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ABSTRACT
Artificial intelligence (AI) is reshaping every stage of leukemia diagnostics, from digital morphology and multiparameter flow 
cytometry to next-generation sequencing, multi-omics analysis, and emerging computational frontiers such as quantum-inspired 
feature selection. This review outlines how contemporary AI tools can automate labor-intensive quantitation, flag diagnostically 
salient patterns, and standardize interpretation, while the pathologist or hematologist retains authority over validation, context-
specific integration, and clinical decision-making. We present an illustrative “human-in-the-loop” workflow that embeds AI 
modules within current laboratory information systems, emphasizing points where expert oversight mitigates algorithmic bias 
and resolves discordant findings. We further map the validator–integrator role across morphology, flow cytometry, and genomic/
multi-omic interpretation and provide practical training competencies and use cases for AI-assisted hematopathology. Beyond 
technical deployment, the article addresses the educational transformation required for sustainable adoption. Drawing on in-
ternational competency frameworks, including the Digital Health Competencies in Medical Education Framework and recently 
proposed AI-specific Entrustable Professional Activities, we map core skills that future hematopathologists must master: data-
science literacy, critical appraisal of AI outputs, and ethical governance. We highlight evaluated training models such as the 
Pathology Informatics Essentials for Residents curriculum, Stanford Artificial Intelligence in Machine and Imaging workshops, 
and College of American Pathologists bootcamps and propose integration strategies adaptable across resource settings. By pair-
ing rigorous validation with targeted education, AI can elevate rather than eclipse the diagnostic role of the leukemia specialist, 
enabling more timely, reproducible, and personalized patient care.

1   |   Introduction

The diagnostic workup and final classification of leukemia re-
quire coordinated integration of morphologic, laboratory, im-
munophenotypic, cytogenetic, and genomic data. Establishing 
an accurate classification necessitates meticulous morpholog-
ical assessment of peripheral blood films, bone marrow aspi-
rate smears, trephine biopsy sections, and, in selected cases, 
tissue or body fluid specimens, together with comprehensive 
immunophenotyping via multiparameter flow cytometry, 

detailed cytogenetic analysis, and molecular findings [1, 2]. The 
accuracy and timeliness of this complex diagnostic process are 
paramount, directly influencing critical therapeutic decisions 
and shaping patient prognosis in hematological malignan-
cies [1]. Contemporary diagnostic frameworks, including the 
International Consensus Classification (ICC) and World Health 
Organization (WHO) classification systems, increasingly re-
quire integration of morphology with immunophenotypic, 
cytogenetic, and genomic findings; therefore, any artificial 
intelligence (AI)-assisted diagnostic tool must be evaluated 

© 2026 John Wiley & Sons Ltd.

https://doi.org/10.1111/ijlh.70193
https://orcid.org/0009-0007-4839-9152
mailto:
https://orcid.org/0000-0002-3641-2117
mailto:kusaldas@bldedu.ac.in
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fijlh.70193&domain=pdf&date_stamp=2026-07-01


2 International Journal of Laboratory Hematology, 2026

according to its ability to support, rather than replace, this inte-
grated classification process [3].

AI technologies, particularly machine learning and deep learn-
ing algorithms, demonstrate increasing utility across various 
medical domains [4]. Within hematopathology, AI presents 
considerable potential for analyzing intricate, high-dimensional 
datasets generated during the workup of leukemia. AI applica-
tions range from automated analysis of digital microscopic im-
ages using advanced convolutional neural networks (CNNs) and 
interpretation of complex flow cytometry data via sophisticated 
clustering and classification algorithms to identifying predictive 
patterns within genomic and transcriptomic profiles [5, 6].

The advent of AI systems capable of performing these sophisti-
cated analytical tasks prompts a critical question regarding the 
future role of the human expert: Will AI systems eventually re-
place pathologists and hematologists in the diagnostic pathway, 
or will they rather serve as powerful augmenting tools? This 
study posits that the optimal and most likely future will not be 
shaped through competition, but through collaboration and de-
velopment of a synergistic relationship between clinical exper-
tise and AI capabilities. By examining the integration of AI into 
the complex diagnostic workflow of acute leukemia, this per-
spective review uses hematopathology as a detailed exemplar for 
a transformation of human–AI synergy occurring across medi-
cine. The principles governing the evolving role of the specialist, 
the need for new training paradigms, and the challenges in clin-
ical implementation are highly relevant to other data-intensive 
fields facing similar AI-assisted transformation. Accordingly, 
we put forward a conceptual model of the pathologist as a “vali-
dator–integrator” and propose an actionable competency frame-
work designed to prepare trainees for this new paradigm, using 
the leukemia workflow as a detailed exemplar.

2   |   Methods

To inform this review, we conducted a targeted narrative review 
of the literature, an approach chosen for its flexibility in syn-
thesizing a broad and rapidly evolving field [7]. Our goal was to 
identify and synthesize key publications that address the appli-
cation of AI in leukemia diagnostics and its subsequent impact 
on the pathology profession and medical training. To provide 
structure and rigor, our process was guided by the principles 
outlined in the Scale for the Assessment of Narrative Review 
Articles [8].

A literature search was performed using PubMed and Google 
Scholar for articles published between January 2013 and March 
2025. The search terms included, but were not limited to, “ar-
tificial intelligence,” “machine learning,” “leukemia,” “hemato-
pathology,” “digital pathology,” “flow cytometry,” and “medical 
education.” We included original research articles demonstrat-
ing key technological capabilities, high-impact review articles, 
foundational clinical guidelines (e.g., WHO, ELN), and estab-
lished educational frameworks.

After removal of duplicate bibliographic entries, 90 unique 
sources were retained in the final reference set. These com-
prised 36 core articles selected during the initial narrative 

search for their direct relevance to AI applications in leukemia 
diagnostics, the evolving validator–integrator role of the pa-
thologist/hematologist, and educational reform for AI-assisted 
practice. Additional targeted sources were incorporated during 
revision to strengthen the discussion of clinical readiness, ex-
ternal validation, technical barriers, regulatory and governance 
considerations, AI reporting frameworks, quantum-inspired 
computational approaches, and competency-based training. 
The findings were synthesized narratively around five major 
themes: AI applications in morphology, AI-assisted flow cytom-
etry, genomic and multi-omic interpretation, the evolving role 
of the pathologist/hematologist, and educational preparation for 
AI-assisted hematopathology.

A detailed description of the search strategy, eligibility criteria 
(Table S1), literature selection flow diagram (Figure S1), sum-
mary of the 36 core narrative-synthesis sources (Table S2), and 
category-wise summary of additional targeted sources incorpo-
rated during revision (Table S3) is provided in the File S1.

3   |   AI's Role in Leukemia Diagnostics: 
Capabilities, Evidence Maturity, and 
Translational Barriers

Morphological review remains a cornerstone of leukemia diag-
nosis, with deep learning making significant strides in this area 
through digital pathology. Whole-slide imaging (WSI) scanners 
convert glass slides into large digital image files suitable for com-
putational analysis. CNNs, inspired by the human visual cortex, 
dominate this field. Models such as ResNet, Visual Geometry 
Group (VGG), Inception, or custom variants are trained on ex-
tensive datasets of annotated digital smears [9]. Annotations by 
pathologists, including bounding boxes around blasts and cell 
type labels, are essential for supervised learning, despite chal-
lenges in annotation consistency and effort. Techniques like 
data augmentation, which include rotation, scaling, and color 
jittering, are used to expand the dataset size and enhance model 
robustness.

Significant challenges, however, can impact the real-world per-
formance of these models. Besides annotation consistency, a 
primary hurdle is addressing pre-analytical variability, such as 
inconsistencies in slide preparation and staining across different 
laboratories, requiring robust stain normalization techniques 
[10]. This issue contributes to the broader problem of dataset 
shift, where a model's performance degrades when applied to 
data from a new institution using different WSI scanners or tis-
sue fixation protocols. Overcoming this problem requires exten-
sive external validation on diverse, multi-institutional datasets 
to ensure model robustness and safety in clinical practice, as 
recommended by professional guidelines [11].

Current applications have shown potential for automating 
differential counts with high precision; for example, an ex-
plainable AI model for white blood cell classification reported 
a remarkable accuracy of 99.70% [12]. Deep learning models 
have also been developed to differentiate myeloblasts from 
lymphoblasts in peripheral blood images, a critical step in 
distinguishing between acute myeloid leukemia (AML) and 
acute lymphoblastic leukemia. A notable study by Matek et al. 
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discusses a CNN that identified AML blasts with an F1-score 
of 0.897, which was on par with the performance of human 
experts [5]. This potential of AI in identifying differential di-
agnoses is now being tested in large-scale clinical settings, 
bridging the gap between research and practice. For exam-
ple, the prospective, multi-center clinical study supporting 
the FDA clearance of the Scopio X100 platform evaluated its 
performance on thousands of peripheral blood smears across 
multiple sites, demonstrating high correlation with man-
ual microscopy for differential counts and cell morphology 
review [13]. However, the clinical readiness of morphology-
based AI varies substantially by task. Algorithms trained to 
classify single-cell images or detect blasts in curated datasets 
should be interpreted as proof-of-concept unless they have 
been externally validated across staining protocols, scanners, 
laboratories, patient populations, and rare leukemia subtypes. 
In contrast, digital morphology platforms used for peripheral 
blood smear review or differential counting may be closer to 
workflow deployment when evaluated prospectively and used 
within a restricted intended use. Even in these settings, such 
tools should not be presented as standalone leukemia diag-
nostic systems; rather, they provide triage, quantification, or 
region-of-interest support for expert review [14].

Other models have shown similar capabilities in identifying di-
agnostically relevant features such as Auer rods or subtle dys-
plastic changes. Furthermore, AI holds promise for screening 
applications by highlighting regions of interest or flagging rare 
suspicious events or candidate abnormal cells for expert review 
[15, 16]. A 2025 systematic review and meta-analysis reported 
that AI-assisted systems achieved a pooled sensitivity of 99% 
for leukemia detection [17]. While these research platforms 
demonstrate significant potential, their performance in large-
scale, multi-center external validation studies is still under in-
vestigation, and fully integrated, clinically validated software 
is still emerging. In this domain, the validator–integrator role 
requires the pathologist or hematologist to verify AI-generated 
blast counts, review flagged regions, distinguish true blasts 
from artifacts or reactive cells, assess dysplasia and Auer rods 
where relevant, and reconcile automated outputs with periph-
eral blood, bone marrow aspirate, trephine biopsy, and clinical 
findings. The human expert, therefore, validates both the cellu-
lar identity and the diagnostic significance of the AI-highlighted 
features [18].

3.1   |   Immunophenotyping: Unsupervised 
and Supervised AI for Flow Cytometry Data

Multiparameterflow cytometry produces complex, high-
dimensional data essential for leukemia classification and 
minimal residual disease (MRD) assessment. The traditional 
analysis, which relies on subjective manual gating, becomes 
increasingly challenging and time-consuming as panel com-
plexity increases [14]. As a solution to this, AI offers both 
unsupervised clustering algorithms, such as FlowSOM and 
PhenoGraph, and supervised classification methods such as 
Random forests, k-nearest neighbor classifiers, and support 
vector machines [19, 20]. Unsupervised techniques are valu-
able for exploratory analysis, identifying cell populations based 
on the data's inherent structure without requiring prior labels. 

Supervised methods, in contrast, are trained on expert-labeled 
data to automate the classification of known cell populations or 
to detect predefined aberrant phenotypes with high consistency 
[6, 21]. Methodologically, flow cytometry AI models are highly 
sensitive to pre-analytical and analytical variability. Differences 
in antibody panels, fluorochrome combinations, compensation 
strategies, gating conventions, instrument calibration, sample 
processing time, and event acquisition thresholds can alter the 
distribution of high-dimensional cytometry data. As a result, 
an algorithm trained on one institutional panel may not gen-
eralize to another laboratory without harmonization and local 
validation. Ground-truth labels may also vary because expert 
gating itself is partly subjective, especially for rare populations, 
regenerating marrow, therapy-associated changes, and low-level 
MRD-like events [22].

Cutting-edge deep learning models are now extending beyond 
diagnosis to predicting underlying cytogenetic and molecular 
abnormalities directly from raw flow cytometry data  [23, 24]. 
For data exploration and visualization, dimensionality reduction 
techniques such as t-distributed Stochastic Neighbor Embedding 
and Uniform Manifold Approximation and Projection are fre-
quently used alongside these analytical tools.

The primary benefits demonstrated in research studies include 
improved efficiency and standardization. For instance, a real-
time machine learning system for AML detection reduced the 
median analysis time from upwards of 30 min for complex man-
ual reviews to just 23.1 s per case  [24]. This automation also 
enhances standardization by minimizing the inter-operator 
variability inherent in manual gating, a crucial factor for achiev-
ing the high sensitivity and reproducibility required for MRD 
monitoring [25]. Therefore, clinical readiness in flow cytome-
try should be defined by intended use. Automated clustering 
and visualization tools may be useful for exploratory analysis 
and standardization, whereas supervised AML detection or 
MRD-support systems require independent validation against 
expert reference standards, assessment of false-positive and 
false-negative patterns, and verification under local laboratory 
conditions before clinical reporting [26]. For flow cytometry, 
the validator–integrator role includes reviewing AI-suggested 
clusters or gates, confirming aberrant immunophenotypes, 
adjudicating discordant populations, and ensuring that AI 
outputs are consistent with morphology, cytochemistry, where 
used, cytogenetics, molecular data, treatment status, and 
MRD reporting standards. The hematopathologist remains re-
sponsible for deciding whether an AI-flagged population is di-
agnostically meaningful, artifactual, regenerative, or clinically 
indeterminate [11].

3.2   |   Genomic and Molecular Landscapes: 
Machine Learning for Next-Generation Sequencing 
Interpretation and Multi-Omics

The integration of next-generation sequencing (NGS) data has 
transformed leukemia classification [1, 2], yet interpreting the 
vast genomic data it generates remains challenging. Machine 
learning models, such as random forests, support vector ma-
chines, and gradient boosting, are increasingly employed to 
analyze mutation profiles, copy number variations, and gene 
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expression data  [27]. These models aid in refining leukemia 
classifications, identifying prognostic signatures by inte-
grating multiple genetic features, and predicting treatment 
responses. In some retrospective studies, these machine learn-
ing models have shown improved prognostic performance; for 
example, a model integrating long noncoding RNA expression 
data with clinical variables improved outcome prediction in 
pediatric AML, achieving a C-index of 0.67 compared with 
0.63 for standard clinical and molecular risk stratification 
alone [28]. However, these models face challenges with gener-
alizability; a model trained on genomic data from one patient 
cohort or generated by a specific sequencing platform may not 
perform reliably on data from different populations or technol-
ogies without careful re-validation to mitigate the risk of data-
set shift [29]. AI-assisted multi-omics integration combines 
genomics with transcriptomics, proteomics, clinical data, and 
other laboratory data, including AI-derived morphology or 
flow features [30, 31]. Although computationally demanding, 
these approaches offer a system-level understanding, poten-
tially identifying complex interactions that drive leukemia 
pathogenesis or resistance and enabling more precise, person-
alized medicine strategies [6, 32]. The translational gap is par-
ticularly important for genomic and multi-omic AI because 
model performance may be affected by sequencing platform, 
panel design, depth of coverage, variant-calling pipeline, 
copy-number detection strategy, fusion-calling sensitivity, RNA 
quality, missing data, and population structure [33, 34]. Many 
models are derived from retrospective cohorts and may over-
fit to institution-specific testing strategies or treatment proto-
cols. Under-representation of ancestry groups [35], pediatric 
or elderly patients, therapy-related leukemia, rare genetic 
subtypes, and relapsed/refractory disease can also produce 
biased risk estimates [36]. Researchers are applying numer-
ous machine learning algorithms to multi-omics datasets to 
define novel molecular subtypes based on specific biological 
pathways, such as neutrophil extracellular traps, and to con-
struct robust prognostic models that can predict outcomes and 
response to immunotherapy [37]. At present, many genomic 
and multi-omic AI models are best regarded as decision-
support or hypothesis-generating tools unless they have been 
prospectively evaluated, externally validated, calibrated for 
the target population, and shown to improve clinically mean-
ingful outcomes beyond established classification and risk-
stratification systems [38]. Other works focus on screening for 
prognostic and therapeutic biomarkers from diverse patterns 
of programmed cell death, using machine learning to build 
genetic signatures that can predict drug sensitivity and guide 
personalized therapy selection [29, 39]. In genomic and multi-
omic interpretation, the validator–integrator role requires the 
clinician to evaluate variant pathogenicity, distinguish ac-
tionable alterations from variants of uncertain significance, 
interpret AI-derived risk predictions within World Health 
Organization/International Consensus Classification and 
European LeukemiaNet frameworks, and integrate molecular 
findings with morphology, flow cytometry, cytogenetics, clin-
ical history, treatment exposure, and therapeutic intent [40].

To clarify the translational gap between experimental performance 
and deployable clinical use, Table 1 summarizes the evidence ma-
turity and clinical-readiness considerations for representative AI 
applications across the leukemia diagnostic workflow.

3.3   |   Emerging Computational Frontiers: 
Quantum-Inspired and Quantum Machine 
Learning in Leukemia Diagnostics

Beyond conventional machine learning and deep learning, 
quantum-inspired and quantum machine learning approaches 
are emerging as experimental computational strategies for he-
matological image analysis and precision oncology [43]. These 
methods should be distinguished carefully. Quantum-inspired 
algorithms are classical computational methods that borrow 
concepts from quantum mechanics, such as probabilistic state 
representation or quantum-inspired optimization, but run on 
classical hardware. In contrast, quantum machine learning 
algorithms are designed to use quantum circuits or quantum 
hardware, usually within hybrid quantum–classical pipelines 
[44]. This distinction is important because many currently 
reported “quantum” approaches in leukemia detection are 
quantum-inspired feature-selection methods rather than clini-
cally deployable quantum-computing systems.

In leukemia-related image analysis, the most immediate rel-
evance of these approaches is dimensionality reduction and 
feature selection. For example, Ahmad et al. proposed a transfer-
learning pipeline for leukocyte subtype classification in which 
deep features extracted from White Blood Cell (WBC) images 
were reduced using a customized quantum-inspired evolution-
ary algorithm before classification. The study used a public 
dataset of 5000 WBC images and reported high classification 
accuracy with a substantial reduction in feature-vector size, sug-
gesting that quantum-inspired optimization may help address 
high-dimensional feature spaces in hematological image analy-
sis. However, such approaches remain computational decision-
support methods and should not be interpreted as autonomous 
leukemia diagnostic systems [43].

True quantum machine learning approaches, including vari-
ational quantum circuits, quantum neural networks, and 
quantum kernel methods, are theoretically attractive because 
they may encode data into high-dimensional quantum feature 
spaces and potentially improve learning efficiency in settings 
where annotated datasets are small [45]. This could be rele-
vant to rare leukemia subtypes, limited expert annotations, or 
multi-omic feature integration. A systematic review of quan-
tum machine learning for digital health found that most stud-
ies lacked sufficient technical rigor, few evaluated realistic 
quantum operating conditions, and performance comparisons 
did not show a consistent empirical advantage over classical 
machine learning [46].

The translational barriers are substantial. Current noisy 
intermediate-scale quantum devices are limited by qubit num-
ber, decoherence, gate errors, circuit depth constraints, data-
encoding bottlenecks [47], and difficulty scaling from reduced 
feature vectors to full-resolution clinical images or multi-omic 
datasets  [48]. Many studies rely on simulators or small public 
datasets, and few include external validation, prospective work-
flow evaluation, clinically representative cohorts, or direct com-
parison against optimized classical baselines [45]. Therefore, 
quantum and quantum-inspired methods should currently be 
categorized as proof-of-concept or early experimental technolo-
gies within leukemia diagnostics [49].
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For the pathologist or hematologist, the validator–integrator 
role remains central even if such approaches mature. The spe-
cialist would need to assess whether feature compression or 
quantum encoding preserves diagnostically meaningful mor-
phology, whether model outputs are robust across staining pro-
tocols and instruments, whether predictions generalize across 
patient populations and leukemia subtypes, and whether any 
claimed quantum advantage improves clinical decision-making 
beyond established morphology, flow cytometry, cytogenetic, 
molecular, WHO/ICC, and ELN frameworks. Thus, quantum 
machine learning is best framed as a future-facing extension of 
AI-assisted hematopathology, reinforcing rather than replacing 
the need for expert validation and clinical integration [50].

3.4   |   Translational Gap and Technical Barriers to 
Clinical Deployment

The domain-specific examples above illustrate a broader imple-
mentation problem: clinical deployment requires evidence that 
models remain reliable outside the curated datasets in which 
they were developed. In leukemia diagnostics, this gap is not 
simply a matter of improving algorithmic accuracy; it is a trans-
lational challenge involving intended use, external validity, 
workflow integration, human oversight, regulatory readiness, 
and post-deployment monitoring. A model that performs well 
in retrospective image sets, annotated flow cytometry files, or 
selected molecular cohorts may still be unsuitable for clinical 
use if its intended role, target population, failure modes, and 
impact on diagnostic decisions have not been clearly defined 
[51, 52].

A practical distinction should therefore be made between 
technical validation, clinical validation, and clinical utility. 
Technical validation asks whether the model produces repro-
ducible outputs on representative input data. Clinical validation 
asks whether those outputs remain accurate across independent 
institutions, patient populations, disease spectra, instruments, 
software versions, and laboratory workflows. Clinical utility 
asks whether implementation improves meaningful outcomes, 
such as diagnostic turnaround time, reproducibility, detection of 
clinically relevant abnormalities, prioritization of urgent cases, 
or reduction of avoidable error. These levels of evidence should 
not be conflated. High AUC, sensitivity, specificity, F1-score, or 
C-index in a retrospective study may support further evaluation, 
but such metrics alone do not establish readiness for routine di-
agnostic reporting [53].

The first requirement for translation is a clearly defined in-
tended use. AI systems used for screening, triage, differential 
counting, abnormal-population flagging, MRD support, variant 
prioritization, or integrated risk prediction carry different clin-
ical risks and therefore require different validation thresholds 
[14, 52]. A low-risk tool that prioritizes slides for expert review 
is not equivalent to a system whose output influences leukemia 
classification, MRD interpretation, or treatment stratification. 
For each intended use, validation should specify the acceptable 
input material, minimum specimen quality, expected user, re-
porting context, confidence thresholds, escalation rules, and cir-
cumstances in which the model should defer to manual review 
[51, 52].D
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A second requirement is representative external validation. 
Many AI studies in hematopathology are vulnerable to spec-
trum bias because they are trained and tested on selected cases, 
enriched disease cohorts, public datasets, or technically optimal 
specimens [54]. Real-world laboratories encounter borderline 
cases, mixed phenotypes, post-treatment specimens, therapy-
related changes, rare entities, pediatric and adult populations, 
and variable disease prevalence. Therefore, validation cohorts 
should include diagnostically difficult and clinically consequen-
tial cases, not only clear examples [55]. Performance should also 
be reported across relevant subgroups and operating conditions 
because pooled accuracy can conceal underperformance in rare 
leukemia subtypes, low-prevalence settings, or underrepre-
sented patient groups [56].

A third requirement is evaluation of calibration and decision 
impact, not only discrimination [57]. For clinical decision sup-
port, the question is not merely whether an AI model ranks 
cases correctly, but whether its probability estimates are trust-
worthy enough to guide action [58]. Poor calibration can lead 
to inappropriate confidence in uncertain outputs, especially 
when disease prevalence differs between the development 
cohort and the deployment laboratory. Decision thresholds 
should therefore be justified clinically, and validation should 
include false-positive and false-negative review, discordance 
analysis, and assessment of how AI outputs change human 
decisions [52, 59]. In laboratory hematology, this is particu-
larly important because even small errors in blast recognition, 
abnormal-population interpretation, or molecular-risk as-
signment can alter downstream diagnostic classification and 
management.

A fourth requirement is prospective or workflow-level evalua-
tion. Before full deployment, promising systems can be tested 
in a silent or shadow mode, in which AI outputs are generated 
but do not affect reporting. This allows laboratories to measure 
performance on local cases, identify failure modes, evaluate 
turnaround time, and determine whether the interface sup-
ports or disrupts routine practice [45]. Subsequent controlled 
implementation should include predefined rules for human 
review, audit of discordant cases, documentation of overrides, 
and periodic reassessment. Such staged evaluation aligns with 
emerging AI reporting and evaluation frameworks, including 
DECIDE-AI for early-stage clinical evaluation, CONSORT-AI 
and SPIRIT-AI for clinical trials and protocols, STARD-AI for 
diagnostic accuracy studies, and TRIPOD+AI for prediction 
models [51, 52, 55, 60, 61].

A fifth requirement is management of human–AI interac-
tion. AI tools may introduce automation bias, alert fatigue, 
over-reliance on visually persuasive outputs, or inappropriate 
dismissal of low-confidence results [62]. Conversely, poorly 
designed interfaces may increase workload by generating ex-
cessive flags or poorly contextualized recommendations [63]. 
Validation should therefore include the end user, not only the 
algorithm [64]. The pathologist or hematologist must be able 
to understand the model's intended use, confidence level, lim-
itations, and reasons for flagging a case  [65]. Explainability 
tools may be helpful, but they should be treated as aids to error 
analysis and trust calibration rather than proof that a model is 
correct [66].

A sixth requirement is lifecycle governance. AI systems are not 
static laboratory instruments; their performance may change 
with software updates, altered preprocessing pipelines, new 
scanners or cytometers, revised antibody panels, updated se-
quencing workflows, changing case mix, or shifts in disease 
classification. Implementation should therefore include version 
control, change-management procedures, cybersecurity safe-
guards, data-quality checks, and post-deployment monitoring 
for performance drift [67]. Trustworthy AI guidance empha-
sizes that deployable healthcare AI should be assessed across 
the full lifecycle, including fairness, universality, traceability, 
usability, robustness, and explainability [68].

These considerations define the practical translational gap in 
AI-assisted leukemia diagnostics. The question is not whether 
AI can identify patterns in hematopathology data; the literature 
already shows that it can. The clinically relevant question is 
whether an AI system can perform a defined task safely, repro-
ducibly, transparently, and usefully within a specific laboratory 
workflow. Until that evidence is available, most AI tools should 
be regarded as decision-support systems requiring specialist 
supervision rather than autonomous diagnostic systems. This 
reinforces the validator–integrator model: the pathologist or he-
matologist remains responsible for judging technical adequacy, 
resolving discordance, integrating multimodal evidence, and 
determining whether an AI-derived output is appropriate for 
clinical reporting [42, 68, 69].

4   |   The Evolving Pathologist/Hematologist 
in Leukemia Care: Interpreter, Integrator, 
and Validator

As AI tools demonstrate increasing proficiency, the role of the 
pathologist/hematologist evolves. AI is becoming an indispens-
able assistant for high-volume or computationally intensive 
tasks  [4], although successful workflow integration (requiring 
laboratory information systems compatibility, middleware, data 
management strategies, etc.) remains a practical hurdle [70]. 
Automation frees clinicians for higher-level cognitive tasks. The 
shift in the role is fundamentally toward becoming the chief in-
terpreter, integrator, and validator of all diagnostic information.

Expert oversight and validation are crucial while using these AI 
tools. Clinicians must thoroughly assess AI outputs, compre-
hending the specific algorithms employed (e.g., the architecture 
of a CNN or the parameters of a clustering algorithm), their per-
formance characteristics (sensitivity, specificity, and area under 
the curve from validation studies), inherent limitations (e.g., 
performance on out-of-distribution data and sensitivity to arti-
facts), and compliance with regulatory standards (FDA/EMA 
requirements) [69]. It is essential to critically evaluate potential 
biases stemming from training datasets. Addressing the “black 
box” issue through explainable AI (XAI) methods (e.g., LIME, 
SHAP, and saliency maps) is vital for building trust, facilitating 
error analysis, and enabling meaningful assessment of why an 
AI made a specific prediction [71].

Rigorous validation is paramount because algorithmic errors in 
leukemia diagnostics carry direct and severe consequences for 
patient safety. The gap between performance in retrospective 
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studies and that in real-world clinical practice remains a signifi-
cant concern, as very few AI-assisted diagnostic tools have been 
prospectively tested in live clinical environments [72]. A false-
negative result, for example, an AI system failing to detect MRD 
post-treatment, could lead to premature cessation of therapy and 
subsequent patient relapse. Conversely, a false-positive finding, 
such as the misclassification of reactive lymphocytes as blasts, 
could result in unnecessary and toxic chemotherapy, invasive 
bone marrow biopsies, and immense psychological distress for 
the patient and their family [73]. Robust mitigation strategies 
include a mandatory final review and sign-off by a qualified 
pathologist for all AI-generated results, and the establishment 
of high-confidence thresholds below which AI findings are 
flagged for mandatory manual review [11, 50].

Human expertise remains essential for navigating complexity 
and ambiguity where algorithms might struggle, such as with 
rare subtypes, subtle morphology, or discordant results. The 
clinical integration of AI-assisted findings with the complete pa-
tient context for accurate classification (WHO/ICC), risk strati-
fication (European LeukemiaNet), and management guidance is 
a role for humans to perform distinctly [2]. Effectively commu-
nicating these integrated findings and overseeing ethical con-
siderations such as privacy, fairness, transparency, and equity 
are also fundamental responsibilities [73]. The future leukemia 
specialist will harness specific AI tools while focusing their ex-
pertise on critical interpretation, complex problem-solving, ho-
listic integration, communication, and ethical stewardship.

5   |   Illustrative Workflow: Human–AI 
Collaboration in Practice

To conceptualize the synergistic integration of AI and clinical 
expertise, consider an illustrative workflow for diagnosing acute 
leukemia (Figure  1). Although specifics will vary depending 
on institutional resources and case complexity, the following 
framework exemplifies how AI and human experts could col-
laborate to enhance diagnostic accuracy and efficiency. Each 
AI module should be understood as operating behind a vali-
dation gate. Before clinical use, the tool must be validated for 
its intended task, specimen type, instrument or platform, and 
reporting context. During use, the pathologist/hematologist re-
views AI outputs at predefined checkpoints: morphology flags, 
flow cytometry clusters, MRD-like events, variant-prioritization 
outputs, and integrated risk predictions. Discordant or low-
confidence outputs should trigger manual review, repeat anal-
ysis, or multidisciplinary discussion rather than automatic 
reporting.

The diagnostic process begins with standard sample collection, 
gathering peripheral blood and bone marrow aspirates, from 
which morphological smears, flow cytometry samples, and 
material for molecular and cytogenetic analyses are prepared. 
Digital WSI transforms conventional microscopy slides into 
datasets compatible with computational analysis. Concurrently, 
multi-parametric flow cytometry data and sequencing data from 
NGS are generated.

In morphological analysis, AI software employing CNNs eval-
uates digitized slides, automating tasks such as differential cell 

counting, quantification of blast percentages, and the detection 
of dysplastic changes or rare suspicious cells. The pathologist or 
hematologist then reviews the computational results, selectively 
verifying flagged areas of interest through targeted microscopic 
evaluation. Here, AI significantly accelerates routine quantifi-
cation, while the clinician ensures accuracy, clinical relevance, 
and detailed interpretation.

Flow cytometry data analysis similarly benefits from AI tools, 
such as automated clustering algorithms that rapidly categorize 
complex cell populations and highlight potentially aberrant 
immunophenotypes or MRD signatures. The clinician reviews 
these automated classifications, scrutinizing proposed gates 
and populations. In cases of complexities or uncertainties, man-
ual refinement of these automated analyses ensures alignment 
with morphological findings and clinical context. AI facilitates 
consistent and rapid initial analysis, while the clinician inter-
prets nuances, validating findings and establishing clinical 
significance.

AI-assisted bioinformatics pipelines further support the analysis 
of genomic and cytogenetic data. Machine learning algorithms 
identify pathogenic mutations, fusion transcripts, and cytoge-
netic alterations, assisting clinicians by streamlining large-scale 
genomic data interpretation and initial prognostic stratification. 
However, the clinician remains integral, evaluating the clinical 
implications of identified variants, particularly variants of un-
certain significance (VUS), and integrating molecular insights 
with traditional cytogenetic analyses.

6   |   Training the Next Generation: Preparing for 
AI-Assisted Practice

Medical education systems worldwide are recognizing the need 
to develop the competencies of future pathologists and hema-
topathologists in AI. In 2025, an international consensus (the 
DECODE framework) defined broad digital health domains, 
including health data science and 19 core competencies for phy-
sicians, urging medical schools across the world to incorporate 
these into their curricula [74]. These competencies align with 
skills crucial for AI-assisted hematopathology, such as data sci-
ence fundamentals, the ability to interpret AI outputs, an un-
derstanding of algorithmic limitations, and ethical/legal literacy 
in pathology-specific training [75]. A Dutch initiative in 2024 
reviewed pathology training entrustable professional activities 
(EPAs) and concluded that while traditional diagnostic skills 
remain essential, new competencies in technology evaluation, 
AI implementation, and awareness of the limits in human–AI 
interactions are needed [76]. It even proposed a dedicated EPA 
“using AI in diagnostic pathology practice” with associated 
competencies to ensure pathologists are “AI-ready” upon com-
pleting residency [76].

6.1   |   Operationalizing the  
Validator–Integrator Role in Training

Existing digital health frameworks provide a broad foundation 
for curriculum design, but AI-assisted hematopathology re-
quires specialty-specific translation into observable diagnostic 
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behaviors. The objective is not for every trainee to become an AI 
developer, but for all trainees to become safe and critical users of 
AI outputs, while selected trainees may develop more advanced 
roles as AI “translators” or “developers” who bridge clinical 
practice, data science, and implementation [77]. The recently 
proposed pathology-specific EPA for “using AI in diagnostic 
pathology practice” provides a useful entrustment framework, 
but in leukemia diagnostics, this EPA should be operational-
ized around the validator–integrator tasks performed during 
routine diagnostic work [78]. The Digital Health Competencies 
in Medical Education framework similarly supports systematic 
curriculum design, but its broad domains must be adapted to the 
diagnostic realities of morphology, flow cytometry, molecular 
pathology, laboratory governance, and multidisciplinary leuke-
mia care [79]. The DECODE framework was developed through 
an international Delphi process and identified 19 competencies 
across four digital health domains, making it useful as a global 
scaffold rather than a leukemia-specific curriculum [74].

In practical terms, trainees should learn a structured sequence: 
first, define the intended use of the AI tool; second, assess the ad-
equacy of the input data or specimen; third, interpret the AI out-
put and confidence indicators; fourth, compare the output with 
independent human assessment and other diagnostic modalities; 
fifth, adjudicate discordant results; and sixth, document the final 
interpretation, including the role and limitation of AI assistance 

[41]. This sequence directly mirrors the clinical responsibilities 
of the hematopathologist as validator–integrator. For example, in 
digital morphology, a trainee could first perform a manual blast 
estimate, then review AI-flagged cells or regions, identify false 
positives due to artifacts or reactive cells, and reconcile the final 
count with flow cytometry and clinical findings [14]. In flow cy-
tometry, the trainee could review automated clusters or gates, 
compare them with manual gating, determine whether flagged 
populations are aberrant, regenerative, therapy-related, or inde-
terminate, and document the rationale for accepting or rejecting 
the AI output [40, 80]. In molecular pathology, the trainee could 
assess whether AI-prioritized variants or risk predictions are 
consistent with WHO/ICC classification, ELN risk stratification, 
cytogenetic findings, and the clinical scenario [34, 40].

Training should therefore be embedded into routine diagnostic 
activities rather than delivered only as lectures. AI-focused cases 
can be incorporated into morphology sign-out, flow cytometry 
review, molecular tumor boards, multidisciplinary leukemia 
meetings, quality assurance conferences, and journal clubs [78]. 
This approach allows trainees to learn AI supervision in the 
same clinical contexts in which they will eventually use these 
tools. Importantly, early exposure should occur in a supervised 
or simulated environment, including “shadow mode” exercises 
in which AI outputs are reviewed for educational purposes with-
out influencing patient reports. Such exercises teach trainees not 

FIGURE 1    |    Integrative workflow for acute leukemia diagnosis illustrating synergistic interactions between artificial intelligence (AI) and clinical 
expertise (Steps 1–4). (Created in BioRender. Das, S. (2025) https://​BioRe​nder.​com/​t4rg3o5). AI, artificial intelligence; ELN, European LeukemiaNet; 
MRD, minimal residual disease; NGS, next-generation sequencing; WHO, World Health Organization; WSI, whole-slide imaging.
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only when AI is helpful but also when it should be questioned, 
overridden, or escalated for senior review [52, 77, 79].

6.2   |   Assessment and Entrustment of AI 
Competence

Because the validator–integrator role is a clinical responsibil-
ity, assessment should focus on observable performance rather 
than completion of didactic content alone [81]. A trainee should 
not be considered competent simply because they can oper-
ate AI software or describe machine-learning terminology. 
Competence should require demonstration that the trainee can 
interpret AI outputs within the tool's intended use, recognize 
technical and clinical failure modes, identify when outputs are 
out-of-distribution, compare AI findings with independent di-
agnostic evidence, and communicate uncertainty appropriately. 
This is consistent with the EPA-based approach proposed for 
AI in diagnostic pathology, where the endpoint is safe partic-
ipation in AI-assisted practice rather than passive awareness 
of AI concepts [78]. Vos et al. specifically argue that pathology 
training requires new competencies in technology evaluation, 
AI implementation, human–AI interaction limits, ethical/legal 
awareness, and interpretation of AI results in individual patient 
context [76].

Assessment can be staged according to the level of training. 
Junior trainees should demonstrate foundational AI literacy, 
including understanding supervised versus unsupervised 
learning, training/validation/test datasets, overfitting, data-
set shift, and basic performance metrics [77]. More advanced 
trainees should be assessed on case-based validation tasks, 
such as comparing AI-assisted differential counts with manual 
counts, reviewing automated flow cytometry clusters, evaluat-
ing an AI-generated MRD flag, or interpreting AI-prioritized 
genomic findings [79]. Hematopathology fellows should addi-
tionally be expected to design or critique local validation plans, 
assess subgroup performance, review discordant cases, and 
explain how AI outputs should be documented in a clinical re-
port [52].

Critical appraisal should be taught explicitly. AI-focused jour-
nal clubs should require trainees to evaluate whether a study 
clearly defines intended use, dataset source and size, ground-
truth labeling, separation of training/validation/test cohorts, 
external validation, subgroup performance, calibration, false-
positive and false-negative patterns, and clinical utility [82, 83]. 
Reporting frameworks such as STARD-AI and TRIPOD+AI can 
be used as structured appraisal tools for diagnostic accuracy and 
prediction-model studies, while DECIDE-AI, CONSORT-AI, 
and SPIRIT-AI can help trainees understand staged clinical 
evaluation and trial reporting for AI interventions. This ensures 
that trainees learn not only how AI systems perform under ideal 
research conditions, but also how to judge whether an algorithm 
is ready for local clinical use [84].

Entrustment decisions can then be linked to progressively inde-
pendent responsibilities. At an early level, the trainee observes 
AI-assisted review and explains the tool's intended use. At an 
intermediate level, the trainee interprets AI outputs under di-
rect supervision and identifies common failure modes. At an 

advanced level, the trainee adjudicates discordant AI-human 
findings, documents limitations, and proposes local validation or 
quality assurance steps. At the highest level, the trainee can su-
pervise others, contribute to implementation decisions, and par-
ticipate in post-deployment monitoring. Table 2 translates these 
expectations into practical competencies, leukemia-specific use 
cases, assessment methods, and expected trainee levels [85].

To translate the validator–integrator concept into training prac-
tice, AI education should be competency-based rather than lim-
ited to general awareness. Trainees should learn not only what 
AI tools can do but also how to validate outputs, recognize fail-
ure modes, appraise evidence, document human oversight, and 
integrate AI-derived findings with morphology, flow cytom-
etry, genomics, and clinical data. These competencies can be 
implemented without creating an entirely separate curriculum. 
AI-focused cases can be embedded into routine morphology 
sign-out, flow cytometry review, molecular pathology confer-
ences, journal clubs, quality assurance meetings, and multidis-
ciplinary leukemia boards. This approach preserves traditional 
diagnostic training while preparing future specialists to super-
vise AI-assisted workflows safely.

6.3   |   Implementation Strategies in Training 
Programs

Medical educators worldwide are experimenting with how best 
to integrate AI training into pathology and hematopathology 
programs. A common strategy is to embed AI topics into ex-
isting curricula through interdisciplinary learning. In North 
America, for example, the Pathology Informatics Essentials for 
Residents provides a flexible informatics curriculum linked to 
ACGME milestones and adaptable to different training-program 
resources [75, 79]. Some residency programs offer focused work-
shops or electives in computational pathology; institutions like 
Stanford University and the Mayo Clinic have even organized 
dedicated AI workshops for pathology trainees, where residents 
practice interpreting AI-generated analyses and discuss real-
world cases of AI application and ethics [75]. These practical ses-
sions function much like simulation exercises, allowing trainees 
to engage with AI tools in a controlled environment, learning 
how to integrate AI findings with their own microscopic evalu-
ations without risking patient care.

Pathology training programs in Europe are also incorporating 
AI through blended learning and simulation. Many depart-
ments use virtual microscopy platforms and AI software on 
digitized blood smear or bone marrow slide cases to simulate 
how an algorithm might flag blast cells or classify leukemias, 
thereby teaching hematopathology students how to verify or 
question an AI's suggestions [86]. Such simulation-based train-
ing builds confidence in using AI as a “second reader” in di-
agnostics. European initiatives also emphasize interdisciplinary 
collaboration, for instance, pathology residents attending joint 
seminars with data science students or bioinformatics teams to 
learn AI development processes, fostering mutual understand-
ing [75]. By learning alongside data experts, pathology trainees 
gain practical skills in data management (such as curation of 
digital pathology images) and algorithm validation, which are 
particularly relevant in hematopathology, where large datasets 
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(e.g., flow cytometry and genomic data) increasingly inform 
diagnoses [87].

Beyond residency, competency-based workshops and continu-
ing classes are provided to keep practicing pathologists up to 
date. Professional societies in North America and Europe (e.g., 

the College of American Pathologists and the European Society 
of Pathology) have begun offering short courses on AI in diag-
nostics, covering topics such as AI result interpretation, regu-
latory guidelines, and troubleshooting of AI tools [84]. These 
efforts ensure that the learning continuum spans from medical 
school to fellowship and beyond. Notably, many medical schools 

TABLE 2    |    Entrustable AI competencies for hematopathology training: Leukemia-specific use cases and assessment methods.

Competency Use case in leukemia diagnostics Assessment method
Level expected 

of trainee

Foundational AI literacy Explain supervised learning, 
unsupervised clustering, CNNs, training/

validation/test sets, overfitting, and 
dataset shift using examples from 
morphology and flow cytometry.

Short-answer exercise or oral 
viva using a published AI study

Core

Critical appraisal of AI 
studies

Evaluate an AI blast-detection or 
AML-classification study for dataset 

size, study design, external validation, 
confidence intervals, and bias.

AI-focused journal club 
using a structured checklist 

such as STARD-AI/
TRIPOD + AI principles

Core

AI-assisted morphology 
validation

Compare the AI-generated blast count 
or flagged cells with the manual 

differential count and expert review.

Slide-based simulation using 
digital peripheral blood 
or bone marrow cases

Core

Recognition of AI failure 
modes

Identify false positives from artifacts, 
smudge cells, reactive lymphocytes, 

poor staining, or hemodiluted marrow.

Case-based assessment with 
deliberately challenging images

Core

AI-assisted flow 
cytometry interpretation

Review automated clusters/gates, 
identify aberrant populations, and 

compare AI output with manual gating.

Flow cytometry case simulation 
with pre/post-AI interpretation

Core

MRD-support 
interpretation

Assess whether an AI-flagged 
rare population is compatible 

with MRD, regeneration, artifact, 
or nonspecific background.

MRD case conference 
with threshold and 

discordance discussion

Advanced/
core for 

hematopathology 
fellows

Molecular and genomic AI 
interpretation

Interpret AI-prioritized variants or 
risk predictions within the WHO/

ICC and ELN frameworks.

Molecular tumor board 
or hematopathology 
sign-out simulation

Core

Bias and generalizability 
assessment

Evaluate whether an AI model may 
underperform across institutions, 

scanners, staining protocols, antibody 
panels, sequencing platforms, age groups, 

ancestry groups, or rare subtypes.

Structured audit of the 
model validation paper or 

local validation dataset

Core

Local validation and 
implementation

Design a local verification plan before 
using an AI tool for morphology, 

flow, or NGS decision support.

Resident-led quality 
improvement or validation 

protocol assignment

Advanced

Regulatory and 
governance literacy

Explain intended use, version control, 
human oversight, change management, 

post-deployment monitoring, and 
documentation requirements.

OSCE-style scenario 
involving the implementation 

of a new AI tool

Core/advanced

Communication and 
documentation

Write a report comment describing AI-
assisted analysis, human verification, 

limitations, and final sign-off.

Report-writing exercise using 
AI-assisted diagnostic cases

Core

Interdisciplinary 
collaboration

Work with laboratory staff, 
bioinformaticians, data scientists, 

and clinicians to resolve AI-
output discordance.

Multidisciplinary 
case presentation

Core
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are introducing core AI concepts to students early. Surveys in-
dicate, however, that there is still much room for growth—one 
multi-country study found that while approximately 69% of stu-
dents were aware of AI in medicine, only 14% learned about it 
through formal medical school instruction (most learned from 
independent online sources) [87]. In response, schools in Asia-
Pacific and North America have started pilot courses on medical 
AI for undergraduates, often using case studies in radiology or 
pathology as teaching examples. For instance, several Chinese 
medical universities recently added formal AI modules after a 
nationwide survey showed that over half of the medical students 
and postgraduates had used AI tools and desired more struc-
tured training [88]. Likewise, initiatives are emerging in South 
Asia and the Middle East. A survey of Jordanian medical stu-
dents and pathology residents strongly concluded that “AI ed-
ucation should be introduced into medical curricula” to cover 
applications, pitfalls, and legal aspects [87].

6.4   |   Challenges and Considerations in Global 
Implementation

Implementing AI training in hematopathology on a global scale 
poses significant challenges. Faculty development and resource 
limitations are primary concerns. Many regions face a shortage of 
educators fluent in both pathology and AI, making it difficult to 
teach new content. According to an international perspective, in-
troducing AI into curricula depends heavily on each institution's re-
sources and faculty expertise; a shortage of trained faculty and high 
costs can “exacerbate global inconsistency in medical education 
quality” [89]. Another challenge is regulatory and regional diver-
sity. The rules governing clinical AI use vary widely; for example, 
the U.S. FDA, European CE marking, and other national regulators 
have different approval pathways and post-market requirements for 
AI-assisted diagnostic tools. Hence, training programs must navi-
gate these differences [75]. Modern AI in hematopathology often 
relies on large datasets of annotated images (e.g., bone marrow 
aspirate slides and lymph node histology) and other multi-modal 
data. However, not all regions have the same digital pathology in-
frastructure or data-sharing practices. Inconsistent slide scanning 
technologies, variable staining protocols, and fragmented data silos 
can impede the development and adoption of AI and complicate 
how we train people to use it. A recent review on preparing pa-
thology data for AI noted that reproducing AI performance across 
institutions hinges on having standardized, high-quality data and 
consistent annotations, suggesting that “data standardization and 
representative data across multiple centers” are key to robust AI 

implementation [84]. In educational terms, this means trainees 
should learn the importance of data quality and harmonization. 
Some global initiatives (e.g., cross-border digital pathology net-
works and the use of common data formats like digital images and 
communications in medicine (DICOM) for whole-slide images) 
have begun to address these gaps, but adoption is uneven. Thus, 
programs must also instill adaptability—pathologists should be 
prepared to handle AI tools that might work well in one hospital's 
system but require re-validation in another [90].

Besides these challenges, there are ubiquitous concerns about 
ethical use, bias, and validation that every program must cover. 
Ensuring that trainees appreciate issues of algorithmic bias (for 
instance, how an AI might underperform with underrepresented 
populations or rare leukemia subtypes) is essential for safe clinical 
deployment. Accordingly, competency frameworks universally call 
for teaching the limits of AI—that it is a tool to assist, not replace, 
the expert judgment of a hematopathologist [76]. Developing this 
understanding is arguably the capstone of clinical readiness.

Key strategies for embedding AI competencies into postgradu-
ate training are summarized in Table 3.

7   |   Conclusion and Future Perspectives

The integration of AI in leukemia diagnostics marks a pivotal shift 
toward a powerful human–AI synergy, not the obsolescence of the 
hematopathologist. In this model, the specialist remains indis-
pensable as the expert validator, data integrator, and ethical stew-
ard who provides ultimate clinical context and decision-making 
authority. In the future, this synergy will deepen as AI models 
move beyond initial diagnosis to performing longitudinal data in-
tegration for MRD assessment, potentially predicting relapse over 
time. Furthermore, AI shows immense promise for guiding per-
sonalized therapy by using machine learning to predict drug sen-
sitivity and streamline clinical trial matching, translating complex 
multi-omic data into actionable treatment strategies.

The most immediate future of AI in leukemia diagnostics is 
therefore not autonomous diagnosis but clinically governed 
augmentation. AI tools will be most useful when their intended 
use is clearly defined, their performance is externally and locally 
validated, their limitations are understood, and their outputs are 
reviewed by specialists who can integrate morphology, flow cy-
tometry, cytogenetics, genomics, clinical context, and established 
classification systems. The validator–integrator model provides a 

TABLE 3    |    Embedding AI competencies into routine hematopathology training.

Integration method Target competencies Examples

Dedicated AI Modules Foundational knowledge, ethical conduct Interactive lectures, online resources

Integrated Case Discussions Application, interpretation skills AI-assisted digital pathology analysis

AI-Focused Journal Clubs Critical appraisal, foundational knowledge Structured appraisal exercises

Hands-On Workshops Application-specific skills, interpretation AI software practical sessions

Research/Audit Projects All competencies Resident-led AI validation projects

Faculty Development AI teaching and pedagogical strategies Workshops, train-the-trainer programs
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practical framework for this transition: AI can improve efficiency 
and reproducibility, but the pathologist/hematologist remains re-
sponsible for diagnostic validity, clinical interpretation, ethical 
oversight, and final patient-centered decision-making.
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