
Academic Editor: Tadeusz Robak

Received: 27 December 2025

Revised: 25 January 2026

Accepted: 31 January 2026

Published: 3 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Review

Central Nervous System Involvement in Acute Myeloid
Leukemia: From Pathophysiology to Neuroradiologic Features
and the Emerging Role of Artificial Intelligence
Rafail C. Christodoulou 1,* , Rafael Pitsillos 2, Vasileia Petrou 3, Maria Daniela Sarquis 4 ,
Platon S. Papageorgiou 5 and Elena E. Solomou 6,*

1 Department of Radiology, Stanford University School of Medicine, Stanford, CA 94305, USA
2 Neurophysiology Department, Cyprus Institute of Neurology and Genetics, Nicosia 2371, Cyprus;

rafaelp@cing.ac.cy
3 Department of Medicine, University of Ioannina, 45110 Ioannina, Greece; md07010@uoi.gr
4 Department of Medicine, Universidad de Carabobo, Valencia 2001, Venezuela; mdsarquis58@gmail.com
5 Department of Medicine, National and Kapodistrian University of Athens, 15772 Athens, Greece;

platopap@med.uoa.gr
6 Department of Internal Medicine-Hematology, University of Patras Medical School, 26500 Rion, Greece
* Correspondence: rafail99@stanford.edu (R.C.C.); elenasolomou@hotmail.com (E.E.S.)

Abstract

Background/Objectives: Central nervous system (CNS) involvement in acute myeloid
leukemia (AML) is a rare but important complication linked to poor outcomes. Diagnosing
it is difficult because neurological symptoms are often subtle or nonspecific, and conven-
tional cytology and imaging have limitations. This review summarizes current evidence
on the neuroradiologic features of CNS infiltration in AML and explores the growing role
of artificial intelligence (AI) in enhancing detection and characterization. Methods: A
thorough narrative review was conducted using PubMed, Scopus, and Embase, employing
key terms related to AML, CNS involvement, MRI, CT, PET, AI, machine learning, deep
learning, and radiomics. Of several thousand records, 138 relevant studies were selected
and analyzed across four main areas: neuroradiologic patterns, imaging biomarkers, AI
and radiomics applications, and emerging computational trends. Results: Imaging findings
in AML mainly include myeloid sarcomas (isointense on T1, hyperintense on T2/FLAIR,
restricted diffusion) and leptomeningeal enhancement. Secondary ischemic or hemorrhagic
lesions may indicate brain leukocytosis. MRI proved more sensitive than CT, while PET/CT
helped detect extramedullary disease. Recent AI and radiomics models showed high tumor
classification and prognosis accuracy in similar CNS conditions, indicating significant
potential for application in AML-CNS. Conclusions: Combining AI-based image analysis
with multimodal neuroimaging could significantly improve diagnostic accuracy and per-
sonalized treatment for CNS involvement in AML. Progress is still challenged by the rarity
of the condition and the lack of large, annotated datasets.

Keywords: acute myeloid leukemia; central nervous system; MRI; neuroimaging; myeloid
sarcoma; leptomeningeal disease; artificial intelligence; radiomics; machine learning

1. Introduction
AML is an aggressive hematologic malignancy marked by rapid progression, high

relapse rates, and substantial mortality despite advances in molecular classification and
targeted therapies. Although contemporary genomic profiling has refined risk stratification
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and treatment selection, AML remains clinically challenging because of its biological hetero-
geneity, frequent treatment resistance, and the emergence of extramedullary disease [1–3].
Among these, CNS involvement is a particularly critical yet underrecognized complica-
tion, associated with significant neurological morbidity, therapeutic limitations, and poor
prognosis. AML arises from the clonal expansion of myeloid progenitor cells derived from
pluripotent hematopoietic stem cells (HSCs), which acquire multiple genetic mutations
and epigenetic modifications. These aberrations confer proliferative and survival advan-
tages while impairing normal differentiation, ultimately leading to the accumulation of
malignant myeloid clones and the development of myeloid neoplasms [1,2]. Consequently,
the hematopoietic process is disrupted as leukemic proliferation within the bone marrow
interferes with normal blood cell formation [4]. Given that the molecular alterations are
crucial to leukemogenesis, recent advances in genomic profiling have enabled the genetic
classification of AML based on recurrent mutations in genes regulating cell survival, signal
transduction, and RNA splicing [4,5]. This genomic framework was adopted by the latest
World Health Organization (WHO), Society for Hematopathology, and the European Asso-
ciation for Hematopathology classifications, and provides a biologically driven approach
to diagnosis and prognosis, emphasizing the clinical relevance of mutations such as NPM1,
FLT3, and TP53 [3,6–8].

AML represents one of the most common forms of acute leukemia, with an estimated
incidence of approximately 4 cases per 100,000 individuals per year. Despite its relative
frequency, AML is associated with a poor overall survival rate, mainly due to its heteroge-
neous biology and often subtle or nonspecific clinical presentation that delays diagnosis
and treatment initiation [9,10]. Aside from hematologic and nonspecific manifestations
such as anemia, fatigue, and hemorrhagic events, AML rarely involves the central nervous
system (CNS), with an incidence of 1% among new AML cases and higher rates in pediatric
AML [11]. CNS infiltration may occur as parenchymal lesions within the brain or, more
commonly, as leptomeningeal involvement [11,12].

Regarding CNS involvement in AML, Alakel N. et al. reported a higher incidence
among patients with adverse cytogenetic profiles, elevated serum lactate dehydrogenase
(LDH) levels, and concurrent FLT3 and NPM1 mutations in 2017. These patients exhibit
a broad spectrum of neurological manifestations, ranging from mild symptoms such
as headache and cranial nerve palsies to severe complications including intracerebral
hemorrhage, elevated intracranial pressure, and seizures. CNS involvement in AML
usually indicates severe lab findings, advanced disease, high leukocyte counts, monocytic
subtypes, and poor prognosis [12,13].

Clinical manifestations of CNS involvement in AML are rare, and several challenges
limit both diagnosis and treatment, ultimately reducing survival. These can be grouped
into two categories: barriers to early and accurate detection, and restricted therapeutic
options. Although flow cytometry (FCM) has demonstrated improved detection sensitivity
and accuracy compared to conventional cytology [14], both techniques remain limited in
reliably identifying CNS involvement. Another important consideration is the invasive
nature of lumbar puncture (LP) and the potential adverse effects that may occur following
the procedure. Despite evidence that CSF cytometry can detect blasts in approximately 40%
of asymptomatic AML patients, LP remains underutilized, particularly in this population,
due to its invasiveness [15,16]. These limitations underscore the need for advanced imaging
biomarkers that enable neuroradiologists to detect CNS disease in high-risk patients, even in
the absence of overt symptoms [17,18]. Neuroimaging is therefore essential, with magnetic
resonance imaging (MRI) as the primary modality for lesion detection and characterization,
complemented by positron emission tomography (PET) scans [12]. Identifying specific
imaging biomarkers improves diagnosis and allows precise disease monitoring, addressing
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the limitations in treatment options. Current therapies remain limited in preventing relapse,
with intrathecal approaches representing a promising but still developing strategy [19].

As previously indicated, neuroimaging is crucial in detecting CNS infiltration in AML,
as most patients with neurological manifestations present at advanced stages. Lesions on T1-
or T2-weighted MRI sequences may be subtle, and meningeal involvement may be minimal,
making conventional MRI relatively low in sensitivity [20]. Artificial intelligence (AI),
including machine learning (ML) and deep learning (DL), has the potential to overcome
these limitations by detecting and characterizing subtle imaging changes. By leveraging
large-scale imaging datasets, AI models can recognize complex spatial patterns, integrate
multimodal data (such as MRI and PET), and generate predictive biomarkers for disease
progression and treatment response. These can complement traditional approaches and
assist neuroradiologists in making critical diagnostic and clinical decisions [21]. Hence,
this narrative review aims to elucidate the underlying pathophysiology and risk factors
contributing to CNS involvement in AML, while highlighting the diagnostic and prognostic
value of neuroimaging. Furthermore, it explores the emerging role of AI in refining disease
detection, monitoring progression, and evaluating therapeutic efficacy in CNS disease in
AML. This relatively novel topic has not been extensively addressed in previous studies.
Our review is among the first to integrate this pathology’s pathophysiology and radiological
aspects with the emerging contributions of AI in the field.

2. Results
2.1. Literature Overview

The 138 studies included span publications from 2000 to 2025, reflecting ongoing
advancements in neuroimaging and computational modeling. Early studies primarily
reported radiologic case series of CNS infiltration in AML, whereas recent research empha-
sizes AI-driven image analysis and multimodal data fusion for more precise diagnostics.

2.2. Neuroradiologic Features of CNS Involvement

Neuroimaging in AML reveals diverse patterns depending on the infiltration route
and extent:

• Myeloid sarcomas (chloromas) are iso- to hypointense on T1 MRI and hyperintense
on T2/FLAIR, often showing homogeneous contrast enhancement and restricted
diffusion on ADC maps. Dural-based lesions may resemble meningiomas but usually
lack calcifications and can cause local bone destruction.

• Leptomeningeal disease: Presents as diffuse or nodular meningeal enhancement on
post-contrast T1 WI, sometimes extending to cranial or spinal nerves, ependymal
surfaces, or tentorium.

• Indirect CNS involvement: Leukostasis-related infarcts and microbleeds appear as
diffusion-restricted foci and low-signal blooming artifacts on SWI.

• MRI is the most sensitive modality, especially for subtle parenchymal or meningeal dis-
ease, while CT is useful for detecting hemorrhagic or mass-effect issues. PET/CT offers
additional value in identifying extramedullary sites and assessing treatment response.

2.3. Artificial Intelligence and Radiomics

The review shows a growing use of AI and radiomics in CNS imaging over the past
ten years (Table 1).

• Deep learning models like AML-Net and similar CNN architectures have achieved
high accuracy in brain tumor segmentation, offering adaptable frameworks for detect-
ing myeloid sarcomas.
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• Radiomic analyses using MRI texture, intensity, and shape features have reached
AUCs between 0.82 and 0.97 for lesion classification and survival prediction in
related diseases.

• Transfer learning and federated AI are promising approaches to address data limita-
tions, enabling pretrained models trained on large datasets (e.g., BraTS, UCSF-PDGM,
TCIA) to be adapted for rare AML-associated CNS manifestations.

Table 1. Artificial Intelligence and Computational Imaging Studies Relevant to CNS Imaging and
AML-Related Applications.

Study [Ref] Clinical Context Imaging
Modality

AI/Computational
Method Task Key Performance

Metrics

Zeeshan et al.,
2024 [22]

Brain tumors
(applicable
framework for CNS
myeloid sarcoma)

MRI
Attention-based
multi-scale CNN
(AML-Net)

Tumor
segmentation

IoU = 0.834;
F1-score = 0.909;
Sensitivity = 0.939

Ambrosini
et al., 2010 [23]

Brain metastases
(including
hematologic lesions)

MRI

Automated 3D
template matching
with normalized
cross-correlation

Lesion detection Sensitivity = 89.9%

Cho et al.,
2021 [24] Brain metastases MRI Deep learning CAD

system

Detection and treat-
ment response as-
sessment

Sensitivity = 75.1–94.7%;
Dice coefficient up to 0.82

Madhugiri
et al. 2025 [25] Brain metastases MRI

CNN-based
automated
segmentation

Detection and
volumetric
segmentation

Volumetric agreement
ρ = 0.997 (p < 0.001);
Sensitivity 97.5% for
lesions >0.1 cc

Wu et al.,
2025 [26] Brain metastases Post-contrast

T1WI MRI

Radiomics +
RAG-assisted large
language model

Lesion detection
and reporting

Sensitivity improved
from 0.84 → 0.98;
improved inter-reader
consistency

Li et al.,
2025 [27]

Meningioma
(transfer learning
model relevant to
AML mimics)

Multiparametric
MRI

Deep transfer
learning radiomics
nomogram

Tumor grading AUC = 0.866

Fasihi
Shirehjini et al.,
2025 [28]

Meningioma MRI
Transfer learning
CNN (ImageNet-
pretrained VGG-19)

Tumor grade
classification Accuracy up to 98.9%

Talukder et al.,
2023 [29] Brain tumors MRI

Fine-tuned CNN
with reconstruction-
based learning

Tumor
classification Accuracy > 95%

Haque et al.,
2024 [30]

Leukemia diagnosis
(non-imaging CNS
analogue)

Microscopy
images

Transfer learning
CNN (Inception-
ResNet)

Leukemia
classification F1-score > 95%

2.4. Summary of Key Insights

Overall, the current literature highlights that CNS involvement in AML, though un-
common, has distinct imaging features that can aid diagnosis and management (Figure 1).

AI-assisted image analysis, radiomics, and multimodal integration are emerging tools
that can improve detection sensitivity, characterize disease heterogeneity, and support
personalized therapy. However, the main obstacle to clinical application is the shortage of
large, disease-specific imaging databases for validation.
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Figure 1. Overview of the literature on CNS involvement in AML (2000–2025). The diagram
summarizes the study types, imaging methods, and analysis approaches across 138 studies, showing
a shift from descriptive imaging to AI-assisted neuroimaging, including deep learning, radiomics,
and transfer learning. Created in BioRender. Christodoulou, R. (2026) Available online: https:
//BioRender.com/3jubwzb (accessed on 20 December 2025).

3. Discussion
3.1. Pathophysiology and Mechanisms of CNS Infiltration

Before investigating the CNS disease in AML, it is essential to elucidate the underlying
pathophysiology and key molecular mechanisms driving leukemic blast migration and
escape from the bone marrow (BM) microenvironment. Initially, normal hematopoietic
stem cells (HSCs) in the BM acquire genetic mutations and molecular alterations that enable
uncontrolled proliferation and confer resistance to apoptosis, forming a single myeloid
progenitor cell clone lineage [15,31]. These mutations are subsequently compounded by
additional somatic driver alterations, such as Nucleophosmin 1 (NPM1) and FMS-like Ty-
rosine Kinase 3 (FLT3) mutations, ultimately leading to leukemogenesis and the acquisition
of hallmark tumor characteristics, as extensively described in the literature [6,7,32]. These
blasts multiply indefinitely, occupying the BM and causing a marked decline in the popu-
lation of normal hematopoietic precursor cells [33]. AML cells egress consequently from
the blood–marrow barrier, a mechanical “domain” composed of the BM endothelial cells,
along with stromal and mesenchymal cells that prevent re-entry of mature erythrocytes
and platelets [34,35], through the involvement of multiple chemotactic and adhesive factors
and complex signaling pathways [15]. The most significant molecules described in the
literature as being expressed in AML blasts include the integrins VLA-4 and VLA-5, and
LFA-1 that binds to ICAM-1 for leukocyte migration; the transmembrane glycoprotein
molecules L-selectin and VCAM-1, which regulate leukocyte adhesion and mobilization;
and several clusters of differentiation such as CD34, CD44, and CD56 [36–41]. For instance,
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CD56, a natural killer (NK) cell adhesion molecule dysregulated in approximately 20% of
AML cases, has recently been characterized as a significant prognostic marker due to its
involvement in the MAPK pathway and its association with chemoresistance in CD56+

leukemic blasts [41,42]. Figure 2 depicts AML cells escaping from the BM microenvironment
via the blood sinuses (marrow capillaries) and eventually migrating into extramedullary
tissues [43].

Figure 2. CNS infiltration of AML blasts. Malignant myeloid progenitors escape the bone marrow
microenvironment through cytokine release and altered expression of cell adhesion molecules,
subsequently crossing the blood–brain barrier to infiltrate the meninges or the brain parenchyma.
Created in BioRender. Christodoulou, R. (2026) Available online: https://BioRender.com/fii6xvy
(accessed on 20 December 2025).

Upon dissemination of AML cells into the circulation, the CNS is a rare yet possible
site of extramedullary infiltration. As in most myeloid leukemias, CNS infiltration in
AML primarily occurs via hematogenous dissemination through the “leaky” blood–brain
barrier (BBB). The permeability of the BBB is regionally heterogeneous [44]; for instance, the
choroid plexus displays increased endothelial fenestrations. AML cells therefore migrate
into the CNS circulation and traverse the BBB through a multistep process that begins with
adhesion, followed by the release of chemokines and cytokines that widen tight junctions,
and ultimately causes extracellular matrix disruption mediated by metalloprotease activ-
ity [45]. AML blasts migrate toward the brain after inducing a hypoxic, highly angiogenic
microenvironment within the CNS perivascular spaces, thereby facilitating their survival
and further infiltration [36,46]. In addition to hematogenous spread, lymphatic dissemi-
nation may contribute to CNS invasion in AML. The discovery of the glymphatic system
has challenged the long-standing view of the CNS as an immune-privileged site [47], a
perivascular network that facilitates the clearance of metabolic waste and functions anal-
ogously to the peripheral lymphatic system- prompting a re-evaluation of CNS immune
isolation [48,49]. When glymphatic flow is impaired, these interconnected pathways may
enable the retrograde migration of malignant cells within the CSF, ultimately promot-
ing their entry into the brain parenchyma [15]. As a consequence of CNS metastasis in
AML, infiltration may manifest as leptomeningeal seeding involving the arachnoid and
pia mater [50], parenchymal (intracerebral) infiltration typically presenting as chloromas
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or granulocytic sarcomas [51], or, more rarely, as dural or epidural involvement [52]. In
addition to the inherent biology of leukemic cells and molecular adhesion processes, new
evidence indicates that systemic host factors, such as the gut microbiota, may play a role
in AML development and disease progression. Changes in microbiota composition have
been linked to immune system imbalance, persistent inflammation, compromised intestinal
barrier function, and altered responses to chemotherapy in AML patients [53]. These
systemic influences can indirectly affect endothelial permeability, immune monitoring, and
inflammatory signaling, potentially impacting the likelihood of extramedullary manifesta-
tions, including CNS involvement. While CNS involvement is a common and recognized
complication in ALL, it is relatively rare in AML. This disparity is mainly due to differences
in cellular origin, biological characteristics, and tissue targeting, with lymphoid blasts
more likely to migrate to the CNS and spread to the leptomeninges [54]. Conversely, CNS
involvement in AML usually occurs in cases with high-risk molecular markers, hyperleuko-
cytosis, or extramedullary disease, rather than from routine prophylactic spread. CNS
involvement in AML is defined by the detection of leukemic blasts in CSF or by evidence
of leptomeningeal or parenchymal disease on neuroimaging in the appropriate clinical
context. Diagnosis typically relies on demonstrating malignant cells in CSF cytology and
flow cytometry, with imaging modalities such as MRI complementing CSF analysis by
identifying meningeal enhancement or focal lesions suggestive of infiltration [55].

Several risk factors have been investigated and identified as significant for CNS
involvement in AML [56]. A recent study by Seki J. T. et al. (2025) [57] employed next-
generation sequencing (NGS) to characterize key genetic alterations associated with CNS
disease in AML. This study performed CSF analysis in 259 patients who underwent lumbar
puncture, revealing CNS involvement in approximately 12% of cases. The most relevant
genetic risk factors identified were NPM1 and FLT3 mutations, occurring in 48% and 29%
of cases, respectively [57]. NPM1, a ubiquitously expressed nucleolar protein, has been
implicated in the ARF–p53 tumor-suppressor pathway, contributing to cell-cycle regula-
tion and genomic stability [58]. The FLT3 tyrosine kinase receptor is a major regulator of
hematopoietic cell survival and differentiation, and its frequent internal tandem duplication
(ITD) mutations result in aberrant protein activation [59]. The co-occurrence of NPM1 and
FLT3 mutations is associated with higher rates of CNS involvement [13,57]. An increased
white blood cell (WBC) count has also been strongly associated with CNS disease in AML.
Patients with CNS-positive AML are more frequently found to have WBC counts exceeding
50–100 × 109/L [60]. Moreover, elevated WBC levels have been linked to FLT3-ITD muta-
tions and CD56 positivity -two factors that are both indicative of aggressive disease biology
and associated with a higher likelihood of CNS involvement [41,61]. Other significant
risk factors reported in the literature include the myelomonocytic and monocytic AML
subtypes (M4 and M5 according to the French–American–British [FAB] classification) [62],
elevated lactate dehydrogenase (LDH) levels [63], and aberrant cytogenetic profiles. For
instance, chromosome 16 inversion and trisomy 8, as demonstrated by Shihadeh F. et al. in
2012 [64], and t(8;21) translocation [65], have been associated with extramedullary tumors.

3.2. Clinical Manifestation of CNS Disease in AML

AML can lead to neurological impairment and nervous system manifestations through
two main mechanisms: directly, via infiltration of malignant myeloid cells into the nervous
system, or indirectly, as a consequence of systemic disease progression or adverse effects
of treatment modalities, such as chemotherapeutic agents or immunosuppressive therapy
following hematopoietic stem cell transplantation [66]. Regarding direct CNS infiltration,
the most common manifestation in patients with AML is leptomeningeal disease, which
arises from the seeding of AML blasts after they migrate from the BM and subsequently
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penetrate the CNS, as previously described [57]. Leptomeningeal disease primarily oc-
curs via hematogenous dissemination or through regions of a compromised BBB, such
as the choroid plexus, and, more rarely, through direct invasion from adjacent tissues. It
manifests with subtle, nonspecific nervous system symptoms, including seizures, confu-
sion, or headaches [50]. Cranial nerve palsies or radicular involvement of spinal nerves
may also develop due to leukemic cell infiltration into the CNS, as reported by Zheng C.
et al. [67]. Leukemic blasts can also metastasize directly to the brain parenchyma, forming
the well-characterized and widely reported chloromas (also referred to as granulocytic
sarcomas or myeloid sarcomas). Chloromas typically manifest with progressive frontal
headaches, reflecting their mass effect within the affected brain regions [51,68]. Myeloid
sarcomas can also arise within the spinal epidural space, resulting in compression of the
spinal cord or nerve roots and manifesting as radiculopathies [52,69], as illustrated by a
reported case of recurrent acute promyelocytic leukemia (APL) presenting with right leg
pain [70]. When the lesion is situated below the L1–L3 vertebral levels, it may precipitate
cauda equina syndrome, a neurosurgical emergency characterized by compression of the
lumbosacral nerve roots, with a high risk of permanent motor and sensory deficits, includ-
ing paraplegia [71,72]. In indirect CNS involvement, most events result from hematological
abnormalities such as hyperleukocytosis, anemia, thrombocytopenia, and other related
derangements. Transient ischemic attack and intracranial hemorrhage in patients with APL
have been reported in the literature [73–75], syncope as a primary symptom in AML [76], or
even pituitary apoplexy in rarer cases of AML, occurring with thrombocytopenia due to the
disease [77]. Rare cases of diabetes insipidus due to AML have also been reported [78–80].

3.3. Neuroimaging Findings in CNS Involvement in AML

Paraclinical evaluation is crucial for detecting, characterizing, and monitoring CNS
involvement in AML. Neuroimaging, such as MRI, CT, and PET, identifies leukemic in-
filtration and CNS complications, while cerebrospinal fluid analysis provides cytological,
immunophenotypic, and molecular insights, despite limited sensitivity in asymptomatic
patients [15,81]. Emerging tools such as radiomics and AI enhance lesion detection, reduce
variability, and aid risk stratification. Molecular and hematologic markers, such as FLT3
and NPM1 mutations, elevated LDH, and leukocytosis, provide insights into disease ag-
gressiveness and relapse risk [82]. Combining imaging, CSF, and molecular data advances
precision diagnostics and personalized CNS disease management in AML.

The clinical manifestations of CNS involvement in AML may be subtle or nonspecific,
often escaping clinical detection. Comprehensive and systemic evaluation is essential to
identify occult disease features [36]. Clinical investigation for detecting nervous system
invasion by myeloid leukemia blasts primarily uses neuroimaging as a non-invasive modal-
ity for tumor recognition. A 2020 retrospective cohort study reported the findings from
the investigation of 84 patients with CNS disease in AML, among whom 62% demon-
strated aberrant MRI features [20]. While several studies have extensively investigated
CNS involvement in other hematologic malignancies, particularly acute lymphoblastic
leukemia and various lymphomas, the available literature on AML remains comparatively
scarce. There is a notable lack of systematic research addressing imaging characteristics
of CNS infiltration in AML. Therefore, this section will be subdivided according to the
various manifestations of CNS involvement and their corresponding detection strategies
and imaging patterns. Table 2 summarizes the main radiologic findings of CNS disease
in AML.

CNS disease in AML commonly presents as a solid mass composed of metastasized
myeloid malignant cells, referred to as chloroma, granulocytic sarcoma, or myeloid sar-
coma [83]. Before the advent of MRI, and still in current emergency practice, computed
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tomography (CT) remains the first-line imaging modality for excluding neurosurgical
emergencies. Multiple small lesions are more frequently observed on brain CT than solitary
larger masses [84]. These lesions typically demonstrate minimal contrast enhancement and
are predominantly extracerebral, arising from the dura as focal extraaxial isodense or hyper-
dense soft-tissue masses rather than located within the brain parenchyma. Edema may also
appear surrounding the masses [83,84]. With advances in MRI technology, malignancies can
now be detected with greater accuracy, allowing neuroradiologists to characterize tumor
features more precisely through multiple MRI sequences developed in recent years [20].
Chloromas appear on MRI as isointense or hypointense on T1-weighted imaging (T1WI),
with homogeneous contrast enhancement, and, conversely, as hyperintense or isointense
on T2-weighted imaging (T2WI). Hypointense edema also contributes to mass effect mani-
festations and compression of brain regions and nuclei, depending on their location [85].
Restricted diffusion (DWI) with confirmation on low-ADC maps may also be observed
on MRI, reflecting increased cellularity [86,87]. Regarding chloromas arising from the
extraaxial space, although dural-based cranial granulocytic sarcomas may exhibit imaging
characteristics resembling meningiomas, the latter typically demonstrate calcifications
rather than osseous destruction [81,85]. According to a study by Ooi et al., other common
sites of granulocytic sarcoma involvement include the spinal cord, nerve roots, and the
intracerebral and epidural locations. The same study also highlighted a possible enhancing
rim surrounding these masses, a feature that may easily lead to misdiagnosis as an infec-
tious or inflammatory process [88]. A recent investigation conducted in 2023 evaluated MRI
findings associated with CNS involvement across various leukemia subtypes, identifying
four cases of AML infiltration located within the brain parenchyma, cranial nerves, and in
two instances, with mixed localization. The parenchymal lesions demonstrated isointensity
on T1WI and hyperintensity on T2WI and FLAIR [80]. Studies have reported that recurrent
AML presents as isolated intracranial or extra-axial masses, which are generally associated
with poor outcomes [65,89]. PET imaging has also been explored for detecting myeloid
sarcomas in AML, primarily in extramedullary sites outside the CNS, with promising
results showing enhanced tracer uptake in meningeal or intracerebral lesions [90,91].

In a related line of investigation, CNS leukemia may also present with leptomeningeal
metastasis rather than a focal solid mass [20]. This is due to CSF seeding of the blasts that
eventually invade the meninges [66]. Leptomeningeal disease appears most frequently
on MRI as pial surface signal enhancement on post-contrast T1WI and as multinodular
lesions. Other less common MRI features include alterations in white matter and signal
enhancement of cranial or spinal nerves, depending on the location [92,93]. Common
sites of leptomeningeal infiltration are the ventricular ependymal surfaces, the tentorium,
and the outermost cortical layer (cerebral convexity) [92]. Several studies have reported
their results on leptomeningeal dissemination in AML. A study by Liu et al. described
the imaging characteristics of 14 patients with CNS leukemic involvement. Among these,
MRI of a patient with acute promyelocytic leukemia (APL) revealed patchy leptomeningeal
enhancement in both parietal lobes. In another case of AML, multiple scattered lesions
were identified within the right lateral ventricle, accompanied by heterogeneous signal
intensity on diffusion-weighted imaging (DWI). Similarly, a patient with the M4 subtype of
AML demonstrated meningeal enhancement and heterogeneous DWI signal intensity [94].
Meningeal involvement may also occur as a manifestation of recurrent AML. This was
reported in a case of a patient who developed pain and weakness in both upper and lower
extremities following complete therapeutic remission of NPM1/FLT3-ITD-positive AML, in
whom MRI subsequently revealed meningeal seeding consistent with myeloid sarcoma [82].
In rare instances, leptomeningeal relapse of AML may develop following resection of
intracranial myeloid sarcoma. Qian et al. (2015) reported a case in which contrast-enhanced
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T1-weighted MRI demonstrated leptomeningeal thickening and enhancing masses along
the lumbar and sacral spinal cord [95].

CNS manifestations in AML can also present with neuroimaging findings suggest-
ing indirect nervous system involvement. An uncommon case of AML presenting with
multiple hyperdense intracerebral lesions on CT, initially misinterpreted as chloromas but
later identified as hemorrhagic infarcts secondary to leukostasis (WBC > 100 × 109/L),
was reported by Algharras et al. [96]. Chronic blood products due to microbleed can also
be detected with susceptibility-weighted imaging (SWI), where low signal and blooming
artifacts are consistent with the diagnosis [87]. Similarly, MRI findings in another patient
demonstrated multiple disseminated hyperintense foci on diffusion-weighted imaging
(DWI) within the bilateral periventricular white matter and the left parieto-occipital junc-
tion, consistent with recent ischemic episodes [73]. Castro et al. recently reported an
interesting incident of bilateral globus pallidus involvement, showing hypodense lesions
on CT and hyperintense on T2-weighted/FLAIR MRI with restricted diffusion and mild
enhancement, consistent with hypoxic injury [97]. Neuro-ophthalmic manifestations are
rare in AML, even less frequent than in acute lymphoid leukemia. Imaging across cases
revealed heterogeneous CNS and orbital involvement: CT showed orbital roof lytic le-
sions and soft-tissue masses, while MRI (T1 post-contrast, T2-weighted, FLAIR, and DWI)
demonstrated leptomeningeal and cranial nerve enhancement—especially of the third, fifth,
and sixth nerves—optic nerve sheath thickening, and cerebellar cytotoxic edema, reflect-
ing leukemic infiltration or treatment-related gliosis [98]. Although most cases of CNS
leukemia are asymptomatic, they can sometimes present with clinical symptoms that reflect
the location and biological nature of leukemic infiltration. For example, leptomeningeal
enhancement and subarachnoid involvement often lead to increased intracranial pressure
symptoms such as headache, nausea, papilledema, and cranial nerve issues, indicating
meningeal irritation and CSF flow problems. Focal parenchymal masses, such as chloromas,
visible on MRI or CT scans, are associated with localized neurological deficits, seizures, and
symptoms from mass effect [36,84]. Additionally, nerve root or optic nerve enhancement
may correlate with radiculopathy and visual impairments [36]. Notably unlike ALL, where
CNS prophylaxis with intrathecal chemotherapy is essential due to high CNS relapse risk,
routine CNS prophylaxis and imaging are not recommended in adult AML because of its
lower CNS involvement and lack of evidence for benefit. Neuroimaging is typically for
patients with neurological symptoms or suspicion, while systemic therapies like cytarabine
may incidentally protect against CNS relapse [99]. However, CNS evaluation may be
considered for high-risk patients, and more research is needed to determine optimal early
detection and prevention strategies.

Several challenges and limitations affect the utility of neuroimaging for detecting
CNS involvement in patients with AML. A recent study by Galldiks et al. highlights key
limitations of advanced MRI in brain tumors, such as ADC mapping, which is often inter-
preted visually and may be misleading in lesions surrounded by edema [100]. The same
study also states that CBF estimation with arterial spin labeling (ASL) depends on blood
velocity and selecting an appropriate post-labeling delay, which can vary across patients
and with age [100,101]. Standard MRI sequences have also limitations, particularly in
distinguishing intracerebral tumors—such as chloromas in AML—from metastases, infec-
tions, or abscesses [102]. Conventional sequences are also insufficient for reliably assessing
tumor cellularity or grade, necessitating more specific or invasive methods, such as CSF
cytology, to evaluate these characteristics [14,103]. Furthermore, neuroimaging findings
may also influence therapeutic decision-making and treatment monitoring in AML patients
with CNS involvement. The detection of parenchymal chloromas or leptomeningeal dis-
ease on MRI often prompts the initiation of CNS-directed therapy, including intrathecal
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chemotherapy and intensified systemic regimens. Serial imaging can be used to assess
treatment response, with reductions in lesion size, contrast enhancement, and diffusion
restriction reflecting therapeutic efficacy [104]. Also, neuroimaging plays a critical role in
identifying chemotherapy-related complications, such as intracranial hemorrhage, ischemic
injury, or toxic leukoencephalopathy, which may necessitate treatment modification [94,99].
Thus, imaging serves as an essential adjunct in tailoring and monitoring chemotherapy in
AML-related CNS disease.

Overall, each imaging modality provides complementary insights into CNS involve-
ment in AML. CT is mainly employed in emergency situations to quickly identify intracra-
nial hemorrhage, mass effect, or hydrocephalus, but has limited ability to detect subtle
parenchymal or leptomeningeal abnormalities. MRI is considered the gold standard for
CNS assessment due to its superior soft-tissue contrast and ability to identify parenchymal
infiltration, meningeal enhancement, lesion cellularity as assessed by DWI, and treatment-
related changes [91,96,104]. PET, usually performed alongside CT, is a useful additional
tool for detecting metabolically active extramedullary disease and monitoring treatment
response, although its sensitivity for leptomeningeal disease is limited. Therefore, a mul-
timodal imaging approach is often necessary to effectively detect and characterize CNS
disease in AML.

Table 2. Main neuroimaging features appearing in AML patients with CNS infiltration.

Study [Ref] Pathologic Subtype/Type
of Involvement Imaging Modality Main Radiologic Findings Location

Direct CNS Infiltration

Akhaddar et al., 2011 [51]
Woo et al., 1986 [84]
Guermazi et al., 2002 [85]

Chloroma/Myeloid
Sarcoma

CT

Isodense or hyperdense
soft-tissue masses. Multiple
small lesions more common
than solitary large masses;
minimal contrast
enhancement; possible
surrounding hypodense
edema. Parenchymal: may show

peripheral enhancing rim
mimicking abscess.
Extraaxial/dural-based:
Mimic meningiomas or
leptomeningeal metastases;
typically lack calcifications
and may cause bone
destruction
Neuro-ophthalmic
infiltration
Spinal cord/cauda equina

Guermazi et al., 2002 [85]
Hakyemez et al., 2007 [86]
Nabavizadeh et al., 2016 [87]
Ooi et al., 2001 [88]

MRI (T1WI)

Iso- or hypointense on T1WI
with homogeneous contrast
enhancement; perilesional
hypointense edema and
mass effect.

MRI (T2WI & FLAIR) Hyper- or isointense tumors
on T2WI and FLAIR.

Hakyemez et al., 2007 [86]
Nabavizadeh et al., 2016 [87] MRI (ADC maps)

Restricted diffusion due to
high tumor cellularity
appearing hypointense.

Verger et al., 2022 [90]
Karlin et al., 2006 [91] PET/CT

Focal radiotracer uptake in
meningeal or intracerebral
sites; useful for identifying
extramedullary disease in
AML patients.

Nguyen et al., 2023 [50]
Gleissner et al. 2006 [92]
Collie et al., 1999 [93]
Liu et al., 2017 [94]

Leptomeningeal disease MRI (T1WI)

Pial surface or nodular
leptomeningeal
enhancement; often
multifocal
Meningeal (commonly
dural) thickening

May involve cranial/spinal
nerves, ventricular
ependyma, tentorium, or
cerebral convexities.
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Table 2. Cont.

Study [Ref] Pathologic Subtype/Type
of Involvement Imaging Modality Main Radiologic Findings Location

Indirect CNS Infiltration

Algharras et al., 2013 [96]
Nabavizadeh et al., 2016 [87]
Liu et al., 2016 [73]

Leukostasis-re lated
infarcts/hemorrhage

CT
Hyperdense intracerebral
lesions resembling
chloromas (hemorrhage)

Intracerebral cortex
Peri-ventricular white
matter
Basal ganglia

MRI (SWI)

Low signal and blooming
artifacts representing
chronic blood products and
microbleeds.

MRI (DWI)

Hyperintense foci in
periventricular white matter
or consistent with ischemic
lesions.

Castro et al., 2025 [97] Hypoxic injury CT/MRI

Hypodense on CT,
hyperintense on
T2WI/FLAIR with restricted
diffusion and mild
enhancement.

3.4. Artificial Intelligence and Computational Imaging

AI has noticeably elevated the use of neuroimaging modalities. Initially, machine
learning (ML) has been used in neuroimaging to detect MRI patterns by training models
on labeled (supervised learning) or unlabeled (unsupervised learning) data, enabling the
prediction of previously unseen information and the detection of specific patterns [105].
Analogous to supervised systems, reinforcement learning is initially trained with labeled
data, after which unlabeled data can further enhance the model’s classification perfor-
mance [106]. Recent progress in AI, Deep learning (DL), is a subset of ML that uses artificial
neural networks (ANNs) with multiple layers to automatically learn patterns from large
and complex datasets [21]. Various AI models have been developed to assist in AML
sub-classification, prognosis prediction and guide therapeutic decisions, thereby enabling
tailored treatment by integrating clinical and molecular data [107–110].

In neuroimaging, ML and DL techniques are applied across multiple critical stages of
MRI analysis, beginning with preprocessing steps such as skull stripping and bias-field
correction, and extending to image segmentation, pattern recognition, disease detection,
classification, and ultimately prognosis prediction based on imaging biomarkers [106,111].
Models specifically developed for CNS disease manifestations due to AML are limited;
therefore, relevant studies from recent years investigating brain metastases’ detection
and prognosis will be presented. A study by Zeeshan A. et al. [22] introduced AML-Net,
an attention-based multi-scale lightweight model for brain tumor segmentation in MRI.
AML-Net achieved superior performance (IoU = 0.834, F1 = 0.909, sensitivity = 0.939)
while using significantly fewer parameters than existing models, demonstrating improved
efficiency and accuracy for clinical brain MRI segmentation [22]. A different research pre-
sented an automated 3D template-matching algorithm to detect brain metastases (including
chloromas) on conventional MRI scans. By employing spherical tumor models and 3D
normalized cross-correlation in the frequency domain, the method efficiently identified
likely lesion sites, achieving 89.9% sensitivity [23]. A retrospective study developed a
DL-based computer-aided detection (CAD) system for automated detection and treatment
response evaluation of brain metastases on MRI. CAD achieved sensitivities ranging from
75.1% to 94.7%, with mean Dice similarity coefficients up to 0.82 and low false-positive
rates [24]. A recent DL-based convolutional neural network (CNN) model, Brainlab Smart
Brush, was evaluated for automated detection and segmentation of brain metastases on
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MRIs, demonstrating high volumetric agreement with manual segmentation (ρ = 0.997,
p < 0.001) and superior sensitivity for lesions >0.1 cc (97.5% vs. 93%), highlighting its
potential to enhance accuracy and efficiency in neuro-oncology workflows [25]. Within the
same spectrum, AI-based models could assist in detecting myeloid sarcomas that affect the
CNS, characterize their imaging features, and thereby contribute to prognostic assessment
in affected patients.

Radiomics is an emerging field in neuroimaging that seeks to uncover hidden pat-
terns in both common and rare medical conditions. Like other -omics disciplines (such
as genomics, proteomics, and metabolomics), radiomics extracts subtle imaging features
and fine intensity variations from large-scale medical data that may be overlooked by the
human eye [112,113]. By quantifying these imperceptible image characteristics in CNS
leukemia and analyzing lesion heterogeneity, radiomics aims to associate these features
with diagnostic, prognostic, and predictive outcomes, while also enabling the prediction
of tumor response—such as chloromas—to chemotherapeutic agents and the potential
resistance of malignant cells to specific treatment options [112,114]. Several studies have
explored the potential of radiomics in differentiating glioblastoma, a high-grade glioma
with poor prognosis, from primary central nervous system lymphomas using ML or DL
approaches [115–117], with radiomic analyses of CNS involvement in myeloid leukemia
remaining scarce due to the condition’s rarity. Radiomics is also crucial for the characteriza-
tion of brain metastases in neuro-oncology. A relevant case is the 2025 study by Wu K. C.
et al., which developed and evaluated the Adaptive RAG Assistant MRI Platform (ARAMP),
an AI-based system integrating radiomic analysis with a large language model for brain
metastasis detection on post-contrast T1WI MRI. ARAMP improved diagnostic sensitivity
from 0.84 to 0.98 and enhanced inference consistency among neuroradiologists [26]. The
results suggest that adaptive RAG-based AI frameworks can improve diagnostic accu-
racy and standardization in neuroimaging workflows, thereby strengthening the disease
detection and risk characterization of less common cases, such as parenchymal myeloid
sarcomas in AML patients.

Various clinical entities exhibit CNS imaging features similar to those observed in
AML-related disease. A recent trend in AI applications in neuroimaging involves using
transfer learning (TL) methods, which enable DL or ML models trained on common patholo-
gies, such as meningiomas, to be adapted for rarer conditions, such as AML-related CNS
involvement. TL leverages the extensive availability of training datasets for well-studied
disease ontologies to enhance the detection and classification performance of models ap-
plied to rarer conditions, which typically lack large, curated image libraries and annotated
datasets [118]. An example of TL application is the development of a deep TL-radiomics
(DTLR) nomogram for meningioma grade prediction, which combines clinical, radiomic,
and DTL features, achieving an AUC of 86.6% [27]. A different approach implicating TL in
meningioma grading involves using a pre-trained CNN with data augmentation based on
ImageNet-trained VGG-19. This model achieved up to 98.9% accuracy in distinguishing
low- to high-grade tumors [28]. Initially developed for meningioma grading, these mod-
els could similarly be adapted to AML-related CNS disease, supporting improved lesion
detection, classification, and prognostic assessment in this rare condition. In this context,
fine-tuning pre-trained models on smaller, disease-specific datasets could further optimize
their performance for identifying AML-related CNS manifestations, even when only limited
annotated data are available, as applied in the Talukder M. A. study on brain tumors [29].

Some attempts regarding leukemia diagnosis have employed TL-based models to
improve classification accuracy from microscopic blood smear images. By integrating
advanced image processing, data augmentation, and deep CNNs such as Inception-ResNet,
these approaches achieved F1 scores above 95% [30]. Analogously, this could be applied
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in neuroimaging detection of CNS involvement in AML, with clinical entities that re-
semble leptomeningeal enhancement and myeloid sarcomas observed in AML. With the
guidance of the 2024 Artificial Intelligence in Response Assessment in Neuro-Oncology
(AI-RANO) recommendations for standardization and validation, AI applications in CNS
tumor imaging can be further leveraged through TL approaches to improve the detection
and characterization of CNS involvement in AML [119,120]. For instance, parenchymal or
extra-axial chloromas can mimic meningiomas or other primary CNS tumors, presenting
as dural-based, homogeneously enhancing extra-axial masses on T1WI, with similar MRI
signal characteristics and nonspecific neurological symptoms [121,122]. AI models devel-
oped for detecting leptomeningeal metastases from solid tumors could also be fine-tuned
and repurposed to identify leptomeningeal enhancement associated with AML-related
CNS disease [50].

Multimodal data fusion could further enhance the detection of CNS involvement
in AML, as patients often present with diverse symptomatology arising from multiple
extramedullary sites (Figure 3). Integrating different diagnostic methodologies, such as
CSF and hematologic biomarkers, could improve overall diagnostic accuracy and sensi-
tivity [123]. A recent study applied multi-omics integration to classify AML patients into
molecular clusters, identifying FLT3, WT1, and KIT mutations associated with the best
prognosis, while RUNX1, DNMT3A, and TP53 mutations were associated with poor out-
comes [124]. Another study focused on oxidative stress-related prognostic genes in AML
by developing a model that evaluated clinical outcomes and chemotherapeutic sensitivity,
signaling pathway impacts, and correlations with immune scores and dysfunction, aiming
to identify genes as potential prognostic biomarkers [125]. While these multi-omic and
molecular approaches show promise, MRI-based radiomics for CNS disease has yet to be
widely applied, mainly due to limited imaging datasets and the rarity of such cases.

Figure 3. Data from multiple diagnostic sources are integrated through artificial intelligence-based
multimodal fusion. Machine learning (ML), deep learning (DL), and transfer learning approaches
combine these heterogeneous inputs to enhance diagnostic precision, support individualized treat-
ment planning, and enable prognosis estimation in AML patients with CNS involvement. Created in
BioRender. Christodoulou, R. (2026) Available online: https://BioRender.com/9pcaqgz (accessed on
20 December 2025).
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3.5. Current Datasets and Data Challenges

The primary limitation in applying AI for the neuroimaging detection of CNS involve-
ment in AML is the limited availability of publicly accessible imaging datasets. This con-
straint significantly hampers the development and validation of reliable ML and DL models,
which require large, diverse datasets to achieve robust, reproducible performance [126].
TL and fine-tuning strategies can be applied to mitigate this limitation, allowing models
initially trained on larger, well-annotated pre-existing datasets to be adapted for rarer
pathologies such as AML-related CNS disease [127].

Some potential surrogate datasets for model pretraining include public MRI reposito-
ries of brain metastases or primary brain tumors, where MR scans and additional radiomics
analyses can be conducted to characterize lesions, providing insights into their key fea-
tures [128]. Such datasets include the University of California San Francisco Preoperative
Diffuse Glioma MRI (UCSF-PDGM) dataset, which provides for approximately 500 patients
suffering from diffuse glioma [129], and the Yale New Haven Hospital (YNHH) dataset
containing 200 patients who have been diagnosed with brain metastases and underwent
MRI scan for T1WI post-contrast, T2WI, and FLAIR sequences [130]. A large open-source
dataset that could support AI model training and fine-tuning is the Multimodal Brain
Tumor Image Segmentation Benchmark (BraTS) Pre-operative Meningioma Dataset, which
includes over 1000 publicly available MRI scans and corresponding annotations [131]. This
dataset could be harnessed for modeling leptomeningeal disease enhancement, which
in AML can exhibit imaging features similar to those seen in specific meningioma cases.
Additional neuroimaging resources, such as OpenNeuro [132] and the Cancer Imaging
Archive (TCIA) [133], can also be leveraged for model initialization before domain-specific
fine-tuning on smaller AML datasets.

Given the rare incidence of CNS involvement in acute myeloid leukemia, assembling
open-source large datasets across institutions is essential for developing and fine-tuning
reliable AI models. However, data usage is often restricted by privacy regulations and
ethical considerations [134]. In this context, federated learning and privacy-preserving
AI frameworks offer promising solutions. These approaches enable collaborative model
training across multiple institutions without exchanging raw patient data, thereby main-
taining compliance with data protection standards, such as HIPAA in the US and GDPR in
Europe [135]. By allowing models to learn from distributed and heterogeneous datasets,
federated AI enhances generalizability, reduces bias, and promotes reproducibility while
safeguarding patient confidentiality.

3.6. Clinical Applications and Future Directions

AI-assisted neuroimaging diagnosis could significantly improve CNS disease detec-
tion in AML [19]. Due to the rarity of the manifestations, clinicians often do not initially
suspect CNS involvement in leukemic patients, leading to the oversight of subtle or non-
specific symptoms. However, establishing a standardized diagnostic protocol comprising
a defined set of examinations and non-invasive procedures—such as neuroimaging with
CT and MRI—could enable earlier detection of CNS disease before the onset of severe
neurological complications [136]. ML and DL models, supported by radiomic feature
extraction, could substantially improve disease diagnosis, as many CNS manifestations
present with subtle imaging findings that are difficult to discern through visual assess-
ment alone. For instance, leptomeningeal infiltration may appear merely as mild dural
thickening and faint hyperintense signals, which can easily be overlooked in conventional
radiological evaluation [50]. Several AI models have also been developed and utilized for
disease prediction. An example of this could be predicting CNS relapse risk from baseline
imaging and hematological data for AML patients. Technologies predicting the risk of
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recurrence were trained on multiple clinical and molecular features, demonstrating high
performance metrics and potential clinical applicability. For instance, a recent bioinformat-
ics study leveraging expression data of 226 PANoptosis-related genes identified two distinct
molecular clusters with unique immune profiles and survival outcomes, constructing a
19-gene prognostic signature capable of accurately stratifying AML patients into high- and
low-risk groups [137]. This can similarly be applied to risk prediction in patients with CNS
involvement in AML, based on radiomics signatures, or harnessing multimodal fusion.

Future directions in the study and management of CNS involvement in AML focus
on improving early detection, diagnostic precision, and personalized therapy. AI-based
predictive models integrating baseline imaging, genomic, and hematologic data could help
identify patients at risk of CNS relapse. At the same time, liquid biopsy and CSF molecular
profiling offer minimally invasive tools for early detection [123]. Integrating multimodal
imaging (MRI, PET, CT) and multi-omics data can provide a comprehensive understanding
of disease biology and the mechanisms of CNS invasion, including the role of adhesion
molecules, cytokine expression, and microenvironmental interactions with the blood–brain
barrier [138]. Furthermore, establishing large, federated, and privacy-preserving databases
is essential for robust model training and external validation, enabling reproducible AI
research while safeguarding patient confidentiality [135]. Finally, longitudinal monitoring
combining serial imaging, CSF biomarkers, and AI-assisted analysis may allow real-time
disease progression and relapse risk assessment, paving the way toward precision neuro-
oncology in AML [124].

4. Conclusions
CNS involvement in AML is rare but significant, often presenting subtly with myeloid

sarcoma or leptomeningeal enhancement. Advances in MRI have improved detection,
but limited research and datasets hinder the development of diagnostic criteria. AI and
radiomics could improve diagnosis, risk stratification, and prognosis, mainly via transfer
learning and model tuning, but their potential is limited by data scarcity. Future efforts
should focus on multicenter collaborations, federated learning, and the integration of
imaging, molecular, and clinical data to enable personalized diagnosis and treatment for
this rare but impactful disease.
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Abbreviations
The following abbreviations are used in this manuscript:

ADC Apparent Diffusion Coefficient
AI Artificial Intelligence
AML Acute Myelogenous Leukemia
APL Acute Promyelocytic Leukemia
AUC Area Under the Curve
BMs Brain Metastases
CNS Central Nervous System
CSF Cerebrospinal Fluid
CT Computed Tomography
CNN Convolutional Neural Network
DL Deep Learning
DTLR Deep Transfer Learning Radiomics
DWI Diffusion-Weighted Imaging
EEG Electroencephalography
fMRI Functional Magnetic Resonance Imaging
FLAIR Fluid-Attenuated Inversion Recovery
ITD Internal Tandem Duplication
ML Machine Learning
MRI Magnetic Resonance Imaging
PET Positron Emission Tomography
SWI Susceptibility-Weighted Imaging
TCIA The Cancer Imaging Archive
TL Transfer Learning
T1WI/T2WI T1-Weighted/T2-Weighted Imaging
WBC White Blood Cell

References
1. Hartmann, L.; Metzeler, K.H. Clonal hematopoiesis and preleukemia-Genetics, biology, and clinical implications. Genes Chromo-

somes Cancer 2019, 58, 828–838. [CrossRef] [PubMed]
2. Jones, R.J.; Armstrong, S.A. Cancer stem cells in hematopoietic malignancies. Biol. Blood Marrow Transplant. 2008, 14, 12–16.

[CrossRef]
3. Arber, D.A.; Orazi, A.; Hasserjian, R.P.; Borowitz, M.J.; Calvo, K.R.; Kvasnicka, H.-M.; Wang, S.A.; Bagg, A.; Barbui, T.; Branford,

S.; et al. International Consensus Classification of Myeloid Neoplasms and Acute Leukemias: Integrating morphologic, clinical,
and genomic data. Blood 2022, 140, 1200–1228. [CrossRef]

4. Papaemmanuil, E.; Gerstung, M.; Bullinger, L.; Gaidzik, V.I.; Paschka, P.; Roberts, N.D.; Potter, N.E.; Heuser, M.; Thol, F.; Bolli, N.;
et al. Genomic Classification and Prognosis in Acute Myeloid Leukemia. N. Engl. J. Med. 2016, 374, 2209–2221. [CrossRef]

5. Metzeler, K.H.; Herold, T.; Rothenberg-Thurley, M.; Amler, S.; Sauerland, M.C.; Görlich, D.; Schneider, S.; Konstandin, N.P.;
Dufour, A.; Bräundl, K.; et al. Spectrum and prognostic relevance of driver gene mutations in acute myeloid leukemia. Blood 2016,
128, 686–698. [CrossRef]

6. Sharma, N.; Liesveld, J.L. NPM 1 Mutations in AML—The Landscape in 2023. Cancers 2023, 15, 1177. [CrossRef] [PubMed]
7. Rataj, J.; Gorecki, L.; Muthna, D.; Sorf, A.; Krystof, V.; Klener, P.; Ceckova, M.; Rezacova, M.; Korabecny, J. Targeting FMS-like

tyrosine kinase 3 (FLT3) in acute myeloid leukemia: Novel molecular approaches and therapeutic challenges. Biomed. Pharmacother.
2025, 182, 117788. [CrossRef] [PubMed]

8. Shahzad, M.; Amin, M.K.; Daver, N.G.; Shah, M.V.; Hiwase, D.; Arber, D.A.; Kharfan-Dabaja, M.A.; Badar, T. What have we
learned about TP53-mutated acute myeloid leukemia? Blood Cancer J. 2024, 14, 202. [CrossRef] [PubMed]

9. Shallis, R.M.; Wang, R.; Davidoff, A.; Ma, X.; Zeidan, A.M. Epidemiology of acute myeloid leukemia: Recent progress and
enduring challenges. Blood Rev. 2019, 36, 70–87. [CrossRef] [PubMed]

10. Vakiti, A.; Reynolds, S.B.; Mewawalla, P. Acute Myeloid Leukemia. In StatPearls [Internet]; StatPearls Publishing: Treasure Island,
FL, USA, 2025. Available online: http://www.ncbi.nlm.nih.gov/books/NBK507875/ (accessed on 10 October 2025).

https://doi.org/10.3390/jcm15031187

https://doi.org/10.1002/gcc.22756
https://www.ncbi.nlm.nih.gov/pubmed/30939217
https://doi.org/10.1016/j.bbmt.2007.10.012
https://doi.org/10.1182/blood.2022015850
https://doi.org/10.1056/NEJMoa1516192
https://doi.org/10.1182/blood-2016-01-693879
https://doi.org/10.3390/cancers15041177
https://www.ncbi.nlm.nih.gov/pubmed/36831522
https://doi.org/10.1016/j.biopha.2024.117788
https://www.ncbi.nlm.nih.gov/pubmed/39733588
https://doi.org/10.1038/s41408-024-01186-5
https://www.ncbi.nlm.nih.gov/pubmed/39562552
https://doi.org/10.1016/j.blre.2019.04.005
https://www.ncbi.nlm.nih.gov/pubmed/31101526
http://www.ncbi.nlm.nih.gov/books/NBK507875/
https://doi.org/10.3390/jcm15031187


J. Clin. Med. 2026, 15, 1187 18 of 23

11. Assaad, M.; Kumar, V.; Carmack, A.; Karki, A.; Golden, D. Acute Myeloid Leukemia With Central Nervous System Involvement
Following Routine Surgical Procedures: A Bridge Between Surgical, Medical, and Neurological Critical Care. Cureus 2022, 14,
e21245. [CrossRef] [PubMed]

12. Paul, S.; Short, N.J. Central Nervous System Involvement in Adults with Acute Leukemia: Diagnosis, Prevention, and Manage-
ment. Curr. Oncol. Rep. 2022, 24, 427–436. [CrossRef]

13. Alakel, N.; Stölzel, F.; Mohr, B.; Kramer, M.; Oelschlägel, U.; Röllig, C.; Bornhäuser, M.; Ehninger, G.; Schaich, M. Symptomatic
central nervous system involvement in adult patients with acute myeloid leukemia. Cancer Manag. Res. 2017, 9, 97–102. [CrossRef]
[PubMed]

14. Bromberg, J.E.C.; Breems, D.A.; Kraan, J.; Bikker, G.; van der Holt, B.; Smitt, P.S.; van den Bent, M.J.; van’t Veer, M.; Gratama,
J.W. CSF flow cytometry greatly improves diagnostic accuracy in CNS hematologic malignancies. Neurology 2007, 68, 1674–1679.
[CrossRef] [PubMed]

15. Chen, L.; Zeng, P.; Tang, H.; Chen, G.; Xie, J.; Yang, X.; Lei, X. Routes and molecular mechanisms of central nervous system
involvement in acute myeloid leukemia (Review). Oncol. Rep. 2024, 52, 146. [CrossRef] [PubMed]

16. Bar, M.; Tong, W.; Othus, M.; Loeb, K.R.; Estey, E.H. Central nervous system involvement in acute myeloid leukemia patients
undergoing hematopoietic cell transplantation. Biol. Blood Marrow Transplant. 2015, 21, 546–551. [CrossRef]

17. Crespo-Solis, E.; López-Karpovitch, X.; Higuera, J.; Vega-Ramos, B. Diagnosis of acute leukemia in cerebrospinal fluid (CSF-acute
leukemia). Curr. Oncol. Rep. 2012, 14, 369–378. [CrossRef]

18. Gu, J.; Huang, X.; Zhang, Y.; Bao, C.; Zhou, Z.; Tong, H.; Jin, J. Cerebrospinal fluid interleukin-6 is a potential diagnostic biomarker
for central nervous system involvement in adult acute myeloid leukemia. Front. Oncol. 2022, 12, 1013781. [CrossRef]

19. Pui, C.-H.; Howard, S.C. Current management and challenges of malignant disease in the CNS in paediatric leukaemia. Lancet
Oncol. 2008, 9, 257–268. [CrossRef] [PubMed]

20. Shen, H.; Zhao, Y.; Shi, Y.; Sun, J.; Zhou, D.; Li, L.; Ye, X.; Xie, W. The diagnostic and prognostic value of MRI in central nervous
system involvement of acute myeloid leukemia: A retrospective cohort of 84 patients. Hematology 2020, 25, 258–263. [CrossRef]

21. Radakovich, N.; Cortese, M.; Nazha, A. Acute myeloid leukemia and artificial intelligence, algorithms and new scores. Best Pract.
Res. Clin. Haematol. 2020, 33, 101192. [CrossRef] [PubMed]

22. Zeeshan Aslam, M.; Raza, B.; Faheem, M.; Raza, A. AML-Net: Attention-based multi-scale lightweight model for brain tumour
segmentation in internet of medical things. CAAI Trans. Intell. Technol. 2024, 9, 1–17. [CrossRef]

23. Ambrosini, R.D.; Wang, P.; O’Dell, W.G. Computer-aided detection of metastatic brain tumors using automated three-dimensional
template matching. J. Magn. Reson. Imaging 2010, 31, 85–93. [CrossRef]

24. Cho, J.; Kim, Y.J.; Sunwoo, L.; Lee, G.P.; Nguyen, T.Q.; Cho, S.J.; Baik, S.H.; Bae, Y.J.; Choi, B.S.; Jung, C.; et al. Deep Learning-Based
Computer-Aided Detection System for Automated Treatment Response Assessment of Brain Metastases on 3D MRI. Front. Oncol.
2021, 11, 739639. [CrossRef] [PubMed]

25. Madhugiri, V.S.; Prasad, D. Early experience with an artificial intelligence-based module for brain metastasis detection and
segmentation. J. Neurooncol. 2025, 171, 365–372. [CrossRef] [PubMed]

26. Wu, K.-C.; Chew, F.Y.; Cheng, K.-L.; Shen, W.-C.; Yeh, P.-C.; Kao, C.-H.; Guo, W.-Y.; Chang, S.-S. Adaptive RAG-Assisted MRI
Platform (ARAMP) for Brain Metastasis Detection and Reporting: A Retrospective Evaluation Using Post-Contrast T1-Weighted
Imaging. Bioengineering 2025, 12, 698. [CrossRef] [PubMed]

27. Li, N.; Liu, X.; Xia, X.; Liu, X.; Wang, G.; Duan, C. An MRI-based deep transfer learning radiomics nomogram for predicting
meningioma grade. Sci. Rep. 2025, 15, 16614. [CrossRef] [PubMed]

28. Fasihi Shirehjini, O.; Babapour Mofrad, F.; Shahmohammadi, M.; Karami, F. Differentiation of Low and High-Grade Meningiomas
Using Transfer Learning on MR Images. Healthc Technol. Lett. 2025, 12, e70022. [CrossRef]

29. Talukder, M.A.; Islam, M.M.; Uddin, M.A.; Akhter, A.; Pramanik, M.A.J.; Aryal, S.; Almoyad, M.A.A.; Hasan, K.F.; Moni, M.A. An
efficient deep learning model to categorize brain tumor using reconstruction and fine-tuning. Expert Syst. Appl. 2023, 230, 120534.
[CrossRef]

30. Haque, R.; Al Sakib, A.; Hossain, M.F.; Islam, F.; Ibne Aziz, F.; Ahmed, M.R.; Kannan, S.; Rohan, A.; Hasan, M.J. Advancing Early
Leukemia Diagnostics: A Comprehensive Study Incorporating Image Processing and Transfer Learning. BioMedInformatics 2024,
4, 966–991. [CrossRef]

31. Pimenta, D.B.; Varela, V.A.; Datoguia, T.S.; Caraciolo, V.B.; Lopes, G.H.; Pereira, W.O. The Bone Marrow Microenvironment
Mechanisms in Acute Myeloid Leukemia. Front. Cell Dev. Biol. 2021, 9, 764698. [CrossRef] [PubMed]

32. Nong, T.; Mehra, S.; Taylor, J. Common Driver Mutations in AML: Biological Impact, Clinical Considerations, and Treatment
Strategies. Cells 2024, 13, 1392. [CrossRef]

33. Percival, M.-E.; Lai, C.; Estey, E.; Hourigan, C.S. Bone marrow evaluation for diagnosis and monitoring of acute myeloid leukemia.
Blood Rev. 2017, 31, 185–192. [CrossRef] [PubMed]

34. Itkin, T.; Gur-Cohen, S.; Spencer, J.A.; Schajnovitz, A.; Ramasamy, S.K.; Kusumbe, A.P.; Ledergor, G.; Jung, Y.; Milo, I.; Poulos,
M.G.; et al. Distinct bone marrow blood vessels differentially regulate hematopoiesis. Nature 2016, 532, 323–328. [CrossRef]

https://doi.org/10.3390/jcm15031187

https://doi.org/10.7759/cureus.21245
https://www.ncbi.nlm.nih.gov/pubmed/35174039
https://doi.org/10.1007/s11912-022-01220-4
https://doi.org/10.2147/CMAR.S125259
https://www.ncbi.nlm.nih.gov/pubmed/28435324
https://doi.org/10.1212/01.wnl.0000261909.28915.83
https://www.ncbi.nlm.nih.gov/pubmed/17502548
https://doi.org/10.3892/or.2024.8805
https://www.ncbi.nlm.nih.gov/pubmed/39219268
https://doi.org/10.1016/j.bbmt.2014.11.683
https://doi.org/10.1007/s11912-012-0248-6
https://doi.org/10.3389/fonc.2022.1013781
https://doi.org/10.1016/S1470-2045(08)70070-6
https://www.ncbi.nlm.nih.gov/pubmed/18308251
https://doi.org/10.1080/16078454.2020.1781500
https://doi.org/10.1016/j.beha.2020.101192
https://www.ncbi.nlm.nih.gov/pubmed/33038981
https://doi.org/10.1049/cit2.12278
https://doi.org/10.1002/jmri.22009
https://doi.org/10.3389/fonc.2021.739639
https://www.ncbi.nlm.nih.gov/pubmed/34778056
https://doi.org/10.1007/s11060-024-04851-8
https://www.ncbi.nlm.nih.gov/pubmed/39422813
https://doi.org/10.3390/bioengineering12070698
https://www.ncbi.nlm.nih.gov/pubmed/40722390
https://doi.org/10.1038/s41598-025-01665-0
https://www.ncbi.nlm.nih.gov/pubmed/40360672
https://doi.org/10.1049/htl2.70022
https://doi.org/10.1016/j.eswa.2023.120534
https://doi.org/10.3390/biomedinformatics4020054
https://doi.org/10.3389/fcell.2021.764698
https://www.ncbi.nlm.nih.gov/pubmed/34869355
https://doi.org/10.3390/cells13161392
https://doi.org/10.1016/j.blre.2017.01.003
https://www.ncbi.nlm.nih.gov/pubmed/28190619
https://doi.org/10.1038/nature17624
https://doi.org/10.3390/jcm15031187


J. Clin. Med. 2026, 15, 1187 19 of 23

35. Bolandi, S.M.; Pakjoo, M.; Beigi, P.; Kiani, M.; Allahgholipour, A.; Goudarzi, N.; Khorashad, J.S.; Eiring, A.M. A Role for the Bone
Marrow Microenvironment in Drug Resistance of Acute Myeloid Leukemia. Cells 2021, 10, 2833. [CrossRef] [PubMed]

36. Deak, D.; Gorcea-Andronic, N.; Sas, V.; Teodorescu, P.; Constantinescu, C.; Iluta, S.; Pasca, S.; Hotea, I.; Turcas, C.; Moisoiu, V.;
et al. A narrative review of central nervous system involvement in acute leukemias. Ann. Transl. Med. 2021, 9, 68. [CrossRef]
[PubMed]

37. Becker, P.S.; Kopecky, K.J.; Wilks, A.N.; Chien, S.; Harlan, J.M.; Willman, C.L.; Petersdorf, S.H.; Stirewalt, D.L.; Papayannopoulou,
T.; Appelbaum, F.R. Very late antigen-4 function of myeloblasts correlates with improved overall survival for patients with acute
myeloid leukemia. Blood 2009, 113, 866–874. [CrossRef] [PubMed]

38. Bewersdorf, J.P.; Zeidan, A.M. Hyperleukocytosis and Leukostasis in Acute Myeloid Leukemia: Can a Better Understanding of
the Underlying Molecular Pathophysiology Lead to Novel Treatments? Cells 2020, 9, 2310. [CrossRef]

39. Ivetic, A.; Hoskins Green, H.L.; Hart, S.J. L-selectin: A Major Regulator of Leukocyte Adhesion, Migration and Signaling. Front.
Immunol. 2019, 10, 1068. [CrossRef] [PubMed]

40. Reuss-Borst, M.A.; Ning, Y.; Klein, G.; Müller, C.A. The vascular cell adhesion molecule (VCAM-1) is expressed on a subset of
lymphoid and myeloid leukaemias. Br. J. Haematol. 1995, 89, 299–305. [CrossRef] [PubMed]

41. Alegretti, A.P.; Bittar, C.M.; Bittencourt, R.; Piccoli, A.K.; Schneider, L.; Silla, L.M.; Bó, S.D.; Xavier, R.M. The expression of CD56
antigen is associated with poor prognosis in patients with acute myeloid leukemia. Rev. Bras. Hematol. Hemoter. 2011, 33, 202–206.
[CrossRef]

42. Saultz, J.N.; Rai, M.; Burns, F.; Chandra, D.J.; Joshi, S.K.; Lachowiez, C.A.; Kaempf, A.; Nemecek, A.N.; Kosaka, Y.; Lind, E.F.; et al.
Prognostic Significance of NCAM1 (CD56) Expression in AML Patients Treated with HMA + Venetoclax. Blood 2023, 142, 5762.
[CrossRef]

43. Petrides, P.E.; Dittmann, K.H. How do normal and leukemic white blood cells egress from the bone marrow? Morphological facts
and biochemical riddles. Blut 1990, 61, 3–13. [CrossRef]

44. Arvanitis, C.D.; Ferraro, G.B.; Jain, R.K. The blood–brain barrier and blood–tumour barrier in brain tumours and metastases. Nat.
Rev. Cancer 2020, 20, 26–41. [CrossRef]

45. Si, M.; Jiao, X.; Li, Y.; Chen, H.; He, P.; Jiang, F. The role of cytokines and chemokines in the microenvironment of the blood–brain
barrier in leukemia central nervous system metastasis. Cancer Manag. Res. 2018, 10, 305–313. [CrossRef] [PubMed]

46. Ineichen, B.V.; Okar, S.V.; Proulx, S.T.; Engelhardt, B.; Lassmann, H.; Reich, D.S. Perivascular Spaces and Their Role in Neuroin-
flammation. Neuron 2022, 110, 3566–3581. [CrossRef] [PubMed]

47. Iliff, J.J.; Wang, M.; Liao, Y.; Plogg, B.A.; Peng, W.; Gundersen, G.A.; Benveniste, H.; Vates, G.E.; Deane, R.; Goldman, S.A.; et al.
A paravascular pathway facilitates CSF flow through the brain parenchyma and the clearance of interstitial solutes, including
amyloid β. Sci. Transl. Med. 2012, 4, 147ra111. [CrossRef] [PubMed]

48. Louveau, A.; Harris, T.H.; Kipnis, J. Revisiting the concept of CNS immune privilege. Trends Immunol. 2015, 36, 569–577.
[CrossRef] [PubMed]

49. Chen, S.; Wang, H.; Zhang, L.; Xi, Y.; Lu, Y.; Yu, K.; Zhu, Y.; Regina, I.; Bi, Y.; Tong, F. Glymphatic system: A self-purification
circulation in brain. Front. Cell. Neurosci. 2025, 19, 1528995. [CrossRef]

50. Nguyen, A.; Nguyen, A.; Dada, O.T.; Desai, P.D.; Ricci, J.C.; Godbole, N.B.; Pierre, K.; Lucke-Wold, B. Leptomeningeal Metastasis:
A Review of the Pathophysiology, Diagnostic Methodology, and Therapeutic Landscape. Curr. Oncol. 2023, 30, 5906–5931.
[CrossRef] [PubMed]

51. Akhaddar, A.; Zyani, M.; Mikdame, M.; Boucetta, M. Acute myeloid leukemia with brain involvement (chloroma). Intern. Med.
2011, 50, 535–536. [CrossRef] [PubMed]

52. Fujikawa, T.; Kishimoto, K.; Inoue, S.; Nishimura, A.; Tojo, R.; Uemura, S.; Nakamura, S.; Saito, A.; Kozaki, A.; Ishida, T.; et al.
Epidural Spinal Cord Compression as the Presenting Manifestation of Acute Myeloid Leukemia: A Case Report and Literature
Review. Intern. Med. 2023, 62, 453–457. [CrossRef]

53. Todor, S.B.; Ichim, C. Microbiome Modulation in Pediatric Leukemia: Impact on Graft-Versus-Host Disease and Treatment
Outcomes: A Narrative Review. Children 2025, 12, 166. [CrossRef]

54. Lenk, L.; Alsadeq, A.; Schewe, D.M. Involvement of the central nervous system in acute lymphoblastic leukemia: Opinions on
molecular mechanisms and clinical implications based on recent data. Cancer Metastasis Rev. 2020, 39, 173–187. [CrossRef]

55. Bento, L.C.; Correia, R.P.; Alexandre, A.M.; Nosawa, S.T.; Pedro, E.D.C.; Vaz, A.D.C.; Schimidell, D.; Fernandes, G.B.P.; Duarte,
C.A.S.; Barroso, R.D.S.; et al. Detection of Central Nervous System Infiltration by Myeloid and Lymphoid Hematologic Neoplasms
Using Flow Cytometry Analysis: Diagnostic Accuracy Study. Front. Med. 2018, 5, 70. [CrossRef] [PubMed]

56. Paterno, G.; Mallegni, F.; Buzzatti, E.; Irno Consalvo, M.; Meddi, E.; Moretti, F.; De Marchi, L.; Taka, K.; Page, C.; Marinoni, M.;
et al. Clinical Implications of Central Nervous System Involvement in Acute Myeloid Leukemia. Blood 2024, 144, 4252. [CrossRef]

57. Seki, J.T.; Daher-Reyes, G.S.; Atenafu, E.G.; Sibai, J.; Bankar, A.; Young, T.; Chan, S.; Yee, K.; Gupta, V.; Minden, M.D.; et al.
Identifying Risk Factors and Outcome for CNS Involvement in AML. Clin. Lymphoma Myeloma Leuk. 2025, 25, e834–e843.
[CrossRef] [PubMed]

https://doi.org/10.3390/jcm15031187

https://doi.org/10.3390/cells10112833
https://www.ncbi.nlm.nih.gov/pubmed/34831055
https://doi.org/10.21037/atm-20-3140
https://www.ncbi.nlm.nih.gov/pubmed/33553361
https://doi.org/10.1182/blood-2007-12-124818
https://www.ncbi.nlm.nih.gov/pubmed/18927435
https://doi.org/10.3390/cells9102310
https://doi.org/10.3389/fimmu.2019.01068
https://www.ncbi.nlm.nih.gov/pubmed/31139190
https://doi.org/10.1111/j.1365-2141.1995.tb03304.x
https://www.ncbi.nlm.nih.gov/pubmed/7532984
https://doi.org/10.5581/1516-8484.20110054
https://doi.org/10.1182/blood-2023-188311
https://doi.org/10.1007/BF01739426
https://doi.org/10.1038/s41568-019-0205-x
https://doi.org/10.2147/CMAR.S152419
https://www.ncbi.nlm.nih.gov/pubmed/29483784
https://doi.org/10.1016/j.neuron.2022.10.024
https://www.ncbi.nlm.nih.gov/pubmed/36327898
https://doi.org/10.1126/scitranslmed.3003748
https://www.ncbi.nlm.nih.gov/pubmed/22896675
https://doi.org/10.1016/j.it.2015.08.006
https://www.ncbi.nlm.nih.gov/pubmed/26431936
https://doi.org/10.3389/fncel.2025.1528995
https://doi.org/10.3390/curroncol30060442
https://www.ncbi.nlm.nih.gov/pubmed/37366925
https://doi.org/10.2169/internalmedicine.50.4807
https://www.ncbi.nlm.nih.gov/pubmed/21372479
https://doi.org/10.2169/internalmedicine.9580-22
https://doi.org/10.3390/children12020166
https://doi.org/10.1007/s10555-020-09848-z
https://doi.org/10.3389/fmed.2018.00070
https://www.ncbi.nlm.nih.gov/pubmed/29876349
https://doi.org/10.1182/blood-2024-209847
https://doi.org/10.1016/j.clml.2025.06.010
https://www.ncbi.nlm.nih.gov/pubmed/40744760
https://doi.org/10.3390/jcm15031187


J. Clin. Med. 2026, 15, 1187 20 of 23

58. Zarka, J.; Short, N.J.; Kanagal-Shamanna, R.; Issa, G.C. Nucleophosmin 1 Mutations in Acute Myeloid Leukemia. Genes 2020, 11,
649. [CrossRef]

59. Kiyoi, H.; Kawashima, N.; Ishikawa, Y. FLT3 mutations in acute myeloid leukemia: Therapeutic paradigm beyond inhibitor
development. Cancer Sci. 2020, 111, 312–322. [CrossRef]

60. Ganzel, C.; Lee, J.-W.; Fernandez, H.F.; Paietta, E.M.; Luger, S.M.; Lazarus, H.M.; Cripe, L.D.; Douer, D.; Wiernik, P.H.; Rowe, J.M.;
et al. CNS involvement in AML at diagnosis is rare and does not affect response or survival: Data from 11 ECOG-ACRIN trials.
Blood Adv. 2021, 5, 4560–4568. [CrossRef] [PubMed]

61. Chauhan, P.S.; Ihsan, R.; Singh, L.C.; Gupta, D.K.; Mittal, V.; Kapur, S. Mutation of NPM1 and FLT3 Genes in Acute Myeloid
Leukemia and Their Association with Clinical and Immunophenotypic Features. Dis. Markers 2013, 35, 581–588. [CrossRef]

62. Zhao, L.; Yang, J.; Chen, M.; Xiang, X.; Ma, H.; Niu, T.; Gong, Y.; Chen, X.; Liu, J.; Wu, Y. Myelomonocytic and monocytic acute
myeloid leukemia demonstrate comparable poor outcomes with venetoclax-based treatment: A monocentric real-world study.
Ann. Hematol. 2024, 103, 1197–1209. [CrossRef]

63. Alamin, A.A.; Bashir, A.F.; Chaudhary, H.T.; Alamin, A.A.; Bashir, A.F.; Chaudhary, H.T. Serum Lactate Dehydrogenase: A
Diagnostic Test for Acute Leukemia Subtypes. Cyprus J. Med. Sci. 2025, 10, 258–263. [CrossRef]

64. Shihadeh, F.; Reed, V.; Faderl, S.; Medeiros, L.J.; Mazloom, A.; Hadziahmetovic, M.; Kantarjian, H.; Allen, P.; Ballas, L.; Pierce, S.;
et al. Cytogenetic profile of patients with acute myeloid leukemia and central nervous system disease. Cancer 2012, 118, 112–117.
[CrossRef]

65. Nishimura, S.; Kyuma, Y.; Kamijo, A.; Maruta, A. Isolated recurrence of granulocytic sarcoma manifesting as extra- and
intracranial masses—Case report. Neurol. Med. Chir. 2004, 44, 311–316. [CrossRef]

66. Siegal, T.; Benouaich-Amiel, A.; Bairey, O. Neurologic complications of acute myeloid leukemia. Diagnostic approach and
therapeutic modalities. Blood Rev. 2022, 53, 100910. [CrossRef]

67. Zheng, C.; Liu, X.; Zhu, W.; Cai, X.; Wu, J.; Sun, Z. Tailored central nervous system-directed treatment strategy for isolated CNS
recurrence of adult acute myeloid leukemia. Hematology 2014, 19, 208–212. [CrossRef] [PubMed]
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