 extended Model 1 by adding structural and 
functional cardiac parameters, including average left ventricular diastolic diameter 
(LVDd Ave), average left ventricular systolic diameter (LVDs Ave), ejection fraction (EF), 
left myocardial performance index (LMPI), right myocardial performance index (RMPI), 
early-to-late ventricular filling ratio (E/A ratio), average pulmonary ejection time 
(Pulmonary ET Ave), average mitral A-wave acceleration (Mitral AEA Ave), average 
tricuspid A-wave acceleration (Tri AEA Ave), and average aortic ejection time (Aortic ET 
Ave). Model 4 represented the most comprehensive approach and included all variables 
from Models 1 through 3. 

4.5 Model Training and Validation 
Model performance was evaluated using 10-fold stratified cross-validation to 

ensure that the proportion of outcome classes was preserved across all folds. In each 
cross-validation iteration, models were trained on nine folds and evaluated on the 
remaining held-out fold, allowing robust estimation of generalization performance 
while minimizing sampling bias. A range of supervised machine-learning classifiers was 
implemented, including Decision Tree, Random Forest, Extreme Gradient Boosting 
(XGBoost), Light Gradient Boosting Machine (LightGBM), Adaptive Boosting 
(AdaBoost), Gradient Boosting, and Naive Bayes. For tree-based ensemble methods, key 
hyperparameters were predefined based on prior optimization and empirical 
performance, with the number of estimators set to 200, the learning rate ranging from 
0.05 to 0.1, and the maximum tree depth fixed at 4 to balance model complexity and 
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overfitting risk. All analyses were conducted with fixed random seeds (seed = 123) to 
ensure reproducibility of model training and evaluation. 

4.6 Statistical Parameters 
Model performance was assessed using multiple complementary metrics, including 

accuracy, area under the receiver operating characteristic curve (AUC), sensitivity, 
specificity, F1 score, and root mean squared error (RMSE). To obtain stable and 
generalizable estimates, receiver operating characteristic (ROC) curves and calibration 
curves were averaged across all cross-validation folds. For interpretability, feature 
importance measures were extracted from tree-based classifiers to quantify the relative 
contribution of each predictor to model predictions. In addition, SHapley Additive 
exPlanations (SHAP) values were computed for selected models to provide a 
model-agnostic and consistent explanation of individual feature effects and their overall 
impact on prediction outcomes 

 

5. Conclusions 
Machine learning models showed significant discriminative ability in predicting 

shock in pediatric dengue, with Random Forest, LightGBM, and XGBoost performing 
best. Haemodynamic parameters, such as stroke volume, stroke volume index, cardiac 
index, and aortic VTI, were the strongest predictors. The model that only required 
demographic and haemodynamic features, achieved calibration comparable to the more 
complex model. These findings highlight the demographic and haemodynamic 
features-based model is clinically feasible for risk stratification in severe dengue. 
Nonetheless, external, multicenter validation is warranted in the future study before 
clinical application. 
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