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Abstract

IMPORTANCE Early recognition of metabolic bone disease (MBD) in infants is necessary but
difficult; an appropriate tool to screen infants at risk of developing MBD is needed.

OBJECTIVES To develop a predictive model for neonates at risk for MBD in the prenatal and
postnatal periods and detect the pivotal exposed factors in each period.

DESIGN, SETTING, AND PARTICIPANTS A diagnostic study was conducted from January 1, 2012, to
December 31, 2021, in Shanghai, China. A total of 10 801 pregnant women (singleton pregnancy,
followed up until 1 month after parturition) and their infants (n = 10 801) were included. An artificial
neural network (ANN) framework was used to build 5 predictive models with different exposures
from prenatal to postnatal periods. The receiver operating characteristic curve was used to evaluate
the model performance. The importance of each feature was examined and ranked.

RESULTS Of the 10 801 Chinese women who participated in the study (mean [SD] age, 29.7 [3.9]
years), 7104 (65.8%) were local residents, 1001 (9.3%) had uterine scarring, and 138 (1.3%) gave
birth to an infant with MBD. Among the 5 ANN models, model 1 (significant prenatal and postnatal
factors) showed the highest AUC of 0.981(95% Cl, 0.970-0.992), followed by model 5 (postnatal
factors; AUC, 0.977; 95% Cl, 0.966-0.988), model 4 (all prenatal factors; AUC, 0.850; 95% Cl,
0.785-0.915), model 3 (gestational complications or comorbidities and medication use; AUC, 0.808;
95% Cl, 0.726-0.891), and model 2 (maternal nutritional conditions; AUC, 0.647; 95% Cl,
0.571-0.723). Birth weight, maternal age at pregnancy, and neonatal disorders (anemia, respiratory
distress syndrome, and septicemia) were the most important model 1 characteristics for predicting
infants at risk of MBD; among these characteristics, extremely low birth weight (importance, 50.5%)
was the most powerful factor. The use of magnesium sulfate during pregnancy (model 4: importance,
21.2%) was the most significant predictor of MBD risk in the prenatal period.

CONCLUSIONS AND RELEVANCE In this diagnostic study, ANN appeared to be a simple and
efficient tool for identifying neonates at risk for MBD. Combining prenatal and postnatal factors or
using postnatal exposures alone provided the most precise prediction. Extremely low birth weight
was the most significant predictive factor, whereas magnesium sulfate use during pregnancy could
be animportant bellwether for MBD before delivery.
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Introduction

Metabolic bone disease (MBD), a bone health disorder characterized by hypophosphatemia,
hyperphosphatemia, and skeletal demineralization, is commonly observed in preterm infants who
are deprived of fetal mineral accumulation.’ The incidence of MBD is related to birth weight and
ranges from 16% to 40% in very low-birth-weight (VLBW, <1500 g) and extremely low-birth-weight
(ELBW, <1000 g) infants.!

Metabolic bone disease may be due to both prenatal and postnatal factors that cause
disturbances in calcium and phosphorus metabolism, such as maternal nutrient availability, placental
insufficiency, drugs that induce bone resorption, parenteral nutrition, and neonatal disorders.?
Skeletal manifestations of MBD include osteopenia, osteoporosis, rickets, and pathologic fractures in
severe cases. In addition to a subsequent increase in bone fragility, MBD can also impair both long-
and short-term longitudinal growth of long bones.>® The negative effect on bone mineralization may
delay somatic development and increase susceptibility to other chronic diseases in adulthood.”

Screening of infants at risk of developing MBD is necessary, although diagnostic methods vary
widely in different countries and institutions.®° In addition, the late onset of clinical symptoms and
signs combined with the lack of specific biochemical markers make early recognition of MBD
challenging.>'© Although numerous epidemiologic studies”"" have identified several risk factors for
MBD during the neonatal period, little work has evaluated the prediction of their development. In
addition, traditional risk prediction models are limited in forecasting the probability of an outcome,'
especially a multifactorial disease with a context of large, high-dimensional, and imbalanced data
set.” However, they cannot quantify the importance of each feature on predicting the outcomes.'®
Furthermore, contemporary research often investigates preterm infants, using relatively small
sample sizes,” with few having studied MBD among infants in general.'®1°

Because clinical data acquired during the time frame covered by a research period may not
include all relevant risk factors, a set of accurate predictive tools for MBD applicable to different
scenarios is needed. In recent years, the artificial neural network (ANN) technique, a highly flexible
and accurate machine learning algorithm, has been widely used for diagnostic and prognostic
prediction of various diseases.?%?' An ANN simulates the behavior of biological neurons to learn and
model the nonlinear relationships between variables and allow computers to predict new data using
the learned potential patterns.?? The output value is compared with that expected output. Learning
proceeds by modifying the weight of the connections between neurons until a minimum error of the
network is reached. After training, the ANN can generate outputs (prediction) on a new data set
based on the accumulated knowledge. In some cases, ANN might provide a more accurate estimation
than conventional approaches.?

We aimed to develop serial ANN models for the risk of MBD based on the hypothesis that
exposures spanning the antenatal to postpartum periods that influence fetal bone formation might
indicate infants at higher risk for MBD. The primary objective was to identify the optimal model for
prediction; the secondary objective was to detect the pivotal exposed factors in each period by
examining the impacts of each model's features.

Methods

Study Design and Participants

After securing institutional review board approval from the Shanghai First Maternity and Infant
Hospital and the Tongji University School of Medicine, a diagnostic study was conducted in a cohort
of pregnant Chinese women from January 1, 2012, to December 31, 2021. All participants gave written
informed consent before enrollment and the data collected from them were deidentified.
Participants were recruited early in pregnancy and followed up until 1 month after parturition with
clinical data recorded at each visit. This study followed the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline.?*

[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 2/12

Downloaded from jamanetwork.com by guest on 06/03/2025


https://www.equator-network.org/reporting-guidelines/tripod-statement/

JAMA Network Open | Pediatrics Artificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

Inclusion criteria were as follows: (1) singleton pregnancy; (2) complete clinical data during the
antenatal, delivery, and postpartum periods; and (3) surviving infants with detailed values of alkaline
phosphatase. Metabolic bone disease was diagnosed as a peak serum alkaline phosphatase level
greater than 500 U/L (to convert to microkatals per liter, multiply by 0.0167)'® 72 hours after birth
measured by the 2-amino-2-methyl-1-propanol method. Women who gave birth to an infant with
MBD were selected as the case group.

Detailed calculation of the required sample size for this study is described in the eMethods in
Supplement 1. We excluded 2559 participants with twin or triplet pregnancy and 3158 with missing
data from any variables of interest. A total of 10 801 women and their infants were finally included in
the analyses (eFigure 1in Supplement 1).

Data Collection and Handling

We collected maternal and neonatal characteristics data from electronic health records for analysis
(eTable 1in Supplement 1). Characteristics included the following: (1) demographic data and previous
pregnancy history: age at pregnancy, occupation, ethnicity (on resident’s identification card), region,
prepregnancy body mass index (BMI), parity, and uterine scarring; (2) nutritional conditions during
pregnancy: anemia, deficiencies of folic acid, ferritin, and vitamin D, and supplementation of
corresponding nutrients (folic acid, iron, calcium, and vitamin D); (3) complications and
comorbidities: placenta previa, placental abruption, gestational diabetes, gestational hypertension,
kidney disease, and fever; (4) medication use during pregnancy: dexamethasone, magnesium
sulfate, antibiotics, and furosemide; (5) birth outcomes: prematurity, sex, Apgar scores (range, 0-10),
birth weight, and small for gestational age (birth weight <10th percentile at the same gestational
age); and (6) neonatal disorders: respiratory failure, anemia, septicemia, hypoglycemia or
hyperglycemia, respiratory distress syndrome (RDS), pneumonia, and hyperbilirubinemia.
Continuous independent variables, including age at pregnancy, prepregnancy BMI, Apgar score, and
neonatal birth weight, were converted into categorical variables to decrease the effect of

extreme values.

Predictor Selection

To enhance the computational efficiency of the ANN model, logistic regression analysis was first
performed to select important factors. We subsequently incorporated the putative predictive
factors, those with P < .10, into a multivariable model using the forced entry method. The association
of each factor with the risk of MBD was estimated with odds ratios (ORs) and 95% Cls. Variables with
statistical significance (P < .05) were reserved to build the ANN model.

Statistical Analysis

Dealing With Missing Data

Categorical values were presented as numbers (percentages) and were used to compare MBD and
control groups using the X2 test or Fisher exact test. To investigate the potential attrition bias from
the missing data, we repeated this testing for all factors in the full singleton cohort with imputed data
before proceeding with the main analyses. The missing data were estimated by multiple imputation
by chained equations.

ANN Model Construction

A feed-forward ANN framework was applied to construct predictive models. The model structure
comprised 3 layers. The input layer had the factors we chose for model construction as neurons, and
the output layer had 2 neurons (ie, MBD and non-MBD events). The hidden layer comprises weighted
inputs as neurons and produces a classification of the predicted event in the output layer. The total
sample was randomized into a training set (70%) for model development and a test set (30%) for
validation. The number of hidden layer neurons was determined by 100 iterations, and the BFGS
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(Broyden, Fletcher, Goldfarb and Shanno) method was applied to determine optimal model
parameters.

Predictive Model Evaluation
Under the ANN framework, model 1 was first built with significant factors selected from logistic
regression models (significant prenatal and postnatal factors). We also constructed a set of ANN
models with demographic characteristics and significant variables from different periods: (1)
maternal nutritional conditions in model 2, (2) gestational complications and comorbidities and
medication use in model 3; (3) all prenatal factors (in items 1and 2) in model 4; and (4) postnatal
factors (birth outcomes and neonatal disorders) in model 5 (eTables 2 and 3 in Supplement 1).

Model performance was reported by approaches of discrimination, calibration, and
reclassification. The area under the receiver operating characteristic curve (AUC), accuracy,
sensitivity, specificity, positive predictive value, and negative predictive value were calculated. The
optimal threshold value for the AUC to distinguish a predictive event was determined by the
maximum Youden Index. The model with the highest AUC was considered to have the best
discriminative ability. Net reclassification improvement (>0) was used to quantify the risk
classification of 2 models with similar AUCs. Calibration plots were constructed to display the
calibration performance of each model. We ranked the predictors included by feature importance
based on the Gevrey method.

All analyses were performed using R software, version 4.2.2 (R Foundation for Statistical
Computing). A 2-sided P < .05 was considered statistically significant in the analyses.

Results

Participant Characteristics

Of the 10 801 Chinese women who participated in this study (mean [SD] age, 29.7 [3.9] years), 7104
(65.8%) were local residents, 10 600 (98.1%) were of Han ethnicity, and 1001 (9.3%) had uterine
scarring (Table 1). A total of 5950 infants were male (55.1%) and 4851 (44.9%) were female. There
were 138 neonates (1.3%) with MBD; among them, only 6 (4.3%) were term infants, whereas 8094
control neonates (75.9%) were term infants. Other factors during antenatal and postpartum periods
are outlined in eTable 4 in Supplement 1. Distribution patterns of factors in the full singleton cohort
with imputed data remained essentially unchanged (eTable 5 in Supplement 1).

Putative Predictive Factors

After maternal demographic characteristics were adjusted for, the risk of having MBD offspring was
2.31(95% Cl, 119-4.48; P = .01) times higher in women who had inadequate folic acid during
pregnancy, 3.260 (95% Cl, 1.80-5.92; P < .001) times higher in those with calcium supplementation,
and 0.38 (95% Cl, 0.22-0.64; P < .001) times lower if taking iron supplements. Magnesium sulfate
use in pregnancy (OR, 1.80; 95% Cl, 1.05-3.06; P = .03) and infants with low birth weight (OR, 5.49;
95% Cl, 1.64-18.40; P = .006), anemia (OR, 3.04; 95% Cl, 1.86-5.14; P < .001), septicemia (OR, 3.00;
95% Cl, 1.51-5.96; P = .002), or RDS (OR, 6.06; 95% Cl, 3.17-11.59; P < .001) were risk factors for
developing MBD (Table 2).

ANN Predictive Models

A total of 9 significant variables were included in model 1 (significant prenatal and postnatal factors).
Model 1 exhibited the highest AUC of 0.981(95% Cl, 0.970-0.992), followed by model 5 (postnatal
factors; AUC, 0.977; 95% Cl, 0.966-0.988), model 4 (all prenatal factors; AUC, 0.850; 95% Cl,
0.785-0.915), model 3 (gestational complications and comorbidities and medication use; AUC,
0.808; 95% Cl, 0.726-0.891), and model 2 (maternal nutritional conditions; AUC, 0.647; 95% Cl,
0.571-0.723) (Table 3 and Figure 1). The net reclassification improvement was 0.205 (95% Cl, 0.067-
0.335) when comparing model 1with model 5, illustrating a better discriminative ability of model 1.
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Model 1 had a comparable sensitivity to model 5 (both 0.951; 95% Cl, 0.885-1.000) but a higher PPV
(0.260; 95% Cl, 0.190-0.330) than model 5 (0.140; 95% Cl, 0.100-0.182), supporting that it could
precisely identify neonates at higher risk for MBD with less misclassification of low-risk individuals.
Compared with model 3, model 4 included more prenatal factors and had higher sensitivity (model 4-
0.829; 95% Cl, 0.714-0.994 vs model 3: 0.683; 95% Cl, 0.540-0.825), indicating a possibly stronger
ability to recognize infants at risk for MBD before delivery. In addition, model 1and model 5 were
well calibrated according to the calibration plots (eFigures 2-6 in Supplement 1).

Alist of factors included in each model and their importance is presented in eTable 6 in
Supplement 1. The variable importance plot of model 1 (Figure 2) suggested that birth weight,
maternal age at pregnancy, and neonatal disorders are the most important characteristics for
predicting an infant at risk for MBD; among these factors, ELBW (importance, 50.5%) followed by
VLBW (importance, 7.6%) were the most powerful predictive characteristics. The factors that ranked
first were ELBW (importance, 15.1%) in model 1and use of magnesium sulfate (importance, 21.2%)
in model 4 (eTable 6 and eFigures 7-10 in Supplement 1).

Discussion

In this diagnostic study, 5 ANN models were proposed using different exposed factors obtained from
prenatal and/or postnatal periods to make early predictions regarding neonates at risk for MBD.
Model 1 (significant prenatal and postnatal factors) and model 5 (postnatal factors) showed the best
performance. If prenatal factors are unavailable, we recommend that model 1and model 5 be used
in clinical practice (postdelivery prediction) and model 4 (all prenatal factors) be used before delivery
in the study population.

The 3 suggested predictive models had an excellent discriminative ability, with a superior AUC
of 0.981in model 1and 0.977 in model 5. Currently, to our knowledge, no research has focused on
making predictions for neonates at risk for MBD using machine learning techniques; therefore, we

Table 1. Demographic Characteristics of the MBD and Control Groups

No. (%) of participants

Characteristic MBD group (n = 138) Control group (n = 10 663) P value?®
Age at pregnancy, y
<20 2(1.5) 48 (0.5)
21-30 76 (55.0) 6814 (63.9)
31-40 58 (42.0) 3722 (34.9) 03
>40 2(1.5) 79 (0.7)
Prepregnancy BMI
<18.5 10(7.2) 1358 (12.7)
18.5-23.9 88 (63.8) 7364 (69.1)
24-27.9 25(18.1) 1419 (13.3) 001
228 15 (10.9) 522 (4.9)
Ethnicity
Han 136 (98.6) 10464 (98.1)
Ethnic minority group® 2(1.4) 199 (1.9) 97
Occupation
Employed 108 (78.3) 9255 (86.8)
Unemployed 30(21.7) 1408 (13.2) 003 Abbreviations: BMI, body mass index (calculated as
Region weight in kilograms divided by height in meters
Local residents 96 (69.6) 7008 (65.7) squared); MBD, metabolic bone disease.
Others 42 (30.4) 3655 (34.3) 35 2 The difference in distribution of each variable
Parity between the MBD and control groups was tested
o with the x? test or Fisher exact test.
Primipara 101 (73.2) 8709 (81.7)
Multipara 37 (26.8) 1954 (18.3) .01 ® Ethnic r.ninor'itygroup refers to 55 otherle'thnic
groups in China except for the Han ethnicity.
[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 5/12

Downloaded from jamanetwork.com by guest on 06/03/2025


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.51849&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.51849&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.51849&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849

JAMA Network Open | Pediatrics Avrtificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

could not compare model performance. However, many researchers focused their attention on
developing practical screening tools for bone diseases in adults, such as osteoporosis, using ANN
methods and acknowledged its predictive power, especially in mass screening application.2>-2®
Another study?” found that ANN outperformed linear regression models in prediction of bone
density among postmenopausal women when more variables were imported. However, it is
challenging for ANN to scale up to recordings of thousands of neurons and to provide medical
explanations pertaining to each independent variable as linear or logistic models do.2®2° In addition,

Table 2. Putative Predictive Factors for Metabolic Bone Disease Risk From Antenatal to Postpartum Periods

Crude analysis® Adjusted analysis®
Characteristic No. (%) P value OR (95% CI) P value OR (95% Cl)
Demographic characteristics
Age at pregnancy, y©
21-30 6890 (63.8) .07 0.27 (0.06-1.12) .004 0.08 (0.01-0.43)
31-40 3780 (35.0) .18 0.37 (0.09-1.58) <.001 0.04 (0.01-0.21)
>40 81(7.5) .62 0.61 (0.08-4.46) .04 0.08 (0.01-0.84)
Prepregnancy BMI¢
18.5-23.9 7452 (69.0) .15 1.62 (0.84-3.13) .17 1.18 (0.79-3.96)
24-27.9 1444 (13.4) .02 2.39(1.15-5.00) 22 1.78(0.71-4.47)
228 537 (5.0) .001 3.90(1.74-8.74) .46 1.47 (0.53-4.06)
Unemployed® 1438 (13.3) .004 1.83(1.21-2.75) .39 1.27 (0.74-2.17)
Multipara >1 1991 (18.4) .01 1.63(1.12-2.39) .09 1.56 (0.94-2.60)
Maternal nutritional conditions
Deficiency of folic acid 765(7.1) <.001 2.53(1.60-4.02) .01 2.31(1.19-4.48)
Deficiency of vitamin D 2575 (23.8) .03 1.50 (1.05-2.16) 21 1.36 (0.84-2.19)
Supplementation of iron 3949 (36.6) .001 0.50(0.33-0.75) <.001 0.38 (0.22-0.64)
Supplementation of calcium 1013 (9.4) .004 1.95(1.24-3.07) <.001 3.26 (1.80-5.92)
Gestational complications and comorbidities
Placenta previa 249 (2.3) .008 2.66 (1.29-5.50) .25 1.67 (0.70-3.95)
Placental abruption 165 (1.5) .001 3.55(1.63-7.72) .22 0.51(0.18-1.48)
Gestational hypertension 999 (9.2) <.001 2.43(1.58-3.71) 40 1.28 (0.72-2.26)
Fever 1577 (14.6) .03 0.50(0.27-0.93) .98 0.99 (0.45-2.18)
Gestational medication use
Use of dexamethasone 1159 (10.7) <.001 6.90 (4.90-9.71) .55 0.86 (0.53-1.41)
Use of magnesium sulfate 1374 (12.7) <.001 18.02 (12.42-26.16) .03 1.795 (1.054-3.057)
Use of furosemide 357 (3.3) <.001 3.40(1.94-5.97) .58 0.81(0.38-1.73)
Birth outcomes
Prematurity 2701 (25.0) <.001 69.31(30.55-157.27) 21 2.46 (0.60-10.07)
Neonatal Apgar scores 27 10433 (96.6) <.001 0.24 (0.14-0.41) .35 0.70(0.33-1.47)
Neonatal birth weight" <.001 <.001
Low (1500-2500 g) 1480 (13.7) <.001 30.90 (15.05-63.42) .006 5.49 (1.64-18.40)
Very low (1000-1500 g) 208 (1.9) <.001 545.25(267.27-1112.33) <.001 26.33(7.50-92.42)
Extremely low (<1000 g) 29 (0.3) <.001 711.77 (265.38-1908.99) <.001 35.95 (7.78-166.15)
Neonatal disorders
Neonatal anemia 321 (3.0) <.001 47.17 (33.00-67.41) <.001 3.09(1.86-5.14)
Neonatal septicemia 123 (1.1) <.001 28.32 (17.85-44.92) .002 3.00(1.51-5.96)
Hypoglycemia or hyperglycemia 459 (4.2) .003 2.38(1.34-4.25) 47 0.75 (0.35-1.63)
Neonatal RDS 728 (6.7) <.001 91.66 (57.19-146.89) <.001 6.06 (3.17-11.59)
Neonatal hyperbilirubinemia 5634 (52.2) <.001 0.44 (0.31-0.63) .20 1.36 (0.85-2.17)
Abbreviations: BMI, body mass index (calculated as weight in kilograms divided by d Reference to BMI less than 18.5.
height in meters squared; OR, odds ratio; RDS, respiratory distress syndrome. e Reference to employed individuals.
2 Performed with a univariable logistic regression model. f Reference to non-low birth weight (=2500 g).
b Performed with a multivariable logistic regression model.
© Reference to age of 20 years or younger.
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Table 3. Comparison of the Performance of 5 Artificial Neural Network Models

Model

AUC (95% CI)

Accuracy (95% Cl)

Sensitivity (95% CI)

Specificity (95% CI)

PPV (95% CI)

NPV (95% Cl)

Model 1*
Model 2°
Model 3¢
Model 4¢
Model 5¢

0.981(0.970-0.992)
0.647 (0.571-0.723)
0.808 (0.726-0.891)
0.850(0.785-0.915)
0.977 (0.966-0.988)

0.965 (0.965-0.965)
0.571 (0.571-0.571)
0.888 (0.888-0.888)
0.753 (0.753-0.754)
0.926 (0.926-0.926)

0.951 (0.885-1.000)
0.707 (0.568-0.847)
0.683 (0.540-0.825)
0.829 (0.714-0.944)
0.951 (0.885-1.000)

0.965 (0.959-0.972)
0.569 (0.552-0.586)
0.891 (0.880-0.901)
0.752(0.738-0.767)
0.926 (0.917-0.935)

0.260 (0.190-0.330)
0.021 (0.013-0.028)
0.074 (0.048-0.100)
0.041 (0.028-0.055)
0.141 (0.100-0.182)

0.999 (0.998-1.000)
0.993 (0.990-0.997)
0.995 (0.993-0.998)
0.997 (0.995-0.999)
0.999 (0.998-1.000)

Abbreviations: AUC, area under the curve; NPV, negative predictive value; PPV, positive
predictive value.

@ Model 1included significant prenatal and postnatal factors (ie, age at pregnancy,

9 Model 4 included all prenatal factors (ie, age of pregnancy, prepregnancy body mass
index, occupation, parity, deficiency of folic acid, supplementation of iron,
supplementation of calcium, gestational hypertension, use of dexamethasone, and use

deficiency of folic acid, supplementation of iron, supplementation of calcium, use of of magnesium sulfate).

magnesium sulfate, neonatal birth weight, neonatal anemia, neonatal septicemia, and
neonatal respiratory distress syndrome).

¢ Model 5 included postnatal factors (ie, age at pregnancy, prepregnancy body mass
index, occupation, parity, neonatal birth weight, neonatal anemia, neonatal septicemia,

® Model 2 included maternal nutritional condition factors (ie, age at pregnancy, and neonatal respiratory distress syndrome).

prepregnancy body mass index, occupation, parity, deficiency of folic acid, deficiency
of vitamin D, supplementation of iron, and supplementation of calcium).

€ Model 3 included gestational complications and comorbidities and medication use
factors (ie, age at pregnancy, prepregnancy body mass index, occupation, parity,
gestational hypertension, use of dexamethasone, and use of magnesium sulfate).

Figure 1. The Receiver Operating Characteristic Curves of 5 Artificial Neural Network Models
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Figure 2. Variable Importance for Model 1 for Predicting the Risk of Metabolic Bone Disease in Neonates

Extremely low birth weight
Very low birth weight

Age 31-40y

Age >40y

Age 21-30y

Neonatal anemia

Neonatal RDS

Neonatal septicemia

Variable

Supplementation of iron

Low birthweight Model Tincludes significant prenatal and postnatal

factors (ie, age at pregnancy, deficiency of folic acid,
supplementation of iron, supplementation of calcium,
use of magnesium sulfate, neonatal birth weight,
neonatal anemia, neonatal septicemia, and neonatal
respiratory distress syndrome [RDS]).

Use of magnesium sulfate
Supplementation of calcium
Deficiency of folic acid

0 10 20 30 40 50 60
Variable importance, %

[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 7112

Downloaded from jamanetwork.com by guest on 06/03/2025



JAMA Network Open | Pediatrics Artificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

ANN needs a long processing time for large neural networks. This study considered many factors
(neurons), and the sample size had rigorous requirements when putting all these factors into ANN
models. Therefore, only the variables selected by logistic regression analysis were used as input
variables.

Our findings revealed that ELBW and VLBW had a significant influence on the risk of MBD
719.3031identified birth weight along with gestational age as the
strongest risk factors for MBD in preterm infants and recommended that infants with birth weights

during infancy. Previous studies

less than 1500 g be screened for MBD.32 Approximately 80% of fetal bone mineral accretion occurs
during the last 3 months of pregnancy, and preterm neonates will miss, partially or fully, this critical
period of bone growth.>3 Prematurity, however, was not identified as a significant predictor in this
study. We observed that 95.7% of neonates with MBD were preterm; therefore, birth weight might
be more sensible than prematurity for prediction. Although the gestational age was not included in
the analysis, its role might have been implied by prematurity combined with birth weight. We also
found no association of uterine scarring, a potential risk factor for preterm delivery,>* with the risk
of MBD.

Intrauterine mineral deficit can worsen in the postnatal period due to neonatal disorders
responsible for associated bone loss.?3> Consistent with previous results,>® we found that neonatal
RDS, anemia, and septicemia were associated with increased risk of MBD, which could be a result of
restriction in bone growth due to disease relevant therapies and induced stress responses.3”3%
Among antenatal risk factors, the use of magnesium sulfate was the most significant factor
associated with the risk of MBD in infants (model 4), highlighting its detrimental influence on
neonatal bone health.394° Maternal magnesium can influence fetal parathyroid hormone balance
and compete with calcium metabolism via crossing the placenta to fetus, consequently causing bone
atrophy in neonates.*° The deficiency of folic acid may influence normal bone formation and
growth,*! and maternal iron and calcium supplementation could help rule out or identify MBD
development in neonates. Of note, we detected a calcium-associated risk for MBD through
multivariable analysis. This risk may indicate largely inadequate calcium storage during gestation.

Strengths and Limitations

Our study had several strengths. To our knowledge, this was the first study to use artificial
intelligence models for MBD risk prediction in very early life. Given the data availability in clinical
settings, we developed a set of predictive tools tailored to different scenarios from antenatal to
postnatal periods and selected the optimal ones for application. When available, more than 95% of
MBD could be accurately predicted using fewer than 10 variables. The predictive model we
developed is a rapid and effective tool that could be applied to daily clinical practice, such as by
developing a computerized system for risk screening purposes. Another advantage was that we used
data from a long-established cohort of pregnant women (2012-2021) with a large sample size

(n =10 801). The prospective design ensured the reliability of exposed factors obtained and their
associations with MBD risk. On the basis of our results, we were able to identify some clinically
relevant predictive factors, such as birth weight and maternal use of magnesium sulfate.
Identification of these factors could allow for special monitoring of those with high-risk factors of
MBD, such as infants with low birth weight and pregnant women who are at risk of delivering preterm
or growth-restricted infants. Furthermore, MBD is not a condition limited to the preterm infant.
Unlike most MBD reports, which focus on premature births,>'® our results could be generalized to
both term and preterm infants.

Some limitations should also be noted. First, because of the absence of a bone imaging method,
the diagnosis of MBD was made by biochemical criteria based on serum alkaline phosphatase levels.
However, radiographs only reveal bone mineralization when its reduction is up to 20% to 40%*2 and
are of limited use to in the early diagnosis of MBD. Second, postnatal mineral supply,3° type of
feeding,** parenteral nutrition,'? and some important nutrient intake during pregnancy (eg,
phosphorus, magnesium, zinc, potassium, and protein) may also be involved in bone metabolism.
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These indicators require further research and generative evidence before claims are made. Given the
study purpose and strong performance of our predictive models, we suggest that current data are
sufficient to meet the goal. Third, this study included only women with singleton pregnancy in
consideration of the complicated mechanism of multiple-birth pregnancy that may introduce
unknown confounders and lead to unexplained results. Specialized, well-designed observational
studies are needed to investigate the association of multiple births with the risk of MBD. Fourth,
higher risk of mortality in preterm (compared with term) infants might bias the results. However,
because of a high level of medical care, such survivorship bias might not exist in this study because
the survival rate of neonates approaches 100% within 72 hours after birth at our institute, at which
time infants are screened for MBD. Of note, these factors are applicable to the population of study
but need to be tested in other populations and countries.

Conclusions

In this diagnostic study of 10 801 participants, ANN appeared to be a simple and efficient tool to
identify neonates at risk of MBD and could therefore effectively help with preventive efforts.
Combining prenatal and postnatal factors or using postnatal exposures alone provided the most
precise prediction. The most important predictor was ELBW. The use of magnesium sulfate during
pregnancy was a significant predictor for the risk of MBD when postnatal factors were unavailable.
However, further investigations are warranted to validate these findings in other populations.

ARTICLE INFORMATION
Accepted for Publication: November 29, 2022.

Published: January 23, 2023. doi:10.1001/jamanetworkopen.2022.51849

Open Access: This is an open access article distributed under the terms of the CC-BY License. © 2023 Jiang H
et al. JAMA Network Open.

Corresponding Author: Jing Hua, MD, PhD (jinghua@tongji.edu.cn), and Hao Ying, MD, PhD
(stephenying 2011@163.com), Department of Mother and Children’s Health Care, Shanghai First Maternity and
Infant Hospital, School of Medicine, Tongji University, 2699 West Gaoke Rd, Shanghai 201204, China.

Author Affiliations: Department of Mother and Children's Health Care, Shanghai First Maternity and Infant
Hospital, Tongji University School of Medicine, Shanghai, China (Jiang, Guo, J. Li, C. Li, Ying, Hua); Department of
Epidemiology, School of Public Health, Fudan University, Shanghai, China (Jiang); Department of Psychology,
Nottingham Trent University, Nottingham, United Kingdom (Du, Baker); Department of Pediatric Orthopedic
Surgery, Lille University Hospital and Faculty of Medicine, Lille, France (Canavese); Faculty of Medicine, Jeanne de
Flandre Hospital, Rue Eugéne Avinée, Lille, France (Canavese).

Author Contributions: Drs Hua and Ying had full access to all of the data in the study and take responsibility for
the integrity of the data and the accuracy of the data analysis. Drs Jiang, Guo, and J. Li contributed equally to
this work.

Concept and design: Guo, Du, Hua, Ying.

Acquisition, analysis, or interpretation of data: Jiang, Guo, J. Li, C. Li, Canavese, Baker.
Drafting of the manuscript: Jiang, Guo, Du, Canavese.

Critical revision of the manuscript for important intellectual content: All authors.
Statistical analysis: Jiang, Guo, C. Li.

Obtained funding: Du, Hua, Ying.

Administrative, technical, or material support: Guo, J. Li, Canavese, Hua, Ying.
Supervision: Guo, J. Li, Hua, Ying.

Conflict of Interest Disclosures: Dr Canavese reported serving as the general secretary of the European
Paediatric Orthopaedic Society General Secretary and as a deputy editor for Orthopaedics & Traumatology: Surgery
& Research outside the submitted work. No other disclosures were reported.

[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 9/12

Downloaded from jamanetwork.com by guest on 06/03/2025


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.51849&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://jamanetwork.com/pages/cc-by-license-permissions/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
mailto:jinghua@tongji.edu.cn
mailto:stephenying_2011@163.com

JAMA Network Open | Pediatrics Artificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

Funding/Support: This study was supported by grant 81673179 from the National Natural Science Foundation of
China (Dr Hua), grant 21DZ2202000 from the Science and Technology Commission of Shanghai Municipality (Dr
Hua), grant 2020YJZX0213 from the Shanghai Municipal Health Commission (Dr Hua), grant PW2020D-11 from
the Pudong Municipal Health Commission (Dr Hua), and grant SHDC2020CR1047B from the Shanghai Shenkang
Hospital Development Center (Dr Hua).

Role of the Funder/Sponsor: The funding sources had no role in the design and conduct of the study; collection,
management, analysis, and interpretation of the data; preparation, review, or approval of the manuscript; and
decision to submit the manuscript for publication.

Data Sharing Statement: See Supplement 2.

REFERENCES
1. Rustico SE, Calabria AC, Garber SJ. Metabolic bone disease of prematurity. J Clin Trans! Endocrinol. 20141
(3):85-91.

2. Chinoy A, Mughal MZ, Padidela R. Metabolic bone disease of prematurity: causes, recognition, prevention,
treatment and long-term consequences. Arch Dis Child Fetal Neonatal Ed. 2019;104(5):F560-F566. doi:10.1136/
archdischild-2018-316330

3. Faienza MF, D'Amato E, Natale MP, et al. Metabolic bone disease of prematurity: diagnosis and management.
Front Pediatr. 2019;7:143. doi:10.3389/fped.2019.00143

4. Greer FR. Osteopenia of prematurity. Annu Rev Nutr. 1994;14:169-185. doi:10.1146/annurev.nu.14.070194.
001125

5. ChenW, Zhang Z, Dai S, Xu L. Risk factors for metabolic bone disease among preterm infants less than 32 weeks
gestation with Bronchopulmonary dysplasia. BMC Pediatr. 2021;21(1):235. doi:10.1186/512887-021-02705-0

6. Isojima T, Kushima R, Goishi K, et al. Mineral status of premature infants in early life and linear growth at age 3.
Pediatr Int. 2015;57(5):864-869. doi:10.1111/ped.12657

7. Avila-Alvarez A, Urisarri A, Fuentes-Carballal J, Mandia N, Sucasas-Alonso A, Couce ML. Metabolic bone disease
of prematurity: risk factors and associated short-term outcomes. Nutrients. 2020;12(12):3786. doi:10.3390/
nu12123786

8. Rayannavar A, Calabria AC. Screening for metabolic bone disease of prematurity. Semin Fetal Neonatal Med.
2020;25(1):101086. doi:10.1016/j.siny.2020.101086

9. Visser F, Sprij AJ, Brus F. The validity of biochemical markers in metabolic bone disease in preterm infants:
a systematic review. Acta Paediatr. 2012;101(6):562-568. doi:10.1111/j.1651-2227.2012.02626..x

10. Kara S, Giizoglu N, Goger E, Arikan F1, Dilmen U, Dallar Bilge Y. Evaluation of bone metabolism in newborn
twins using quantitative ultrasound and biochemical parameters. J Matern Fetal Neonatal Med. 2016;29(6):
944-948. doi:10.3109/14767058.2015.1025743

11. Mutlu M, Aktiirk-Acar F, Kader S, Aslan Y, Karagtizel G. Risk factors and clinical characteristics of metabolic bone
disease of prematurity. Am J Perinatol. Published online May 11, 2021. doi:10.1055/s-0041-1729559

12. Fewtrell MS, Bishop NJ, Edmonds CJ, Isaacs EB, Lucas A. Aluminum exposure from parenteral nutrition in
preterm infants: bone health at 15-year follow-up. Pediatrics. 2009;124(5):1372-1379. doi:10.1542/peds.
2009-0783

13. Montaner Raman A. Risk factors of bone mineral metabolic disorders. Semin Fetal Neonatal Med. 2020;25(1):
101068. doi:10.1016/j.5iny.2019.101068

14. Churpek MM, Yuen TC, Winslow C, Meltzer DO, Kattan MW, Edelson DP. Multicenter comparison of machine
learning methods and conventional regression for predicting clinical deterioration on the wards. Crit Care Med.
2016;44(2):368-374. doi:10.1097/CCM.0000000000001571

15. Obermeyer Z, Emanuel EJ. Predicting the future - big data, machine learning, and clinical medicine. N Engl J
Med. 2016;375(13):1216-1219. doi:10.1056/NEJMp1606181

16. SunY, Zheng W, Zhang L, et al. Quantifying the impacts of pre- and post-conception TSH levels on birth
outcomes: an examination of different machine learning models. Front Endocrinol (Lausanne). 2021;12:755364.
doi:10.3389/fendo.2021.755364

17. Chen W, Yang C, Chen H, Zhang B. Risk factors analysis and prevention of metabolic bone disease of
prematurity. Medicine (Baltimore). 2018;97(42):e12861. doi:10.1097/MD.0000000000012861

18. Figueras-Aloy J, Alvarez-Dominguez E, Pérez-Fernandez JM, Moretones-Sufiol G, Vidal-Sicart S, Botet-

Mussons F. Metabolic bone disease and bone mineral density in very preterm infants. J Pediatr. 2014;164(3):
499-504. doi:10.1016/j.jpeds.2013.10.089

[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 10/12

Downloaded from jamanetwork.com by guest on 06/03/2025


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.51849&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://www.ncbi.nlm.nih.gov/pubmed/29159088
https://www.ncbi.nlm.nih.gov/pubmed/29159088
https://dx.doi.org/10.1136/archdischild-2018-316330
https://dx.doi.org/10.1136/archdischild-2018-316330
https://dx.doi.org/10.3389/fped.2019.00143
https://dx.doi.org/10.1146/annurev.nu.14.070194.001125
https://dx.doi.org/10.1146/annurev.nu.14.070194.001125
https://dx.doi.org/10.1186/s12887-021-02705-0
https://dx.doi.org/10.1111/ped.12657
https://dx.doi.org/10.3390/nu12123786
https://dx.doi.org/10.3390/nu12123786
https://dx.doi.org/10.1016/j.siny.2020.101086
https://dx.doi.org/10.1111/j.1651-2227.2012.02626.x
https://dx.doi.org/10.3109/14767058.2015.1025743
https://dx.doi.org/10.1055/s-0041-1729559
https://dx.doi.org/10.1542/peds.2009-0783
https://dx.doi.org/10.1542/peds.2009-0783
https://dx.doi.org/10.1016/j.siny.2019.101068
https://dx.doi.org/10.1097/CCM.0000000000001571
https://dx.doi.org/10.1056/NEJMp1606181
https://dx.doi.org/10.3389/fendo.2021.755364
https://dx.doi.org/10.1097/MD.0000000000012861
https://dx.doi.org/10.1016/j.jpeds.2013.10.089

JAMA Network Open | Pediatrics Artificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

19. Kavurt S, Demirel N, Yiicel H, Unal S, Yildiz YT, Bas AY. Evaluation of radiologic evidence of metabolic bone
disease in very low birth weight infants at fourth week of life. J Perinatol. 2021;41(11):2668-2673. doi:10.1038/
s41372-021-01065-y

20. Hu X, Cammann H, Meyer HA, Miller K, Jung K, Stephan C. Artificial neural networks and prostate cancer-tools
for diagnosis and management. Nat Rev Urol. 2013;10(3):174-182. doi:10.1038/nrurol.2013.9

21. Azimi P, Mohammadi HR, Benzel EC, Shahzadi S, Azhari S, Montazeri A. Artificial neural networks in
neurosurgery. J Neurol Neurosurg Psychiatry. 2015;86(3):251-256. doi:10.1136/jnnp-2014-307807

22. Kawakami E, Tabata J, Yanaihara N, et al. Application of artificial intelligence for preoperative diagnostic and
prognostic prediction in epithelial ovarian cancer based on blood biomarkers. Clin Cancer Res. 2019;25(10):
3006-3015. doi:10.1158/1078-0432.CCR-18-3378

23. BottaciL, Drew PJ, Hartley JE, et al. Artificial neural networks applied to outcome prediction for colorectal
cancer patients in separate institutions. Lancet. 1997;350(9076):469-472. doi:10.1016/S0140-6736(96)11196-X

24. Collins GS, Reitsma JB, Altman DG, Moons KG. Transparent reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD): the TRIPOD statement. J Clin Epidemiol. 2015;68(2):134-143. doi:10.
1016/j.jclinepi.2014.11.010

25. Shim JG, Kim DW, Ryu KH, et al. Application of machine learning approaches for osteoporosis risk prediction
in postmenopausal women. Arch Osteoporos. 2020;15(1):169. doi:10.1007/s11657-020-00802-8

26. Wang Y, WangL, SunYY, et al. Prediction model for the risk of osteoporosis incorporating factors of disease
history and living habits in physical examination of population in Chongging, Southwest China: based on artificial
neural network. BMC Public Health. 2021;21(1):991. doi:10.1186/512889-021-11002-5

27. Sadatsafavi M, Moayyeri A, Soltani A, Larijani B, Nouraie M, Akhondzadeh S. Artificial neural networks in
prediction of bone density among post-menopausal women. J Endocrinol Invest. 2005;28(5):425-431. doi:10.
1007/BF03347223

28. Benitez JM, Castro JL, Requena I. Are artificial neural networks black boxes? IEEE Trans Neural Netw.1997;8
(5):1156-1164. doi:10.1109/72.623216

29. Richards BA, Lillicrap TP, Beaudoin P, et al. A deep learning framework for neuroscience. Nat Neurosci. 2019;
22(11):1761-1770. doi:10.1038/541593-019-0520-2

30. Viswanathan S, Khasawneh W, McNelis K, et al. Metabolic bone disease: a continued challenge in extremely
low birth weight infants. JPEN J Parenter Enteral Nutr. 2014;38(8):982-990. doi:10.1177/0148607113499590

31. Wang J, Zhao Q, Chen B, et al. Risk factors for metabolic bone disease of prematurity: a meta-analysis. PLoS
One. 2022;17(6):e0269180. doi:10.1371/journal.pone.0269180

32. Abrams SA; Committee on Nutrition. Calcium and vitamin d requirements of enterally fed preterm infants.
Pediatrics. 2013;131(5):e1676-e1683. doi:10.1542/peds.2013-0420

33. Hosking DJ. Calcium homeostasis in pregnancy. Clin Endocrinol (Oxf). 1996;45(1):1-6. doi:10.1111/j.1365-2265.
1996.tb02052.x

34. Baron J, Weintraub AY, Eshkoli T, Hershkovitz R, Sheiner E. The consequences of previous uterine scar
dehiscence and cesarean delivery on subsequent births. Int J Gynaecol Obstet. 2014;126(2):120-122. doi:10.1016/j.
jg0.2014.02.022

35. Venkataraman PS, Han BK, Tsang RC, Daugherty CC. Secondary hyperparathyroidism and bone disease in
infants receiving long-term furosemide therapy. AJDC. 1983;137(12):1157-1161. doi:10.1001/archpedi.1983.
02140380017006

36. He XR, Liang C, Yu YQ, et al. [Risk factors for metabolic bone disease of prematurity in very/extremely low
birth weight infants: a multicenter investigation in Chinal. Zhongguo Dang Dai Er Ke Za Zhi. 2021;23(6):555-562.

37. Schulzke SM, Kaempfen S, Trachsel D, Patole SK. Physical activity programs for promoting bone mineralization
and growth in preterm infants. Cochrane Database Syst Rev. 2014;(4):CD0O05387. doi:10.1002/14651858.
CD005387.pub3

38. Tan JBC, Boskovic DS, Angeles DM. The energy costs of prematurity and the neonatal intensive care unit
(NICU) experience. Antioxidants (Basel). 2018;7(3):37. doi:10.3390/antiox7030037

39. Nassar AH, Sakhel K, Maarouf H, Naassan GR, Usta IM. Adverse maternal and neonatal outcome of prolonged
course of magnesium sulfate tocolysis. Acta Obstet Gynecol Scand. 2006;85(9):1099-1103. doi:10.1080/
00016340600756896

40. Yokoyama K, Takahashi N, Yada Y, et al. Prolonged maternal magnesium administration and bone metabolism
in neonates. Early Hum Dev. 2010;86(3):187-191. doi:10.1016/j.earlhumdev.2010.02.007

[5 JAMA Network Open. 2023;6(1):e2251849. doi:10.1001/jamanetworkopen.2022.51849 January 23,2023 1/12

Downloaded from jamanetwork.com by guest on 06/03/2025


https://dx.doi.org/10.1038/s41372-021-01065-y
https://dx.doi.org/10.1038/s41372-021-01065-y
https://dx.doi.org/10.1038/nrurol.2013.9
https://dx.doi.org/10.1136/jnnp-2014-307807
https://dx.doi.org/10.1158/1078-0432.CCR-18-3378
https://dx.doi.org/10.1016/S0140-6736(96)11196-X
https://dx.doi.org/10.1016/j.jclinepi.2014.11.010
https://dx.doi.org/10.1016/j.jclinepi.2014.11.010
https://dx.doi.org/10.1007/s11657-020-00802-8
https://dx.doi.org/10.1186/s12889-021-11002-5
https://dx.doi.org/10.1007/BF03347223
https://dx.doi.org/10.1007/BF03347223
https://dx.doi.org/10.1109/72.623216
https://dx.doi.org/10.1038/s41593-019-0520-2
https://dx.doi.org/10.1177/0148607113499590
https://dx.doi.org/10.1371/journal.pone.0269180
https://dx.doi.org/10.1542/peds.2013-0420
https://dx.doi.org/10.1111/j.1365-2265.1996.tb02052.x
https://dx.doi.org/10.1111/j.1365-2265.1996.tb02052.x
https://dx.doi.org/10.1016/j.ijgo.2014.02.022
https://dx.doi.org/10.1016/j.ijgo.2014.02.022
https://jama.jamanetwork.com/article.aspx?doi=10.1001/archpedi.1983.02140380017006&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://jama.jamanetwork.com/article.aspx?doi=10.1001/archpedi.1983.02140380017006&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.51849
https://www.ncbi.nlm.nih.gov/pubmed/34130775
https://dx.doi.org/10.1002/14651858.CD005387.pub3
https://dx.doi.org/10.1002/14651858.CD005387.pub3
https://dx.doi.org/10.3390/antiox7030037
https://dx.doi.org/10.1080/00016340600756896
https://dx.doi.org/10.1080/00016340600756896
https://dx.doi.org/10.1016/j.earlhumdev.2010.02.007

JAMA Network Open | Pediatrics Artificial Neural Network Modeling to Predict Neonatal Metabolic Bone Disease

41. Swart KM, van Schoor NM, Lips P. Vitamin B12, folic acid, and bone. Curr Osteoporos Rep. 2013;11(3):213-218.
doi:10.1007/s11914-013-0155-2

42. Rehman MU, Narchi H. Metabolic bone disease in the preterm infant: Current state and future directions.
World J Methodol. 2015;5(3):115-121. doi:10.5662/wjm.v5.i3.115

43. Kérnmann MN, Christmann V, Gradussen CJW, et al. Growth and bone mineralization of very preterm infants
at term corrected age in relation to different nutritional intakes in the early postnatal period. Nutrients. 2017;9
(12):1318. d0i:10.3390/nu9121318

SUPPLEMENT 1.

eMethods. Estimation of Sample Size

eTable 1. Factors Collected in the Study and the Missing Numbers

eTable 2. The Associations of Prenatal Predictive Factors With the Risk of MBD in Neonates
eTable 3. The Associations of Postnatal Predictive Factors With the Risk of MBD in Neonates
eTable 4. Clinical Characteristics of MBD Group and Control Group During Antenatal and Postpartum Periods
eTable 5. Distribution of Factors in MBD Group and Control Group: Analysis for Missing Data
eTable 6. Factors Included in Five ANN Models and Their Proportion of Variable Importance
eFigure 1. Flow Diagram of the Study Population

eFigure 2. The Calibration Plot of Model 1

eFigure 3. The Calibration Plot of Model 2

eFigure 4. The Calibration Plot of Model 3

eFigure 5. The Calibration Plot of Model 4

eFigure 6. The Calibration Plot of Model 5

eFigure 7. The Variable Importance of Model 2 for Predicting the Risk of MBD in Neonates
eFigure 8. The Variable Importance of Model 3 for Predicting the Risk of MBD in Neonates
eFigure 9. The Variable Importance of Model 4 for Predicting the Risk of MBD in Neonates
eFigure 10. The Variable Importance of Model 5 for Predicting the Risk of MBD in Neonates
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