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ABSTRACT

The integration of artificial intelligence (AI) is driving a third revolution in pathology, following the transformative impacts of
immunohistochemistry and genomic medicine. This review aims to summarize the current landscape of AI applications in
diagnostic hematology, highlighting how machine learning (ML) and deep learning (DL) models are poised to reshape clinical
practice. Our investigation found that the main applications include the automated analysis of digital pathology slides and flow
cytometry data, where algorithms can identify subtle morphologic patterns often invisible to the human eye. Furthermore, Al is
crucial for integrating complex, high-throughput next-generation sequencing data to refine diagnostic accuracy and prognostic
predictions for hematologic malignancies. While these tools offer the potential to surpass human capabilities in classification tasks,
significant challenges remain. The primary hurdles include the need for large, high-quality annotated datasets, the clinical
imperative for model interpretability, and the practical difficulties of regulatory approval and workflow integration. Despite these
obstacles, the continued advancement of Al in hematopathology promises to enhance diagnostic precision, reduce errors, and
ultimately pave the way for a new era of personalized medicine.

1 | Introduction

The term “hematologic malignancies” (HM) describes cancerous blood cell (WBC) development in the human body causes
conditions that arise from the lymphohematopoietic system and a disproportion among blood components, which leads to HMs.
can affect any organ or system in the body [1]. HMs mostly Red blood cells (RBCs), WBCs, and platelets are all found in
comprise heterogeneous tumors, including, among others, leu- blood. RBCs constitute most of the blood volume and are re-
kemias, lymphomas, and myeloma [2]. Usually, aberrant white sponsible for carrying oxygen from the heart throughout the

Abbreviations: Al artificial intelligence; ALL, acute lymphocytic leukemia; AML, acute myeloid leukemia; ANN, artificial neural network; AUROC, area under the receiver
operating characteristic curve; BM, bone marrow; CBC, complete blood count; cDNA, complementary DNA; CLL, chronic lymphocytic leukemia; CNN, convolutional neural
networks; Chromosome-ReAD, chromosome recurrent abnormality detector; Ct, threshold cycle; DL, deep learning; ELN, European Leukemia Net; EMRs, electronic
medical records; H&E, hematoxylin and eosin; HCs, healthy controls; HMs, hematologic malignancies; HMAs, hypomethylating agents; IHC, immunohistochemistry;
MD-GAN, multiple distribution generative adversarial network; MDSs, myelodysplastic neoplasms; MFC, multiparameter flow cytometry; ML, machine learning; NGS,
next-generation sequencing; PB, peripheral blood; qPCR, quantitative PCR; RBCs, red blood cells; RNA, ribonucleic acid; VI, virus-infected; WBC, white blood cell;
WSIs, whole slide images.
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body. WBCs, on the other hand, use various immunological
systems to help the body fight off infections and illnesses. For the
human body to be protected, a healthy WBC count must be
maintained. These blood components typically develop and re-
generate in accordance with the body’s requirements. However,
when specific HMs are present, their growth may become dis-
ordered. For example, the bone marrow’s ability to make and
maintain healthy RBCs and platelets for delivering oxygen and
nutrients is weakened because of the large increase in abnormal
WBCs. Diagnostic delays mostly arise from the intricacies of
symptom analysis and the difficulties inherent in illness
diagnosis.

1.1 | The Diagnostic Gap in Hematopathology

HMs originate from the uncontrolled proliferation of abnormal
hematopoietic cells, a process driven by a complex interplay of
genetic mutations and epigenetic alterations. For most processes
that involve the bone marrow, this aberrant growth disrupts the
normal balance of blood components, leading to conditions like
anemia, immunodeficiency, and clotting disorders, while nodal
and extranodal diseases present with mass-related as well as
constitutional symptoms. Diagnosing these diseases traditionally
relies on microscopic examination of blood and affected tissues,
methods that are not only time-consuming and labor-intensive
but also suffer from significant interobserver variability. Indeed,
especially in regions where experienced hematopathologists are
lacking, the conventional diagnostic approach may become
largely insufficient. In those instances, even the availability of
immunophenotyping and genetics can be misleading as patterns
largely overlap across disease entities and an efficient morpho-
logical assessment is always needed. Furthermore, the mor-
phological similarities between different cancer subtypes and
reactive conditions often make definitive diagnosis challenging,
potentially leading to delays in crucial treatment initiation. These
inherent limitations in conventional diagnostics highlight an
urgent need for more objective, reproducible, and efficient
technologies, setting the stage for the integration of artificial
intelligence (AI)-driven solutions [3].

1.2 | Core Concepts: Digital Pathology and Al

The term AI, which was first used by McCarthy et al. in the 1950s,
refers to a branch of computer science where machine ap-
proaches are used to forecast scenarios by mimicking what an
intelligent human may do in the same circumstance. The wide
range of AI encompasses machine learning (ML)-based tech-
niques, such as ML from input data to generate predictions.
Notably, ML enables computers to obey arbitrary rules. It is
accomplished by using algorithms for processing data sets that
automatically find patterns and carry out tasks like categoriza-
tion and detection across a range of areas [4].

In the 1980s, artificial neural networks (ANNSs) were created as
a synthetic model of human neuronal architecture. Deep
learning (DL) is another method of ML, which refers to
a multilayer network of artificial neurons, and attempts to
generate models from unprocessed data. Typically, an input
layer, an output layer, multiple hidden layers, and many layers
of ANNs are commonly seen in DL networks. ANN functions
similarly to the human brain [5]. Large amounts of data
gathered by wearable technology, cellphones, and other mobile

monitoring sensors can be processed using DL algorithms in
various medical domains.

It is interesting to note that hidden layers are also used to create
new images. If sufficient training data are available, they can also
be used to identify the representations that best differentiate
across relevant categories. The usage of DL for a variety of ap-
plications, including digital pathology, has grown in popularity
over the past 15years due to parallel advances in processing
power and findings from research organizations like Hinton and
others [6].

The advent of modern computing and digitization has brought
about considerable changes in hematology, pathology, and other
medical fields. The new digital pathology era, which replaces the
optical microscopy period, uses digital whole slide images (WSIs)
for pathology diagnosis. The introduction of digital pathology
technologies has sped up image analysis tools, research meth-
odologies, clinical pathology workflows, and new educational
models [7].

Technically speaking, WSI transforms the complete tissue
sample on a slide into millions of pixels that may be readily
shared as a digital slide or used with specialized digital pathology
software to train algorithms for pattern identification. It is
possible to modify algorithms to produce “apps” that resemble
the ones that are already available on smartphones. It is possible
to train DL neural networks to identify patterns in every he-
matoxylin and eosin (H&E) slide image. Furthermore, tissue
traits that may be suggestive, predictive, or prognostic can be
understood using Al-based methods [8]. ML and DL AI models
serve as the foundation for hematology Al systems. These models
have recently been utilized by researchers to create algorithms
that automatically analyze the morphology of blood cells, cate-
gorize blood illnesses, forecast the prognosis of diseases, and find
novel biomarkers [9].

This review aims to provide a comprehensive overview of the
transformative role of AI in diagnostic hematology. We first
traced the historical evolution of pathology, from early ana-
tomical studies to the current digital era. We then delved into the
core principles of digital pathology and Al, exploring how ML
and DL algorithms are applied to analyze WSIs and other di-
agnostic data. The main body of the review focuses on specific
applications within hematology, covering advancements in pa-
thology, cytogenetics, immunophenotyping, and molecular ge-
netics. Finally, we discuss the current challenges and future
opportunities, offering a perspective on how these technologies
will continue to shape the field. By synthesizing these diverse
areas, this review offers a structured guide for understanding the
ongoing Al-driven revolution in hematopathology.

To gather relevant information, a comprehensive search was
conducted primarily using the PubMed database, covering
publications up to the end of 2024. A further round of search was
run when the manuscript was revised after the first peer review.
The search strategy involved a combination of keywords and
MeSH terms to identify articles pertinent to the intersection of AI
and hematology. Key search terms included “digital pathology,”
“artificial intelligence,” “machine learning,” “deep learning,”
“diagnostic hematology,” “hematopathology,” “molecular di-
agnostics and hematology,” and “cytology and hematology.”
Relevant articles were selected based on their contribution to the
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understanding of AT’s role in modern hematological diagnostics,
from foundational principles to the latest applications and future
challenges.

2 | From Gross Anatomy to Tissue Imaging: A Brief
History of Pathology

Pathology has a long history that dates back to the days when
people first talked about physical ailments at the origin of
medicine itself [10].

Egyptian medicine is where sickness documentation really
started, and the two most significant sources are the Ebers pa-
pyrus (circa 1550 BC) and the Edwin Smith papyrus (17th
century BC). Numerous forms of bone damage, trachoma, in-
testinal ulcers, parasites, and other illnesses are described in
these records. However, there is very little information regarding
pathological anatomy in these papyri that have survived. Only in
the final three centuries BC did the Hippocrates-influenced
Alexandrian Greeks make far more substantial contributions
to anatomy and pathology [11].

Hippocrates’ humoral theory of sickness had an impact on
medicine up until the Renaissance and beyond. Despite this
theory’s flaws, the Hippocratic authors did a great job of de-
scribing a number of pathological traits, including malaria, tu-
berculosis, tumors, hemorrhoids, and wound inflammation.
Medical professionals at the period did not perform human
dissections, but they did perform animal dissections [12].

The first human dissections were carried out by the Alexandrian
scientists Herophilus (335-280 BC) and Erasistratus (304-250
BC). We only have second-hand knowledge of their works be-
cause, regrettably, none of them have survived. While his con-
temporary Erasistratus was more of a physiologist than an
anatomist, Herophilus is thought to have been among the first to
study anatomy as a science, continuously attempting to connect
structure to disease. They attempted to explain symptoms and
complaints by citing obvious morphological changes, despite
their lack of in-depth knowledge of anatomy and physiology.

Pathology was also impacted by Arab and Byzantine physicians.
Avicenna (980-1037) was one of the best writers of the Arab era
and a superb physician. Up until the fifteenth century, his Canon
of Medicine—which was founded on the theories of Aristotle and
Galen—was regarded as the most authoritative treatise on
medicine. Among other illnesses, Avenzoar (1070-1162), who
replaced him a century later, accurately characterized stomach
and esophageal cancer. Despite these isolated reports, the Byz-
antine and Arabic traditions made limited contributions to ad-
vancing the general understanding of disease.

Greek medicine was preserved in monasteries across Europe
when Arab medicine declined. Actually, the monks either copied
and annotated old writings or practiced medicine. Medical fac-
ulties rekindled their interest in anatomy and pathology with the
establishment of Italian universities. According to early
fourteenth-century manuscripts, human dissection was a com-
mon practice in Bologna as early as 1270 AD as a means of
studying human anatomy, illness, and the law
surrounding death.

The sole individual who sought to undermine the impact of the
1500-year-old Galen was Giovanni Batista Morgagni

(1682-1771), a Bologna University medical student and pupil of
the renowned anatomist Antonio Valsalva (1666-1723). Mor-
gagni wrote his first important publication, “Anatomical
Adversaria,” at the age of just 24, which catapulted him to fame
in 1706. He went on to write five more books. His seminal work,
“De Sedibus et Causis Morborum per Anatomen Indagatis” was
not published until 1,761, when he was 79 years old. By physi-
cally connecting his patients’ symptoms to the pathological
findings at autopsy, Morgagni’s descriptions of 640 autopsies
helped to advance the idea that diseases had an anatomical basis.

The significance of microscopy in pathology was demonstrated
by an odd contest between Karl von Rokitansky (1804-1878) and
his former pupil Rudolf Virchow (1821-1902). During autopsies,
the latter started using a microscope more frequently than his
master, Rokitansky. This occasionally resulted in theoretical
interpretations that were at odds with the then-new data. In
Berlin, Virchow studied under Johann Miiller (1801-1858), who
is thought to be the source of cellular pathology and histopa-
thology. He was the first to examine tissue under a microscope.
He conducted a great deal of research on different tissues in
1,830, and the book On the Finer Structure and Form of Path-
ological Tumors was released in 1838. The microscope brought
attention to the cells and altered our knowledge of diseases af-
fecting entire organs. This made it possible to use histology and
led to several related technological advancements that are crucial
to contemporary practice [11].

With the start of the 20th century, the velocity of development
and discovery quickened even further. The ongoing de-
velopments in fixation, embedding, cutting, immunohisto-
chemical staining, molecular methods, microscopy, and image
processing are producing new, better, and more accurate di-
agnoses, as well as better diagnostic tools [3].

These days, Al, archives, and information are all part of con-
temporary medicine’s daily operations. From traditional histo-
logical diagnosis with slides and microscopes to virtual computer
microscopy with a range of tools utilizing Al and ML, digital
pathology enables pathologists to be assisted in their future work.

3 | The Role of Al in Digital Pathology

Originally intended to describe the process of digitizing WSIs
using sophisticated slide scanning techniques, the phrase “digital
pathology” is now also used to describe Al-based methods for
digitized image identification, segmentation, diagnosis, and
analysis [13].

Instead of using a microscope to examine tissue slides for di-
agnosis, a digital pathology system enables the pathologist to
view digital images on a computer screen [14] (Figure 1).

After tissue slide conventional preparation is finished, a slide
scanner is used to digitize the slide in a digital pathology system.
Using the line or patch approach, a slide scanner with a 20 X or
40 X magnification lens scans images, patches them together, and
produces a WSI. Pathologists can view all regions of the WSI at
various magnifications, just like when they examine tissue slides
under a microscope. WSI is an ultra-high-resolution image in
gigapixels that is roughly 1 GB in size when scanning a 1.5 by 1.5-
cm piece of tissue. A WSI image viewer and a slide scanner
should be included in the digital pathology system. A fast
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FIGURE 1 | Digital process of diagnosis and decision support in pathology.

communications network, the newest slide compression tech-
nologies, an adequate storage server, and complete integration
with radiology image archiving and communication systems and
electronic medical records (EMRs) are all necessary for a hospital
system to operate optimally [15].

A thorough investigation by Mukhopadhyay et al. was the first
large-scale, multicenter comparison of the diagnostic perfor-
mance of digital pathology with that of classical microscopy.
According to this study, initial diagnostic performance with
digital WSI was not worse than with conventional microscopy-
based techniques. The disagreement rate for digital WSIs was
4.6%, whereas the discrepancy rate for microscopy was 4.9% [16].
There are numerous practical advantages to using these digital
pathology imaging systems and solutions, which will signifi-
cantly enhance clinical and translational research. Reducing test
turnaround times, obtaining precise and highly reproducible
tissue readings that lower variability between pathologies, in-
tegrating digital workflow software to help streamline processes
and improve efficiency, and seamlessly sharing image data to
enable cross-specialty remote communication. Imaging’s greater
speed and efficiency could improve the utilization of more
conventional methods like in situ hybridization, H&E, and im-
munohistochemistry (IHC). This advancement enables the quick
and precise identification of particular cell types, as well as the
measurement of histological characteristics, morphological
patterns, and biologically significant regions (such as tumor or
peritumoral areas, the relationships between various immune
cell populations, expression sites, and metastases) [17]. Addi-
tionally, quantitative image analysis methods make it possible to
gather information from tissue slides that may not be accessible
through manual evaluation using traditional microscopy. In
addition to taking a lot of time, doing such operations by hand
might lead to errors due to fatigue during manual counting.
These slides can be transformed into a remotely accessible image

in a matter of minutes, and numerous pathologists from various
locations can review them centrally. These slides can be used for
diagnosis, research, training, and consultation [13, 17].

Some examples of Al capabilities include the following [18]:

« Distinguishing benign from malignant tissue;

Classifying dysplasia and in situ lesions;

Detecting evidence and extent of tissue invasion;

Identifying micrometastases during lymph node resections;

Assessing IHC/in situ hybridization of multiple biomarkers
and immune response topography;

« Quantifying tumor percentage and total cellular content;

Extracting new morphological patterns and clinical corre-
lations (“next-generation morphology”);

« Automating the management and prioritization of pathol-
ogy workflows.

These applications are increasingly used to support quantitative
assessment on H&E WSIs. A selection of representative auto-
mated approaches is summarized in Table 1.

4 | Pathology-Based AI Methods and Applications

Pathologists can now work with technological specialists like
data scientists, computational engineers, and imaging physicists
to investigate a variety of unresolved pathology issues, thanks to
the introduction of digital pathology into hospital settings
through scanning technology [21]. Techniques for obtaining,
processing, evaluating, and comprehending digital images, as
well as deriving numerical or symbolic information from mul-
tidimensional real-world data, are all included in computer
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TABLE 1 | Automated methods for assessing oncological parameters based on H&E slide scanning [19, 20].

H&E whole slide imaging

Automated identification of micrometastases in lymph node sections (e.g., breast and colon)

Measuring the evidence and extent of invasion (e.g., prostate)

Quantitative grading of cancer (e.g., breast and prostate)

Automated region of interest annotation cellularity measurements for molecular analytics (e.g., lung, colon, breast, and prostate)

vision. Recent research has demonstrated that DL models can
significantly enhance image resolution and denoising in medical
imaging, improving the precision of segmentation and detection
tasks [22]. Al and ML technologies are perfect for analyzing
large, complicated data sets in order to extract information,
patterns, and features from histopathological images [14]. In ML,
DL refers to the concept of computer algorithms learning as they
go through tasks. The algorithms can recognize speech, parse
natural language, and extract features from medical images.
Deeper interrogation of pathological images is made possible by
DL, and DL algorithms are used to identify, segment, register,
process, and categorize digitized WSIs [21, 23]. Furthermore,
novel Al-based approaches have been proposed for detecting
outliers and improving data quality control in digital pathology
datasets [24].

Pathology AI models can be used for many things, such as au-
tomatic detection, localization, quantification of structural
changes and histological parameters, and disease diagnosis [23].
By examining tumor cell properties, lesion structural alterations,
and biomarker expression patterns, these models assist pathol-
ogists in making disease diagnoses. AI models may thoroughly
examine a variety of medical metadata (such as clinical, genetic,
radiological, and laboratory) in conjunction with histopathology
image data, in addition to assessing histological images [14].
“Omics” study of an AI model can be used to predict disease
aggressiveness, patient outcomes, and therapy responsiveness.
These new features of AI models enable the extraction of im-
portant information in the context of direct cognitive and visual
evaluation of an individual in ways that were not feasible with
conventional microscopic diagnostics.

The usage of Al models in pathological diagnosis is driven by the
growing quantitative and qualitative needs for pathological di-
agnosis in order to reach precision medicine. The early appli-
cation of DL techniques to pathology has led to the development
of AI models designed to reduce pathologists’ workload and
improve diagnostic accuracy [25].

5 | AI in Diagnostic Hematology

In the field of hematology, AI has been used since 1994, when
three knowledge-based systems were introduced in Europe for
immunophenotyping, bone marrow reporting in leukemia pa-
tients, and complete blood count (CBC) analysis [26].

5.1 | Morphological Analyses

Although it frequently acts as the initial step in diagnosing HMs
by detecting abnormal numbers of blood cells or any abnor-
malities in cell morphology, a CBC is typically regarded as in-
sufficient for the practitioner to diagnose blood cancers. To reach
a conclusive diagnosis, a number of microscopic analyses of

blood smears are conducted. Since all known methods are
manual and require highly qualified medical staff for in-
terpretation, diagnosing blood cancer can be expensive and time-
consuming, potentially delaying early diagnosis and initiation of
effective treatment [26, 27].

The development of Al-based image processing in hematology
and other medical applications has been accelerated by con-
volutional neural networks (CNNs). Models based on CNNs can
now differentiate between various WBCs in peripheral smears,
with area under the receiver operating characteristic curve
(AUROC) scores higher than 95%. This exemplifies the com-
pelling argument for further automation in routine pathology
practice. The field of automated bone marrow sample in-
terpretation is undergoing similar research. CNNs are also
helpful for describing both qualitative and quantitative variations
in specific cell lines, such as textural alterations and morpho-
logical changes in RBCs associated with sickle cell disease.
Several CNN models have achieved high performance in blood
cell classification tasks. A comparative overview of reported
model performance is provided in Table 2.

These developments also extend to the differential diagnosis of
diseases: In settings with limited resources, models can identify
the causes of bone marrow failure, diagnose acute myeloid
leukemia, and apply lymphoma screens [23, 26].

One of the main limitations is represented by the fact that Al
models trained on slides from one hospital often perform poorly
on slides from another hospital due to differences in staining
procedures. Furthermore, the quality of histological samples, per
se, may affect image (and therefore image analysis) accuracy.
Attempts to reduce noise and artifacts should be prompted in the
future [32].

5.2 | Immunophenotyping

One of the main diagnostic methods for lymphomas and leu-
kemias is multiparameter flow cytometry (MFC, immunophe-
notyping). MFC analyzes a population of cells using monoclonal
antibodies coupled with fluorescent dye, which target di-
agnostically relevant antigens. This occurs based on their light
scattering properties and antigen expression patterns. The ex-
pression of the corresponding fluorescent dyes is automatically
measured and recorded by special software. Human experts then
use sequential gating on large two-dimensional graphs to identify
and label the cell populations of interest. Even though this ap-
proach seems less subjective than cytomorphology or histology,
mistakes can be made at any stage, which could affect or even
skew later interpretations. Interpretation still relies on expert
knowledge, which introduces inherent interobserver variability,
despite the use of established methodologies to control the
quality of measurements and sample preparation. Therefore, in
order to improve reproducibility and lessen reliance on expert
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TABLE 2 | Comparison of performance of convolutional neural networks in hematology and blood cell classification [28-31].
Study/model Objective Methodology Accuracy Precision Recall Fl-score
Cheuque et al., 2022 WBC classification in Multilevel CNN 9.84 98.4% 98.4%  98.4%

smears
BloodCell-Net (Alaff, 2024) 9 blood cell types Lightweight CNN 97.1 97.19% 97.01% 97.10%
Automatic CNN classification Blood cell images CNN with transfer 99.91 N/R N/R N/R
learning
ALLNet (Mettapalli et al., ALL diagnosis in WBCs Hybrid CNN 92.1 96.54%  96.54% 94.30%
2021)
Deep CNNs Peripheral blood cells Deep CNNs 99.51 N/R N/R N/R

knowledge, automated techniques for data interpretation should
be implemented [33]. Zhao et al. made an effort in this field by
feeding a deep CNN with self-organizing maps of light emission
patterns. Additionally, they differentiated between healthy and
neoplastic samples and categorized the various forms of mature B
neoplasms. Using a variety of clustering and ML techniques, co-
clustering of cells and aberrant phenotypes of samples for dif-
ferent HMs, such as lymphoma and AML samples, were found
[34]. Bigorra et al. demonstrated that neural network techniques
had the best accuracy for differentiating between virus-infected
(VI) samples, chronic lymphocytic leukemia (CLL) patients, and
healthy controls (HCs). A total of 400 samples were analyzed,
representing (i) 136 HCs, (ii) 139 VI (from persons infected with
Epstein-Barr and cytomegalovirus), and (iii) 125 patients with
CLL. Although lymphocytosis was seen in all CLL-diagnosed
specimens, it only happened in 70-5% of VI cases. Over 98% of
CLL and VI cases had the “atypical lymphoid” analyzer flag
shown [35]. Angeletti et al. employed a genetic approach to
separate control samples from healthy AML samples. A number
of techniques have tried to classify flow cytometry data without
altering the image beforehand [36, 37] or tried to make corre-
lations between hematological, immunophenotypic, and genetic
patterns [38].

This approach, nonetheless, presents a major issue; in fact,
standardizing data from different flow cytometry machines is still
a major challenge. As it prevented immunophenotyping from
being standardized for minimal residual disease assessments, it is
again limited when AI models are applied.

5.3 | Cytogenetics

Another hematological diagnostic technique that relies on the
examination and interpretation of morphological characteristics
is cytogenetics. Chromosome banding analysis is the gold
standard for identifying cytogenetic abnormalities in hematology
and has been used for a long time. Patients can be categorized
into illness subgroups with varying prognoses thanks to it.
Chromosome classification by size and banding yields distinct
information about the patient, as the karyogram illustrates. The
quality of the chromosomes and metaphases that are caught,
however, determines how accurate the karyogram will be. Ad-
ditionally, live cells must be grown and stopped at the metaphase
stage of cell division for the karyogram to be correct [39]. To
determine diagnostically significant information and distinguish
between normal and defective chromosomes, the next step is
chromosomal banding and staining. In contrast, karyotyping is
a laborious, intricate process that necessitates a high level of

automation. Numerous analysis systems for automated meta-
phase capture and semiautomatic, interactive, or automated
karyotyping have been on the market for more than 30 years. In
classical human genetics, these approaches are becoming more
and more useful, particularly for diagnosing pregnancy. There
are still several issues with karyotyping automation that need to
be addressed. Chromosomes must first be located and chosen for
further examination, removing artifacts and touching or over-
lapping chromosomes. Workflow automation was proposed in
2007 [39, 40]. To prevent large chromosomal discarding and the
production of artificially aberrant chromosomes due to un-
successful cutting of overlapping chromosomes, the majority of
processes still include some manual processing. The separated
chromosomes must next be labeled and placed in the appropriate
locations within the karyogram. Common characteristics that are
taken into account for labeling include the chromosome size and
shape, the centromere position, and the particular banding
pattern profile. The stripe pattern has been thoroughly examined
as a prerequisite for chromosomal classification in order to ef-
fectively compute profiles.

Numerous chromosomal classifiers with accuracies ranging from
85% to 98% have been produced over the last 20 years. ANNS,
wavelet transform-based linear discriminant analysis, competi-
tive neural network teams, and different iterations of (deep)
CNNs are examples of these classifiers. Chromosome orientation
along the vertical axis as a pretreatment led to better categori-
zation. Even experts found it challenging to distinguish between
the misclassified chromosomes because they were typically quite
similar in size, shape, and appearance.

CNN was initially used to classify chromosomes by Sharma et al.
To straighten the curved chromosomes, a preprocessing step was
also suggested in this manner. Their model was evaluated on 200
photos after being trained on 1600 unique photographs. On
preprocessed photos, the accuracy was 86.7%. Due to the limi-
tations of labeled pictures, previous studies [41, 42] proposed
a Siamese Network - based approach that performs well with less
training data. In specifics, before being sent to Siamese network,
chromosomes were aligned using two distinct methods simul-
taneously. After training on 1296 photos, the accuracy on 209
images reached 84.6%. After that, Wu et al. [42] suggested using
a multiple distribution generative adversarial network (MD-
GAN) to produce labeled data. They subsequently classified
chromosomes using samples produced by MD-GAN using a CNN
that had already been trained. Their average precision, however,
was just 63.5%, which is even less than what is needed for clinical
use. The absence of labeled data is a major obstacle. Low
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precision, low robustness, and overfitting could result from this.
Another difficulty is that the outcomes of chromosome
straightening have a significant impact on the learning model’s
performance.

Al-Kharraz et al. presented a sophisticated DL-based technique
that uses the number of chromosomes in each class to auto-
matically segment and classify chromosomes and identify four
common trisomies. The fundamental idea can be readily ex-
panded to identify more numerical abnormalities. The inability
of the existing ML-based models to correctly categorize different
structural chromosomal aberrations is a significant drawback.
Unlike numerical abnormalities, the implementation of a reliable
and robust system is hampered by the vast array of possibilities
with varying prevalences and the accompanying small amount of
training data. Nonetheless, it is critical to identify structural
chromosomal anomalies since they have consequences for di-
agnosis, prognosis, and treatment for a number of hematologic
neoplasms. With a mean weighted F1 score of 96.86% on the
validation set for the best-performing model, Cox et al. recently
showed that CNNs may be used to reliably classify cytogenetic
abnormalities. The chromosome recurrent abnormality detector
(Chromosome-ReAD) model strengthened its clinical value by
learning biologically relevant features, as demonstrated by the
generated gradient class activation maps. The creation and de-
ployment of validated automated clinical karyotyping systems is
imminent, given the latest developments in chromosomal ab-
normalities diagnosis [43].

In tumor cytogenetics, chromosome abnormalities—both
structural and numerical—are quite prevalent and present an
extra difficulty for automated methods. The majority of tech-
niques can be readily modified for this purpose because nu-
merical anomalies usually involve normal chromosomes. On the
other hand, because of the vast range of potential outcomes and
the occasionally restricted quantity of training data, structural
anomalies are more complicated. Nevertheless, preliminary
findings promise that in the future, structurally aberrant kar-
yograms might also be automatically identified [44, 45].

However, it should be acknowledged that despite a theoretical
unparalleled accuracy, Al-based methods cannot easily manage
and solve complex structural abnormalities. Therefore, at pres-
ent, they can be reliably applied only to numerical aberration
detection.

5.4 | Molecular Genetics

While other domains are incorporating Al technology to re-
produce the expertise of skilled diagnosticians and simulate
human intelligence, clinical molecular genetics is attempting to
apply ML-based techniques to perform tasks that are unfeasible
for humans. By using high-throughput techniques to sequence
and analyze massive gene panels (or even entire genomes and
transcriptomes), molecular genetics has made its way into the big
data space. The human genome consists of approximately 3.2
billion nucleotides, and it will soon become costly to mine data to
produce insights that are clinically meaningful. In essence, each
stage of clinical genomic analysis can profit from the combi-
nation of ML and DL approaches. These procedures consist of,
but are not restricted to, recognizing patterns in DNA sequences,
identifying variations, categorizing them, and predicting their
effects [46]. The interpretation of variants becomes more crucial

as the number of genes examined rises. The premise for auto-
matic illness classification is the prioritization of genetic variants
that are causative and clinically relevant, which is crucial for
clinical decision making [26].

The diagnostic use of a more comprehensive genetic context is
becoming more evident, even if the WHO classification currently
only uses molecular genetic markers as supplementary in-
formation for specific disease entities. Now, sequencing a par-
ticular group of gene regions linked to a suspected illness is
preferred over sequencing the full exome. This is because there is
less information that is not therapeutically relevant, turnaround
times are shortened, and expenses are reduced. The integration
of phenotypic changes and clinical data can help improve the
resulting mutational profile, as demonstrated by Nagata et al.,
who used Bayesian ML to detect diagnostic and prognostically
significant associations between genetics and cytological changes
in myelodysplastic neoplasms (MDS). Additionally, clinical data,
peripheral blood parameters, and mutational data have been
integrated into a gene-clinical model using ML techniques to
distinguish between various bone marrow illnesses [47] (Fig-
ures 2 and 3).

In the long term, the objective may be to utilize molecular genetic
data exclusively for the classification of diseases and subgroups,
as has been previously demonstrated with several cohorts [46].

Molecular genetic data are analyzed using ML algorithms for
predicting therapeutic responses, clinical diagnoses, and
prognoses. Wagner et al. integrated genetic findings from
multiple ANN datasets to categorize AML patients within the
European Leukemia Net (ELN) stratum into subgroups
exhibiting differing survival probabilities. Employing a regu-
lated ML methodology, clinically pertinent mutations were
identified in the NPM1-mutated AML cohort to ascertain in-
dividuals at elevated risk of relapse. Supervised ML was
employed to accurately categorize RUNXI1::RUNXIT1 AML
patients into favorable and unfavorable risk categories. The
MDS cohort investigated molecular markers associated with the
response to hypomethylating agents (HMAs) by a priori market
basket analysis methodology [48, 49]. The research identified
distinct molecular signatures linked to resistance against HMAs
in individuals with MDS. Researchers utilized the Apriori
market basket analysis algorithm to examine a group of 433
MDS patients who received treatment with HMAs. They
identified multiple genetic combinations strongly associated
with nonresponse. These molecular markers were identified in
roughly 30% of patients with three or more mutations per
sample, forecasting resistance with an accuracy of 87% in the
training cohort and 93% in the validation cohort [48].

Numerous studies have demonstrated the synergistic efficacy of
extensive gene panels and DL-based methodologies for patient
classification, biomarker identification, and forecasting clinical
responses to anticancer therapies, despite the fact that clinical
applications of transcriptome analysis are generally limited to the
quantification of a select few genes via qPCR. In clinical tran-
scriptome analysis, quantitative PCR (qPCR), also known as real-
time PCR, is a widely employed method for quantifying the
expression of specific genes due to its high sensitivity, specificity,
and cost-effectiveness, rendering it optimal for assessing the
expression of a limited number of genes linked to certain diseases
or biomarkers [50, 51].
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To address challenges associated with vast quantities of gene
expression data, DL has been employed to infer the composition
of cell types utilizing tissue expression profiles [52].

6 | Contemporary Obstacles to the Therapeutic
Application of AI-Driven Methodologies

The substantial amount of data produced by comprehensive
genomic profiling requires sufficient IT infrastructure for pro-
cessing and analysis. A systematic evaluation procedure and
clear reports are essential for efficient processing. As the genomic
region of interest expands, the discovery of genetic alterations
of uncertain clinical significance increases, hence elevating
the likelihood of incidental findings. Advanced methodologies
are required to derive therapeutically significant data as the
volume of molecular genetic information increases. A recent
study indicates that despite the identification of a biomarker
through comprehensive genome analysis and the corre-
sponding medication recommended by MTBs, only approxi-
mately 17% of patients obtain appropriate treatment.
Consequently, the application of the patient’s molecular
profile in clinical practice and its integration into treatment

regimens continues to pose difficulties [47, 52]. Significant
efforts are required in the area to ensure that patients are not
subjected to faulty devices or deprived of critical innovations,
despite recent progress in formulating policies and standards
that delineate and facilitate the incremental implementation
of ML models in clinical settings.

These guidelines should also address the ethical concerns related
to the restricted implementation of ML-based methodologies in
healthcare. When integrating Al-based models into clinical
practice, it is essential to consider standards for inclusion, di-
versity, equity, and potential ethical implications. ML algo-
rithms, trained on human-curated and created datasets, may
exhibit inherent bias. Acquiring the necessary extensive and
varied data sets is challenging due to several factors, including
clinical limitations on data accessibility, ethical issues sur-
rounding patient confidentiality, and discrepancies in in-
stitutional =~ frameworks and processes. Consequently,
a significant challenge in medicine is the development and en-
hancement of models that are mostly independent of institution-
specific workflows and analytical frameworks, while efficiently
generalizing from collected data [53].
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7 | Opportunities and Prospective

Significant efforts are required in the area to ensure that patients
are not subjected to faulty devices or deprived of critical in-
novations, despite recent progress in formulating policies and
standards that delineate and facilitate the incremental imple-
mentation of ML models in clinical settings.

These guidelines should also address ethical concerns related to
the restricted implementation of ML-based methodologies in
healthcare. When integrating Al-based models into clinical
practice, it is essential to consider standards for inclusion, di-
versity, equity, and potential ethical implications. ML algo-
rithms, trained on human-curated datasets, may exhibit
inherent bias. Acquiring the necessary extensive and varied
data sets is challenging due to several factors, including clinical
limitations on data accessibility, ethical issues surrounding
patient confidentiality, and discrepancies in institutional
frameworks and processes. Consequently, a significant chal-
lenge in medicine is the development and enhancement of
models that are largely independent of institution-specific
workflows and analytical frameworks, while efficiently gen-
eralizing from collected data [37]. With a few notable excep-
tions, the disease biology of patients with HMs is shaped by
intricate and varied genetic factors that are difficult to com-
prehend. The advancement of cost-effective and accurate next-
generation sequencing (NGS) technologies has facilitated the
identification of genetic alterations in each patient’s cancer.
NGS has been utilized with AI and additional data, such as

Data scarcity

in vitro drug sensitivity, to predict chemotherapy responses in
lymphoma [23].

The enormous dimensionality and multimodality of genomic
datasets render them ideal for DL research. They can also be
utilized to tailor individual therapy, identify prognostic factors,
and enhance diagnostics. The discovery of important connec-
tions and regulatory mechanisms is particularly significant.
Dynamic mechanistic models can forecast the effects of targeted
therapy and examine signaling modulation to develop person-
alized treatments. In this context, Al-based technologies may
assist in selecting the most critical therapeutic treatments.
Furthermore, early disease detection, clinical outcome pre-
diction, and the formulation of tailored therapeutics can be
achieved by integrating genetic profiles and reticula with ex-
tensive longitudinal physical data and AI methodologies [37].

8 | Conclusions

Al-based technologies continue to change our daily lives and in-
creasingly diverse sectors of healthcare, including hematology. The
introduction of ML methods will help doctors analyze and interpret
survey data more objectively and accurately. On the other hand, less
experienced doctors will find it easier to manage the decision-
making process thanks to the collected and integrated knowl-
edge. To avoid inappropriate interventions with potentially harmful
consequences and to provide patients with access to beneficial
innovations, regulated integration of new applications is necessary.
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To accelerate the clinical translation of these powerful tools,
future research should prioritize several key areas. Prospective,
multicenter clinical trials are urgently needed to validate the
performance and utility of AI algorithms in real-world di-
agnostic workflows, ensuring they are robust and generalizable
across diverse patient populations and institutions. Further-
more, a critical next step is the development of AI models
capable of predicting therapeutic responses to targeted agents
and immunotherapies by integrating morphological, genomic,
and clinical data. Such predictive tools would represent a sig-
nificant leap toward true precision medicine in hematology,
moving beyond diagnosis to actively guide personalized
treatment strategies.
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