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Abstract

Genetic factors driving the development of pediatric Acute Lymphoblastic Leukemia (ALL) remain incompletely
understood. While epigenetic dysregulation through histone methyltransferases and demethylases has emerged as a
critical oncogenic mechanism, their specific contributions to pediatric ALL require systematic investigation. In this study,
we systematically investigated genetic variants in histone methyltransferases and demethylase found in top 50 mutated
genes from TARGET ALL Phase 2 cohort. Single nucleotide variations were functionally annotated using PredictSNP
and [-Mutant2.0, followed by survival analysis and pathway enrichment studies comparing mutated versus wild-type
patients. KMT2D, NSD2, SETD2, EZH2 (methyltransferases), and KDM6A (demethylase), ranked among the most
frequently mutated genes. Multiple frameshift and nonsense mutations were identified in these genes, likely resulting in
truncated proteins and loss of function. Critically, missense variants in EZH2 (F145C, R679C, P132T, D652G, A576D,
S280C, Y728H, C566S), KDM6A (G1242D), NSD2 (E1099K, D1125H), and SETD2 (G2170D, R1592Q) were
computationally predicted as deleterious and destabilizing. Although survival analysis revealed no statistically significant
differences (p = 0.37), mutation carriers exhibited a 44% increased mortality risk, suggesting clinical relevance despite
limited sample size (n = 35). Gene set enrichment analysis of differentially expressed genes revealed significant activation
of hematopoietic cell lineage pathways in mutated patients. Our findings underscore the importance of histone
methyltransferase and demethylase gene variants in pediatric ALL, particularly novel mutations affecting protein function
and stability that remain poorly characterized in the literature. This study identifies candidate mutations that warrant
further functional and clinical investigation for their role in disease progression and therapeutic targeting.
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Introduction

Acute lymphoblastic leukemia (ALL) is the
predominant cancer in children, accounting for
approximately 75% - 80% of all pediatric acute
leukemia cases [1,2]. This disease is characterized by

the uncontrolled proliferation of immature lymphoid

progenitor cells in the bone marrow and extramedullary
sites, disrupting normal blood cell production and
causing severe clinical symptoms [3,4]. While
advancements in treatment have improved 5-year
survival rates [5], pediatric ALL remains a biologically

diverse disease with genetically and phenotypically
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heterogeneous leukemic subclones [6]. In particular, the
genetic factors driving its development are still not fully
understood. Identifying the genetic variants involved in
pediatric ALL is critical for uncovering new therapeutic
targets and improving outcomes for affected children.

Recent research has increasingly highlighted that
genetic variations influence cancer risk and shape tumor
mutational profiles [7], particularly through their impact
on key cellular processes such as chromatin
modification and epigenetic regulation [8]. Protein
methyltransferases and demethylases are critical
enzymes central to this epigenetic machinery,
modulating the addition and removal of methyl groups
on histone and non-histone proteins [9, 10]. These
modifications are crucial for regulating gene expression,
maintaining chromatin structure, and repairing DNA, all
processes commonly disrupted in cancer. Several
proteins in this class have been reported to be involved
in ALL regulation, such as KMT2A [11,12], PRMT7
[13], EHMT2 [14], SETD2 [15], NSD2 [16,17].
Mutations in these genes often lead to loss of function,
abnormal methylation patterns, or oncogenic
transformation.

Despite growing evidence of their role in adult
cancers, the impact of protein methyltransferase and
demethylase gene variants in pediatric ALL remains
largely unexplored. To date, no comprehensive studies
have evaluated the functional and clinical implications
of these genetic alterations of protein methyltransferases
and demethylases in pediatric leukemia. This
knowledge gap is significant, as these genes may play a
key role in the epigenetic disruptions that drive pediatric
ALL.

This study aims to systematically investigate the
genetic variants in protein methyltransferase and
demethylase genes in pediatric ALL. By examining their
mutation spectrum, functional consequences, and
potential effects on protein stability, we hope to shed
light on the roles of protein methyltransferase and
demethylase genes in pediatric ALL. Our findings could
provide valuable insights into the epigenetic
mechanisms underlying pediatric ALL and identify
potential therapeutic targets or biomarkers for disease

progression.

Materials and methods

Data collection and retrieval

The Simple Nucleotide Variation (SNV) data for
the TARGET Acute Lymphoblastic Leukemia (ALL)
Phase 2 project [18] was retrieved using the
TCGAbiolinks R package, a bioinformatics tool that
enables direct access to the NCI Genomic Data
Commons (GDC) for querying, downloading, and
performing integrative analyses [19, 20]. The data was
filtered based on the workflow type “Aliquot Ensemble
Somatic Variant Merging and Masking” to ensure high-
quality somatic variant calls. Following retrieval, the
Mutation Annotation Format (MAF) file was processed
using the maftools package to identify the top 50 most
frequently mutated genes. From this list, genes
belonging to the protein methyltransferase and
demethylase families were manually curated based on
prior literature and functional relevance, including
genes such as KMT2D, NSD2, SETD2, EZH2, and
KDMO6A. The resulting filtered data was visualized
using an oncoplot to highlight mutation frequencies and
patterns in the selected genes. All data retrieval,
processing, and visualization steps were conducted in R,
ensuring reproducibility and consistency throughout the

analysis.

Functional prediction of missense variants

To evaluate the functional impact of missense mu-
tations in key genes: KMT2D (014686), NSD2
(096028), SETD2 (Q9BYW2), EZH2 (Q15910), and
KDM6A (015550), we utilized the PredictSNP plat-
form  (https://loschmidt.chemi.muni.cz/predictsnp1/).
The amino acid sequences for each gene were retrieved
in FASTA format from the UniProt database using their
respective accession IDs. The input data included the
amino acid position and substitution for each missense

mutation.

Protein stability prediction of missense variants

To predict the impact of missense mutations on
protein stability, we utilized the I-Mutant2.0 tool [21], a
widely used support vector machine (SVM)-based
algorithm [22]. I-Mutant2.0 predicts changes in protein
stability upon single amino acid substitutions by
calculating the AAG values, which represent the change
in Gibbs free energy. Negative AAG values indicate a

decrease in protein stability, whereas positive values
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suggest an increase in stability. Each missense variant
was individually input into [-Mutant2.0 along with the
wild-type protein sequence. Predictions were performed
under default conditions, assuming a temperature of 25
°C and pH of 7.0, to simulate physiological conditions.

Survival analysis of ALL patients with
methyltransferase/demethylase gene mutations

To evaluate the clinical significance of
methyltransferase/demethylase gene alterations
pediatric ALL, we conducted a retrospective survival
analysis using genomic and clinical datasets from the
TARGET-ALL Phase II Discovery cohort, obtained
through the Genomic Data Commons via the
TCGAbiolinks R package. We examined somatic
mutations of SETD2, EZH2, KMT2D, KDM6A, and
NSD2. Mutation data were analyzed using the maftools
R package, with inclusion criteria restricted to
functionally impactful variants including missense
mutations, nonsense mutations, frameshift deletions and
insertions, splice site alterations, and in-frame
insertions/deletions. Study participants were stratified
into binary categories based on their mutational profile:
“Non-mutated” (absence of functionally relevant
mutations across all 5 target genes) and “Mutated”
(detection of one or more functionally relevant
mutations in any target gene). Patient clinical
characteristics were obtained from the TARGET-ALL
Clinical Data Supplement and integrated with genomic
data using unique patient identifiers.

Survival analysis was performed using Kaplan-
Meier methods with overall survival as the primary
endpoint, defined as time from diagnosis to death from
any cause, with surviving patients censored at last
follow-up. Survival distributions between mutated and
non-mutated groups were compared using the log-rank
test, and hazard ratios with 95% confidence intervals
were calculated using univariate Cox proportional
hazards regression. Only patients with complete
survival data (non-missing survival time, event status,
and survival time > 0 days) and definitive mutation
status were included in the analysis. All statistical
analyses were performed using R with survival and
survminer packages [23], with statistical significance set
at o= 0.05.

Exploratory gene expression analysis of ALL
patients with methyltransferase/demethylase gene
mutations

RNA-seq gene expression data for the TARGET-
ALL Phase II cohort were obtained from the Genomic
Data Commons using TCGAbiolinks R package,
specifically querying transcriptome profiling data
generated through the STAR-Counts workflow from
primary blood-derived cancer samples. Expression
count matrices were merged with clinical data and
mutation status information, resulting in a filtered
dataset of samples with concurrent genomic,
transcriptomic, and clinical data availability. Samples
were stratified into mutated and non-mutated groups
based on the presence of functionally impactful variants
in any of the 5 target methyltransferase/demethylase
genes (SETD2, EZH2, KMT2D, KDM6A, NSD2) as
previously defined. Only samples with complete
mutation status classification and RNA-seq data were
retained for differential expression analysis.

Differential gene expression analysis was
performed using the limma-voom pipeline in R. Raw
count data were processed using DGEList from the
edgeR package [24], followed by normalization factor
calculation and voom transformation using the limma
pipeline, which effectively accounts for mean-variance
relationships and has been proven superior for RNA-seq
data analysis [25,26]. A linear model was fitted using
mutation status as the primary factor, with empirical
Bayes moderation applied to improve statistical
inference. Ensembl gene identifiers were converted to
HGNC gene symbols using the org.Hs.eg.db annotation
package, with duplicate symbols resolved by selecting
the transcript with the lowest adjusted p-value.
Differentially expressed genes were classified as
upregulated (log2 fold change > 1, adjusted p-value <
0.05), downregulated (log2 fold change < —1, adjusted
p-value < 0.05), or non-significant based on established
thresholds, with false discovery rate correction applied
using the Benjamini-Hochberg method.

Expression patterns were visualized using
hierarchical clustering heatmaps generated with
ComplexHeatmap package [27], displaying Z-score
normalized expression values for the top differentially
expressed genes with mutation status annotation. Gene
Set Enrichment Analysis (GSEA) was conducted using
the clusterProfiler package [28] to identify significantly
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enriched KEGG pathways, employing a ranked gene list
based on log2 fold change values without applying
arbitrary cutoffs. All genes were ranked from highest to
lowest fold change, with ENTREZ gene identifiers used
for pathway mapping and results converted to gene
symbols for interpretation. GSEA parameters included
minimum gene set size of 15, maximum of 500, and
FDR-adjusted p-value cutoff of 0.05.

Pathway-specific gene analysis focused on the
significantly enriched pathways, extracting the 8 most
influential genes per pathway based on core enrichment
and absolute log2 fold change rankings. Gene-gene
interaction networks were constructed to visualize
shared pathway memberships, with nodes representing
genes and edges indicating co-occurrence across
multiple pathways. Network analysis was performed
using igraph [28] packages, with node sizes reflecting
pathway involvement frequency and edge weights
representing the number of shared pathways between

connected genes.

Results and discussion

Genetic alterations in protein methyltransfer-
ases and demethylases genes in pediatric ALL

From the analysis of the 50 most frequently mu-
tated genes in the TARGET ALL Phase 2 cohort
(Figure 1(A) and Table S1), 5 genes of interest were
identified: KMT2D, NSD2, SETD2, and EZH2, which
encode protein methyltransferases, and KDM6A, which
encodes a protein demethylase. These genes are critical
for epigenetic regulation, playing essential roles in

chromatin remodeling and gene expression control.

Mutations in these genes were observed in a substantial
proportion of the samples, with their frequencies shown
in Figure 1(B). Despite their potential importance, the
role of these genetic alterations remains largely
unexplored. This finding underscores the need to
investigate the genetic variants observed in pediatric
ALL patients to uncover potential driver mutations or
deleterious variants that may contribute to disease
initiation or progression.

Among the 93 samples harboring mutations in any
of the methyltransferase/demethylase genes, KMT2D
demonstrated the highest alteration frequency, being
mutated in 32 samples (34%), encompassing a diverse
spectrum of variant types including missense, nonsense,
and frameshift mutations. NSD2 ranked second with
mutations in 23 samples (25%), characterized
predominantly by missense variants. SETD2 exhibited
alterations in 19 samples (20%), including splice site,
nonsense, missense, and frameshift mutations. EZH2
mutations occurred in 14 samples (15%) and were
primarily composed of missense alterations, while
KDMO6A showed the lowest frequency with mutations
in 12 samples (13%), displaying a heterogeneous pattern
of missense, frameshift, and nonsense variants.
Although mutations were identified in 93 samples, they
corresponded to only 89 unique patients, as some
individuals had multiple samples analyzed. Taken
together, this mutational landscape underscores
KMT2D as the predominant target of genetic disruption
in pediatric ALL and highlights the differential
vulnerability of methyltransferase and demethylase

genes to distinct types of genetic alterations.
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Figure 1 Genetic alterations in protein methyltransferases and demethylases genes in TARGET ALL phase 2 cohort. (A)
The bar plot shows the top 50 mutated genes in TARGET ALL Phase 2, with protein methyltransferase/demethylase

genes highlighted in blue, while other genes are in gray. The y-axis represents the number of samples altered. (B) The

oncoplot shows the mutation distribution of 5 protein methyltransferase/demethylase genes (KMT2D, NSD2, SETD2,
EZH2, KDM6A), with KMT2D being the most frequently mutated (34%) across 93 samples.

Truncating mutations in methyltransferases
and demethylases genes

Frameshift and mutations identified in
methyltransferases and demethylases genes were
provided in Table 1. Frameshift mutations were
identified in key protein methyltransferase and
demethylase genes. KMT2D exhibited the highest
frequency of  alterations, with  frameshift
insertions/deletions and nonsense mutation such as
p.-K287Dfs*2, p.T382Hfs*2, p.Q170Afs*49, and
p.G2219 A2220insVR*, distributed across its coding
regions. KDMG6A, positioned on the X chromosome,
exhibited clustered frameshift insertions and deletions
within a narrow genomic region, including
p-R1111Gfs40, p.V1112Dfs38, and p.V1113Gfs*5,
indicative of a mutational hotspot prone to genetic
instability. A single nonsense mutation (p.W355%) was
identified in KDM6A, likely leading to loss of its
demethylase function. Notably, frameshift mutations at
residue R1111 were detected in 2 patients, while
alterations at V1113 were observed in 3 patients. The
concentration of frameshift variants within consecutive
amino acid positions (1111 -1 113) implies that this
domain may harbor critical functional motifs essential

for KDMG6A’s demethylase activity, making it a

vulnerable target for loss-of-function alterations in
pediatric ALL pathogenesis. SETD2 demonstrated
additional truncating alterations, such as frameshift
mutation p.A1851Vfs*15 and nonsense mutation
p-E1115%*. In contrast, NSD2 exhibited a more restricted
truncating mutation profile, with only a single
frameshift insertion p.F718Lfs*6 identified. Similarly,
EZH2 showed minimal truncating disruption with a
solitary frameshift insertion p.K735Efs*23.

These findings highlight a substantial truncating
mutations affecting 44 pediatric ALL patients, with
KMT2D emerging as the predominant target of genetic
disruption, harboring frameshift and nonsense mutations
in 23 patients. Remarkably, 26 distinct truncating
mutations were classified as novel or absent from
dbSNP databases, indicating previously uncharacterized
genetic alterations specific to pediatric ALL and
highlighting the critical need for expanded mutational
databases and  functional validation  studies.
Collectively, these results underscore the fundamental
role of methyltransferase and demethylase gene
disruption in pediatric ALL, with truncating mutations
representing a major mechanism of epigenetic
dysregulation that warrants further investigation as
potential therapeutic targets and prognostic biomarkers.
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Table 1 Frameshift and nonsense mutation in methyltransferase and demethylase genes.

No. Hugo Symbol Chromosome Variant Classification HGYVSp Short dbSNP RS Sample ID
1 EZH2 chr7 Frame Shift Ins p-K735Efs*23 novel TARGET-10-PATWNL
2 KDM6A chrX Frame Shift Del p.-V1113Gfs*5 novel TARGET-10-PASXIL
3 KDM6A chrX Frame Shift Ins p.VI113Ffs*10 NA TARGET-10-PASYSJ
4 KDM6A chrX Frame Shift Del p-V1112Dfs*38 novel TARGET-10-PASMNV
5 KDM6A chrX Frame Shift Ins p-V1113Gfs*40 novel TARGET-10-PASJIR
6 KDM6A chrX Frame Shift Ins p-G58Rfs*6 NA TARGET-10-PARMWH
7 KDM6A chrX Frame Shift Ins p-M12911fs*3 novel TARGET-10-PASGFH
8 KDM6A chrX Frame Shift Ins p-R1111Afs*40 novel TARGET-10-PARDWE
9 KDM6A chrX Frame Shift Ins p-R1111Gfs*40 NA TARGET-10-PARPY]J
10 KDM6A chrX Nonsense Mutation p.-W355%* NA TARGET-10-PARDLR
11 KMT2D chrl2 Frame Shift Ins p-K287Dfs*2 NA TARGET-10-PAPEFH
12 KMT2D chrl2 Frame Shift Ins p.L1461Tfs*30 novel TARGET-10-PARGFL
13 KMT2D chrl2 Frame Shift Del p.S1476Lfs*14 novel TARGET-10-PARGIJY
14 KMT2D chrl2 Frame Shift Del p.A5042P{s*9 novel TARGET-10-PARBNY
15 KMT2D chrl2 Frame Shift Ins p-G1758Pfs*29 novel TARGET-10-PARTAK
16 KMT2D chr12 Frame Shift Del p-R4546Gfs*28 novel TARGET-10-PARIIA
17 KMT2D chrl2 Frame Shift Ins p-L752Rfs*6 novel TARGET-10-PARBXX
18 KMT2D chr12 Frame Shift Del p.Y5317Ffs*27 novel TARGET-10-PARJLF
19 KMT2D chrl2 Frame Shift Ins p.R3539Dfs*121 novel TARGET-10-PAPLDL
20 KMT2D chrl2 Frame Shift Ins p-S5201Efs*43 novel TARGET-10-PARCDS
21 KMT2D chrl2 Frame Shift Ins p.E3504Gfs*4 novel TARGET-10-PANTWC
22 KMT2D chrl2 Frame Shift Ins p-L2689Pfs*4 novel TARGET-10-PAREYW
23 KMT2D chrl2 Frame Shift Ins p.S3713Lfs*38 novel TARGET-10-PARBLL
24 KMT2D chrl2 Frame Shift Ins p-L3042Pfs*8 novel TARGET-10-PASIMK
25 KMT2D chrl2 Frame Shift Ins p-T382Hfs*2 novel TARGET-10-PAPNNX
26 KMT2D chrl2 Nonsense Mutation p.Q3767* novel TARGET-10-PARBLS
27 KMT2D chrl2 Nonsense Mutation p.E3056* NA TARGET-10-PARMKK
28 KMT2D chrl2 Nonsense Mutation p-R5454* 15267607239 TARGET-10-PAPCUI
29 KMT2D chrl2 Nonsense Mutation p-Q5261* NA TARGET-10-PANTTB
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No. Hugo Symbol Chromosome Variant Classification HGVSp Short dbSNP RS Sample ID

30 KMT2D chrl2 Nonsense Mutation p-R2635* 15794727549 TARGET-10-PARCLU
31 KMT2D chrl2 Nonsense Mutation p-W1491* NA TARGET-10-PAPSPN
32 KMT2D chrl2 Nonsense Mutation p-R5097* NA TARGET-10-PATZFF
33 KMT2D chrl2 Nonsense Mutation p.G2219_A2220insVR* NA TARGET-10-PARJZZ
34 NSD2 chr4 Frame Shift Ins p-F718Lfs*6 novel TARGET-10-PASXSI
35 SETD2 chr3 Frame Shift Ins p.A1851Vfs*15 novel TARGET-10-PARGHW
36 SETD2 chr3 Frame Shift Ins p-T2388Nfs*41 11323986990 TARGET-10-PAPAZD
37 SETD2 chr3 Frame Shift Del p-Q2342Kfs*11 novel TARGET-10-PAPAMS
38 SETD2 chr3 Frame Shift Ins p.T1269Lfs*64 novel TARGET-10-PAPAGV
39 SETD2 chr3 Frame Shift Ins p.E1922Vfs*24 NA TARGET-10-PATXKW
40 SETD2 chr3 Frame Shift Del p.K1426Lfs*5 novel TARGET-10-PATGYH
41 SETD2 chr3 Frame Shift Ins p.L173Sfs*64 NA TARGET-10-PATDRC
42 SETD2 chr3 Nonsense Mutation p.-W1306* NA TARGET-10-PARTGB
43 SETD2 chr3 Nonsense Mutation p.R70* 15775039657 TARGET-10-PAPFNV
44 SETD2 chr3 Nonsense Mutation p.E1115% NA TARGET-10-PARKZX

Deleterious missense mutation prediction

Missense mutations of KMT2D, SETD2, NSD2,
EZH2, and KDM6A identified in TARGET ALL Phase
2 cohort were provided in Table S2. Critically, recurrent
mutation hotspots emerged, including NSD2 E1099K in
11 patients representing the most prevalent single amino
acid substitution, alongside additional NSD2 hotspots at
D1125 (3 patients) and T1150A (2 patients).
Meanwhile, EZH2 R679 missense mutation were also
found in 2 patients. These recurrent missense mutations
at specific amino acid residues suggest strong selective
pressure for disrupting particular functional domains,
emphasizing their potential as driver mutations in
pediatric ALL pathogenesis and highlighting NSD2
E1099K as a predominant mutational event warranting
immediate functional characterization and therapeutic
targeting.

Missense mutations in KMT2D, SETD2, NSD2,
EZH2, and KDM6A were evaluated using multiple in
silico prediction tools such as PredictSNP, MAPP, PhD-
SNP, PolyPhen-1, PolyPhen-2, SIFT, SNAP, and

PANTHER to assess their potential deleterious impact.
Each prediction tool used in this study employs distinct
algorithms to assess the functional impact of missense
mutations, providing complementary insights into
variant pathogenicity. PredictSNP, the most robust and
reliable tool, integrates results from 6 individual
predictors (MAPP, PhD-SNP, PolyPhen-1, PolyPhen-2,
SIFT, and SNAP) into a consensus classifier to
determine whether an amino acid substitution is neutral
or deleterious, improving accuracy by reducing biases
and discrepancies inherent to single methods [29,30].
Multivariate
(MAPP)
physicochemical properties like charge and polarity to
identify disruptive substitutions [31]. Predictor of

Analysis of Protein Polymorphism

analyzes evolutionary conservation and

human Deleterious Single Nucleotide Polymorphisms
(PhD-SNP) uses a machine learning-based model
trained on sequence features to classify variants as
[32].
Phenotyping (Polyphen-1 and PolyPhen-2) combine

neutral or disease-causing Polymorphism

sequence conservation and structural information, with
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PolyPhen-2 providing refined probabilistic scores [33].
Sorting Intolerant From Tolerant (SIFT) relies on
sequence homology to identify mutations at highly
conserved sites, classifying scores below 0.05 as
damaging [34,35]. Screening for Non-Acceptable
Polymorphisms (SNAP) employs a neural network to
integrate evolutionary data and functional annotations
for binary classification [36], while PANTHER uses
evolutionary  relationships and protein  family
annotations to determine the likelihood of functional
disruption [37]. Together, these tools offer a multi-
dimensional analysis of missense mutations, with
PredictSNP emerging as the most comprehensive
predictor due to its ability to consolidate individual

outputs into high-confidence consensus scores.

Based on the in silico predictions as in Figure 2,
several missense mutations were consistently classified
as deleterious across multiple tools, making them strong
candidates for further functional studies. In KMT2D, the
variant C1400Y was predicted as highly deleterious in
all available prediction tools. For SETD2 mutations,
R1592Q, R1686W, H2514R, and G2170D were
identified as potentially disruptive, with scores
consistently exceeding 0.7 in PredictSNP in the case of
R1592Q and R1686W. In NSD2, variants E1099K,
D1125H, and DI1009H stood out, particularly in
PredictSNP, PhD-SNP, PolyPhen-2 and SIFT,
suggesting significant functional impact.

SETD2 KMT2D

0.55 0.51 0.51 0.63 0.74 0.75 0.63 0.65 | 0. k 0.87 087
0.77 0.70 0.64 0.73 U.TT.O.4B 0.41 ] 0. 0.41 0.51 065 0.73 0.46 062
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Figure 2 Computational prediction for the functional disruption of missense SNPs in protein methyltransferases and

demethylase genes. Red cells indicate predicted as deleterious, blue cells represent neutral predictions, and white cells

denote missing or non-applicable data (unknown). Higher scores reflect stronger confidence in deleterious/neutral

classification.

In EZH2, the mutations F145C, R679C, P132T,
D652G, C289R, A576D, S280C, Y728H, and C566S
were strongly predicted to be deleterious, with high
consensus scores in almost all prediction tools utilized,
indicating their likely role in disrupting EZH2’s activity.
Finally, in KDM6A, the variant G1242D consistently
scored highly across PredictSNP, MAPP, PhD-SNP,
Polyphen-1 and -2, SIFT, and SNAP highlighting its
potential to impair demethylase function. These
deleterious mutations across KMT2D, SETD2, NSD2,
EZH2, and KDMG6A represent promising candidates for
further experimental validation to elucidate their impact

on epigenetic regulation and their role in the

pathogenesis of pediatric ALL.

Impact prediction of missense mutations on
protein stability

To evaluate the effect of missense mutations on
protein stability, we employed the I-Mutant2.0
prediction tool, a support vector machine (SVM)-based
algorithm that predicts the impact of amino acid
substitutions on protein stability [21]. I-Mutant2.0 uses
sequence and structural information to provide a AAG

score, where negative values indicate a decrease in
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protein stability, and positive values signify increased
stability [21]. This tool is widely used for assessing the
consequences of mutations, as protein stability is critical
for maintaining proper function and interactions.

The identified

deleterious missense SNPs were further analyzed to

previously and predicted
assess their impact on protein stability using I-
Mutant2.0. The results presented in Figure 3 show that
several mutations are predicted to significantly alter
protein stability across SETD2, NSD2, KMT2D,
KDMS6A, EZH2.
demonstrated considerable variation in the distribution

and Gene-specific  analysis

of predicted stability effects, with most of genes except
of KMT2D

mutations

showing predominantly destabilizing
3(A)).
assessment revealed a spectrum of stability impacts,

(Figure Individual —mutation
ranging from highly destabilizing mutation EZH2
D652G (AAG = —2.45 kcal/mol) to mildly stabilizing
variant KMT2D (AAG = 0.50 kcal/mol), with a median
AAG value of —0.97 kcal/mol indicating an overall
destabilizing trend (Figure 3(B)). Gene-wise profiling
revealed important differences in the mutational impact
patterns

(Figure 3(C)).
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Figure 3 Computational prediction of protein stability changes induced by missense mutations. (A) Gene-specific

distribution of predicted stability changes (AAG values) showing median values and interquartile ranges with individual

mutation effects overlaid as jittered points. Genes are ordered by median AAG values. (B) Individual mutation effects

ranked by predicted stability impact, displayed as a lollipop plot with mutations ordered from most destabilizing to most

stabilizing. (C) Gene-wise summary showing the absolute number of destabilizing (positive bars, red) and stabilizing

mutations (negative bars, blue) for each gene. The dashed horizontal line at AAG = 0 indicates the stability threshold. Red

coloring indicates destabilizing mutations (AAG < 0 kcal/mol), while blue indicates stabilizing mutations (AAG > 0

kcal/mol).

EZH2 demonstrated the most severe destabilizing
profile with 8 out of 9 mutations predicted to
compromise protein stability. EZH2, a core component
of the PRC2 chromatin-modifying complex, catalyzes
H3K27 methylation to regulate chromatin compaction
and transcriptional repression [38]. Deleterious variants
(F145C, R679C, PI132T, D652G, AS576D, S280C,
Y728H and C566S) were further predicted to
compromise protein structural stability, suggesting a
dual mechanism of EZH2 inactivation through both
catalytic disruption and protein destabilization. Among

the most notable findings, the D652G and Y728H
mutations in EZH2 show the largest decrease in protein
stability, with I-Mutant AAG scores of approximately
—2.45 —2.2  kcal/mol,

destabilizing  mutations

and respectively. These
EZH2’s
methyltransferase activity, which is critical for histone
H3 lysine 27 trimethylation (H3K27me3) and gene
repression.

In KDMB6A, the single mutation G1242D also led

to a significant decrease in stability (AAG = —2.08

may impair

kcal/mol), potentially affecting its demethylase function
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in removing H3K27 methylation. This loss of stability
could disrupt the delicate balance of methylation-
demethylation dynamics, leading to epigenetic
dysregulation. KDMO6A is expressed in hematopoietic
stem and progenitor cells (HSPCs) [39], where it acts as
a critical regulator of HSPC homeostasis [39,40],
suggesting that its disruption may contribute to aberrant
hematopoietic differentiation. Of particular interest, we
identified a frameshift mutational hotspot within
KDM6A spanning consecutive amino acid positions
1,111 1,113, indicating a potential vulnerability region
that may be preferentially targeted during leukemic
transformation.

Similarly, the R1592Q mutation in SETD2, the
sole enzyme responsible for transcription-coupled
histone H3 lysine 36 trimethylation (H3K36me3),
markedly decreases protein stability (—1.13 kcal/mol),
likely impairing its critical role in transcriptional
regulation and DNA repair [41]. In NSD2, the D1125H
mutation led to a significant decrease in stability (AAG
= —1.08), which could impair its histone
methyltransferase activity, particularly toward its
known substrate, histone H3 lysine 36 (H3K36me?2), as
well as its role in chromatin remodeling [42,43].
Interestingly, KMT2D harbored the C1400Y mutation,
resulting in a slight increase in protein stability (AAG =
0.5 kcal/mol). Although stabilizing mutations are less
common, they can still disrupt protein function by
affecting flexibility or interaction dynamics. As a
histone H3 lysine 4 (H3K4) methyltransferase,
alterations in KMT2D can trigger aberrant epigenomic
reprogramming and consequent reconfiguration of
molecular pathways [44].

Overall, these results highlight key destabilizing
mutations in EZH2 (F145C, R679C, P132T, D652G,
A576D, S280C, Y728H, C566S), KDM6A (G1242D),
NSD2 (E1099K, D1125H), and SETD2 (G2170D,
R1592Q). These mutations are likely to disrupt protein
function, leading to downstream consequences in
epigenetic regulation and transcriptional control.
Conversely, the stabilizing mutation in KMT2D
(C1400Y) warrants further investigation to understand

its biological implications. Experimental validation of
these findings will provide critical insights into the
functional impact of these variants in the context of
disease.

Survival analysis of all patients with mutations
in methyltransferase/demethylase genes

Our analysis identified 93 samples harboring
mutations in one or more of the target epigenetic
regulatory genes (KMT2D, NSD2, SETD2, EZH2, and
KDM6A) based on oncoplot visualization (Figure
1(B)). Among these, 89 patients carried functionally
impactful variants. After applying stringent data quality
filters requiring complete survival information and
definitive mutation status, the final analytical cohort
comprised of 35 patients: 24 non-mutated (68.6%) and
11 mutated (31.4%) cases.

Univariate Cox proportional hazards analysis re-
vealed that patients with methyltransferase/demethylase
gene mutations had a hazard ratio of 1.448 (95% CI:
0.641 - 3.274, p = 0.3733) compared to non-mutated
patients. Although this association did not reach
statistical significance, the hazard ratio indicates a
44.8% increased risk of death among mutated patients,
suggesting a potential adverse prognostic trend. This
clinically meaningful effect size warrants further
investigation in larger cohorts with enhanced statistical
power to definitively establish the prognostic
significance of these epigenetic alterations. Median
overall survival analysis supported this trend, with non-
mutated patients demonstrating longer survival (1,074
days; 95% CI: 645 - 1,752 days) compared to mutated
patients (846 days; 95% CI: 510-not reached) (Figure
4). This represents an absolute difference of 228 days
(approximately 7.5 months) in median survival, though
the confidence intervals overlapped considerably. The
upper confidence limit for the mutated group could not
be estimated due to insufficient events, reflecting the
limited sample size and highlighting the need for
validation in expanded patient cohorts to confirm these
preliminary survival differences.
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Figure 4 Kaplan-Meier survival analysis stratified by mutation status. Overall survival curves for patients with mutations
in any of 5 chromatin-modifying genes (SETD2, NSD2, KMT2D, KDM6A, EZH2) versus wild-type patients. Median
survival: 846 days (mutated) vs 1,047 days (wild-type/non-mutated). HR = 1.448 (95% CI: 0.641 - 3.274, p = 0.3733,

log-rank test).

Exploratory gene expression analysis of ALL
patients with methyltransferase/demethylase gene
mutations

Integration of RNA-seq expression data with
clinical and mutation information yielded a highly
limited analytical cohort of only 5 patients, comprising
3 mutated and 2 non-mutated cases. The mutated
patients harbored functionally impactful variants in 3
different genes: one patient (TARGET-10-PAPLDL)
carried a  frameshift insertion in KMT2D
(p-R3539Dfs*121, chr12:49034193-49034194), another
patient (TARGET-10-PARIAD) had a missense
mutation in NSD2 (p.E1099K, chr4:1961074), and the
third patient (TARGET-10-PARDWE) presented with 2
frameshift insertions in KDM6A (p.R1111Afs*40,
chrX:45083504-45083505 and  p.R1111Efs*40,
chrX:45083506). The remaining 2 patients (TARGET-
10-PASFXA and TARGET-10-PAKSWW) showed no
mutations in the target genes.

Differential gene expression analysis identified
minimal transcriptomic differences between mutated

and non-mutated groups, with only 80 genes (0.22%)

showing significant differential expression at the
applied thresholds ([log2FC| > 1, adjusted p-value <
0.05). Among these, 50 genes were upregulated and 30
were downregulated in the mutated group, while 36,135
genes showed no significant changes (Figure SA). The
top 10 wupregulated genes included BHLHE23,
FLJ16779, NKAIN4, LINC00689, BEST3, IRX2,
IGHA1, LDB3, IGKC, and PRKCG, representing
diverse functional categories including transcriptional
regulation (BHLHE23), immunoglobulin components
(IGHA1, IGKC), and protein kinase signaling (PRKCG)
(Figure 5(B)). Conversely, the most downregulated
genes comprised F13A1, CACNA2D4, ANKRD30B,
GSTM1, LRRCI15, CFAP221, LOC124904634,
TFAP2C, PSG4, and CDKN2A, encompassing roles in
blood coagulation (F13Al), calcium signaling
(CACNA2D4), detoxification (GSTM1), and cell cycle
regulation (CDKN2A) (Figure 5(B)).

Gene Set Enrichment Analysis (GSEA) revealed
several significantly enriched KEGG pathways. Top 5
positively enriched pathways included hematopoietic
cell lineage (NES = 2.035, p.adjust = 3.63x107%), Rap1
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signaling pathway (NES = 1.836, p.adjust =3.63x107%),
graft-versus-host disease (NES = 2.193, p.adjust =

8.88x107%), sphingolipid signaling pathway (NES
1.857, p.adjust = 1.38x107%), and hippo signaling
pathway (NES = 1.798, p.adjust = 1.38x107*) (Figure
5(C)). The enrichment of hematopoietic cell lineage and
graft-versus-host disease pathways underscores their
relevance to ALL pathogenesis, suggesting that
mutations in methyltransferase and demethylase genes,
particularly KMT2D, NSD2, and KDMG6A, may
contribute to the dysregulation of hematopoietic
differentiation and immune recognition processes.
Among the enriched KEGG pathways, the eight
most influential genes demonstrated distinct expression
patterns with significant biological implications (Figure
5(D)). PRKCG, encoding protein kinase C gamma,
exhibited the highest upregulation with a 5.84-fold
increase in the mutated group compared to non-mutated
group, participating in both Rapl and sphingolipid
signaling pathways. Additionally, CR1L, IL1A, and
HLA-DQAI1 the
hematopoietic cell lineage pathway, displaying fold
changes ranging from 3.32 to 3.5. Notably, HLA-DQA1

and IL1A established critical connections between

emerged as key drivers of

hematopoietic cell lineage and graft-versus-host disease
pathways (Figure 5(E)), although KIR2DL3 and
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KLRDI1 represented the most influential genes within
the latter.

Gene-gene interaction network analysis across the
5 enriched pathways revealed functionally significant
connectivity patterns (Figure S(E)). Two biologically
meaningful connections emerged: The Rapl and
sphingolipid signaling pathways shared 3 genes
(PLCB3, PRKCG, and GNAI1), all of which participate
in intracellular signaling cascades, while PARD6G
serves as a molecular link between the Rap1 and Hippo
signaling pathways. Furthermore, hematopoietic cell
lineage and graft-versus-host disease pathways
converged through 2 shared genes (HLA-DQAI1 and
IL1A), both essential for immune recognition and
inflammatory responses. HLA-DQA1 encodes an MHC
class II molecule critical for antigen presentation,
whereas IL1A functions as a pivotal pro-inflammatory
cytokine, suggesting that epigenetic mutations may
dysregulate immune surveillance mechanisms in
pediatric ALL. These pathway interconnections, while
requiring validation in expanded cohorts, provide
mechanistic insights into how chromatin-modifying
gene mutations potentially influence leukemogenesis
through disrupted hematopoietic differentiation and

compromised immune evasion pathways.
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Figure 5 Exploratory analysis of differentially expressed genes between patients with and without
methyltransferases/demethylase mutations. (A) Volcano plot showing log: fold change versus -logio (FDR-adjusted p-
value) for all analyzed genes. Red dots indicate significantly upregulated genes (log2FC > 1, FDR < 0.05), blue dots
represent significantly downregulated genes (log.FC < —1, FDR < 0.05), and gray dots show non-significant genes.
Dashed lines indicate significance thresholds. (B) Heatmap displaying Z-score normalized expression of the top 10 most
significantly upregulated and downregulated genes. Samples are clustered by mutation status with color-coded
annotations (green: Wild-type/non-mutated, orange: mutated) (C) Gene Set Enrichment Analysis (GSEA) results for
KEGG pathways showing normalized enrichment scores (NES) and significance levels (p-value) for enriched pathways.
(D) Bar plot of log. fold changes for the 8 most influential core enrichment genes within each significantly enriched
pathway, ranked by absolute fold change magnitude. (E) Gene-gene interaction network displaying shared genes across
enriched pathways. Node size represents the number of pathways each gene participates in, node color indicates the

primary pathway assignment, and edge thickness represents the number of shared pathways between connected genes.

Conclusions
This
methyltransferases and demethylase genes (EZH2,
KDM6A, NSD2, SETD2 and KMT2D) are frequently
mutated in pediatric ALL. KMT2D exhibited the highest
through

comprehensive analysis reveals that

mutation frequency predominantly
frameshift/nonsense alterations, while EZH2, KDM6A,
NSD2, and SETD2 harbored multiple deleterious and
destabilizing missense variants including EZH2

(F145C, R679C, P132T, D652G, AS576D, S280C,

Y728H, C566S), KDM6A (G1242D), NSD2 (E1099K,
D1125H), and SETD2 (G2170D, R1592Q). While these
mutations did not significantly impact overall survival
in the current cohort, the observed trend toward poorer
outcomes and associated alterations in immune-related
gene expression suggest potential clinical relevance that
warrants validation in larger studies. These findings
underscore the potential role of these mutations in
disrupting epigenetic regulation and contributing to
further  functional

leukemogenesis, ~ warranting
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validation to explore their significance in disease

initiation and progression.
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Table S1 Top 50 mutated genes based on the number of samples with mutations identified in pediatric ALL.
Frame Frame In In
Hugo Missense  Nonsense Mutated
No. Shift Shift Frame Frame
Symbol Mutation  Mutation Samples
Del Ins Del Ins

1 NOTCHI 16 20 6 20 126 21 159
2 NRAS 0 0 0 0 93 0 88
3 KRAS 0 0 0 1 90 1 88
4 FBXW7 0 2 0 0 72 4 59
5 PHF6 6 8 0 0 8 19 44
6 TTN 0 0 0 0 32 5 35
7 PAXS 1 4 0 2 27 1 33
8 KMT2D 7 13 0 0 1 9 32
9 PTEN 2 21 2 2 2 9 29
10 USP7 2 20 2 0 4 2 28
11 FLT3 0 0 3 3 22 1 28
12 DNM2 6 4 1 1 11 4 26
13 CREBBP 2 0 2 1 18 2 25
14 BCL11B 0 3 0 3 18 1 24
15 PTPNI1 0 0 0 0 25 0 23
16 NSD2 0 1 0 0 22 0 23
17 JAK2 0 0 0 0 23 0 22
18 SETD2 3 5 0 0 5 5 19
19 ETV6 0 10 0 0 5 4 19
20 IKZF1 0 5 0 0 13 0 17
21 TPS3 1 2 0 3 12 1 17
22 CTCF 0 9 0 1 6 1 17
23 FSIP2 0 0 0 0 14 3 17
24 JAK3 0 0 0 0 18 0 16
25 USH2A 0 0 0 0 14 2 16
26 JAK1 0 1 0 0 17 0 15
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Frame Frame In In
Hugo Missense  Nonsense  Nonstop Splice  Translation  Mutated
No. Shift Shift Frame Frame
Symbol Mutation  Mutation = Mutation Site Start Site Samples
Del Ins Del Ins
27 IL7R 0 2 1 10 2 0 0 0 0 15
28 ZFHX4 1 0 0 0 12 2 0 0 0 15
29 WTI 0 10 0 0 1 5 0 1 0 14
30 EZH2 0 1 0 0 13 0 0 0 0 14
31 MUC16 0 0 0 0 14 0 0 0 0 14
32 RYR2 0 0 0 0 14 0 0 0 0 14
33 MYB 1 4 0 3 7 0 0 0 0 13
34 PIK3RI1 1 0 2 5 5 0 0 1 0 13
35 FCGBP 0 1 0 0 11 1 0 0 0 13
36 RPL10 0 0 0 0 13 0 0 0 0 13
37 STAT5B 0 0 0 0 13 0 0 0 0 13
38 KDM6A 2 7 1 0 2 1 0 0 0 12
39 CCND3 0 8 1 0 3 0 0 0 0 12
40 CSMD3 0 0 0 0 11 1 0 0 0 12
41 DNAH9 0 0 0 0 12 0 0 0 0 12
42 MEDI12 1 1 0 1 4 3 0 2 0 12
43 PCLO 0 0 0 0 11 1 0 0 0 12
44 UNC80 0 0 0 0 9 3 0 0 0 12
45 MUC17 0 0 0 0 13 0 0 0 0 11
46 LEF1 1 7 0 0 2 2 0 0 0 11
47 PCDHACI 1 0 0 0 10 0 0 0 0 11
48 SYNEL1 0 0 0 0 10 1 0 0 0 11
49 UBA2 2 0 0 0 6 1 0 2 0 11

50 NF1 0 2 0 1 2 5 0 1 0 10
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Table S2 Missense mutation in methyltransferases and demethylase genes.

Hugo Variant
No. Chromosome HGVSp Short dbSNP RS Sample ID
Symbol Classification
1 EZH2 chr7 Missense Mutation p-Y728H NA TARGET-10-PATNIA
2 EZH2 chr7 Missense Mutation p-C289R NA TARGET-10-PATYJK
3 EZH2 chr7 Missense Mutation p-Q648K NA TARGET-10-PATITB
4 EZH2 chr7 Missense Mutation p.S280C NA TARGET-10-PARSET
5 EZH2 chr7 Missense Mutation p-R679C 1587783626 TARGET-10-PATHJF
6 EZH2 chr7 Missense Mutation p.D652G NA TARGET-10-PASKSY
7 EZH2 chr7 Missense Mutation p-R679H NA TARGET-10-PASYCN
8 EZH2 chr7 Missense Mutation p.E740K 1s397515548 TARGET-10-PATALJ
9 EZH2 chr7 Missense Mutation p.P132T NA TARGET-10-PARUKW
10 EZH2 chr7 Missense Mutation p.P558L NA TARGET-10-PAUBPY
11 EZH2 chr7 Missense Mutation p.A576D NA TARGET-10-PAPFZL
12 EZH2 chr7 Missense Mutation p.C5668 NA TARGET-10-PATKYI
13 EZH2 chr7 Missense Mutation p.F145C NA TARGET-10-PARFKD
14 KDM6A chrX Missense Mutation p-G1242D NA TARGET-10-PASKXN
15 KDM6A chrX Missense Mutation p-S418C NA TARGET-10-PATXAL
16 KMT2D chrl2 Missense Mutation p.C1400Y novel TARGET-10-PATHRF
17 NSD2 chr4 Missense Mutation p-E1099K 1s772470710 TARGET-10-PARFTR
18 NSD2 chr4 Missense Mutation p.E1099K rs772470710 TARGET-10-PARCDZ
19 NSD2 chr4 Missense Mutation p-E1099K 1s772470710 TARGET-10-PANTRY
20 NSD2 chr4 Missense Mutation p.E1099K rs772470710 TARGET-10-PAREWE
21 NSD2 chr4 Missense Mutation p.D1125G NA TARGET-10-PAPEZL
22 NSD2 chr4 Missense Mutation p-E1099K 1s772470710 TARGET-10-PAPGMT
23 NSD2 chr4 Missense Mutation p.E1099K 15772470710 TARGET-10-PAPDSW
24 NSD2 chr4 Missense Mutation p-E1099K 1s772470710 TARGET-10-PARERS
25 NSD2 chr4 Missense Mutation p.H1284Y novel TARGET-10-PANWKM
26 NSD2 chr4 Missense Mutation p.D1125H NA TARGET-10-PAPCJR
27 NSD2 chr4 Missense Mutation p-E1099K 1s772470710 TARGET-10-PANWIJR

28 NSD2 chr4 Missense Mutation p.E1099K 15772470710 TARGET-10-PARIAD
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Hugo Variant
No. Chromosome HGVSp Short dbSNP RS Sample ID
Symbol Classification

29 NSD2 chr4 Missense Mutation p-E368Q novel TARGET-10-PANTZE
30 NSD2 chr4 Missense Mutation p.E1099K 1772470710 TARGET-10-PAPHED
31 NSD2 chr4 Missense Mutation p.D1125N NA TARGET-10-PAPIIX
32 NSD2 chr4 Missense Mutation p-D1009H novel TARGET-10-PAPCPB
33 NSD2 chr4 Missense Mutation p.E1099K 1s772470710 TARGET-10-PARBPX
34 NSD2 chr4 Missense Mutation p.TI150A NA TARGET-10-PARCMG
35 NSD2 chr4 Missense Mutation p.T1150A NA TARGET-10-PASLZM
36 SETD2 chr3 Missense Mutation p-R1686W NA TARGET-10-PANVIB
37 SETD2 chr3 Missense Mutation p.H2514R NA TARGET-10-PARJYV
38 SETD2 chr3 Missense Mutation p.S762C novel TARGET-10-PANTCR




