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Abstract

Background: PRISM-3 and PIM-3 are the paediatric severity scores widely
used to estimate mortality risk in the paediatric intensive care unit (PICU),
yet both were derived from high-income country populations and have never
been formally validated in Pakistani hospitals. Whether their predicted prob-
abilities remain clinically trustworthy in lower-middle-income country (LMIC)
settings is unknown. This study formally assessed PRISM-3 calibration in a Pak-
istani PICU, identified clinical predictors of in-hospital mortality, and developed
PICTOR (Pediatric Intensive Care Outcome Risk Predictor), a locally trained,
age-stratified ensemble framework providing continuously updated mortality
risk predictions at per-minute, 30-minute, and hourly horizons from routinely
collected monitoring data.
Methods: A retrospective cohort study of 1,586 patients (1,851 visits; 191
deaths) admitted to the PICU at Aga Khan University Hospital, Pakistan
(September 2018–September 2021). PRISM-3 calibration was assessed using the
Hosmer-Lemeshow goodness-of-fit test. Predictors of mortality were identified by
Mann-Whitney U test and univariate logistic regression. PICTOR was trained
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within five paediatric age groups using clinician-guided variable selection, cluster-
based oversampling within the training partition only, and ensemble stacking
of machine learning and deep learning models. All hyperparameter optimisation
was performed within the training set only.
Results: PRISM-3 was miscalibrated (Hosmer-Lemeshow HL=272.57, p <

0.001; confirmed in all five age groups individually), systematically underesti-
mating observed mortality. The strongest predictors of death were hypercapnia
(OR1.87, 95% CI: 1.64–2.14, p < 0.001) and overall physiological severity
(partial PRISM-3 score OR1.97, 95% CI: 1.69–2.29, p < 0.001). PICTOR out-
performed partial PRISM-3 on both primary metrics in every age group (F1:
0.367–0.580 vs. 0.238–0.360; AUPRC: 0.302–0.496 vs. 0.169–0.327), achieving
an AUCROC of 0.871 (95% CI: 0.870–0.872) and F1-score of 0.441 (95% CI:
0.439–0.442) for minute-by-minute prediction, improving to 0.649 at one hour.
Conclusions: PRISM-3 is miscalibrated in this Pakistani PICU cohort and
should not be used as a standalone mortality estimator without local recalibra-
tion. PICTOR, trained on local data and delivering multi-horizon continuous risk
prediction from routine monitoring, provides a clinically meaningful alternative
with direct implications for other LMIC settings where internationally derived
severity tools may systematically underestimate mortality risk.

Keywords: deep learning, ensemble learning, machine learning, mortality prediction,
paediatric intensive care, PICU

1 Background

Severity scoring systems are the cornerstone of risk stratification in the paediatric
intensive care unit (PICU). PIM-3 and PRISM-3, the two most widely used scores,
provide clinicians with an estimated probability of death based on physiological param-
eters collected in the first hour or 24 hours of admission, respectively [1]. These
estimates drive decisions about escalation of care, resource allocation, and family
communication across hundreds of PICUs worldwide. Yet both scoring systems were
developed and validated in high-income countries—primarily from North American,
European, and Australian cohorts—and have never been formally assessed for calibra-
tion in Pakistani hospitals [2, 3]. If these scores systematically mis-estimate mortality
risk in a lower-middle-income country (LMIC) setting, clinicians relying on them are
receiving misleading prognostic information for every high-risk patient they assess.

This matters beyond Pakistan. Approximately two-thirds of the world’s children
live in LMICs, where paediatric critical care infrastructure is growing rapidly but
evidence-based risk stratification tools calibrated to local populations are virtually
absent. The assumption that severity scores derived from high-income populations
transfer directly to LMIC settings has rarely been tested with formal calibration meth-
ods, and the consequences of miscalibration— systematic underestimation of risk—can
lead to delayed escalation, inadequate resource allocation, and missed opportunities
for preventive intervention [4, 5].
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A further limitation of PRISM-3 and PIM-3 is structural: both are static scores
computed once at admission, discarding all monitoring data collected thereafter [2, 3].
A child’s clinical trajectory can change dramatically over hours, yet the admission
score provides no mechanism for updating risk estimates as new physiological infor-
mation becomes available. Machine learning models trained on continuous vital-sign
and laboratory time series have consistently outperformed admission-based scoring in
PICU mortality prediction [6–8], and ensemble approaches combining multiple models
have shown particular promise [6, 9, 10].

This study makes three contributions. First, it provides the first formal calibration
assessment of PRISM-3 in a Pakistani PICU using the Hosmer-Lemeshow goodness-
of-fit test. Second, it identifies the clinical predictors of mortality in this population
through systematic statistical analysis. Third, it introduces PICTOR (Pediatric
Intensive Care Outcome Risk Predictor), a locally trained, age-stratified ensemble
framework that delivers continuously updated mortality risk estimates at per-minute,
30-minute, and hourly prediction horizons from routinely collected monitoring data—a
capability unavailable from any current clinical severity score.

1.1 Related work

Machine learning models have consistently outperformed conventional severity scores
for ICU mortality prediction, with ensemble and time-tracking approaches showing
the strongest results. Random Forest achieved an AUCROC of 0.81 on adult ICU
time-series data [11], and deep-learning models—including LSTM, GRU, and BiLSTM
architectures—have since reached AUROCs of 0.83–0.92 across a range of ICU popu-
lations [12–15]. Transformer-based models extended these gains to multimodal EHR
data, reaching up to 0.92 AUROC [16, 17]. Stacking ensembles that combine multiple
base models have consistently improved over any single model alone, with reported
AUROCs of 0.89–0.96 in stroke, haemorrhagic stroke, and heart failure mortality
tasks [10, 18–20]. In Pakistani paediatric populations, available work is limited to stan-
dard models on non-EHR data [21, 22]; no study has combined ensemble deep learning
with continuous PICU monitoring data from this setting, nor formally assessed the
calibration of international severity scores against local outcomes.

2 Methods

2.1 Data

Data were collected from pediatric patients treated at AKUH from September 2018 to
September 2021, comprising continuously recorded vital signs (one-minute resolution)
from bedside monitors and laboratory test results. The study was approved by the
AKUH Ethical Review Committee (2022-7200-20695). After merging and cleaning, the
final cohort comprised 1,586 unique patients (1,851 visits): 1,394 who survived and
191 who died. The median PICU length of stay was 2.0 days (IQR: 1.0–4.2). Cohort
characteristics by age group are presented in Table 1.

The bedside monitoring system initially recorded 131 vital-sign fields; PICU spe-
cialist physicians narrowed these to 54 clinically meaningful variables, producing a
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Fig. 1: PICTOR framework overview: from raw PICU monitoring data through data
cleaning, clinician-guided variable selection, cluster-based resampling, model training,
and ensemble stacking. All data-dependent steps were performed within the training
partition only.
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dataset of over 8.6 million readings. Laboratory data were similarly narrowed from
261 to 80 tests through expert review. Combining both sources yielded 134 candidate
variables. The overall framework is summarised in Figure 1.

Table 1: Baseline characteristics of the study cohort by age group. Continuous vari-
ables are presented as median (IQR). Sex was not recorded in structured form for a
subset of visits in G1 (47.6%) and G2 (43.0%) owing to missing data in the monitor-
ing dataset.

Characteristic G1 G2 G3 G4 G5 Overall

(0–12
mo)

(1–3 yr) (3–6 yr) (6–<12
yr)

(12–<18
yr)

(N=1,586)

n (visits) 544 372 262 339 334 1,851

Sex, n (%)

Male 188
(34.6%)

128
(34.4%)

220
(84.0%)

266
(78.5%)

264
(79.0%)

1,066
(57.6%)

Female 97 (17.8%) 84 (22.6%) 42 (16.0%) 73 (21.5%) 70 (21.0%) 366
(19.8%)

Not
recorded

259
(47.6%)

160
(43.0%)

0 0 0 419
(22.6%)

Age
(months),
median
(IQR)

5.0
(2.6–8.0)

20.7 (16.0–
26.6)

49.1 (40.9–
60.0)

108.0
(87.2–
125.4)

175.9
(156.1–
192.0)

36.0 (9.1–
119.4)

PICU LOS
(days),
median
(IQR)a

1.9
(1.0–4.0)

2.1
(1.0–4.4)

2.4
(1.4–4.2)

2.0
(0.9–4.6)

1.9
(1.0–4.0)

2.0
(1.0–4.2)

Outcome, n (%)

Survived 473
(86.9%)

338
(90.9%)

241
(92.0%)

312
(92.0%)

296
(88.6%)

1,660
(89.7%)

Died 71 (13.1%) 34 (9.1%) 21 (8.0%) 27 (8.0%) 38 (11.4%) 191
(10.3%)

aEstimated from monitoring timestamp range; may underestimate true PICU stay. LOS, length of
stay; IQR, interquartile range.

2.2 Proposed framework

Figure 1 summarises the complete pipeline. The dataset contained substantial missing
values, typically from monitoring gaps when patients were off the bedside monitor or
undergoing procedures. Missing values were filled per patient using forward and back-
ward imputation within clinically plausible ranges; backward imputation was applied
exclusively within each patient’s individual admission window to prevent information
leakage across admissions. Related readings from different devices were merged into
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eleven composite variables. Variables missing more than 15% of values were excluded;
remaining gaps were filled with age-group means.

Variable selection combined a physician-assigned clinical relevance score with a
predictive importance score derived from Random Forest feature importance, weighted
equally to produce a combined ranking. Clinical relevance scores were assigned inde-
pendently by a senior PICU physician (N.U.R.S.) with over a decade of paediatric
critical care experience, using a five-point scale (1= low clinical relevance, 5=high),
and scoring was performed blind to the predictive importance scores to prevent circu-
larity. The top 15 variables were selected, spanning vital signs (heart rate, respiratory
rate, SpO2, blood pressure), patient demographics (age, height, weight, sex), and labo-
ratory values (whole blood lactate, PaO2, temperature). Figure 2 shows the combined
importance scores for all 15 selected variables. The combined score was calculated as:

Combined Score = 0.5

(

Sstat

max(Sstat)
× 100

)

+ 0.5

(

Sclin

max(Sclin)
× 100

)

, (1)

where Sstat is the predictive importance score and Sclin is the clinical relevance score.
Data were partitioned using four-fold cross-validation at the visit level: three folds

were used for training and one held-out fold for testing. All data-dependent steps—
feature selection, oversampling, and hyperparameter optimisation—were performed
within the training partition only. The held-out test fold was not accessed until final
model evaluation. The cohort comprised 1,586 unique patients across 1,851 visits;
for the 265 patients with more than one visit (14.3% of patients), visits could be
distributed across training and test partitions, which is acknowledged as a limitation
(Section 4.1).

2.2.1 Age-group formation

Because pediatric physiology and risk profile change substantially from birth to age
18, the cohort was divided into five age groups predefined on the basis of established
paediatric developmental staging [23]: G1 neonates and infants (0–12 months); G2

toddlers (1–3 years); G3 preschool-age children (3–6 years); G4 middle childhood
(6 to under 12 years); and G5 adolescents (12 to under 18 years). Principal compo-
nent analysis confirmed that the five groups formed physiologically distinct clusters
(Figure 3), validating the predefined grouping strategy rather than deriving it.

2.2.2 Correcting for class imbalance

With only 12.1% mortality, standard models risk predicting survival for all patients.
We generated synthetic minority-class examples using cluster-based SMOTE, applied
exclusively within the training partition. Expired-patient records were first clustered
by age group to account for their heterogeneous clinical presentations, and synthetic
samples were generated separately within each cluster (target ratio 0.3), preventing
unrealistic interpolations between dissimilar cases. The held-out test set contained
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Fig. 2: Hybrid feature selection scores for the top 15 predictors of PICU mortality.
The combined score is the equally weighted average of a normalised Random Forest
predictive importance score (Sstat) and a normalised clinical relevance score (Sclin)
assigned blind by a senior PICU physician (N.U.R.S.) on a 1–5 scale. Heart rate was the
highest-ranked predictor (score 100.0), followed by height (65.4), whole blood lactate
(64.2), and respiratory rate (63.0). These scores illustrate feature selection importance
(which variables entered the model) rather than post-hoc attribution from the trained
model.

only real patient records and was not accessed until final model evaluation, ensuring
synthetic samples did not influence performance estimates. Algorithm 1 summarises
the procedure.
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(a) G1: DBSCAN, Silhouette = 0.284 (b) G2: OPTICS, Silhouette = 0.249

(c) G3: DBSCAN, Silhouette = 0.387 (d) G4: DBSCAN, Silhouette = 0.383

(e) G5: OPTICS, Silhouette = 0.225

Fig. 3: PCA visualisations of the five clinically predefined paediatric age groups.
Cluster separation, quantified by the Silhouette Score, confirms the physiological dis-
tinctness of each group, validating the predefined grouping strategy. The optimal
clustering algorithm per group is noted.
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Algorithm 1 Cluster-Based SMOTE Oversampling

Input: Training dataset D, target minority ratio r = 0.3
Output: Balanced dataset Dfinal

Phase 1 — Cluster minority samples

Apply K-means, DBSCAN, OPTICS to Dminority; select C∗ =
argmax(Silhouette Score)

Phase 2 — Generate synthetic samples

Partition Dmajority into k subsets P1, . . . , Pk

for each Ci ∈ C∗: form Di = Pi ∪Ci; apply SMOTE(Di, r = 0.3); remove duplicates

Phase 3 — Merge

Dfinal =
⋃

k

i=1 D
clean
i

2.2.3 Model development and ensemble stacking

Three standard prediction models were evaluated after systematic hyperparameter
optimisation using GridSearchCV: Random Forest (RF), XGBoost (XGB), and Gra-
dient Boosting (GB), with Logistic Regression (LR) as a linear baseline [24]. Three
time-tracking (recurrent) architectures were evaluated with hyperparameters tuned
using Keras Tuner: a multi-layer LSTM, a Bidirectional LSTM (BiLSTM), and a
GRU. A simple single-layer LSTM was also included for comparison. All hyperparam-
eter optimisation was performed using cross-validation within the training set only;
the held-out test set was not accessed at any stage of model development or tuning.
All models were trained separately within each of the five age groups.

Following individual model evaluation, ensemble stacking combined the best-
performing standard and time-tracking models for each age group. Configurations of
two, three, and four base models were tested in three modes (standard-only, time-
tracking-only, and mixed), with all combinations evaluated exhaustively across 30
configurations.

2.3 PRISM-3 benchmark

A partial PRISM-3 score was computed retrospectively for each age group using 11 of
the 17 standard component variables available: systolic and diastolic blood pressure,
heart rate, temperature, PCO2, PaO2, bicarbonate, glucose, potassium, creatinine,
BUN, and platelet count. Four variables were unavailable (GCS, pupillary response,
WBC, PT/PTT) and treated as normal. The PRISM-3 logistic equation [25] was
applied (logit p = −6.207 + 0.197 × score) with the classification threshold optimised
for F1-score per age group.

2.4 Statistical analysis

Continuous variables are reported as median (IQR) and compared between survivors
and non-survivors using the Mann-Whitney U test; p < 0.05 was considered significant.
Univariate logistic regression estimated odds ratios (OR) with 95% confidence intervals
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per one standard deviation increase in each variable. PRISM-3 calibration was assessed
using the Hosmer-Lemeshow goodness-of-fit test with patients divided into deciles of
predicted mortality probability; p < 0.05 indicates poor calibration, meaning predicted
probabilities do not accurately reflect observed mortality rates in this cohort.

Ninety-five per cent confidence intervals for reported model performance metrics
(F1-score and AUCROC) were computed using the normal approximation method:
CI = z ×

√

p(1− p)/n, where z = 1.96 and n is the effective sample size. Because
PICTOR generates predictions at one-minute resolution, each cross-validation test
fold comprised between 603,105 and 823,007 individual time-point observations (mean
686,709). The mean fold size was used as n, yielding the narrow intervals reported
(for example, AUCROC 0.871, 95% CI: 0.870–0.872). These intervals reflect statistical
stability at the time-series observation level; they do not account for within-patient
clustering of observations and therefore underestimate uncertainty at the patient level.
This is noted as a limitation in Section 4.1.

All analyses were performed in Python 3 (SciPy; statsmodels). This study adheres
to the TRIPOD+AI reporting guidelines for predictive model development and
validation [26].

3 Results

3.1 Clinical characteristics by outcome

Of 1,586 patients (1,851 visits), 191 (12.1%) died. Table 2 presents clinical charac-
teristics stratified by outcome. Fourteen of 18 variables differed significantly between
survivors and non-survivors (p < 0.05, Mann-Whitney U test), illustrated in Figure 4.
Non-survivors showed persistent haemodynamic instability (minimum systolic BP 73.0
vs. 82.0 mmHg; minimum heart rate 97.0 vs. 85.0 bpm, both p < 0.001), respira-
tory failure (peak PCO2 45.8 vs. 38.0 mmHg; nadir PaO2 56.4 vs. 67.1 mmHg, both
p ≤ 0.004), hypothermia (minimum temperature 32.9 vs. 34.1°C, p < 0.001), stress
hyperglycaemia (peak glucose 188.0 vs. 137.3 mg/dL, p < 0.001), renal impairment
(creatinine and BUN both p < 0.001), and severe thrombocytopenia (platelet nadir
102.0 vs. 215.3 ×103/µL, p < 0.001). The partial PRISM-3 score was significantly
higher in non-survivors (median 17 vs. 13, p < 0.001), confirming its directional
validity despite the calibration limitations discussed in Section 3.5.

Univariate logistic regression identified 12 variables significantly associated with in-
hospital mortality (Table 3; Figure 5). The strongest predictors of increased mortality
risk were the partial PRISM-3 score (OR 1.97 per SD, 95% CI: 1.69–2.29, p < 0.001)
and peak PCO2 (OR 1.87, 95% CI: 1.64–2.14, p < 0.001). Stress hyperglycaemia
(peak glucose OR 1.57, p < 0.001), renal impairment (BUN OR 1.26, creatinine OR
1.12, both p < 0.05), and thrombocytopenia (platelet count OR 0.56, p < 0.001, the
strongest inverse predictor) also contributed independently. Temperature and PaO2

were significantly different between groups in univariate comparison but were not
independently predictive in logistic regression (p = 0.715 and p = 0.272, respectively),
suggesting they function as markers of overall severity rather than independent drivers
of death.
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Table 2: Clinical characteristics by outcome. Values represent the most abnormal
measurement recorded in the first 12 hours of admission. Bold: p < 0.05, Mann-
Whitney U test.

Variable Survived
(n=1,660)

Died (n=191) p-value

Haemodynamic parameters

Systolic BP — lowest (mmHg) 82.0 (67.0–94.0) 73.0 (57.0–88.5) <0.001

Systolic BP — highest
(mmHg)

124.0 (112.0–140.0) 122.0 (107.0–142.0) 0.304

Diastolic BP — highest
(mmHg)

91.0 (80.0–104.0) 87.0 (70.5–103.5) 0.009

Heart rate — lowest (bpm) 85.0 (68.0–103.5) 97.0 (70.0–116.0) <0.001

Heart rate — highest (bpm) 165.0 (144.0–184.0) 168.0 (148.5–184.0) 0.523

Temperature

Temperature — lowest (°C) 34.1 (32.3–35.1) 32.9 (32.0–34.5) <0.001

Temperature — highest (°C) 36.0 (34.8–37.0) 35.7 (33.8–36.8) 0.027

Respiratory and blood gas

PCO2 — highest (mmHg) 38.0 (31.5–47.3) 45.8 (34.8–59.7) <0.001

PaO2 — lowest (mmHg) 67.1 (46.8–102.9) 56.4 (40.6–93.8) 0.004

Bicarbonate — lowest
(mEq/L)

21.3 (16.9–24.6) 20.6 (15.7–24.9) 0.641

Bicarbonate — highest
(mEq/L)

22.0 (18.9–25.7) 23.0 (19.1–26.1) 0.013

Metabolic and laboratory

Glucose — lowest (mg/dL) 100.0 (83.0–120.0) 108.0 (71.5–151.5) 0.008

Glucose — highest (mg/dL) 137.3 (117.0–180.2) 188.0
(137.3–282.5)

<0.001

Potassium — highest
(mEq/L)

3.6 (3.1–3.9) 3.4 (3.1–4.0) 0.844

Creatinine — highest (mg/dL) 0.5 (0.3–0.6) 0.5 (0.4–0.8) <0.001

Blood urea nitrogen —
highest (mg/dL)

17.0 (9.0–20.4) 18.0 (11.5–21.0) <0.001

Platelet count — lowest
(×103/µL)

215.3 (70.0–251.8) 102.0 (36.5–220.1) <0.001

Clinical severity

PRISM-3 score (partial)a 13.0 (9.0–18.0) 17.0 (13.0–24.0) <0.001

aComputed on 11 of 17 standard variables; see Section 2.3. Bold = p < 0.05. BP, blood pressure;
bpm, beats per minute.

3.2 Age-group stratification

Table 4 shows that models trained on the undivided cohort performed consistently
worse than those trained separately within each age group and averaged, confirming
that mortality risk profiles differ meaningfully by age. Note: overall accuracy is not
reported as a primary metric because it is inflated by class imbalance—with 87.9%
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Table 3: Univariate logistic regression: association of clinical variables with in-hospital
mortality. OR per one standard deviation (SD) increase; ordered by p-value. Bold:
p < 0.05.

Variable OR (95% CI) p-value Direction

Significant predictors (p < 0.05)

PRISM-3 score
(partial)

1.97 (1.69–2.29) <0.001 Increased risk

PCO2 — highest
(mmHg)

1.87 (1.64–2.14) <0.001 Increased risk

Glucose — highest
(mg/dL)

1.57 (1.39–1.76) <0.001 Increased risk

Platelet count —
lowest

0.56 (0.46–0.67) <0.001 Decreased risk

Glucose — lowest
(mg/dL)

1.33 (1.18–1.50) <0.001 Increased risk

Blood urea nitrogen
— highest (mg/dL)

1.26 (1.13–1.41) <0.001 Increased risk

Systolic BP — lowest
(mmHg)

0.73 (0.63–0.85) <0.001 Decreased risk

Bicarbonate —
highest (mEq/L)

1.29 (1.10–1.51) 0.002 Increased risk

Diastolic BP —
highest (mmHg)

0.81 (0.69–0.95) 0.009 Decreased risk

Potassium — highest
(mEq/L)

1.20 (1.03–1.39) 0.019 Increased risk

Heart rate — lowest
(bpm)

1.20 (1.03–1.39) 0.019 Increased risk

Creatinine — highest
(mg/dL)

1.12 (1.01–1.25) 0.040 Increased risk

Non-significant (p ≥ 0.05)

PaO2 — lowest
(mmHg)

0.91 (0.78–1.07) 0.272 —

Heart rate — highest
(bpm)

1.05 (0.90–1.22) 0.517 —

Bicarbonate —
lowest (mEq/L)

1.04 (0.89–1.21) 0.612 —

Systolic BP —
highest (mmHg)

0.97 (0.83–1.12) 0.661 —

Temperature —
highest (°C)

1.03 (0.88–1.20) 0.715 —

Temperature —
lowest (°C)

0.98 (0.85–1.13) 0.789 —

OR per 1 SD increase; CI, confidence interval; BP, blood pressure.
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Fig. 4: Distribution of significantly different clinical variables between survivors (blue)
and non-survivors (red), full cohort (p < 0.05, Mann-Whitney U test). Outliers shown
as individual points.

of visits resulting in survival, a model that correctly classifies all surviving patients
will achieve accuracy close to 1.000 regardless of its ability to identify deaths. F1-
score and AUPRC are the primary evaluation metrics throughout; AUC is retained
for completeness.

3.3 Variable selection and oversampling

The clinician-guided 15-variable set outperformed the full 36-variable set on F1-score
(0.727 vs. 0.375), precision (+0.394), and AUPRC (0.806 vs. 0.222) for a representa-
tive stacker model (Table 5, panel a). Among three oversampling methods, SMOTE
outperformed ADASYN by 6% on F1-score (Table 5, panel b). Adding the cluster-
based refinement improved F1-score by a further 30% in G3 (Table 5, panel c), and
this approach was adopted for all subsequent experiments.
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Table 4: Standard prediction models with and without age-group stratification
(expired class). Age-stratified models consistently outperform those trained on the
undivided cohort.

Model Precision Recall F1 AUC

RF (without age groups) 0.004 0.535 0.008 0.858

RF (age-stratified avg.) 0.671 0.390 0.465 0.813

GB (without age groups) 0.002 0.549 0.003 0.910

GB (age-stratified avg.) 0.218 0.381 0.197 0.719

LR (without age groups) 0.000 0.000 0.000 0.500

LR (age-stratified avg.) 0.211 0.054 0.051 0.675

XGB (without age groups) 0.017 0.465 0.033 0.908

XGB (age-stratified avg.) 0.778 0.306 0.420 0.892

Table 5: Optimisation results: (a) clinician-guided vs. all-variable feature set; (b)
oversampling methods; (c) cluster-based vs. standard SMOTE (age group G3). All
results for the expired class. All oversampling applied within the training partition
only.

(a) Feature Selection Impact

Feature
Set

Model F1 Precision Recall AUC AUPRC

All 36
features

RF XGB f RF 0.375 0.273 0.600 0.810 0.222

15 selected
features

RF XGB f RF 0.727 0.667 0.800 0.856 0.806

Improvement +0.352 +0.394 +0.200 0.046 +0.584

(b) Oversampling Methods

Method F1 Precision Recall AUC AUPRC

SMOTE 0.429 0.521 0.483 0.917 0.381

ADASYN 0.403 0.477 0.483 0.913 0.388

BoltGAN 0.242 0.510 0.442 0.914 0.159

(c) SMOTE Variants (G3)

SMOTE
Type

Model F1 Precision Recall AUC

Cluster-
based

XGB 0.272 0.279 0.633 0.879

Standard XGB 0.208 0.289 0.433 0.889

Difference +0.064 −0.010 +0.200 −0.010
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Fig. 5: Forest plot of significant univariate predictors of in-hospital mortality (full
cohort, p < 0.05). OR per one SD increase with 95% CI. Red: increased risk; blue:
decreased risk.

3.4 Model performance

Table 6 presents the best results for each age group across all model families. Among
standard models, RF was the top performer in G1, G4, and G5 (F1: 0.192–0.519),
and XGB performed best in G2 and G3 (F1: 0.272–0.345). Among time-tracking mod-
els, LSTM complex 1 led in G1, BiLSTM in G2, LSTM 3 LSTM in G3, GRU in G4,
and LSTM complex 2 in G5 (F1: 0.095–0.531). Ensemble stacking consistently out-
performed individual models in every age group; the best combined configuration per
group is shown in the bottom panel of Table 6, achieving an average F1-score of
0.441 and AUCROC of 0.871 across all age groups. Given the pronounced class imbal-
ance, AUC-ROC should be interpreted with caution and F1-score and AUPRC are
the primary metrics.

3.5 Comparison with PRISM-3

Table 7 and Figure 6 summarise the comparison. PICTOR outperformed partial
PRISM-3 on both F1-score and AUPRC in every age group. Gains were largest in older
children: F1 improvements of 50%, 85%, and 88% in G3, G4, and G5, respectively. In
G1 the margin was narrow (F1: 0.367 vs. 0.360), consistent with PRISM-3’s stronger
historical calibration in neonates and infants. PRISM-3 achieved modestly higher recall
in most groups (0.238–0.535 vs. 0.233–0.508) but at the cost of substantially lower
precision (0.210–0.271 vs. 0.389–1.000), producing more false-positive alerts per true
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Table 6: Best model results by age group: standard models (expired vs. alive classes),
time-tracking models (expired class), and best combined ensemble (expired class). F1
and AUPRC are primary metrics. AUC values close to 1.000 reflect class imbalance
(12.1% mortality) and should be interpreted with caution.

Standard Models — Best Result by Age Group (Expired Class)

Group Model F1 AUC AUPRC

G1 RF 0.192 0.867 0.129

G2 XGB 0.345 0.876 0.278

G3 XGB 0.272 0.879 0.314

G4 RF 0.434 0.804 0.353

G5 RF 0.519 0.736 0.429

Average 0.352 0.832 0.301

Time-Tracking Models — Best Result by Age Group (Expired Class)

Group Model F1 AUC AUPRCa

G1 LSTM complex 1 0.181 0.910 0.101

G2 BiLSTM 0.095 0.805 0.035

G3 LSTM 3 LSTM 0.349 0.878 0.250

G4 GRU 0.310 0.940 0.225

G5 LSTM complex 2 0.531 0.910 0.395

Average 0.293 0.889 0.201

aAUPRC for G1 (0.101) and G2 (0.035) are near the random-classifier baseline for those groups
(0.131 and 0.091 respectively). Individual DL models were superseded by the ML–DL ensemble in
these age groups (Table 6, bottom panel).

Best Combined Ensemble by Age Group (Expired Class)

Group Model F1 AUC AUPRC

G1 XGB GB f GB 0.367 0.909 0.331

G2 GRU 4 0.359 0.821 0.302

G3 BiLSTM 4 0.356 0.886 0.328

G4 RF XGB LR f R 0.541 0.860 0.425

G5 BiLSTM 3 0.580 0.879 0.496

Average 0.441 0.871 0.376

high-risk patient identified. Hosmer-Lemeshow calibration testing showed severe mis-
calibration of PRISM-3 across all five age groups (HL = 272.57, p < 0.001 for the
full cohort; p < 0.05 in all individual groups). To address the known sensitivity of
the Hosmer-Lemeshow test to bin choice, we additionally applied Spiegelhalter’s Z-
test, which directly quantifies the direction of miscalibration. The Z-statistic was 3.58
(p < 0.001), confirming that PRISM-3 systematically underestimates mortality risk
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in this cohort. The overall observed-to-expected (O/E) ratio was 1.17 (191 observed
deaths vs. 163.5 expected). Miscalibration was most severe in older children: O/E
ratios were 2.10 in G4 and 4.38 in G5, meaning PRISM-3 underestimated mortality
by a factor of two to four in school-age children and adolescents.

Table 7: PICTOR vs. partial PRISM-3 across five age groups. PRISM-3 computed on
11 of 17 standard variables; threshold optimised for F1. F1 and AUPRC are primary
metrics. Bold: better-performing model.

Age
Group

Model F1 Precision Recall AUPRC Died Total

G1 (0–12 mo)
PICTOR 0.367 0.389 0.508 0.331

71 544
PRISM-
3

0.360 0.271 0.535 0.300

G2 (1–3 yr)
PICTOR 0.359 1.000 0.233 0.302

34 372
PRISM-
3

0.333 0.243 0.529 0.260

G3 (3–6 yr)
PICTOR 0.356 0.751 0.333 0.328

21 262
PRISM-
3

0.238 0.238 0.238 0.169

G4 (6–<12 yr)
PICTOR 0.541 0.784 0.506 0.425

27 339
PRISM-
3

0.292 0.210 0.481 0.308

G5 (12–<18 yr)
PICTOR 0.580 1.000 0.417 0.496

38 334
PRISM-
3

0.308 0.217 0.526 0.327

PRISM-3 unavailable variables: GCS, pupillary response, WBC, PT/PTT, FiO2. PICTOR results
from Table 6 (best ensemble per group).

4 Discussion

The central finding of this study is that PRISM-3 is severely miscalibrated in a Pak-
istani tertiary PICU. A Hosmer-Lemeshow statistic of 272.57 (p < 0.001) and a
Spiegelhalter Z of 3.58 (p < 0.001) both confirm severe PRISM-3 miscalibration across
all five age groups. Critically, the Spiegelhalter test identifies the direction: PRISM-3
systematically underestimates mortality, with an overall O/E ratio of 1.17 and ratios
reaching 2.10 and 4.38 in G4 and G5 respectively. This means a child assessed as low-
risk by PRISM-3 in an older age group may in fact be at substantially elevated risk—a
clinically dangerous failure mode. HL values above 20 are generally regarded as strong
evidence of poor fit; HL = 272 represents a profound calibration failure. The most
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Fig. 6: Performance comparison of PICTOR and partial PRISM-3 across five pae-
diatric age groups on F1-score, precision, recall, and AUPRC. PICTOR (blue)
outperforms PRISM-3 (red) on both primary metrics (F1 and AUPRC) in all age
groups.

likely explanation is that the PRISM-3 logistic equation—derived from North Ameri-
can PICU data in the 1990s [25]—encodes population-specific baseline mortality rates
and case-mix patterns that do not transfer to a contemporary Pakistani tertiary care
setting. These findings warrant similar calibration assessments in other LMIC PICUs
where PRISM-3 is routinely applied.

The clinical characterisation of the cohort confirms that children who died pre-
sented with evidence of multiorgan compromise from the first hours of admission. The
strongest univariate predictors were hypercapnia (OR 1.87, p < 0.001) and an elevated
partial PRISM-3 score (OR 1.97, p < 0.001), underscoring that overall physiological
severity and respiratory failure are the dominant pathways to death in this popula-
tion. Thrombocytopenia was the strongest inverse predictor (platelet count OR 0.56,
p < 0.001), likely reflecting sepsis-related consumption or disseminated intravascu-
lar coagulation. Notably, temperature and PaO2—both significantly different between
groups in simple comparison—were not independently predictive in logistic regression,
suggesting they function as markers of overall severity rather than independent drivers
of death [27].

PICTOR outperformed partial PRISM-3 on both primary metrics (F1 and
AUPRC) in every age group, with the largest gains in children aged three years and
older (F1 improvements of 50%, 85%, and 88% in G3, G4, and G5, respectively). Unlike
PRISM-3, PICTOR was trained directly on local AKUH data, allowing it to learn
the population-specific mortality patterns that PRISM-3’s globally derived equation
cannot capture. The comparison is conservative: four standard PRISM-3 variables
were unavailable and treated as normal, likely underestimating what a fully computed
PRISM-3 would achieve.

PICTOR’s three design choices each contributed independently measurable, quan-
tified performance gains. Age-group stratification raised the best model F1 by 45%
and the average F1 across all standard models by 8% [10, 28]. The clinician-guided 15-
variable set—selected using a blind scoring procedure that prevented circular reliance
on the statistical ranking—improved F1 by almost 90% compared with the full variable
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pool [29]. Cluster-based SMOTE oversampling, applied exclusively within the train-
ing partition, improved F1 by a further 30% over standard SMOTE [30]. Ensemble
stacking delivered a 25% F1 improvement over standard models used alone [31].

Figure 2 provides clinician-interpretable feature importance through the hybrid
selection scores. Heart rate ranked highest (combined score 100.0), followed by height
(65.4), whole blood lactate (64.2), and respiratory rate (63.0)—a pattern clinically
coherent with paediatric critical illness, where tachycardia and poor tissue perfusion
are early warning signals. Although these scores reflect selection importance rather
than post-hoc attribution, the dominance of physiological stability markers over demo-
graphic variables is consistent with findings from SHAP analyses in comparable PICU
prediction studies [32]. Post-hoc SHAP analysis with preserved model objects remains
a priority for future work.

A distinctive feature of PICTOR not present in any existing paediatric severity
score is its multi-horizon prediction capability. Generating continuously updated mor-
tality risk estimates at per-minute (F1 0.441), 30-minute (F1 0.591), and hourly (F1
0.649) windows from routinely collected vital signs and laboratory values allows clini-
cal teams to track deterioration as it unfolds rather than relying on a single admission
snapshot—particularly relevant in resource-constrained PICUs where the capacity for
frequent manual reassessment is limited.

4.1 Strengths and limitations

Key strengths include minute-by-minute vital-sign data from a real tertiary PICU over
three years, with each design choice contributing a verifiable performance gain. The
blind clinician scoring procedure ensured the 15-variable set reflects genuine clinical
judgment rather than redundant confirmation of the statistical ranking. The PRISM-
3 comparison is supported by formal calibration testing, providing a quantitative
rationale for locally trained models beyond simple metric comparison.

Limitations include the retrospective, single-centre design, which restricts gener-
alisability; conclusions about performance in other LMIC PICUs await multicentre
external validation. Data partitioning was performed at the visit level rather than
the patient level. Of 1,586 unique patients, 265 (16.7%) had more than one PICU
visit; for these patients, different visits could appear in both training and test parti-
tions, violating strict patient-level independence and potentially introducing a modest
degree of information leakage. The effect is bounded by the proportion of multi-visit
patients and is unlikely to explain the magnitude of observed performance gains, but
reported metrics should be interpreted with this caveat in mind. Reported confidence
intervals for performance metrics were computed at the time-point observation level
and do not account for within-patient clustering; they may therefore underestimate
true uncertainty at the patient level. Patient-level re-partitioning and external vali-
dation remain necessary before clinical deployment. Class imbalance makes F1 and
AUPRC the appropriate primary metrics; AUC-ROC values should be interpreted
cautiously. The partial PRISM-3 implementation and missing FiO2 data may under-
estimate PRISM-3’s true performance. Decision-curve analysis was not performed, so
the net clinical benefit of deployment remains to be established.
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5 Conclusions

This study provides the first formal evidence that PRISM-3 is severely miscalibrated
in a Pakistani PICU (HL=272.57, p < 0.001), systematically underestimating mortal-
ity risk across all five paediatric age groups. Clinicians relying on PRISM-3 probability
estimates in this setting are receiving systematically misleading prognostic informa-
tion. This finding warrants similar calibration assessment in other LMIC PICU settings
before continued use.

PICTOR, trained on local AKUH data and designed for age-stratified, continuous-
monitoring-based prediction, outperformed partial PRISM-3 on both primary metrics
in every age group, achieving an AUCROC of 0.871 and an F1-score of 0.441 for
minute-by-minute mortality prediction—improving to 0.649 at one hour. Its multi-
horizon prediction capability, blind clinician-guided feature selection, and cluster-
based resampling applied within the training partition each contributed independently
verified performance gains.

External validation across independent LMIC PICU datasets and prospective
evaluation within clinical workflows are the necessary next steps before deployment.
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