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Abstract 

Acute myeloid leukemia (AML) is a heterogeneous hematologic malignancy with genomic 

alterations, which differ and affect the prognosis and response to treatment. One of the most 

important issues is the dilemma on whether to include the whole-molecule profiling in the 

clinical decision-making.  It was a retrospective cohort study where 312 patients with newly-

diagnosed de novo AML were involved and received a comprehensive genomic profile in the 

form of next-generation sequencing panel of 54 genes. The dynamics of clonal architecture and 

the methodologies of detection of the remaining disease as well as patterns of co-mutation were 

studied. Multivariate Cox regression, machine learning algorithms and graph neural networks 

were used to create prognostic models. The mutation was also recurrent with highest percentage 

of 94.6 as the highest percentages of NPM1, DNMT3A and FLT3 which had highest 

percentages of 28.5, 26.9 and 24.4 respectively. Molecular risk stratification (54 gene) was 

much better compared to ELN 2022, and had a very-high-risk subgroup with a median overall 

survival of 8.4 months. TP53 (HR 3.24), ASXL1 (HR 2.18) and RUNX1 (HR 1.96) are reported 

to be the most bad prognostic markers and CEBPA bZIP (HR 0.52) and NPM1 (HR 0.58) have 

good results. Co-mutation analysis showed that there were significant pairwise associations, 

such as that between NPM1 and FLT3-ITD (OR 3.42) and that TP53 and NPM1 mutually 

exclude each other (OR 0.12). Longitudinal clonal analysis revealed that CHIP-related 

mutations continued to exist with treatment and the diversity of the clones at relapse with a 

significant increase. Sensitivity (10 -6) and concordance (89.4): NGS with error-corrected 

technique demonstrated a good sensitivity and a good concordance. The largest predictive 

accuracy of treatment response (AUROC 0.912) was achieved with the use of graph neural 

networks with mutational networks. The broad-based genomic investigation, which covers 

mutational, clonal and co-mutation can greatly contribute to the prognostic stratification and 

therapy of AML. These findings support the idea that the multi-gene NGS panel and analysis 

of the clonal architecture should be implemented into the routine to simplify the precision 

medicine plans. 
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INTRODUCTION

Acute myeloid leukemia (AML) is a 

diverse blood cancer. It entails an expedited 

proliferation of abnormal myeloid 

progenitor cells. This presents a challenge 

to the blood production and morbidity and 

mortality are high (Xie et al., 2025). Many 

genetic changes have been discovered, with 

the aid of complex molecular techniques. 

The changes are essential to enhance 

classification, prognosis, as well as targeted 

treatments in AML (Lanza et al., 2025). A 

better understanding of the biology of AML 

and advances in the field of genomic 

analysis have allowed introducing certain 

changes in genes into the prognostic models 

with certainty. This assists to make clinical 

decisions (Li et al., 2020). Next-generation 

sequencing now has been extended to 

whole mutation profiling. It determines a 

wide range of genetic mutations which may 

lead to AML and determine the reaction to 

the treatment (Achi and Kanagal-

Shamanna, 2021). It is one of the necessary 

molecular classification that is significant 

to precision medicine AML(Rehman et al., 

2025). It enables custom-made remedies 

depending on the genetic mutation and 

abnormality on the chromosomes of 

particular patients (Marconi et al., 2023). 

Other improvement of diagnostic methods 

are also underway such as multiparametric 

flow cytometry, and quantitative PCR/RT-

PCR. They enhance sensitivity and 

specificity of detection of genetic issues 

and hence facilitates in the diagnosis of 

these at an early phase of the disease and 

remedies up the rest of the disease (Debnath 

& Nath, 2024). These and other complex 

parameters like genetic, 

immunophenotypic, and morphological 

parameters became the components of the 

present-day classification and treatment 

guidelines in AML (Ally and Chen, 2024; 

Shimony et al., 2023). But it is not yet an 

easy task to determine what prognostic 

factors can be universally applied, even 

nowadays. The latter can be explained by a 

complicated interaction of patient- and 

disease-specific factors, the quick alteration 

of genetic knowledge and interventions 

(Boscaro et al., 2023). However, the 

identification of the NPM1, FLT3, CEBPA, 

RAS, WT1, and TP53 various genomic 

profiles and mutations acquired have 

played a significant role in the 

characterization of AML, and impacted 

decision-making and prognosis of 

treatment (Siamakpour-Reihani et al., 

2022). In all new AML, European 

LeukemiaNet (2022) guidelines 

recommend the use of screening with over 

ten molecular markers. They involve FLT3, 

NPM1, CEBPA, and RUNX1 and other 

combinations and mutations of the 

https://brrjournal.com/index.php/BRR/index


BIOSCIENCES RESEARCH REVIEWS  75 

 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.  (CC BY 4.0)   
SYNERGY EDUCATIONAL LEARNING INSTITUTE (SMC-PRIVATE) LIMITED 

 

Vol: 3 -- Issue: 1, 2026 

chromosomes to understand the risk 

stratification and treatment (Yahya et al., 

2025). Newly discovered gene mutations, 

such as DNMT3a, *IDH1/IDH2, TET2 and 

ASXL1 will further confirm that AML 

genetics is a complex matter and that they 

are assuming a rather active role in the 

diagnostics and prognosis (Ilyas et al., 

2015; Qin, 2021). These molecular 

understanding have also prompted the 

creation of targeted therapies. They are 

getting progressively introduced into 

chemotherapy, and are in clinical trials 

(Döhner et al., 2022; Park, 2024). This has 

highly clarified the AML genetics, and has 

revolutionized the prognosis and treatment 

(Jain et al., 2025). Besides 

cytomorphology, the emergence of 

molecular genetics (especially in the case 

where the patient has a normal karyotype) 

has altered entirely the nature of 

characterization, classification and 

prognosis of the AML. This would entail 

carrying out a follow-up of further gene 

mutations to carry out a comprehensive risk 

evaluation (Ricciardi et al., 2010). NPM1 

mutations are highly prevalent and the 

mutations of CSF3R, TET2, TP53, ASXL1, 

DNMT3A and RUNX1 are more prone to 

cause poor overall survival and high relapse 

(Elfatih et al., 2025). The fact that there are 

mutations in some genes that co-occur with 

DNMT3A mutations in AML such as 

NPM1 mutation and FLT3 mutation and 

CBL and SRSF2 mutation in TET2 and 

ASXL1 mutation, implies that the mutation 

patterns are complex and associated with 

the development and treatment response 

(Chow et al., 2025). Therefore, a multi-

gene panel next-generation sequencing that 

is typically a global genomic profiling is 

necessary during the search of actionable 

mutations and suitable risk-stratification of 

AML patients at diagnosis (Achi et al., 

2021; Shahid et al., 2020). It is a step by 

step process, which involves a cutting edge 

sequencing technology, and which is 

accurate in identifying the genetic defects. 

It will result in the enhanced knowledge of 

the disease course and individual treatment 

(Cho, 2024). The accuracy oncology is a 

molecular-guided one which enables 

clinicians to go beyond conventional 

chemotherapy. It allows targeted therapy to 

treat the genetic susceptibility of AML in 

the individual patient, and may result in 

better outcomes and minimize the treatment 

toxicity. NGS continues to uncover disease-

causing pathophysiology, not previously 

known, such as new somatic mutations, 

such as SF3B1, IDH1, IDH2, DNMT3A, 

MYD88 and MLL2. They play an 

important role in the early diagnosis, risk 

stratification and personal therapy of AML 

(Braggio et al., 2013). This is particularly 

crucial since in elderly AML patients, the 

most common mutations, such as TET2, 

DNMT3A, NPM1, SRSF2, and ASXL1, 
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are commonly found and potentially affect 

the prognosis and treatment options 

(Banskota et al., 2020). Others of them 

prove that even to 73 percent of the patients 

have variants with implications to risk 

stratification or targeted therapy, and, 

hence, it is necessary to conduct the whole 

genetic analysis (Sargas et al., 2020). The 

degree of given mutations is different with 

age. The mutation in TET2, ASXL1 and 

DNMT3A is more common and mutations 

in signaling pathways are more common in 

young individuals (Tarlock et al., 2018; 

Wurm et al., 2024). The application of state 

of the art sequencing technology such as 

next-generation sequencing has brought 

more awareness on the molecular 

pathogenesis of AML. It shows that one 

sample of AML might contain many 

mutations, most of which are in the coding 

regions, and could be regarded as driver 

mutations (Lohse et al., 2018). This is a 

cumbersome manner of defining genome 

that is very important in determining 

provenience of AML. Primary mutations 

such as SRSF2, SF3B1, U2AF1, ZRSR2, 

ASXL1, EZH2, BCOR and STAG2 have 

secondary AML and have a dismal 

prognosis (Horibata et al., 2020). This is a 

crucial aspect of whole-cell profiling that 

can be used to identify the practical 

vulnerabilities and formulate solutions 

tailored to the patient, which opens the 

opportunities of personalized medicine in 

AML (Doehner et al., 2021). Next-

generation sequencing has also been used to 

identify the recurring somatic mutations in 

more than 90 percent of patients of AML. 

FLT3, NPM1, DNMT3A, IDH1, IDH2, 

TET2, RUNX1, TP53, NRAS, CEBPA, 

and WT1 mutations are more common 

(Kantarjian et al., 2021). 

METHODOLOGY 

It is an observational cohort study that is 

retrospective in nature and major issue is 

the translation of the comprehensive 

genomic profiling to the definite prognostic 

stratification and treatment decision of the 

acute myeloid leukemia (AML) patients. 

The overall objective is to determine the 

rate, co-mutation and prognostic impact of 

a large-volume panel of clinically pertinent 

gene mutations in a real world cohort of 

recently diagnosed AML patients on a 

single next-generation sequencing (NGS)-

based diagnostics workflow. The second 

aim is to determine the correlation between 

the congruence of this molecular risk 

grouping and clinical outcome, thus, 

exploring the usefulness of the entire 

genomic data in the refining already extant 

European LeukemiaNet (ELN) risk 

stratification model. The cohort of the study 

includes adult patients (≥18 years) with a 

diagnosis of de novo AML based on the 

2022 World Health Organization 

classification criteria in a tertiary care 
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facility between January 2020 and 

December 2024. There was an inclusion 

criterion to have etiological homogeneity 

which meant that it had to have acute 

promyelocytic leukemia (APL) patients 

with a t(15;17) (q24;q21) PML:RARA 

translocation, secondary AML that had 

acquired a history of etiologically 

homogeneous myelodysplastic syndrome 

or myeloprolliferative ne At the time of 

diagnosis before any therapeutic 

intervention, bone marrow aspirates were 

taken. Multiparametric flow cytometry 

with a full set of antibodies (CD34, CD117, 

HLA-DR, CD13, CD33, CD14, CD64, 

CD11b, CD7, CD56 and CD19) was used 

to determine the number of blasts and 

aberrant use of markers. In the meantime, 

G-banded metaphase cells of unstimulated 

cultures of bone marrow received 

traditional cytogenetics. Karyotypes are 

referred to as per the International System 

of Human Cytogenetic Nomenclature 

(ISCN) 2020. The genomic DNA and RNA 

were extracted together in the same 

diagnostic bone marrow aspirate sample 

with an automated system. The quality and 

quantity of nucleic acids was determined by 

spectrophotometric and fluorometric. 

Broad mutational profiling was done by 

using a focused set of NGS panel that spans 

all of the coding exons and other important 

intronic areas of 54 genes frequently 

mutated in myeloid malignancies. It has but 

not is limited to such panel: NPM1, FLT3, 

CEBPA, RUNX1, TET2, ASXL1, NRAS, 

KRAS, WT1, SRF2, U2AF1, ZRSR A 

approved pipeline (including Variants were 

filtered to common polymorphisms 

(population allele frequency < 0.01) and 

low quality (sequencing quality). They 

were reported to have an allele frequency 

(VAF) of 2% or higher with specific 

emphasis on FLT3-internal tandem 

duplications (ITD), which was analyzed by 

a combination of fragment analysis and an 

algorithmic method based on NGS to 

estimate what proportion of mutant to wild-

type. The FLT3-ITD allelic ratio (AR) was 

obtained, by dividing the area under the 

mutant product by the sum of the mutant 

and wild type product which was: 

The statistical analysis, where the risks 

were clustered, according to cytogenetic 

data, and molecular data, which may be 

accessed on the NGS panel, was carried out 

by patients. The overall survival (OS) was 

the number of days between the diagnosis 

of any cause and death, and was censored 

by the latest date of any follow up of the 
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patient, who was alive. The survival 

without any events (EFS) was the time 

period between the diagnosis and the 

occurrence of the refractory disease, relapse 

or death of any cause. The OS and EFS of 

the overall cohort and subgroups based on 

each of the individual mutations, the co-

mutation pattern and co-mutation with ELN 

2022 risk groups were estimated by 

developing Kaplan-Meier survival curves. 

The univariate comparisons of the survival 

distributions were done using the log-rank 

test. The prognostic impact of the 

individual mutations and other clinical 

covariates like the age, white blood cells at 

the diagnosis stage and the performance 

status were analyzed using Univariate and 

multivariate Cox proportional hazards 

regression models. Cox proportional 

hazards model is given as: 

 

Logistic regression was used in defining the 

correlation between the mutational status 

and achievement of complete remission 

(CR) following induction chemotherapy. 

Competing risk analysis that the death in 

complete remission was a competing event 

was used to estimate the cumulative 

incidence of relapse (CIR). Comparison of 

CIR in the groups was done based on Gray 

test. Statistical tests were put at 0.05 which 

was the level of significance and 2sided 

tests. R software (4.3.0) was used to 

perform statistical analysis with pertinent 

packages on survival analysis and 

competing risks. 

To eliminate the problem of intricate 

interaction of mutation, co-mutation 

network analysis was done. The pairwise 

relations of mutations present in at least 5% 

of cohort and numerous comparisons with 

the correction of the BenjaminiHochberg 

method were tested using Fisher exact test. 

The huge association was considered to be 

less than 0.10 false discovery rate (FDR). In 

addition, the effect of the clonal 

architecture was calculated with the VAF of 

mutations as well. To determine the 

sequence of mutation acquisition, a 

Bayesian hierarchical model was used to 

make inferences, separating the supposedly 

early (founder) mutations (which are 

generally those with high VAF) and later 

(subclonal) mutations. In this model, it has 

been approximated that the distribution of 

VAF of the mutation is used to determine 

the probability of the specific mutation 

being a clonal mutation. A short review of 

these analysis methods, such as descriptive 

genomics, probability modeling and 

survival analysis of the clonal hierarchy 

will provide an effective paradigm to think 
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about the clinical utility of full genomics 

information and, in the process, answer the 

most important research question: how to 

maximize the molecularly-informed 

precision medicine in AML. 

RESULTS 

The C-index of the standard ELN risk 

stratification with integrated molecular 

model is 0.791 compared to ELN 2022 with 

integrating molecular model of 0.738 and 

Table 1 demonstrates that more successful 

is the use of integrated molecular models of 

complete data of 54 genes panels. Table 2 

shows that TP53, ASXL1 and RUNX1 

mutations have the highest risk of overall 

survival; however, NPM1 and CEBPA 

mutations are quite protective as well. 

Table 3 indicates that error-corrected NGS 

is better in terms of sensitivity (10 -6 ) and 

concordance (89.4 ) in detecting MRD as 

opposed to traditional methods. The most 

prominent co-mutation patterns have been 

highlighted in Table 4 and, co-occurrence 

of the mutations is denoted 

by *NPM1+FLT3*-ITD, and the worst 

prognostic synergy has been denoted 

by *TP53+ASXL1. As indicated in Table 

5, the target therapies react differently and 

gilteritinib in FLT3-ITD and revumentinib 

in KMT2A-rearranged AML are the ones 

that have the highest remission rates. As 

Table 6 shows, genomic complexity is 

increasing along the age line since there are 

4.2 +1.8 mutations in the patients who are 

older than 75 years and 72.8 percent of the 

patients have a mutation related to CHIP. 

Table 1: Comparative Performance of Genomic Risk Stratification Models for Overall 

Survival Prediction 

Risk 

Model 

C-

Ind

ex 

(95

% 

CI) 

AI

C 

BI

C 

Harrell

's 

Concor

dance 

Integr

ated 

Brier 

Score 

Calibr

ation 

Slope 

(α) 

Calibr

ation 

Interc

ept (β) 

Net 

Reclassif

ication 

Improve

ment 

(NRI) 

Integrat

ed 

Discrimi

nation 

Improve

ment 

(IDI) 

Deci

sion 

Cur

ve 

Net 

Bene

fit at 

24 

Mon

ths 

ELN 

2017 

0.71

2 

(0.6

84–

0.73

9) 

124

5.3 

128

9.7 

0.708 ± 

0.021 

0.184 

± 

0.009 

0.89 ± 

0.05 

0.12 ± 

0.03 

Referenc

e 

Referenc

e 

0.11

2 

ELN 

2022 

0.73

8 

(0.7

11–

0.76

4) 

121

2.8 

125

8.1 

0.735 ± 

0.019 

0.172 

± 

0.008 

0.94 ± 

0.04 

0.08 ± 

0.02 

0.214 (p 

< 0.001) 

0.067 (p 

< 0.001) 

0.13

4 
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Integr

ated 

Molec

ular 

(54-

gene) 

0.79

1 

(0.7

68–

0.81

3) 

116

7.4 

122

4.5 

0.788 ± 

0.015 

0.154 

± 

0.007 

0.98 ± 

0.03 

0.03 ± 

0.01 

0.342 (p 

< 0.001) 

0.112 (p 

< 0.001) 

0.16

8 

Bayesi

an 

Hierar

chical 

0.78

5 

(0.7

61–

0.80

8) 

117

8.2 

123

6.8 

0.782 ± 

0.016 

0.158 

± 

0.007 

0.96 ± 

0.03 

0.05 ± 

0.02 

0.301 (p 

< 0.001) 

0.098 (p 

< 0.001) 

0.15

9 

Machi

ne 

Learni

ng 

(XGBo

ost) 

0.80

2 

(0.7

79–

0.82

4) 

115

2.1 

122

1.3 

0.799 ± 

0.014 

0.148 

± 

0.006 

1.02 ± 

0.04 

-0.01 ± 

0.01 

0.378 (p 

< 0.001) 

0.124 (p 

< 0.001) 

0.17

9 

Deep 

Learni

ng 

(SurvN

et) 

0.80

9 

(0.7

86–

0.83

1) 

114

3.6 

121

6.4 

0.806 ± 

0.013 

0.144 

± 

0.006 

1.04 ± 

0.05 

-0.03 ± 

0.02 

0.395 (p 

< 0.001) 

0.131 (p 

< 0.001) 

0.18

6 

Table 2: Prognostic Impact of Individual Gene Mutations on Overall Survival (Multivariate 

Cox Regression) 

Gene 

Mutation 

Haz

ard 

Rati

o 

(HR

) 

95

% 

CI 

β 

Coeffic

ient 

Stand

ard 

Error 

Wa

ld 

χ² 

p-

val

ue 

Likelih

ood 

Ratio 

χ² 

AIC 

Contrib

ution 

Variabl

e 

Import

ance 

(%) 

False 

Disco

very 

Rate 

(q-

value) 

TP53 3.24 

2.4

1–

4.3

6 

1.176 0.152 
59.

8 

< 

0.0

01 

62.1 118.4 18.7 
< 

0.001 

ASXL1 2.18 

1.7

2–

2.7

6 

0.779 0.121 
41.

4 

< 

0.0

01 

43.2 89.6 13.2 
< 

0.001 

RUNX1 1.96 

1.5

4–

2.4

9 

0.673 0.118 
32.

5 

< 

0.0

01 

34.1 72.4 10.4 
< 

0.001 

FLT3-ITD 

(AR ≥ 0.5) 
1.89 

1.4

8–

2.4

1 

0.637 0.124 
26.

4 

< 

0.0

01 

28.2 61.7 8.9 
< 

0.001 

DNMT3A (

R882) 
1.52 

1.2

1–

1.9

1 

0.419 0.116 
13.

0 

< 

0.0

01 

14.8 34.2 4.7 0.002 
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TET2 1.48 

1.1

8–

1.8

6 

0.392 0.115 
11.

6 

< 

0.0

01 

13.2 31.4 4.2 0.003 

IDH2 (R14

0) 
0.68 

0.5

2–

0.8

9 

-0.386 0.142 7.4 
0.0

07 
8.9 22.1 2.9 0.012 

NPM1 (Ty

pe A) 
0.58 

0.4

4–

0.7

6 

-0.545 0.138 
15.

6 

< 

0.0

01 

17.4 38.7 5.1 
< 

0.001 

CEBPA (b

ZIP) 
0.52 

0.3

8–

0.7

1 

-0.654 0.159 
16.

9 

< 

0.0

01 

18.8 41.2 5.4 
< 

0.001 

IDH1 (R13

2) 
0.71 

0.5

4–

0.9

3 

-0.342 0.144 5.6 
0.0

18 
6.9 18.3 2.3 0.024 

Table 3: Comparison of Measurable Residual Disease (MRD) Detection Methods 

MRD 

Method 

Sensit

ivity 

(log₁₀) 

Specif

icity 

(%) 

Positi

ve 

Predi

ctive 

Value 

(%) 

Negat

ive 

Predi

ctive 

Value 

(%) 

Limit 

of 

Detect

ion 

(copie

s/μg 

RNA) 

Int

ra-

ass

ay 

CV 

(μ 

± 

σ) 

Int

er-

ass

ay 

CV 

(μ 

± 

σ) 

Concor

dance 

with 

NGS 

(%) 

Turnar

ound 

Time 

(days) 

Cost 

per 

Sam

ple 

(US

D) 

Multipara

metric 

Flow 

Cytometr

y 

10⁻⁴ 88.4 76.2 91.3 N/A 

8.4 

± 

1.2 

12.

6 ± 

1.8 

74.2 1.5 185 

Quantitati

ve PCR 

(qPCR) 

10⁻⁵ 94.2 84.6 95.1 12.4 

3.2 

± 

0.5 

5.4 

± 

0.7 

82.6 2.0 210 

Digital 

Droplet 

PCR 

(ddPCR) 

10⁻⁶ 97.8 91.2 98.3 1.8 

1.6 

± 

0.2 

2.8 

± 

0.3 

89.4 2.5 285 

NGS 

(Error-

Correcte

d) 

10⁻⁶ 98.5 93.4 99.1 0.9 

1.2 

± 

0.1 

2.1 

± 

0.2 

Referen

ce 
7.0 520 

NGS 

(Standard

) 

10⁻³ 92.6 81.4 93.7 48.6 

4.8 

± 

0.6 

7.2 

± 

0.9 

78.3 5.0 380 

Adaptive 

Immune 

Repertoir

e 

10⁻⁶ 96.3 88.7 97.2 2.1 

2.4 

± 

0.3 

3.9 

± 

0.5 

86.5 4.0 450 
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Table 4: Co-mutation Patterns and Their Association with Clinical Outcomes 

Co-

mutation 

Pair 

Od

ds 

Ra

tio 

(O

R) 

95

% 

CI 

FD

R 

q-

val

ue 

Co-

occurr

ence 

Frequ

ency 

(%) 

Over

all 

Surv

ival 

HR 

(95

% 

CI) 

Even

t-

Free 

Surv

ival 

HR 

(95

% 

CI) 

Rela

pse 

Rate 

at 2 

Year

s 

(%) 

Comp

lete 

Remis

sion 

Rate 

(%) 

Medi

an 

VAF 

of 

Foun

der 

Muta

tion 

(φ) 

Clonal 

Hierarchy 

(Founder/Su

bclonal) 

NPM1 + FL

T3-ITD 

3.4

2 

2.1

8–

5.3

6 

< 

0.0

01 

14.7 

1.24 

(0.94

–

1.63) 

1.32 

(1.02

–

1.71) 

48.2 86.4 
0.42 ± 

0.11 

NPM1 (Foun

der) 

NPM1 + D

NMT3A 

2.8

6 

1.7

6–

4.6

4 

< 

0.0

01 

12.2 

0.92 

(0.68

–

1.24) 

0.98 

(0.74

–

1.30) 

32.6 91.2 
0.48 ± 

0.09 

DNMT3A (Fo

under) 

TP53 + AS

XL1 

0.1

8 

0.0

6–

0.5

2 

0.0

02 
1.9 

4.12 

(2.88

–

5.89) 

3.86 

(2.71

–

5.50) 

76.4 42.1 
0.61 ± 

0.14 

TP53 (Found

er) 

TET2 + AS

XL1 

2.4

1 

1.4

4–

4.0

3 

0.0

03 
8.6 

2.56 

(1.84

–

3.56) 

2.38 

(1.72

–

3.29) 

58.3 64.2 
0.44 ± 

0.10 
Biclonal 

RUNX1 + A

SXL1 

2.1

8 

1.2

6–

3.7

7 

0.0

08 
6.1 

2.87 

(2.02

–

4.08) 

2.64 

(1.87

–

3.73) 

62.8 58.7 
0.52 ± 

0.12 

ASXL1 (Foun

der) 

IDH2 + NP

M1 

2.9

4 

1.6

2–

5.3

3 

< 

0.0

01 

8.3 

0.54 

(0.36

–

0.81) 

0.62 

(0.43

–

0.89) 

24.5 94.2 
0.39 ± 

0.08 

IDH2 (Subclo

nal) 

CEBPA (bZ

IP) 

+ GATA2 

3.6

8 

1.5

4–

8.7

9 

0.0

04 
4.2 

0.42 

(0.24

–

0.73) 

0.48 

(0.29

–

0.79) 

18.6 96.8 
0.51 ± 

0.09 

CEBPA (Fou

nder) 

KRAS + NR

AS 

0.0

9 

0.0

2–

0.4

1 

0.0

01 
0.8 

1.68 

(1.12

–

2.52) 

1.74 

(1.18

–

2.56) 

52.4 76.3 
0.28 ± 

0.07 

Mutually 

Exclusive 
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Table 5: Performance Metrics of Targeted Therapies by Molecular Subgroup 

Molecular 

Subgroup 

Targe

ted 

Agent 

Ove

rall 

Res

pons

e 

Rate 

(%) 

Com

plete 

Remi

ssion 

Rate 

(%) 

Med

ian 

Dur

atio

n of 

Res

pons

e 

(mo

nths

) 

2-

Yea

r 

Ove

rall 

Sur

viva

l 

(%) 

2-

Yea

r 

Eve

nt-

Fre

e 

Sur

viva

l 

(%) 

Gra

de 

≥3 

Adv

erse 

Eve

nts 

(%) 

Mut

ation 

Clea

ranc

e 

Rate 

(VA

F < 

0.001

) 

Resis

tance 

Muta

tion 

Emer

gence 

(%) 

Cost-

Effecti

veness 

(ICER 

per 

QALY

) 

Nu

mbe

r 

Nee

ded 

to 

Tre

at 

(NN

T) 

FLT3-ITD 

(AR ≥ 0.5) 

Midos

taurin 

+ 7+3 

74.2 62.4 14.8 48.6 42.3 28.4 58.2 24.6 
$124,5

00 
5.2 

FLT3-ITD 

(AR ≥ 0.5) 

Gilter

itinib 

+ 7+3 

82.6 71.2 19.2 56.4 49.8 32.1 68.4 18.2 
$98,20

0 
4.1 

IDH1 (R13

2) 

Ivosid

enib + 

Azaci

tidine 

68.4 52.6 22.4 52.8 44.6 26.8 62.8 14.2 
$112,8

00 
4.8 

IDH2 (R14

0/R172) 

Enasi

denib 

+ 

Azaci

tidine 

71.2 56.8 24.6 55.2 46.4 24.2 66.4 12.8 
$108,4

00 
4.5 

NPM1 + 

Menin 

Pathway 

Revu

menib 

(Meni

n 

Inhibi

tor) 

78.4 64.2 18.4 52.6 48.2 22.6 72.6 16.4 
$142,6

00 
4.2 

TP53 (Multi

-hit) 

Magr

olima

b + 

Azaci

tidine 

42.6 34.8 8.6 28.4 22.6 48.2 32.8 38.2 
$184,2

00 
7.8 

KMT2A Rea

rrangement 

Revu

menib 
82.4 68.2 21.2 58.6 52.4 26.4 74.2 14.6 

$138,5

00 
3.9 

BCL2 Depe

ndent 

(Venetoclax

) 

Venet

oclax 

+ 

HMA 

72.8 58.4 16.2 48.2 42.8 34.6 62.4 28.2 
$96,40

0 
4.6 
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Table 6: Genomic Heterogeneity Metrics Across Age Strata 

Age 

Gro

up 

Medi

an 

Num

ber of 

Muta

tions 

(γ) 

Mea

n 

Clon

al 

Dive

rsity 

Inde

x 

(Sha

nnon 

H) 

Mean 

VAF 

of 

Domi

nant 

Clon

e (μ ± 

σ) 

Subcl

onal 

Drive

r 

Frequ

ency 

(%) 

DNMT3

A VAF 

(ρ) 

TET2 

VAF 

(τ) 

ASXL1

 VAF 

(α) 

NPM1

 VAF 

(ν) 

Fract

ion of 

Patie

nts 

with 

CHIP

-

relate

d 

Muta

tions 

(%) 

Clonal 

Hemato

poiesis 

of 

Indeter

minate 

Potentia

l 

(CHIP) 

Prevale

nce (%) 

18–

39 

year

s 

(n=

58) 

2.4 ± 

1.2 

1.82 

± 

0.34 

0.44 

± 

0.12 

18.4 0.31 ± 

0.09 

0.28 ± 

0.08 

0.26 ± 

0.07 

0.48 ± 

0.11 

12.4 4.2 

40–

59 

year

s 

(n=

112) 

3.1 ± 

1.4 

2.14 

± 

0.41 

0.42 

± 

0.11 

26.8 0.38 ± 

0.11 

0.34 ± 

0.10 

0.32 ± 

0.09 

0.44 ± 

0.10 

28.6 14.8 

60–

74 

year

s 

(n=

98) 

3.8 ± 

1.6 

2.46 

± 

0.52 

0.39 

± 

0.10 

38.2 0.44 ± 

0.13 

0.42 ± 

0.12 

0.41 ± 

0.11 

0.38 ± 

0.09 

52.4 36.2 

≥75 

year

s 

(n=

44) 

4.2 ± 

1.8 

2.68 

± 

0.58 

0.36 

± 

0.09 

46.8 0.48 ± 

0.14 

0.46 ± 

0.13 

0.45 ± 

0.12 

0.32 ± 

0.08 

72.8 58.6 

p-

valu

e 

(tre

nd) 

< 

0.001 

< 

0.001 

0.008        

 

Kaplan-Meier has been given (two panels) 

in Figure 1. Compared to ELN 2022, 

molecule risk model, which is integrated 

54-gene, is discriminative of overall 

survival. It selects a very-high-risk 

population that has a median survival of 8.4 

months. ELN 2022 can not associate this 

group. The mutational landscape waterfall 

plot is illustrated in Figure 2. NPM1, 

DNMT3A and FLT3 are the most prevalent 

ones. Their frequencies are 28.5%, 26.9%, 

and 24.4%. There are significant 

relationships in circular co-mutation 

network. NPM1 and FLT3-ITD have a high 

co-occurrence. The longitudinal clonal 

architecture is represented in a bar plot with 

layers, in Figure 3. Even after treatment, 

mutations related to CHIP like DNMT3A, 
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TET2 and ASXL1 can be found. They have 

no change in their clonal fractions, 0.21- 

0.24 in maintenance and 0.44-0.02 in 

relapse. The forest plot of hazard ratio of 

multivariate Cox regression is shown in 

figure 4. TP53 mutations HR 3.24 are 

affected by HR the most adversely. The 

next one is ASXL1 whose HR is 2.18. 

RUNX1 has HR 1. 

 

Figure 1: Kaplan-Meier Survival Curves Stratified by ELN 2022 Risk Categories and 

Integrated Molecular Risk Groups 

 

Figure 2: Waterfall Plot of Mutational Landscape and Co-mutation Network 
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Figure 3: Stacked Bar Plot of Clonal Architecture Evolution During Treatment 

 

Figure 4: Dot Plot of Hazard Ratios for Individual Gene Mutations with Error Bars

DISCUSSION 

The combined molecular model shows a 

great discriminating power and can single 

out a particular very-high-risk group of 

AML patients and signify that it is needed 

to exceed the existing ELN 2022 guidelines 

(Wang et al., 2024). Better risk stratifier is 

a large-scale genomic profiling, and 

mutations, such as TP53, and specific co-

mutation patterns are poor prognosticators 

(Colombo et al., 2018; Huang et al., 2023; 

Murdock et al., 2024). Mutations induced 

by CHIP can also exist in remission as 

reservoirs or facilitators of relapse and 

attacking the reservoirs may be one method 

of preventing relapse (Kim et al., 2024). 

The outcomes of TP53 mutations are very 

low both with or without cytogenetics, i.e. 

it is hard to eradicate aggressive subclones 

and new treatments must be developed 

(Sargas et al., 2023). The patients that 

suffered TP53-mutations were found not to 

remit in one study, but the patients that 

suffered NPM1-mutations did (Wong et al., 

2019). Most of the mutations in NPM1 are 
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well prognosticated despite the fact that in 

combination with FLT3-ITD, the benefit of 

the mutation is reduced and therefore 

combination therapies are required. ELN 

2017 model is prevalent yet a more modern 

version is utilized without the ASXL1, 

RUNX1, TP53 and CEBPA and the 

mutations exhibit the same performance 

showing that the mutations are significant 

but not exhaustive (Pogosova-Agadjanyan 

et al., 2020). Inclusion of age in prognostic 

models enhances performance compared to 

ELN2017-MOD, with age-related 

mutations in CHIP being higher in older 

AML patients, and age-related clonal 

hematopoiesis promoting disease 

development in the elderly (Cappelli et al., 

2021; Pogosova-Agadjanyan et al., 2020). 

TP53 mutations are less prevalent in the 

case of de novo AML and more in the case 

of therapy-related AML and necessitate 

alternative approaches (Jerez et al., 2025). 

TP53 mutations are frequent in solid tumors 

as compared to de novo AML; in the event 

that they occur, they are linked to resistance 

to treatment and complicated karyotypes 

(Puyan & Alkan, 2019). The stratification 

of risks needs to be based on extensive 

genetic classification since clinical 

descriptions of ontogeny are insufficient 

(Hochman et al., 2023). The re-evaluation 

of the available tools should take into 

account ELN and ICC as the co-occurrence 

of mutations affects the result of the 

therapeutic process, and the distribution of 

the prognosis to particular gene mutations 

is not the same (McCarter et al., 2022; 

Mendez et al., 2019). ASXL1, RUNX1 and 

TP53 mutations have never been linked 

with the better outcome and become a part 

of negative risk groups in new algorithms 

and impact intensive treatment decision-

making (GmbH, 2018). The mutational 

patterns of age and subtype of AML differ, 

and the risk model based on the age and 

subtype should be created (Pogosova-

Agadjanyan et al., 2020a, 2020b). The 

AML classification has discrepancies 

(especially in cases of TP53-mutations) and 

there is a need to harmonize the criteria 

(Salman, 2024). The newer genomic groups 

identifying the newer risk groups lead to the 

development of new targeted therapies 

using the different co-mutation patterns 

(Papaemmanuil et al., 2016). Not only 

morphology and ASXL1, RUNX1 

mutations are characteristic of 

myelodysplasia-related AML, which 

enhances its diagnostic accuracy (Huber et 

al., 2023; Wei et al., 2026). Even in the 

context of cytogenetics, with these models, 

it is possible to make a more precise 

prognostication (Tazi et al., 2022). The 

Unsupervised AML Multi-Omics 

Classification System is a system that 

incorporates various kinds of omics data to 

classify patients into specific clinical 

subtypes with particular prognostic and 
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treatment susceptibilities (Song et al., 

2025). 

CONCLUSION 

This genomic profiling of 312 acute 

myeloid leukemia patients recently 

diagnosed indicates that the composite of 

the molecular analysis can substantially 

improve the accuracy of the prognosis and 

treatment choice, as compared to the 

conventional risk assessment models. Our 

findings indicate that a next-generation 

sequencing panel comprised of 54 genes 

and the analysis of the clonal architecture 

and a model of co-mutation networks can 

be applied to identify a few prognostic 

subgroups, which are absent in the 

European LeukemiaNet 2022 guidelines. 

We specifically show that patients with co-

occurring TP53 mutations and ASXL1 

mutations must be considered a very high-

risk group because the overall survival of 

patients with the CEBPA bZIP mutations 

and with ASXL2 mutations is only 8.4 

months, yet 5-year survival of such patients 

is more than 80 percent. Longitudinal study 

of clonal evolution shows that CHIP-

related mutation remains during therapy 

and provides a source of relapse, but driver 

mutations are successfully eliminated in 

responding patients. Our comparative study 

of the detectable residual disease 

algorithms quantifiably also results in our 

error-corrected next generation sequencing 

being the gold standard in terms of the 

greatest sensitivity and concordance. 

Machine learning graphs neural networks 

that are trained using mutational interaction 

networks have excellent predictive ability 

of response to treatment with an area under 

the receiver operating characteristic curve 

of 0.912. These observations imply the 

necessity of genomic profiling in more 

detail to aid diagnosis and treatment 

continuum to facilitate precision medicine 

in acute myeloid leukemia. Such clinical 

insights along with their molecular 

understandings can be used to optimize the 

risk stratification, inform the choice of a 

particular treatment regimen and enhance 

the prognosis of the patient in this 

heterogeneous hematologic malignancy. 
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