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Forecasting of erythrocyte sedimentation rate using gated recurrent unit (GRU)
neural network

Jaejin Lee’, Hyeonji Hong~, Jaec Min Song , Eunseop Yeom'

Abstract In order to determine erythrocyte sedimentation rate (ESR) indicating acute phase inflammation,
a Westergren method has been widely used because it is cheap and easy to be implemented. However,
the Westergren method requires quite a long time for 1 hour. In this study, a gated recurrent unit
(GRU) neural network was used to reduce measurement time of ESR evaluation. The sedimentation
sequences of the erythrocytes were acquired by the camera and data processed through image
processing were used as an input data into the neural network models. The performance of a proposed
models was evaluated based on mean absolute error. The results show that GRU model provides best
accurate prediction than others within 30 minutes.
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Fig. 1. (a) Schematic setup of ESR measurement.
(b) Image acquisition process.
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Fig. 2. Structure of gated recurrent unit(GRU) network
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Fig. 4. Temporal variation of sedimentation

sequence and resampling
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Fig. 5. Statical performance of each model
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Table 1. Statistical MAE results of each model

Model
MAE
Rand FFNN  WDNN  GRU
Forest
Average 00226  0.0229 00176  0.0143
Std 0.0012  0.0024 00029  0.0020
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