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A Stain-Free Apoptosis Detection and Classification Method Based on
Machine Learning Technique

Feng Jingwen, Sa Yu*

(School of Precision Instrument and Opto-Electronics Engineering, Tianjin University, Tianjin 300072, China)

Abstract Cell apoptosis detection and classification are very important in biological and medical studies.
In this study, we established an apoptosis detection and classification method based on the polarization diffraction
imaging flow cytometry system and machine learning techniques, which has higher time efficiency and applicability
comparing with the previous result. K562 and HL60 cells were induced to undergo apoptosis. The cells were sorted
into three subpopulations (viable, early apoptotic and late apoptotic/necrotic cells) using fluorescence-activated cell
sorter in combination with double fluorescent stain after the apoptosis induction, and then measured by polarization
diffraction imaging flow cytometry for diffraction image acquisition. Different classification algorithms were
explored. The model performance and efficiency were analyzed to obtain a high-efficiency model. The new method
can achieve a high accuracy of 90% and has higher time efficiency. A fast stain-free apoptosis detection method was
developed. Cells after measurement and classification can be directly used in further experimental studies.
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Fig.1 A pair of diffraction image of K562 cell
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Table 1 The performance of the model with LBP features

BN Bk RS R AR HAER FET SR LA 28 T T AR
Cell line Algorithm Accuary MAE Precision Recall F1 AUC
K562 SVM (linear) 0.85 0.10 0.92+0.06 0.91£0.07 0.91+0.07 0.92+0.06

SVM (RBF) 0.90 0.07 0.94+0.07 0.93+0.08 0.93+0.08 0.95+0.08

RF 0.82 0.25 0.87+0.12 0.87+0.13 0.86+0.13 0.94+0.07

LR 0.73 0.18 0.73+0.07 0.73+0.07 0.73+0.08 0.87+0.05
HL60 SVM (linear) 0.85 0.10 0.74+0.04 0.70+0.06 0.70+0.06 0.74+0.04

SVM (RBF) 0.91 0.06 0.90+0.03 0.89+0.03 0.89+0.03 0.90+0.02

RF 0.77 0.27 0.75+0.01 0.75+0.00 0.75+0.00 0.89+0.02

LR 0.86 0.09 0.85+0.05 0.83+0.06 0.82+0.07 0.94+0.02
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Table 2 Confusion matrix of the model consisting of LBP features and SVM (RBF) on test dataset

_y K562 314 HLOOAI 4
‘amp‘ ¢ classes K562 cell number HL60 cell number
FEAZE]
\ E L/N \% E L/N
\Y4 240 7 3 493 0 5
E 26 224 0 10 205 73

VAL E: SR TR LN e AR SRS A .

V: viable cell; E: early apoptotic cell; L/N: late apoptotic/necrotic cell.
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A: the learning curve of the model on K562 cell apoptosis classification; B: the learning curve of the model on HL60 cell apoptosis classification.
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Fig.2 Learning curve of the LBP-SVM(RBF) model
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Table 3 Time efficiency of the models

FHIE RFE SIS 8] (5) RHEYERE ik FE AU R R I [ (s) FANZH ARSI ] (ms)
Feature Time for feature Teature Algorithm Time for model Time for single cell
extraction (s) dimension building (s) identification (ms)
GLCM 4.54+0.60 144 SVM (linear) 29.72+1.33 0.015 0+0.001 0
SVM (RBF) 12.91+1.64 0.014 0+0.000 6
RF 5.86+0.26 0.013 0+0.001 0
LR 17.12+0.11 0.013 0+0.001 0
LBP 1.12+0.03 1280 SVM (linear) 47.21£0.54 0.013 0+0.001 0
SVM (RBF) 39.42+0.09 0.013 0+0.001 0
RF 9.34£0.45 0.013 0+0.000 6
LR 171.37£0.40 0.014 0+0.001 0

U B N bR 22 o

The data in the table is the mean plus or minus standard deviation.
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