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Predictive Model for Motor Developmental
Delayin Preterm Infants by Using Recurrent
Neural Network

Objective: The aim of this study is to develop the predictive model for motor developmental delay in
Korean preterm infants beyond neonatal intensive care unit.

Methods: The authors retrospectively investigated the medical records of premature infants who
had undergone developmental test and discharged from the single regional newborn intensive care
center. We collected 30 independent variables and the motor scale of the Korean version of Bayley
scale of infant and toddler development lIl (K-Bayley Ill). The predictive modeling was conducted by
3 steps: 1) data preprocessing, 2) training predictive models, and 3) evaluation of final performance of
each model. We used sensitivity as a primary evaluation metrics, and F1 score and area under preci-
sion-recall curve (AUPRC) as a secondary metrics.

Results: Total 359 subjects were enrolled in the study. Ten percent of subjects were below 80 in the
motor scale (coding as‘1"in the dependent variable). Recurrent neural network model showed the
best performance (sensitivity 1.00, F1 score 0.36, AUPRC 0.22). XGBoost model (sensitivity 0.71, F1
score 0.63, AUPRC 0.65) and ridge logistic regression model (sensitivity 0.71, F1 score 0.56, AUPRC
0.60) also showed good performance.

Conclusion: Machine learning approach showed good predictive value for motor delay in Korean
preterm infants. The further research by using big data from multicenter is needed.

Key Words: Premature infant, Machine learning, Child development, Clinical decision rules
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Table 1. Patient Characteristics Stratified by Motor Scale of Korean Version of Bayley Scale of Infant and Toddler Development IIl (K-Bayely 1)

Time step Variables Missing (%) Motor scale > 80 (n=323) Motor scale < 80 (n=36) P-value
Age at test (months) 2(87,9.8) 8.7(8.0,9.6) 0.01
0 Age of mother (years) 33(30, 36) 32.5(28,35) 0.14
Sex (male) 53.9(174) 52.8(19) 0.90
Number of fetus 1(1,2) 1(1,2) 073
1 PROM 33 25.1(79) 344(11) 0.25
PIH 33 21.0 (66) 28.109) 035
Gestational DM 33 1(54) 8(6) 0.82
Prenatal steroid 36 84.4 (266) 806 (25) 061"
Prenatal MgSOs 42 55.6 (174) 54.8(17) 094
2 Gestational age (weeks) 33(309,34.7) 32.1(29.1,35.6) 0.63
Inborn delivery 97.2(314) 889(32) 003"
Birth weight (g) 1,830 (1485, 2165) 1,715 (1,155, 2,470) 051"
Mode of delivery (c/sec) 91.6 (296) 889(32) 053"
Apgar score (1 minute) 6(4,7) 4(25,6) 0.01
Apgar score (5 minutes) 8(7,9 6(5,8) <001
1st body temperature (‘C) 36.8 (36.7,37) 36.8(36.7,37) 0.69
1st BGA (pH) 3(73,74) 3(73,74) 0.63
15t BGA (base excess) -4.1(-59,-2.2) -38(-5.8,-2.5) 0.86
15t CBC (WBC, cells/L) 1(74,12.7) 3(7.1,13.1) 0.76
1st CBC (MPV) 6(9.2,10.0) 10.1(9.6,10.3) <0.01
1st CBC (RDW) 1(15.5,17.2) .1(15.5,16.9) 0.71
3 RDS 455 (147) 55.6 (20) 0.25
PDA 6 (60) 36.1(13) 0.13
Medication for PDA 18.3(50) 333(8) 0.03
Ligation to PDA 1(10) 905 001"
BPD 03 2(20) 257 9) <001"
ICH 39 22.8(71) 394(13) 0.03"
PVL 404 9(11) 7Q) 066"
NEC 03 5(5) 7Q) 0.14"
Surgery for NEC 03 0(0) 9(1) 0.10"
Duration of admission 22(13.5,36) 32(11.8,57.8) 0.06

Continuous variables are presented as median (interquartile range) and statistical testing performed using Mann-Whitney U test (or independent t-test if variable has a
normal distribution). Categorical variables are presented as % (n) and statistical testing performed using the chi-square test (or Fisher's exact test if the expected cell count
was <5). The percentage of missing values is zero unless otherwise shown.
Abbreviations: PROM, premature rupture of membrane; PIH, pregnancy induced hypertension; DM, diabetes mellitus; ¢/sec, caesarian section; BGA, blood gas analysis;
CBC, complete blood cell count; WBC, white blood cell; MPY, mean platelet volume; RDW, red cell distribution width; RDS, respiratory distress syndrome; PDA, patent
ductus arteriosus; BPD, bronchopulmonary dysplasia; ICH, intracranial hemorrhage; PVL, periventricular leukomalacia; NEC, necrotizing colitis.
“Fisher's exact test; 'Independent t-test.

Table 2. Model Performance to the Test Dataset Withheld during Training

Model Sensitivity F1-Score AUPRC AUROC Accuracy Specificity PPV
Recurrent neural network 1.00 036 022 0.82 0.65 062 022
XGBoost 0.71 0.63 0.65 0.83 092 0.94 0.56
Ridge logistic regression 0.71 0.56 0.60 0.81 0.89 091 0.46

AUPRC, area under precision-recall curve; AUROC, area under receiver-operating curve; PPV, positive predictive value.
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