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Original Article
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Background: Diagnosis of leukemia relies on microscopic examination of suspected peripheral blood 
smears (PBS) by pathologists. However, this challenging and potentially error-prone process is further 
limited by the availability of pathologists. Developing a clinically applicable predictive artificial intelligence 
(AI) model offers a potential solution to these limitations. This study aimed to develop an AI model that 
predicts leukemia from microscopic images of peripheral blood smear.
Methods: We developed hierarchical deep learning (DL) pipelines that were trained and validated on 
7,255 high-power field (HPF) microscopy images collected from pre-diagnosed cases at our centre between 
January 2021 to August 2023. The proposed pipelines employed a high performing binary DL model in step 
1 and multiclass DL models in step 2 to predict the label of each image from a slide, and then aggregate the 
results to provide a patient-level diagnostic prediction. This approach mimics the examination of PBS by 
trained hematopathologists, who examine multiple HPF patches under a microscope to predict the type of 
leukemia. The pipelines’ performance was assessed using F1 score, sensitivity, specificity, and accuracy, then 
compared against the three pathologists using Cohen’s kappa score. 
Results: The 3-class pipeline categorizes the slide as acute leukemia, chronic leukemia, or no leukemia. 
The F1 score, sensitivity, specificity, and accuracy were 94%, 94%, 95%, and 92% respectively. This pipeline 
outperformed the pathologists in all metrics. The agreement between this pipeline and pathologists ranged 
between 74–77%, while the agreement amongst the pathologists ranged from 82–87%. The 5-class pipeline 
categorizes the slide into acute myeloid leukemia (AML), acute lymphoblastic leukemia (ALL), chronic 
myeloid leukemia (CML), chronic lymphoblastic leukemia (CLL), and no leukemia. It achieved an F1 score 
of 77%, sensitivity of 80%, specificity of 94%, and accuracy of 70%. The 5-class pipeline outperformed 
pathologists in the CML and CLL classes but was inferior in other classes. The agreement between this 
pipeline and pathologists ranged between 52–53%, while the agreement amongst the pathologists ranged 
from 72–79%.
Conclusions: Acute and chronic leukemia can be predicted with high sensitivity and specificity from 
whole-slide microscopic images of PBS by utilizing three deep-learning models in a hierarchical pattern and 
aggregating the results. This approach can efficiently predict and differentiate CLL from CML, but not 
ALL from AML. Applying cell segmentation in this level of the pipeline could improve the prediction in 
these classes. These pipelines can be applied in limited infrastructure settings to potentially identify types of 
leukemia with greater reliability.
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Introduction

Leukemia, a cancer of blood-forming cells, affected an 
estimated 490,875 people in the United States alone in 
2020. The rate of new cases was 14.0 per 100,000 men 
and women per year (1). Leukemia is typically suspected 
when an abnormal white blood cell counts, or cancerous 
cells (blast cells) are detected in circulating blood. 
Modern haematology analysers with artificial intelligence 
(AI) capabilities efficiently flag samples with abnormal 
cell counts or unidentified cells. These flagged samples 

then undergo manual microscopic examination, which 
is critical for leukemia diagnosis (2). While present 
automated analysers help reduce the number of samples 
requiring manual examination, they have limitations. 
These include inconsistencies in identifying immature 
granulocytes, reactive lymphocytes, blast cells (cancer 
cells), and undefined cells. Additionally, their high cost 
and maintenance requirements restrict their use to high-
volume laboratories in developed regions. In resource-
limited settings, labs often use low-cost analysers with 
fewer features, leading to an increased reliance on manual 
microscopic exams. This, coupled with the globally rising 
workload for pathologists due to an aging population and 
increasing demand for complex diagnostic tests, creates a 
significant gap between demand and workforce (3). This 
shortage can lead to delayed diagnoses, especially in cases of 
leukemia, and impact access to critical pathology services, 
ultimately affecting patient care.

Machine learning models have shown significant 
potential in analysing images to predict the type of 
leukemia. The majority of the machine learning models 
reported were trained on binary classification tasks to identify 
leukemia versus no leukemia, achieving an accuracy greater 
than 95% (4-7). These models had limited clinical application 
because they were trained and tested on small, publicly 
available, homogenous datasets, which are not representative 
of the clinical experience (6,8). The publicly available 
datasets used for training included acute lymphoblastic 
leukemia-international database (ALL-IDB) leukemia image 
repository (4), American Society of Haematology (ASH) (5), 
and Google images (9). No external validation was done 
in the majority of studies, which renders the reliability and 
generalizability of these models questionable (10,11). Image 
augmentation methods partially address the issue of small 
datasets by generating new images, but they do not capture 
the wide range of variability observed in leukemia types 
(12-15). Multiple disease-related and approach-related 
challenges hampered the application of ML models (16). 

In this paper, we address the following research 
question: Can clinically applicable AI models be developed 
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Highlight box

Key findings
•	 This study developed high-accuracy (>90%) deep learning models 

for leukemia diagnosis from blood smears. A 3-class model (acute, 
chronic, no leukemia) showed comparable performance to expert 
hematopathologists in all metrics (sensitivity, specificity, accuracy, 
F1 score). While agreement with pathologists was moderate, a 
5-class model excelled at identifying specific chronic leukemia 
subtypes (chronic myeloid leukemia & chronic lymphocytic 
leukemia). Further research is needed to improve differentiation 
of acute subtypes (acute lymphoblastic leukemia vs. acute myeloid 
leukemia).

What is known and what is new?
•	 Currently, blood smear analysis by pathologists is the initial step 

for diagnosing leukemia subtypes. However, this method is limited 
by availability of trained pathologists and resources. This study 
presents deep learning pipelines as a promising alternative for high 
accuracy leukemia diagnosis from blood smears. These models 
perform comparably to pathologists for broad leukemia categories 
and show potential for identifying specific chronic subtypes.

What is the implication, and what should change now?
•	 Artificial intelligence (AI)-powered pipelines can be a valuable tool, 

especially in resource-limited settings. They have the potential to 
improve diagnostic accuracy and consistency. Future research will 
focus on enhancing differentiation of acute subtypes and validating 
the pipeline through clinical trials. Ultimately, these models could 
be integrated into AI-assisted or human-in-the-loop designs to 
benefit patients and physicians, particularly in resource-limited 
areas.
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that can accurately predict the type of leukemia from 
peripheral blood smear (PBS) images? To answer this, 
we manually collected images and developed models that 
mimic the pathologist’s evaluation of smears. We adopted 
the hierarchical application of multiple models from our 
earlier work, which is an image-based seven-class prediction  
model (17). To authenticate the present strategy, we 
performed external validation using a different dataset 
and compared the AI performance with three trained 
pathologists. We also present the inter-observer agreement 
on the predictions between AI versus pathologists. We 
present this article in accordance with the TRIPOD 
reporting checklist (available at https://jmai.amegroups.
com/article/view/10.21037/jmai-24-74/rc). 

Methods

Dataset acquisition, training/validation set composition, 
image processing

The data acquired consisted of three image datasets 
collected over a period of two and a half years, from January 
2021 till August 2023. High power field images (HPF: 
1,000× magnification, oil immersion) were captured using 
a digital camera (Model DP25/73/74, Olympus, Japan) 
attached to a microscope (Model, BX53, Olympus, Japan). 
The PBS were prepared using May-Grünwald Giemsa 
stain by automated slide preparation system (DI60, Sysmex 
Corporation, Japan). All leukemia PBS utilized in this study 
belonged to adult patients diagnosed and treated at our 
hospital. The PBS for the ‘No Leukemia’ class were selected 
from random normal samples and prepared similarly. All 
HPF images were collected manually by moving the slide 
in a ‘Z’ pattern under the microscope, capturing almost all 
the fields which contained nucleated cells [white blood cells 
(WBCs)]. This study was conducted in accordance with 
the principles of the Declaration of Helsinki (as revised 
in 2013). Approval was granted by the Ethics Committee 
of Sheikh Shakbout Medical City (Date. 23-03-2022/No. 
MAFREC-273). Informed consent was not applicable due 
to the retrospective nature of the study using anonymized 
data and minimal risk to subjects.

Training set 1
It consisted of 3,422 images obtained from 70 patients. 
These were sorted into seven groups, each representing a 
class: acute myeloid leukemia (AML), acute lymphoblastic 
leukemia (ALL), acute promyelocytic leukemia (APML), 

chronic myeloid leukemia (CML), chronic lymphocytic 
leukemia (CLL), reactive cells, and no leukemia. All HPF 
images were collected and sorted into the specific class 
category. Images with no leukemic cells were sorted into the 
‘No Leukemia’ class, and images with reactive cells were 
sorted into the ‘Reactive Cells’ class. Moreover, images of 
poor quality were removed. Two pathologists conducted 
this sorting. In patients with profound leukopenia, PBS with 
less than three images were excluded. Any duplicates were 
removed. The images varied in resolution, with the majority 
having a resolution of 1,200×1,600 pixels. Training and 
internal validation sets were created by splitting the data 
per slide to prevent any leakage, i.e., images from the same 
patient were only used in training or internal validation, but 
not both.

Training set 2
This training set was introduced in the later stages of 
experimentation to decrease the gap between the training 
and external validation data. This gap arose due to the 
changes in capture devices and protocols, leading to data 
drift. Images in this dataset were collected using DP25 
and DP74 camera, unlike DP73 in training set 1. Some 
images were captured by a new technician, with altered 
light conditions and resolution. A new pathologist joined 
here who helped in sorting and guiding the trainee. This 
dataset consisted of 860 new images from 28 patients, 
along with the original 3,422 images from 70 patients. The 
final dataset, therefore, consisted of 4,282 images from 98 
patients. It was split in an 80:20 ratio per patient for the 
training and testing of the AI models. Table 1 presents the 
precise distribution of images across classes for the training, 
internal validation, and external validation sets. 

External validation set
This dataset consists of 2,973 images from 64 patients 
(AML: 22, ALL: 7, CML: 4, CLL: 3, no leukemia: 28). 
The images are further categorized by class and detailed 
in Table 1: AML (1,252 images), ALL (346 images), CML 
(226 images), CLL (225 images), and normal (924 images). 
This was not included in model training or shared with the 
team involved in AI pipeline development. This meticulous 
process and multiple calibrations ensured the integrity of 
our image classifications. Subsequently, we implemented a 
stringent anonymization protocol to protect patient privacy. 
This protocol involved removing all identifiable patient 
information, thereby providing a clean, accurate, and 
confidential dataset.

https://jmai.amegroups.com/article/view/10.21037/jmai-24-74/rc
https://jmai.amegroups.com/article/view/10.21037/jmai-24-74/rc
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The classes in this set were reduced to five (ALL, AML, 
CLL, CML, and no leukemia), given that APML is a 
subset of AML. In addition, reactive cells were merged 
with normal cells since they are not a leukemia subtype and 
can be found more commonly in normal than in leukemia 
smears. The AI pipelines were evaluated on this data at two 
levels: a 3-class setting (acute, chronic, and no leukemia) 
and a 5-class setting (ALL, AML, CLL, CML, and no 
leukemia).

Image preprocessing, augmentations and experimental 
setup

All images were initially reshaped into squares by padding 
the shorter sides with zeros. Thereafter, they were down 
sampled to a size of 448×448 using bilinear interpolation. 
During training, data augmentation techniques were 
applied to prevent overfitting. For further details on image 
processing, addressing unique challenges during data 
collection process and augmentation techniques applied, 
please refer to the Supplementary file (Appendix 1).

Statistical analysis

The performance of the pipelines and models was evaluated 
using positive predictive value (PPV), F1 score, sensitivity, 
specificity, precision, and accuracy. These metrics were 
aggregated on a macro level to treat all classes equally 
despite their imbalance. The key metric used to select 
the best model during validation was the F1-score. This 
metric was chosen because it considers class imbalance 
and provides a good general indication of the models’ 
performance. Cohen’s Kappa score was used to evaluate the 
agreement between AI pipelines and predictions. The value 
of Cohen’s Kappa ranged from −1 to 1, where 1 indicates 

perfect agreement, 0 indicates no agreement beyond 
chance, and negative values indicate disagreement. For 
detailed description of each evaluation metric, please refer 
to the Supplementary file (Appendix 2).

DL models, classification pipelines, confusion matrices and 
validation

We used a deep learning (DL)-based approach to classify 
leukemia types from blood smear images. To do this, the 
DenseNet-121 (18) architecture was chosen, as it has shown 
relatively better results compared to other models in our 
experiments. It builds upon the well-known ResNet (7)  
architecture by adding dense connections.  These 
connections feed inputs within a block to all subsequent 
layers within that block, providing more information to 
each layer and allowing the network to become more 
efficient with fewer channels needed.

Initially, the models were used to classify individual 
images (patches) independently. However, this was 
ineffective and counterintuitive to the diagnostic process, 
where a patient is given a single diagnosis based on a 
holistic examination of their images. Hence, a patient-level 
approach was developed. This was a multi-model approach, 
with the input still being individual ungrouped images. The 
outcomes of the different models were then aggregated to 
generate a patient-level diagnosis.

First, a model was trained for binary classification 
(leukemia vs. normal) at the first stage of the pipeline. 
Thereafter, two models were trained to further classify 
the type of leukemia in a multi-class setting, as shown in 
Figures 1,2. The first of these separated the leukemia class 
into acute and chronic, while the latter further separated 
the leukemia classes into ALL, AML, CLL & CML. The 
reason for this multi-stage approach is that the binary 

Table 1 Distribution of images and patients across classes in training, internal validation, and external validation sets

Split Type ALL AML CLL CML No leukemia

Training Images 471 1,149 440 404 938

Patients 9 27 7 8 27

Internal validation Images 20 174 191 151 344

Patients 2 7 2 2 7

External validation Images 346 1,252 225 226 924

Patients 7 22 3 4 28

ALL, acute lymphoblastic leukemia; AML, acute myeloid leukemia; CLL, chronic lymphoblastic leukemia; CML, chronic myeloid leukemia.

https://cdn.amegroups.cn/static/public/JMAI-24-74-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JMAI-24-74-Supplementary.pdf
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classification task was relatively easy for the models, and the 
outcomes were reliable. Directly classifying the subtype of 
leukemia was more challenging and led to more mistakes 
between the normal and leukemia classes. 

The final part of the pipeline was an aggregation method 
to generate a patient-level diagnosis based on the models’ 

outputs. A rule-based method was developed to formulate 
the final decision, as shown in Figure 1. The method shown 
uses two models for 3-class leukemia classification, with the 
three classes being Acute, Chronic, and No Leukemia. We 
followed a similar strategy for 5-class classification of ALL, 
AML, CLL, CML, and No Leukemia, as shown in Figure 2, 

Patches (images) 
from a single slide

Binary 
classification per 

image

Multiclass 
classification 

per image

n 
leukemia 

≥1

Yes

No

Yes

No

n 
chronic 

≥1

Chronic

Acute 

Normal

Figure 1 Flow diagram of a hierarchical three-class prediction pipeline with binary classification at step 1 and multiclass classification at step 2. 
The pipeline takes in a set of patches from a single slide. If one or more patches show leukemia, multiclass classification, performed on every 
patch, is used to further classify whether the leukemia is acute or chronic and then generate a patient-level diagnosis.

Figure 2 Flow diagram of a hierarchical five-class prediction pipeline with binary classification at step 1, multiclass classification at step 
2, and majority logic at step 3. The pipeline takes in as input a set of patches from a single slide. If one or more patches show leukemia, 
multiclass classification is performed using two models (3-class and 5-class), at different levels of the hierarchy, generating two labels per 
image. These are then used to generate a patient-level diagnosis using the voting steps shown above. CLL, chronic lymphoblastic leukemia; 
CML, chronic myeloid leukemia; ALL, acute lymphoblastic leukemia; AML, acute myeloid leukemia.
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wherein three models were used (one binary model and two 
multi-class models). 

All three models used in the pipelines were trained for 
300 epochs on a single NVIDIA Quadro RTX 6000 GPU 
with 24 GB of memory, using a batch size of 32 and the 
AdamW optimizer with a learning rate of 1e−3 (0.001). 
The categorical cross-entropy loss function was used for 
optimization. All three models were then tested on a held-
out set of 880 (20%) images from the training set.

Model 1: the binary model deployed at step 1 of both 
pipelines

This model was trained to differentiate leukemia from 

no leukemia, as shown in Table 2. The confusion matrix 
shown in Figure 3 summarizes the number of correctly 
and incorrectly classified cases for the two classes. The 
confusion matrix revealed 525 true positives, 339 true 
negatives, 5 false positives, and 11 false negatives. This 
model achieved an impressive accuracy of approximately 
98%, with sensitivity (recall) and specificity around 97% 
and 98%, respectively. The precision (PPV) stood at 99%, 
and the F1 score at approximately 98%. Hence, this model 
was employed at step 1 of the 3-class and 5-class pipelines 
due to its high reliability, as detailed in Table 3. 

Model 2: the 4-class model deployed at step 2 of 3-class 
pipeline

This model was developed to predict four classes: acute 
leukemia, chronic leukemia, no leukemia and reactive cells, 
as shown in Table 2. The confusion matrix summarizes the 
number of correctly and incorrectly classified cases for the 
four classes as shown in Figure 4. This model achieved an 
accuracy of approximately 81%, with sensitivity (recall) and 
specificity around 81% and 94%, respectively. The precision 
(PPV) stood at 81%, and the F1 score at approximately 
81%, as detailed in Table 3.

Model 3: the 5-class model at step 2 of 5-class pipeline

This model was developed to predict five classes ALL, AML, 
CLL, CML and No Leukemia, as shown in Table 2. The 
confusion matrix summarizes the number of correctly and 
incorrectly classified cases for the five classes as shown in 
Figure 5. This model achieved an accuracy of approximately 
81%, with sensitivity (recall) and specificity around 81% and 
95%, respectively. The precision (PPV) stood at 83%, and 
the F1 score at approximately 81%, as detailed in Table 3. 

Results

Three-class prediction pipeline for the external  
validation set

This pipeline was designed to predict one of three classes: 
acute, chronic, and no leukemia (which includes reactive 
cells). On the external validation set (2,973 images from 
64 patients), its sensitivity was 94%, and its specificity was 
96%. All the performance metrics, the PPV, sensitivity, 
specificity, F1 score, and accuracy of pipeline were above 
90%, and they outperformed the three pathologists, as 

Table 2 Summary of the deep learning models deployed in AI 
pipelines

Model name Task Classes

Model 1 Binary Leukemia, no leukemia

Model 2 Multi-class Acute, chronic, no leukemia, 
reactive cells

Model 3 Multi-class ALL, AML, CLL, CML, no leukemia

AI, artificial intelligence; ALL, acute lymphoblastic leukemia; 
AML, acute myeloid leukemia; CLL, chronic lymphoblastic 
leukemia; CML, chronic myeloid leukemia.

500

400

300

200

100

No leukemia 

Leukemia

339

11

5

525

No leukemia                Leukemia
Predicted label

Figure 3 Confusion matrix for binary model. This confusion 
matrix summarizes the performance of the binary model in 
classifying the two classes: leukemia, no leukemia. It shows the 
number of correctly and incorrectly classified images for each class. 
TP: 525; TN: 339; FP: 5 (type I error); FN: 11 (type II error). 
TP, true positive; TN, true negative; FP, false positive; FN, false 
negative.
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shown in Figure 6. As shown in Figure 6A, the F1 score 
of the AI models was greater than 0.9 in all three classes 
and achieved an almost perfect F1 score of 1 in predicting 
chronic leukemia. As noted in Figure 6B, a few patients 
with no leukemia were labelled as acute leukemia, but 
none of the acute or chronic leukemia cases were labelled 
as no leukemia. In Figure 6C, the average performance 
of the AI models excelled in all five parameters tested. In 
addition, when compared to a single-model approach, the 
hierarchical models perform better in terms of precision 
and F1-score (Figure 7). Moreover, the Cohen’s Kappa 
agreement between the AI models and pathologists ranged 
between 74–77%, while the agreement amongst the three 
pathologists ranged from 82–87%, as shown in Figure 8. 

Five-class prediction pipeline for the external validation set

This pipeline was designed to predict one of five classes: 
ALL, AML, CML, CLL, and no leukemia. On the external 
validation set (2,973 images from 64 patients), its sensitivity 
was 80%, and its specificity was 94%. The F1 scores of the AI 
pipeline were 0.57 for the AML class and 0.36 for the ALL 
class, while the F1 score was 1 for the CLL and CML classes. 
Like the AI pipeline, the F1 score for the three pathologists 
was lower, ranging between 0.22 to 0.66 for ALL and 0.82 
to 0.86 for AML. However, the F1 score of the AI pipeline 
excelled in the CML and CLL classes. The F1 score of the AI 
pipeline for the no leukemia class was near 0.9, approaching 
the score of the other pathologists Figure 9A. As shown in 

Table 3 Performance metrics of deep learning models deployed in AI pipelines

Evaluator Precision/PPV Sensitivity/recall F1 Accuracy Specificity

Model 1 0.99 0.97 0.98 0.98 0.98

Model 2 0.81 0.81 0.81 0.81 0.94

Model 3 0.83 0.81 0.81 0.81 0.95

AI, artificial intelligence; PPV, positive predictive value.
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Figure 4 Confusion matrix for 4-class model. This confusion 
matrix summarizes the performance of the model in classifying the 
images into four classes: acute leukemia (acute), chronic leukemia 
(chronic), no leukemia (normal), and reactive cells (reactive). Each 
cell shows the number of images where the model predicted a 
certain class (horizontal axis) compared to the actual true class 
(vertical axis). Diagonal cells (shaded green): represent correct 
predictions. Off-diagonal cells: represent misclassifications. 

Figure 5 Confusion matrix for 5-class model. This confusion 
matrix summarizes the performance of the model in classifying the 
images into five classes: ALL, AML, CLL, CML, no leukemia. 
Each cell shows the number of images where the model predicted 
a certain class (horizontal axis) compared to the actual true class 
(vertical axis). Diagonal cells (shaded green): represent correct 
predictions. Off-diagonal cells: represent misclassifications. ALL, 
acute lymphoblastic leukemia; AML, acute myeloid leukemia; CLL, 
chronic lymphoblastic leukemia; CML, chronic myeloid leukemia.
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Figure 6 Comparative performance metrics of three-class patient level prediction pipeline and three pathologists in identifying and 
diagnosing two classes of leukemia, in addition to the no leukemia class. (A) The F1 scores for acute, chronic, and no leukemia cases are 
displayed, highlighting the AI pipelines’ superior F1 score in acute and chronic leukemia classification. (B) The number of patients AI 
pipelines correctly identified, with a notable correct classification of all leukemia cases as leukemia. (C) Provides a detailed comparison 
of positive predictive value, sensitivity, F1 score, specificity, and accuracy between the AI pipeline and pathologists. Note: P1-1 and P1-2 
represent two different evaluations six weeks apart by the same pathologist, for intra-observer consistency. AI, artificial intelligence.
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Figure 9B, none of the leukemia cases were classified as no 
leukemia, and all the CML and CLL cases were predicted 
correctly by the AI pipeline. The overall accuracy of the 
pipeline was 0.77, compared to a range of 0.84–0.88 for the 
other pathologists, as shown in Figure 9C. Moreover, the 
hierarchical pipeline outperformed a single-model approach 
in all metrics (Figure 7). For detailed numerical values 
of each pipeline, please refer to the Supplementary file 
(Appendix 3), Tables S1,S2.

The Cohen’s Kappa agreement between the AI 
pipeline and the pathologists ranged between 52–53%, 
while the agreement among the pathologists ranged from 
72–79%, as seen in Figure 8. AI struggled particularly with 
distinguishing between ALL and AML. In six out of ten 
cases, all three pathologists correctly identified ALL or 
AML, but the AI model mislabelled them. In four other 
instances, the model labelled patients with no leukemia as 
ALL or AML. Conversely, there were two cases where the 
AI correctly identified the leukemia type, while all three 
pathologists mislabelled them. In one case, a pathologist 
agreed on CLL when the patient had ALL, and in the 
other, a pathologist agreed on AML, but the case was ALL. 
The remaining cases involved disagreement among one or 
two pathologists about the AI’s prediction. This included 
situations where one pathologist agreed with the AI’s correct 

or incorrect prediction while the other two disagreed, and 
cases where two pathologists agreed with the AI’s prediction 
while the other one disagreed. 

Discussion

In this study, we developed two clinically applicable AI 
pipelines using hierarchically deployed DL models to detect 
and predict the leukemia types from whole slide PBS HPF 
images. Mimicking pathologists’ holistic examination, these 
pipelines determine the type of leukemia from PBS images. 
These are trained and tested on the large, real-world, 
annotated leukemia HPF image datasets, which represent 
the majority of leukemia types. The 3-class pipeline 
classifies the slide into acute, chronic, or no leukemia with a 
sensitivity of 94%, specificity of 96%, F1 score of 94%, and 
accuracy of 92%. This pipeline outperformed pathologists 
and has the potential to identify leukemia with greater 
reliability. Pipeline 2, a 5-class prediction pipeline that 
delves deeper into four types of leukemia in addition to no 
leukemia, achieved a sensitivity of 80%, specificity of 94%, 
F1 score of 77%, and accuracy of 70%. This 5-class pipeline 
also performed well within the range of pathologists and 
has the potential to speed up the clinical decision process. 
Qualitatively, the individual models have shown logical 

Acute leukemia Chronic leukemia No leukemia

Input Image

3-class GradCAM

5-class GradCAM

Figure 10 Gradient-weighted Class Activation Maps (GradCAM) for samples from the external validation set. The model predictions seem 
to correctly focus on white blood cells in general and on blast/leukemia cells in particular when classifying leukemia samples. Pappenheim 
method, 1,000× magnification.

https://cdn.amegroups.cn/static/public/JMAI-24-74-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JMAI-24-74-Supplementary.pdf
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outcomes in terms of gradient-weighted class activation 
maps as can be seen in Figure 10. Both the 3-class and 5-class 
models correctly tend to focus on the abnormal white 
blood cells when making a decision. Our study shows the 
potential of deploying multiple innovative DL approaches 
in hierarchical pattern along with computer logic for 
improving the speed and efficiency of leukemia diagnosis. 
The performance gain achieved by the introduction of the 
hierarchy of models has also been demonstrated, particularly 
so with the 5-class pipeline, as shown in Figure 7. We expect 
our models to be scalable and generalizable and can be 
employed at other centre with minimal modifications.

Performance and challenges of 3-class prediction pipeline

This 3-class pipeline prediction excelled in comparison to 
pathologists, effectively identifying and classifying leukemia 
into two clinically relevant classes. The higher F1 scores of 
this pipeline, compared to the 5-class pipeline, affirm that 
the performance of DL models improves with a decreasing 
number of classes exhibiting optimal performance in binary 
classification. Similar higher accuracies (>95%) are well 
reported in other binary classification studies of leukemia, 
even though the datasets were small and homogeneous 
(4,5). In our AI pipeline, leveraging the binary model at step 
1 contributed to achieving heightened specificity (96%), 
ensuring accurate identification of leukemia cases without 
mislabelling any as ‘No Leukemia’. The addition of a multi-
class models and aggregative computer logic at step 2 also 
led to better performance. A few cases from ‘No Leukemia’ 
were misclassified as leukemia, which can be attributed to 
the difficult-to-classify cells, the reactive cells. These cells 
may be difficult to distinguish from the leukemia cells, 
even for the pathologists, and for the modern AI-enabled 
advanced haematology analysers (19). The distinguishing 
features of these cells are not established, and the agreement 
among pathologists on these is limited, which may have 
led to some images in training set with inappropriate 
ground truth label (20). Higher performance in the chronic 
leukemia class may be attributable to their distinguished 
morphological features, and these classes are relatively easy 
to identify using manual microscopy (21,22). Even though 
ML models trained on microscopic images of bone marrow 
are more desirable for diagnosis, bone marrow tests are 
invasive and limited to tertiary healthcare centres (23). 
Overall, this 3-class prediction pipeline achieved higher 
sensitivity (94%) and specificity, making it suitable for 
clinically applicable medical applications, with the potential 

for deployment in primary and mid-level healthcare 
facilities (24,25). 

Performance and challenges of the 5-class prediction 
pipeline

Our initial work, published elsewhere, was based on a 
seven-class AI classification model (AML, ALL, CML, 
CLL, no leukemia, APML, reactive cells) using training 
set 1. While it achieved high performance on the test set, it 
exhibited low performance on a new dataset. This outcome 
was counterintuitive for a single image-based prediction (17). 
This led us to improve the method and develop the present 
AI pipelines. The 5-class AI pipeline outperformed (F1 
score) pathologists in the CML and CLL classes, but its 
performance was lower than pathologists in the ALL, AML, 
and no leukemia classes. 

The AI pipeline faced greater challenge in distinguishing 
ALL from AML, as these are known to be the most difficult 
classes to predict and it is evident from the drop in the 
pathologists performance in these classes, as shown in 
Figure 9. These are the classes where present diagnostic 
practice depends on surface molecule characterization and 
genetic abnormalities to confirm the leukemia type. Due 
to morphological similarity between reactive, atypical, 
and neoplastic lymphocytes, the difficulty level for ALL 
identification is much higher than AML (20,26). 

There are no published reports of 5-class leukemia 
AI prediction model to compare our results head-on. 
However, our 5-class prediction AI pipeline achieved 77% 
overall accuracy compared to 81.7% accuracy in a 4-class 
classification model by Ahmed et al. (27). This is the first 
study to our knowledge that uses a more intuitive patient-
level leukemia classification using microscopic HPF images 
as it is clinically relevant (28). Higher performance in the 
CLL and CML classes may be due to multiple factors such 
as the clearly defined morphological characteristics and 
adequate training data (21,23). But a lower number of cases 
in the validation dataset may also provide false reassurance. 
The performance may fall when tested on a greater number 
of cases, which was not possible at this stage due to the 
number of cases available (29). The agreement among this 
pipeline and pathologist on predictions was lower than the 
3-class approach. Agreement between this AI pipeline and 
pathologists was lower than the agreement amongst the 
pathologists reflects the differences in AI models way of 
learning from the images compared to trained pathologists. 
While this 5-class pipeline shows promise for identifying 
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CLL and CML, further research with larger datasets is 
necessary to improve performance across all classes and 
enhance agreement with pathologists, particularly for 
challenging classes.

Strengths and limitations of the proposed AI pipelines

Our AI pipelines, leveraging a large, diverse dataset, a 
whole-slide image analysis approach, and innovative use 
of multiple DL models, achieved promising performance. 
However, further research is needed to address limitations, 
such as including rarer leukemia types and diverse patient 
populations. For detailed description of strengths and 
limitations, please refer to Supplementary file (Appendix 4) 
and Table S3.

 

Conclusions

Our study demonstrates the feasibility of developing a 
comprehensive and clinically relevant DL-based pipeline 
for identifying leukemia and predicting common types 
from PBS images. We achieved this by constructing a large, 
annotated real-world dataset of HPF microscopy images. 
Our approach mimics pathologist evaluation methods by 
utilizing whole slide images and combining multiple models 
hierarchically. By aggregating image-level outputs, we 
provide patient-level predictions.

Remarkably, our model outperformed pathologists in the 
3-class classification and achieved comparable performance 
in the 5-class classification, despite the inherent challenge 
of differentiating between ALL and AML. Our proposed 
method holds promise for expediting and enhancing the 
accuracy of leukemia diagnosis, potentially serving as an 
effective diagnostic tool for improved patient care.

Future research

We aim to expand disease coverage to include additional 
blood disorders, incorporate cell segmentation for refined 
model performance, automate the process for seamless 
integration and explore multi-modal data integration to 
enhance accuracy and trust in predictions. For further 
details on future research recommendations, please refer to 
the Supplementary file (Appendix 5).
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Supplementary

This supplementary file provides comprehensive information on:
1.	 Challenges encountered during data collection, image processing and augmentation techniques employed.
2.	 Evaluation metrics used to evaluate the models and pipelines.
3.	 AI pipeline Predictions Compared to Pathologists (Numerical values and Tables)
4.	 Strengths and limitations of the proposed pipelines.
5.	 Recommendations for future research.

Appendix 1 Challenges during data collection, image preprocessing, and augmentations applied

The image capturing process for each slide was time-consuming, ranging from 30 to 40 minutes, as it involved meticulous 
adjustments of the slide on the microscope table, focusing the microscope, and capturing images for proper storage. While 
capturing images, high-power fields (HPFs) lacking nucleated WBCs were either avoided or excluded. Additionally, HPFs with 
poor stain quality or artifacts were not captured. The number of images collected from each peripheral blood smear (PBS) varied 
significantly, ranging from 3 to 150. This variation is likely due to the fluctuating white blood cell (WBC) count in peripheral 
blood, which can be influenced by both the type of leukemia and the impact of leukemic cells on the bone marrow.  For chronic 
leukemia cases that transformed into acute leukemia, the corresponding PBS images were classified as acute leukemia.
All images were initially reshaped into squares by padding the shorter sides with zeros. Thereafter, they were down sampled to a 
size of 448x448 using bilinear interpolation. During training, data augmentation techniques were applied to prevent overfitting. 
These transformations included random flipping (horizontal and vertical), Gaussian blurring with a kernel size of 3, random 
scaling (between 60-100% of the image size), light colour jittering, and random sharpening. 

Appendix 2 Evaluation metrics

Positive predictive value/precision: 
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Cohen’s Kappa score: It measures the level of agreement between two raters or judges who each classify items into mutually 
exclusive categories
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where:
	 po is the relative observed agreement among raters
	 pe is the hypothetical probability of chance agreement
	 The value of Cohen’s Kappa ranges from -1 to 1, where 1 indicates perfect agreement, 0 indicates no agreement beyond 

chance, and negative values indicate disagreement. 

Appendix 3 AI pipeline predictions compared to pathologists (numerical values and Tables)

While detailed performance metrics are visualized in figures within the main manuscript, Table S1 and S in the supplementary 
data provide the exact numerical values.

Three-class prediction compared to pathologists (Table S1)

Our AI pipeline achieved comparable performance to pathologists in a three-class prediction task, demonstrating high accuracy 
(92%). It is important to note that individual pathologists also achieved high accuracy, ranging from 91% to 96%. While the 
table provides specific values, further insights and visualizations of these results are presented within the main manuscript.

Table S1 Three-class prediction pipeline results: performance metrics of AI pipeline versus pathologists

Evaluator Precision/PPV Sensitivity/recall F1 Accuracy Specificity

AI 0.95 0.94 0.94 0.92 0.95

P1-1 0.86 0.91 0.88 0.92 0.96

P1-2 0.84 0.86 0.85 0.91 0.95

P2 0.88 0.93 0.90 0.91 0.95

P3 0.85 0.93 0.88 0.91 0.96

AI, artificial intelligence; P1-P3, pathologists 1, 2, 3, respectively; P1-1, pathologist 1, first evaluation; P1-2, pathologist 1, second 
evaluation. 

Five-class prediction compared to pathologists (Table S2)

This table compares the performance of our AI model to individual pathologists in terms of precision (positive predictive 
value). While the table provides specific values, further insights and visualizations of these results are presented within the main 
manuscript.

Table S2 Five-class prediction pipeline results: performance metrics of AI pipeline versus pathologists

Evaluator Precision/PPV Sensitivity/recall F1 Accuracy Specificity

AI 0.80 0.80 0.77 0.70 0.93

P1-1 0.76 0.76 0.72 0.86 0.96

P1-2 0.73 0.71 0.71 0.84 0.96

P2 0.81 0.88 0.83 0.86 0.96

P3 0.75 0.84 0.78 0.86 0.97

AI, artificial intelligence; P1-P3, pathologists 1, 2, 3, respectively; P1-1, pathologist 1, first evaluation; P1-2, pathologist 1, second 
evaluation.
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Appendix 4 Strengths and limitations of the proposed AI pipelines

Our AI pipeline leveraged several strengths to achieve promising results. However, limitations remain, highlighting the need 
for further research, particularly in addressing the generalizability of the model to rarer leukemia types and diverse patient 
populations, as presented in Table S3.

Table S3 Strengths and limitations of the ai pipelines for leukemia classification 

Strengths Limitations

1. Largest leukemia dataset with the four most common clinically 
relevant types of leukemia (AML, ALL, CLL, and CML)

1. Uncertain criteria for reactive cell identification, which may have 
led to the misclassification of some images in the training data

2. De-identified images of peripheral blood smear used instead of 
bone marrow aspirate, reducing the invasiveness and increasing the 
reach

2. No testing on post-chemotherapy and relapsed cases, which 
may have altered morphological features

3. Consistent method for acquiring all images and reproducible 
dataset, facilitating the replication and validation of the method

3. No testing on patients with end-stage organ failure, which may 
affect the quality and interpretation of the peripheral blood smear 
images

4. Prediction based on holistic analysis of whole slides mimicking 
human experts, which improves accuracy and reliability of the 
diagnosis

4. Only trained and tested on four common types of leukemia, 
and may not be able to classify rare or complex cases, such as 
transformed leukemia or myelodysplastic syndrome 

5. External validation of the methods using new dataset, 
demonstrating the generalizability and robustness of the method

5. Single-center training and testing, which may limit the diversity 
and representativeness of the data

6. Generalizable and scalable model, which can be applied to other 
types of leukemia or blood disorders with modifications

Appendix 5 Future research directions

Beyond the current work, future research avenues should aim to further refine and enhance the development of clinically 
applicable ML models for leukemia classification. This includes:

1.	 Automation and standardization: implement automated image acquisition and loading pipelines to seamlessly integrate 
with the prediction model. This will enhance adaptability and promote standardization in image quality.

2.	 Scalability and disease coverage: investigate the inclusion of additional haematological disorders such as iron deficiency 
anaemia, megaloblastic anaemia, beta thalassemia, sickle cell disease, and haemolytic anaemia. 

3.	 Multimodal data integration: explore the integration of multi-modal data, including clinical information, molecular 
profiles, and genetic test results, to augment model performance and build trust in its predictions. 

4.	 Cell segmentation and enumeration: incorporation of cell segmentation algorithms to quantify specific cell populations 
of interest. This can refine model performance in challenging cases and facilitate the inclusion of diseases like 
myelodysplastic syndromes, where cell counts are crucial for diagnosis.

5.	 Generalizability: conduct multicentre studies to evaluate the AI’s performance on external datasets from diverse 
geographic and clinical settings. This will ensure real-world applicability across various healthcare systems.

6.	 Model evolution and refinement: design systems where ML models can continuously learn and evolve alongside the 
emergence of new leukemia subtypes or variants. 


