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Abstract

Acute Myeloid Leukemia (AML) is a heterogeneous group of aggressive blood-related
cancers that arise from the hematopoietic system, requiring specific treatments due to
their genetic diversity and complexity. Artificial intelligence (AI) has emerged as a trans-
formative technology in healthcare, with considerable potential to help manage AML. The
application of Al approaches, such as Machine Learning (ML) models and Deep Learning
(DL) algorithms, has also been shown to aid risk stratification, diagnosis, treatment plan-
ning, and surveillance. This review highlights recent developments in Al applications for
the personalized management of AML. We focus specifically on three major axes of per-
sonalization in AML: (1) the use of predictive models combining different data sources to
improve prognostic assessment and guide risk-adaptive treatments; (2) prediction of
treatment responses to various therapies based on data analysis; and (3) the use of Al for
monitoring and adaptive trials in AML patients.

Keywords: acute myeloid leukemia; artificial intelligence; convolutional neural
networks; deep learning algorithms; diagnosis; fitness; genomic alterations; leukemia
classification; machine learning; molecular testing; measurable residual disease;
patient-reported outcomes; personalized medicine; prognostic value; quality of life;
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1. Introduction and Scope

Acute myeloid leukemia (AML) is a biologically diverse and complex group of hem-
atopoietic malignancies characterized by the rapid proliferation of immature myeloid
cells that do not differentiate properly [1,2]. Traditionally, treatment mainly involves uni-
form intensive chemotherapy (IC), notably the “7 + 3” induction protocol using cytarabine
and anthracycline [1]. However, the modest long-term survival rate, about 25% to 30% in
adults and under 15% in patients over 60, underscores the limitations of a one-size-fits-all
approach [3]. AML shows substantial interpatient variability in genetics, epigenetics, mi-
croenvironmental interactions, and therapeutic response, ideally requiring a personalized
and integrated treatment approach, considering the clinical and genomic disease features
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along with the patient’s fitness and values on expectations, values, and quality of life (QoL)
issues [4-6]. Advances in high-throughput sequencing and molecular profiling have un-
covered a wide range of genetic and epigenetic alterations, leading to a more personalized
approach to treatment.

Within this rapidly evolving landscape, artificial intelligence (Al)-based approaches,
including machine learning (ML) and deep learning (DL), are bringing novel advance-
ments in the personalization of treatment for AML by unlocking the disease’s vast heter-
ogeneity to help make better decisions about patients, predict risks, and tailor treatments
to help those affected [7]. Present-day successful AML management is contingent upon
an approach that spans from morphology-based examination at diagnosis through ther-
apy-resistance prediction to checking minimal residual disease (MRD) [4]. Meanwhile, Al
and ML/DL models enable doctors to move beyond mere reactive treatment toward pro-
active, highly tailored precision medicine [7-12]. With the help of Al it will be possible to
integrate multi-omics, imaging, cytometry, and clinical data at scales that are difficult to
process manually. Thus, it will be possible to achieve more accurate risk stratification,
predict drug response, and develop personalized treatment strategies. The literature indi-
cates that Al may be used for diagnosis, prognosis, and treatment improvement for he-
matological malignancies and solid tumors, with specific applications in AML treatment
[13-19]. While the role of Al in AML management holds remarkable promise, several chal-
lenges still stand in the way. They include heterogeneity in available data, the need for
large, well-annotated datasets, the interpretability of Al models, and the integration of
innovations into daily AML routines [7-12]. At the same time, the area is ripe with oppor-
tunities for federated learning to enable secure and efficient AML data exchange across
various facilities and to support real-time bedside Al-assisted decision-making systems
[7-12]. Collaborative effort from clinicians, data scientists, and governmental authorities
is crucial to overcoming obstacles along the way. Thus, this review, aimed at a non-Al-
expert audience, summarizes the role of Al in AML management and provides insight
into how Al advances AML-related applications. As far as possible, AML-focused studies
are analyzed to highlight methodological best practices and challenges related to Al ap-
plication within the scope of interest, including the importance of data quality, interpret-
ability, and generalizability, as well as regulatory considerations [13,15,18-21]. Undoubt-
edly, the advent of Al has brought tremendous improvements in diagnostic speed and
predictivity [4]. However, implementing these innovations at the physician’s bedside re-
quires further action from the scientific community. Currently, work is underway to over-
come the “black box” obstacle by using Explainable Al In addition, structural challenges
in electronic health record interoperability and the lack of standardized datasets must be
addressed to make these innovations a reality [7-12].

2. Methods

A thorough search of PubMed was conducted from database inception through May
2026. Both MeSH and non-MeSH terms related to AML, machine learning, deep learning,
artificial intelligence, and diagnostics, including prognosis, survival rates, and risk strati-
fication, were used. To set the context, relevant keywords and terms associated with AML
were used in the PubMed search. The search process was flexible and iterative, focusing
on English-language papers about AML and advanced personalized treatments.
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3. Summary of Principles of the Different AI Approaches Applicable to
the Management of AML

ML (Feature-Engineered) models include Decision-Tree Classifiers, Random Forests,
and Support Vector Machines (SVMs). Decision-Tree Classifiers split data using a se-
quence of consecutive and nested “yes/no” questions that depend on data features. Just
like in a flowchart, the data is split at each node until a final classification (the leaves) is
reached. Moreover, like a single decision tree, it can be brittle and prone to overfitting.
Random Forest constructs many decision trees, sometimes hundreds, using different data
subsets, and then uses their votes to determine the correct output. Also, SVMs work by
mapping data points into a high-dimensional space and finding the best boundary (a hy-
perplane) between the classes that maximizes the margin. DL (Representation Learning)
includes Convolutional Neural Networks (CNNs) and Attention-Based Multi-Instance
Learning (MIL) Models. CNNs are specifically designed to work with grid-like data, such
as images. Instead of inspecting each pixel separately, the CNN passes small filters over
the image (hence the term “convolution”) to detect local patterns, starting with simple
edges and progressing to more complex visual structures. In addition, attention-based
MIL Models are used when data is organized into “bags” (for example, a gigapixel medi-
cal scan consists of thousands of small tissue tiles). Nevertheless, you have information
only about the whole bag, not its parts. In this way, the MIL component handles classify-
ing the entire bag using all its instances. In contrast, the attention component automati-
cally computes a weight score for each instance, thereby focusing on the most important
ones [7,22].

Algorithmic Approaches to ML and DL in AML

Al including its subsets of ML and DL, offers a way to recognize complex patterns
in large datasets and use them effectively, even when that complexity makes human anal-
ysis difficult. The creation of these models consists of several steps, starting with study
design and proper implementation, including data collection, followed by data cleaning
and preprocessing to convert the biological data into a computer-readable form [1]. Data
pre-processing plays an integral role, as it involves selecting only the most important data
for further processing and feature extraction, with consideration of the specific clinical
question [1]. ML approaches are distinguished by learning paradigms, and the most com-
mon for the hematological classification task is supervised learning [22]. Training the
model involves using labeled data to distinguish malignant from benign cell populations
using algorithms such as SVMs, decision-tree classifiers, and random forests [22]. In con-
trast, since reinforcement learning uses feedback and a trial-and-error approach, it is well-
suited to sequential problems and their outcomes [22]. However, DL techniques rely on
hierarchical network architectures, such as convolutional neural networks, which have
successfully found features in images without human supervision [22-24]. In general, Al
in AML refers to the use of ML and DL in diagnostic, genetic, and prognostic processes.
Table 1 presents taxonomic concepts of Al applicable to the personalized management of
AML [7,8,22,25,26]. For these purposes, the disease needs to be properly diagnosed, with
all its peculiarities taken into account [27-29]. Specifically, nowadays, the assessment of a
patient’s fitness level in relation to therapy options is not limited to the traditional dichot-
omy “fit vs. unfit”. Instead, a patient is assessed for suitability for a particular treatment
based on criteria such as age, performance status, and other factors [30]. Therefore, treat-
ment choices depend on patient characteristics, disease-specific features, and the clinical
response as assessed by MRD testing [31]. Furthermore, patient involvement in choosing
treatment in accordance with their personal preferences and values, early symptom man-
agement, and essential QoL goals is increasingly important [4,8,30,32]. In this complex
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and continuing evolving scenario, prognostication has an essential role [33-36]. Indeed,
treatment is driven by deep genomic sequencing to identify specific mutations. An ever-
increasing number of tailor-made drugs with high clinical impact for specific patient cat-
egories carrying specific mutations are being developed to enrich the therapeutic arsenal
for AML. Therefore, the treatment landscape of AML is constantly evolving, radically
changing the traditional “one-size-fits-all” approach [4,8,37]. In this regard, Al and novel
technologies will play an ever more extended role in prognostication and, in general,
across all aspects of AML management, supporting the integration of precision medicine
into standard practice in this setting [7,38]. Therefore, the treatment course in AML in-
volves continuous evaluation of individual clinical features and personal performance
abilities, thereby guiding incremental personalization, moving closer to the goal of con-
trolling the disease, which has distinct fitness, social, biological, and treatment-specific
signatures in each patient [4,8,30].

Table 1. The Taxonomy of Intelligent Systems [7,22].

Attribute

Al ML DL

Broadest concept: creating sys- A subset of Al that develops systems A specialized subset of ML us-
Scope and Defi- tems that simulate human in- capable of learning from data to make ing multi-layered ANNSs to

nition telligence, reasoning, and feel- decisions autonomously, without ex- learn complex patterns from

ing. plicit programming. raw data.

To imitate or reproduce hu- To enable machines to learn from data
Primary Goal ~man intelligence in machines to perform specific tasks with increas-
across different fields. ing accuracy.

To achieve high accuracy in
complex tasks (unstructured
data) by automatically learning
features.

Highly variable; rule-based
Data Require- systems may require minimal
ments data, while others need mas-

Requires significant amounts of struc- Complex network training is
tured or labeled data for effective ~ performed on large datasets

_ training. with millions of samples.
sive sets.

Depends on whether it is sim-
ple or complex artificial intelli- Normal CPUs can handle it, although
gence. Simple Al requires nor- complex models require GPU sup-

Hardware Re-

It usually demands high-per-
formance computing resources,

quirements ) especially GPUs or TPUs, to
mal computing, but complex port. .
handle parallel processing.
Al needs more power.
Employs diverse techniques Uses multi-layered neural net-
. . P y . q Includes linear regression, SVMs, and . . y . .
Learning Ap-  including logic, rule-based . . works inspired by biological
. decision trees, among other learning . ’
proach systems, search algorithms, . brain structures with many pa-
L2 algorithms.
and optimization. rameters.
Traditionally, it requires hu- . . . Automatically extracts hierar-
. . . . Often relies on human interventionto .
Feature Engi-  man intervention to define . o ... chical features from data, re-
. . categorize data and highlight specific . .
neering rules and symbolic representa- ducing the need for manual en-

. attributes. . .
tions. gineering.

Al Artificial Intelligence; ML: Machine Learning; DL: Deep Learning; ANNSs: Artificial Neural Net-
works; CPUs: Central Processing Units; GPU: Graphics Processing Unit; TPUs: Tensor Processing
Units; SVMs: Support Vector Machines.

4. Paradigm Shift in AML Diagnostics & Classification

The shift in the paradigm of AML diagnosis and classification can be seen in the
change from a morphology-centered, solely blast percent-dependent classification scheme
to a genetics-based classification scheme. The current paradigm of diagnosing and classi-
fying AML is based on WHO 5th Edition updates and the International Consensus Clas-
sification (ICC), along with risk stratification updates (European LeukemiaNet (ELN)).
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Before that, AML had been diagnosed based on 20% bone marrow or peripheral blood
blasts. However, the modern paradigm focuses on the underlying biology rather than on
a specific percentage used to diagnose AML. For cases of AML with recurrent genetic
abnormalities (PML:RARA, RUNX1:RUNX1T1, CBFB:MYH11, KMT2A rearrange-
ments), WHO abandoned the 20% blast criterion in the diagnosis of AML. ICC differs
slightly from WHO in that it requires only a 10% blast percentage to classify as genetically
defined AML. AML cases with 10-19% blasts lie at the biological boundary between MDS
and AML. Changes in classification are evident in the increasing use of Next-Generation
Sequencing (NGS) to group patients by their genotypic ontogeny (Myelodysplasia-Re-
lated AML (AML-MR), TP53 Mutated Entity). Now, AML-MR is not based on a subjective
assessment of dysplasia using light microscopy but, rather, on cytogenetic abnormalities
and new somatic mutations (ASXL1, BCOR, EZH2, SF3B1, SRSF2, STAG2, U2AF1, and
ZRSR2). A particularly aggressive biology and poor prognosis to chemotherapeutic treat-
ment are features of the TP53 Mutated Entity that ICC has established as a unique major
category for AML with a TP53 mutation (20% blasts and variant allele fraction >10%). With
the development of targeted agents, the “favorable”, “intermediate” and “adverse” risk
definitions have become more flexible. In this regard, the current ELN guidelines classify
the FLT3-ITD mutation as an intermediate, rather than an adverse, risk factor. This change
is driven by the clinical success of integrating tyrosine kinase inhibitors (midostaurin,
quizartinib) into upfront therapy. The favorable-risk group definition is now based on in-
frame mutations in the bZIP region of the CEBPA gene, regardless of whether the muta-
tions are monoallelic or biallelic. Thus, the new landscape dramatically changes the speed
at which therapy is initiated. Treatment of AML is no longer based on the diagnosis of
emergency due to an elevated blast count; rather, rapid NGS and cytogenetic testing are
used to develop a targeted combination therapy (venetoclax regimen, menin inhibitors)
from day one. Therefore, personalized management of AML involves therapy based on
patients’ and disease characteristics, as well as genetic alterations [8,25,26]. For these pur-
poses, the disease needs to be properly diagnosed, with all its peculiarities taken into ac-
count [27-29]. Specifically, nowadays, the assessment of a patient’s fitness level in relation
to therapy options is not limited to the traditional dichotomy of “fit vs. unfit”. Instead, a
patient is assessed for suitability for a particular treatment based on criteria such as age,
performance status, and other factors [30]. Therefore, treatment choices depend on patient
characteristics, disease-specific features, and the clinical response as assessed by MRD
testing [31]. Furthermore, patient involvement in choosing treatment in accordance with
their personal preferences and values, early symptom management, and essential QoL
goals are increasingly important [4,8,30,32]. In this complex and continually evolving sce-
nario, prognostication has an essential role [33-36]. Indeed, treatment is driven by deep
genomic sequencing to identify specific mutations. An ever-increasing number of tailor-
made drugs with high clinical impact for specific patient categories carrying specific mu-
tations are being developed to enrich the therapeutic arsenal for AML. Therefore, the
treatment landscape of AML is constantly evolving, radically changing the traditional
“one-size-fits-all” approach [4,8,37]. In this regard, Al and novel technologies will play an
ever more extended role in prognostication and, in general, across all aspects of AML
management, supporting the integration of precision medicine into standard practice in
this setting [7,38]. Therefore, the treatment course in AML involves continuous evaluation
of individual clinical features and personal performance abilities, thereby guiding incre-
mental personalization, moving closer to the goal of controlling the disease, which has
distinct fitness, social, biological, and treatment-specific signatures in each patient [4,8,30].
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4.1. Al-Assisted AML Diagnosis and Classification

For the diagnosis of AML, one should evaluate the disease’s morphological features
and perform tests such as Multiparameter Flow Cytometry (MFC), cytogenetics, and ge-
netic mutation testing. Al technology based on digital pathology offers the opportunity to
diagnose AML with much higher accuracy than conventional methods. There is no doubt
that the introduction of CNS algorithms has advanced digital pathology, as their use en-
ables the classification of malignancies among white blood cells without the subjectivity
and time required by microscopic analysis [23]. Al in diagnostic systems is equally effec-
tive at detecting various types of leukemia. The standard diagnostic techniques include
visual examination of peripheral blood (PB) films and bone marrow (BM) smears by an
expert hematopathologist, but they are subject to significant inter-observer variability.
Consequently, Al-based technology could be much faster and more reliable for analyzing
these samples [23,39]. Timely and accurate diagnosis of AML plays a vital role. It has been
shown that the application of Al, namely ML and DL, is effective at processing vast da-
tasets, including genomic, PB smears, and flow cytometry data, thereby transforming
AML diagnosis and classification. The power of Al and ML enables the processing of high-
dimensional data, such as genomics, transcriptomics, and epigenomics, achieving very
high classification rates that surpass those of conventional microscopy and flow cytomet-
ric assays [39-41]. Also, ML and Al models that integrate multiple data sources, such as
genomics, transcriptomics, and epigenomics, achieve high classification rates in molecular
diagnostics [42].

4.2. Al-Based Advances in Precise Diagnosis in AML: Morphological Analysis and Digital
Pathology

At first, in diagnosing AML, the difference between abnormal and healthy cells is
determined morphologically using characteristics such as the large size of myeloid cells,
an increased nuclear-to-cytoplasmic ratio, the presence of nucleoli, and the presence of
Auer rods. DL methods, such as convolutional neural networks with layers of red-striped
neurons modeled after human vision, enable the creation of solutions [43—45]. For this
reason, Al models are highly effective at analyzing medical images and can detect, seg-
ment, and classify myeloid cells. Hence, current technology enables Al-driven models to
conduct cytomorphological analysis at an expert level. For example, the DeepHeme
framework matches hematopathologists” analysis of BM aspirate samples with 95% accu-
racy, and Al models recognize and classify over 49 abnormal cell types in PB smear images
with 89-92% precision [43-45]. Automation has made these processes even more efficient.
For example, a recent approval of the Scopio Labs Full-Field BM™ app marks a significant
moment in the history of Al-assisted BM smear analysis in practice [46]. Using DL tech-
nology, these algorithms identify regions of interest for differential cell counts and ad-
dress the problem caused by the non-uniform distribution of cells in bone BM. Focusing
on trails of cells following BM particles, where cells tend to be evenly distributed, models
achieve higher-quality information necessary for accurate diagnostic classification [46]. In
addition to diagnosing AML by PB and AML smears, Al can also predict genotypes by
analyzing morphological phenotypes (Table 2) [47-49].

Table 2. Morphological features used by Al models to predict genomic signatures.

Mutation/Fusion Morphological Hallmark Al Feature Extraction Focus Clinical Utility
NPMI Cup-shaped nuclear mor-  Nuclear indentation and cy- Rapid screening for favora-
phology. toplasmic texture. ble risk.
Atypical promyelocytes, Granularity and nuclear Immediate initiation of
15;17) (APL
H1517) (APL) Auer rods. shape. ATRA.
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FLT3

High blast count, non-spe-  Cellularity and fine chroma- Early identification of high-
cific texture. tin patterns. risk cases.

#(8;21)

Large blasts, perinuclear ha- Cytoplasmic clearing and cell . .
los 8 P si}zle P & Prognostic stratification.

RUNXI1::RUNXIT1

The cytoplasm is abundant
and light blue, with purplish-
red granules. Near the nu-
Large-to-medium blasts with cleus, a clear Hof mark the
irregular, indented nuclei.  Golgi zone. Long Auer rods
are common, sometimes
forming larger “pseudo-Che-
diak-Higashi” granules.

Prognostic stratification.

AL: artificial intelligence; NPM1: nucleophosmin-1; APL: acute promyelocytic leukemia; ATRA: all-
trans retinoic acid; FLT3: FMS-like tyrosine kinase 3; RUNX1::RUNX1T1: Runt-Related Transcrip-
tion Factor 1/RUNX1 Partner Transcriptional Co-Repressor 1.

4.3. Al-Assisted Multiparameter Flow Cytometry

MEC techniques are pivotal for determining cell lineage and diagnosing aberrant im-
munophenotypes in AML [47]. Although MFC analysis is important, it still relies on ex-
pert analysis and manual gating, both of which are time-consuming and subjective, limit-
ing the feasibility of these tasks [47,50,51]. New Al-based technologies help automate the
complex process of cell classification. Whereas traditional analysis takes 10 to 20 min and
requires multiple two-dimensional dot plots, the Al-assisted workflow reduces the time
to approximately 1 min per case [52]. DL and ML can now identify normal hematopoietic
subsets and distinguish leukemic blasts from non-leukemic mononuclear cells [46]. The
introduction of advanced Al-based computational solutions to the MFC pipeline provides
a multidimensional immunological assessment that is both reproducible and rapidly exe-
cutable [50]. In this context, attention-based multi-instance learning models (ABMILMs)
are among the most significant innovations in this area [50]. Such a DL architecture ena-
bles analysis of individual cellular events within the MFC dataset and the identification
of relevant markers and event clusters for a given patient [50]. In addition, MFC can diag-
nose leukemic cells by searching for the “leukemia-associated immunophenotype”, which
monitors the presence of marker combinations established during diagnosis, and the “dif-
ference from normal”, which detects deviations from well-described maturation path-
ways in healthy BM [51]. This technology is not only efficient for initial diagnosis but also
for showing clinically significant molecular variants, such as t(15;17) or mutations in nu-
cleophosminl (NPM1), before full sequencing results are available [46]. With prompt in-
formation on specific genomic alterations, Al-assisted flow cytometry enables targeted
treatment to be administered much faster, within hours of sample collection [46]. On the
other hand, this technique provides comprehensible information via attention values, re-
vealing the most informative markers and thereby aiding hematopathologists in obtaining
visual evidence of their work [50]. Another breakthrough is the ML-Guided AML MRD
Analysis pipeline, which identifies populations of MRD and immature monocytic subsets
that are very difficult to detect manually [53]. Importantly, MFC is critical for showing
Leukemic Stem Cells (LSCs), whose presence is a leading cause of relapse in AML [4,54].
They are usually resistant to conventional IC and live in the BM microenvironment. Al-
assisted MFC enables the detection and differentiation of rare, therapy-resistant LSCs that
differ from normal Hematopoietic Stem Cells (HSCs) during AML diagnosis and moni-
toring [4,54]. Using markers such as CLEC12A, this technology distinguishes LSCs
(CD34+, CD38-, CD45low, CD14~, CLEC12A+) from their healthy HSC counterparts with
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93.42% precision, preventing false-negative results [55]. Table 3 presents some issues re-
lated to the performance of Al-assisted MFC.

Table 3. Al-assisted MFC [50,51,55].

Diagnostic Challenge Al Performance (AUROC) Biological Mechanism

AML vs. ALL Differentiation 0.965 Surface marker expression patterns
Presence of AL 0.961 Detection of aberrant blast populations
t(15;17) Prediction 0.929 APL-specificimmunophenotype
NPM1 Variant Prediction 0.807 Myeloid lineage correlations

t(8,21) Prediction 0.814 RUNX1:RUNX1T1 phenotype

Al artificial intelligence; MFC: multiparametric flow cytometry; AUROC: Area Under the Receiver
Operating Characteristic; AML: acute myeloid leukemia; ALL: acute lymphoblastic leukemia; AL:
acute leukemia; APL: acute promyelocytic leukemia; NPM1: nucleophosmin-1; RUNX1::RUNX1T1:
Runt-Related Transcription Factor 1/RUNX1 Partner Transcriptional Co-Repressor 1.

4.4. Al-Assisted Genomics Detection in AML

The prognosis of AML is very uncertain, needing precise predictions in terms of treat-
ment choice. Currently, molecular classification of AML is predominantly performed us-
ing NGS panels, whole-exome sequencing, and whole-genome sequencing. In this context,
Al ML, and DL have proven to be game changers. ML and DL excel at handling complex,
high-dimensional multi-omics data, enabling the detection of hidden genetic and molec-
ular alterations that standard methods might miss [37]. By serving as a bridge between
NGS and clinical practice, Al-assisted tools are completely reshaping the entire spectrum
of AML from molecular subtype and mutation prediction to survival prognosis and ultra-
sensitive MRD. Genomic Detection of AML Using Al uses ML and DL techniques to in-
terpret genomic data, thereby predicting gene mutations and assessing MRD [56,57]. By
combining different types of omics data (DNA Methylation, RNA-seq, and genomics),
subgroups of AML could be found [58]. This approach is capable not only of correct
grouping but also of finding AML subgroups that are responsive to specific targeted in-
hibitors [58]. By analyzing large-scale edmics’ data from thousands of AML patients, Al
has overcome human limitations in detecting complex, nonlinear interactions, discovering
hidden patient subgroups, and showing metabolic and genetic targets of vulnerable cells.
Instead of treating clinical data separately, Al uses advanced architectures to integrate
distinct biological layers into a single computational representation. In this context, ML
models detect complex co-occurrences of gene expression in AML, including, for example,
the co-occurrence of NPM1 mutations with certain structural variants of FLT3-ITD and
DNMT3A. Also, DL models detect mRNA and IncRNA expression levels in thousands
simultaneously, using DNA methylation (epigenomic) patterns to classify rapid-onset
variants of acute leukemia. Again, Al-assisted discovery of protein expression networks
(e.g., anti-apoptotic blocks), metabolic outputs of leukemia cells, and nutrient dependen-
cies of these cells enables improved risk stratification of AML. Finally, Al-assisted models
detect critical biological pressure points. For example, overcoming venetoclax resistance
and ex vivo mapping of drug sensitivity, along with genome sequencing, are among the
remarkable applications of Al-assisted methods. In this regard, even though venetoclax-
based treatments act through the BCL-2 pathway, resistance is widespread. Al-assisted
proteogenomic analysis revealed that subgroups overexpress MCL-1 and depend on oxi-
dative phosphorylation for survival; thus, combination therapy is needed. Again, differ-
ent FLT3, CBF3-MYHI11, and NRAS sub-mutations correspond directly to targeted re-
sponses to kinase inhibitors, such as quizartinib [58]. The potential of NGS to detect MRD
can also be enhanced by applying Al-driven genome analysis that saves significant time
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when working with complex NGS panels. In addition, such an approach helps make fast
frontline therapeutic decisions, reduce intra-observer variation, and find rare resistant
clones [56,57]. Alongside genome analysis, DL can help with automated karyotyping, im-
prove the quality of metaphase scans, and aid in detecting cryptic chromosome aberra-
tions [13]. In addition, ML algorithms trained on whole-genome sequencing and cytoge-
netic arrays can distinguish AML from MDS, as a small number of genetic markers have
been shown to suffice to supersede traditional criteria based on blast count [59]. Never-
theless, there are some issues with the use of Al in AML genomics. First, Al needs large
databases with rare variants and is prone to data bias; second, standardization of the reg-
ulatory framework for its use in practice is needed [13,37].

4.5. Classification and Morphology-to-Genotype (Morphogenetic Screening)

The classification of AML into different types is important for the right therapy.
Thanks to ML and transcriptomics, this area has changed drastically. In this regard, DL
methods, such as an attention-based multilayer perceptron, can be used to classify AML
subtypes based on transcriptomics [60]. Notably, one clinical innovation in this area is the
ability to perform image-to-genotype analysis, i.e., predicting somatic mutations from PB
films and BM smears, bypassing NGS and its latency [47-50]. Predicting morphogenetic
status is important because there are highly effective drugs to address the mutations [61-
65]. This technique allows for morphogenetic screening before continuing to NGS. In ad-
dition, DL can predict multiple clinically relevant factors, such as fusion genes, cytoge-
netic risk, and mutation status, from single-cell smear images. In addition to classifying
AML, AI can predict genotypes based on morphological phenotypes (Table 2). A promi-
nent example was predicting the presence of NPM1 mutations, the most common type of
mutation in adult AML [9,62,66]. With the help of occlusion sensitivity maps, new char-
acteristics of NPM1 mutations, such as a perinuclear zone of lightening and specific pat-
terns of condensed chromatin, were found, enabling predictions that would be more dif-
ficult for humans to make [9,62]. Moreover, morphological phenotype, by linking pheno-
type and genomics, enables prediction, saving time otherwise spent examining subtype
samples, such as acute promyelocytic leukemia, when prompt medical intervention pre-
vents deadly coagulopathy [42]. Therefore, Al-assisted morphological genotyping analy-
sis has been reported to find genomic abnormalities, such as isocitrate dehydrogenase
(IDH1/2), FMS-like tyrosine kinase 3-internal tandem duplication (FLT3-ITD), NPM1, Pro-
myelocytic Leukemia and Retinoic Acid Receptor Alpha (PML::RARA), or runt-related
transcription factor 1/RUNX1 Partner Transcriptional Co-Repressor (RUNX1::RUNX1T1),
by analyzing digital images of BM smears (Table 2). This method shows high predictive
accuracy and provides a faster, more cost-effective alternative to traditional genetic testing
for AML patients [47-49,61-66].

4.6. Potential Limitations and Concerns Related to Al Failure in Morphological Analysis or
MFC Analysis

The methods used by artificial intelligence (Al) to analyze blood cells and MFC are
highly effective, although they have some limitations. Indeed, there is no guarantee of the
absolute accuracy of Al algorithms for morphological assessment and MFC reading. This
issue may have several regulatory and compliance implications beyond the search for
technical reasons for the error. The consequences of Al failure are rather diverse and in-
clude clinical, financial, psychological, and legal elements. Al failures directly affect the
treatment path, potentially bringing unwanted consequences for patients. As far as clini-
cal implications go, there are two types of Al errors: false negatives (failure to detect dis-
ease) and false positives (falsely alarming). The first is that the Al fails to recognize can-
cerous cells, abnormal cell shapes, or even abnormal flow cytometry readings, causing
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delays in the diagnosis of diseases such as AML. The latter is that Al diagnoses may pro-
duce false positives because the Al may mistake normal cell variations or technical
glitches for cancerous cells, leading to overreliance on chemotherapy or bone marrow bi-
opsies. Notably, in the leukemia setting, including AML, Al-assisted MFC helps detect
very small disease samples, such as MRD, after treatment; if Al does not find them, doc-
tors may not realize the cancer is still present, leading them to consider a patient in remis-
sion. Obviously, correcting misdiagnosis, retesting, and managing the adverse effects of
unnecessary treatment contribute to increased medical expenses. Also, if clinicians lose
confidence in Al due to a high number of errors, they can revert to manual counting,
thereby losing the time-saving advantage of automation. It is important to mention that
the potential diagnosis of AML because of the false positive results of Al is a great stressor
and may cause the burnout of hematologists who experience added cognitive load to
check a tool intended to help them. While it is rather complicated to find out what made
a deep learning algorithm make a mistake while classifying some cell morphology or flow
MFC gating, it is important to note that, since currently Al is regarded as a “decision sup-
port tool,” the ultimate professional and legal responsibility lies with a human physician
who approved the test result. To reduce these risks, it should be noted that clinical work-
flow never allows Al to work independently. Indeed, Al becomes a pre-screening tool or
a “second pair of eyes.” Also, all abnormal cells detected by Al and the complex flow
cytometry gating strategy are double-checked and confirmed by a hematopathologist. As
such, given the potential effects on the patient, the regulatory system requires that, in ac-
cordance with ICC guidelines, all machine decisions be verified by a hematopathologist.
Through this approach, the machine will act as an aid in pre-screening or triggering pa-
tients, with the physician making the ultimate decision. In this context, the ICC, as well as
other international activities, namely the International Council for Standardization in He-
matology (ICSH), require the use of Al exclusively as an auxiliary element following the
Human-in-the-Loop concept. Hence, the Al algorithm completes the procedure and nor-
malizes data interpretation, while the hematopathologist makes the final diagnosis. Four
main principles for using Al technology in modern hematopathology at the international
level include multimodal integration, such as the MICM (morphology, immunopheno-
typing, cytogenetics, and molecular diagnostics) framework. In this way, modern DL sys-
tems should be compatible with international diagnostic criteria via the multimodal anal-
ysis of all MICM parameters. From this standpoint, the focus on genomic variants and the
linkage of somatic mutations with cellular morphology will improve risk stratification.
Second, workflow standardization and infrastructure improvements are needed to reduce
inter-observer variability and increase laboratory efficiency; this need is stated in the con-
sensus statements. In this regard, technical interoperability presupposes the adoption of
open standards to integrate third-party Al modules with Laboratory Information Systems
and digital pathology scanners. Simultaneously, pre-analytical automation will offer an
opportunity to standardize the quality of whole-slide imaging scans and to avoid artifacts
generated by variable staining and thickness. Finally, clinical decision support uses Al to
pre-draft the diagnostic report and provide differential diagnoses from electronic health
records, thereby reducing cognitive load. In contrast, clinical governance and risk man-
agement are the third pillar. Here, consensus committee recommendations require imple-
menting a strict risk management policy due to the limitations of deep learning technol-
ogy, including the “Black Box” Problem, bias, edge cases, and Ethical Frameworks. In this
respect, consensus committee recommendations imply a strict risk management strategy
to address the limitations of deep learning technology, such as the “Black Box” Problem,
bias, edge cases, and Ethical Frameworks. According to the recommendations, hemato-
pathologists need to be especially careful about a model’s lack of explainability, as it may
overlook rare, subtle morphological features. Furthermore, Al is often inefficient at recog-
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nizing ambiguous stages of cell maturity (e.g., atypical promyelocytes) and rare diseases.
Human validation is mandatory for any outlier and underrepresented cases in the train-
ing dataset. However, the implementation should adhere to international Al guidelines
regarding fairness, universality, traceability, usability, robustness, and explainability [9].
Finally, the fourth pillar deals with education and curriculum updates. In this regard, the
changeover to Al-enabled diagnosis calls for a complete revamp of the educational pro-
cess, in which specialized training in data science for healthcare and ethics/legal litigation
will be integrated into pathology residencies, with critical evaluation and auditing of Al
outputs [67,68].

5. Prognosis and Risk Assessment in AML

AML is highly diverse, so patients with similar clinical features may experience very
different outcomes. Therefore, prognostic prediction and risk assessment are essential for
selecting the most appropriate clinical management. The current risk stratification and
management guidance systems, such as the European LeukemiaNet (ELN) and the Na-
tional Comprehensive Cancer Network, are designed to assess genetic risk using standard
cytogenetics and molecular biomarkers to assign patients to favorable, intermediate, or
adverse risk profiles [33,34]. These approaches play an important role in decision-making,
yet their linear design hampers their ability to recognize interactions among many factors,
such as somatic mutations and patient characteristics [58]. In this regard, Al models enable
the integration of multiple disease characteristics, including cytogenetics, mutation pro-
files, clinical variables, laboratory values, and treatment history [37]. Thus, these systems
aim to predict overall survival (OS), relapse risk, treatment response, and transplant out-
comes [37]. Systematic review papers show that Al-based prognostic models tend to out-
perform classical risk scoring, but external validation poses a great challenge before wide-
scale implementation into clinical practice [37]. The emergence of multi-omics (genomics,
epigenomics, transcriptomics, proteomics, and metabolomics) approaches has contrib-
uted to a comprehensive view of the mechanisms underlying leukemia development, its
heterogeneity, and drug targets [37,58,59]. Thanks to the application of high-throughput
sequencing, mass spectrometry, and computational technologies, new biomarkers of
AML, patterns of clonal evolution, and microenvironmental interactions have been found.
Al is especially helpful for processing multidimensional data and discovering new pat-
terns and drug vulnerabilities that might go unnoticed by classical statistical analysis
methods [58]. Undoubtedly, one of the most promising Al applications is predicting pa-
tients’ response to specific treatments, such as Venetoclax-based combinations, Hypo-
methylating agents (HMAs), targeted inhibitors, immunotherapy, hematopoietic cell
transplantation (HCT), and Chimeric Antigen Receptor T-cell (CAR-T) [5,8,38,69-72]. In
this respect, the ML algorithm might analyze patients’ molecular profiles and treatment
histories to estimate response probabilities [7,37,73-76]. In this connection, a newly pub-
lished paper confirmed the applicability of the ELN 2022 criteria for the classification of
AML patients by genetic risk and found groups of patients sharing specific cytogenetics
and somatic mutations associated with similar survival rates according to three treatment
regimens, including IC, HMAs, and the latter agents associated with venetoclax [73].
There were no differences in OS rates among the three risk categories defined by the ELN
2022 criteria. Using Al-based genomic analysis, researchers were able to distinguish nine
groups of AML patients with differential survival across treatment options. Based on the
provided information, the authors argue that the currently used ELN criteria are inade-
quate for genetic risk assessment in AML patients over 60 years of age and emphasize the
need for a more comprehensive genetic risk classification that incorporates coexisting so-
matic mutations [73]. Nevertheless, ML models use retrospective data and cannot yet pro-
vide prospective validation. Though highly precise, convolutional neural network algo-
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rithms do not allow for easy explanation to a physician of the grounds for classifying a
particular patient as high risk [74]. Therefore, even promising technologies like Al require
further improvement [75]. Once more, Al-driven DL pipelines can monitor MRD during
treatment, enabling early detection of resistance or relapse and allowing adjustments to
therapeutic approaches before clinical deterioration [76]. In this light, Al-assisted analysis
of MFC, sequencing data, and digital pathology may improve the sensitivity and repro-
ducibility of MRD detection while reducing interpretation time [42]. Again, convolutional
neural networks are combining blood cell counts with biochemical spectroscopy to detect
early relapse or find high-risk patients, achieving up to 98% accuracy [76-79]. Table 4
highlights the main differences between traditional and computational approaches in
AML prognostication and risk assessment [33,34,37]. Therefore, the Al-based methods al-
low the incorporation of all patient information, making predictions much more precise
than traditional methods. As a result, the process becomes personalized, enabling the de-
velopment of more effective monitoring and intervention methods. Soon, a compromise
will likely be reached as physicians use both their experience and the structured approach
of existing recommendations [80].

Table 4. Comparison between traditional and Al-assisted approaches for Prognostication and Risk
Assessment in AML [37].

Feature

Traditional Methods (e.g., ELN and

Al-Assisted P ticati
NCCN Guidelines) [33,34] ssisted Prognostication

Primary Data Source

Standardized, low-dimensional (Cyto- High-dimensional, multi-omic (Ge-
genetics, selected molecular markers, nomics, transcriptomics, proteomics,
age). imaging, EHR).

Rule-based, hierarchical classification . L
Data-driven, pattern recognition (Ma-

Logic/Approach systems (favorable/intermediate/ad- chine/Deep Learning).
verse).
D ic; adapts and i for-
. . Static; requires manual updates to ynamic; 'a apts and tmproves Per o
Dynamic Ability mance as it processes new, real-time

ideli knowl lves.
guidelines as knowledge evolves data.

Pattern Recognition

Capable of uncovering non-linear,
complex, and novel prognostic signa-
tures.

Limited to predefined, well-known bi-
omarker combinations.

High, adhering to proven medical logic Yar1able; often meets the “black box

Interpretability and dear clinical rules. issue, needing Explainable Al tech-
niques.
Requires significant time; depends on  Almost instant; handles large datasets
Speed/Scale . s .
manual pathology and expert review. at scale with high levels of automation.
Precisi dicine: predicting individ-
Grouping patients into broad risk cate- recision medicine: precicting Mdivi
Goal ual patient outcomes (e.g., relapse, sur-

gories for standard protocols. . .
vival time).

ALl artificial intelligence; ELN: European Leukemia Net; NCCN: National Comprehensive Cancer
Network; EHR: electronic health records.

6. AI-Enabled Patient Evaluation and Treatment Selection

Al-enabled personalized assessment of patients with AML dramatically speeds up
diagnosis, improves risk stratification, and helps select personalized treatment. By incor-
porating various biomedical inputs, Al standardizes medical processes and improves ac-
curacy beyond what manual control can ensure. The Al-enabled evaluation process com-
bines a patient’s genomic markers, biological age, and the BM environment. Unlike tradi-
tional approaches that rely on protocol-based treatment, DL algorithms use unique pa-
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rameters to provide the best fit and recommend an optimal treatment course that mini-
mizes toxicity while accurately identifying candidates for HCT [37]. Traditional methods
treat each genetic alteration as an independent, static parameter. ML-based algorithms
consider mutations in a complex interconnected network of factors. Thus, ML models ap-
ply the VAF concept to determine which mutation is ancestral (dominant) and which is
subclonal, thereby enabling accurate predictions of the efficacy of targeted therapy. For
example, if there is suspicion that an FLT3 inhibitor (like gilteritinib) is likely to cut off
only a minor part of a tree rather than kill all its branches, the Al would suggest alternative
drug combinations [37,78]. Moreover, an important element ML uses to develop its algo-
rithms is the understanding that certain genetic alterations occur in sequence. In this re-
gard, when an NPM1 mutation is associated with DNMT3A and FLT3-ITD alterations, the
algorithm recalculates the patient profile as “high risk” rather than “favorable,” thereby
recommending that the patient undergo HCT after the first remission [81]. When a patient
has a complex karyotype and Tumor Protein 53 (TP53) mutations, which are typically as-
sociated with bad IC results, AML therapeutic algorithms would suggest participation in
clinical trials testing new therapeutic agents or using non-intensive strategies, including
HMAs with venetoclax therapy, to minimize futile toxicity. Another aspect of individual
assessment provided by Al-based algorithms is a numerical estimate of a patient’s biolog-
ical age, which replaces a traditional subjective approach. For example, Automated
Comorbidity Indexing models are used to evaluate the probability of treatment-related
mortality [80]. They automatically scan a patient’s electronic health record to assess their
HCT-Comorbidity Index (HCT-CI) [81]. This index assigns weights to certain underlying
cardiac, pulmonary, or renal conditions and thus helps estimate the risk of IC-related mor-
tality. Finally, ML algorithms analyze MFC data and protein expression patterns (CD33,
CD123, or CLL-1) to determine whether a patient could receive help from antibody-drug
conjugate therapy (gemtuzumab ozogamicin) or adoptive cell transfer (CAR-T cell ther-
apy) [72,82].

7. Traditional Fitness Criteria Assessment vs. Metrics Using AI in AML

One of the most important conceptual insights from the study of AML is that fitness
is not fixed at the time of diagnosis but is dynamic and continually evolving throughout
the patient’s journey [30,82,83]. Therefore, traditional milestone concepts of fitness in
AML and their reviews are reported in Table 5 [84-87]. In addition to traditional criteria,
valuable efforts to assess the objective patient’s fitness have been reported [87,88]. How-
ever, unprecedented advances in this field are driven by ML approaches that analyze com-
plex, nonlinear patient data from clinical, laboratory, genetic, and real-time digital sources
to predict patients’ ability to tolerate therapy. As shown in Table 6, these Al-based criteria
compare with traditional fitness measures and can capture changes in fitness states,
providing a deeper understanding of this complex biological process [58,81,89-93]. More-
over, supervised ML techniques enable the identification of prognosis-related patterns
from electronic health records at admission, thereby ending the subjectivity of manual
performance status assessments [90,93]. Further advances in this field include Wearable
Technologies and Digital Biomarkers of Frailty, which could play a fundamental role in
the modern management of AML. Indeed, the convergence of Al with wearable device
technology offers a new paradigm for remote patient monitoring beyond the clinic [91,92].
Continuous sensor data, including average heart rate, oxygen saturation, skin tempera-
ture, and sleep habits, can be accessed remotely in real time to provide a “snapshot” of a
patient’s baseline behavior. In addition, wearable-derived physical activity metrics have
shown high clinical value. Higher activity levels during recovery from cancer-related
stressors are associated with fewer readmissions. Specifically, a higher step count per mi-
nute is linked to a reduced risk of falls and improved OS [90,91]. The implementation of
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Al analytical tools will enhance clinical outcomes in the remote monitoring of patients’
conditions [92,93]. Notably, remote home-based electronic monitoring significantly im-
proves QoL [94,95]. Hence, Al may provide objective evidence of functional status by
serving as a “third party” between the patient’s feelings and the physician’s interpretation
of the patient’s complaints.

Table 5. Traditional criteria and tools of patients’ fitness in AML [30,82-86].

Assessment Tool

Primary Diagnostic Role
and Limitations

Evaluated Domains and Key

Clinical Scoring Thresholds
Parameters

ECOG Performance Status

Standard tool for IC eligibil-
ity; highly subjective and
easily confounded by re-
versible, leukemia-induced
acute symptoms.

Physical activity, self-care ca-

pacity, and daily functional Scale from O (fully active) to

limitations. 5 (completely disabled).

HCT-CI (Sorror Index)

Categories of objective organ _ . . .. Standardized predictor of
. . Point-based sum score indi-
dysfunction, including car- . . HCT-related and NRM re-
. cates a high comorbidity bur- |
diac, pulmonary, renal, and en quires structured laboratory

hepatic impairments. and functional test inputs.

Ferrara Criteria

Identifies patients who are

Consensus-based host organ Binary classification (unfit if ineligible for IC; lacks multi-

function thresholds, active

tual - di ional £
(SIE/SIES/GITMO) infections, cognitive status, > P L O opera HENSIONAl MEASHTes o
tional criterion is met). functional reserve and
and age. .
frailty.
- . A rapid geriatric screening
Nutrition, weight loss, BMI, ) .
mobility, neuropsychological Scale of score defining frailt tool requires manual clinical
Geriatric 8 (G8) Score Y psy Y administration and is time-

problems, polypharmacy,  or unfitness.

consuming in routine prac-
and self-rated health. & P

tice.

ECOG: Eastern Cooperative Oncology Group; IC: intensive chemotherapy, HCT-CI: hematopoietic
cell transplantation-comorbidity index; HCT: hematopoietic cell transplantation; NRM: non-relapse

mortality; BMI: body mass index.

Table 6. Complete Overview of Fitness Modalities.

Comparison Dimensions

Traditional Criteria Al-Assisted and ML Models

Core Evaluation Paradigm

Automated, data-driven prognostic modeling

Static clinician scales, comorbidity in- | . . L .
ty integrated with real-time digital biomarker

dexes [30,83]. analysis [37].

Data Modalities

Includes chronological age, staticlab ~ Multi-omics, high-frequency actigraphy, sleep
values, baseline organ function tests, architecture, facial images, and clinical text
and clinician-rated PS [2,83]. [58,96].

Temporal Resolution

A single, separate pre-treatment base-  Continuous, real-time longitudinal monitoring
line measurement taken at the time of during daily activities and active therapy in
initial diagnosis [82]. free-living conditions [96].

Inter-Observer Subjectivity

Despite its susceptibility to clinician bias
and diagnostic confounding, the HCT-
CI's reproducibility improves with
training programs [83].

Algorithmic assessment reduces subjective bias
but requires cross-institutional model validation
to avoid it [37,79,84].

Confounding by Disease
Burden

High, acute, and reversible leukemia

L. . Low; models adjust for leukemia burden by in-
symptoms such as anemia, infection,

cluding cytogenetics, mutational signatures,

and leukostasis can resemble chronic
and metabolic cofactors [96].

physiological frailty [83].
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Type and Accuracy

Categorical groups like fit versus unfit, Continuous, individualized probability curves
or low, intermediate, or high risk [86]. for OS, CR, relapse, and NRM [96].

Representative Models

ECOG PS, HCT-CI comorbidity index, Sanger AML Knowledge Bank, ML Early Death
Ferrara Criteria, G8, and the AML-CM Classifiers, Garmin Venu SQ Smartwatch,
[8,83]. FaceAge, Trial GPT [81,97].

Primary Clinical Benefit

This approach is internationally recog-
nized, widely accepted, and does not
need complex infrastructure or special-
ized software [83].

Highly personalized, this system adapts dy-
namically to functional changes and detects
subclinical toxicities [96].

Implementation Barriers

Manual clinical assessments are time- ) . . .
Challenges include EHR integration, strict data

privacy laws, “black box” explainability, and
validation across different cohorts [37,97].

consuming and do not benefit from con-
tinuous validation via multicenter trials
[83].

Role in the Clinical Pathway

Guides the initial treatment choice at di-
agnosis, determining whether to use IC
or a less intensive targeted therapy
[2,8,83].

Offers ongoing decision support, guiding post-
remission HCT, remote monitoring, and clinical
trial matching [97].

Al artificial intelligence; ML: machine learning; PS: performance status; HCT-CI: hematopoietic cell
transplantation-comorbidity index; OS: overall survival; NRM: non-relapse mortality; ECOG: East-
ern Cooperative Oncology Group; AML-CM: acute myeloid leukemia-composite model; HER: elec-

tronic health records; IC: intensive chemotherapy.

8. Implementation of Electronic QoL Life Assessment and Potential Al
Application in AML

AML is one of the most aggressive hematological malignancies, characterized by
marked biological heterogeneity and requiring prompt, intensive treatment, which, to-
gether with treatment-related toxicities—including cytopenias, life-threatening sepsis,
and severe mucositis—can cause a sudden disruption to patients’ lives and lead to sub-
stantial physical and psychological distress [8,98-100]. An AML diagnosis, accompanied
by prompt treatment, shocks patients to such an extent that they feel like being “ab-
ducted”. Traditionally, progression-free survival (PFS) and OS are considered key indica-
tors for the treatment of oncological patients. Nonetheless, there is a considerable para-
digm shift occurring in clinical practices towards more patient-oriented medical care
[101]. Intensive AML treatment makes patients focus primarily on QoL, reduction in
symptom burden, hospitalization duration, and costs, rather than increasing survival
rates. Because AML treatment is highly intensive, it negatively affects patients” health and
functional capacities [101]. To address the profound psychological distress and sudden
trauma of an AML diagnosis, digital therapeutics have emerged as highly scalable, acces-
sible solutions to bridge the gap in clinical supportive care [101]. In addition, palliative
care interventions have proven highly effective at mitigating anxiety, depression, and
physical symptom burden in leukemia patients [8]. However, healthcare schools face a
severe shortage of specialized supportive care clinicians. In response, researchers have
translated the active, evidence-based components of clinical palliative interventions into
self-administered digital platforms [8,94,95,102]. Standard clinical practice relies heavily
on periodic, subjective clinical assessments and laboratory testing. Nevertheless, labora-
tory data alone do not capture how a patient feels and functions in everyday life. Indeed,
Patient-Reported Outcomes (PROs) provide unique clinically relevant information [103].
In this regard, the electronic-PROs (ePROs) modality may address barriers to completion
[104]. An example of the use of ePRO to assess patient health status is seen in studies
aimed at personalizing transfusion support [105]. In this regard, the WearAble Technol-
ogy for Collecting Health data in people who are Transfused (WATCH) clinical study was
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conducted at the University of Oxford (NCT07511829, https://clinicaltri-
als.gov/study/NCT07511829: accessed 31 May 2026) in adult patients receiving treatment
for MDS and AML, using step count and sleep quality indicators, together with hemato-
logical indices, to train an Al algorithm that enables the provision of personalized sup-
portive care. Blood transfusions will thus be used only when functional capabilities de-
cline, thereby improving physical QoL and minimizing potential side effects according to
the study hypothesis that classical fixed transfusion thresholds do not consistently corre-
late with the level of functional impairment (NCT07511829). Again, the use of ePROs is
further supported by literature reviews, such as the one conducted by Warnecke and col-
leagues, which found that electronic methods enhance the assessment of physical and
mental conditions that healthcare providers may otherwise underestimate [106].

9. Al-Assisted Clinical Research in AML

Given its biological and clinical complexities, AML is one of the areas in which Al
has been successfully applied across various stages of clinical investigation, from diagno-
sis to the course of disease. In such a setting, Al-based algorithms for AML diagnosis have
demonstrated that automated optical image processing can facilitate clinical decision-
making in interpreting AML status from microscopic images of PB and BM [40,45,65].
Moreover, traditional AML prognostic models are based on clinical and genetic factors
[33-35]. Nevertheless, due to numerous complications and the disease’s dynamism, ML
techniques can be considered quite helpful for improving AML prognosis [37]. In this re-
gard, an innovative predictive AML model has been developed using 13 programmed cell
death pathways, including apoptosis, ferroptosis, pyroptosis, and autophagy, and em-
ploys ML to generate predictive models from 73 combinations of 10 different algorithms
[107]. However, the most widely explored aspect regarding Al and AML treatment is pre-
dicting drug responsiveness [5,8,18,36,37,54,70]. Indeed, given the disease’s pronounced
heterogeneity and the individual patient’s fitness, it is crucial to determine the drug regi-
men for each patient [11,38]. In this regard, the NetAML platform has recently developed
87 drug-sensitivity prediction models for 87 clinical drugs, using RNA sequencing (RNA-
seq)-based ex vivo drug-response data from 520 AML patients. It employs network-based
analysis and ML algorithms to identify biologically meaningful signatures of drug re-
sistance and sensitivity [108]. Another important example is a work by the BeatAML con-
sortium, which has recently combined genomic, transcriptomic, and ex vivo drug-sensi-
tivity profiling data from 672 AML patients, using ML algorithms to develop highly pre-
dictive models, representing one of the greatest and most comprehensive efforts in the
multi-omics space [109]. Additionally, the use of Al tools in AML trials has also been
proven [22,42,91,110]. Al algorithms are involved in stratifying, recruiting, and monitor-
ing treatment compliance in AML patients. They can analyze study protocols to identify
issues and inefficiencies and forecast clinical trial outcomes. The value of Al models in
AML is immense, paving the way for the continued evolution of these technologies in
such research settings. In this regard, generative Al models have become a source of dis-
coveries. For instance, Al generative algorithms can generate synthetic patient popula-
tions and “digital twins” of individual patients, enabling the simulation of disease pro-
gression and treatment dynamics [7,110-112]. These digital twins allow researchers to test
personalized sequences of non-cross-resistant therapies in a simulated environment be-
fore administering them to the patient [7]. Dynamic disease progression simulations of
digital twins can indicate that such adaptations may increase survival rates by predicting
the kinetics of drug resistance before clinical diagnosis [113]. This model is particularly
useful in rare cases of AML, such as BCR: ABL1 and inv(3)/t(3;3), for which few patients
are enrolled in clinical studies [114]. Therefore, it plays a valuable role in helping AML
specialists improve clinical trials to develop new treatments. Still, it is necessary to con-
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duct rigorous ethical, regulatory, and methodological evaluations of synthesized data be-
fore their application in clinical practice. Nevertheless, the number of challenges AML
specialists face continues to grow. Some of them are related to selection bias in training
datasets, limited prospective validation studies, poor data quality, and lack of regulation
[115-117].

10. Ethical, Legal, and Implementation Issues Related to the Use of Al
in AML

Although there is great potential for using Al in the management of AML, many is-
sues need to be addressed first. Apart from technological issues, there are also ethical,
legal, and implementation issues related to the use of Al in medicine [114]. First, DL tech-
niques are associated with an issue known as “black box”. In other words, there is no clear
explanation of how an algorithm makes a particular decision, and this opacity violates
major ethical principles, such as autonomy, because clinicians cannot explain the rationale
behind an algorithm-driven suggestion to their patients [116-118].

11. Algorithmic Bias and Health Justice

Al systems are highly sensitive to the quality of the data used in their development,
and that data may be biased or representative only of a limited population [114]. In oncol-
ogy, where structural racism and socioeconomic determinants of health already change
outcomes, prejudicial algorithms are a serious threat to patients’ equity and personal pri-
vacy [117]. In this regard, Al-assisted learning approaches can enable training models on
multi-institutional datasets without exposing patient information, thereby supporting
confidentiality and addressing privacy concerns [9]. Lastly, strict data provenance and
data quality guidelines must be put in place to help in making Al systems fair and reliable,
regardless of the population subgroup [118].

12. Regulatory Oversight and Medico-Legal Liability

Transitioning from the development stage to implementation requires a proper gov-
ernance structure. Medical devices using Al have received clearance from regulatory
agencies such as the FDA. Nevertheless, existing regulations may not apply, as many are
tailored to non-adaptive software [115]. Adaptive learning models pose challenges in such
cases and require post-market surveillance to ensure continued effectiveness and safety
[115]. More importantly, it is unclear where liability should fall if mistakes occur [119].

13. Conclusions and Directions for the Future

Although the field of hematology—oncology is rapidly shifting from single-modality
proof-of-concept studies to multimodal Al solutions, present-day technologies are used
as specialized “co-pilots” rather than absolute deciders. While previous technologies were
based on centralized databases, the latest models use federated architecture and multi-
modal data collection, including MFC and genomic data. However, currently, no single
model in regular clinical practice can, on its own, take a raw morphological image, MFC
results, multi-omics data, and information on the patient’s fitness to define a treatment
regimen. Consequently, Alis not deciding what the final treatment regimen will be. Many
organizations responsible for clinical trials, research groups, and large international or-
ganizations, such as those in Europe and North America, are actively developing data
exchange systems to build multimodal Al models capable of detecting AML and assisting
with its management in daily clinical practice [6,78]. However, the use of Al in medical
decision-making has changed our understanding of AML and will profoundly impact our
clinical practice. For example, using age-based criteria versus a multidimensional ap-
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proach to fitness will have different implications for patient care. First, Al removes sub-
jectivity, preventing undertreatment and overtreatment [4]. Also, using electronic health
record analytics and wearable technology, Al might enable dynamic monitoring of pa-
tients’ fitness during therapy rather than at admission [90-93,95,102]. Nevertheless, chal-
lenges exist in implementing Al-based algorithms. Randomized trials are essential to fig-
ure out whether Al-based therapeutic strategies yield better survival rates and QoL than
traditional clinician-based strategies [37]. Standardization is another vital aspect to con-
sider for reporting and validating demographic bias, among other things [37,54]. Ulti-
mately, Al should be viewed not as a replacement for clinical expertise but as a sophisti-
cated virtual assistant that empowers the hematologist [78,79]. By processing vast
amounts of literature, genomic data, and real-time patient history, Al enables the realiza-
tion of true precision medicine in AML: delivering the right therapy at the right intensity
to the right patient at exactly the right time [7,13,18,37]. Additionally, Alis revolutionizing
the field of AML research through the development of multimodal early-screening meth-
ods, single-cell technologies to discover new CAR-T targets, and prediction models for
patient survival. Using DL, ML, and natural language processing, scientists have been
rapidly speeding up the discovery process in precision medicine for AML. Finally, in an
ever-changing world of AML treatment, Al can help restore humanity in medicine by au-
tomating the cognitive functions doctors perform routinely and enabling them to spend
time with their patients rather than on administrative tasks. Al will handle all documen-
tation, allowing doctors to focus on providing personalized, caring healthcare to patients.
For example, Al-based medical scribes and ambient listening technology can automati-
cally document doctor-patient visits and upload all relevant information to electronic
health record systems, allowing doctors to maintain eye contact with their patients. Also,
Al can automatically translate medical terminology into plain language for patients. Thus,
patients become more involved in decision-making as they begin to understand how their
illness affects their bodies and how it can be treated. Furthermore, because of its ability to
analyze large datasets, Al can detect risk factors specific to a particular patient, including
their genetics and lifestyle [120,121]. This way, specialists can develop a truly personalized
and holistic treatment regimen that addresses not only the problem but also its potential
causes. As usual, Al-powered technologies can reduce weaknesses inherent in humans,
such as their inability to process vast amounts of information at once and to avoid burnout
[41,78]. Nevertheless, clinical intuition, empathy, and ethics are unique human qualities
that no machine will replace [122].
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