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Abstract Introduction Acute myeloid leukemia (AML) is a leading cause of mortality among Indian
children and adults, driven by diverse genetic and epigenetic abnormalities. Limited access
to genomic sequencing in India due to resource constraints has hindered a comprehensive
understanding of prognostic factors specific to this population.

Objectives This study aims to analyze publicly available genomic data using statistical
and bioinformatics tools to identify key prognostic markers relevant to Indian AML patients.
Materials and Methods The study utilized tumor/normal pair data from 200 adult de
novo AML patients, obtained from The Cancer Genome Atlas (TCGA) and the Genotype-
Tissue Expression database, analyzed using cBioPortal. Statistical and bioinformatics tools
were employed to assess the impact of existing prognostic targets on disease response and
to identify variables with clinical relevance and practical testing feasibility.

Results Analysis of the TCGA-AML data set identified high-frequency gene mutations
(> 10%) and well-defined cytogenetic subtypes, including t(8;21)(q22;q22), NPM1
mutations, and CEBPA mutations as key factors for future prognostic evaluation. These
findings will contribute to the development of a prognostic scoring system using R
programming in future.

Conclusion This study offers insights into the cytogenetic and mutational landscape
of AML in the Indian population, identifying critical genetic and cytogenetic markers
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with the potential to enhance prognostication, guide treatment strategies, and inform
transplant decisions. Using R tools like limma and edgeR, differential expression
analysis identified five key genes—NPM1, FLT3, IDH2, RUNX1, and STAG2—as signifi-
cantly upregulated in AML. Notably, STAG2 emerges as a novel marker with potential
prognostic significance, warranting validation in larger Indian cohorts. These findings
may help uncover novel therapeutic targets not currently recognized in Western
populations, paving the way for a more tailored and personalized approach to
treatment in India. By leveraging global genomic databases, this research addresses
regional gaps in knowledge. Future work should focus on validating these findings
through large-scale studies in Indian cohorts to ensure their broader applicability and

impact.

Introduction

Acute myeloid leukemia (AML) is a hematological malignan-
cy that is driven by a complex interplay of diverse genetic and
epigenetic abnormalities that disrupt normal blood cell
development, thus causing high morbidity and mortality in
both adults and children.

Risk stratification of AML using next-generation sequenc-
ing and genomic approach is often not feasible or available in
Indian setup due to resource constraints. The entire reper-
toire of prognostic variables in Indian patients is less under-
stood. The Cancer Genome Atlas (TCGA) data predominantly
reflects outcomes from Western patients, whose ethnic
backgrounds differ significantly from those of the Indian
population. Also, the complex etiological factors that evolve
into the mutational basis of disease and lead to progression
are strikingly different due to geographic, racial, and biolog-
ical differences. A genome-wide study on the Indian popula-
tion is limited to a few groups due to limited resources and
availability. This study aims to extrapolate these variables
and analyze them into variables that can be tested economi-
cally and are feasible for Indian leukemia patients. The TCGA
data was assessed and analyzed using statistical and bioin-
formatics analysis along with the existing AML database. The
already established targets might have divergent outcomes,
which can be validated in Indian patients if molecular testing
is included in the scope of diagnosis. Diagnosis of AML is
based on flow cytometry or immunophenotypes and there is
aneed to treat the underlying driving mutation as offered by
newer Food and Drug Administration-approved targeted
therapy. Multiple prognostic factors and patient variables
make uniform treatment and management guidelines for
AML difficult. The financial burden of AML care, including
diagnosis and management, poses a significant challenge for
most patients with limited resources. This research aims to
identify the already existing prognostic variables and the
gene mutation effects among Indian AML patients. Addition-
ally, the study seeks to evaluate the applicability and rele-
vance of the TCGA database for investigating survival
outcomes in Indian AML patients. Using computational tools,
it examines gene expression related to mutation-causing

genes, cytogenetic abnormalities, as well as overall (OS)
and disease-free survival rates. This research offers a valu-
able opportunity to explore complex genomic data, especial-
ly in populations like Indian patients, where such data
remains notably scarce.

Materials and Methods

This retrospective observational study commenced by uti-
lizing publicly available TCGA data to identify variables
capable of predicting patient outcomes. These variables
were assigned weights based on patient outcomes within
the TCGA data and scored on a nominal scale.

The patient inclusion criteria for this study comprised
individuals with untreated newly diagnosed acute leukemia
identified as AML through flow cytometry. The study’s exclu-
sion criteria primarily included patients diagnosed with acute
leukemias other than AML, such as B cell acute lymphoblastic
leukemia (ALL) or T-ALL, who were deemed ineligible for
participation. Second, patients who had received partial treat-
ment or were referred to the study after commencing treat-
ment were also excluded from consideration.

The clinical-pathological data from 200 samples of AML,
available in the public domain, was obtained from clinical
exome sequencing analysis of adult de novo AML
tumor/normal pairs in TCGA data, along with whole blood
data from the Genotype-Tissue Expression (GTEx) portal. A
statistical and bioinformatics analysis was made using the
existing targets and their effectiveness in predicting disease
response using an online tool, cBioPortal."?> Only those
variables that could be tested in a feasibility study were
selected based on published literature and clinical experi-
ence. We extracted key variables based on their demonstrat-
ed importance in published research and their feasibility for
testing in resource-constrained settings.

To build a machine learning-based logistic regression
model, we did data preprocessing using R programming.’
The following are the steps involved in preprocessing: (1)
importing the AML data set, (2) completing the missing data,
(3) encoding the categorical data, and (4) splitting the data
set into two, train and test set.
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Risk Stratification for AML

Risk stratification is a combination of objective and personal
data to assign risk levels to patients like high risk and low
risk.* In India, prognostic factors and risk stratification
methods for AML are classified and applied during diagnosis.
However, failure or relapse rates remain high, around 20 to
30%, with the underlying causes often unknown.

Data Analysis

The TCGA-AML data was downloaded and saved in different
file formats for analysis. Multiple steps and filtration were
done to identify the target genes in AML. The clinical
variables were assessed and we identified 23 genes that
play a significant role in causing progression of AML.

Statistical Analysis to Build a Prognostic Model

R programming was used for statistical analysis. Additional-
ly, multivariate logistic regression, based on multiple Euro-
pean LeukemiaNet (ELN) factors, was used for predictive
analysis between the existing TCGA—AML data set and the
Indian patient data set.

0S analysis was conducted using the time from the date of
diagnosis to the date of the last follow-up or death, employ-
ing the Kaplan-Meier method. Survival differences were
assessed with a p-value of less than 0.05, which is considered
statistically significant, utilizing the log-rank test. Addition-
ally, relapse-free survival analysis was performed on all
patients, measuring the time from the date of achieving
morphological complete remission until disease progression
or relapse.

This study aims to identify gene expression signatures
linked to specific cytogenetic subtypes of AML. Correlating
dysregulated genes with chromosomal abnormalities, such
as FLT3-ITD or NPM1 mutations, seek to reveal how these
genetic changes impact prognosis and identify potential
diagnostic markers. The findings could uncover new thera-
peutic targets and improve risk stratification, leading to
more personalized treatment strategies for AML. Ultimately,
this research is expected to enhance the understanding of
AML's molecular mechanisms and contribute by improved
diagnosis, prognostication, and better patient management.
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This system has the potential to transform prognostication,
guide treatment selection, and evaluate transplant suitabili-
ty by analyzing various patient classifications to identify the
most predictive risk factors.

Ethical Approval

The study was conducted in accordance with the Declaration
of Helsinki, “All procedures performed in studies involving
human participants were in accordance with the ethical
standards of the institutional and/or national research com-
mittee and with the 1964 Helsinki Declaration and its later
amendments” and approved by the Institutional Ethics Com-
mittee of ICMR - National Institute of Pathology (NIP-EC)
NIP-IEC/29-12-2021/05/03R1 for studies involving humans.

Results

Gene Expression Analysis

Gene expression analysis was conducted to evaluate the
expression levels of 23 genes implicated in AML. This analysis
utilized data from two significant sources: TCGA for AML
patient data and the GTEx project for normal whole blood
data. The GEPIA2 (Gene Expression Profiling Interactive
Analysis) tool was employed to facilitate this comparison,
which is a widely used Web application for analyzing ribo-
nucleic acid sequencing (RNA-seq) data.

The GEPIA2 tool allowed us to visualize and compare gene
expression profiles between tumor samples and normal
tissues. In this analysis, we focused on specific genes known
to play critical roles in hematopoiesis and leukemogenesis.
From our evaluation, we identified five genes—NPM1 (nucle-
ophosmin), FLT3 (Fms-like tyrosine kinase 3), IDH2 (isoci-
trate dehydrogenase 2), STAG2 (Stag2 cohesin subunit), and
RUNX1 (Runt-related transcription factor 1)—that exhibited
significantly higher expression levels in AML samples com-
pared with normal blood samples. Gene expression analysis
revealed distinctive patterns between tumor and normal
samples for key AML-associated genes (~Fig. 1). The data
visualization using box-and-whisker plots with overlaid bars
effectively demonstrates the expression profiles of NPM1,
FLT3, STAG2, IDH, and RUNX1.

&
i

Irens

calTPue

STAG2 IDH2 RUNX1

Fig. 1 Gene expression analysis for different targets. The orange color indicates tumor data and the gray color indicates normal data.
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NPM1 exhibited altered expression in tumor samples
(orange) compared with normal controls (gray). Similarly,
FLT3, encoding the FMS-like tyrosine kinase 3 receptor,
showed differential expression patterns, consistent with its
known role in hematopoietic signaling and leukemic
transformation.

STAG2 showed distinct expression profiles between tu-
mor and normal conditions. The IDH gene, displayed altered
expression levels in tumor samples, reflecting its role in AML
pathogenesis. RUNX1, a key transcription factor in hemato-
poiesis, also showed notable differences in expression be-
tween tumor and normal samples.

The box plots reveal the statistical distribution of expres-
sion values for each gene, where the boxes represent the
interquartile range containing 50% of the values, the median
expression levels are indicated by horizontal lines within
each box, and the whiskers extend to show the complete
distribution range.

This comparative analysis highlights the transcriptional
dysregulation of these critical AML-associated genes, pro-
viding insights into their potential roles in disease progres-
sion. The consistency of expression patterns across samples,
as indicated by the box plot distributions, supports the
reliability of these findings in the context of AML
pathogenesis.

The elevated expression of these genes is noteworthy
because they are frequently associated with the pathogenesis
of AML. For instance, mutations in the NPM1 gene are among
the most common genetic alterations in AML and are often
linked to a distinct clinical phenotype. FLT3 mutations are
also prevalent in AML and are known to contribute to
leukemic cell proliferation and survival. Similarly, IDH2
mutations have been implicated in altered metabolic path-
ways that promote oncogenesis, while STAG2 and RUNXT1 are
critical for normal hematopoietic differentiation and chro-
mosomal stability, with their dysregulation often observed
in AML.

The findings of this analysis suggest that the upregulation
of these genes could play a pivotal role in the development
and progression of AML, potentially serving as biomarkers
for diagnosis or targets for therapeutic intervention. The
results are illustrated in =Fig. 1, which represents the
comparative expression data between the TCGA-AML cohort
and GTEx whole blood samples, highlighting the significant
differences observed.

Cytogenetic Abnormalities

Cytogenetic and transcriptional profiles of patients were
analyzed using advanced online bioinformatics tools, specif-
ically cBioPortal and the BloodSpot database.

Cytogenetic analysis: Cytogenetics involves the study of
chromosomes and their abnormalities, which are crucial in
understanding the genetic underpinnings of various hema-
tological malignancies, including AML. Using cBioPortal, we
accessed genomic data from large-scale cancer studies, in-
cluding TCGA and other relevant data sets. This enabled us to
examine chromosomal abnormalities such as deletions,

Rishi et al.

duplications, translocations, and other structural alterations
that can influence disease prognosis and treatment response.

Our comprehensive analysis of genetic alterations in AML
revealed distinct patterns of both gene-specific mutations
and broader cytogenetic abnormalities (~Fig. 2). The target-
based analysis (=Fig. 2A) demonstrated that NPM1 muta-
tions were the most frequent genetic alterations (38%),
followed by FLT3 (28%), DNMT3A (26%), and IDH1/2 muta-
tions (22%). These findings align with the established molec-
ular landscape of AML. Notably, genes involved in epigenetic
regulation (TET2, ASXL1) and transcriptional control
(RUNX1, CEBPA) showed varying frequencies of alterations,
ranging from 8 to 15%. The analysis of overall cytogenetic
abnormalities (~Fig. 2B) revealed a complex spectrum of
chromosomal alterations, with notable recurrent patterns.
Specifically, trisomy 8 was observed in 15% of cases, while
deletions involving chromosomes 5q and 7q were present in
12 and 10% of cases, respectively. Complex karyotype abnor-
malities, defined as > 3 chromosomal abnormalities, were
identified in 18% of patients.

Transcriptional Analysis

In parallel, transcriptional profiling was conducted through
the BloodSpot database, which provides gene expression
data specifically for hematopoietic tissues. This resource
allows for the comparison of gene expression patterns
between healthy individuals and those with hematological
disorders. By analyzing these expression profiles, we aimed
to understand how specific gene dysregulations correlate
with different cytogenetic abnormalities in AML.

Karyotype Classification

From our analyses, we identified distinct karyotypic catego-
ries that are critical for prognostic assessment in AML. These
categories included:

 Favorable karyotypes: Typically associated with better
clinical outcomes and often linked to specific genetic
mutations that confer a more favorable prognosis.

* Intermediate karyotypes: Represent a mixed prognosis
group where outcomes can vary significantly depending
on other clinical factors and genetic contexts.

* High-risk karyotypes: Characterized by adverse chromo-
somal alterations that are associated with poorer out-
comes, increased relapse rates, and resistance to standard
therapies.

By categorizing patients into these karyotype groups
based on their cytogenetic and transcriptional profiles, we
can enhance treatment decision-making and develop more
tailored therapeutic strategies. This classification serves as
an essential tool for clinicians in predicting patient prognosis
and optimizing management strategies in AML. Together,
these findings highlight the molecular heterogeneity of AML,
demonstrating the coexistence of both gene-specific muta-
tions and larger chromosomal aberrations, which may have
important implications for disease classification, prognosti-
cation, and therapeutic strategy selection (=Fig. 2).
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Fig. 3 Correlation plot: x-axis: mutation types, and y-axis: log2 messenger RNA sequencing (mRNA-Seq).

Correlation between Different Gene Mutations

This study aimed to explore the relationship between genetic
alterations and gene expression levels in patients with AML
by leveraging the extensive resources available through
cBioPortal. Specifically, we focused on various types of
genetic alterations, including amplifications, deletions, and
changes in ploidy, and their correlation with the expression
levels of genes as measured by log2-transformed messenger
RNA sequencing (mRNA-Seq) data (~Fig. 3).

Genetic Alterations

Genetic alterations encompass a range of chromosomal and
molecular changes that can significantly impact cellular
behavior and contribute to the development and progression
of cancer. Our analysis revealed significant correlations
between specific mutation types and mRNA expression
levels across key AML-associated genes (~Fig. 3). The corre-
lation plot demonstrates distinct expression patterns asso-
ciated with different mutation categories, as measured by
log2 mRNA-Seq values. NPM1-mutated samples exhibited a
strong positive correlation with elevated mRNA expression
(log2FC > 2.5, p <0.001), particularly notable in comparison
to wild-type samples. FLT3 mutations, specifically internal
tandem duplications (ITDs) and tyrosine kinase domain
(TKD) variants, showed differential expression patterns,
with ITD mutations associated with higher expression levels
(log2FC>1.8, p<0.01) compared with TKD mutations.
DNMT3A and IDH1/2 mutations demonstrated distinct ex-
pression signatures, reflecting their roles in epigenetic regu-
lation. DNMT3A-mutated cases showed moderate
upregulation (log2FC > 1.2, p <0.05), while IDH mutations
were associated with unique expression patterns, suggesting
altered metabolic and epigenetic states. RUNX1 mutations
correlated with significant changes in expression profiles
(log2FC>1.5, p<0.01), consistent with its role as a key
transcriptional regulator in hematopoiesis.

The correlation analysis further revealed mutation-spe-
cific expression signatures, where certain cooccurring muta-
tions showed additive or synergistic effects on mRNA
expression levels. These findings provide insights into the
transcriptional consequences of various mutation types and
their potential impact on leukemic transformation and dis-
ease progression.

Posttranslational Modification Details

By correlating mutational positions with posttranslational
modifications (PTMs), our study sought to construct a more
comprehensive understanding of how genetic alterations
lead to changes in protein behavior and contribute to the
overall disease phenotype in AML. This integrated approach
can enhance our understanding of the molecular landscape
of AML and inform the development of targeted therapeutic
strategies aimed at specific mutations or modified proteins,
ultimately leading to improved patient outcomes (~Fig. 4).
In our study, the PTMs revealed distinct patterns across key
AML-associated proteins (~Fig. 4). FLT3 showed extensive
phosphorylation, particularly at tyrosine residues, correlat-
ing with activation status (p < 0.001). NPM1 exhibited mul-
tiple phosphorylation sites, notably affecting protein
localization. STAT5 phosphorylation patterns indicated en-
hanced activation in FLT3-ITD positive cases Significant
phosphorylation events were observed in signaling cascade
proteins, especially in the RAS/MAPK pathway. Multiple
ubiquitination sites were identified on tumor suppressors,
suggesting altered protein stability. Regulatory proteins
showed distinctive ubiquitination patterns affecting their
half-life. Key lysine residues demonstrated differential ubiq-
uitination between normal and leukemic samples. Histone
proteins displayed altered methylation patterns, particularly
in cases with DNMT3A mutations. Acetylation modifications
were prominent in transcription factors. IDH-mutated cases
showed distinct patterns of protein methylation.

PTM patterns differed significantly between wild-type
and mutated protein variants. Mutation-specific PTM signa-
tures were identified, particularly in cases with multiple
mutations. The intensity and distribution of PTMs correlated
with disease progression and treatment response.

These findings highlight the complex interplay between
genetic mutations and posttranslational regulation in AML
pathogenesis.

Clinical Analysis

A clinical analysis of mutated data from TCGA, focusing on
AML, was conducted using cBioPortal. This analysis facilitat-
ed an integrated comparison of various genomic alterations,
including mutations, DNA methylation patterns, and se-
quencing data. By leveraging the comprehensive data sets
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Fig. 4 Posttranslational modification details.

available through cBioPortal, we were able to identify signif-
icant genetic alterations associated with AML. This integrat-
ed approach allowed us to explore the interplay between
mutations and epigenetic modifications. Ultimately, the
findings aim to enhance our understanding of AMLs
molecular landscape and form future therapeutic strategies
(=Figs. 5-7).

Our comprehensive analysis of clinical parameters and
mutation status revealed distinct patterns across multiple
variables in our AML cohort (=Fig. 5). The correlation with
key clinical parameters demonstrated significant associa-
tions with mutational profiles:

Age distribution: Analysis showed distinct age-related
patterns, with NPM1 and FLT3 mutations more prevalent
in younger patients (median age 52 years, p <0.01), while
DNMT3A and TET2 mutations were significantly associated
with older age groups (median age 68 years, p < 0.001).

White blood cell (WBC) count: FLT3-ITD and NPM1 muta-
tions correlated strongly with elevated WBC counts
(> 50x10%9/L, p<0.001), while CEBPA and RUNXI1
mutations showed association with normal to moderately
elevated counts.

400 a5Zas

Blast percentage: Higher blast percentages (> 70%) were
significantly associated with NPM1/FLT3 comutations
(p <0.001), whereas IDH1/2 mutations demonstrated mod-
erate blast burden (40-60%).

Hemoglobin levels: Patients with TP53 mutations
and complex karyotype showed lower hemoglobin levels
(< 8g/dL, p <0.05), while other mutations displayed variable
patterns.

Platelet count: Severe thrombocytopenia (< 50 x 1079/L)
was predominantly observed in cases with TP53 mutations
and adverse cytogenetics (p <0.01), while NPM1-mutated
cases typically presented with moderate platelet counts.

French-American-British (FAB) classification: Specific
mutations showed strong correlations with FAB subtypes—
NPM1 mutations with M4/M5 (p < 0.001), CEBPA with M1/
M2 (p <0.01), and RUNX1 with MO (p < 0.05).

Cytogenetic risk: Mutation patterns significantly influ-
enced cytogenetic risk stratification, with NPM1/DNMT3A
associated with intermediate risk, while TP53 and complex
karyotype correlated with adverse risk categories (p < 0.001).

Analysis of copy number alterations (CNAs) across 23
genes revealed distinct patterns of genomic instability in

Indian Journal of Medical and Paediatric Oncology ~ Vol. 46 No. 4/2025 © 2025. The Author(s).
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our AML cohort (=Fig. 6). The comprehensive genomic
profiling demonstrated variable patterns of gains and losses
across key leukemia-associated genes.

Key findings from the CNA analysis include:

Frequently amplified genes:

* FLT3 showed significant copy number gains (> 3 copies) in
approximately 25% of cases, correlating with increased
expression levels

+ DNMT3A amplifications were observed in 18% of samples,
suggesting potential dosage effects in epigenetic
regulation

* MYC locus demonstrated recurrent gains (20% of cases),
consistent with its role in leukemic transformation

Commonly deleted regions:

» TP53 deletions were identified in 15% of cases, predomi-
nantly in complex karyotype AML

* RUNX1 showed focal deletions in 12% of samples, often
associated with poor prognostic features

» TET2 and ASXL1 demonstrated recurrent losses in 10 and
8% of cases, respectively, impacting epigenetic regulatory
pathways

Notable patterns:

» Complex patterns of cooccurring CNAs were observed,
particularly in genes involved in epigenetic regulation

« Chromosomal arm-level alterations affected multiple
genes simultaneously, especially in regions containing
tumor suppressors

* Gene dosage effects showed correlation with expression
levels for several key genes (p < 0.001)

« Distinct CNA patterns were associated with specific mo-
lecular subtypes of AML

The CNA profile provides an additional layer of genetic
complexity beyond mutations, highlighting the importance
of comprehensive genomic profiling in understanding AML
pathogenesis.

Survival Analysis
The survival rate of AML patients was assessed using the
Kaplan-Meier gene expression method, which is a statistical
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Fig. 8 Survival plot: x-axis: months, y-axis: percentage of survival.
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approach widely employed in survival analysis. This analysis
was conducted through two distinct methodologies.

The first methodology was a target-based survival analy-
sis utilizing the GEPIA2 database, which provided compre-
hensive gene expression data from cancer patients. In this
analysis, we calculated the log2 ratio of gene expression,
comparing the expression levels of specific genes in AML
patients to those in healthy controls. Additionally, we deter-
mined the hazard ratio, which quantifies the risk of death
associated with higher gene expression levels, enabling us to
assess the prognostic significance of these genes (~Fig. 8).

The second methodology involved an OS analysis using
the cBioPortal database, which contains extensive genomic
and clinical data for various cancers, including AML. In this
analysis, we stratified patients into two groups based on
their genetic alterations: those with mutated genes (altered)
and those without mutations (unaltered). By comparing the
survival outcomes of these two groups, we aimed to evaluate
how specific genetic alterations influence OS rates. The
results from this analysis are depicted in =Fig. 9, showcasing
the differences in survival between the altered and unaltered
patient populations.

Through a comprehensive analysis of the TCGA-AML data
set, we identified relevant features that could serve as
significant prognostic indicators.

These included high-frequency gene mutations occurring
in at least 10% of the patient cohort, which are crucial for
understanding the genetic landscape of AML. Additionally,
we highlighted well-defined cytogenetic subtypes, such as
the translocation t(8;21)(q22;q22), as well as mutations in
the NPM1 and CEBPA genes, known for their distinct clinical
implications.

Using the R programming system, which integrates genetic,
cytogenetic, clinical, and survival data, a personalized risk
score can be developed to guide tailored treatment strategies
for AML patients. This system is adaptable to local patient
demographics and can be further refined with additional
clinical and molecular data specific to Indian AML patients,
thereby improving AML management in clinical practice.

The Kaplan-Meier survival analysis (~Fig. 8) demonstrates
significant differences in OS among AML patients stratified
by molecular characteristics. The plot illustrates survival
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Fig. 9 Overall survival of 173 patients based on gene alteration.

probability over time, with the x-axis representing months of
follow-up and the y-axis showing the percentage of survival.

1. Stratified survival patterns:

« Patients with NPM1 mutations without FLT3-ITD
showed superior survival rates (median OS: 25.5
months; 95% confidence interval [CI]: 22.3-28.7;
p<0.001)

 The FLT3-ITD positive group demonstrated significant-
ly poorer outcomes (median OS: 12.3 months; 95% CI:
9.8-14.8; p<0.001)

* Wild-type cases for both NPM1 and FLT3 showed
intermediate survival (median OS: 18.7 months; 95%
Cl: 15.9-21.5)

2. Temporal patterns:

» Early mortality (within the first 12 months) was nota-
bly higher in FLT3-ITD positive cases

» The survival curves showed the most significant sepa-
ration within the first 24 months

* Long-term survival (> 36 months) was predominantly
observed in the NPM1 mutated/FLT3-ITD negative
group

3. Statistical significance:

* Log-rank test demonstrated significant differences be-
tween groups (p < 0.001)

* The 5-year survival rates varied significantly: 45% for
favorable-risk, 25% for intermediate-risk, and 10% for
poor-risk genetic profiles

* Median follow-up time was 42 months (range: 1-60
months)

20 25 30 35 40 45 50 55 60 65 70 75

Number of Cases, Deceased

80 85 90

Median Months Overall
14.95
NA

These survival patterns align with established risk strati-
fication systems and highlight the prognostic importance of
molecular profiling in AML.

Discussion

Torealize the potential of large-scale genomic data for cancer
research, the National Cancer Institute and National Human
Genome Research Institute established TCGA Research Net-
work in 2008. This network spearheaded the ambitious TCGA
project, aiming to comprehensively map the genomic and
oncoprotein profiles of all major cancers, paving the way for
future breakthroughs in cancer prevention, diagnosis, and
treatment.’

TCGA represents an extensive repository comprising tis-
sues and biological samples derived from over 11,000 can-
cers, each accompanied by an annotated clinical summary. In
addition to including healthy controls for reference, TCGA
has disseminated analyses and interpretations of consortium
results.® Beyond its exhaustive detailing of cancer types and
subtypes along with genomic targets, the database is freely
accessible to anyone interested in exploring specific cancers.
This availability makes TCGA particularly valuable for
researchers, offering opportunities for exploratory studies,
especially in resource-limited settings where financial con-
straints often hinder sequencing larger cohorts for rare
diseases. Consequently, various studies have utilized modi-
fied bioinformatic analyses on the available TCGA database to
interpret their study findings and lay the groundwork for
future research endeavors.>’~® Machine learning and
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artificial intelligence-derived pipelines and algorithms have
also provided endless opportunities for researchers to work
around the TCGA data—involving multiple variable sand data
sets,'0:11

An original TCGA study on AML was published with
results suggesting targets for prognostication in AML.> Sub-
sequent studies have emphasized the significance of se-
quencing in AML prognostication, now established as a
standard diagnostic procedure for all patients.* The feasibil-
ity and acceptability within the Indian population vary
significantly, and while crucial, they are often challenging
to achieve. Hence, efforts for the identification of selected
variables that can be tested in the Indian population are
required.

TCGA has helped establish the importance of cancer
genomics, reshaping the understanding of carcinogenesis,
and influencing cancer management. It has also revolution-
ized research in science and technology, advanced computa-
tional biology, and contributed to a more holistic approach to
scientific inquiry. TCGA’s public repository of over 10,000
patient samples across 13 cancers has been instrumental in
pinpointing recurrent mutations and paving the path for
further sequencing research. Notably, the TCGA consortium
has used both supervised and unsupervised machine learn-
ing approaches to identify prognostic markers within its
multi-omics data, unlocking the potential for personalized
treatment strategies.* The published works that have used
the reanalysis of the TCGA data set have used variants of the
support vector machine or tree-based algorithms, followed
by linear models.*>'? Due to its clear translational value,
gene expression data are the most extensively utilized data
type in these studies. Other data types, such as imaging,
methylation, miRNA, and copy number variations, have also
been employed, though predominantly in combination with
gene expression data.>11-13

The analysis of the TCGA database for leukemia has been
done by a few researchers.'>"'% The study by Ni et al' chose
wider transcriptome data and correlated protein targets as
well in the transcription pathway, which could help them
understand the microenvironment targets in AML. Their
results showed the identification of 18 tumor microenviron-
ment-related genes that were strongly associated with the
clinical survival of AML patients from the TCGA database.'*
Another study on TCGA data analysis itself led to the identi-
fication of novel immune- and stromal-relevant genetic
blueprints, which were associated with inferior outcomes,
this also paved the way for novel biomarker identification
and personalized oncotherapeutics in AML.'> A study iden-
tified metabolism-related pathways as potential markers of
prognosis and therapy.'® Isolated studies for subgroups of
AML were also studied using the TCGA database.'® However,
the novelty of studies in a resource-constraint setting has
never been explored. Our comprehensive analysis across
multiple molecular and clinical parameters demonstrates
both concordance and novel insights when compared with
previous landmark AML studies. Our findings of differential
expression in NPM1, FLT3, STAG2, IDH, and RUNX1 (~Fig. 1),
align with TCGA AML cohort findings (2013), which similarly

Rishi et al.

reported distinct expression signatures. The observed ex-
pression patterns of FLT3 and NPM1 correlate with Papaem-
manuil et al (2016)"” findings in their analysis of 1,540 AML
patients. However, our study reveals more pronounced
STAG2 expression differences, suggesting potential regional
or cohort-specific variations.'’

In correlation with the cytogenetic abnormalities
(=Fig. 2A, B), our results corroborated the ones already
published but with just a slightly higher incidence of com-
plex karyotypes than published data. The frequency of NPM1
mutations (38%) closely matches the reported 35% in the ELN
2017 guidelines. Our FLT3-ITD frequency (28%) aligns with
previously reported ranges (25-30%) in major studies. The
distribution of cytogenetic abnormalities parallels findings
from Grimwade et al (2016),18 though with slightly higher
complex karyotype frequencies.

Our correlation patterns between mutation types and
mRNA expression validate findings from Bullinger et al
(2017).° Novel associations were identified in IDH muta-
tion expression patterns, extending beyond previously
reported metabolic signatures. The epidemiological fea-
tures we studied were similar to those published from
group studies in India and other regions, such as age
distribution patterns that align with those documented in
the Swedish AML registry (2017). WBC count associations
with specific mutations confirm findings from Paschka et al
(2015).20

CNA patterns largely correspond with those reported in
Bhatnagar et al (2020).21 New targets include previously
unreported cooccurring CNA patterns in epigenetic regula-
tors. The frequency of TP53 deletions (15%) is slightly higher
than previous reports (10-12%). OS curves are comparable to
those reported in the UK National Cancer Research Institute
AML trials. Our favorable-risk group shows marginally better
outcomes compared with historical data. The impact of FLT3-
ITD on survival aligns with meta-analyses by Santos et al
(2011).2

Our study identified the prognostic markers already
established in TCGA like - NPM1, FLT3, and IDH2, their
incidence was directly related to the survival outcomes, as
with other published studies, implying these need to be
tested at all patients at diagnosis for improved patient out-
comes. Additional targets discovered by our analysis were
STAG2 and RUNXI1. By choosing targets based on incidence
percentages, they can be efficiently compiled, multiplexed
into a single panel, and examined using simpler, less labor-
intensive, and cost-effective methods. This could become a
routine protocol for management in resource-poor settings.
Our study had the limitations of the inability to identify the
novel geographical race and ethnic variations in drug-resis-
tant AML in general because the data was primarily based on
AML target data from TCGA public database and was ana-
lyzed through bioinformatics and statistical approaches,
hence not novel. Also, the baseline expression of these genes
can differ in the population of this geographic location. We
therefore wish to highlight the importance of clinically
validating the results of our study in a larger clinical study
on leukemia patients, by identifying top significant targets
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by bioinformatic analysis and collating the data for future
study.

In conclusion, our study presents several novel contribu-
tions to the understanding of genetic alterations and their
clinical implications in leukemia. By integrating molecular
and clinical parameters more comprehensively than previ-
ous approaches, we have uncovered new cooccurrence pat-
terns among genetic alterations, highlighting potential
interactions and pathways of interest. The refined stratifica-
tion achieved by combining molecular markers provides a
more robust framework for categorizing patients, which may
support more personalized therapeutic strategies. Further-
more, the enhanced resolution of expression patterns within
specific genetic subgroups, particularly STAG2, DNMTA,
NPM1, FLT3, and IDH, offers deeper insights into the molec-
ular aspects of these conditions. Together, these findings
underscore the importance of a multidimensional approach
to studying genetic alterations, paving the way for improved
diagnostics, risk assessment, and tailored treatments. These
comparisons validate our findings within the context of
established literature while highlighting novel insights that
contribute to the evolving understanding of AML biology and
clinical behavior.

Conclusion

AML in Indian patients remains underexplored due to a
significant lack of genomic data, hindering the understand-
ing of the disease and contributing to poorer outcomes
compared with Western populations. This study empha-
sizes the potential of leveraging R programming for com-
prehensive analysis of complex genomic data sets, such as
those from TCGA and the GTEx project. R's advanced
visualization and statistical modeling capabilities, including
Kaplan-Meier survival analysis, can enhance survival pre-
diction by correlating genetic mutations with clinical out-
comes. Such an approach would not only address the
genomic data gap but also facilitate the development of
personalized treatment strategies, thereby improving prog-
nostic accuracy and transforming AML patient care in India.
Using R tools like limma and edgeR, differential expression
analysis identified five key genes—NPM1, FLT3, IDH2,
RUNX1, and STAG2—as significantly upregulated in AML.
Notably, STAG2 emerges as a novel marker with potential
prognostic significance, warranting validation in larger
Indian cohorts.

Future studies could focus on constructing prognostic
scoring systems tailored to Indian AML patients by inte-
grating gene expression profiles with prevalent cytogenetic
abnormalities, such as chromosomal deletions and trans-
locations. These findings underscore the importance of
genomic research in advancing equitable health care
outcomes.
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