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Abstract

The evaluation of bone marrow pathology is essential for diagnosing and classifying myeloproliferative neoplasms (MPN). 
However, morphological assessments of bone marrow trephine (BMT) sections by hematopathologists are inherently sub-
jective; thus, an accurate and objective diagnostic system is needed. Based on U2-Net, UNeXt, and ResNet, we developed 
an automated quantitative analysis platform for BMT sections from MPN patients and non-neoplastic cases (N=342 total) 
to enhance the accuracy of diagnosis and classification of MPN. Bone marrow metrics, including marrow cellularity, the 
myeloid-to-erythroid ratio, megakaryocyte morphology and distribution, and the grading of marrow fibrosis, were quantita-
tively analyzed (with an accuracy of approximately 0.9) based on the accuracy segmentation and identification of various 
cells and tissues (with an intersection over union of roughly 0.8). A bone marrow classification model incorporating bone 
marrow metrics, a clinical classification model utilizing clinical features, and a comprehensive classification model that 
includes both bone marrow metrics and clinical features were developed using random forest classifiers to differentiate 
MPN subtypes and non-neoplastic conditions. The bone marrow and comprehensive classification models reached a mac-
ro-average area under the curve (AUC) of 0.96 for differentiating MPN subtypes and non-neoplastic cases. The clinical clas-
sification model attained a macro-average AUC of 0.92. This platform is highly accurate for quantitatively analyzing bone 
marrow pathology and classifying MPN subtypes and non-neoplastic cases. It can be a potentially auxiliary diagnostic tool 
for hematopathologists when dealing with patients with suspected MPN.

Introduction

Myeloproliferative neoplasms (MPN) are a group of clonal 
hematopoietic stem cell disorders characterized by the 
excessive proliferation of one or more myeloid cell lin-
eages.1 Philadelphia chromosome-negative MPN consist of 
polycythemia vera (PV), essential thrombocythemia (ET), 
and primary myelofibrosis (PMF). PMF can be classified 
as either prefibrotic/early PMF (pre-PMF) or overt PMF.2 
Clear-cut differentiation among MPN is crucial for effec-
tive management since these entities differ significantly 
in terms of complications, risk of progression, and overall 
survival.3-6

The integration of clinical, laboratory, and histopathological 

characteristics is required to diagnose and categorize MPN 
accurately. MPN patients share clinical characteristics and 
laboratory features such as genetic mutations (generally 
JAK2, CALR, and MPL), especially ET and pre-PMF patients. 
However, they exhibit different morphological features in 
bone marrow trephines (BMT); therefore, careful histological 
examination of the bone marrow is critical for identifying 
and classifying MPN subtypes.7,8 The pivotal aspects for 
accurate pathological differentiation of MPN are bone mar-
row cellularity, the increase of granulocytes and nucleated 
erythroid cells, the cytological and topographic features of 
megakaryocytes, and the severity of marrow fibrosis (MF). 
Currently, the pathological interpretation of BMT from sus-
pected MPN patients assessed by hematopathologists is 
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highly demanding and subjective, and the reproducibility 
is controversial.9

Recent advancements in digital pathology have made com-
puter image analysis a powerful supplement to traditional 
histopathology.10,11 Using deep machine learning and image 
analysis to examine whole-slide images, these methods 
can help to diagnose diseases, predict progression, and 
assess prognosis by identifying and quantifying specific cell 
populations systematically.12,13 In medicine, deep machine 
learning is currently mainly being applied in diagnosing 
cancers based on laboratory features, histopathological 
analyses, other biological factors, etc., and its accuracy and 
effectiveness have been verified.14-17 In this study, we devel-
oped a set of advanced algorithms involving U2-Net, UNeXt, 
and ResNet to aim to assist hematopathologists in the de-
tailed quantitative analysis of BMT samples for classifying 
Philadelphia chromosome-negative MPN. Additionally, we 
constructed random forest classifiers that integrate bone 
marrow metrics and clinical data to distinguish between 
non-neoplastic conditions and MPN subtypes with greater 
accuracy, objectivity, and efficiency.

Methods

This study was approved by the Human Research Ethics 
Committee of the Institute of Hematology and Blood Dis-
eases Hospital, CAMS-PUMC (QTJC2023037-EC-1).
The overall study workflow comprised four major steps 
(Figure 1).

Data preparation
Overall, 309 MPN patients (78 ET, 37 pre-PMF, 27 PV, and 167 
PMF) and 33 non-neoplastic cases (25 with iron-deficiency 
anemia and 8 healthy donors) from the Blood Disease Hos-
pital, Chinese Academy of Medical Sciences were enrolled 
retrospectively. Diagnoses were made following the 2016 
World Health Organization (WHO) criteria through a uniform 
review process.18 Eligible hematoxylin & eosin (H&E)- and 
Gomori-stained BMT obtained at diagnosis were collected 
(Online Supplementary Figure S1). All samples were scanned 
with Aperio GT 450 Dx at 40x magnification and saved in 
the SVS format. Peripheral blood counts, spleen sizes, 
lactate dehydrogenase levels, and gene mutation status 
were collected (Online Supplementary Table S1). In addi-
tion, eligible BMT samples from 96 MPN patients (19 ET, 20 
pre-PMF, 38 PV, and 19 PMF) and ten healthy donors from 
Tianjin Union Bio-Precision Medical Diagnostics Technology 
Co., Ltd. served as an external test set.

Automated detection and segmentation of cells and 
tissues in bone marrow trephine samples
Three hematopathologists meticulously annotated 89,449 
granulocytes/erythroid cells, 3,217 megakaryocytes, and a 
series of tissues by delineating contours using a custom 

annotation platform, Digital Pathology Analysis System 
(version 2.0.30). All annotations underwent cross-review by 
three hematopathologists (Online Supplementary Table S2). 
Target segmentations in H&E-stained and Gomori-stained 
sections were performed using U2-Net and UNeXt, re-
spectively, while ResNet-18 differentiated granulocytes 
and erythroid cells.19-21 The algorithms underwent iterative 
learning cycles by hematopathologists who reviewed the 
computer-assisted annotations to rectify misidentifications 
(Figure 1, Online Supplementary Methods: Detection and 
delineation of cells and tissues). 

Quantitative analysis of various bone marrow metrics
Bone marrow cellularity is determined by the average ratio 
of the area occupied by hematopoietic cells to the com-
bined area of hematopoietic and fat cells (Figure 2A). The 
myeloid-to-erythroid (M:E) ratio is the ratio of granulocytes 
to erythropoietic cell numbers.
Megakaryocyte morphology includes size, nuclear-cyto-
plasmic ratio, and the presence of naked nuclei. Those 
characteristics were quantitatively defined based on mega-
karyocytes from healthy donors (Online Supplementary 
Figures S8-S10). Megakaryocyte distribution was assessed 
by centroid distance (Online Supplementary Figure S11) and 
categorized as non-clustered or clustered, with loose or 
dense clusters. Clustering was identified using the den-
sity-based spatial clustering of applications with noise 
(DBSCAN) algorithm based on manual annotations.22

For fibrosis grading, slides were segmented into small 
patches (Online Supplementary Figure S12), and fibrosis 
grades (MF 0 to 3) were predicted based on those patch-
es labeled by hematopathologists (Online Supplementary 
Figure S13). Then, the number of patches corresponding to 
each grading (MF 0 to 3) of the entire slide was counted. 
According to the 2022 WHO diagnostic criteria, the final 
slide grade was determined by the highest grade present 
in at least 30% of the marrow area (Online Supplementary 
Figure S14).

Classification models
The bone marrow, clinical, and comprehensive classification 
models were constructed using random forest classifiers 
based on histopathological features, clinical features, and 
their combined integration, respectively (see Online Sup-
plementary Methods: Classification).

Results

Quantitative analysis of various metrics related to bone 
marrow histopathology
Bone marrow cellularity
Bone marrow cellularity offers insight into the patient’s 
current hematopoietic status. The bone marrow cellu-
larity was calculated based on accurate segmentation of 
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hematopoietic, trabecula, and fat areas in the images 
(the intersection over union (IoU) ranged from 0.73 to 
0.87) (Figure 2A, Online Supplementary Figure S5A-C, 
Online Supplementary Table S10). Our model predicted 
a concordance rate of 83.3% (with a margin of error of 
±15% considered concordant) for bone marrow cellularity 
compared to assessments by hematopathologists. The 
bone marrow cellularity of patients was compared with 
age-adjusted bone marrow cellularity reported in the lit-
erature23 to determine the actual degree of increase. The 
marrow cellularity in ET patients was comparable to that 
in healthy donors (68% vs. 64%, P>0.05). Patients with 
pre-PMF, PV, and PMF exhibited more evident hypercel-
lularity than healthy donors (77%, 88% and 94% vs. 64%, 
respectively, all P<0.05) (Figure 3A).

Myeloid-to-erythroid ratio
The M:E ratio is the ratio between the quantity of granu-
locytes and erythroid cells and reflects the relative pro-
liferation of granulocytes and erythroid lineage cells. Our 
model achieved high recognition accuracy between the 
two cell types, with an area under the curve (AUC) of 0.96 
after 5-fold cross-validation (Figures 2B and 7, Online Sup-
plementary Figure S5D, Online Supplementary Table S11). 
Meanwhile, the evaluation of the inter-observer baseline 
illustrated the model’s reliability and confirmed that it 
was not overfitting to any specific pathologist (Online Sup-
plementary Table S13). Except for PV patients, who have 
a relatively low M:E ratio (mean, 1.71), the mean M:E ratio 
for patients with ET, pre-PMF, and PMF, as well as healthy 
donors, ranged between 2:1 and 4:1 (Figure 3B).

Figure 2. Identification of various cells and tissues in hematoxylin & eosin-stained biopsy specimens. (A) Recognition of struc-
tures related to hematopoietic tissue at 5X magnification. The purple contours represent the hematopoietic regions segmented 
by the model, with the blue contours indicating fat cells within the hematopoietic area. The black areas are blank areas within 
the hematopoietic region obtained through thresholding, morphological transformations, and filtering for smoothing. The actual 
hematopoietic tissue was derived by subtracting these blank areas from the hematopoietic region. (B) The identification of gran-
ulocytes and nucleated erythroid cells at 40X magnification, with nucleated erythroid cells marked in red and granulocytes in 
green. (C) The recognition of megakaryocytes at 40X magnification: large megakaryocytes are outlined in green, medium mega-
karyocytes in blue, and small megakaryocytes in yellow. (D) The identification of megakaryocyte clustering at 5X magnification. 
Dense clusters are highlighted in red boxes, and loose clusters in green. (E) The identification of megakaryocyte clustering at 10X 
magnification. Large clusters are highlighted in yellow, and small clusters in purple. (F) Images of patches corresponding to each 
grading of marrow fibrosis (0 to 3) at 10X magnification. MF: marrow fibrosis.

A B

C D

E

F
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Figure 3. Quantitative analysis of various bone marrow metrics in hematoxylin & eosin-stained biopsies. (A) Comparison of bone 
marrow cellularity among patients with different diseases. (B) Comparison of the myeloid-to-erythroid ratios among patients with 
different diseases. (C-E) The differences in megakaryocyte morphology between different diseases were analyzed. (C) Comparison 

Continued on following page.
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of the proportion of large megakaryocytes between patients with different diseases. (D) Comparison of the proportion of mega-
karyocytes with a high nucleocytoplasmic ratio (>2) between patients with different diseases. (E) Comparison of the proportion 
of naked megakaryocytes between patients with different diseases. (F-H) The differences in megakaryocyte distribution between 
different diseases were analyzed. (F) Comparison of the proportion of clustered megakaryocytes to all megakaryocytes between 
patients with different diseases. (G) Comparison of the proportion of megakaryocytes clustered into large clusters between pa-
tients with different diseases. (H) Comparison of the proportion of megakaryocytes clustered into dense clusters between patients 
with different diseases. ET: essential thrombocythemia; PMF: primary myelofibrosis; PV: polycythemia vera; M:E: myeloid-to-eryth-
roid ratio. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001; NS: not significant.

Megakaryocyte morphology and distribution
Megakaryocytes play a crucial role in the examination of 
bone marrow due to their distinctive features between 
non-neoplastic conditions and MPN subtypes. Our model 
achieved high recognition accuracy for megakaryocytes after 
three training iterations (IoU=0.82) (Online Supplementary 
Table S10, Online Supplementary Figure S5E), which laid 
the foundation for subsequent analysis.
Based on the size range of megakaryocytes in H&E-stained 
sections from healthy donors (N=8) (Q2.5-Q97.5 as the 
normal range), we categorized megakaryocytes into small 
(<145.12 μm2), medium (145.12-626.80 μm2), and large 
(>626.80 μm2) (Figure 2C, Online Supplementary Figure 
S8). Compared to healthy donors, MPN patients exhibited 
a significantly greater proportion of large megakaryocytes 
(Figure 3C). Compared to patients with PV, pre-PMF, and 
PMF, those with ET exhibited more large megakaryocytes 
(0.11 vs. 0.06, P<0.05; 0.11 vs. 0.07, P<0.05; 0.11 vs. 0.08, 
P<0.05, respectively).
Similarly, megakaryocytes with a nuclear-cytoplasmic ratio 
greater than the 97.5th percentile of the normal reference 
range (>2) were defined as megakaryocytes with a high 
nuclear-cytoplasmic ratio (Online Supplementary Figure 
S10). Furthermore, megakaryocytes with a nuclear ratio 
greater than 0.9 were determined to be megakaryocytes 
with naked nuclei. The proportion of megakaryocytes with 
a high nuclear-cytoplasmic ratio was comparable between 
ET patients and healthy donors (0.016 vs. 0.023, P>0.05); 
however, compared with that in ET patients, the proportion 
of megakaryocytes with a high nuclear-cytoplasmic ratio in 
pre-PMF and PMF patients was increased (0.016 vs. 0.026, 
P<0.05; 0.016 vs. 0.048, P<0.05, respectively) (Figure 3D). 
Similarly, more megakaryocytes with naked nuclei were 
observed in pre-PMF patients than in ET patients and 
healthy donors (0.081 vs. 0.043, P<0.05; 0.081 vs. 0.026, 
P<0.05) (Figure 3E). This tendency was more evident in PMF 
patients (0.144 vs. 0.043, P<0.05; 0.144 vs. 0.026, P<0.05).
Clusters were defined as three or more megakaryocyte ag-
gregations (inter-megakaryocyte distance <20 μm). Dense 
clusters (≥3 megakaryocytes; <5 μm spacing) and loose 
clusters (≥3 megakaryocytes; 5-20 μm spacing) were also 
defined (Figure 2D). Large clusters were defined as seven 
or more megakaryocyte aggregations with <20 μm spacing 
(Figure 2E).2 The model achieved high accuracy in identi-
fying megakaryocyte clusters (82.4%), with a sensitivity of 
100.0%. Compared to non-neoplastic cases, MPN patients 

showed a clear tendency for megakaryocyte clustering, with 
PV, ET, pre-PMF, and PMF patients showing an increasing 
trend (Figure 3F). Compared to ET and PV patients, pre-
PMF and PMF patients tended to demonstrate large and 
dense clusters of megakaryocytes in the bone marrow 
(Figure 3G, H).

Fibrosis grading
The grading of MF is a crucial component of the diagnosis 
and classification of MPN, particularly the distinction be-
tween grades MF 0/1 and MF 2/3. The differentiation of MF 
2/3 grades forms the basis for diagnosing PMF. The predicted 
fibrosis grading of each patch (1,536x1,536 pixels) is shown 
in Figure 2F. Based on the evaluation of the entire BMT 
section (Online Supplementary Figure S14), the accuracy in 
differentiating between MF 0/1 and MF 2/3 grades by the 
model compared to manual assessment was 0.916 (N=250).

Classification
We trained a random forest classifier based on 14 bone mar-
row pathological metrics to distinguish between non-neo-
plastic conditions and MPN subtypes (Figure 4A). This 
classification model reached a macro-average AUC of 0.96 
(Figure 5A), and the three-dimensional principal component 
analysis plot showed slight differentiation among various 
diseases (Online Supplementary Figure S16A). The AUC was 
0.91 for discriminating between ET and other samples, 0.92 
for discriminating between pre-PMF and other samples, 1 
for discriminating between PMF and other samples, and 1 
for discriminating between non-neoplastic and MPN sam-
ples (Online Supplementary Figure S15). The clinical clas-
sification model, which incorporates six clinical features 
(Figure 4B), demonstrated a macro-average AUC of 0.92 in 
identifying MPN subtypes (Figure 5B). The three-dimensional 
principal component analysis did not demonstrate a clear 
separation between various diseases (Online Supplemen-
tary Figure S16B). The comprehensive classification model, 
which integrates 14 pathological features and six clinical 
characteristics (Figure 4C), achieved a macro-average AUC 
of 0.96 in categorizing MPN subtypes and non-neoplastic 
cases (Figure 5C). The average precisions of the bone mar-
row, clinical, and comprehensive classification models in 
categorizing MPN subtypes and non-neoplastic cases in 
the internal test set were 0.75, 0.67, and 0.81, respectively 
(Online Supplementary Figure S17A-C).
Given that clinical information was not available for the 
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Figure 4. Metrics incorporated into classifiers. (A) Radar plots displaying the 14 indicators incorporated in the bone marrow clas-
sification model and the differences in these indicators between non-neoplastic cases and various myeloproliferative neoplasm 
(MPN) subtypes. (B) Radar plots displaying the six indicators incorporated in the clinical classification model and the differences 
among non-neoplastic conditions and various MPN subtypes in these indicators. (C) Radar plots displaying the 20 indicators in-
corporated in the comprehensive classification model and the differences among non-neoplastic conditions and various MPN 
subtypes in these indicators. M:E: myeloid-to-erythroid ratio; ET: essential thrombocythemia; PMF: primary myelofibrosis; PV: 
polycythemia vera; WBC: white blood cell count; PLT: platelet count; LDH: lactate dehydrogenase; Hb: hemoglobin.

A

B

C

external set samples, we evaluated only the performance 
of the bone marrow classification model for these samples. 
The model demonstrated a macro-average AUC of 0.94 and 
an average precision of 0.84 in distinguishing non-neoplas-
tic and MPN subtypes within external samples (Figure 5D, 
Online Supplementary Figure S17D).

Discussion

We developed an artificial intelligence-based system for 
automated analysis of BMT sections quantitatively related to 
Philadelphia chromosome-negative MPN, involving marrow 
cellularity, M:E ratio, megakaryocytes, and MF grading. This 
included developing new, precise ways to measure the size 
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and distribution of megakaryocytes, which are important 
steps toward increasing the objectivity of bone marrow 
pathology evaluations. By integrating clinical information, 
we also constructed a comprehensive classification model 
that shows promise for accurately classifying non-neoplastic 
cases and MPN subtypes.
In this study, all BMT sections were scanned and stored as 

high-resolution whole-slide images, which encompassed 
all morphological features present in the sections. This 
provided a reliable foundation for precise quantitative 
analysis in digital pathology.24 Our segmentation models 
were iteratively optimized to achieve accurate segmentation 
of various tissues (with an IoU of approximately 0.8) after 
three rounds, indicating that the complex morphological 

Figure 5. Categorization performances of classification models applied in differentiating non-neoplastic cases and myeloprolif-
erative neoplasm subtypes. (A-C) Classification performances of classification models were applied to differentiate non-neo-
plastic cases and myeloproliferative neoplasm (MPN) subtypes within the internal test set. (A) The bone marrow classification 
model reached a macro-average area under the curve (AUC) of 0.96. (B) The clinical classification model reached a macro-average 
AUC of 0.92. (C) The comprehensive classification model reached a macro-average AUC of 0.96. (D) The bone marrow classifica-
tion model reached a macro-average AUC of 0.94 in differentiating non-neoplastic cases and MPN subtypes within the external 
test set. ET: essential thrombocythemia; PMF: primary myelofibrosis; PV: polycythemia vera.

A B

C D
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features of bone marrow can be accurately captured and 
visualized through image analysis algorithms on digital 
images. This provides a basis for quantitatively analyzing 
various indicators in BMT sections.
Our target identification algorithm models relied upon 
manual annotations, while existing guidelines offer only de-
scriptive definitions of bone marrow metrics for diagnosing 
MPN, resulting in subjectivity among hematopathologists 
in assessing bone marrow morphology, especially in distin-
guishing immature myeloid cells and nucleated erythroid 
cells in H&E-stained trephine sections and fibrosis grading 
in Gomori-stained trephine sections. Therefore, consistent 
annotation data about granulocytes and nucleated eryth-
roid cells and fibrosis grading were chosen as standard 
training and validation sets to weaken the subjectivity after 
being labeled manually by three hematopathologists inde-
pendently. Furthermore, the inter-observer baseline analysis 
illustrated the model’s reliability and confirmed that it was 
not overfitting to any specific pathologist. Immunohisto-
chemistry would be an alternative method to validate the 
identification of granulocytes and nucleated erythroid cells 
in the future to enhance accuracy and reliability. 
In our study, age-adjusted estimated bone marrow cellularity 
data from the U.S. population were used as the reference to 
assess bone marrow proliferation, as they are currently an 
internationally accepted reference. However, due to poten-
tial inter-population differences, further research utilizing 
population-specific reference data is warranted.
For the assessment of the morphology and distribution of 
megakaryocytes, we adopted a numerical quantitative way to 
classify and contribute to quantifying the size of megakaryo-
cytes and the inter-megakaryocyte distance for clustering for 
the first time. These indicators can also be visualized, aiding 
hematopathologists in effectively identifying characteristic 
features. This enables accurate disease diagnosis and precise 
analysis of the differences between disease subtypes. The 
accurate recognition of megakaryocyte nuclear morphology 
is acknowledged as a crucial indicator in the diagnosis of 
MPN. However, we only described the nuclear-cytoplasmic 
ratio rather than providing a more detailed description of 
megakaryocyte nuclear morphology due to the complexity 
and heterogeneity of nuclear shapes. However, our classifiers 
still accurately categorized non-neoplastic cases and MPN 
subtypes. We speculate that the nuclear-cytoplasmic ratio, 
as a quantitative indicator, may provide a more objective al-
ternative to the subjective morphological descriptions of the 
nucleus in disease classification.25 Additionally, the atypia of 
megakaryocyte nuclei might correlate with other bone mar-
row metrics during disease progression, somewhat mitigating 
the impact of this limitation on the diagnosis. 
The complete assessment of fibrosis severity according 
to WHO diagnostic criteria includes fiber thickness, in-
tersections, and the presence of collagen deposition in 
Masson’s trichrome-stained trephine biopsies, not only 
fiber quantity. However, we only assessed the fibrosis 

density in Gomori-stained trephine biopsies since Mas-
son’s trichrome-stained samples were unavailable in our 
center, and collagen fibers can also be observed in H&E- 
and Gomori-stained sections. However, the accuracy of 
the evaluation of fibrosis severity of our model compared 
to manual assessment was 0.916, which can predict the 
fibrosis severity to some extent, although it cannot rep-
resent the fibrosis grading completely equal to WHO MF 
0-3. In future studies, Masson’s trichrome-stained samples 
will be collected concurrently with an expanded sample 
cohort to enhance the comprehensiveness of the analysis.
Several previous studies aimed to develop automated diag-
nosis systems for MPN by analyzing bone marrow pathology 
features. D’Abbronzo et al.26 developed an artificial intelli-
gence-based tool for evaluating cellularity in BMT sections 
and obtained an optimal concordance between their model 
and the expert pathologists’ evaluation. Sirinukunwattana et 
al.27 categorized megakaryocytes into nine subtypes using 
unsupervised learning and achieved an AUC of 0.95 for the 
classification of MPN. However, these complex subtypes 
of megakaryocytes may present challenges in interpreting 
model results and the overlapping application of algorithm 
models. Subsequently, they also conducted quantitative and 
distributional analysis of reticulin fibrosis to differentiate 
MPN, achieving an AUC of 0.82. However, when they com-
bined fibrosis analysis with the analysis of megakaryocyte 
morphology, the accuracy of MPN detection decreased 
slightly compared to the analysis of megakaryocytes alone 
(AUC 0.94 vs. 0.96).28 Compared to classifiers in other stud-
ies, our classifier incorporated more comprehensive bone 
marrow features and gave results in close agreement with 
the clinical observations made by hematopathologists; thus, 
this method exhibits high accuracy and clinical interpret-
ability. Such advancements demonstrate that the model 
might assist hematopathologists in classifying suspected 
MPN in the future, particularly in regions in which experts 
are in short supply.
Recent studies have also attempted to recognize MPN 
using other indicators, such as complete blood counts, 
peripheral blood smears, and bone marrow smears, with 
AUC values between 0.8 and 0.9.29-31 However, their clini-
cal application requires further validation. Another study 
used platelet transcriptome data for MPN diagnosis, with 
an AUC of 0.95.32 Nevertheless, diagnosing MPN based on 
transcriptome analysis is costly and offers limited clinical 
benefit. We also established a clinical classification model 
which was inferior to the bone marrow and a comprehen-
sive classification model in distinguishing MPN subtypes 
and non-neoplastic samples, suggesting the necessity of 
bone marrow pathological features in diagnosis. Compared 
with the bone marrow model, the comprehensive model 
performed better in differentiating ET and pre-PMF from 
other samples but had a slightly weak performance in 
differentiating PV and PMF. The observed phenomenon 
may be attributed to the more distinctive bone marrow 
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characteristics of PV and PMF. Additionally, the absence of 
erythropoietin levels among the clinical indicators in our 
model could have affected its performance, as decreased 
serum erythropoietin is a significant marker in diagnosing PV.
Our study has some limitations. The uncertainty in recog-
nizing megakaryocyte nuclear morphology and the relatively 
uneven sample sizes across different MPN subtypes may 
impact our model in differentiating performance, espe-
cially for pre-PMF. New methods for precise recognition of 
megakaryocyte nuclear morphology need to be developed. 
Furthermore, this narrow model can possibly be applied 
when MPN is clinically or histologically suspected. We will 
expand samples to refine our model and integrate it within 
clinical settings to verify its practical utility.
In conclusion, this platform exhibits considerable profi-
ciency in the quantitative analysis of BMT sections from 
patients with MPN and high accuracy in diagnosis and 
classification. It has the potential to be a valuable aid for 
hematopathologists who are evlauating patients suspected 
of having an MPN.
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