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Predicting Shock in Pediatric Patients Through
Thermal Gradients and Machine Learning: A
Multi-Model Approach

Juan D. Espinoza

Abstract—Early detection of hemodynamic compromise in
pediatric patients is critical for timely and effective intervention
in intensive care. This study evaluates the use of thermal
gradients, specifically the temperature difference between the
abdomen and foot, as non-invasive physiological markers to
improve prediction of shock. The dataset included thermal
gradients, pulse rate, age, and four time-stamped measurements,
enabling models to anticipate circulatory deterioration across
different prediction horizons. These forecasting windows were
examined to assess how far in advance the onset of shock could
be reliably predicted. Several machine learning models were
compared, and the best approach achieved an AUC of 0.8371
95% CI: 0.7794 - 0.8818), with sensitivity of 0.710 (95% CI:
0.615-0.790) and specificity of 0.888 (95% CI: 0.826-0.930).
Although methodological differences make direct comparison
with previous studies challenging, this performance surpasses
that reported in the existing literature. These findings highlight
the potential of combining thermal gradients with conventional
vital signs to enhance early and reliable risk stratification and
support clinical decision-making in pediatric intensive care.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10224

Index Terms—Shock Index, hemodynamic monitoring, pedi-
atric critical care, machine learning, circulatory compromise,
non-invasive assessment.

I. INTRODUCTION

HE Shock Index (SI), calculated as the ratio between

heart rate and systolic blood pressure, has become a
valuable tool to assess circulatory status [1f], [2]]. This ratio
reflects how the heart and blood vessels work together to keep
blood flowing even when blood pressure drops, the heart often
beats faster to maintain circulation, making SI a useful early
sign of problems with blood flow. Unlike individual vital signs,
SI gives a broader picture of how well the cardiovascular
system functions, which makes it particularly useful to spot
patients who may be at risk for hemodynamic instability.
In pediatrics, normal heart rate and blood pressure values
change significantly with age. For this reason, the Shock
Index Pediatric Age-adjusted (SIPA) was developed to improve
clinical utility. SIPA applies age-specific thresholds to better
identify children at risk of hemodynamic compromise [3], [4].

The associate editor coordinating the review of this manuscript and ap-
proving it for publication was Samuel Ortega (Corresponding author: Carlos
Fajardo).

J. D. Espinoza, and Carlos Fajardo are with the Department of Electrical,
Electronics and Telecommunications, Universidad Industrial de Santander,
Bucaramanga, Colombia (e-mails: juan2248438 @correo.uis.edu.co, and
cafajar @uis.edu.co).

, and Carlos A. Fajardo

Detecting early signs of circulatory compromise is crucial,
especially in acute care or after surgery. Performing quickly
can prevent the situation from escalating [S[]. However, many
current monitoring methods are either invasive or provide only
occasional snapshots of a patient’s condition. That’s where SI
stands out: it is simple, non-invasive, and easy to calculate,
offering real-time insight into the cardiovascular health of a
patient.

In pediatric critical care, this becomes even more important.
Children often compensate for a failing circulatory system for
a relatively long time, which means that by the time symptoms
such as low blood pressure appear, serious organ damage may
already be underway [6]. Since SI captures both heart rate and
systolic blood pressure, it can help detect early warning signs
, giving healthcare teams the opportunity to intervene sooner
(71, 18-

On the other hand, researchers have started looking into
how SI relates to peripheral perfusion, and thermal gradients
- differences in temperature between central and peripheral
body regions - are gaining attention as another non-invasive
biomarker to circulatory health. Some studies [9]—[13] show
that when blood flow is impaired, less heat reaches the ex-
tremities, creating measurable temperature differences. These
variations may reflect the body’s efforts to redirect blood to
essential organs during times of stress [12].

This work aims to identify the most effective machine
learning models and the most reliable prediction horizon to
forecast shock in pediatric patients, using the age-adjusted
Shock Index as the diagnostic criterion, across multiple time
windows. To achieve this, we use thermal gradients as non-
invasive biomarkers and evaluate the performance of different
modeling strategies, examining their potential to support pre-
dictive monitoring in intensive care or post-surgical settings.

II. RELATED WORKS

Infrared thermography has gained increasing attention as a
non-invasive technique for assessing peripheral perfusion and
detecting hemodynamic instability. Over the past decade, the
field has evolved from broad application reviews to experimen-
tal validation in animal models, and more recently to predictive
approaches leveraging machine learning and deep learning.

Among these advances a key experimental validation of the
relationship between thermal gradients and perfusion emerged
in 2020 through controlled animal studies [14]. The authors
investigated how pharmacologically induced hemodynamic
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variations in pigs influenced the thermal gradients between the
central and peripheral body regions. Their findings demon-
strated consistent changes in the temperature distribution in
perfusion states, reinforcing the physiological rationale for
using thermal imaging in perfusion assessment.

These experimental findings are based on a well-established
foundation of Infrared Thermography (IRT) research, as com-
prehensively documented in [15]. This foundational review
examines the biomedical applications of infrared thermal
imaging between 2003 and 2019, including clinical uses in
inflammation detection, vascular disorders, and perfusion mon-
itoring. Notably, the review also tracks the field’s technological
evolution, highlighting the increasing adoption of artificial
intelligence algorithms - particularly artificial neural networks
(ANN), K-Nearest Neighbors (k-NN), and Support Vector
Machine (SVM) for classification tasks in thermal imaging
analysis.

Building on this technological trajectory, Sudhi et. al.
provides a focused examination of thermography’s potential
for shock detection and monitoring. The study expands the
clinical perspective by specifically evaluating thermography
as a non-invasive, fast-response tool for early shock detection
and continuous monitoring. Through comparative analysis
with traditional techniques, it demonstrates the advantages of
thermal imaging in sensitivity, specificity, and early warning
capability, benefits further amplified by recent advances in
sensor technology and Al system integration [16].

Expanding methodological approaches, Nagori et. al
demonstrated that even static thermal measurements contain
valuable predictive information when combined with basic
clinical parameters. Using a generalized linear mixed model,
the study successfully identified patients at risk of hemody-
namic shock by integrating thermal gradient patterns with
routinely available physiological data. This approach proved
particularly valuable in clinical scenarios where continuous
monitoring may not be feasible, showing that snapshot ther-
mography combined with standard clinical markers can pro-
vide actionable risk stratification. The model achieved an
AUC of 0.79, however, the study did not report confidence
intervals, limiting a more precise assessment of its robustness
and generalization [17].

The clinical applicability of such snapshot thermography
approaches was further validated in critically ill populations
by Amson et. al in their 2020 study of septic patients. Their
protocol involved capturing a single thermal image within 24
hours after initial vasopressor administration, then applying
logistic regression to assess the risk of mortality at eight-
day. Notably, the study confirmed that specific temperature
thresholds and core-to-skin thermal gradients were significant
predictors, reinforcing the utility of thermal monitoring in
intensive care settings where rapid risk assessment is critical
[L1]].

Building upon these foundational findings with static mea-
surements, the field has progressively shifted toward dynamic
temporal analysis. This evolution is exemplified by [9], where
researchers employed long- and short-term memory (LSTM)
networks to analyze thermal video sequences of approxi-
mately 4.26 minutes. By extracting thermal gradients and

corresponding heart rate data at one-second intervals, their
model successfully predicted a binarized shock index (SIPA),
demonstrating deep learning’s capacity to unlock clinically
relevant patterns from sequential thermal data. The model
achieved an AUC of 0.81, with a reported standard error of
0.06, reflecting encouraging results while also highlighting
the need for further refinement to enhance consistency and
reliability.

However, while such advanced analytical approaches show
great promise, several fundamental challenges persist in trans-
lating these findings into clinical practice. Despite the growing
adoption of thermography for continuous monitoring and
promising results from infrared thermography combined with
machine learning (IRT-ML) in pediatric intensive care, the
field remains limited. Although simpler linear models have
been shown to provide some predictive insights, they struggle
to capture the complex relationships between thermal data and
clinical conditions. However, more complex models have been
explored, but these often yield results with high variability,
limiting their clinical applicability.

To address these limitations, our study leverages publicly
available data to evaluate a range of model architectures. We
then identify those that achieve the best performance across
different prediction horizons, after which we fine-tune deci-
sion thresholds to optimize the trade-off between sensitivity
and specificity using Youden’s J statistic (Youden Index), a
standard diagnostic method for determining the threshold that
maximizes their combined values. This process represents an
essential step toward integrating these algorithms into clinical
decision support systems [18], [[19].

III. METHODS
A. Dataset

The dataset, collected and described by Nagori et al. [17],
is publicly available on the Open Science Framework [20]]
under the CCO 1.0 Universal license. Data collection involved
obtaining abdominal and foot temperature readings via ther-
mography, in addition to recording each patient’s pulse rate
and age in months. Subsequently, hemodynamic parameters
were recorded at 30-minute, 3-hour, 6-hour, and 12-hour
intervals.

For data preprocessing, all records with missing values in
any predictor variable were removed. Specifically, observa-
tions were excluded if they lacked foot temperature, abdominal
temperature, age in months, or pulse rate. In addition, records
were required to include systolic blood pressure (SBP) and
heart rate (HR) to compute the shock index.

Subsequently, patients were classified as being in shock or
not based on the Shock Index, Pediatric Age-Adjusted (SIPA)
score, which applies age-specific critical thresholds. A binary
label was assigned accordingly: a value of 1 (indicating shock)
if a patient’s shock index exceeded their age-specific threshold,
and O (indicating no shock) otherwise.

B. Machine Learning Models

We conducted a systematic evaluation of ten machine learn-
ing models (six tree-based and four non-tree-based) to bench-
mark their performance in the early prediction of shock across
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multiple time horizons. The tree-based group encompassed
Decision Tree, Random Forest, Gradient Boosting, XGBoost,
LightGBM, and CatBoost, while the non-tree based models
included Logistic Regression, SVM, K-NN and Multilayer
Perceptron (MLP).This comprehensive evaluation allowed us
to analyze how different model architectures respond to vary-
ing temporal windows, offering insights into their robustness
and predictive capacity in the context of critical care. For
the MLP model included in this comparison, we used the
implementation provided by scikit-learn, configuring fully
connected layers with ReLU activations, the Adam optimizer
(learning rate = 0.001), Xavier uniform initialization, and
a mini-batch size of min(200, ngmpies). Training proceeded
for a maximum of 200 iterations under scikit-learn’s internal
convergence criterion, which halts optimization when the loss
fails to improve for 10 consecutive iterations. In addition
to the standard optimization settings, the model incorporated
scikit-learn’s built-in L2 regularization (strength = 0.0001),
whose contribution to the objective function is scaled by
the sample size. No other regularization strategies—such as
dropout, weight decay beyond the L2 term, or normalization
layers—were applied. Parameter counts varied according to
the evaluated architecture.

The specific MLP architectures used for each prediction
horizon corresponded to the configurations that achieved the
highest average AUC computed over the test partitions of a
10-fold cross-validation procedure.Each tuple representing an
architecture denotes the sequence of hidden layers, where each
element specifies the number of neurons in that layer. The
selected architectures were: (16, 8) for the 30-minute horizon,
comprising 209 trainable parameters; (512, 256, 128, 64, 32,
16) for the 3-hour horizon, comprising 177,153 trainable pa-
rameters; and (16, 8) for both the 6-hour and 12-hour horizons,
similarly totaling 209 parameters. Using these horizon-adapted
configurations ensured that the MLP model reflected the most
suitable network structure for each temporal window in the
comparative evaluation, allowing the network to achieve a
reasonable and consistent performance across the different
prediction horizons.

To improve the discriminative power of the input features,
the squared gradients of temperature differences between the
abdominal and distal (foot) regions were employed during
model training. This transformation was applied because the
squared term amplifies the contribution of larger thermal
variations, which are of greater clinical relevance as they more
likely represent significant hemodynamic alterations indicative
of shock. This enhancement allows the models to focus more
effectively on detecting these substantial thermal variation
patterns.

Furthermore, a stratified grouped splitting strategy was
employed for data partitioning. The grouped approach ensured
that all samples from a single patient were assigned exclusively
to one fold, thereby preventing data leakage. Concurrently, the
stratified component maintained a proportional distribution of
the target variable classes across all folds, mitigating potential
bias from class imbalance during model evaluation. Building
on this careful data partitioning, a 10-fold cross-validation
strategy was employed to maximize the use of the limited
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dataset and enhance statistical robustness. The grouping was
carried out using the patient identifier, ensuring that all ob-
servations belonging to the same individual were consistently
allocated to a single fold. All model training and evalu-
ation steps were implemented using StratifiedGroupKFold
(scikit-learn), guaranteeing fold integrity by patient. Within
every fold, preprocessing—particularly z-score standardization
(StandardScaler)—was fitted exclusively on the training split
and subsequently applied to the corresponding test split. This
fold-specific workflow kept all preprocessing and model-fitting
operations isolated per fold and grouped by patient, effectively
preventing information leakage.

Given the limited sample size (an average of approxi-
mately 253 samples per horizon from 51 patients) and the
unequal number of observations per individual, introducing
an additional validation split would have further reduced fold
representativeness and stability. Consequently, no validation-
based early stopping policy was applied. This decision was
also aligned with the methodological constraints of the study:
such validation-driven early stopping is not supported within
the scikit-learn environment for some of the evaluated mod-
els—particularly support vector machines, decision trees, ran-
dom forests, and k-nearest neighbors—which do not imple-
ment early stopping at all. Applying it only to a subset
of models would have resulted in an inconsistent and non-
comparable training procedure across model families. To
maintain consistency and reproducibility across all exper-
iments, the cross-validation procedure employed Stratified-
GroupKFold with shuffling and a fixed random seed of 42,
ensuring stable and comparable fold generation across model
families and prediction horizons.

Model selection was then performed using the mean AUC
obtained on the test partitions across the 10 folds, ensuring
that the chosen configuration for each model corresponded
to the one that demonstrated the most stable and consistent
generalization under the patient-grouped evaluation scheme.
To complement these estimates with an assessment of sta-
tistical uncertainty, 95% confidence intervals were computed
using a nonparametric bootstrap procedure with 5,000 resam-
ples, implemented using a non-parametric bootstrap procedure
available within the SciPy statistical framework, with a fixed
random seed of 40 to ensure reproducibility.

For each time interval, we selected the best-performing
model for Bayesian hyperparameter optimization using the
Optuna framework. The optimal decision threshold was deter-
mined by maximizing the Youden index (J = sensitivity +
specificity — 1). This index provides a balanced criterion
that equally weights sensitivity and specificity, ensuring re-
producible model comparisons without bias toward either
metric, consistent with established practices in hemodynamic
prediction [9]], [[17]. The Youden index is particularly recom-
mended when no explicit cost function or prevalence-adjusted
objective is specified [18]], [21]], making it appropriate for this
exploratory study aimed at identifying broadly discriminative
models. For future clinical implementation, the optimization
criterion could be tailored to specific operational require-
ments—such as emphasizing sensitivity in critical care settings
or specificity in screening scenarios.
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After identifying the optimal hyperparameters for each
horizon, we conducted additional tests to characterize the
inference time of the selected models. Following Bayesian
optimization, a cross-validation procedure was performed, and
the best-performing fold—identified by its highest AUC—was
retained to provide a stable and representative basis for
inference-time evaluation. All measurements were executed on
a CPU-only environment (Intel Core i9-13900H, 16 GB RAM,
Windows 10), without GPU acceleration, reflecting a realistic
deployment scenario for point-of-care or resource-constrained
clinical settings.

IV. RESULTS
A. Performance of Non-Tree-Based Models

Fig. [T] shows the performance of non-tree-based models in
predicting shock within the next 30 minutes during the initial
monitoring period. Logistic Regression achieved the highest
discriminative ability among these models, with an AUC of
0.7658 (95% CI: 0.6991-0.8255). The Multilayer Perceptron
(MLP) demonstrated comparable performance, with an AUC
of 0.7490 (95% CI: 0.6785-0.8055), suggesting that both mod-
els are capable of effectively distinguishing between patients
at risk of shock.

In comparison, the Support Vector Machine (SVM) ex-
hibited a lower AUC of 0.7253 (95% CI: 0.6496-0.7892),
indicating moderate predictive capacity and some sensitivity
to variability in the training data. The K-Nearest Neighbors
(KNN) classifier showed the lowest performance, with an AUC
of 0.6995 (95% CI: 0.6301-0.7657), highlighting its limited
discriminative power in this setting and potential susceptibility
to noise or less informative features.

Comparative ROC Curves with Confidence Intervals
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Fig. 1. Comparative ROC Curves with 95% confidence intervals for
Non-Tree-Based Models

B. Performance of Tree-Based Models

Fig. 2] summarizes the performance of tree-based models
during the first 30 minutes of observation, encompassing both
individual algorithms and ensemble learning methods. Among
these models, CatBoost demonstrated the highest performance,
achieving an AUC of 0.8141 (95% CI: 0.7482-0.8652),

indicating strong discriminative ability coupled with stable
performance across data partitions.

This superior performance can be attributed to inherent
features of the algorithm, including the use of symmetric trees,
ordered encoding of categorical variables, and robust strategies
to prevent target leakage, all of which enhance generalization
in complex datasets.

Conversely, the Decision Tree model exhibited the lowest
performance, with an AUC of 0.6846 (95% CI: 0.6238-
0.7418), reflecting its limited capacity to model complex
relationships without ensemble or regularization techniques.
The remaining boosting-based methods—Gradient Boosting,
XGBoost, and LightGBM—achieved AUCs ranging from 0.77
to 0.78, with relatively narrow confidence intervals, under-
scoring their ability to capture predictive patterns even in
high-dimensional conditions. Overall, these results support
the use of ensemble methods as more reliable and accurate
alternatives in complex clinical scenarios from the earliest
stages of evaluation.

Comparative ROC Curves with Confidence Intervals
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Fig. 2. Comparative ROC Curves with 95% confidence intervals for
Tree-Based Models

C. Comparison by Prediction Time Horizon

Table [l summarizes the performance of the evaluated models
across different prediction time horizons. CatBoost without
hyperparameter tuning consistently outperformed the other
algorithms at the 30-minute and 3-hour horizons, achieving the
highest AUC values.At the 6-hour horizon, MLP emerges as
the superior model, surpassing CatBoost in predictive perfor-
mance with a higher AUC (0.6636 (95% CI: 0.5926-0.7330)
vs. 0.7052 (95% CI: 0.6352-0.7709)).

Conversely, at the 12-hour horizon, Logistic Regression
achieved the best performance, with results closely matching
those of catboost. Both models showed similar AUC values,
confidence intervals, and predictive power, suggesting that Lo-
gistic Regression, despite its simplicity, performs comparably
to more complex models in this scenario.

These findings reveal a decreasing trend in overall perfor-
mance as the prediction horizon increases, reflecting growing
clinical uncertainty and a decline in the discriminative power
of the available variables when attempting to anticipate events
further in advance.
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TABLE 1

AUC WITH 95% CONFIDENCE INTERVALS FOR EACH MODEL, ORGANIZED BY PREDICTION HORIZON

Model

30-min

3-hour

6-hour

12-hour

Logistic Regression
MLP

SVM

KNN

Gradient Boosting
XGBoost

CatBoost

Decision Tree
Random Forest
LightGBM

0.7658 [0.6991-0.8255]
0.7490 [0.6785-0.8055]
0.7253 [0.6496-0.7892]
0.6995 [0.6301-0.7657]
0.7810 [0.7151-0.8353]
0.7724 [0.7017-0.8282]
0.8141 [0.7482-0.8652]
0.6846 [0.6238-0.7418]
0.8026 [0.7379-0.8538]
0.7824 [0.7166-0.8380]

0.7662 [0.6946-0.8242]
0.7770 [0.7083-0.8323]
0.7554 [0.6850-0.8154]
0.7111 [0.6403-0.7709]
0.7691 [0.7021-0.8245]
0.7531 [0.6877-0.8114]
0.7934 [0.7279-0.8452]
0.7087 [0.6483-0.7650]
0.7639 [0.6952-0.8202]
0.7645 [0.6961-0.8224]

0.6473 [0.5737-0.7179]
0.7052 [0.6352-0.7709]
0.6468 [0.5708-0.7199]
0.6319 [0.5589-0.7032]
0.6452 [0.5703-0.7156]
0.5982 [0.5232-0.6707]
0.6636 [0.5926-0.7330]
0.5572 [0.4923-0.6213]
0.6548 [0.5832-0.7227]
0.6654 [0.5924-0.7340]

0.6840 [0.6125-0.7487]
0.6774 [0.6074-0.7440]
0.6457 [0.5737-0.7144]
0.6265 [0.5564-0.6963]
0.6255 [0.5528-0.6930]
0.6276 [0.5522-0.6948]
0.6809 [0.6101-0.7444]
0.5710 [0.5072-0.6338]
0.6358 [0.5627-0.7036]
0.6724 [0.6012-0.7368]

D. Fine-Tuning Process

TABLE 11
OPTIMIZED CATBOOST HYPERPARAMETERS FOR EACH
PREDICTION HORIZON

Hyperparameter 30 min 3 hr
depth 6 10
learning_rate 0.00372 0.0104
12_leaf_reg 10 9
subsample 0.201 0.945
colsample_bylevel 0.229 0.262
iterations 2403 2132
border_count 158 234
random_strength 9.237 4.962
bagging_temperature 0.195 0.943
grow_policy Lossguide =~ SymmetricTree
min_data_in_leaf 19 8
one_hot_max_size 2 4
leaf_estimation_iterations 8 5
scale_pos_weight 2.863 2.016
TABLE III

SELECTED HYPERPARAMETERS FOR THE MULTILAYER
PERCEPTRON (MLP)

Hyperparameter Value
activation relu
solver adam
learning_rate_init 0.00117
max_iter 598
batch_size 64
beta_1 0.964
beta_2 0.902
epsilon 1.710e-09

Model selection was driven by superior AUC performance
at each respective horizon: CatBoost for the 30-minute and 3-
hour intervals, and MLP for the 6-hour interval. To optimize
generalization capacity, we conducted separate Bayesian hy-
perparameter optimizations using Optuna with 10-fold strati-
fied cross-validation, targeting AUC maximization. The search
spaces encompassed 14 parameters for CatBoost and 11 for
MLP .Tables [ and present the optimal configurations
obtained for CatBoost and MLP, respectively, across all pre-
diction horizons.

For the 12-hour horizon, we directed the optimization
process toward Logistic Regression, as it demonstrated the
most competitive baseline performance at this interval. The
tuning considered seven key hyperparameters associated with

regularization, convergence criteria, and model specification.
The resulting configurations for each parameter are summa-
rized in Table which reports the values obtained after

optimization.

TABLE IV
OPTIMIZED LOGISTIC REGRESSION HYPERPARAMETERS

FOR THE 12-HOUR PREDICTION HORIZON

Parameter 12 hr

C 0.0435
penalty 12
11_ratio None
max_iter 32494
class_weight balanced
tol 5.0267e-05
fit_intercept True

Table [V] presents the results obtained after tuning the
selected models. A notable improvement in the discriminative
capacity of the CatBoost model is observed for the 30-
minute interval, with the AUC increasing from 0.8141 (95%
CI: 0.7482-0.8652) to 0.8371 (95% CI: 0.7794 - 0.8818).
Substantial gains were also observed at the 3-hour horizon,
where the AUC rose from 0.7934 (95% CI: 0.7279-0.8452) to
0.8214 (95% CI: 0.7606 - 0.8712), and at the 6-hour horizon,
where it increased from 0.7052 (95% CI: 0.6352-0.7709) to
0.7259 (95% CI: 0.6546 - 0.7875). For the adjusted logistic
regression at the 12-hour horizon, hyperparameter optimiza-
tion yielded a measurable improvement in AUC from 0.6840
(95% CI: 0.6125-0.7487) to 0.7108 (95% CI: 0.6413-0.7738),
accompanied by a modest reduction in confidence interval
width.

TABLE V
AUC RESULTS WITH 95% CONFIDENCE INTERVALS AND
STANDARD ERRORS (SE) FOR THE TUNED MODELS AT
EACH PREDICTION INTERVAL

Interval Model AUC [95% CI] SE

30 min CatBoost 0.8371 [0.7794 — 0.8818]  0.0261
3h CatBoost 0.8214 [0.7606 — 0.8712]  0.0282
6h MLP 0.7259 [0.6546 — 0.7875]  0.0339
12 h Logistic Regression ~ 0.7108 [0.6413 — 0.7738]  0.0338

E. Optimal Decision Threshold Selection

Considering the critical stakes of clinical decision-making,
where false positives can precipitate unnecessary tests or
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PERFORMANCE METRICS FOR EACH MODEL AND PREDICTION HORIZON. THE TWO CATBOOST MODELS CORRESPOND
TO THE 30-MINUTE AND 3-HOUR HORIZONS (WITH THE FIRST CATBOOST ROW REPRESENTING THE 30-MINUTE
MODEL), WHILE THE MLP AND LOGISTIC REGRESSION MODELS CORRESPOND TO THE 6-HOUR AND 12-HOUR

HORIZONS, RESPECTIVELY

Model AUC [95% CI] Sensitivity [95% CI]  Specificity [95% CI] PPV [95% CI] NPV [95% CI] Threshold
CatBoost 0.837 [0.780 - 0.882]  0.660 [0.563 - 0.745]  0.874 [0.810 - 0.919]  0.786 [0.687 - 0.860] 0.786 [0.716 - 0.843] 0.684
CatBoost 0.821 [0.760 - 0.869]  0.730 [0.636 - 0.807]  0.775 [0.699 - 0.837]  0.702 [0.608 - 0.781]  0.799 [0.723 - 0.858] 0.579
MLP 0.726 [0.655 - 0.789]  0.683 [0.588 - 0.764]  0.686 [0.599 - 0.761]  0.646 [0.553 - 0.729]  0.720 [0.633 - 0.793] 0.413
Logistic Regression ~ 0.711 [0.643 - 0.771]  0.795 [0.711 - 0.859]  0.567 [0.480 - 0.650]  0.618 [0.537 - 0.693]  0.758 [0.663 - 0.833] 0.449

treatment and false negatives can postpone life-saving inter-
ventions, rigorous threshold optimization is imperative. Once
the hyperparameters of the best performing models for each
prediction horizon were finalized, we proceeded to define the
decision threshold that would yield the greatest clinical benefit.
To achieve this, we evaluated a range of potential cutoff
values across every model’s output probability and selected
the one that maximized the Youden Index (sensitivity plus
specificity minus one). Optimizing this index ensures that
both true positive and true negative rates are maximized. To
ensure robust threshold selection, we aggregated predicted
probabilities across all cross-validation folds and computed
a single optimal threshold using the Youden index, thereby
enhancing generalizability beyond individual data splits.

Table [VI| summarizes the comprehensive performance eval-
uation for each model across all prediction horizons. We report
AUC, sensitivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV) with their respective 95%
confidence intervals, along with the Youden index.

For short-term horizons of 30 minutes, 3 hours, the Cat-
Boost model exhibited strong performance with relatively low
variability. At the 30-minute horizon, the model demonstrated
strong discriminatory performance with a sensitivity of 0.660
(95% CI: 0.563-0.745) and specificity of 0.874 (95% CI:
0.810-0.919). This performance profile persisted at the 3-hour
horizon, maintaining sensitivity above 0.6 while showing a
decrease in specificity to 0.775 (95% CI: 0.699-0.837). These
consistent metrics underscore the model’s reliability for early
warning applications across multiple time points.

At the 6-hour prediction horizon, the MLP model demon-
strated balanced diagnostic performance with moderate sensi-
tivity (0.683; 95% CI: 0.588-0.764) and specificity (0.686;
95% CI: 0.599-0.761), indicating consistent discriminative
capability for medium-term forecasting

For the 12-hour horizon, the tuned logistic regression model
exhibited high sensitivity (0.795; 95% CI: 0.711-0.859) but
diminished specificity (0.567; 95% CI: 0.480-0.650). This pat-
tern aligns with the observed trend across increasing prediction
windows: specificity demonstrates a consistent decline, while
sensitivity fluctuates without a clear directional trend. Notwith-
standing the reduction in specificity, the model preserves an
acceptable trade-off between precision and recall, as indicated
by a PPV of 0.618 (95% CI: 0.537-0.693) and an NPV of
0.758 (95% CI. 0.663-0.833). These metrics underscore the
model’s potential utility for longer-term prediction applica-
tions, despite the evolving performance characteristics.

F. Inference Time and Operational Feasibility

Inference time evaluation followed a standardized procedure
in which the best-performing fold (selected according to its
test AUC) was loaded together with its corresponding scaler,
and inference was repeatedly measured on randomly sampled
instances from the held-out test partition. For each model
and prediction horizon, 100 independent inference calls were
executed, ensuring that timing estimates reflected realistic
deployment conditions, including preprocessing overhead as-
sociated with feature scaling. Across all scenarios, inference
times remained well within operational limits for real-time
clinical triage. Logistic Regression consistently yielded the
lowest latency, followed by MLP and CatBoost, with all
models achieving mean inference times comfortably below
thresholds required for rapid decision-support or continuous
monitoring workflows. Despite architectural differences and
varying computational footprints, all models demonstrated
inference speeds compatible with near-real-time deployment
in resource-constrained clinical environments.

TABLE VII
INFERENCE TIME (MS) ACROSS MODELS AND HORIZONS

Model Horizon Inference Time (ms) Std (ms)
CatBoost 30 min 0.39481 0.2655
CatBoost 3h 0.5094 0.9006
MLP 6 h 0.2031 0.2157
Logistic Regression 12 h 0.0564 0.0364

V. DISCUSSION

This study evaluated temperature gradients as a biomarker
for early shock assessment and advances the field in four
main ways. First, it introduces a multi-horizon benchmark-
ing framework that evaluates ten machine learning models
across four forecasting intervals. Second, it develops horizon-
specific models through Bayesian hyperparameter optimization
to capture distinct temporal dynamics. Third, it implements
a rigorous SIPA-based evaluation protocol using stratified
group cross-validation and threshold optimization via the
Youden Index. Finally, it shows that performance varies across
horizons—no single architecture dominates—highlighting the
necessity of tailored models for each clinical timeframe.

Within this framework, boosting algorithms excel at short-
term forecasts, whereas MLPs and logistic regression per-
form better as the prediction window expands. This temporal
dependence supports the development of four independently
optimized models. The strongest performance occurred at the
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30-minute horizon (AUC = 0.8371; 95% CI: 0.7794-0.8818),
underscoring the value of high-resolution early prediction.

Each interval also requires careful tuning of hyperparame-
ters and thresholds, as small AUC variations can affect critical
clinical metrics. High specificity is essential to prevent alert
fatigue [22], while high sensitivity is vital to avoid missing
true shock events [23]]. Thus, model configuration must align
with the intended clinical objective, reinforcing the importance
of horizon-aware modeling.

Despite these promising results, our temperature gradient-
based assessment of cutaneous perfusion is subject to method-
ological constraints.The gradient approach may potentially
mitigate uniform thermal noise through its focus on spatial
differentials rather than absolute values, thereby offering ad-
vantages in handling systematic thermal variations. However,
this methodology remains susceptible to non-uniform environ-
mental artifacts that may compromise performance in hetero-
geneous thermal conditions. Factors such as uneven radiative
sources or spatial inconsistencies in camera sensitivity can
introduce systematic biases that are not fully addressed by
our current methodology [24]].

Regarding the study cohort, while recent evidence suggests
constitutive skin pigmentation (phototype) does not signifi-
cantly alter temperature measurements [25]], potential residual
effects in more diverse populations cannot be entirely ruled
out. Furthermore, the use of the Shock Index Pediatric Age-
Adjusted (SIPA) as an outcome, while age-appropriate, de-
pends on the availability and accuracy of ancillary clinical
data [26]. Although our analysis did not stratify by gen-
der—justified by the absence of clear evidence for sex-based
differences in thermal patterns [27]]—this could obscure subtle,
yet unidentified, variations.

VI. CONCLUSIONS

We used core-to-peripheral gradients to predict shock in
pediatric patients by using a range of ML models. Various
time horizons for prediction were evaluated, using one model
for each time horizon.

Our results suggest that CatBoost was the best performer
during the first two intervals—especially in the 30-minute
window, which achieved the highest precision and lowest
variability (AUC 0.8371 (95% CI: 0.7794 - 0.8818))—While
the MLP demonstrated the best performance at the 6-hour
horizon, Logistic Regression led at the 12-hour mark. Building
on these findings, a combined strategy—employing ensem-
ble techniques for immediate alerts, the MLP for medium-
term predictions, and linear models for longer-term fore-
casts—could reduce clinicians’ workload without sacrificing
accuracy.

Together, these outcomes demonstrate a strong performance
profile for the proposed approach. The model achieved higher
AUC values compared to previous linear modeling strate-
gies, indicating improved predictive capability across different
horizons. Although these results exceed those reported in
earlier studies, direct comparisons are limited by method-
ological differences, particularly in how relationships between
observations were addressed. Even with these differences, the
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findings indicate that, when applied within an appropriate
methodological framework, temperature gradients can provide
valuable information for clinical decision support systems and
strengthen predictive approaches in critical care.
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APPENDIX
HYPERPARAMETER OPTIMIZATION DETAILS

Tables detail the hyperparameter search spaces de-
fined for the models evaluated at each prediction horizon. A
consistent search space was maintained across the first two
horizons to ensure a controlled comparison of temporal gen-
eralizability. All optimizations were conducted via Bayesian
optimization using the Optuna framework. Complementary
software dependencies and their respective versions, essential
for reproducibility, are documented in Table

TABLE VIII
HYPERPARAMETER SEARCH RANGES FOR CATBOOST
CLASSIFIER
Hyperparameter Search Range
depth [3, 12]
learning_rate [0.001, 0.3]
12_leaf_reg [1, 20]
subsample [0.2, 1.0]
colsample_bylevel [0.2, 1.0]
iterations [500, 3000]
border_count [32, 255]
random_strength [0.0, 10.0]
bagging_temperature [0.0, 1.0]
grow_policy {SymmetricTree, Depthwise, Lossguide }
min_data_in_leaf [1, 20]
one_hot_max_size [2, 10]
leaf_estimation_iterations [1, 10]
scale_pos_weight [0.5, 3.0]

TABLE IX
HYPERPARAMETER SEARCH RANGES FOR THE
MULTILAYER PERCEPTRON (MLP)

Hyperparameter Search Range
activation {relu, tanh, logistic}
solver {adam, sgd}
learning_rate_init  [le-4, le-1] (log-uniform)
max_iter [200, 1000] (integer)

Parameters specific to Adam:

batch_size {16, 32, 64, auto}
beta_1 [0.8, 0.99]
beta_2 [0.9, 0.999]
epsilon [1e-9, le-6] (log-uniform)

Parameters specific to SGD:

momentum [0.0, 0.9]

learning_rate {constant, adaptive}
power_t [0.1, 0.9]
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[9]

[10]

TABLE X
HYPERPARAMETER SEARCH RANGES FOR LOGISTIC
REGRESSION
Hyperparameter Search Range
[0.001, 100]
penalty {11, 12, elasticnet}
11_ratio [0, 1] (only used if penalty = elasticnet)
max_iter [500, 100000]
class_weight {None, balanced}
tol [1e-5, le-1]

fit_intercept {True, False}

TABLE XI
LIBRARY VERSIONS USED IN THE EXPERIMENTS
Library Version
pandas 222
numpy 2.0.2
scikit-learn 1.6.1
matplotlib 3.10.0
xgboost 3.1.1
catboost 1.2.8
lightgbm 4.6.0
optuna 45.0
scipy 1.16.3
statsmodels 0.14.5
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