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ABSTRACT

Problem: Preterm birth is the leading cause of death and can result in significant long-
term loss of physical and psychological capacity among survivors.

Background: An estimated 15 million babies are born preterm every year. Prediction
models based on machine learning methods have reported promising results.

Aims: To identify risk factors associated with preterm birth and to develop and validate
a prediction model for this outcome in a Brazilian birth cohort.

Methods: Cross-sectional study of all births that occurred in Ribeirdao Preto-SP and of
one in three births that occurred in Sdo Luis-MA, Brazil, in 2010. Questionnaires were
applied to obtain pregnancy-related data. Multivariate adaptive regression splines were
used to determine the independent variables. Preterm birth, defined as birth before 37
weeks gestational age, was the dependent variable. A random forest model was
developed and its performance was evaluated by ROC analysis.

Findings: The preterm birth rates were 12.7% (RP) and 14.1% (SL). The prediction and
validation accuracies of the RF-based model were 91.3% and 85.5% respectively. The
model can be applied starting in the third month of gestation and is more effective in
identifying preterm infants with GA<31 weeks and 6 days (AUC=0.98).

Discussion: It was possible to build a prediction model based on easily accessible low-
cost data, without the need for complementary tests, providing results similar to those of
other studies.

Conclusions: Previous preterm birth and prenatal care were determinants. The use of an
application for individualized patient monitoring an early stage can have positive effects

on the quality of life of mother and child.
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INTRODUCTION

The World Health Organization (WHO) defines preterm birth (PTB) as the result of a
pregnancy in which childbirth occurs before 37 completed (1). The incidence of PTB ranges from 5
to 10% in high income countries and can reach 18% in low/middle countries. In Brazil, according to
data from the Live Birth Information System (SINASC), this indicator showed a slight increase in
recent years, with a PTB rate of 11.11% in 2017, 11.15% in 2018, and 11.23% in 2019 (2).

Preterm birth accounts for 35% of neonatal deaths and for approximately 16% of all deaths.
Surviving newborns are at higher risk of developing short- and long-term morbidities (3). However,
according to the WHO, more than three-quarters of preterm newborns can be saved, given that care
1s provided during the prenatal period and childbirth (4).

Since the etiology of PTB involves different sociodemographic, nutritional, biological and
environmental factors, its causes are not fully understood (5). For this reason, the development of
computer models to predict and aid in decision-making, with a focus on pregnancy outcome, is a
matter of great interest for health professionals and public administrators. Identifying risk factors
and determining which women are a priority for obstetric management, intensified monitoring,
and/or some type of intervention are essential to reduce the rates and costs of PTB (6), as is the
identification of women at low risk of PTB for standard follow-up.

In order to achieve more precise, personalized outcomes, the application of predictive and
prognostic instruments, which rely on advanced statistical and computational methodologies, have
proven to enhance clinical decision-making by effectively estimating probable patient outcomes.
(7). The prediction of PTB has been a matter of great interest since the 1970s (8). Several studies
have explored different combinations of analysis methods and data types in order to improve the
prediction result (9-11). In recent years, studies using machine learning-based methods have
reported promising results, with accuracies ranging from 85 to 99% (8, 12—14). In Brazil, studies
applying prediction methods to local data are still incipient. Predictions are made based on the
individual clinical characteristics of each pregnant woman, such as exams, laboratory indicators,
and ultrasonography (15-17).

The aim of the present study was to identify determinants of PTB in a population-based

Brazilian birth cohort, and to develop a machine learning model for predicting prematurity.

METHODS

Participants
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This is a cross-sectional that used data from the BRISA birth cohort (Brazilian Ribeirdao
Preto and S3o Luis Birth Cohort Studies), which was conducted in 2010 simultaneously in two
cities, Ribeirdo Preto (State of Sdo Paulo) and Sao Luis (State of Maranhdo), the details of
recruitment and cohort attrition have been described elsewhere (18). In the present study, data from
the Ribeirdo Preto (RP) birth cohort were used for analysis and development of the predictive
model and data from the Sao Luis (SL) cohort for validation of the model.

The dataset used for development of the model included 257 variables related to the
pregnant woman from RP. Among childbirth and newborn characteristics, only gestational age (GA)
was included in the analysis. A total of 7,699 mothers were interviewed, including mothers of
stillborn infants and twins. The exclusion criteria were the lack of information about GA (19
participants) and mothers who did not answer the questionnaire (29 participants). The study thus
included the information from 7,651 women, with a loss of 0.5%.

The BRISA thematic project was approved by the local Ethics Committees. The present

study was approved by the same local Ethics Committee.

Dependent variable

The PTB variable was created by categorization of GA, with birth occurring before 37
completed weeks of gestation or 259 days being defined as preterm. The GA was calculated using
two sources of information: GA calculated from the date of the last menstruation reported by the
mother during the interview, and/or GA calculated by gestational ultrasound (USG) performed early

during pregnancy and provided by the mother at the time of the interview (19,20).

Selection of predictors

Feature selection was applied to obtain the predictors of a possible risk of PTB and to
subsequently create the prediction model. In this analysis, all variables present in the database that
precede the outcome are used and the result obtained is a list of predictor variables. Multivariate
adaptive regression splines (MARS) were used (21). To measure how important a particular
predictor is for the outcome, the generalized cross-validation (GCV) parameter was calculated (22).

Other variables that have been well established in the literature as risk determinants of PTB
were added to these first variables, namely maternal smoking before and during pregnancy,
mother’s age (23), number of weeks without work at the end of pregnancy (24), month of onset of
prenatal care, and the number of prenatal ultrasounds (25). This combination of variables composes

the model developed in the present study.
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Statistical analysis

Exploratory analyses were performed using the Stata 14 software (College Station, TX,
USA). The R software (version 3.6.1) was used for computational modeling, the Earth package
(version 5.1) for feature selection, the Random Forest package (version 4.6) for model
development, and the Caret package (version 6.0) to generate the evaluation metrics of the model.
Receiver operating characteristic (ROC) curves were constructed and the areas under the curve
(AUC) were calculated to determine the best time during pregnancy for application of the model, as
well as the detection performance for each PTB category. Descriptive statistics were used for
characterization of the sample. Differences between the PTB and term groups were evaluated by the

chi-squared test and the unpaired Student #-test.

Prediction model development

The prediction problem was established as a binary classification, i.e., whether or not the
pregnant woman will have a PTB. The chosen algorithm, random forest (RF), belongs to the class
of supervised learning algorithms. This algorithm “learns” the mapping function from the input to
the output (26). To assess the generalization ability of the model, k-fold cross-validation was
applied, in this study, five sets were used.

After development of the model, a confusion matrix was created and the positive attribute
was defined as 1 to indicate that class PTB in the variable. The following metrics were evaluated:
sensitivity, specificity, accuracy, positive predictive value (PPV), and negative predictive value
(NPV). Validation was performed with a subset of women from the BRISA birth cohort of SL (n =
5,212) using the same set of variables and the same evaluation metrics as employed in the RP

model.

RESULTS

Considering all births that occurred in the BRISA cohort in 2010, there were 12.7% and
14.1% PTB in RP and SL, respectively. Feature selection analysis indicated the predictors of PTB
risk described in Table 1. The main predictor was a history of PTB. The RF-based prediction model
achieved 90.8% accuracy, 68.5% sensitivity and 93.1% specificity, with PPV and NPV of 50.5%
and 96.6%, respectively, for identifying possible PTB. Validation showed 85.5% accuracy, 48%
sensitivity, 89.5% specificity, PPV of 32.6%, and NPV of 94.2% (Table 2).
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Among the most important characteristics of mothers from RP, 61% of those with PTB
reported previous PTB versus only 7.3% of term mothers (p<0.001) and 52% had threatened PTB
during the current pregnancy versus 8.7% of term mothers (p<0.001) (Table 3).

The absence of prenatal care was approximately six times greater in the group of PTB
mothers compared to the term group (4.7% vs. 0.8%, p<0.001). Prenatal care in the public sector
was more common among mothers of children born at term and private care was more common
among mothers of PTB infants (p<0.001). The first prenatal consultation of mothers of PTB infants
occurred before that of mothers in the term group (p=0.02). However, the mean number of visits
was higher for term mothers in the second (p<0.001) and third trimester of gestation (p=0.002).

With respect to maternal smoking, pregnant women with PTB smoked more before
(p<0.001) and during pregnancy (p<0.001) than mothers of term infants. The need for
hospitalization during pregnancy was three times higher among other with PTB (21.4% vs. 7.45%,
p<0.001). Arterial hypertension during pregnancy was more frequent among pregnant women with
PTB compared to women in the term group (22.9% vs. 11%, p<0.001), as were other diseases
during pregnancy (22.5% vs. 18.6%, p<0.001). The characteristics of mother from SL are shown in
Supplemental Table 1.

ROC analysis showed that the performance of the prediction model increased with
advancing pregnancy, 3 months (AUC = 0.78), 6 months (AUC = 0.82), and 9 months (AUC =
0.83). Regarding its performance in detecting PTB based on GA category, the prediction model was
more accurate in identifying extremes and very preterm infants (GA < 31 weeks and 6 days, AUC =
0.98), followed by moderately preterm infants (GA between 32 and 33 weeks and 6 days, AUC =
0.85), finally, late preterm infants at GA between 34 and 35 weeks and 6 days (AUC = 0.84) and
GA within the interval of 36 weeks only (AUC = 0.74).

DISCUSSION

This study used the RF model to analyze PTB based on the data of a population birth cohort.
The accuracy of this model was 90.8%. The determinants of the model were obtained by predictor
selection. The study explored a large set of sociodemographic, educational, health-related, obstetric
and lifestyle determinants of the pregnant woman and her partner. The result of predictor selection
showed a predominance of factors directly related to PTB (e.g., a history of PTB, maternal
morbidities and factors related to prenatal care) over indirect factors (e.g., number of weeks without
work at the end of pregnancy and number of living children).

The results indicate that the necessary preventive measures come down to adequate prenatal

monitoring and that this prediction model would be ideally used to support the decision-making of
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health professionals in primary and secondary care during prenatal consultations. Also, since the
prediction model had a high NPV (98%), it may routinely be used to identify false positives that can
result in unnecessary follow-up and/or treatment of pregnant women.

In a study of 596 patients, Lee and Ahn (2019) obtained an accuracy of the RF model of
89.2%. The model included information about sociodemographic factors, lifestyle, morbidities
during pregnancy, previous PTB, and obstetric data (27). A second study by the same group (2020)
involving a sample of 731 patients obtained an accuracy of 86.8% also using RF. In addition to the
data used in the previous study, the authors included education, income, periodontal data,
gastroesophageal reflux disease, pelvic inflammation, and medicalization history (28). Using a
model similar to those mentioned above, the accuracy obtained in the present study was higher
(90.8%). Although the present study and the other two cited reports used gestational data,
differences in the combination of factors in the prediction models, in the size of the samples studied,
and in the adjustments of the models may explain the differences between metrics.

Since information on prenatal characteristics, morbidities, socioeconomic data and lifestyle
used in the prediction model is already part of routine monitoring and is collected during the
consultations of pregnant women, there are no costs of data collection, a fact permitting the use of
this prediction model in primary care at national level. A total of 18 items are required for use of the
model; all items are reported in the literature to have a strong relationship with PTB. Previous PTB
and threatened PTB during the current pregnancy (29), social class, month of onset and number of
prenatal visits in the second and third trimester of gestation, type of service where delivery occurred
and number of ultrasounds performed throughout prenatal care (30,31), number of fetuses (32),
hospitalization during pregnancy, occurrence of diseases during the current pregnancy and
gestational hypertension (33,34), smoking before and during pregnancy and mother’s age (23,35),
recommendation of anemia medication (36), number of weeks without work at the end of
pregnancy (37), and number of living children. It should be noted that some of these characteristics
change during pregnancy; thus, the information available at the time of consultation should be used
for modeling (Figure 1).

Validation of the predictive model using the information of pregnant women from SL
showed 85.5% accuracy, with high specificity and a high NPV, as also observed in RP. Differences
in values might be attributed to the higher prevalence of PTB in SL compared to RP (14.1% vs.
12.7%), in addition to possible cultural and economic differences between the two Brazilian
regions.

The present study has some limitations. Its cross-sectional design may have interfered with
the prediction accuracy. This study did not consider temporal information about some variables.

Also, did not consider possible correlation and mediation effects between variables in the analyses



SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.7882

6

since both RF and MARS are techniques that are not affected by these effects. However, even with
limitations, it was possible to explore the situations during the care of the pregnant woman and to
build a prediction model based on easily accessible low-cost data, without the need for
complementary tests, providing results similar to those of other studies (7,12,14). Model
simulations at different times during the prenatal period (Figure 1) showed that the result is already
acceptable by the third month of pregnancy and improves over the course of pregnancy as new
prenatal data are obtained.

A web-based computer application was developed for use of the prediction model. The
information of the pregnant woman is entered into the app, which then performs the prediction
based on the model developed and answers whether or not the woman will have a PTB. The use of
the prediction model with its high specificity and NPV during pregnancy monitoring may avoid the
overuse of medications and treatments and reduce PTB rates and high healthcare costs during
pregnancy and during neonatal ICU stays (38).

Studies indicate that obtaining information in primary care for the correct distinction
between clinical care and the prevention of future diseases is essential for quaternary prevention
(39,40). Changes in classification criteria, cutoff points for the definition of risk states or even
programmed medical interventions can generate confusion and harm for healthy pregnant women
(40,41), diverting resources for the care of individuals with real needs, in addition to increasing the
risk of iatrogenic damage. The performance of the predictive model based on GA categories
corroborates this information (Figure 2), with the model showing a better performance in
identifying PTB at a younger GA and the real need for hospitalization (AUC = 0.98). With
advancing GA, the performance of the predictive model decreases, close to the transition between
PT and term delivery (thirty-sixth week) the predictive model shows a reduction in performance
(AUC = 0.74), the time when the risk of iatrogenic damage is highest (41).

In conclusion, factors such as previous and threatened PTB, as well as prenatal care, were
determinants of PTB in this study. Despite a practically universal prenatal follow-up rate in this
population, the health-related indicators and place where the service is performed seem to influence
PTB. The use of a web-based application for individualized patient monitoring can have positive

effects on the quality of life of the mother-infant binomial and possibly reduce healthcare costs.
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Table 1: Variables identified by predictor selection. BRISA cohort, Ribeirdo Preto, 2010.

Variable (attribute) Variable importance based on GCV*

Previous preterm birth 100
Threatened preterm birth during current pregnancy 58.1
Number of fetuses 42.4
Number of prenatal visits in the third trimester 34.8
Type of prenatal care service 28.4
Hospitalization during pregnancy 25.4
Morbidities during pregnancy 20.4
Number of living children 18.7
Iron supplementation for anemia treatment 17.3
Number of weeks without work at the end of pregnancy 13.9
Arterial hypertension during pregnancy 12.2
Number of prenatal visits in the second trimester 8.1

*GCV — generalized cross-validation.
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Table 2: Performance of the model for predicting preterm birth. BRISA cohort, Ribeirdo Preto, 2010.

Accuracy Sensitivity Specificity PPV NPV
RP 90.8 68.5 93.1 50.5 96.6
SL 85.5 48.0 89.5 32.6 94.2

RP — Ribeirdo Preto; SL — Sdo Luis; PPV — positive predictive value; NPV — negative predictive value.
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Table 3: Characteristics of the pregnant women. BRISA cohort, Ribeirdo Preto, 2010.

Variable Term, N (%) Preterm, N (%) p-value
6,679 (87.3) 972 (12.7)

Previous preterm birth <0.001
Yes 487 7.3 593 61.0
No 6,104 914 363 374

Threatened preterm birth during pregnancy <0.001
Yes 581 8.7 505 52
No 6,084 91.1 451 46.4

Prenatal care <0.001
Yes 6,625 99.2 926 95.3
No 54 0.8 42 4.7

Type of prenatal service <0.001
Public 3,653 54.7 440 45.3

Private 2,958 443 482 49.6

Did not receive prenatal care 54 0.8 50 4.7
Hospitalization during pregnancy <0.001
Yes 497 7.45 208 21.4
No 6,178 92.5 762 78.4
Morbidities during pregnancy <0.001
Yes 1,242 18.6 219 22.5
No 5,423 81.2 748 77
Hypertension during pregnancy <0.001
Yes 735 11 223 22.9
No 5,930 88.8 742 76.4
Recommendation of anemia medication <0.001
Yes 4,374 65.5 569 58.6
No 2,237 33.5 349 359

Did not receive prenatal care 54 0.8 46 4.7

Maternal smoking before pregnancy <0.001
Yes 1,296 19.4 247 25.4
No 5,383 80.6 724 74.5

Maternal smoking during pregnancy <0.001
Yes 735 11 164 16.9
No 5,944 89 807 83

Number of weeks without work at the end of

<0.001

pregnancy

First trimester 33 0.5 5 0.5

Second trimester 123 1.85 30 3.1

Third trimester 2,274 34 254 26.2

Worked throughout pregnancy 1,104 16.5 225 23.2

Did not work during pregnancy 3,112 46.6 446 46

Mean (SD)

Number of prenatal visits in the second trimester 2.6 1.12 2.5 1.5 <0.001
Number of prenatal visits in the third trimester 4.35 2.05 2.9 2.1 0.002
Number of fetuses 1 0.06 1.1 0.3 <0.001
Number of living children 1.8 2.6 3.01 1.2 <0.001
Maternal age (years) 27 6.23 27.2 6.44 0.32
Month of onset of prenatal care 2.5 1.41 2.4 1.5 0.02
Number of ultrasounds during pregnancy 4.1 1.65 4.4 2 <0.001

* The total number varies because of missing information for some categories of the variables.
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Figure 1: Receiver operating characteristic (ROC) curves for use of the prediction model at three different times during

pregnancy: 3 months (red line, AUC = 0.78), 6 months (blue line, AUC = 0.82), and 9 months (green line, AUC = 0.83).
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Figure 2: Receiver operating characteristic (ROC) curves for assessing the performance of the model in detecting preterm birth according to gestational age (GA). Pink line (GA < 31
weeks and 6 days, AUC = 0.98), green line (GA > 32 and < 33 weeks and 6 days, AUC = 0.85), blue line (GA > 34 and < 35 weeks and 6 days, AUC = 0.84), and red line (GA within
the interval of 36 weeks, AUC = (0.74).
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Supplemental Table 1: Characteristics of the pregnant women. BRISA cohort, Sao Luis, 2010.

Variables Term, N(%) Preterm, N(%) p-value
4,477 (85.9) 735 (14.1)

Previous preterm birth <0.001
Yes 437 9.8 369 50.2
No 4,024 90.2 366 49.8

Threatened preterm birth during pregnancy <0.001
Yes 417 9.3 313 42.6
No 4,055 90.7 421 574

Prenatal care <0.001
Yes 4,403 98.3 702 95.5
No 74 1.7 33 4.5

Type of prenatal service 0.609
Public 3,596 80.3 567 77.2

Private 806 18.0 134 18.3

Did not receive prenatal care 74 1.7 33 4.5
Hospitalization during pregnancy <0.001
Yes 371 8.3 107 14.6
No 4,105 91.7 628 85.4
Morbidities during pregnancy 0.173
Yes 270 6.0 35 4.8
No 4,204 94.0 700 95.2
Hypertension during pregnancy <0.001
Yes 687 15.3 176 24.0
No 3,789 84.7 558 76.0
Recommendation of anemia medication 0.901
Yes 4,009 89.6 640 87.2
No 389 8.7 61 8.3

Did not receive prenatal care 74 1.7 33 4.5

Maternal smoking before pregnancy 0.163
Yes 415 9.3 80 10.9
No 4,061 90.7 654 89.1

Maternal smoking during pregnancy 0.001
Yes 167 3.7 46 6.3
No 4,310 96.3 689 93.7

Number of weeks without work at the end of

pregnancy 0.001
First trimester 29 0.65 0 0

Second trimester 73 1.6 12 1.6

Third trimester 970 21.7 132 18

Worked throughout pregnancy 365 8.2 87 11.8

Did not work during pregnancy 3,028 67.8 503 68.5

Mean (SD)

Number of prenatal visits in the second trimester 2.54 0.97 2.47 1.05 0.123
Number of prenatal visits in the third trimester 3.1 1.36 2.53 1.3 <0.001
Number of fetuses 1 0.1 1.1 0.27 <0.001
Number of living children 1.86 1.16 1.88 1.18 0.626
Maternal age (years) 25.2 5.95 24.9 6.32 0.35
Month of onset of prenatal care 3.01 1.44 3.03 1.43 0.77
Number of ultrasounds during pregnancy 3.1 1.74 34 2.2 0.004

* The total number varies because of missing information for some categories of the variables.
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