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Abstract. Evaluating bone marrow cells is essential for diagnosing hemato-

logical disorders, the current manual procedure has many inherent problems. One 

significant hurdle is the complexity and variability of cell morphology, making 

accurate classification difficult even for experienced experts. Moreover, subjec-

tivity introduces inconsistencies among individuals, leading to unreliable results. 

Manual classification is also time-consuming, constrained by limited training re-

sources, and prone to intra-observer variability. The development of automated 

AI powered systems, standardized protocols and allocation of more resources are 

all key components of efforts to increase the accuracy and speed of bone marrow 

cell classification. The authors have evaluated and thoroughly analyzed previous 

studies on bone marrow cell classification that have used a variety of deep learn-

ing and machine learning approaches. This study provides an oversight of the 

existing deep learning and machine learning being used to aid and even improve 

traditional cytology.  
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1 Introduction 

Bone marrow cells are essential because they are responsible for both making and de-

veloping the different kinds of blood cells in the body. They encompass Red Blood 

Cells or RBC (erythrocytes), responsible for transporting oxygen, White Blood Cells 

or WBC (leukocytes), acting in immune system defenses (thrombocytes), necessary for 

blood coagulation process. Haematopoiesis is the process by which cells transform and 

develop into all the various types of blood cells takes place in the bone marrow. Under 

a microscope closely examining these bone marrow cells provides crucial hints for di-

agnosing a variety of blood related illnesses. 

To classify bone marrow cells, it simply involves grouping cell types based on their 

unique features and roles. The important kinds are RBC, WBC, and platelets. The way 

RBCs are categorized depends on their stage of development and the amount of 

IICTDS 2025, December 19-20, Chandigarh, India
Copyright © 2026 EAI
DOI 10.4108/eai.19-12-2025.2362725

mailto:1rishabhhanselia@gmail.com
mailto:*2dkchoubey.cse@iiitbh.ac.in
mailto:3neeraj.240201020@iiitbh.ac.in
mailto:3neerajyadavkhg@gmail.comn


hemoglobin they contain. Neutrophils, lymphocytes, monocytes, eosinophils and baso-

phils are among the many different subtypes that make up the WBC population. The 

two primary characteristics that determine a platelet's classification are its size and the 

presence of internal granules. The cells must be precisely categorized using instruments 

like flow cytometry, immunohistochemistry and microscopes in order to diagnose hae-

matological disorders. This accurate classification helps doctors evaluate what the cells 

are made of, find cells that look abnormal and figure out the disease's stage and seri-

ousness. 

There are a number of significant difficulties with the manual approach to bone marrow 

cell classification. Because of the intricate shapes of the cells it is intrinsically labori-

ous, subjective and prone to high variability. The inconsistent results are major problem 

technicians frequently disagree (intra- and inter-observer variability), which is made 

worse by inadequate training. These issues have led researchers to concentrate their 

efforts on developing artificial intelligence-based automated systems and tools. The 

main goal of these new systems is to make bone marrow cell classification more accu-

rate, more consistent, and much faster. All things considered, these developments 

promise to significantly improve diagnosis in the study of blood disorders (hemato-

pathology). This occurs because they eliminate human bias, provide reliable results and 

address the main shortcomings of manually classifying cells. 

The remaining portions of the manuscript is organized as follows: Literature Review is 

described in section 2, Discussions are presented in section 3. 

2 Literature Review 

Song et al. [1] addressed cell analysis with a synchronized deep autoencoder network 

in their groundbreaking study. The system was specifically made to process images 

from bone marrow histology while simultaneously identifying and classifying cells. To 

create an automated system, Kimura et al. [2], combined two distinct algorithms, the 

Convolutional Neural Network (CNN) and XGBoost. This system's primary purpose 

was to distinguish between two dangerous conditions: aplastic anemia (AA) and myel-

odysplastic syndrome (MDS). Morphogo is an automated analysis system for bone mar-

row cell classification developed by Fu et al. [3]. The computational basis of this system 

is a deep, 27-layer Convolutional Neural Network (CNN). Wang et al. [4] sought to 

automatically differentiate between AML, MDS and AA. They used a CNN model that 

had been pre-trained on the sizable Image-net dataset to examine bone marrow smear 

images in order to complete this diagnostic task. An automated system to assess the 

shape (morphology) of bone marrow cells was developed by Matek et al. [5]. This was 

accomplished by using particular CNN classifiers, specifically a sequential network 

architecture and a ResNeXt. Choi et al. [6] employed a dual-stage CNN to develop a 

systematic technique for the WBC differential count. The VGGnet architecture served 

as the model for this network's structure. Tayebi et al. [7] created a thorough AI frame-

work (an end-to-end architecture) in their study to enable AI-powered computational 

pathology analysis. Wu et al. [8] created BMSNet, a cutting-edge deep learning system 

that enables quicker evaluation of bone marrow smears, to help hematologists diagnose 

and track diseases. Ananthakrishnan et al. [9] used a Siamese network as their main 



method for automated bone marrow cell classification. By contrasting its performance 

with that of other hybrid machine learning models such as CNN combined with SVM 

and CNN combined with XGBoost they expanded the scope of their investigation. In 

order to create a novel diagnostic system based on cell morphology, Liu et al.'s [10] 

study  used a Region-based CNN (R-CNN). This was developed to increase the preci-

sion of bone marrow cell detection. New datasets containing the distinct cell types pre-

sent in bone marrow aspirate (BMA) were produced by Chandradevan et al. [11]. A 

machine learning algorithm that could identify and categorize the BMA cells was then 

created using these data. There are many review articles which give us idea to write this 

manuscript. Some of the articles are stated here. Hanselia and Choubey [12], have re-

viewed a thorough survey applying machine learning and data mining methods to fore-

cast the mortality of patients receiving hematopoietic stem cell transplantation (HSCT). 

Srivastava & Choubey [13] have done a rigorous survey on heart disease. Sharma et al. 

[14] have done an extensive survey on breast cancer by using computational intelli-

gence.  Parthvi et al. [15] have done a rigorous study on leukemia by using machine 

learning and data mining approaches. Choubey et al. [16], [17] have done a rigorous 

analysis on diabetes classification on diabetes by using computational intelligence. 

Choubey et al. [18] used the Fuzzy Decision Tree (FDT) method for their classification. 

Further feature selection has been performed by using PSO_SVM followed by the same 

FDT classification method on diabetes. This step performs well compared to previous. 

Table 1 summarizes the existing research in the field of bone marrow cell analysis. 

Table 1. A summary of the existing research on the identification of bone marrow cells 

Ref. 

No. 

Dataset Used Techniques 

Used 

Advantages Limitations Perfor-

mance 

Purpose 

1 A collection of 

52 images of 

bone marrow 

trephine biop-

sies from 

UHCW were 

used in the 

study; these im-

ages included 

samples from 

five ET and five 

PMF patient 

cases. 

 

Set of three 

combined 

methodolo-

gies: the 

synchro-

nized deep 

autoencoder 

network, the 

curve-sup-

port Gauss-

ian model, 

and a neigh-

borhood se-

lection 

mechanism. 

This approach greatly 

improves detection 

and classification ac-

curacy thanks to a spe-

cial, innovative neigh-

borhood selection 

mechanism. By em-

ploying similar high-

level feature represen-

tations to lower layer 

complexity, it also 

streamlines the net-

work. 

 

Convolutional layers can 

be added to the network to 

improve segmentation and 

classification capabilities. 

Better performance and 

quicker training will result 

from this enhancement. 

Precision 

0.9266, Re-

call 

0.9674, and 

F-1 score 

0.9466 

(Other 

frame-

works);  

Precision 

0.8712, Re-

call 0.8879, 

and F-1 

score 0.8795 

(DL frame-

works) 

 

The goal is to 

design and de-

velop a model 

that lessens the 

burden of man-

aging the in-

crease in com-

putational com-

plexity during 

digital histology 

training. 

 

2 A collection of 

3,261 peripheral 

blood (PB) 

smears, 1,165 

were from pa-

tients with vari-

ous 

The system 

integrated 

the 

XGBoost 

(eXtreme 

Gradient 

Boosting) 

Using peripheral 

blood (PB) smears, the 

researchers proposed 

the first fully auto-

mated CNN-driven 

system for the prelim-

inary diagnosis of 

Although the system is re-

garded as supplemental, it 

was able to diagnose MDS 

with over 90% accuracy. 

Its training patterns might 

not accurately reflect pop-

ulation variation because 

Sensitivity 

93.5%, 

specificity 

96.0%, 

(DLS); sen-

sitivity 

96.2%, 

The goal of ex-

periment was to 

design deep 

convolutional 

neural networks 

capable of as-

sisting in 



hematological 

disorders, was 

generated at 

Juntendo Uni-

versity Hospital 

in Tokyo, Japan, 

between the 

years 2017 and 

2018. 

algorithm 

for decision-

making with 

a CNN-

based Deep 

Learning 

Solution 

(DLS) for 

image 

recognition. 

 

MDS. There is poten-

tial for this innovative 

tool to be incorporated 

into automated diag-

nostic systems for ad-

ditional hematological 

disorders. 

 

of the small sample size 

and single-center data. Im-

portantly only one particu-

lar combination of DLS, 

CNN and 

XGB algorithms was 

tested in the study. 

. 

specificity 

100%; AUC 

0.990 

(MDS) 

differentiating 

between myelo-

dysplastic syn-

drome and 

aplastic anemia. 

3 230 direct bone 

marrow aspirate 

smears were 

gathered from 

Army Medical 

University's 

Xinqiao Hospi-

tal's daily in-

spections and ar-

chives. The av-

erage age of the 

patients (154 fe-

males and 76 

males) was 

$44.02 \pm 

21.22 years. 

Data gathering 

time – 26th nov 

2018 to 30th jan 

2019 

 

Morphogo 

is an auto-

mated sys-

tem that an-

alyzes data 

using a 27-

layer CNN. 

 

The system can suc-

cessfully detect and 

display blasts, dys-

plastic, and immature 

cells in bone marrow 

smears by using digi-

tal image acquisition 

and automated cell 

analysis. Hematology 

laboratories can bene-

fit practically from 

this shift to a digital 

workflow, which 

greatly increases effi-

ciency and offers a 

standardized examina-

tion process. 

 

To improve the AI system, 

extensive training on a big, 

diverse dataset is essential. 

The incapacity of current 

instruments to precisely 

capture the morphological 

details of small erythro-

blasts is one of their limi-

tations. Furthermore, one 

major diagnostic chal-

lenge that needs to be ad-

dressed is morphological 

recognition during burst 

analysis. 

 

Accuracy 

85.7%,   

sensitivity 

69.4, and 

specificity  

97.2% 

A novel artifi-

cial intelligence 

(AI) system was 

created to auto-

matically clas-

sify bone mar-

row cells and 

explore its po-

tential clinical 

applications. 

4 A cohort of 547 

bone marrow 

smears speci-

men were used 

in the study with 

115 samples 

sourced via the 

ASH Image 

Bank and 432 

samples sup-

plied by the 

clinic. 

 

Two output 

layers for 

classifica-

tion were 

demon-

strated by 

the Image-

net pre-

trained CNN 

model, al-

lowing for 

both two-

class and 

three-class 

predictions. 

 

Due to the lack of pre-

vious reports, the clas-

sification task is 

unique. Importantly, 

the model's robust per-

formance on the exter-

nal validation set indi-

cates that it is still de-

pendable and efficient 

despite current limita-

tions. 

 

Future research should 

concentrate on both dis-

ease progression and dis-

ease detection. Larger-

scale research is required 

due to the study's small 

sample size. Differences 

between the augmented 

and original samples per-

sisted despite the applica-

tion of data augmentation, 

which might have had an 

impact on the outcomes. 

Analysis of MDS and 

AML subtypes was also 

hindered by the ASH Im-

age Bank's limited data. 

Furthermore, the limited 

understanding of the fea-

tures extracted by deep 

AUC 0.985, 

Accuracy 

91.4%, Sen-

sitivity 

0.992 (two 

classifica-

tion), AUC 

0.968, Ac-

curacy 

92.9%, Sen-

sitivity 

0.857 (three 

classifica-

tion) 

The goal of the 

study was to 

create a CNN 

model that 

could use bone 

marrow smears 

to automatically 

differentiate be-

tween acute my-

eloid leukemia 

(AML), myelo-

dysplastic syn-

drome (MDS) 

and aplastic 

anemia (AA). 

 



learning made it impossi-

ble to fully interpret the 

model's misclassifica-

tions. The findings' gener-

alizability is further lim-

ited by the absence of 

comprehensive patient 

data. 

 

5 Between 2011 

and 2013, the 

MLL Munich 

Leukemia La-

boratory col-

lected expert-

annotated sin-

gle-cell images 

from 961 pa-

tients with he-

matological dis-

orders. 

 

Pretrained 

CNN classi-

fiers: Res-

NeXt, se-

quential net-

work archi-

tecture 

The suggested model 

performs better than 

classifiers based on 

features. 

 

To lessen the impact of la-

bel noise, semi-supervised 

or unsupervised methods 

should be applied. Their 

effectiveness has previ-

ously been demonstrated 

in fields such as cell cycle 

reconstruction and eryth-

rocyte assessment. 

 

0.95 preci-

sion (toler-

ant), 0.92 

precision 

(strict), 0.85 

recall (toler-

ant) and 

0.71 recall 

(strict) 

To enhance the 

automation of 

bone marrow 

(BM) cell mor-

phology assess-

ment through 

the use of con-

temporary im-

age classifica-

tion algorithms. 

6 At Seoul Na-

tional Univer-

sity Hospital's 

Department of 

Laboratory 

Medicine, 2,174 

patch images 

were gathered.  

The VGG-

net model 

served as the 

model for 

the 16-layer 

Dual-stage 

CNN archi-

tecture that 

was used. 

 

The proposed method 

exhibited exceptional 

classification perfor-

mance, effectively cat-

egorizing raw images 

without the need for 

single cell segmenta-

tion or manual feature 

extraction. By em-

ploying Convolutional 

Neural Networks 

(CNN), the method 

demonstrated rotation 

and location invari-

ance. These outcomes 

emphasize the poten-

tial of the proposed 

method as an auto-

mated system for 

white blood cell dif-

ferential count, offer-

ing promising ad-

vancements in the 

field. 

A comprehensive range of 

White Blood Cell (WBC) 

types, including lympho-

cytes and plasma-type 

cells, as well as different 

disease representations in-

cluding leukemia stages, 

must be covered by the 

classification model. In 

the field of hematology, 

this comprehensive 

method guarantees accu-

rate and efficient classifi-

cation, allowing for better 

analysis and diagnosis. 

The network employed in 

this research was initially 

created for tasks involving 

generic picture classifica-

tion. To meet the particu-

lar needs of the study, a 

distinctive architecture is 

required. 

Accuracy 

97.06%, 

Precision 

97.13%, Re-

call 97.06%, 

and F-1 

score 97.1% 

The goal was to 

develop an au-

tomated WBC 

differential 

count system 

that would sig-

nificantly lower 

the variation in 

results pro-

duced by human 

hematologists. 

 

7 Digital WSI 

from 1,247 pa-

tients was col-

lected over a 

one-year period. 

The diagnosis 

Two models 

are used in 

the end-to-

end AI ar-

chitecture: a 

YOLO 

For automated bone 

marrow cytology, a 

novel end-to-end AI 

architecture was de-

veloped. In a variety 

of clinical scenarios, 

External validation is im-

peded by the scarcity of 

annotated public or aca-

demic digital pathology 

datasets, particularly for 

cytology and 

Accuracy 

0.97, ROC 

(AUC) 0.99, 

Precision 

0.75, F1-

Score 0.78 

The goal is to 

facilitate the in-

tegration of AI 

into computa-

tional pathol-

ogy, which may 



was the only ba-

sis for the anno-

tation, and the 

images were 

processed with-

out any identify-

ing information. 

 

model for 

detection 

and class as-

signment, 

and a Dense-

Net model 

for choosing 

Region of 

Interest 

(ROI) tiles. 

 

the model demon-

strated remarkable ac-

curacy and precision 

in both ROI detection 

and object classifica-

tion. This achievement 

demonstrates its po-

tential to incorporate 

AI into computational 

pathology and in-

crease the effective-

ness and precision of 

hematology diagnosis. 

 

hematopathology work-

flows. The models' pro-

pensity to overfit the local 

data is influenced by this 

scarcity. 

 

average, 

0.31 Log-

average 

miss rate 

eventually re-

sult in quicker 

and more accu-

rate diagnoses 

for medical pro-

fessionals. 

 

8 Over the course 

of three years, 

from January 1, 

2016, to Decem-

ber 31, 2018, 

122 bone mar-

row smears were 

photographed. 

 

The YOLO 

v3 architec-

ture is used 

by BMSNet, 

a Convolu-

tional Neu-

ral Network 

(CNN). 

The findings of this 

study have the poten-

tial to significantly im-

prove clinical practice 

by supporting the di-

agnosis and prognosis 

of numerous diseases. 

Only six visiting employ-

ees were used to test the 

model's performance. De-

spite the fact that the initial 

images were taken by 

skilled staff, the study pro-

poses that an automatic 

slide scanner is required 

for an ideal image acquisi-

tion process in order to 

eliminate the operator ef-

fect. 

 

AUC 0.948 

(5% of 

blasts), 

AUC 0.942 

(20% of 

blasts) 

The goal was to 

create the deep 

learning tool 

BMSNet to help 

hematologists 

interpret bone 

marrow smears 

in order to speed 

up diagnosis 

and track ill-

ness. 

 

9 170,000 care-

fully annotated 

cell images 

made up the da-

taset. The bone 

marrow smear 

samples of 945 

patients present-

ing various 

blood-related 

conditions were 

the source of the 

images. 

 

Siamese net-

work, inte-

grated meth-

ods CNN + 

SVM and 

CNN + 

XGBoost. 

Instead of focusing 

only on extracting fea-

tures from individual 

images, the methodol-

ogy emphasizes com-

paring and contrasting 

images, regardless of 

whether they have the 

same class label. 

 

In order to determine the 

ROI in cell images and in-

fer the model's reliance on 

convolutional units for en-

coding, future research 

will use YOLO and Grad-

CAM. Researchers will 

also look into various im-

age augmentation methods 

to address class imbal-

ance. 

 

Weighted 

Average Re-

call 92%, 

Validation 

Accuracy 

84%, Accu-

racy 32% 

(CNN + 

SVM), Ac-

curacy 28% 

(CNN + 

XGB), Ac-

curacy 91%, 

and 

Weighted 

Average Re-

call for vali-

dation 91% 

(Siamese 

neural) 

 

In order to 

achieve the best 

overall accu-

racy, a method 

to counteract 

the impact of 

imbalanced 

class on deep 

neural network 

training is 

sought. 

 

10 The dataset used 

in this study in-

cluded 4,451 

images of real 

Faster Re-

gion-Con-

volutional 

Neural 

Compared to skilled 

diagnostic specialists, 

the recently created 

The model may have been 

biased toward that particu-

lar population and imag-

ing configuration because 

Recall 

0.710, preci-

sion 0.496, 

The objective 

was to develop a 

novel morpho-

logical 



bone marrow 

cells. 

 

Network (R-

CNN) 

system processed data 

faster. 

 

it was trained on 4,451 

fields from 70 patients at a 

single facility. This im-

plies that the model might 

have trouble with uncom-

mon samples. 

 

F1-score 

0.575 

diagnosis sys-

tem specifically 

for identifying 

bone marrow 

cells through a 

deep learning–

based object de-

tection ap-

proach. 

 

11 A total of 17 pa-

tient samples of 

Wright-stained 

bone marrow as-

pirate (BMA) 

smears were ob-

tained for rou-

tine patient care. 

These smears 

were deidenti-

fied and scanned 

for further anal-

ysis. Between 

June and August 

of 2015, the 

bone marrow la-

boratory at 

Emory Univer-

sity Hospital 

prepared the 

smears consist-

ently. 

 

Fast Region-

Convolu-

tional Neu-

ral Network 

(R-CNN) 

The findings could 

significantly improve 

clinical practice by 

helping diagnose and 

prognosticate a variety 

of diseases. 

 

Since cells from those 

cases were excluded from 

training, the study's classi-

fication accuracy for dis-

ease cases needs to be im-

proved. Furthermore, bias 

toward well-preserved cy-

tologic areas was intro-

duced by the use of tiny 

Regions of Interest 

(ROIs). The advantages of 

using higher-resolution 

scanned images should be 

examined in future re-

search, particularly as 

their clinical acquisition 

becomes more practical. 

Lastly, the study does not 

provide precise perfor-

mance standards for the 

clinical validation of this 

new approach, which is 

still in its infancy. 

 

AUC 0.959 

(detection), 

AUC 0.982 

(classifica-

tion) 

The objective 

was to create an 

automated sys-

tem for bone 

marrow aspirate 

(BMA) sample 

differential cell 

counting 

(DCC), which is 

essential for ac-

curately classi-

fying hemato-

logic disorders. 

 

 

The performance of the models employed in the numerous studies that have been ex-

amined for this paper and referenced in Table 1 is graphically displayed in Fig. 1, 2, 3, 

4, 5, 6, and 7. The following is a visual representation of the performance metrics: The 

accuracy is shown in Figure 1, the AUC in Figure 2, the precision in Figure 3, the recall 

in Figure 4, the F1 Score in Figure 5, the sensitivity in Figure 6 and the specificity in 

Figure 7. The paper reference number is shown in Figures 1 through 7 along with a 

number of performance metrics, including Accuracy, AUC, Precision, Recall, F1 Score, 

Sensitivity, and Specificity.   

Fig. 1 represent the graphical comparison of accuracy for the mentioned techniques as 

used in Table 1.  

 



 

Fig. 1. Accuracy comparison for the listed techniques 

The AUC (Area Under the Curve) results for the methods listed in Table 1 are graphically com-

pared in Figure 2. 

 

  

Fig. 2. Comparison of AUC for the mentioned techniques 

Fig. 3 represent the graphical comparison of precision for the mentioned reference num-

ber as used in Table 1.  
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Fig. 3. Comparison of Precision for the mentioned paper Ref. No. as in Table 1 

 

Fig. 4 represent the graphical comparison of recall for the mentioned reference number 

as used in Table 1.  

 

  

 

Fig. 4. Comparison of Recall for the mentioned paper Ref. No. as in Table 1 

Fig. 5 represent the graphical comparison of F1 Score for the mentioned reference num-

ber as used in Table 1.  
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Fig. 5. Comparison of F1 Score for the mentioned paper Ref. No. as in Table 1 

Fig. 6 represent the graphical comparison of Sensitivity for the mentioned reference 

number as used in Table 1.  

 

 

Fig. 6. Comparison of Sensitivity for the mentioned paper Ref. No. as in Table 1 

Fig. 7 represent the graphical comparison of Specificity for the mentioned reference 

number as used in Table 1.  
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Fig. 7. Comparison of Specificity for the mentioned paper Ref. No. as in Table 1 

3 Discussions 

The authors of this work conducted a comprehensive review of all previous studies on 

the classification of bone marrow cells. They examined and analyzed various tech-

niques employed in previous studies, comparing their performance, motivations, and 

contributions to the field of cytology. Through their analysis, the authors provided a 

comprehensive overview of the existing literature, highlighting the strengths and limi-

tations of different approaches. Their study aimed to consolidate knowledge in the field 

and contribute to the advancement of bone marrow cell categorization techniques in 

cytology. 

Traditionally, bone marrow cell classification relied on manual expert examination, 

which was a laborious, slow and subjective process. However, the emergence of artifi-

cial intelligence has transformed this field. Annotated bone marrow images have been 

used to develop and train Convolutional Neural Networks and other AI algorithms.  

These systems are used to classify cells based on their morphological traits. AI-based 

systems can analyze digital images quickly and accurately, providing standardized re-

sults and minimizing inter-observer variability. They can also detect rare cell types and 

abnormalities, improving diagnostic accuracy and supporting clinical decision-making. 

The integration of AI in bone marrow cell classification has transformed the process, 

offered faster and more precise results, and has the potential to advance research and 

clinical practice in hematopathology. 

In their comparative analysis, the authors examined how well Deep Learning models 

performed in comparison to more conventional statistical techniques for classifying 

bone marrow cells. While the Deep Learning models showcased superior performance, 

the study identified areas for further improvement. These potential enhancements were 
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thoroughly examined and discussed by the authors, providing valuable insights for fu-

ture advancements in the field.  
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