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ABSTRACT

PURPOSE The Pediatric Relapse Prediction and Risk Evaluation for Acute Lymphoblastic 
Leukemia (PREPARE-ALL) tool aims to predict relapse in pediatric ALL by 
integrating clinical expertise with artificial intelligence and machine learning 
(ML), particularly Extreme Gradient Boosting (XGBoost). PREPARE-ALL 
demonstrates that multicenter, protocol-driven clinical and laboratory data can 
be used through ML to generate reproducible relapse predictions with greater 
sensitivity than individual clinician assessments.

METHODS PREPARE-ALL was developed using data from the ICiCLe ALL-14 pretrial cohort 
across five centers, incorporating 33 clinical and laboratory features.

RESULTS Among 2,252 patients enrolled in the study, 565 (25.1%) relapsed. Using an 80: 
20 train-test split, XGBoost achieved a sensitivity of 68.5% (245/447 relapses 
detected). Additional metrics included a positive predictive value of 31.3%, a 
negative predictive value of 82.8%, an accuracy of 54.8%, and a specificity of 
50.3%. Key predictors of relapse included high hyperdiploidy and BCR-ABL1 
fusion positive, positive measurable residual disease status at the end of in-
duction, sex, age, highest presenting WBC, and final risk group. Three clinicians 
scored the validation data set; the developed model achieved a higher recall 
(68.5%) compared with clinical judgment (approximately 31%-36%).

CONCLUSION PREPARE-ALL identifies twice as many relapses as clinicians and serves as a 
practical decision-support tool for early relapse triage and treatment plan-
ning, enabling timely therapeutic adjustments and improved outcomes in 
pediatric ALL.

INTRODUCTION

ALL is the most common childhood cancer globally as well 
as in India. 1 Although early detection and prompt initiation 
of treatment can significantly increase the chances of cure 
and survival to 90%, ALL remains one of the leading 
causes of childhood mortality. Studies show that ap-
proximately 20%-25% of children with ALL experience 
relapse, emphasizing the need for better predictive 
tools and management strategies. 2 Cure rates after relapse 
are significantly lower, making it critically important to 
stratify patients for appropriate chemotherapeutic treat-
ments and enable early recognition of outcomes to mitigate 
poor survival.

Machine learning (ML) has emerged as a powerful tool in 
health care, particularly in oncology, for identifying patterns 
that are not discernible through traditional statistical

methods. 3,4 ML classifiers can analyze complex data sets, 
decipher patterns, and derive predictions on the basis of 
patient characteristics and disease presentation. Algorithms 
such as gradient boosting, support vector machines (SVM), 
random forest, k-nearest neighbor (KNN) on the basis of the 
vote of nearest neighbors, decision trees, and neural net-
works have previously been used for treatment response 
prediction. 5-7

Although measurable residual disease (MRD) remains the 
strongest prognostic marker for relapse, it fails to capture a 
subset of biologically aggressive cases, underscoring the 
need for additional tools to refine risk stratification.

ML models have demonstrated significant potential in 
predicting outcomes and improving risk stratification in 
various cancers, including breast, lung, and pancreatic 
cancers, achieving notable accuracy improvements. 8-10 With
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available gene expression data and digitized phenotypic 
data, ML has been successfully applied to predict outcomes 
in different types of cancers, including leukemia. 11

In this study, we evaluated ML classification models to 
predict relapse in pediatric ALL using data from the Indian 
Collaborative Childhood Leukemia group (ICiCLe) ALL-2014 
pretrial cohort.

METHODS

Ethical Committee Approval

The study was approved by the Ethics Committee of Cancer 
Institute (WIA), Chennai (CIWIA-IEC/2022/July 03). Written 
informed consent was obtained from each patient before 
study entry, in accordance with the Declaration of Helsinki. 
The ICiCLe ALL-2014 pretrial cohort was registered with the 
Clinical Trials Registry of India (registration number: CTRI/ 
2015/12/006434).

Population and Outcome

Clinical data were retrieved for a cohort of 2,331 patients 
newly diagnosed with pediatric ALL enrolled in the ICiCLe 
ALL-2014 pretrial cohort between 2014 and 2017 at the 
Cancer Institute (WIA) in Chennai, Tata Medical Center in 
Kolkata, Tata Memorial Hospital in Mumbai, and All India 
Institute of Medical Sciences in New Delhi. The ICiCLe ALL-
2014 pretrial cohort patients were treated according to a 
nonrandomized, risk-stratified protocol. 12 Patients with 
B-precursor ALL were risk-stratified as standard-risk (SR), 
intermediate-risk (IR), and high-risk (HR) on the basis of 
age, baseline WBC count, response to prednisolone pro-
phase, cytogenetics, and MRD status at the end of induction 
(EOI). Patients with T-cell ALL were treated as HR. 13

Comprehensive baseline data were used to develop and 
validate the ML model for relapse prediction. Patients were 
retrospectively analyzed and categorized on the basis of their 
treatment response and relapse status, focusing on identi-
fying key predictive features associated with relapse.

ML Strategy

The strategy was based on building a reliable and inter-
pretable classification framework by combining clinical 
insights with supervised ML learning techniques. The overall 
methodology was organized into the following core stages: 
preparing the data to reduce noise and bias, evaluating a 
diverse set of algorithms suited for structured clinical data, 
identifying the most informative features associated with 
relapse, and validating the model performance through 
repeated sampling. This structured framework ensured the 
model maintained a balance between statistical robustness 
and clinical relevance. The implementation pipeline, high-
lighting the ML development steps and the complete 
workflow from data input to mobile application deployment, 
is illustrated (Data Supplement, Fig S1).

Data Preprocessing

Relapse in the study was defined as any recurrence of disease 
after achieving morphological remission at the EOI and 
occurring during or after consolidation therapy. Induction 
failures and deaths during induction were not considered for 
relapse analysis, as these patients were never at risk of 
postremission relapse. Similarly, remission status at the EOI 
was excluded from the feature set to prevent label leakage, 
although it was retained in outcome definitions. Patients 
who did not achieve remission at EOI (n 5 79) were classified 
as refractory and excluded, since induction failure reflects 
treatment refractoriness instead of relapse biology and

CONTEXT

Key Objective
Can machine learning–based clinical decision tools improve early relapse prediction in children with ALL beyond con-
ventional risk stratification and individual clinician judgment?

Knowledge Generated
Using data from 2,252 patients with pediatric ALL treated under a uniform ICiCLe protocol, the PREPARE-ALL XGBoost 
model identified 68.5% of relapse cases, nearly twice the recall of clinicians (approximately 31%-36%) using the same 
baseline variables.

Relevance (D.S. Bitterman)
A scalable, interpretable relapse prediction model for pediatric ALL may improve prognostication and, thereby, enhance 
clinical decision making.*

*Relevance section written by JCO Clinical Cancer Informatics Associate Editor Danielle S. Bitterman, MD.
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retaining them would distort relapse-specific modeling, 
resulting in a final evaluable cohort of 2,252 patients. They 
were not modeled as separate events because refractory 
disease represents primary treatment resistance rather than 
postremission recurrence, and combining these distinct 
clinical trajectories would confound prediction targets.

The data set demonstrated minimal missingness (1.16% of 
all values across given variables). No variable exceeded the 
predefined 20% threshold for missing data, and no feature 
showed zero variance; hence, all were retained. Missing 
values were handled using median imputation for contin-
uous features and mode imputation for categorical features. 
The final data set was randomly split into training (80%) and 
test (20%) subsets, and a stratified 5-fold cross-validation 
(Data Supplement, Appendix A) was applied to ensure stable 
model performance under class imbalance.

Feature Selection

To minimize bias and prevent information leakage, vari-
ables directly linked to study outcomes or patient identifiers 
(eg, unique IDs, event dates, and follow-up outcomes) were 
excluded (Data Supplement, Table S1). All selected features 
were static values recorded at presentation (age, sex, lin-
eage, bulky disease, cytogenetic groups, and presenting 
WBC), at day 8 (CNS status and prednisolone response), 
or at EOI (MRD status and final risk group). Longitudinal 
follow-up or post-therapy variables were excluded to 
prevent information leakage. Selection was guided by pre-
vious pediatric leukemia evidence and clinical expert con-
sultation, with emphasis on interpretability, biological 
plausibility, and reproducibility. Pairwise Pearson correla-
tion analysis (Data Supplement, Fig S2) confirmed that none 
of the included features were highly redundant.

Model Development

Ten ML classifiers were benchmarked for relapse prediction, 
which included linear methods (logistic regression, 14 SVM, 15 

and Gaussian naive Bayes 16 ), tree-based approaches (decision 
trees 17 and random forest 18 ), boosting algorithms (XGBoost, 19 

CatBoost, 20 and AdaBoost 21 ), and a distance-based method 
(KNN 22 ). All models were implemented in Python using 
scikit-learn, with dedicated libraries. Preprocessing pipelines 
ensured reproducibility: numeric features were median-
imputed and standardized where necessary; categorical 
features were label-encoded, while detailed cytogenetics 
was one-hot encoded because it contained multiple unique 
subcategories without a defined hierarchy of severity. For 
algorithms sensitive to feature scale (logistic regression, 
SVM, and KNN), z-score normalization was applied, while 
tree-based models used raw values.

Training and validation followed a stratified 80:20 split, 
with stratified 5-fold cross-validation inside the training 
set for model selection. To address class imbalance (Data 
Supplement, Appendix B1), class weighting was applied

consistently rather than oversampling (Data Supplement, 
Table S2), as this approach avoids synthetic data distortion 
and preserves the true event distribution in a clinical cohort.

Model Assessment and Validation

Model performance was assessed using five complementary 
metrics suitable for binary classification under imbalance: 
accuracy, precision, recall (sensitivity), F1 score, and the area 
under the receiver operating characteristic curve (AUROC; 
Data Supplement, Appendix B2). 23 Accuracy reflected overall 
correctness, precision quantified the proportion of true 
relapses among predicted relapses, recall measured sensi-
tivity for detecting relapses, and F1 captured the balance 
between recall and precision. AUROC assessed discrimina-
tory power across thresholds. Model selection emphasized 
recall and F1 as primary objectives, given the clinical need to 
minimize missed relapse cases, with AUROC reported for 
global discrimination. All metrics were first estimated on 
validation folds during cross-validation and subsequently 
confirmed on the independent 20% test set. To ensure 
stability, the split-train-tune procedure was repeated across 
multiple random seeds, and test-set confidence intervals 
were calculated using bootstrapping. Agreement between 
cross-validated and test results was used as a measure of 
generalizability, and calibration was verified to check 
whether predicted probabilities aligned with observed re-
lapse frequencies.

Model Selection

A heterogeneous set of supervised ML classifiers was in-
tentionally selected to capture different decision boundaries 
and learning mechanisms relevant to structured clinical 
data. Linear models (logistic regression and naive Bayes) 
were included for their interpretability and strong perfor-
mance on linearly separable patterns. Tree-based classifiers 
(decision trees and random forest) were incorporated to 
model nonlinear interactions and heterogeneous feature 
effects. Distance-based learning (KNN) was tested as a 
nonparametric comparator. Boosting algorithms (AdaBoost, 
XGBoost, and CatBoost) were selected because of their 
documented ability to handle tabular clinical data, account 
for class imbalance through weighting, and improve per-
formance over weak learners. This allowed for systematic 
benchmarking and ensured that the final selection was based 
on performance rather than algorithmic bias. Priority was 
placed on recall and F1 score during evaluation, given the 
clinical imperative to minimize false negatives in relapse 
prediction. On the basis of these selection criteria and 
comparative performance (Table 1), XGBoost was finalized 
as the primary model for deployment.

Clinician Versus XG Boost Performance

Clinician evaluation was conducted on the validation data set 
(n 5 447; 20% of the cohort) to assess concordance with 
model predictions. Three clinicians (G.D., P.S., and T.K.B.)

JCO Clinical Cancer Informatics ascopubs.org/journal/cci | 3

PREPARE-ALL

D
ow

nl
oa

de
d 

fr
om

 a
sc

op
ub

s.
or

g 
by

 K
as

tu
rb

a 
M

ed
ic

al
 C

ol
le

ge
 -

 M
A

H
E

 o
n 

Ju
ne

 2
6,

 2
02

6 
fr

om
 0

45
.1

12
.1

50
.0

02
C

op
yr

ig
ht

 ©
 2

02
6 

A
m

er
ic

an
 S

oc
ie

ty
 o

f 
C

lin
ic

al
 O

nc
ol

og
y.

 A
ll 

ri
gh

ts
 r

es
er

ve
d.

 

http://ascopubs.org/journal/cci


independently evaluated the masked test data set, viewing 
only baseline variables available to the model at prediction 
time, without access to outcomes, model outputs, or each 
other’s assessments. They provided binary (yes/no) relapse 
predictions on the basis of clinical judgment. These as-
sessments were compared against model outputs to evaluate 
agreement and identify patterns of concordance and di-
vergence between clinician judgment and model predictions.

Sensitivity Analysis: Feature Reduction and Selection

A reduced set of seven clinically established predictors (MRD 
at EOI, highest presenting WBC, sex, age, prednisolone re-
sponse, final risk group, and cytogenetic groups) was 
evaluated against the full 14-feature model to assess ro-
bustness and interpretability. Although the reduced model 
was designed to test whether a smaller core set could pre-
serve performance, the 14-feature configuration was 
retained for the final Pediatric Relapse Prediction and Risk 
Evaluation for Acute Lymphoblastic Leukemia (PREPARE-
ALL) implementation. Inclusion of the additional variables 
improved stability across risk subgroups, reduced variability 
in cross-validation, and ensured that all clinically relevant 
information, particularly detailed cytogenetic categories, 
was incorporated. Retaining the full feature set also supports 
future external validation, where additional predictors may 
carry greater weight, and enhances clinician confidence by 
aligning with the breadth of routinely collected data. This 
approach balances parsimony with comprehensiveness, 
ensuring both robustness and practical applicability of the 
final tool.

PREPARE-ALL Web Application Development

The PREPARE-ALL web application was developed as a 
pilot decision support tool hosted on a secure institutional 
server using Python Flask framework with an HTML-CSS-
JavaScript front end. The application accepts individual or

batch patient data inputs in CSV format, processes them 

through the XGBoost model backend, and provides relapse 
risk outputs with a five-point confidence meter. Data privacy 
is ensured via restricted access login, and no patient iden-
tifiers are stored in the hosted application to maintain 
confidentiality. Future deployments of the application will 
integrate real-time database connectivity with encrypted 
transfer protocols for seamless clinical use.

RESULTS

Patient Characteristics

Of 2,252 patients, 565 experienced relapses (25.08%) as 
shown in Table 2, with males showing a higher relapse rate 
(27.8%, 403/1,450) than females (20.2%, 162/802; P < .001). 
The median age at diagnosis was 5.0 years (range, 1.0-18.0 
years), with significant variation in highest presenting 
WBC counts. MRD status was strongly associated with re-
lapse (P < .001). The median follow-up was 47.9 months 
(range, 0.07-111.2 months).

XGBoost Showed Superior Performance in the 
Prediction of Relapse

Among the models evaluated (Table 1), XGBoost emerged as 
the most balanced performer, with an accuracy of 54.81%, a 
recall of 68.47%, an F1 score of 42.94%, and an ROC AUC of 
63.21%. Although overall accuracy was modest (54.8%), 
recall was prioritized because the clinical objective is to 
minimize missed relapse cases, where failure to identify a 
true relapse carries far greater consequences than a false 
positive. AdaBoost and CatBoost achieved comparable ac-
curacies (approximately 62%-63%), both trailed in recall 
(≤58%), which is critical for relapse detection. Gradient 
boosting and random forest showed moderate performance 
(accuracy approximately 59%-63%, recall approximately 
41%-45%) but lower F1 scores, limiting sensitivity. Simpler

TABLE 1. Model Performance of the Different Machine Learning Models

Model

Accuracy 
TP 1 TN/(TP 1 TN 1 

FP 1 FN) % ROC AUC SCORE %
Recall 

TP/(TP 1 FN) %
F1 Score

2 3 (PREC 3 REC)/(PREC 1 REC) %
Precision 

TP/(TP 1 FP) %

XGBoost 54.81 63.21 68.47 42.94 31.28

Random forest 63.31 61.47 41.41 35.94 31.72

Gradient boosting 59.51 61.65 45.05 35.59 29.41

Logistic regression 50.12 59.53 68.47 40.53 28.79

CatBoost 62.86 62.71 41.41 35.66 31.29

AdaBoost 62.42 64.75 57.66 43.24 34.60

Decision tree 57.78 59.61 47.75 35.93 28.80

SVM 58.39 50.95 55.86 40.46 31.16

KNN 51.91 56.70 56.76 36.96 27.39

Naive Bayes 47.42 55.68 67.57 38.96 27.37

Abbreviation: FN, false negative; FP, false positive; KNN, K-nearest neighbor; PREC, precision; REC, recall; ROC AUC, area under the receiver 
operating characteristic curve; SVM, support vector machine; TN, true negative; TP, true positive.
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TABLE 2. Patient Characteristics Used for the Application

Clinical Parameter Total Patients (N 5 2,252) No Relapse, No. (%) Relapsed, No. (%)

Age, years

0-10 1,768 1,346 (76.1) 422 (23.9)

10-18 484 341 (70.5) 143 (29.5)

Sex

Female 802 640 (79.8) 162 (20.2)

Male 1,450 1,047 (72.2) 403 (27.8)

WBC at presentation, cells/mL

0-50,000 1,780 1,367 (76.8) 413 (23.2)

>50,000 469 318 (67.8) 151 (32.2)

Missing 3 2 (66.7) 1 (33.3)

NCI risk

High 879 617 (70.2) 262 (29.8)

Standard 1,372 1,069 (77.9) 303 (22.1)

Missing 1 2 (66 $ 7) 1 (33 $ 3)

Lineage

B 2,087 1,558 (74.7) 529 (25.3)

T 165 129 (78.2) 36 (21.8)

Prednisolone response

Good 1,803 1,350 (74.9) 453 (25.1)

Poor 346 251 (72.5) 95 (27.5)

Missing 103 86 (83.5) 17 (16.5)

Bulky disease

No 1,448 1,089 (75.2) 359 (24.8)

Yes 743 546 (73.5) 197 (26.5)

Missing 61 52 (85.2) 9 (14.8)

Cytogenetic group

High-risk 242 153 (63.2) 89 (36.8)

Non–high-risk 1,777 1,352 (76.1) 425 (23.9)

Not required 165 129 (78.2) 36 (21.8)

Missing 68 53 (77.9) 15 (22.1)

CNS involvement

No 2,079 1,548 (74.5) 531 (25.5)

Yes 76 60 (78.9) 16 (21.1)

Missing 97 79 (81.4) 18 (18.6)

Provisional risk

High 705 497 (70.5) 208 (29.5)

Intermediate 729 549 (75.3) 180 (24.7)

Standard 653 512 (78.4) 141 (21.6)

T 165 129 (78.2) 36 (21.8)

Final risk

High 967 671 (69.4) 296 (30.6)

Intermediate 558 423 (75.8) 135 (24.2)

Standard 459 361 (78.6) 98 (21.4)

T 150 114 (76.0) 36 (24.0)

Missing 118 118 (100.0) 0 (0.0)

Abbreviation: NCI, National Cancer Institute.
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linear models such as logistic regression and naive Bayes 
achieved high recall (approximately 68%) but poor precision 
(<30%), resulting in modest F1 scores. KNN, decision tree, 
and SVM demonstrated intermediate metrics without a clear 
advantage.

ROC curve analysis (Fig 1) confirmed that XGBoost and 
AdaBoost provided stronger discriminative ability than lo-
gistic regression or naive Bayes, while remaining competi-
tive with other methods. Taken together, XGBoost was 
selected for PREPARE-ALL because of its superior recall, 
balanced F1 score, and robust AUC, aligning with the clinical 
priority of minimizing missed relapse cases.

Shapley Additive Explanations Analysis With the 
Top Features

The Shapley additive explanations (SHAP; Data Supplement, 
Appendix C) beeswarm plot (Figs 2A and 2B) quantified both 
linear and nonlinear effects, providing interpretable insights 
into how clinical, cytogenetic, and MRD-based variables 
shaped relapse predictions. High hyperdiploidy, MRD status 
at EOI, and BCR-ABL1 emerged as the strongest predictors, 
followed by highest presenting WBC, age, sex, and final risk 
classification. Directionality analysis showed that high 
hyperdiploidy contributed negatively to relapse prediction,

consistent with its known favorable prognosis, whereas 
BCR-ABL1 positivity, poor MRD response, and hyper-
leukocytosis (>50,000/mL) contributed positively, increas-
ing relapse risk. Additional features including ETV6-RUNX1, 
CNS status, provisional risk, and lineage contributed mod-
erately but were retained to preserve completeness, as no 
two variables were highly correlated (r > 0.8). Clinically, 
these results confirmed established associations, with poor 
MRD response and elevated WBC driving higher relapse risk, 
while protective effects of hyperdiploidy were also captured 
by the model.

Sensitivity Analysis and Feature Reduction

A feature reduction analysis evaluated the impact of limiting 
the model to seven clinically selected predictors compared 
with the original 14-feature set. Performance on the held-
out test set remained largely unchanged, with recall stable 
(68.4% v 64.8%) and only marginal differences in other 
metrics (Data Supplement, Table S3), confirming that the 
reduced set retained the key predictive signals.

Performance Across Clinical Risk Groups and Lineages

Subgroup analyses across ICiCLe-defined risk categories 
(Data Supplement, Table S4). In the SR group (n 5 118), the

XGBoost (AUC = 0.63)
Random forest (AUC = 0.61)
Gradient boosting (AUC = 0.62)
Logistic regression (AUC = 0.60)
CatBoost (AUC = 0.63)
AdaBoost (AUC = 0.65)
Decision tree (AUC = 0.60)
SVM (AUC = 0.50)
KNN (AUC = 0.57)
Naive Bayes (AUC = 0.56)
Random guess

0.0

0.0

0.2

0.4

0.6

0.8

1.0

0.2 0.4

False-Positive Rate

ROC Curves for Multiple Models

Tr
ue

-P
os

iti
ve

 R
at

e

0.6 0.8 1.0

FIG 1. ROC curve of the XGB ML model for predicting relapse in the testing set. KNN, K-nearest neighbor; 
ML, machine learning; ROC, receiver operating characteristic curve; SVM, support vector machine.
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model reached 66.9% accuracy and 52.9% recall, indicating 
the capacity to detect relapse even in patients typically 
considered low-risk. The IR group (n 5 116) showed weaker 
performance (accuracy 44.0%, recall 44.8%), consistent 
with the biological heterogeneity of this intermediate cat-
egory. In the HR group (n 5 181), recall was high at 82.5% 

(F1 5 52.8%), underscoring clinical utility in minimizing 
missed relapses, even with modest precision (38.8%).

Overall, our model achieved the strongest sensitivity in HR 
patients, where relapse risk is most consequential. At the 
same time, SR detection highlights potential early-warning 
value, and IR results point to the need for molecular re-
finement of this gray zone.

Clinician Versus Model Concordance Evaluation

In the patient validation cohort (n 5 447), PREPARE-ALL 
demonstrated high sensitivity for relapse detection com-
pared with clinicians, achieving a recall of 68.5% versus 
approximately 31%-36% for individual clinicians (Table 3). 
Although the model exhibited slightly lower overall ac-
curacy (54.8% v 58%-62% for clinicians), this was offset 
by consistently higher F1 scores and precision, reflecting 
more balanced predictive performance. By contrast, cli-
nician accuracy was primarily driven by better identifi- 
cation of nonrelapse cases. The model also achieved greater 
discrimination with a higher ROC AUC (63.2% v 50%-53%

for clinicians). Pairwise concordance analysis showed that 
approximately half of the predictions overlapped between 
the model and each clinician (approximately 49%-51%). 
Cohen’s kappa values (Data Supplement, Appendix D) 
indicated only slight agreement between the model and 
individual clinicians (k 5 0.02-0.06). Interclinician com-
parisons revealed moderate agreement between clinicians 
1 and 2 (k 5 0.65), whereas agreement with clinician 3 was
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FIG 2. A pair of SHAP summary plots. (A) Beeswarm plot showing the distribution of SHAP values for each feature, indicating individual impact on 
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highlighting features with the greatest overall influence on the model. EOI, end of induction; MRD, measurable residual disease; NA, not available; 
NCI, National Cancer Institute; SHAP, Shapley additive explanations.

TABLE 3. Comparison of the Model and Clinicians (1, 2, and 3) 
Performance Metrics

Metric Model Clinician 1 Clinician 2 Clinician 3

Answered cases 447 447 447 447

Accuracy 54.81% 59.50% 58.20% 61.50%

ROC AUC 63.21% 49.80% 50.80% 52.60%

Recall 68.47% 30.90% 36.30% 35.40%

F1 score 42.94% 27.00% 29.60% 30.80%

Precision 31.28% 23.90% 25.00% 27.20%

Concordant cases — 220 230 224

Discordant cases — 227 217 223

Concordance rate, % — 49.22% 51.45% 50.11%

Discordance rate, % — 50.78% 48.55% 49.89%

Abbreviation: ROC AUC, area under the receiver operating characteristic 
curve.
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poor to negative (k 5 –0.07 and –0.02). These findings 
highlight substantial variability in relapse risk assess-
ments across clinicians and demonstrate that PREPARE-
ALL provides more consistent and sensitive identification 
of relapse-prone patients (Data Supplement, Table S5).

DISCUSSION

Pediatric ALL exhibits highly variable treatment responses, 
underscoring the need for individualized risk stratification. 24 

This study, one of the first from India to analyze a large 
pediatric ALL cohort under a uniform protocol, demon-
strates the feasibility of ML-based relapse prediction using 
routinely available clinical and MRD data.

Relapse still affects 15%-20% of children with ALL and 
remains a leading cause of mortality. 2 Conventional prog-
nostic frameworks, primarily the National Cancer Institute 
risk classification and MRD status, fail to identify all HR 
patients. PREPARE-ALL advances beyond these by inte-
grating clinical, laboratory, and cytogenetic features into a 
single decision-support tool, enabling more comprehensive 
risk assessment and improving detection of patients who 
may appear low-risk by MRD alone.

Among the 10 classifiers tested, gradient boosting algo-
rithms consistently outperformed linear and distance-based 
methods, reflecting their strength in capturing complex 
nonlinear patterns in clinical data. XGBoost demonstrated 
the most balanced performance, supporting its selection for 
the PREPARE-ALL application (Data Supplement, Fig S3). 
In stratified subgroup analyses, the model achieved the 
highest recall in HR and T-ALL patient categories, where 
relapse carries the most serious clinical consequences. It 
also maintained sound sensitivity in SR patients, sug-
gesting potential value as an early-warning system in 
lower-risk groups. The model identified approximately 7 of 
10 relapses, compared with approximately 3 of 10 by cli-
nicians, which is nearly twice that of clinicians. These 
findings support its use as an adjunctive triage tool that 
strengthens, rather than substitutes, current clinical 
decision-making frameworks.

Despite its strengths, the model missed approximately 30% 

of relapses, playing the role of a decision-support adjunct 
rather than a standalone determinant of therapy. Moderate 
sensitivity (approximately 68%) likely reflects both model 
constraints and labeling noise from variability in MRD 
testing, L-asparaginase activity, and diagnostic thresholds 
across centers. The lack of prospective validation and site-
specific assessment limits generalizability, while the use of 
retrospective anonymized data prevents the evaluation of 
institutional differences. Interclinician agreement was 
moderate between two reviewers but poor with the third, 
underscoring the difficulty of consistently defining relapse 
risk. In future prospective studies, we plan to implement a 
standardized binary rubric for clinician scoring, collect ra-
tionale notes, and compare the model both against indi-
vidual raters and a consensus panel. The retrospective design 
also introduces the risk of overfitting.

Future work will focus on prospective validation within 
ICiCLe cohorts and real-world clinical deployment with it-
erative clinician feedback. Integration of additional data 
streams, such as treatment adherence, drug-level moni-
toring, and genomic or transcriptomic profiling, may further 
refine predictions beyond accuracy. This includes calibration 
curves, decision curve analyses, and cost-effectiveness 
studies to assess clinical utility and net benefit.

In conclusion, in this multicenter Indian cohort, the PRE-
PARE-ALL study demonstrates that XGBoost-based modeling 
can improve relapse prediction in pediatric ALL beyond 
conventional risk stratification and clinician assessment. The 
web-based tool translates these findings into a practical 
decision-support system, with SHAP interpretability con-
firming the clinical relevance of MRD, risk classification, and 
cytogenetic subgroups. By prioritizing sensitivity, the model 
addresses the key challenge of missed relapses and serves as a 
scalable adjunct for risk-adapted therapeutic planning, rather 
than replacing clinician judgment. Although prospective ex-
ternal validation is required, PREPARE-ALL establishes a 
foundation for integrating ML into frontline leukemia care, 
with future expansion to genomic and transcriptomic data 
expected to further refine precision-guided treatment.
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