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KEY WORDS Abstract The diagnosis of hematological disorders is currently established from the combined results
of different tests, including those assessing morphology (M), immunophenotype (I), cytogenetics (C), and
molecular biology (M) (collectively known as the MICM classification). In this workflow, most of the
results are interpreted manually (i.e., by a human, without automation), which is expertise-dependent, la-
bor-intensive, time-consuming, and with inherent interobserver variability. Also, with advances in instru-
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Diagnosis; ments and technologies, the data is gaining higher dimensionality and throughput, making additional
Prognosis; challenges for manual analysis. Recently, artificial intelligence (Al) has emerged as a promising tool
Clinical workflow; in clinical hematology to ensure timely diagnosis, precise risk stratification, and treatment success. In this
MICM classification review, we summarize the current advances, limitations, and challenges of Al models and raise potential

strategies for improving their performance in each sector of the MICM pipeline. Finally, we share per-
spectives, highlight future directions, and call for extensive interdisciplinary cooperation to perfect Al
with wise human-level strategies and promote its integration into the clinical workflow.

*Corresponding authors.
E-mail addresses: yingbinwu@scu.edu.cn (Binwu Ying), tonyhu@tulane.edu (Tony Hu).
"These authors made equal contributions to this work.
Peer review under the responsibility of Chinese Pharmaceutical Association and Institute of Materia Medica, Chinese Academy of Medical Sciences.

https://doi.org/10.1016/j.apsb.2025.05.036
2211-3835 © 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and Institute of Materia Medica, Chinese
Academy of Medical Sciences. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).



Al in laboratory hematology

5703

© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and
Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Laboratory hematology is an important branch of medical science
that provides information about hematologic (blood) disorders,
thereby assisting in the diagnosis, differential diagnosis, and
prognosis of these disorders, as well as treatment planning and
treatment efficacy monitoring. This branch of science uses labo-
ratory testing methods to analyze cellular, molecular, and
biochemical components in various biospecimens, such as pe-
ripheral blood (PB), bone marrow (BM), urine, or pleural effusion.
Laboratory hematology plays a critical role in diagnosing and
monitoring a wide range of hematologic disorders. Among these,
hematologic neoplasms are a group of heterogeneous neoplastic
disorders marked by clonal expansion of abnormal cells in the
BM, lymph nodes, and/or blood' . For these malignancies,
timely diagnosis is vital for successful treatment. In addition to
hematologic neoplasms, laboratory hematology is also essential
for diagnosing and managing non-neoplastic disorders such as
anemia, infections, acute hemorrhagic states, allergies, and im-
munodeficiencies, which are equally critical in clinical practice.
Following the guidelines of the World Health Organization
(WHO), clinical hematology laboratories use a conventional
approach for diagnosis, evaluating a patient’s blood parameters,
BM aspirate, or the results of tissue biopsies to test for tumor cells.
The combined results of different tests, which include those
assessing morphology (M), immunophenotype (I), cytogenetics
(C), and molecular biology (M), are collectively known as the
MICM classification. This workflow may also provide evidence
for differential diagnosis, risk stratification, and targeted therapy.

To conduct this workflow, the clinical hematology laboratory is
incorporated with multi-disciplinary diagnostic tools and
methods”. This requires hematopathologists or technicians with
outstanding expertise and experience—both of which are a lacking
resource in healthcare centers. Despite the emergence of cutting-
edge diagnostic technologies, most of the results still have to be
manually interpreted (i.e., by a human, without automation),
which renders a long turnaround time (TAT). Moreover, the advent
of new technologies and instruments has brought about data of
increasing dimensionality and throughput, such as from the elec-
tronic health record (which includes laboratory results, imaging
studies, and diagnosis codes) and genetic testing®. And not only
have hematologic neoplasms increased in prevalence but global
pandemics showing hematological alterations have emerged (e.g.,
the COVID-19 pandemic), causing more complexity in the clinical
hematology laboratory’. Therefore, establishing a more efficient,
accurate, and traceable approach, an approach that also requires
less human guidance in laboratory hematology, is mandatory to
tackle these emerging health concerns.

Artificial intelligence (Al) is a branch of computer science that
is usually aimed at both understanding and building intelligent
entities via software programs®. Al can assist in big data analysis,
disease pattern identification, early screening and confirmative
diagnosis, and patient survival prediction in healthcare settings.
Generally recognized as a subbranch of AI, machine learning
(ML) is widely defined as a computational strategy with an array

of algorithms to achieve Al. Basic learning methods of ML
include supervised learning, unsupervised learning, and reinforced
learning, from which more hybrid methods can be derived. The
workflow of ML generally comprises study design, data acquisi-
tion, data cleaning and preprocessing, model construction and
training, optimization of the model (adding more steps for pro-
cessing the data based on continuous performance monitoring),
and model deployment (Fig. 1). To obtain robust performance, ML
models must be trained on plenty of high-quality data.

ML classifiers have created new opportunities for accurate,
data-intensive science across multiple disciplines, and their inte-
gration into the medical care field has expanded to several areas,
including clinical trials and research; disease diagnosis, predic-
tion, and treatment; smart patient management systems; and Al-
powered chatbots and telemedicine. As many firmly believe, Al
and ML have already transformed clinical medicine by improving
the quality of care, and they have great potential to further
improve medical care in the near future and beyond'®.

In clinical hematology, substantial progress has been made in
the utilization of Al for diagnostic purposes, in areas including
instrument research and development, workflow improvement,
and result interpretation. Proof-of-principle studies have been
conducted for multiple tests, for those assessing morphology,
immunophenotype, cytogenetics, and molecular biology (the
MICM classification) in addition to other auxiliary techniques.
These promising studies suggest that clinical hematology—tradi-
tionally associated with numerous specimens, long TAT, tedious
manual intervention, and challenging comprehensive result inter-
pretation—will be revolutionized with Al

In this review, we aim to introduce the trending Al models and
focus on how they would influence laboratory hematology. Spe-
cifically, we highlight how AI models influence primary tests or
techniques associated with hematology diagnosis by providing
examples associated with specific hematological disorders and
briefly mention how Al has helped advance prognosis evaluation
and treatment decision-making. We also discuss opportunities and
challenges to give a comprehensive perspective of future Al-
assisted laboratory hematology, which aims to accurately diagnose
hematological disorders in a timely manner.

2. Complete blood count (CBC)
2.1.  CBC and its related challenges

The complete blood count (CBC) is one of the most commonly
ordered laboratory tests and usually the first test ordered for dis-
ease screening and checkups, initiating practical diagnostic algo-
rithms and thereby assisting in diagnosis''. CBCs are ordered for a
variety of conditions, the most common being hematological ab-
normalities including anemia, thrombocytopenia, leukopenia,
polycythemia, thrombocytosis, and leukocytosis. Thus, they are
helpful for diagnosing anemia, certain cancers (hematological
malignancies), infections, acute hemorrhagic states, allergies, and
immunodeficiencies; for treatment monitoring; and for routine
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checkups. Leveraging the CBC in a cost-effective manner has
helped speed diagnosis, track disease progression, determine
therapeutic response, and adjust treatment strategy.

In the context of CBC analysis, several challenges remain that
may lead to delays of CBC reports, or even worse, misdiagnoses.
One of these challenges is the need for recognizing abnormal data
effectively and precisely. CBC data is complex; it includes counts
of red blood cells (RBCs), white blood cells (WBCs), and platelets
(PLTs) as well as the WBC differential and the volume distribu-
tion of RBCs. The data often give the first clue of hematologic
malignancy—an abnormal cell count or abnormal morphology'?.
According to the “41 rules,” a consensus guideline published by
the International Society for Laboratory Hematology (ISLH), slide
review is the first action suggested when encountering an
abnormal parameter or flag'®. But assessing cell morphology by
manual microscopy, the long-standing gold standard for CBC
review, is inefficient and requires laboratory hematologists with
accumulated experience. Addressing these issues, an automated
hematological analyzer is now widely accessible that provides not
only indices but also flags, histograms, and scattergrams, which
may be helpful for accurate diagnosis. Using these types of tools,
physicians or laboratory technologists can look beyond the com-
mon indices or the next prescribed “rule” and interpret the CBC
outputs in a comprehensive manner. Another challenge is the need
for an efficient processing framework to reduce TAT despite the
increasing number of specimens. This challenge could be
addressed by point-of-care (POC) testing, which could help obtain
investigative results without delay'®, and there is an increasing
demand for the development of POC CBC analyzers with easier
operation, higher throughput, and greater accuracy. Al has showed
outstanding performance in extracting explicative features and
hidden patterns from complex medical data'®. Recently, efforts
have been made to incorporate Al into the analysis of parameters
related to hematologic neoplasms, and the relevant literature is
summarized in Table 1626,

2.2.  Screening, diagnosis, and prediction of hematologic
malignancies by Al trained on CBC results

Timely diagnosis and treatment is vitally important for a better
outcome of leukemia, especially in cases of acute promyeloblast
leukemia (APL). In pursuit of an early detection method for APL,
Haider et al.'®'” developed a CBC-parameter—driven artificial
neural network (ANN) predictive model based on data collected
from a massive number of study subjects. They found that using
the CBC digit parameters, including PLT count, immature fraction
of PLTs (IPF), and DNA/RNA content-related neutrophils could
assist in the early detection of APL'’. More recently, Alcazer
et al.'® developed an extreme gradient boosting (XGBoost) model
aimed at predicting 3 main acute leukemia subtypes based on
CBC and routine biochemical parameters. This model demon-
strated high area under the (receiver operating characteristic)
curve (AUC) and accuracy in the diagnosis of APL, acute myeloid
leukemia (AML), and acute lymphoblastic leukemia (ALL),
having the potential to assist in guiding initial treatment decisions,
particularly in situations where cytological expertise is limited'®.
Al has also been used to predict chronic myelogenous leukemia
(CML) from CBC results. CML often presents with left shift and
unexplained leukocytosis, but almost half of diagnosed CML
cases begin asymptomatically, prompting researchers to explore
whether blood cell counts prior to diagnosis could predict CML.
One group, Hauser et al.', used XGBoost and the least absolute

shrinkage and selection operator (LASSO) to construct an ML
model based on historical CBC results from 1623 patients. They
concluded that blood cell counts collected up to 5 years prior to
the diagnostic workup of CML successfully predicted the BCR-
ABLI test result'®. Thus, CBC results have clear potential for
predicting CML status, with the counts of basophils, leukocytes,
and neutrophils being especially important. While these re-
searchers utilized the digit parameters in ML model training, our
group reported an innovative CBC framework consisting of a
convolutional neural network (CNN) model, ResNet-18, that
quantitatively mapped CBC scattergrams to quickly and robustly
indicate probable susceptibility to APL and, like the ANN and ML
models, showed great sensitivity, specificity, and precision®.
Thus, for diseases that require rapid and prompt diagnosis, or that
show prominent alterations in PB, building AI models based on
CBC outputs shows clinical promise.

In addition to aiding early diagnosis, Al models trained on
CBC results have been used for differential diagnosis, when 2 or
more conditions share similar signs or symptoms. For example,
parameters of cell population data, including morphological
parameters and those related to the immature leukocyte fraction,
have been used to train Al models to differentiate acute from
chronic—as well as myeloid from lymphoid—leukemias'®,
which increases one’s confidence that a CBC result can show the
“disease fingerprint” of leukemia. In the case of myelodysplastic
syndromes (MDS), hallmarks of hematologic complications
generally include macrocytic anemia and ineffective or
dysplastic hematopoiesis. But because there are numerous other
neoplastic or nonneoplastic causes of cytopenia, the diagnosis of
MDS is particularly challenging. Blood smear examinations
recommended by the ISLH'? have not been satisfactory, possibly
because a high percentage of slides are skipped from recheck
rules. Thus, incorporating cell population data may add value to
the laboratory diagnostic work-up of MDS. Supporting this idea
is the seminal work describing the “MDS-CBC score,” a
promising tool incorporating 3 parameters: absolute neutrophil
count (ANC), structural neutrophil dispersion (Ne-WX), and
mean corpuscular volume (MCV). The score was shown to
exclude or suggest MDS in patients with cytopenia from un-
known causes at the time of CBC assessment®’. Inspired by this,
Zhu et al.*' used an ML approach named Breiman’s random
forest (RF) to predict MDS and highlighted Ne-WX and IPF as
the 2 strongest discriminatory predictors of MDS among patients
with cytopenia.

2.3.  Risk stratification, prognosis prediction, and treatment
monitoring by Al using CBC parameters

For patients with confirmed hematological disorders, CBCs are
routinely ordered for treatment monitoring. These CBC results
may serve as a valuable data source for Al algorithms, which can
integrate these results with others to identify risk factors and un-
derlying causes of disease. For example, Mahmood et al.*?
examined the blood biochemistry (including CBC results),
phenotypic data, and environmental risk factors of pediatric pa-
tients with ALL to reveal associations and enable prediction of the
disease. In their study, 4 supervised ML algorithms (classification
and regression trees (CART), RF, gradient boosted machine
(GBM) and C5.0) were evaluated, and CART provided the best fit
for the entire data set with high accuracy. And notably, PLT ab-
normality was demonstrated as the main attribute in predicting
pediatric ALL*2.
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Of note, ML algorithms have also demonstrated a compre-
hensive contribution to the prognosis and management of hema-
tologic neoplasms. One example is LASSO for the prognosis of
diffuse large B-cell lymphoma (a subtype of heterogeneous non-
Hodgkin lymphoma), the course of which had been challenging to
predict. In a retrospective multicenter study®, results indicated
that, compared to widely used existing prognostic models, LASSO
was more accurate for risk stratification of patients with diffuse
large B-cell lymphoma. In addition to age, gender, stage of dis-
ease, and central nervous system involvement, LASSO identified
WBC count and hemoglobulin level as new risk factors for this
form of lymphoma®*. More recently, 9 ML models were used to
predict the complete remission and 2-year overall survival of
AML with multimodal clinical, laboratory, cytogenetic, and mo-
lecular genetic data**. Notably, hemoglobulin at initial diagnosis
was predictive of both complete remission and 2-year overall
survival®*. The researchers proposed to incorporate 9 ML classi-
fiers (instead of 1) into the pipeline to facilitate greater trans-
ferability of the methodology?*. Although the models from these
studies were limited by their retrospective nature, they have been
externally validated, providing proof of concept that ML algo-
rithms based on CBC parameters can be used for a decision
support system in PB.

2.4.  Integration of Al into POC devices for CBC analysis

Despite the CBC ranking among the most ordered tests, POC
devices capable of performing CBCs have lagged®®, largely
because automating the morphology check has been challenging.
This has fostered novel hematological platforms integrated with
Al for POC CBC tests. One example is the Sight OLO, a POC
CBC test based on recent advances in Al and computerized image
analysis (computer vision), designed and validated in a multi-
center setting®. Requiring only 27 pL of whole blood, the Sight
OLO hematology analyzer provides a 19-parameter, 5-part dif-
ferential CBC. It shows strong concordance to the Sysmex XN-
1000 and supports fingerprick capillary blood analysis, but chal-
lenges remain in ensuring consistent performance across all pa-
rameters and managing user errors>. Another POC CBC test, the
Hilab System, uses microscopy and chromatography techniques to
analyze blood cells and hematimetric parameters and combines
these techniques with Al, ML, and deep learning (DL) to provide
the main parameters evaluated in the CBC?®. Similar to the OLO
system, this analyzer shows a strong correlation with the Sysmex
XE-2100 for most parameters (r > 0.9) and offers similar ad-
vantages: it requires a small sample volume (90 pL) and supports
both venous and fingerprick blood samples. Overall, both devices
provide CBC results with accuracy, repeatability, and flagging
capabilities comparable to that of conventional automated hema-
tological analyzers, but work faster, require smaller sample vol-
umes, and allow for less invasive sample collection®?°. Thus, Al
integration may facilitate the development of POC CBC plat-
forms, overcoming the challenges attributed to their larger rela-
tives: requirements for liquid reagent replacement, washout and
calibration procedures, and frequent quality control processes.

2.5.  Challenges and future directions of Al-assisted CBC
analysis

One of the primary challenges in Al-assisted CBC analysis is the
reliance on extensive, high-quality training data to ensure robust
ML models. The current models are usually based on retrospective

data, and lack validation in large and diverse cohorts from external
centers, which limits their broad utility. To address this, hemato-
logic professionals must continue to validate these models through
microscopic evaluation and data interpretation across varied
populations. Beyond data requirements, integrating Al into POC
devices for CBC analysis faces several technical and practical
hurdles. These include the complexity of technical integration, the
absence of standardized data formats, the need for more gener-
alizable models, and the critical task of addressing data bias.
Additionally, cost constraints and data privacy concerns further
complicate the widespread adoption of Al in clinical settings.

Despite these challenges, Al has demonstrated significant
promise in areas such as diagnosis, risk assessment, prognosis
prediction, and POC test development. To fully realize this
potential, future efforts should focus on developing disease-
specific and mixed-disease Al models, validating them with
larger, multicenter datasets, and conducting prospective
studies. These steps are essential to bridge the gap between
proof-of-concept results and their translation into routine
clinical practice.

3. Cytomorphology
3.1.  Cytomorphology and the benefits of Al

Cytomorphology examination refers to the use of a microscope to
interpret and analyze the types, quantities, and morphological
changes of blood cells to quickly assess smears of PB or BM™°.
Considering the vast majority of specimens reflect normal,
reactive/non-neoplastic, or other pathological conditions, the main
task of PB cytomorphology examination is to screen for potential
cases of hematological neoplasms and subject the specimens to
further analysis. In contrast, BM cytomorphology often confirms a
diagnosis, at least for certain disease types such as acute leukemia
according to the French—American—British (FAB) classifica-
tion®". Both PB and BM cytomorphology methods have draw-
backs; they are labor-intensive and prone to error, and they may
result in significant interobserver variability, especially when the
workload is high®?. Moreover, the training of qualified technicians
takes a long time, and senior personnel are lacking.

For these reasons, the examination of cytomorphology has
benefitted from ML, with numerous models demonstrating
outstanding performance, as shown in Table 2°*°. ML algorithms
are usually trained with massive amounts of data annotated by
experts. These algorithms perform tasks automatically, requiring
little human instruction or intervention, and they can handle a high
workload, one beyond human capability. Accordingly, the incor-
poration of Al into the clinical workflow of cytomorphology has
been initiated early and successfully.

3.2.  PB morphology recognition by automated digital imaging
instruments

To capture high-resolution images of cells and convert them into a
digital format for storage and analysis, digital microscopes have
been developed that integrate advanced image processing software
or algorithms. One example is the CellaVision digital microscope
series, which employs ML algorithms such as ANN and DL
models to efficiently and accurately classify WBCs and RBCs for
PB smear analysis, reducing the total analysis time per smear by
approximately 50% and achieving an overall pre-classification
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Figure 1  Overview of the machine learning (ML) method categories, applications, and corresponding algorithm examples (A) and ML
workflow for effective data processing and model building (B). (A) Unsupervised learning is a form of data-driven ML that finds patterns in
unlabeled input data, attempting to make sense of the data by extracting useful features and patterns on its own. Unsupervised ML is often used for
clustering, dimensionality reduction and association tasks. Common unsupervised ML methods include k-means and k-nearest neighbor for
clustering, and principal component analysis for dimensionality reduction. Supervised learning is a form of task-driven ML in which models are
typically trained with a fully labeled data set. Supervised learning is used for classification tasks, which involve mapping inputs to a discrete value
(i.e., class label), and regression tasks, which involve mapping inputs to a continuous value. Examples of supervised ML methods include linear
and logistic regression for regression tasks and support vector machines, decision trees, and random forests for classification tasks. Reinforced
learning is a different form of ML—the model isn’t trained with a sample data set. Instead, it is a feedback-based ML, which involves learning
from mistakes through trial and error. Reinforced learning is often used for prediction and control in problem domains where time and event
sequences matter, feedback may be delayed, and actions have consequences. In reinforced learning, prediction involves predicting the perfor-
mance of some policy, whereas control involves determining the optimal policy that yields the best performance’. (B) A generalized ML pipeline
is shown. The first step is study design and problem definition, which requires thoroughly understanding the problem to be solved by gaining
enough domain knowledge to make informed decisions for the remaining steps in the ML pipeline. Next, sufficient and representative data
relevant to the problem are gathered. In the data preprocessing stage, the raw data are cleaned and converted to a machine-readable format in
preparation for feature extraction. Then, the data are transformed for feature extraction, which ensures only the most salient information relevant
to the problem will be used for training the ML model. Common feature extraction techniques include feature selection (e.g., linear discriminant
analysis), dimensionality reduction (e.g., principal component analysis), and computer vision techniques for input images (e.g., color, shape, and
texture feature extraction methods). During model training and validation, the extracted features are used to train the ML model. Validation is a
critical step in which a separate dataset (not used for training) is employed to evaluate the model’s performance during the training process. This
helps to detect issues such as overfitting, where the model performs well on training data but poorly on unseen data. After validation, the model is
further evaluated with an independent testing dataset that has not been used in either training or validation. The type of ML model(s) to use will
depend on a variety of factors, such as the nature and amount of input data, format of the desired output, and the given problem’s associated ML
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Figure 2
BY-NCO).

accuracy of 92% compared to manual slide review® 8. Moreover,
this digital microscope series showed acceptable agreement with
manual light microscopy for determining most erythrocyte mor-
phologies®. Another CNN-based predictive model, DysplasiaNet,
was specifically designed to distinguish dysplastic neutrophils
with fewer granules, one of the most challenging morphological
abnormalities to detect in PB smears. When tested in a validation
dataset consisting of dysplastic (3071) and normal (4237)
neutrophil images selected by clinical pathologists, this model
achieved a sensitivity above 95% and a specificity above 94%,
with a global accuracy of 94.85%*. Subsequently, the Sysmex
DI-60, a fully automated digital morphology analyzer based on an
ANN model, demonstrated acceptable accuracy—not only in
identifying cells such as polychromatophilic erythrocytes, target
cells, and ovalocytes but also in preclassifying WBCs from
healthy specimens—while significantly reducing the hands-on
time compared to that of manual slide review (reducing 144.1 s/
slide for abnormal samples and 144.6 s/slide for normal sam-
ples)*>. The Sysmex XN series, which incorporates the Sysmex
DI-60, achieved complete automation of the WBC classification
process, enabling automated CBC, slide preparation and staining,
and digital scanning with preclassification of cells*®. Additionally,
the core performance of the MC-100i, another automatic digital
cell morphology analyzer based on a CNN model, was evaluated
in a multicenter study conducted across 11 tertiary hospitals in
China®’. The study assessed key performance metrics of the
analyzer, including its ability to classify normal and abnormal
WBCs, RBCs, PLTs, and PLT clumps, as well as within-run
precision and reading time. The MC-100i demonstrated excel-
lent performance in the classification of all these blood cell types,
achieving >90% sensitivity and specificity for RBCs and >97%

Workflow of Morphogo to digitize smears and analyze nucleated cells. Adapted from Ref. 42 under a Creative Commons license (CC

accuracy for normal WBCs compared with manual differential
results®’. The abovementioned and similar products have been
commercialized, revolutionizing clinical hematology laboratories
routinely facing an extremely large and growing number of
samples on a daily basis. Such automated cell morphology anal-
ysis systems are being progressively developed to streamline the
process of locating, capturing, and analyzing cells on PB smears,
providing classification recommendations and cell count results.
Following this automated analysis, laboratory staff can review the
results and manually correct any misclassified cells.

3.3.  Al-assisted methods for PB and BM cytomorphology

Al technologies have been incorporated into the entire spectrum of
applications in hematological cell morphology analysis, including
automated cell detection, segmentation, feature extraction, clas-
sification, image enhancement, data augmentation, and leukemia
subtype prediction. For instance, Alférez et al.*® developed an
automated system for detecting and segmenting different types of
lymphoid cells in PB, achieving a classification accuracy of
97.67% for normal, reactive, and abnormal cells. Pohlkamp
et al.>® used ML to combine cell detection, segmentation, and
feature extraction, achieving an overall accuracy of 91.7% and
93.4% for classifying critical pathological cell types. In the area of
feature extraction and classification, Matek et al.** used CNNs to
identify blast cells in AML, achieving a high classification accu-
racy. The system was able to differentiate between various sub-
types of leukemia with a high degree of accuracy, and it
successfully identified blast cells in PB smears*’. Chen et al.*'
introduced a multi-level feature fusion method combined with
deformable self-attention mechanisms, significantly enhancing the

task. In the next stage, model testing and optimization, the model is tuned to ensure readiness for deployment. Usually, testing evaluates the
trained model on unseen data, while validation uses different data to evaluate the model during the training process. Such separate training,
validation, and testing data ensures the model is not overtrained (i.e., memorizing, rather than actually learning). After the ML model achieves an
optimized performance on testing data and has been verified, the model is ready for deployment in the field. It may be necessary to continuously
monitor its performance, which may lead to collecting additional data, and refining or retraining the model.
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feature extraction process. Their model improved classification
performance by addressing scale disparity and extracting global
features, achieving superior results compared to other leukocyte
detection models. As image enhancement and data augmentation
are key techniques for improving model performance, Boldu
et al.”> used image enhancement methods along with color clus-
tering and mathematical morphology to process cell images,
extracting features and performing classification. This approach
improved the recognition accuracy of different types of acute
leukemia cells, reaching an overall classification accuracy of 94%
when compared with the true confirmed diagnosis. Fu et al.>,
meanwhile, developed the Morphogo system, which reached an
accuracy of over 85.7% in classifying hematopoietic lineage cells,
contributing to BM analysis. Al technologies have also been
successfully applied in predicting leukemia subtypes by
combining the multiple tasks mentioned above. A recent study by
Lincz et al.° compared three versions of Al algorithms for clas-
sifying acute leukemia in abnormal PB films. Their results
demonstrated significant improvements in Al performance over
time, with sensitivity for blast identification increasing from 97%

Figure 3

to 100%, and the specificity for blast identification improving
from 24% (AIl) to 12% (AI3)*.

While cell recognition is important for disease diagnosis, it
also has prognostic value. For example, increased levels of
circulating plasma cells have been identified as a reliable
prognostic factor for the progression of multiple myeloma, as
well as for patient survival, and the number of these cells helps
assess measurable/minimal residual disease (MRD)®'. In a
recent study®?, researchers used a commercial digital imaging
system, Morphogo, to capture thousands of nucleated cells in
each PB smear via whole slide imaging. They built a CNN
model with EfficientNet as its backbone to refine the capacity of
Morphogo to identify circulating plasma cells, positioning it as a
potential method for effective circulating plasma cell screening
via PB smears (Fig. 2)*>. When identifying circulating plasma
cells, Morphogo showed a sensitivity of 89.0%, a specificity of
99.7%, and an accuracy of 99.7%, and its performance in PB
smear detection of circulating plasma cells was always superior
to pathologists at different sensitivity thresholds (0.600 and
0.870).

Schematic overview of the development of Al-assisted cytomorphology analysis and Al integration into a comprehensive diagnostic

workflow for hematological disorders. BM: bone marrow; PB: peripheral blood; ROI: region of interest; TAT: turnaround time; WSI: whole slide

imaging.
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Compared to assessing PB morphology, assessing BM
morphology has been more difficult to automate. BM is complex,
with mixed cell classes having different maturation stages.
Additionally, the quality of BM sample aspiration, slide-making,
and staining can vary. And malignancy-related pathological al-
terations such as dysplasia and fibrosis can further affect cell
recognition and classification. Furthermore, many of the auto-
mated systems or algorithms currently available have been trained
primarily on physiological cell types or PB smears and may not be
directly applicable to BM morphology.

Despite these challenges, automating the examination of BM
morphology has seen some progress. In early studies, hema-
topathologists extracted single-cell features from digitized images
and used them to classify the cells in question. For example,
Krappe et al.*® developed an ML classifier by using the hierar-
chical tree model for 16 cell types from BM and reported an
overall accuracy of 66.3% with 46,189 cells. In a more recent
study*®, researchers applied a CNN based on a large data set of
171,374 expert-annotated single-cell images of BM to 945 pa-
tients diagnosed with a variety of hematological diseases and
remarkably, 22 classes of BM leukocytes could be automatically
classified. As the authors of these studies point out, enlarged
datasets with expert annotation could be an important resource,
not only for educational purposes but also for the future devel-
opment of automated image-based BM cell classification systems,
should these datasets become available to be public.

Figure 4

Another promising direction for BM automation involves the
use of whole slide images digitized by computer-assisted image
analysis systems. This approach offers high-resolution images that
capture the entire BM smear, which is advantageous for
comprehensive analysis. In an initial study, Wang et al.®* proposed
a hierarchical patch-based DL framework with two Cascade
R—CNN DL models, adopting a coarse-to-fine strategy. This
framework rapidly located BM particles and cellular trails, iden-
tified BM cells in whole slide images, and subsequently identified
multiple cell types, including megakaryocytes and mitotic cells,
and detailed 4 stages of erythroblasts®®. In both cross-validation
and generalization tests, the accuracy of this framework for BM
whole slide image analysis was higher than 98.8%, and in addi-
tion, the analysis time was greatly reduced, superior to existing
small image—based benchmark methods. A consistent result was
found by a contemporary study®®, which identified regions of in-
terest first. This study utilized the You Only Look Once (YOLO)
approach for model training to generate a “cytological fingerprint”
called the Histogram of Cell Types, achieving high accuracy in
region detection (97% accuracy) and cell detection and cell
classification (75% mean AP)®*. Both studies were based on data
from healthy people and from patients with different hematolog-
ical disorders including MDS, acute leukemia, and plasma cell
neoplasm. Hu et al.** also proposed a 2 stage-detection frame-
work, this time from the whole slide image level to the patch level,
which outperformed other models in almost all evaluation criteria

Schematic overview of current immunophenotyping workflow, opportunities and challenges of clinical flow cytometry, and Al

integration into the immunophenotyping of hematological disorders, with prospects for future improvement. SOP: standard operating procedures;

FCM: flow cytometry.
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when used to evaluate binuclear cells from multicenter datasets.
For example, when using Deep Layer Aggregation (DLA) as the
backbone in a multicenter hybrid dataset, this framework has
higher AP (0.798 vs. 0.781) and APs, (0.959 vs. 0.956) than the
CircleNet model. Although this coarse-to-fine strategy was orig-
inally designed for binuclear cells in PB, it may offer a new
method for BM-cell detection.

The integration of Al in BM analysis has achieved substantial
advancements in single-cell feature extraction and whole-slide
image analysis. Single-cell feature extraction analysis, providing
in-depth insights at the cellular level, is of great significance for
understanding cell heterogeneity and complexity. This technology
can identify and analyze different cell subsets in the BM,
including rare cell types, which is particularly important for
studying the spatial anatomy of BM hematopoiesis. Additionally,
single-cell feature extraction analysis leverages ML classifiers to
classify BM cells with high accuracy, provided that large, well-
annotated datasets are available. When available, these datasets
serve as invaluable resources, not only for educational purposes
but also for the iterative development of more sophisticated
automated classification systems. However, these data sets are not
always available, making the dependence on extensive datasets
and the initial training costs significant limitations of single-cell
feature extraction. In contrast to Al-enhanced single-cell analysis,
Al-enhanced whole-slide image analysis provides a more
comprehensive view of the BM smear, enabling detailed exami-
nation and classification of BM cells with high accuracy and ef-
ficiency. Also, it can achieve remarkable performance in detecting
and classifying various BM cell types. However, the challenge of
handling large-scale image data can hinder the capture of fine-
grained cellular details, while also being affected by high reso-
lution and artifact-related issues®. In summary, both Al-assisted
single-cell feature extraction and Al-enhanced whole-slide
image analysis present unique strengths and limitations. The
strategic combination of these approaches could harness their
complementary advantages, fostering a more robust, efficient, and
comprehensive BM analysis pipeline®. As research continues to
evolve, the integration of Al in BM analysis promises to revolu-
tionize hematological research and diagnostics.

Figure 5
Hematology.

3.4.  Al-assisted methods for hematologic malignancy diagnosis
based on cytomorphology

Though there have been achievements in single-cell morphology
recognition, what’s most essential is a comprehensive diagnostic
system to inform clinical decision-making. To this end, Kimura
et al.*’” were the first to develop an automated image diagnostic
system for MDS using PB smears. By combining a CNN-based
image recognition system with an XGBoost decision-making
system, the diagnostic system differentiated MDS from aplastic
anemia with high sensitivity (96.2%) and specificity (100%), with
an AUC of 0.990. Beyond the myeloid malignancies, efforts have
been made in the diagnosis of ALL. When diagnosing this disease,
features from both the cell nucleus and the cytoplasm may help.
Assuming this, Neoh et al.*® designed a novel clustering algorithm
with stimulating discriminant measures of both within- and
between-cluster scatter variances to first segment the nucleus and
cytoplasm of lymphocytes/lymphoblasts and then consider fea-
tures from both for WBC recognition. Different from previous
algorithms that mainly focus on nuclei, this novel algorithm
achieved superior recognition rates of 96.72% and 96.67%°.
Another DL classifier directly took in the values from image
pixels and, through the use of multilayer architecture, slowly
constructed useful features which were then used to recognize the
patterns relevant to the disease background®'. This DL approach
has been applied to recognize lymphocytes and distinguish pre-T
cells from pre-B cells. Its accuracy is comparable to the dominant
approach of hand-crafted feature engineering with classification
algorithms such as support vector machine, k-nearest neighbors,
and multi-layer perceptron, so it still has great potential for
lymphoblast cell image classification’".

Recent progress has also been made on differentiation diag-
nosis of mixed disease subtypes related to different genetic
backgrounds. For example, one recently published DL-based
pipeline, AMLnet, could discriminate not only between AML
patients and healthy individuals but also between different AML
subtypes based on BM images™. The model comprised a variable
output number of deep CNN modules to process images and a
voting module to transform the image level to the patient level,

Al-enhanced chromosome banding analysis. Adapted with permission from Ref. 118. Copyright © 2020 American Society of
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thus giving a probability for the predicted subtype classification

) EIEF and also indicating the most significant areas for manual review>.
S . . . .
2l e 2 g -% % ; Such an approach may serve as a rapid prescreening and decision

2 'S ° 3 support tool for cytomorphological pathologists, which would
7%‘ 5 & ?3 especially help those in low-resource areas.
o O . . .
= o g > %’ Although various models have claimed validated performance
S — = . . . . .. .
g fg g g 5 = in cell identification, additional improvements are needed to
Q . . . . .
% E = CE o —cz construct a comprehensive Al-aided morphologic diagnostic
z = % s £ g 2 framework with multimodal data inputs (in addition to BM-cell
Q =1 o . . -
E 8 ; % % 5 8 morphology) and training in more disease subtypes. For example,
2 % 2 < g = = cytomorphological diagnosis of CML would be more robust by
= = < —_ . . . ~
g g S = % é = simultaneously considering aspects of BM: BM-cell conforma-
= = & . . .
Sl < =S 2 % &9 S tion, the degree of hyperplasia, and the alkaline phosphatase score.
= b= @« i3y — = . . .
S 5 = o i’ Qé 2 é Incorporating these 3 aspects, Li et al.’® reported an Al-aided
== 5 = = . . . . .
SHS Sis 5 € & 8 9 diagnostic framework (virtual hematological morphologist) for
% § 5= the precise diagnosis of chronic phase CML on the basis of BM
= P i Z. cells with a balance accuracy of 99.23%, a sensitivity of 97.96%,
= £ .o . . .
2 £ § ﬁ ; &b and a specificity of 100%. The results also suggested that inte-
S ry o S =l . .. . . . . .
5 8 ° g Jd9 0 g grating explicit medical expertise into a comprehensive Al-aided
o o i =2 o} E g §2 workflow (similar to the clinical diagnostic procedure) is
© o 15} [} . .
S 2 g2 S S8 L E88 £ remarkably valuable, outperforming widely used end-to-end
7] 17 M= =N = . .
= 83 '-§ 8f8ss 22% S E, 32 E g frameworks in both testing accuracy (96.88% vs. 68.75%) and
a2 age E § 2 NhElE = i generalization ability (97.11% vs. 68.75%) when distinguishing
] T R >l -
g '% T % 8T 7F = = NEES| 288 between normal and abnormal cases®.
S| =~ n n 2= NEE | @ m .-
ElES 152858 EEGEZE.
S|l &7 & 7 RZIN3) 5 0 23| 9« . .
5 5 ¢ Cl> Qi 5 3 g ©vaM| g g g _g 3.5.  The success of Al-assisted cytomorphology recognition
A~ 7 @ sl @ g =
SN
— 0 @ . . .
3 3 £ 2 a % 2 In summary, Al-assisted PB cytomorphology analysis has signif-
8 v 5 5 2 g d é & icantly reduced the workload of laboratory personnel and has thus
- 3 R=| . . . . ..
5 £ e 8 = j § 5 2 Z achieved revolutionary success in the translation to clinical set-
= < = =l . . .
% g 2 = <gAQ < 3 tings compared to that of other techniques in the hematology
g § = g -g % 2gE laboratory. This example of Al integration has largely paralleled
= e - = =1 . . . . . . .
g £ g ‘g =R &:’ 9E LT the incorporation of Al into image processing in other medical
- .
6 w’é’ 2 % g T‘j —;; L; % o fields (e.g., pathology, radiology)®”®®. In hematology, the auto-
o & g3 é-é o0 ? S é g g mated systems have improved efficiency and reduced the TAT for
.% B . g g % S % = 52 5% % routine analysis, significantly advancing hematologic malignancy
o o © —_ - S (5} . . . . . :
-2 'q'é = 5§ & =i e 8 TR = o diagnosis and decreasing interobserver variances. But issues
a, = | 3 .. . .. .
2 Q: < <f - = <f s Q: .E Z 8= é remain, including the limited number of “expert-annotated” cell
=~ w3 . . .
s ° é 3 % morphologies, especially for rare cell types, and the lack of public
3 E ESE 2 databases. Also, while automated systems enhance efficiency,
3 < s £0U Z g £ human oversight is still essential for ensuring diagnostic accuracy,
g ? 8¢ E %E particularly in complex cases. To optimize the utility of Al in
— L= . .
gb - 3 B ° 8 8 &: £ hematology, future research must improve rare and atypical cell
= g § S 5 6 i 8 detection, especially for BM examination. Despite these issues,
. 3 g 3] 2 . .
2 < B S SEged the success in Al-assisted cytomorphology encourages the he-
Qo .= (= - o
g g 8 § § o 8 5 2 < 29 matology field to accept and utilize Al to a greater degree. In the
— — L . . . .« .
é S 5o ° S § g g %E future, integrating Al seamlessly into clinical workflows may
= 3 @ = . . L -
o= =_§ . ; % S g Eﬂ S ; g 2 require multimodal, historical, and longitudinal data to be taken
2 2 38 5 E é 3 ) 2 2 S5 into consideration to ensure comprehensive, accurate, and efficient
S8 3o o k= . . . . .
g5 8 500 B 8 = & 8 % 2 diagnostic and prediction models for precise and personalized
eE= <2 medicine (Fig. 3).
(=] ~ = Mg, ~
3 = . 58 9.
= [ag-1) L= 9 b
& 0 SR EIE o SR ORE .
3 g | J £ § 853 4. Immunophenotyping
3l | & £f S2E8 2844,
% = O < . o o . . L
E - a9 © g g % 5 20 g s 4.1.  Essential role of immunophenotyping in hematopathology
= B QF Zgzce= |SESKESD
S|zl & 85 &£2873 |8§8FgL . . . . .
= % O 2. © &8 |& 2 Z = £ Immunophenotyping for lineage assignment is an essential step for
.e 72} o Q . . . .. .
| El= ?{J% é‘é § % g2 &g = 5 :: confirming a diagnosis and subcategorizing hematolymphoid ma-
=N N N n O K o & S :E 8 . . . . . 360 .
E1S] W . o . o = E g 8 lignancies according to the WHO classifications™ . The primary
< e =& method for immunophenotyping is multiparametric flow cytometry

(FCM), which sensitively detects antigen expression on or within
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individual cells in a semiquantitative manner’’. Thus, the FCM

. 2):: gEg28 identification of abnormal cells plays an indispensable role, both in
Y = O e ale . . . . . .
g 5 & i Z § the initial confirmative diagnosis and in MRD monitoring.
5 oL Ao
2 242~ 8
B = = o, &
=3 a5
s 5 B z 4.2.  The challenges of manual gating and the opportunities for
- L 3 .
§ 5 E © E Al in the FCM workflow
=0 == n
E& S A
sfé Z i = § Compared to other techniques in the clinical hematology laboratory,
< § 5% § FCM has been lagging in automation. Interpreting FCM data largely
% RC] E 5 ;g relies on the manual gating of bivariate plots and organizing the dot
— . . . . .
g < < 2 < § 2 plots or histograms in a sequential manner. This process involves
< = = . . . . . . . . .
= ‘g é g £ 5 IS either hierarchical gating or nonhierarchical gating. Hierarchical
= % 3 € ,J‘;l 2 % gating systematically evaluates bivariate plots using rigid threshold
- 5 .§ s a g 3 values to create successive subpopulations from the previous gated
=5 Eé § = ones (i.e., “child gates” from “parent gates”), whereas nonhierar-
() . .
E % § § g 2 chical gating uses Boolean operators AND, OR, and NOT to create
v B .= . . . .
2 ; £ 8 3 S nonrigid and hand-drawn gates to label cell populations of interest. Of
S % £ o % % note, both methods rely heavily on the expertise of the operator, which
§ o § § i°§ can introduce bias, and thus these methods tend to be labor-intensive,
=] » . . . .
IS <27 "é < g subjective, and difficult to reproduce. Moreover, compared to FCM in
(c;\'\ g2 o S ‘cB immune monitoring, FCM in immunophenotyping can be more
g9= 2% . .. T . .
2 o & _§ S35 i = challenging. This is largely due to the individualized panel of anti-
g E X 3 g j, é“%a 15 bodies required for diagnostic purposes and the essential role of FCM
£|3 U % - 5 z’ % ; in clinical decision-making. Meanwhile, with the development of
— =3
L& E EZ2QZ S8 novel fluorophores and laser technology, cytometry data can be highly
e S . . . . . .
g g é’ g3 g dimensional, with an increasing number of parameters simulta-
2 S > =28 & neously measured per cell. For example, spectral FCM and mass
= oo . . . .
" % 88 g ] é cytometry (i.e., cytometry by time-of-flight), which have shown po-
I ) S 22 tential in both clinical and research scenarios’""2, allow measurement
E _:12 g E% &"3 § of over 40 markers per cell in single-tube assays’>. This enables more
Egn =1 g 2E = flexibility in the design of antibody panels but can add substantial
£ § g §, 2 5 é § = difficulty in manual gating and data interpretation. Therefore, he-
— o 5 g5 .
- 3 2TElEE a o 22 matology cytometry data analysis should always be conducted by
@l < . . .
g g 2 J:: B S BETE S experienced hematopathologists capable of expert-level analysis who
3 = .8 % g g2 @‘é = can communicate extensively with physicians for guidance regarding
= A= ) .-
<& EER T E f} 8- 2 additional workup.
= _§ % 8 = 8 To advance the development of computational methods for the
g8 =8 a identification of cell populations of interest in FCM data, members
E) % § = E § of 3 communities—algorithm developers, FCM users, and soft-
& E % f: &‘3 = ware and instrument vendors—initiated the Flow Cytometry:
- Q .. . . .
25 2 El e Critical Assessment of Population Identification Methods
é g z 5 E g (FlowCAP) project’. The FlowCAP project has provided well-
R« 2 £ E 2R annotated FCM datasets for comparing the performance of auto-
[=¥ = =} - - P
S = E % 8358 mated cluster algorithms’*. Although none of the individual
§ o o ’; 8 Y ﬁ ‘5 FlowCAP methods have provided perfect results for all use cases
=1 o= o0 .
sl.8 2 g mTE 3 2 and sample sets, automated methods may be practical for many
72} < @ .o & . . . .
SIE L 42 E g 8 —5 FCM use cases, especially the task of cell population identifica-
Rl e e j 5 'é) 4= g tion’*. Thus, incorporating Al may increase the efficiency, sensi-
58 E =3 tivity, accuracy, and standardization of the FCM workflow in the
Q 4 Q .
§ 885 ; i clinical hematology laboratory”.
7z & S5 &c’o ‘E 27 Both supervised and unsupervised learning methods have been
=) = =] < oqs . .
% 5 g2 S < w ﬁ £ utilized for the automated analysis of FCM data’®. ML algorithms
== = =] . . . . . . .
CI‘ g = B ?‘3 g 8 i have been primarily designed for dimensionality reduction, cell
— 3] . < . . . . .. .
3 S E ::): 2 £ 38 % 2 population identification, and sample prediction. Alternatively, the
i = o= . .. .
E 2 5 § 5 2 & g ~E reported computational/bioinformatics approaches can generally
=2 Z S —_ 0 =2 2 0« . .
S £ § 5| €% 252 % be grouped as quality control (e.g., flowCore’”), clustering-based
irey Q = . . . .
i —“.; = E § = g%’ 5 0 automated gating (e.g., flowClust’®), visualization (e.g., flow
2 EESE ? ) 5 B % & data analysis using self-organizing maps’>*%), t-distributed sto-
E § f R = g = % = § chastic neighbor embedding (t-SNE), and spanning tree progres-
"z 8 B &E sion of density normalized events®'. The representative models

published to date have been summarized in Table 3%1°%,
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4.3. ML models for the diagnosis and differentiation of leukemia

As immunophenotyping by FCM plays an essential role in the
diagnosis and differentiation of acute leukemia, the integration of
Al-assisted methods seems feasible and could provide a fast,
automated, data-driven overview of each suspected case. Early
advances in the computer-driven analysis of FCM data used cell
clustering techniques (e.g., flow data analysis using self-
organizing maps) in combination with ML techniques (e.g., sup-
port vector machine and RF) and showed increased diagnostic
accuracy in various hematologic malignancies'®. And the
dimensional reduction tool based on stochastic neighbor embed-
ding, viSNE, consistently discriminated between BM samples
from healthy individuals and individuals with cancer (i.e., AML,
ALL) and further discriminated between samples from individuals
with newly diagnosed leukemia and relapsed leukemia®?. Cellular
subpopulations may overlap visually when reduced to 2 di-
mensions, however, which is an inevitable limitation of methods
aimed at dimensional reduction. This issue led to the subsequent
development of PhenoGraph, which defined phenotypes via high-
dimensional, single-cell data and revealed the heterogeneity of
their intracellular state—likely a new pathophysiology of pediatric
AML®. Using data from 531 patients who underwent evaluation
for cytopenia and/or acute leukemia, Monaghan et al.®* developed
an ML model to rapidly distinguish among APL, non-APL AML,
ALL, and nonneoplastic cytopenia. Interestingly, adding more
FCM parameters, light scatter properties, and CD117 did not
significantly improve the model further, indicating both the
robustness of their ML model and the possibility of using a
simplified panel for malignancy screening. In a recent cross-panel
model aimed at automated AML versus nonneoplastic classifica-
tion, using a fraction of the parameters within the whole panel did
not seem to compromise the performance'®, suggesting that when
developing future algorithms, researchers can use multicenter
datasets based on different antibody panels.

The diagnosis of chronic lymphocytic leukemia (CLL) in-
volves PB immunophenotyping by FCM'®, and ML has been
applied to the classification and diagnosis of CLL'®'%. One
example is a model built by Zhao et al.%>, which classified 9
diagnostic classes of mature B-cell neoplasms (e.g., CLL) and
healthy controls via a self-organizing map algorithm using a
relatively large cohort of 20,622 patients for model training and
testing. The results of the model were then utilized as input for a
CNN classifier, which showed 83% accuracy in classifying CLL
cases. Later, an RF classifier, built from a dataset of 3417 PB
cases, prospectively classified cases with a B-cell malignancy,
screened out normal cases by a basal B-cell panel, and identified
cases requiring add-on studies using this pipeline®®.

Finally, complications arise when attempting to accurately gate
out neoplastic T cells, as they show greater variance in both
phenotype and light scatter properties'®’. Combining viSNE and
PhenoGraph was able to identify abnormal T-cell populations
based on a single 8-color, 10-parameter antibody combination
from routine clinical FCM data®®.

4.4. ML models for MRD assessment in hematological
malignancies

MRD is a reliable and sensitive prognostic marker for acute leu-
kemia and lymphoma. Among the methods assessing MRD, FCM
is faster, more widely applicable, and less expensive. But because
of the rarity of leukemia or lymphoma cells and FCM’s

dependence on expert-level experience, using this method to
distinguish positive events could be extremely challenging, labo-
rious, and time-consuming. In addition, higher-dimensional data
have been generated to increase the resolution over that of con-
ventional FCM (measuring 8 to 10 colors) or full-spectrum FCM;
one example is the recently published 19-color single-tube
panel'®. Thus, it seems that traditional gating strategies do not
meet the requirements of shorter TAT and lower risk of missing
important features.

Al-assisted tools have been employed to analyze clinical MRD
results by correctly classifying rare cells in certain disease types.
For example, owing to an aberrant phenotypic “fingerprint,” re-
searchers were able to utilize viSNE to identify a rare leukemia
population reminiscent of MRD by using synthetic MRD samples
created by spiking a healthy sample with ALL cells®>. And viSNE
was used as a pregating strategy on CDI19-positive events to
decrease the computational burden, identifying a putative MRD
population. Similarly, with the help of an additional manual gating
step, Barned-Hutt SNE was able to cluster CLL MRD separately
from normal B cells®’. In another study®®, the authors developed a
hybrid deep neural network approach for measuring CLL. MRD,
demonstrating a high accuracy of 97.1% and an excellent corre-
lation with expert analysis. In a recent study®', DeepFlow was
used to estimate the level of MRD in 113 randomly selected CLL
FCM analysis files (in.fcs format) and showed a highly consistent
output with the expert analysis obtained manually. The advantages
of DeepFlow are its simple graphical user interface and quick
analysis with minimal batch effects, in contrast to other Al-
assisted algorithms such as t-SNE and Uniform Manifold
Approximation and Projection”.

4.5.  The prospects of Al-assisted FCM data analysis

There is enormous potential for Al integration into additional
steps of the clinical workflow; Al could be used, for example, to
monitor cytometer performance, to enhance or improve existing
data cleaning strategies, and to perform compensation or data
transformation'®®. As a proof of concept, an Al-assisted diagnostic
tool in the clinical FCM laboratory could prime the cytometry data
analysis pipeline by reliably screening out abnormal cases without
further manual review. This tool could provide both an initial
differential diagnosis to trigger the appropriate confirmatory
studies and treatment monitoring of certain hematological
malignancies.

Several issues should be addressed to promote translation of
such tools, currently being developed in the research lab, into
clinical practice. First, the models require larger datasets for
training the models and multicenter and external validation. Sec-
ond, most studies have reported the accuracy and sensitivity of
their ML models based on retrospective data, but prospective
studies should also be conducted. Third, the derived ML models
are mostly panel- and disease-specific, which limits their broad
applicability to the complex disease types observed in real prac-
tice. Fourth, even though there are consensus recommendations
for both the initial diagnosis and the MRD measurement of he-
matological disorders, variations in instrumentation, reagents,
antibody panels, and compensation settings hinder standardization
globally, as do differences in analysis, interpretation, and reporting
practices. Fifth, tools with a user-friendly graphical interface,
rather than tools requiring programming expertise to fully utilize
them, are a crucial need. Finally, a versatile model may simulta-
neously allow for early screening, differential diagnosis,
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suggestive diagnosis, confirmative diagnosis, and prognosis eval-
uation, which all support clinical decision-making. Thus, future
models may require more intensive and extensive interdisciplinary
cooperation, including lab—clinical—technological communica-
tion (Fig. 4).

5. Cytogenetics

5.1.  The importance of cytogenetic analysis and associated
challenges

Cytogenetic analysis, the detection of chromosome abnormalities
associated with copy numbers, structural alterations, and karyo-
type complexities, is vital in the clinical evaluation of nearly every
form of hematologic malignancy. For example, detection of fusion
transcripts ~ t(8;21)  (q22;q22.1)/RUNXI1-RUNXITI, inv(16)
(p13.1g22), t(16;16) (p13.1;q22)/CBFB-MYH]I 1, or t(15;17) (q22;
ql12)/PML-RARA allow for the diagnosis of AML even when the
blast count is less than 20%"'°. Conventional cytogenetic assays
include karyotyping by chromosomal banding analysis, fluores-
cence in situ hybridization (FISH), and chromosomal micro-
array'''. They all show limitations—low resolution, few
analyzable metaphase cells, and constraints in detecting balanced
chromosomal rearrangements' '>—but are continuously evolving
as genomic evaluations of cancer increase and molecular diag-
nostic technologies improve. New techniques, or “next-generation
cytogenetics,” have also emerged, such as optical genome map-
ping (OGM)'". The following paragraphs will discuss the status
of Al integration into the analysis of cytogenetics, with the ex-
amples summarized in Table 4!+,

5.2.  Karyotyping by chromosomal banding analysis

A karyotype is a photograph of the chromosomes, usually ordered
in pairs by size and banding patterns. Karyotype analysis is the
mainstream approach for detecting and investigating chromosomal
abnormalities, including structural chromosomal rearrangements
and abnormal chromosome number (i.e., aneuploidy), in cytoge-
netics, genetics, and clinical diagnostics of hematologic disorders.
Karyotyping by chromosomal banding analysis is performed by
culturing cells, separating the chromosomes from the nucleus
during metaphase, and staining them on a slide to allow for
microphotography. Accurately segmenting chromosomes is of
paramount importance because it directly impacts the accuracy of
the subsequent classification process. Similar to the manual
analysis of cytomorphology, the traditional manual analysis of
chromosome images is labor-intensive, time-consuming, and
nontrivial, requiring expertise from rigid training and accumulated
clinical experience. As a result, early endeavors attempted to
automate manual cytogenetic analyses, for automatic segmenta-
tion of chromosomes]38, detection of CML139, leukemia diag-
nosis'*°, and karyotyping of deformed chromosomes from BM
cells'*!. But they were unanimously challenged by poor-quality
images featuring bent, curved, distorted, overlapped, and blurred
chromosomes. Therefore, novel Al methods are greatly needed to
enhance the quality of karyogram images for correct diagnosis.
In pursuit of this, Sharma et al.''* first used a CNN to classify
chromosomes, in which 400 images were fed into the crowd-
sourcing platform CrowdFlower to annotate the chromosome
boundaries. Then, features were extracted and fed into a deep
neural network for classification. Despite straightening the bent

chromosomes before classification, the model showed low accu-
racy, possibly due to the limited size of its training dataset''*. To
improve the performance, another group developed mCNN_GO, a
multi-input CNN, which instantly classified chromosomes with
higher accuracy''”. Both studies attempted to address bent, dis-
torted, and curved chromosomes, the former requiring a pre-
processing step''?, the latter integrating a straightening algorithm
based on the medial axis of the chromosome''”. To enhance the
quality of karyotype images, Bokhari et al."'® developed a method
based on a cycle generative adversarial network,
ChromoEnhancer, that did not necessitate a training set. This
model transformed poor-quality BM cell karyograms character-
ized by distorted, overlapped, and blurred chromosomes into
good-quality images, with an average peak signal-to-noise ratio of
40.795 and a structural index similarity of 0.988. More recently, a
novel CNN-based end-to-end chromosome segmentation network,
ChroSegNet, was published''”. This model seems to outcompete
the others; it was built upon a large dataset, containing 13,096
pairs of chromosomes, and it effectively extracted key features by
putting more emphasis on spatial information, making it better
suited for dealing with complex chromosome structures and
changing positions''>. These seminal studies, however, were not
done in the real context of hematological malignancy.

To improve the TAT and quality of karyotyping by chromo-
somal banding analysis, Haferlach et al.''® designed a fully
automated workflow using a deep neural network classifier
(Fig. 5). After validation by experienced staff, the classifier
demonstrated high accuracy in assigning chromosomes to groups
of class and orientation, achieving 98.6% accuracy for 23,000
chromosomes with a normal karyotype according to routine
diagnostic methods. Remarkably, this Al-based method has been
incorporated into the routine workflow (including ISO 15189),
representing a big step toward real clinical integration and even in
a cloud-based manner. More recently, Vajen et al.''® developed a
CNN to predict both the chromosome class and orientation,
identifying the correct class for 98.8% of chromosomes from
patients with AML, MDS, and chronic myeloproliferative disorder
and leading to a time savings of 42% for the karyotyping work-
flow. For translation to clinical settings, having access to a
reference dataset with an abundance of abnormal karyotype im-
ages is crucial, especially for rare hematologic disorders. With this
in mind, Deng et al.'"** successfully employed ML to manually
build a dataset containing abnormal karyotype images of t(9;22)
(q34;ql1), the cytogenetic hallmark of CML. This pioneering
endeavor serves as a proof of concept for establishing a clinical
reference of abnormal karyotypes in the context of hematologic
malignancies.

53. FISH

FISH is a technique that employs fluorescent probes to specifically
bind a target genome sequence. FISH has greater sensitivity than
karyotyping by chromosomal banding analysis, and it can be an
alternative diagnostic method in samples lacking metaphases. But
standard clinical manual scoring for FISH is still labor-intensive,
time-consuming, and subjective'*’, and a few studies have
attempted to overcome these shortcomings. Using a confocal
whole slide imaging scanner, Frankenstein et al.'>* established
automated 3D FISH scoring of z-stack images of lymphomas and
solid tumors from 10 patients. Such 3D gene positioning allowed
for precise localization, resulting in the identification of more
variations in nuclear patterns associated with chromosome
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rearrangement. Another ML-based workflow, SpotLearn, was
developed for the segmentation of chromosomes in multi-channel
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for extensive, high-quality datasets to construct robust Al models
and more advanced Al classifiers, ones that don’t rely on
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histological classification or medical evaluation. Specific strate-
gies include fostering interdisciplinary collaboration among
computational technologists, geneticists, and hematopathologists
to design Al tools tailored to cytogenetic diagnostics. Addition-
ally, efforts should focus on creating large, standardized datasets
through partnerships between research institutions and hospitals,
while ensuring data privacy and security. Advanced Al techniques,
including DL, transfer learning, and explainable Al, should be
leveraged to improve model accuracy and interpretability.
Rigorous validation using independent datasets and the estab-
lishment of standardized protocols will further ensure the reli-
ability and clinical applicability of these tools. By addressing
these challenges through targeted strategies, Al can significantly
enhance the diagnosis and treatment of hematologic malignancies,
thus paving the way for more accurate, efficient, and rapid cyto-
genetic analysis.

6. Molecular biology

6.1.  Growing support from molecular biology in clinical
hematology

In regard to using genetic analyses for diagnosis, classification,
risk assessment, prognostication, and therapeutic decision-
making, hematologic malignancies have historically been the
vanguard among cancers. With the development of high-
throughput sequencing techniques coupled with the analysis of
extensive gene panels, molecular genetics has entered the era of
big data'>®. Advanced molecular technologies, including mate pair
sequencing and next-generation sequencing (NGS) (e.g., whole-
exome sequencing, whole-genome sequencing, and whole-
transcriptome sequencing or RNA sequencing) are employed
either individually or in combination to identify genomic features
driven by single nucleotide variants (SNVs), insertions and de-
letions (indels), SVs, CNVs, expressed gene fusions, and rear-
rangements''2. As genomic features obtained from these advanced
sequencing technologies can offer a more comprehensive under-
standing of clinical and pathological characteristics, both the 5th
edition of the WHO classification and the 2022 International
Consensus Classification of Myeloid Neoplasms and Acute Leu-
kemias rely heavily on genomic data'>. But analyzing and
interpreting genomic data from hematologic malignancies often
requires expertise, which can introduce human error and bias.
Therefore, Al can help reduce the dependency on expert knowl-
edge and potentially increase the consistency of data interpreta-
tion. Many studies have applied ML methodologies to detect
various types of genetic variants (Table 4), enhancing the preci-
sion of diagnosis and classification of hematologic malignancies.

6.2. Single gene mutations

Gene mutations play a pivotal role in the pathogenesis and pro-
gression of hematological malignancies, contributing to the mo-
lecular landscape of abnormalities observed in these disorders.
Single gene mutations contribute to dysregulated signaling path-
ways, abnormal cellular interactions, and uncontrolled growth,
ultimately driving the initiation and progression of hematological
disorders. Examples include FLT3-, NPMI-, and KRAS-mutant
AML, IGHV-mutant CLL, and DDX4]-mutant MDS. The identi-
fication and characterization of specific gene mutations have
significantly advanced our understanding of hematological

malignancies, providing valuable insights into disease etiology
and potential therapeutic targets. Advances in genomic technolo-
gies have enabled comprehensive profiling of the mutational
landscape, revealing recurrent genetic alterations that can poten-
tially serve as therapeutic targets or prognostic markers.

6.2.1. SNVs
An SNV is the substitution of a single nucleotide for another at a
specific position in the genome. While “variant” may be used as a
general term for any single nucleotide change in a DNA sequence,
SNVs specifically refer to both common single nucleotide poly-
morphisms (SNPs) and rare mutations, whether germline or so-
matic'3'. When the variant presents in at least 1% of the
population, it is called an SNP. Identifying disease-related SNPs
has significantly improved our understanding of disease patho-
genesis and molecular pathways and has facilitated the develop-
ment of better treatments'>>. The genome-wide distribution of
SNPs and their easy adaptability for high-throughput analysis
make them the target of choice for identifying genomic abnor-
malities in hematological malignancies and other cancers.
Despite rapid advances in sequencing technologies, accurately
distinguishing genetic variants present in an individual genome
from billions of short, error-prone outputs of sequence reads from
NGS remains challenging. An ML approach called DeepVariant,
based on a CNN model, effectively identified SNP and indel
mutations from NGS data by learning statistical relationships
between images of read pileups around putative variant and true
genotype calls'?®. Strikingly, the model could even identify vari-
ants from a variety of sequencing data by different technologies
and experimental designs, including deep whole genomes from
10 x Genomics and exomes from Ion Ampliseq, highlighting the
benefit of using more automated and generalizable techniques for
variant identification'?®. In another study'?’, a total of 1372 SNVs
and 939 indels in 87 genes were used to train an ML-based model
to predict the clinical phenotype and outcomes of patients with
panmyeloid leukemias, including AML, MDS, chronic myelo-
monocytic leukemia, and myeloproliferative neoplasms. By
analyzing 295 cancer genes or whole exome sequencing data from
BM samples of these patients, the ML-based model predicted
phenotypes with an accuracy varying from 63% to 88% across
different myeloid leukemias'*>. Similarly, the analysis of indel
mutation data has been enhanced by the 2 Al models mentioned
above.

6.2.2.  Point mutations

The term “SNV” has also been used to refer to point mutations
found in cancer cells'>*. A point mutation is a genetic mutation in
which a single nucleotide is changed, inserted, or deleted from a
DNA sequence within an organism’s genome. Some point muta-
tions in hematological malignancies are considered disease-
defining and can significantly impact clinical characteristics and
disease phenotypes. Accordingly, Radakovich et al."*” used ML
models to analyze 20 commonly mutated genes in myeloid ma-
lignancies, revealing associations between clinical characteristics
and specific genomic alterations, such as mutations in 7P53,
ASXLI, and KRAS. Additionally, 24 commonly mutated genes in
MDS, including SF3BI, TET2, and ASXLI, among others, were
analyzed by an interpretable ML model'?®. Leveraging both
clinical and NGS data, this model demonstrated remarkable pre-
cision in distinguishing MDS from other myeloid malignancies,
with confidence intervals of nearly 95%'2%.
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In addition to linking specific point mutations with specific
diseases, Al can also help predict the pathogenicity of these mu-
tations, which if adopted, would significantly impact clinical de-
cisions. In 2020, deep generative models of evolutionary data were
developed to predict variant pathogenicity without relying on la-
bels'?. Subsequently, Cheng et al."** introduced a model named
AlphaMissense, which was specifically designed for predicting the
pathogenicity of missense variants, a subset of point mutations.
The group provided a database containing predictions for all
possible single amino acid substitutions in humans, classifying
89% of 71 million possible missense variants as either likely
benign or likely pathogenic.

6.3. Genomic structural variations

Genomic SVs are alterations in the structure of an organism’s
chromosomes involving sequence lengths >50 bp. While
numerous SVs are linked to genetic diseases, many are not. SVs of
uncertain significance are part of the reason why some clinical
cases remain unresolved after whole-genome sequencing. There-
fore, methods to predict the pathogenicity of these SVs are
essential for fully harnessing the diagnostic capabilities of long-
read sequencing. To help clinicians and researchers resolve cases
and understand new disease mechanisms, a publicly available
classifier named StrVCTVRE, which utilizes an RF algorithm,
was developed to distinguish pathogenic SVs from benign SVs
that overlap exons'*'. Furthermore, Popic et al.'** proposed an
extensible DL framework, Cue, to call and genotype SVs of
different sizes and types. But according to a study that system-
atically evaluated the performance of 69 SV-detection algorithms,
accurate SV calls depend more on the selection and combination
of algorithms than on the methods used in the algorithms'>*,
CNVs are a subset of SVs that involve changes in the genome’s
copy number through duplication or deletion of large DNA seg-
ments, significantly affecting the genome and contributing to the
development and progression of hematologic malignancies. For
example, TP53 copy number loss is more common in AML pa-
tients with harmful TP53 missense mutations, and this is associ-
ated with cytogenetic risk groups, particularly those with a
complex karyotype'>>. Accurate CNV detection and interpretation
are vital for the diagnosis and prognostic monitoring of hemato-
logic malignancies. But detecting CNVs can be challenging, as
they can be difficult to distinguish from noise in whole-
genome—sequencing data. This is where Al has come into play,
assisting in the detection, interpretation, and prediction of CNV
pathogenicity. For example, Zhang et al.'* developed a compu-
tational framework called X—CNYV to predict the pathogenicity of
CNVs by integrating more than 30 predictive features on a
genome-wide basis; the pathogenic effect was quantitively
measured by a meta-voting prediction score based on the proba-
bilistic value generated from the XGBoost algorithm. The
X—CNV model achieved an AUC value of 0.96 in the training set
and 0.94 in the validation set'*. More recently, Yu et al.'**
designed a DL algorithm to facilitate the accurate detection of
chromothripsis, which can predict poor clinical outcomes in pa-
tients with multiple myeloma. Their algorithm leverages the
intrinsic relationships between various CNV features. Building on
this, researchers have integrated CNV and SNV signals to further
improve detection accuracy and sensitivity, providing a more
comprehensive tumor genomic profile. Recently, a research team
developed MRD-EDGE, a ML-guided platform for plasma whole-

genome sequencing, which combines SNV and CNV signals to
enable ultra-sensitive circulating tumor DNA detection and tumor
burden monitoring. Together, these advances illustrate how Al-
driven tools are transforming the detection and interpretation of
CNVs, optimizing cancer diagnosis, prognosis, and treatment

strategies' .

6.4. Gene fusion and rearrangement

One critical aspect contributing to the complexity of hematolog-
ical malignancies is the presence of genetic aberrations in the form
of fusion genes, resulting from the fusion of 2 separate genes.
Fusion genes arise from chromosomal translocations, inversions,
or other genomic rearrangements, leading to the juxtaposition of
previously independent genetic elements. The identification and
characterization of fusion genes has offered valuable insights into
the underlying molecular mechanisms governing hematopoietic
cell differentiation, proliferation, and survival. Moreover, fusion
genes have emerged as crucial diagnostic and prognostic markers
for guiding clinical decision-making in the management of he-
matological malignancies. Data from different types of mutations
can be integrated to collectively suggest disease diagnosis, clas-
sification, and risk prediction. But manual detection is limited by
its time-intensive nature, subjectivity in interpretation, tolerance
for noise, scalability challenges, and high costs. Therefore,
incorporating Al could revolutionize fusion gene analysis, refine
diagnosis, and improve prognostic accuracy in hematologic
cancers.

To prevent misclassification in low-grade lymphomas and to
retrieve clinically important characteristics in high-grade lym-
phomas, one research group developed a platform that combines a
middle-throughput gene expression assay and ML to identify the
subtypes of B-cell non-Hodgkin lymphomas'*®. Using ligation-
dependent real-time polymerase chain reaction and NGS data,
including SNVs, gene fusions, and other genetic markers, they
developed an RF classifier to discriminate the 7 most frequent
categories of B-cell non-Hodgkin lymphomas, showing about
80%—100% concordance with previous classification results.
Another study by Awada et al."*’ introduced an AML molecular
subclassification method through the integration of cytogenetic
and gene sequencing data. Incorporating ML-driven genomic
signatures for AML, they successfully revealed novel genomic
AML subclasses. Notably, this comprehensive model displayed an
impressive 97% accuracy in efficiently categorizing various AML
subtypes and predicting their clinical outcomes.

6.5. Al-assisted prognosis marker identification

In the field of hematolymphoid disorders, precisely predicting a
patient’s prognosis hinges significantly on molecular typing. The
transition from knowing diseases only by phenotype to also by
genotype has led to new insights into pathogenesis. The avail-
ability of molecular information also allows for the identification
of more diagnostic and prognostic markers, personalized treat-
ment to address interpatient variability, and targeted therapy.
Using clinical genomic data, researchers have established scoring
systems and constructed prognostic prediction models that seem to
enhance the precision and efficiency of patient diagnosis, treat-
ment response prediction, and prognosis prediction. Creating a
distinct scoring system by identifying specific genomic
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aberrations, exemplified in NPM1-mutated AML'57, aids in cat-
egorizing new prognostic subgroups'>®.

With a broader scope in mind, Fleming et a employed
recursive partitioning and RF to construct a hierarchical prog-
nostic risk model, which incorporated cytogenetic and molecular
factors from 2074 non-APL AML patients into groupings,
resulting in a lower error rate than that of the European Leukemia
Net—based classification and cytogenetic analysis alone. Shreve
et al.'®® crafted an ML model using genomic and clinical data
from 3421 AML patients to predict individualized patient out-
comes, which demonstrated superior performance compared to
that of the European Leukemia Net classification. Additionally,
Bersanelli et al.'®' integrated 63 clinical and genomic variables
from 2043 MDS patients to construct a prognostic model using
Bayesian network analysis and hierarchical Dirichlet processes to
delineate genomic associations and subgroups, thereby defining
distinct subgroups correlated with specific clinical features. The
predictive accuracy of these features has been corroborated by a
dynamic ML-based general clinical model'®?, which achieved
concordant indices of 0.74 for overall survival and 0.81 for
leukemic transformation, surpassing those of models previously

described by the same group'®*.

15
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6.6.  Future directions of Al in molecular genetics

Al in the molecular genetics of hematological malignancies
promises enhanced diagnostic precision and classification by
identifying diverse genetic variants. Despite its potential to reduce
reliance on specialized knowledge and improve data consistency,
Al faces several challenges, including the need for extensive,
high-quality datasets for training, the risk of bias in algorithm
development, and the complexity of integrating Al into clinical
workflows. To address these challenges, specific strategies can be
implemented. First, collaborative efforts among institutions should
be encouraged to create large, diverse, and well-annotated data-
sets, which are essential for training robust and generalizable Al
models. Second, transparent and standardized protocols for algo-
rithm development and validation should be established to mini-
mize bias and ensure reproducibility. Third, interdisciplinary
collaboration between Al experts, clinicians, and pathologists is
crucial to design user-friendly Al tools that seamlessly integrate
into existing clinical practices. Additionally, ongoing education
and training for healthcare professionals will be key to fostering
trust and adoption of Al technologies. By addressing these chal-
lenges through targeted strategies, the integration of Al into the
molecular genetics of hematological malignancies can be opti-
mized, ultimately improving diagnostic accuracy and patient
outcomes.

7. Concluding remarks and prospects

Along with advancements in technology, Al has great potential to
improve the field of medicine®’. We foresee a pivotal role for Al in
the future of diagnostic hematology, as it has the potential to
revolutionize disease detection, classification, and monitoring
through enhanced precision, efficiency, and scalability. By inte-
grating Al into clinical workflows, we can automate complex tasks
such as cell morphology analysis, immunophenotyping, and ge-
netic variant identification, thereby reducing diagnostic TATs and
alleviating the burden on laboratory personnel. Furthermore,
Al-driven tools can uncover subtle patterns in large datasets,

enabling earlier detection of hematologic malignancies and
facilitating personalized treatment strategies. Despite these
promising applications, challenges remain regarding the high
frequency of cases requiring manual intervention. Mitigating
biases and human errors, desirable Al models could enable
medical professionals to evaluate or verify individual cases more
efficiently while “safely” skipping common and routine cases. As
no model is perfect (and data quality is the key determinant),
integrating all diagnostic modalities through a combination of
various Al techniques would offer a rapid, automated, data-driven
overview of each suspected case of hematologic malignancy. The
development of Al techniques will have to incorporate data from
patients with rare conditions to prevent the oversight of these
cases, which remains a challenge.

In clinical settings, Al-driven tools are alleviating the workload
of laboratory personnel by automating tasks like cell morphology
analysis. These systems can quickly detect abnormal cells, mini-
mizing human error and inter-observer variability, thus enhancing
the reliability and timeliness of diagnostic workflows. By auto-
mating the interpretation of flow cytometry and genetic data, Al
uncovers subtle patterns and mutations that might otherwise be
overlooked, improving diagnostic accuracy and enabling more
informed treatment decisions. This ability to detect critical details
facilitates better risk stratification, ultimately guiding more
effective and personalized treatment plans. Furthermore, AI’s
integration in analyzing genomic data helps clinicians identify
specific mutations and molecular markers, allowing for a more
tailored approach to therapy that not only increases treatment
efficacy but also reduces unnecessary side effects for patients.
While seminal studies have led to breakthroughs, Al integration
into real clinical settings has faced several barriers, including but
not limited to technical, ethical, and clinical barriers. The truth is
that even the most robust ML model follows the maxim of
“garbage in, garbage out” in algorithm development'®*. The per-
formance and robustness of different Al methods are largely
dependent on the availability of extensive standardized digital
data, which may greatly eliminate potential bias when training the
algorithms. Furthermore, a global agreement on ‘“ethical AI”
emerges around 5 principles—transparency, justice and fairness,
nonmaleficence, responsibility, and privacy'®>'®—nhighlighting
the importance of integrating guideline-development efforts with
substantive ethical analysis and adequate implementation strate-
gies. And since the diagnosis of hematolymphoid diseases relies
on multifaceted empirical evidence including clinical features,
leveraging historical, longitudinal, and multimodal data is critical.
Last but not least, clinical trials and multicenter studies are pre-
requisites for any Al model to be applied in a clinical workflow.
Tackling these barriers will require interdisciplinary cooperation
of computer scientists, health policy makers, hospital managing
personnel, and, especially, diagnostic experts. Frontline hema-
topathologists and technicians should learn to embrace and utilize
the assistance from Al Importantly, they can also help to improve
Al with wise human-level strategies.
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