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Abstract

Acute lymphoblastic leukemia (ALL) is the most prevalent cancer in children, and despite considerable progress

in treatment outcomes, relapses still pose significant risks of mortality and long-term complications. To address this
challenge, we employed a supervised machine learning technique, specifically random survival forests, to predict

the risk of relapse and mortality using array-based DNA methylation data from a cohort of 763 pediatric ALL patients
treated in Nordic countries. The relapse risk predictor (RRP) was constructed based on 16 CpG sites, demonstrating
c-indexes of 0.667 and 0.677 in the training and test sets, respectively. The mortality risk predictor (MRP), comprising
53 CpG sites, exhibited c-indexes of 0.751 and 0.754 in the training and test sets, respectively. To validate the prognos-
tic value of the predictors, we further analyzed two independent cohorts of Canadian (n=42) and Nordic (n=384) ALL
patients. The external validation confirmed our findings, with the RRP achieving a c-index of 0.667 in the Canadian
cohort, and the RRP and MRP achieving c-indexes of 0.529 and 0.621, respectively, in an independent Nordic cohort.
The precision of the RRP and MRP models improved when incorporating traditional risk group data, underscoring

the potential for synergistic integration of clinical prognostic factors. The MRP model also enabled the definition

of a risk group with high rates of relapse and mortality. Our results demonstrate the potential of DNA methylation

as a prognostic factor and a tool to refine risk stratification in pediatric ALL. This may lead to personalized treatment
strategies based on epigenetic profiling.
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Introduction

Acute lymphoblastic leukemia (ALL) is the most com-
mon childhood malignancy, representing 25% of all
cancers. ALL exhibits clinical and biological heteroge-
neity, driven by recurrent genetic aberrations [1]. Treat-
ment advancements have led to 5-year overall survival
(OS) rates exceeding 90% [2]. However, relapsed patients
face slower progress, with an mortality rate of approxi-
mately 45% in Nordic countries [3]. Additionally, ALL
treatments carry risks of adverse outcomes, includ-
ing increased late incidence of secondary malignancies,
as well as long-term neurological, cardiac, endocrine,
and social/psychological disorders [4]. In this regard,
the long-term organic complications associated with an
allogeneic stem cell transplantation (allo-HCT) during
childhood are broad [5], and therefore optimizing patient
selection is key to minimize unwanted toxicity.

Upfront treatment is primarily based on combination
chemotherapy. Prognostic factors have been used to esti-
mate the risk of relapse and to adjust treatment inten-
sity accordingly, which has resulted in reduced toxicity
without adversely impacting the rate of curation [6]. As
the treatment intensity required for cure varies greatly
between patients, a risk-adapted strategy is intended to
reduce toxicity for those cases that are likely to achieve
curation with low-dose chemotherapeutics, while more
intense schemes are reserved for high-risk groups [7—
15]. Prognostic factors for risk stratification include age,
white blood cell (WBC) count, immunophenotype, mini-
mal residual disease (MRD), cytogenetic aberrations, and
central nervous system (CNS) involvement [2, 7, 9, 16].
Additional factors, like IKZFI deletion, may enhance
future risk prediction [17, 18]. Intensive chemotherapy
and cell therapy (allo-HCT and chimeric antigen recep-
tor (CAR)-T cell) are used for relapsed and refractory
disease [19-21].

Genomic techniques have the potential to improve
risk stratification [22, 23], as traditional risk grouping
approaches may not be applicable to all circumstances
[24-26]. High-dimensional data cluster patients and
assess their relationship with drug response and survival
[27, 28]. However, the complex molecular determinants
of leukemia hinder accurate grouping, resulting in mis-
classification. An optimization problem simplifies the
analysis by incorporating clinical outcomes and base-
line prognostic information to derive a risk predictor for
predicting outcomes in new patients [29]. This approach
has paved the way for the development of prognostic and
predictive tools in various onco-hematological fields,
including myelofibrosis, myelodysplastic neoplasms, and
multiple myeloma [30-32].

While genetic changes have led to a better under-
standing of tumor biology, epigenetics has emerged as a
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valuable avenue to explain tumor phenotypes. The epige-
netic landscape is essential in defining tumor types and
subtypes, allowing for high-resolution classification and
insight into tumor-specific mechanisms [33]. In B-cell
malignancies, epigenetic alterations involve distinct cel-
lular processes and B-cell-specific aspects, enabling
accurate detection of B-cell tumor-specific aberrations
for improved prognostication [26, 34, 35]. ALL cells are
known to exhibit CpG island hypermethylation [36],
but minimal global loss of methylation, a fact which was
particularly marked in T-cell ALL [37]. While the mech-
anisms underlying the transformation of progenitor B-
and T-cells into leukemic cells are not fully understood,
these studies cumulatively demonstrate the potential of
DNA methylation as a biomarker for lineage and subtype
classification, prognostication, and disease progression
[38].

In the present study, we trained two machine learn-
ing (ML) models based on DNA methylation signatures
obtained at ALL diagnosis aimed to refine risk group-
ing. Our results suggest that DNA methylation profiling
at ALL diagnosis could aid in future refinement of risk
assignment and may contribute to improved survival and
long-term quality of life for pediatric ALL patients.

Materials & methods

Data origin and preprocessing

Pediatric ALL samples from three cohorts were pro-
cessed as originally described by Nordlund et al. (2013)
[26], Busche et al. [39] and Krali et al. [40] The Nord-
lund et al. dataset was used to build the risk predictors
and evaluate their performance internally. This dataset
comprises of pre-treatment DNA methylation status of a
filtered set of 435,941 CpG sites downloaded from GEO
(GSE49031), which assayed 763 diagnostic ALL samples
on Infinijum Human Methylation 450K BeadChips (450k
array) [26]. The following clinical covariates were avail-
able: age, sex, Down syndrome status, risk group and
cytogenetic subtype. The risk group was defined accord-
ing to age at diagnosis, WBC count, B- or T-lineage,
and genetic aberrations according to the NOPHO-92 or
NOPHO-2000 protocols [6, 16]. Patients were assigned
to standard, intermediate or high-risk groups and treated
accordingly. Relapse free survival (RFS) was established
from the time of ALL diagnosis to the date of the first
relapse. OS was defined as the time from ALL diagnosis
to the moment of death from any cause.

For external validation, we identified and downloaded
the following ALL datasets generated on the 450k array:
Busche et al. GSE38235 (n=42) [39], and Krali et al.
(https://doi.org/10.17044/scilifelab.22303531)  (n=384)
[40]. RFS and OS were defined as indicated above also for
the external validation datasets. The dataset by Busche et
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al. included complete 450k array and clinical data from
42 Canadian BCP-ALL patients treated between 1999
and 2010 at the Sainte-Justine University Health Center
(UHC; Montreal, QC, Canada). All patients underwent
treatment with uniform Dana-Farber Cancer Institute
ALL Consortium protocols DFCI 95-01, 2000-01 or
2005 [41-43]. The cohort by Krali et al. included patients
treated with the NOPHO-2000 and NOPHO-2008 proto-
cols [12, 40].

Variable selection and model development
The cohort by Nordlund et al. [26] was randomly divided
into a training (80% of the cohort, n=573) and a test (20%
of the cohort, #=190) sets. Univariate Cox regression
(survival package) [41] was used to evaluate the associ-
ation of CpG sites with RFS and OS in the training set.
CpGs were selected according to the role of a filter based
on a hazard ratio (HR) <0.1 or > 10 for CpG site selection.
CpG selection was based on the univariate association
(cox regression) of the DNA methylation beta-values of
each CpQG site with RFS and OS in the training set. CpGs
with g-values <0.01 or 0.05 were selected for model con-
struction with or without a HR filter. Due to collinearity, a
correlation filter was applied to the mortality risk predic-
tor (MRP), in contrast to the relapse risk predictor (RRP),
which did not require correlation filtering to reduce
dimensionality due to its smaller size. This filter removed
CpGs with a Pearson’s correlation>0.7 with any other
variable included in the regression. Multivariate models
of survival were constructed using random forests (ran-
domForestSRC package) [44]. The model outputs include
a survival function and a cumulative hazard function,
which represent patient risk predictions over time. Miss-
ing variables were imputed in each dataset separately
using a missing data algorithm developed by Ishawarian
et al. [42] Random forests were created with 1,000 trees.
Hyperparameter optimization of the mtry and nnodes
variables was performed using a grid search method.
Variable importance was calculated with the permuta-
tion importance method (also known as Breiman-Cutler
method, implemented in the vimp function) and used to
eliminate those CpGs with lower predictive value. In ran-
dom forests, variable importance is commonly evaluated
using a permutation-based method. Initially, the model’s
out-of-bag (OOB) error is calculated. For each feature, its
values are then randomly shuffled in the OOB dataset,
and a new OOB error is computed using the perturbed
data. The difference between the new and original OOB
errors gives the VIMP score for that feature, with higher
scores indicating greater importance. A graphical sum-
mary of the workflow is represented in Fig. 1.

The discriminative capacity of the random forest mod-
els in the training set was evaluated with OOB error
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Fig. 1 Graphical representation of the study design. The models were
trained with data from 763 ALL patients, all of whom had previously
been characterized by genome-wide DNA methylation arrays. The
dataset was partitioned into a training set (80% of the patients)

and a test set (the remaining 20%). The training set was used

to identify CpG sites with DNA methylation status associated

with two key outcomes: relapse risk and mortality. The selected CpG
sites were used to train Random Survival Forests models. Two models
were generated: a Relapse Risk Predictor (RRP) and a Mortality Risk
Predictor (MRP). The test set was utilized for internal validation. Finally,
the models were further validated on two additional datasets

estimates of the concordance index (c-index) and with
time-dependent areas under the receiving operator
(ROC) curve (AUCs). The c-index is a metric for survival
prediction and reflects a measure of how well a model
predicts the ordering of patients’ event times (e.g., death
or relapse). A c-index of0.5 represents a random model,
whereas a c-index of 1 refers to a perfect ranking between
real and predicted outcomes. OOB is based on subsam-
pling with replacement to create training samples for
the model to learn from. OOB error is the average pre-
diction error on each training sample Xi, using only the
trees that did not have Xi in their bootstrap sample. For
OOB error estimations, sampling was performed without
replacement, which by default takes 0.632 times the sam-
ple size. Time-dependent AUCs were calculated using
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cross-validated cox regression with predicted cumula-
tive hazards as independent variables [45]. Cross-vali-
dation was performed with the bootcv algorithm using
500 cycles. In each cycle, 75% of samples were used for
training and 25% for testing. In the particular case of the
training set, all random forest predictions used as input
for downstream analysis were OOB to avoid overfit-
ting of the risk predictions during the training phase of
the model. For calibration, continuous rank probability
scores (CRPS) were calculated as the integrated Brier
score divided by time.

Table 1 Baseline characteristics of the patients

Training set Test set
N 573 190
Median follow-up 145 months 159 months
% of Allo-HCT 55 (9.6%) 10 (5.3%)
Relapses (%) 129 (22.5%) 43 (22.6%)
Deaths (%) 97 (16.9%) 30 (15.8%)
Median age (range) 5 (0-19) 5(0-18)
Sex (Male/Female) 329 (57.4%)/244 (42.6%) 103 (54.2%)/87 (45.8%)
Down syndrome 17 (2.97%) 2 (1.05%)
Standard Risk 157 (27.4%) 50 (26.3%)
Intermediate Risk 196 (34.2%) 70 (36.8%)
High Risk 206 (35.9%) 64 (33.7%)
Infant 15 (2.4%) 5 (2.6%)
a
100%{
75%
8 s0%
25%
0%
0 50 100 150 200 250
Time (months)
Number at risk
Train set{573 495 406 216 43 2
Test set{190 163 135 87 15 1
0 50 100 150 200 250

Time (months)
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The surv_cutpoint function (survminer package) [46]
was used to identify the optimal cut-off for the MRP/RRP
scores. This approach is centered on outcomes and aims
to identify a cut point value that exhibits the highest level
of statistical significance concerning its association with
the variable of outcome, specifically in the context of sur-
vival analysis.

Results

Cohort description and variable selection process

Patient characteristics, including cytogenetic subtype
classifications and clinical information for the train-
ing and test sets are presented in Table 1 and Additional
file 2: Table S1. Kaplan—Meier curves for OS and RFS
for each of the training and test cohorts with data avail-
able are shown in Fig. 2. Random survival forests for
death and relapse risk prediction were constructed, and
ordered according to their c-indexes (Additional file 2:
Table S2). The RRP with best performance was based on
29 CpGs with a g-value threshold<0.05 and the MRP
with best performance was based on 174 CpGs with
q-values <0.05, combined with a correlation filter (Addi-
tional file 2 Table S2).

Relapse risk prediction using random forests

The training and test sets contained 129 and 43 relapse
events each. In the training set, 29 CpGs were univari-
ately associated with RFS (g-value <0.05, Additional file 2:
Table S2). Using additional dimensionality reduction

b = train set (n = 573) =~ test set (n = 190)
100%
75%
L 50%
25%
0%
0 50 100 150 200 250
Time (months)
Number at risk
Train set{ 573 444 343 175 34 1
Test set{ 190 141 117 75 11 1
0 50 100 150 200 250

Time (months)

Fig. 2 Kaplan—-Meier survival analysis representing overall survival and relapse-free survival in the training and test sets. a Kaplan—Meier estimates
for overall survival (OS) for the training (blue) and test (red) datasets. b Kaplan—Meier estimates for relapse free survival (RFS) for the training (blue)

and test (red) datasets
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techniques based on variable importance for random for-
ests, we reduced the signature to 16 CpG dinucleotides
(Table 2, Additional file 2: Table S3). The RRP achieved
c-indexes of 0.667 and 0.677 in the training and test sets,
respectively (Additional file 1: Figs. S1 and S2). When
adding the cytogenetic subtype (c-indexes, 0.667 and
0.683 for the training and test sets, respectively) or age at
diagnosis (c-indexes, 0.674 and 0.672) as covariates, the
model performance did not change considerably. Over-
all, the prognostic impact of cytogenetic classification
alone across the entire cohort was low for RFS (c-index,
0.512). The RRP model was also predictive in T-cell ALL
(c-indexes, 0.699 and 0.603 in the training (N=77) and
test (N=24) sets).

Longitudinal assessment of the relapse risk predictor

The scores of the RRP were implemented on cross-vali-
dated cox models for the calculation of time-dependent
AUCs. We compared the model to clinical risk groups,
and the results of the former outperformed the latter in
terms of AUCs and bootstrapped c-indexes in the train-
ing and test sets (Fig. 3a—b). The clinical risk group-
ing more accurately predicted early relapses, but with a
drop in performance after 20 months. The RRP, however,
remained superior and more stable even after 20 months.
The combination of the RRP with clinical risk group-
ing provided the best prognostic accuracy, outperform-
ing any of the two separate strategies. Remarkably, the
20-month AUC was 81.4% and 82.5% in the training and
test sets. To improve interpretability and enhance appli-
cability, we identified the optimal cut-point of the RRP

Table 2 Annotation of the 450K-panel probes included in the
relapse risk predictor (RRP)

CpGID Gene symbol Location CpG annotation
€g20324356  CARSI1 11p154 N_Shore

€g23672291  GTF2F2 13q14.12  CpGisland
€g16267059  MFAP1 15915.3 Transcription Start Site
€g00046913  HAGH 16p13.3 Transcription Start Site
€g18076500  ECSIT 19913.2 Transcription Start Site
cg08445782  ZNF217 20g13.2 N_Shelf

€g14396214  ZGPAT 20g13.33  1stExon

€g08025954  SPECCTL-ADORA2A  22q11.23  Transcription Start Site
€g17209692  KLHL29 2p24.1 CpG Island
cg04956471  DGKD 2937.1 Gene Body
€g18358754  GEMINS 59332 CpGisland
€g25663770  NCR2 6p21.1 Transcription Start Site
cg03446203  SNHG32 / HSPA1B 6p21.33 Transcription Start Site
€g22535729  RP1 8q12.1 CpG island
€g10286363  RPS20 8g12.1 CpGisland
€g21173721  FAM102A 9g33.11 Transcription Start Site
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score in the training set (14.09 points). This was per-
formed in order to divide patients into high- and low-
RRP groups. The same cut-off (14.09) was also applied
on the test set. The high-RRP group demonstrated a sig-
nificant difference in relapse rates in comparison with
the low-RRP (p-value <0.001, Fig. 3c—d, Additional file 2:
Table S4).

Mortality risk prediction using random forests

The training and test sets contained 97 and 30 deaths,
respectively. In the training set, 174 CpGs were univari-
ately associated with OS (g-value<0.05) accompanied
by HRs<0.1 or>10. After collinearity filtering, the MRP
signature consisted of 53 CpG sites (Table 3, Additional
file 2: Table S5). The MRP achieved c-indexes of 0.751
and 0.754 in the training and test sets, respectively (Addi-
tional file 1: Figs. S3 and S4). Similarly to the RRP, addi-
tion of cytogenetic subtype (c-indexes, 0.753 and 0.751
for the training and test sets, respectively) or age at diag-
nosis (c-indexes, 0.752 and 0.753) as a covariate did not
alter the performance of the MRP. However, the prognos-
tic impact of cytogenetic classification alone in the entire
cohort was low for OS (c-index, 0.597). Furthermore, we
again observed that the MRP was also prognostic in the
subgroup of patients with T-ALL (c-indexes, 0.702 and
0.597 in the training and test sets). Finally, we observed
that the MRP signature could also be used to predict
relapse (c-index of 0.694 and 0.643 in the training and
test sets, respectively), but the RRP could not be used to
predict OS.

Longitudinal assessment of the mortality risk predictor
The scores generated by the MRP were implemented on
cross-validated cox models for the calculation of time-
dependent AUCs. We compared this model with the con-
ventional clinical risk grouping. Once again, the results of
the MRP outperformed the clinical risk grouping strategy
in terms of AUCs and bootstrapped c-indexes in both
patient groups. In this case, the MRP outperformed the
conventional risk grouping strategy at all evaluated time
points (Fig. 4a—b). The combination with clinical risk
grouping provided the best prognostic accuracy, outper-
forming any of the two individual strategies. The highest
accuracy of the MRP was observed for risk stratification
at 40 months post-diagnosis, which rendered AUCs of
83.66% and 88.58% in the training and test sets. We cal-
culated the optimal MRP cut-off (12.31 points) to split
the patients into low- and high-MRP groups. The high-
MRP group had significantly shorter OS than the low-
MRP group in both the train and test datasets (Fig. 4c—d,
Additional file 2: Table S4).
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Train set (n = 573)

a
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Test set (n = 190)
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Fig. 3 Time-Dependent Area Under the Curve and Kaplan-Meier Plots for Relapse-Free Survival Analysis. a-b Time-dependent Area Under

the Curve (AUC) representing the accuracy of the cox models in the prediction of relapse free survival (RFS) in the training (a) and test (b) sets. The
red line represents a cox model based on standard of care risk grouping, the blue line represents the cox model based on the relapse risk predictor
(RRP), and the purple line represents the cox model integrating both methods. c-d Kaplan-Meier plots depicting the RFS for the patients assigned
to the two groups denoted by the relapse risk predictor: high-RRP (coral line) and low-RRP (blue line) in the training (c) and test (d) sets

Validation

We identified two independent datasets of 450k array
data generated from pediatric ALL cohorts, which we
used to validate the predictors. In the Busche et al. data
set (n=42) five patients relapsed during follow-up, and
two deaths were recorded. Due to the small number of
deaths, we used this dataset to validate only the predic-
tion performance of the RRP, achieving a c-index 0.667.
In the Krali et al. dataset (m=384, Additional file 1:
Fig. S5, Additional file 2: Table S6) 50 patients relapsed
during follow-up and 45 patients died, of which 19 did
so due to relapse and 20 were in complete remission. The
RRP and MRP were 0.529 and 0.621, respectively for the
Krali et al. dataset. In this dataset, the RRP score was

weakly associated with relapse risk (p-value 0.064, HR
1.028 (95% CI: 0.9984—1.058 for each risk unit increase),
while the MRP score was strongly associated with OS
(p-value 1.04x107% HR 1.073 (95% CI: 1.036-1.112 for
each risk unit increase). We observed that the MRP pro-
vided its best prognostic accuracy within the standard
and infant risk groups (Additional file 2: Table S7). Fur-
thermore, when we applied the MRP on the RES data,
the c-index for predicting risk of relapse in the validation
data (0.62 for Krali et al.) was similar to the cross-predic-
tion performance observed in the train and test sets.

We applied the previously defined low- and high-MRP
dichotomization to evaluate differences in OS within this
cohort. Consistently, increased mortality was observed
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Table 3 Annotation of the 450K-probes probes included in the mortality risk predictor (MRP)

CpGID Gene Symbol Location CpG Annotation
€g13901752 OPTN / CCDC3 10p13 Transcrition Start Site
€g27210565 SEPT7P9 10g11.1 Transcrition Start Site
cg04444771 RASSF4 / DEPP1 10g11.21 Gene Body
€g27139956 RASSF4 10q11.21 CpG Island
cg07260003 VSTM4 10911.23 Gene Body
€g20534287 ECHS1 / PAOX 10926.3 Transcrition Start Site
€g24496614 BEST1 /FTH1 119123 Transcrition Start Site
cg03033176 EHBP1LI 11g13.1 S_Shore

cg16110032 Intergenic 119135 N_Shelf

€g14199423 CHD4 / LPARS 12p13.31 Unclassified
€g14541870 SETD1B 12924.31 S_Shore
€g23743428 MIPEPP3 13g12.11 CpGlsland
cg01911068 PCDH9 13g21.32 Transcrition Start Site
cg01363662 ODF3L1 15q24.2 Transcrition Start Site
cg09363128 GSE1 16024.1 Unclassified (cell-tye specific)
cg08374494 ZFPM1 16024.2 N_Shelf

€g23430664 XYLT2 17921.33 CpGsland
€g12296532 ACTG1 17925.3 CpGlsland
€g00671759 ACTG1 179253 CpGlsland
cg04384209 KDM4B 19p13.3 N_Shelf

€g19726840 DAZAP1 /RPS15 19p13.3 Transcrition Start Site
€g19599529 GMFG 19g13.2 3'UTR

€g26587014 BCL3 19913.32 S_Shelf

€g15679331 PRTM1 /BCL2L12 19913.33 Transcrition Start Site
cg19675684 AKIRINT 1p34.3 Transcrition Start Site
€g08262220 PRDM16 1p36.32 N_Shore
cg11096441 ADNP / DPM1 20g13.13 Transcrition Start Site
cg06454380 c22orf34 229133 S_Shelf

cg14911521 VAX2 / LINCO1143 2p13.3 N_Shore
€g10633958 SLC8A1 2p22.1 N_Shore
cg00866476 MAL / MRPS5 29111 N_Shore
€g00992239 MME 3g25.2 Transcrition Start Site
€g27177997 RBPJ 4p15.2 S_Shore

€g24877510 CNOT6L 49211 S_Shore
cg02763617 cwez7 50123 N_Shore

€g25149751 PPP2R2B 532 Transcrition Start Site
cg01993576 SLC29A1 6p21.1 S_Shore

€g16323034 Intergenic 6p21.2 Unclassified
€g08576623 BRPF3 6p21.31 S_Shore

€g24536691 VPS52 6p21.32 Transcrition Start Site
€g03891050 LSM2 6p21.33 S_Shore

cqg17718302 H3C12/H2AC17 / H2BC17 6p22.1 Transcrition Start Site
€g02959285 HISTTH2BG 6p22.2 Transcrition Start Site
cg07090714 Intergenic 6p25.1 Unclassified (cell-tye specific)
€g23448978 COBL 7p12.1 Gene Body
€g27377289 UMAD1 7p21.3 Unclassified (cell-tye specific)
909926212 ORAI2 7922.1 Transcrition Start Site
€g02514021 LINC-PINT 79323 CpGlsland
cg04301738 LINC00996 7q36.1 Unclassified
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Table 3 (continued)

Page 8 of 13

CpGID Gene Symbol Location CpG Annotation
€g08261702 RP11-511P7.5 7g36.1 N_Shore
€g13072214 PARP10 8q24.2 Transcrition Start Site
€g00470505 DIPK1B / AGPAT2 9g34.3 CpG Island
cg03180426 SAPCD2 9934.3 CpG Island

a Train set (n = 573)
100%-

O
<D( 75%+ /\A

50%-

25 50 75 100
Time (months)

[+

100%
75%
8 50%
25%

0% p <0.0001

0 50 100 150 200 250

Time (months)
Cumulative number of events

low-MRP

(0= 472) 2 34 46 51 52 53
high-MRP

0 39 44 44 44 44

(n=101)

Test set (n = 190)

100% Mortality predictors

= Traditional risk
- MRP

/Q
o /¥
<D( 75%-

50%-

T
25 50 75 100
Time (months)

100%

75%

A 50%
G 50%
25%
0% p < 0.0001
0 50 100 150 200 250
Time (months)
Cumulative number of events
low-MRP
(= 159) 1 8 13 15 15 15
high-MRP

0 15 15 15 15 15

(n= 31)

Fig. 4 Time-Dependent AUCs and OS Kaplan-Meier Plots for Overall Survival Prediction. a-b Time-dependent AUCs representing the accuracy

of the different classifiers (cox regression) in the prediction of OS for the training a and test b sets. The red line represents the cox model based

on standard risk groups, the blue line represents the cox model based on the mortality risk predictor (MRP) and the purple line represents the cox
model integrating both methods. ¢-d OS Kaplan-Meier plots for the high-MRP (coral line) and the low-MRP (blue line) groups, as determined

by the surv_cutpoint MRP optimal cut-off, in the training c and test d sets

in the high-MRP group (p-value<0.001, Fig. 5a, Addi-
tional file 2: Table S4). Along the same line, we employed
the low- and high-RRP dichotomization, but no signifi-
cant difference in RFS was observed between the groups

(p-value 0.14, Fig. 5b, Additional file 2: Table S4). Hence,
we used the MRP groups to investigate if the MRP
dichotomization could be predictive of relapse, which
resulted in significant differences in RFS between the
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a b c
o t‘—-‘nmw - -
75% 75% 75%
» » »
O 50% & 50% & 50%
25% 25% 25%
0% p =0.00037 0% p=0.14 0% p = 0.00086
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Time (months) Time (months) Time (months)
Cumulative number of events Cumulative number of events Cumulative number of events
low-MRP low-RRP low-MRP
(0= 295 22 25 25 25 (0 198 15 21 21 21 (0= 295 21 30 30 30
high-MR 15 19 20 20 high-RR 23 28 29 29 [oh MR 17 19 20 20
(n= 89 (n=186)

Fig. 5 Kaplan-Meier plots for overall and relapse-free survival in the ind

(n=89)

ependent dataset. a-c Kaplan-Meier plots for a overall survival (OS) and b-c

relapse-free survival (RFS) in the independent dataset a OS differences between the high-MRP; (coral line) and low-MRP (blue line) groups. b RFS
differences between patients assigned by the model to the high-RRP, (coral line) and low-RRP, (blue line) groups. ¢ RFS differences between patients

assigned to the high-MRP (coral line) and low-MRP (blue line) groups

low-MRP and low-RRP group (p-value<0.001; Fig. 5c,
Additional file 2: Table S4).

Patient characteristics associated with epigenetic risk

Based on the current ICC system for ALL subtyping [47]
we grouped the 1,147 ALL patients from the training,
test, and validation sets using the latest molecular classi-
fication. The frequencies of the cytogenetic profiles were
consistent with those described across other ALL cohorts
[1, 48-51]. Using the dichotomized MRP cut-point,

Train set
(n=573)

each sample set visualized by the MRP grouping (Fig. 6).
Patients in the high-MRP group had a tendency to dis-
play to the known high risk molecular subtypes (T-ALL,
BCR:ABLI, KMT2A-r, hypodiploid, and MEF2D-r),
while low-risk molecular subtypes (HeH, ETV6::RUNX1,
and PAX5-alteration) were more frequent in the low-
MRP group. Patients denoted as B-other were split
between the high-MRP and low-MRP groups. Notably, in
the independent cohort, patients characterized by stand-
ard-risk cytogenetic aberrations, such as high hyperploid

Test set
(n =190)

Independent set
(n = 384)

= Low Mortality risk predictor

® High
Relapse! i =i P
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Molecular
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Fig. 6 Clinical outcome and molecular subtypes of patients in the train (|

Patients
left, n=573), test (center, n=190) and independent datasets (right, n=384).

The patients were sorted by the mortality risk predictor (MRP) groups (high/low, x-axis). Clinical annotations, including relapse, mortality, clinical risk

groups, NOPHO treatment protocol, sex and age are provided as annotat
subtypes (y-axis) are denoted as gray vertical lines on the heatmap plots

ion bars, color-coded according to the figure legend. Patient molecular
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and ETV6:RUNXI, were assigned to the high-MRP
group.

Discussion

This study provides evidence that DNA methylation sig-
natures analyzed using ML algorithms offer a promising
avenue for personalized risk stratification in pediatric
ALL patients. Our model effectively predicted patient
risk using a small set of CpG sites, demonstrating an
improvement over conventional prognostic approaches.
Integration of the ML predictors with the conventional
clinical risk score resulted in enhanced overall perfor-
mance. Notably, the mortality risk predictor (MRP) out-
performed the relapse risk predictor (RRP), potentially
indicating the superior predictive ability of DNA methyl-
ation patterns in assessing biological risk. Importantly, for
patients initially treated with low or standard-risk proto-
cols who later relapsed and received intensified therapy, a
substantial fraction achieved complete response. Hence,
risk-associated DNA methylation signatures could help
identify highly refractory patients who are unlikely to
respond adequately to salvage chemotherapeutics.

Significant research efforts have been devoted to
improve ALL prognostication using relevant clinical
annotation from large cohorts. For example Enshaei et al.
used data from four different trials involving thousands
of ALL patients for the development of a continuous risk
model based on white cell count at diagnosis, cytogenet-
ics and end-of-induction MRD [47]. Despite promising
results, the main limitation of this approach relies on the
inclusion of post-induction MRD status, which impedes
its application at the moment of diagnosis. Newer thera-
peutic approaches may try to optimize treatment since
the beginning, which might limit the probability of devel-
oping clonal diversity as a driver of chemorrafractoriness
[52]. In this regard, several previous reports have proved
the usefulness of DNA methylation signatures deter-
mined at diagnosis to classify ALL patients into differ-
ent molecular [26, 40] and prognostic subgroups [35, 53].
The present results indicate that DNA methylation signa-
tures hold prognostic value in pediatric ALL regardless of
the use of risk-adapted protocols that include cytogenet-
ics, immunophenotype and MRD assessment.

A pivotal achievement of our investigation is the suc-
cessful determination of the optimal cut-point for the
MRP score. This critical threshold proficiently deline-
ates a poor-prognosis group across all analyzed cohorts,
underscoring the robustness and universal applicability
of the MRP in risk stratification. While partially aligned
with prevailing cytogenetic and molecular classifica-
tions, the MRP algorithm reconfigures risk groups with
enhanced efficiency. This reclassification not only cor-
roborates the established risk factors but also refines
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them, thereby presenting a more nuanced and potentially
more accurate landscape of risk stratification in pediatric
ALL.

The main advantage of our approach relates to the large
sample size and the long-follow up of the patients. One
limitation of our study, however, is the lower predictive
performance of the RRP in the Nordic [40] independent
validation set. The training set originated from Nordic
patients treated on either the NOPHO-92 or NOPHO-
2000 protocols, in which MRD measurements were not
used to guide the indication of allo-HCT [6, 16]. On the
contrary, MRD analysis was performed at days 29 and 79
post-induction to select candidates for allo-HCT in the
NOPHO-2008 protocol [12]. Differences in treatment
between the protocols may explain the lower reproduc-
ibility of the RRP, and further highlights the importance
that MRD analysis plays in treatment stratification.
Regardless, the prognostic value of our MRP was repli-
cated in the cohort of patients treated on NOPHO-2008,
indicating that our methylation-based MRP identifies
patients who will succumb to their disease despite MRD-
guided approaches. Future studies evaluating this meth-
odology should pursue its potential enrichment with
MRD data for risk stratification. Another relevant issue is
the absence of a comparison between prognostic classifi-
cations based on integrative genomic profiling data. Such
a comparison could be beneficial for evaluating different
methods and refining the methodology further [54].

The translation of epigenetic biomarkers into clini-
cal practice has been limited, with only a few successful
examples in oncology [55]. DNA methylation is not cur-
rently performed in the clinical management for ALL,
and consequently its implementation into the clinical
routine will need a progressive adaptation [2]. Further-
more, optimizing epigenetic biomarkers for clinical use is
not straightforward, and several factors need to be con-
sidered, such as genomic region selection, accurate DNA
methylation measurements, confounding parameter
identification, standardized data analysis, efficient turna-
round time, and cost considerations [56]. However, the
incorporation of DNA methylation signatures could offer
a deeper layer of biological complexity, thereby facili-
tating more informed clinical decisions and potentially
transforming patient care.

In conclusion, our research presents two innovative
models utilizing DNA methylation data for predicting
relapse and mortality risk (RRP and MRP) in pediatric
ALL. These models surpass traditional cytogenetic and
clinical prognostic methods in risk stratification. They
also demonstrate potential synergies with diagnostic
clinical data, enhancing their predictive performance.
Our findings reveal that DNA methylation signatures,
analyzed through ML, are reliable predictors of patient
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outcomes in pediatric ALL. Particularly, the MRP’s
capacity to extend beyond established markers exem-
plifies its transformative potential in clinical decision-
making, suggesting more personalized and effective
treatment approaches for pediatric ALL.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513148-024-01662-6.

Additional file 1: Fig. S1. a) Out-of-bag (OOB) estimations of RFS for
each patient in the training set. Each line represents the RFS probability
for each patient at different time points. b) Cumulative Risk Probability
Score (CRPS) plots for the estimation of RFS in the training set (orange
line) and stratified according to each of the relapse risk quartiles derived
by the model (black lines). Fig. S2. Heatmaps DNA methylation beta
values for each CpG site included in the relapse risk predictor (RRP). DNA
methylation values of the 16 CpG dinucleotides included in the RRP in
the training (a) and test (b) sets are plotted. Lateral bar plots represent
the RRP score an DNAm risk group assigned to each patient. Fig. S3. a)
Out-of-bag (OOB) estimations for OS for each patient in the training set.
Each line represents the OS probability for each patient at different time
points. b) CRPS plots for the estimation of OS in the training set (orange
line) and stratified according to each of the mortality risk quartiles derived
by the model (black lines). Fig. S4. Heatmap plots representing the

DNA methylation beta values of each CpG included in the mortality risk
predictor (MRP). DNA methylation values of the 53 CpG sites included in
the MRP in the training (a) and test (b) sets are plotted. Lateral bar plots
represent the MRP score and the DNAm risk group assigned to each
patient. Fig. S5. a) Kaplan—Meier estimate for overall survival (OS) with
95% confidence interval (Cl) for the independent dataset. b) Kaplan-Meier
estimate for relapse-free survival (RFS) with 95% confidence interval (Cl)
for the independent dataset.

Additional file 2: Table S1. Cytogenetic classifications at the time of ALL
diagnosis for the patients in the training and test sets. Table S2. C-indexes
of the different random forest models evaluated for the prediction of RFS
and OS. Table S3. Variable importance values for each of the CpGs in the
relapse risk predictor (RRP). CpGs are listed in decreasing order of impor-
tance. Table S4. Patient distribution across the low- and high- relapse risk
or mortality risk predictor (RRP/MRP) groups after applying cut-offs on

the train, test and independent datasets. a) Low and high-RRP groups in
response to relapse as outcome, b) low and high-MRP groups in response
to relapse as outcome and ¢) low and high-MRP groups in response to
death as outcome. Univariate cox regression was conducted to assess

the effect of the RRP/MRP-based dichotomization on patient outcome.
Table S5. Variable importance values for each of the CpGs in the final
mortality risk predictor (MRP). Variables are depicted in decreasing order of
importance. Table S6. Revised molecular subtype annotation analyzed by
Krali et al. Table S7. C-indexes of the MRP in the independent dataset.
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