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Abstract The purpose of this study was to propose a model which is suitable for the actual delivery
system by designing a fetal delivery hospital operation management and fetal health classification
model. The number of deaths during childbirth is similar to the number of maternal mortality rate of
295,000 as of 2017. Among those numbers, 94% of deaths are preventable in most cases. Therefore,
in this paper, we proposed a model that predicts the health condition of the fetus using data like heart
rate of fetuses, fetal movements, uterine contractions, etc. that are extracted from the
Cardiotocograms(CTG) test using a random forest. If the redundancy of the data is unbalanced, This
proposed model guarantees a stable management of the fetal delivery health management system. To
secure the accuracy of the fetal delivery health management system, we remove the outlier which
embedded in the system, by setting thresholds for the upper and lower standard deviations. In addition,
as the proportion of the sequence class uses the health status of fetus, a small number of classes were
replicated by data—resampling to balance the classes. We had the 4~5% improvement and as the result
we reached the accuracy of 97.75%. It is expected that the developed model will contribute to prevent
death and effective fetal health management, also disease prevention by predicting and managing the
fetus'deaths and diseases accurately in advance.
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Fig. 2. Random Forest
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Table 1. Data set

: baseline value

: accelerations

¢ fetal_movement

: uterine_contractions

: light_decelerations

¢ severe_decelerations

: prolongued_decelerations

: abnormal_short_term_variability

: mean_value_of_short_term_variability

Ol | Nl |u|~|wlo|(=|o

: precentage_of_time_with_bnormal_long_term_variabillity

10: mean_value_of_long_term_variabillity

11: histogram_width

12: histogram_min

13: histogram_max

14: histogram_number_of_peaks

15: histogram_number_of_zeroes

16: histogram_mode

17: histogram_mean

18: histogram_median

19: histogram_variance

20: histogram_tendency

21: fetal_health(class)
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Fig. 4. Visualize data distribu
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Table 2. Classification Report

precision recall fl—score support
1.0 0.99 0.95 0.97 414
2.0 0.95 0.99 0.97 400
3.0 1.00 1.00 1.00 387
accuracy 0.98 1201
macro avg 0.98 0.98 0.98 1201
weight avg 0.98 0.98 0.98 1201
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