
• Early detection of acute leukemia (AL) is crucial for 

timely intervention in the disease course [1,2]. 

• Integrating machine learning (ML) predictive 

modeling holds the potential to revolutionize early 

screening and rapid detection of AL, thereby 

reducing the delay for higher-center referral [3,4,5].

INTRODUCTION 

AIM

1. To assess the utility of leukocyte cell population 

data (CPD) through ML models in detecting AL. 

2. To subclassify AL into acute myeloid leukemia 

(AML) and acute lymphoid leukemia (ALL) based 

on CPD morphometry at a premicroscopic level.
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METHOD

• A total of 1211 cases were analyzed, of which 810 

were confirmed cases of AL by morphology, 

immunophenotype, and/or molecular methods. 

• The remaining 401 cases were benign. Standard 

leukocyte parameters and CPD from a Sysmex 

XN1000 analyzer (WDF Channel) were analyzed 

individually across each disease category (AML, ALL, 

Benign). 

• Statistical and data visualization tools, including heat-

map and UMAP 2-dimensional projection, were used. 

• Different machine learning models (LightGBM, 

CatBoost, TabNet, XGBoost), were trained for disease 

categorization, and the best model was selected 

based on the accuracy on the test set using k--fold 

cross validation (k=5). 

• The Shapley tool was used to assess the contribution 

by each feature for better AL prediction.

RESULTS 

. 

Table. 1 Training and test performance of various ML models for predicting disease categories 

CONCLUSIONS

• The leukocyte CPD-based ML model enhances early prediction of 

AL and its lineage differentiation at a pre-microscopic level. 

• Integrating ML algorithms into a hematology analyzer offers a rapid, 

reliable, and cost-effective tool for both detecting and differentiating 

acute leukemia on one platform.

• This approach reduces subjectivity and is especially valuable in 

areas with few experts, shortening the time needed for further 

characterization and final diagnosis through immunophenotype and 

molecular studies.
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Among the compared models, XGBoost showed the best performance with an overall 

test sensitivity and specificity of 88% and 94% respectively and for each of the classes 

AML, ALL and Benign, the ROC-AUCs were 0.88, 0.87, 0.99 respectively.

Fig 3. Feature analysis revealed that NE-WY, MO-WZ, LYMPH, NE-WZ, NEUT, and 

MONO# have significant impact on the disease classification.

Fig .1 (a) Feature-wise median disease category and the corresponding (b) heat 

map obtained with min-max standardization

Fig .2 Confusion matrices of selected ML models along with sensitivity of each classes: 

AML-85%, ALL- 80%, Benign-99%.
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