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ARTICLE INFO ABSTRACT
Am'd_e history: Background: Preterm birth (PTB) is a growing health issue worldwide, currently considered the lead-
Received 10 May 2021 ing cause of newborn deaths. To address this challenge, the present work aims to develop an algorithm
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capable of accurately predicting the week of delivery supporting the identification of a PTB in Brazil.
Methods: This a population-based study analyzing data from 3,876,666 mothers with live births dis-
tributed across the 3,929 Brazilian municipalities. Using indicators comprising delivery characteristics,

Keywords: primary care work processes, and physical infrastructure, and sociodemographic data we applied a ma-
Preterm Birth chine learning-based approach to estimate the week of delivery at the point of care level. We tested six
Predictive Value of Tests algorithms: eXtreme Gradient Boosting, Elastic Net, Quantile Ordinal Regression - LASSO, Linear Regres-
Primary Health Care sion, Ridge Regression and Decision Tree. We used the root-mean-square error (RMSE) as a precision.

Appraisal, Health Risk, Machine Learning Findings: All models obtained RMSE indexes close to each other. The lower levels of RMSE were obtained

using the eXtreme Gradient Boosting approach which was able to estimate the week of delivery within
a 2.09 window 95%IC (2.090-2.097). The five most important variables to predict the week of delivery
were: number of previous deliveries through Cesarean-Section, number of prenatal consultations, age of
the mother, existence of ultrasound exam available in the care network, and proportion of primary care
teams in the municipality registering the oral care consultation.
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Interpretation: Using simple data describing the prenatal care offered, as well as minimal characteristics
of the pregnant, our approach was capable of achieving a relevant predictive performance regarding the

week of delivery.
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Research in context

Evidence before this study

Prediction models may contribute to personalized risk-
based management of women at high risk of Preterm birth
(PTB). However, the results have not been accurate in most
of the studies. Many of the current models have an insuffi-
cient detection rate for application in clinical or public health
practices. Predictive models with better predictive capacity
are needed to locate women at high risk of PTB.

Added value of this study

This is the first study to develop models encompassing
data from an entire country at the primary health center
level trying to estimate the risk of PTB based on variables
from millions of records. Our model was capable of estimat-
ing the week of delivery within a 2 weeks window margin
of error. The maternal characteristics that are most predictive
were number of previous deliveries through C-Section, num-
ber of prenatal consultations, age of the mother, existence of
ultrasound exam available in the care network, and propor-
tion of primary care teams in the municipality registering the
oral care consultation.

Implications of all the available evidence

The model developed has the capability to identify the
week of delivery and the chance of PTB. Thus, it would be
possible to give an early alert enabling health professionals
to intervene with the available resources aiming to avoid the
premature delivery. Early interventions could be designed to
address risk factors related to PTB. For a policy-maker per-
spective the tool can help health managers to better manage
resources aiming to address the pregnant woman presenting
an elevated chance of PTB.

1. Introduction

In 2017, the preterm birth (PTB) rate in Brazil, 11 per 100
live births [1], was the highest in all the Latin America and the
Caribbean [2]. As in the rest of the world, the rates of PTB in Brazil
have been increasing in the past years, going from 65% in 2004
to 10-9% in 2017. This growth corresponds to a 68% increase in
cases during the same time period [2-5]. The increase in the PTB
rates has not been followed by a similar increase in the neona-
tal death rate suggesting that the increased PTB may be associ-
ated with better care [6]. This hypothesis can be supported by the
fact that better care could be responsible to increase the survival
chances of a PTB newborn [7-11]. Despite this hypothesis, the PTB

is a global public health concern and a leading cause of child death
worldwide.

The Universal Health Coverage guidelines suggests that an early
detection and adequate risk stratification of PTB could be deter-
minant to ensure quality and equity in preventive care [7-11].
Thus, early detection can be a useful approach to improve child
and maternal health in low- and middle-income countries. Early
identification of risk factors associated to PTB risk is complex task
due to the multifactorial characteristics of the phenomena. Co-
hort studies and systematic reviews have shown that the predic-
tion models for PTB have moderate discrimination [12,13], espe-
cially for nulliparous women [14]. Additionally, it is worth high-
lighting that the prediction models already developed faced a lack
of external validation [14]. This task proves to be even harder in
the public health setting where in-depth patient characteristics are
not always available. The variability of factors associated with PTB
stem from health conditions (e.g. placental dysfunction, maternal
diabetes, vascular disease, obesity, infections and inflammations),
pregnancy history (e. g. multiple pregnancies, previous PTB, vagi-
nal bleeding), sociodemographic (e. g. low education and socioeco-
nomic level, single marital status, maternal age), health habits (e.g.
smoking, alcohol use, physical and emotional stress, work habits),
and health care (e.g. quality of prenatal care, number of prenatal
care visits) [3,12,14-19]. Such a varied set of predictors thwarts the
development of accurate methods to risk stratify pregnant women
in the primary health care setting.

Most attempts to predict PTB have focused on maternal health
conditions and health habits aligned with biomarkers capacities
[20]. Thus, the ability to predict PTB from social determinants,
health care characteristics and prenatal care could be foundational
to the development of Universal Health Care in Low-and-middle
income countries. The Low-and-middle income setting is charac-
terized by a lack of sophisticated information as laboratory tests
results, ultrasound data, and anonymized electronic health records
[21]. Thus, a pilot test capable of assessing the feasibility of fore-
casting the chance of a PTB using minimal patient data may be
suitable for the challenges faced in most parts of the Low-and-
middle income countries.

Few studies have identified the importance of local-specific
contextual determinants of PTB, such as the primary health care
actions, sociodemographics variables, as well as care access [22-
25]. Considering this context, the present work aims to fill this
gap examining a pilot approach to test the feasibility of using pa-
rameters associated with primary health care, prenatal activities,
and sociodemographic aspects to forecast the week of delivery, and
thus the chance of a PTB birth.

We hypothesize that the use of current computational power
and sophisticated modeling techniques could be used to develop a
feasible risk stratification model of PTB at the Primary health care
level. Therefore, the main aim of the study is to pilot the devel-
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opment of a Machine Learning approach to predict the week of
delivery based on minimal patient data.

2. Methods

This is a secondary data analysis study using predictive al-
gorithms seeking to estimate the week of delivery of pregnant
women. To achieve this goal we conducted the study in two steps:
(1) we linked three different national level data sources contain-
ing relevant predictors of PTB; (2) training and testing of ma-
chine learning-based predictive models to identify the best accu-
rate model. The structure of the present manuscript followed the
guidelines Developing and Reporting Machine Learning Predictive
Models in Biomedical Research [26]. Ethical approval for this study
was obtained from the Federal University of Maranhdo IRB (Proto-
col # 3.172.930/2019).

2.1. Study setting and selection of participants

Centered in primary health care, the Brazilian Unified Public
Health System (SUS - acronym in Portuguese) was designed to
provide Universal Health coverage for all the population [27]. The
alignment of SUS toward the Universal Health coverage principles
arises as a unique opportunity to develop a risk stratification al-
gorithm for PTB using health systems metrics and minimal patient
data.

2.2. Data sources and variables

Three national level data sets were linked aggregating data from
four different groups of variables: prenatal care procedures per-
formed in primary care facilities, physical infrastructure of primary
care facilities, women health and delivery characteristics, and so-
ciodemographic characteristics of Brazilian municipalities (Supple-
mentary material 1). Our analysis unit were mothers with chil-
dren born alive during the years of 2012, and 2014 in municipali-
ties participating in the Access and Quality Improvement Program
- (PMAQ - acronym in Portuguese).

The PMAQ is a monitoring survey conducted every two years
in Brazil to evaluate the quality of all primary care teams in terms
of human resources available, work process and physical structure
available to offer care services [28,29]. The PMAQ data covered a
total of 17,202 primary care teams, across 3,944 municipalities in
2012, and 29,778 teams in 5,040 municipalities for 2014.

Data about women’s health and delivery characteristics were
obtained through the Live Births Information System (SINASC -
acronym in Portuguese) [1]. Through the SINASC we were able to
get information about the duration of the pregnancy, the new-
born weight, mother’s age, institutional births, and type of deliv-
ery. The data from SINASC characterized the delivery of 3,876,666
mothers with live births distributed across the 3,929 Brazilian mu-
nicipalities. Data was selected corresponding to the years of 2012
(1,786,825), and 2014 (2,089,841), to match the years of availability
from the PMAQ database.

The last source of information provided data about sociodemo-
graphic aspects regarding Brazilian context [30]. The 2010 census
is a full-length portrait of the country with the population profile
and the characteristics of their household. Sociodemographic data
was aggregated at the municipality level.

To link all three datasets, we had to adjust the data to the most
granular level possible. Our unit of analysis was at the individual
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level, corresponding to each pregnant woman with a live birth. The
minimum aggregation level possible to link the PMAQ data and the
sociodemographic data was at the municipality level. Therefore,
we used the aggregated (mean) value at the municipality level for
the variables originated from the PMAQ. The mean of PMAQ vari-
ables were linked to the social determinants for each municipal-
ity. For instance, the primary care physical structure value for the
hypothetical municipality X was the mean of the indicators of all
primary care teams within this city. After the aforementioned ag-
gregation the combined score of PMAQ and the municipality was
linked to each live birth within that municipality. Thus, we could
link each individual level data to an aggregated level of primary
care services and sociodemographic data at each municipality. All
individual data was anonymized. The categorization of the vari-
ables between predictors and outcome as used in the modelling
are highlighted in Supplementary material 1.

3. Data analysis

3.1. Pre-processing

One combined dataset was built, aggregating the data from
2012 and 2014. The machine learning models were trained using
the aggregated dataset with 3,876,666 live births. The box 1 high-
lights the steps performed.

The data wrangling process was performed using R Language
for Statistical Computing software (3<63) [31] the scikit-learn
Python library was used to train the models with graphic process-
ing unit (GPU) support [32].

Data was pre-processed for analysis to address issues regard-
ing outliers, missing values, dummification of categorical variables,
near zero variance analysis, linear combos and scaling. Cases pre-
senting values lower than Q1 or greater than Q3 by more than
15 times the interquartile range (IQR=Q3—-Q1) were excluded from
the analysis. Missing values were addressed using multiple imputa-
tion through chained equations (MICE package in R) [33]. The im-
putation technique was based on the linear regression for contin-
uous variables, and for categorical data was used the proportional
odds model [33]. The imputation process was done in two steps.
One regarding the variables do the PMAQ and socio-determinants
of health and a second one for the individual characteristics from
the SINASC database. The imputation for the PMAQ dataset consid-
ered 20 iterations, as well the SINASC imputation was done using
10 iterations. Five datasets were created for each step of the im-
putation process. The first one was selected as reference to impute
the missing values in the original datasets. The results achieved
after the imputation presented a minimum impact over the mea-
sures of central tendency. Categorical variables were transformed
into binary pairs (dummies variable conversion). Near zero vari-
ance was evaluated to identify the minimum level of variance in
variables incorporated in each simulation. Variables with a vari-
ance close to zero were excluded from the analysis. The iden-
tification of highly correlated variables was performed to sup-
press pairs of variables with a correlation higher than 90%. Fi-
nally, the remaining variables were scaled and mean centralized.
The steps highlighted in box 1 describe the parameters selected
to each preprocessing step. After running the pre-processing steps
from the initial 74 variables, 62 remained for the training and test
phase.
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Box 1 - Analytical steps adopted to stratify PTB risk.

Analytical steps
Outlier analysis exclusion

Parameters adopted
Only live births within the threshold
defined here were included in the analysis:
Mother age <= 50, Number of previous
live birth <= 10, Number of previous
stillbirth <= 5APGAR1 <=10APGAR5
<=10, Newborn weight between 200 and
6.000 grams, Number of previous
pregnancy <= 15, Number of previous
normal labor <= 15, Number of previous
C-Section <=3, Week of deliver <= 43,
Number of prenatal consultations <= 15,
Month of the beginning of the prenatal
care <=9
All variables with a maximum of 20% of
missing were imputed.! Continuous
variables were imputed using linear
regression, and categorical data was
imputed using polytomous regression
imputation. The missing distribution of the
variables imputed can be observed in the
supplementary document 1.
All categorical variables were converted to
dummy before the analysis of near zero
variance and linear combo.
Analysis of variables with near All variables presenting a near zero
zero variance and its exclusion variance were excluded from the analysis.
A variable presents a near zero variance if
the percentage of cases presenting unique
values is less than 20%.
Suppression of variables highly We dropped from the analysis one variable
correlated, as well as linear of every variable pair with a correlation
combos (perfect separation equal or higher 0.9.
problem)
Preprocessing of remaining Considering the difference in distribution
variables to adjust problems of the remaining variables we normalized
regarding differences in scale or the remaining variables before starting the
distribution training process.
Split of database among The split between training and test dataset
training and test datasets using were performed using a cross-validation
a cross-validation approach approach with 5 repetitions and 2 folds.
TAdequacy of the number of prenatal consultation for the gestational age
during the current pregnancy (monthly consultations until the 28th week of
gestational age, biweekly consultations from 28 to 36 weeks, and weekly
consultations until the baby is born), % of primary care team in the
municipality registering the prenatal evolution in health information system,
% of primary care team in the municipality using the prenatal monitoring
health record, Average number of physicians available by primary care team,
Average number of nurses available by primary care team, Average number
of dental care offices by health facility, % of health facilities in the
municipality functioning for at least 8 hours a day, % of health facilities in
the municipality offering medication, % of health facilities in the
municipality offering vaccination services, % of health facilities in the
municipality with paper forms to monitors the prenatal care evolution,
Average proportion of health facilities with at least one equipment from the
list: sphygmomanometer, scale, stethoscope, gynecological focus, glucometer,
gynecological table, sonar, table. Average proportion of health facilities with
at least one medical supplies from the list: glucose meter tape,
gynecological speculum, endovaginal brush, Ayres spatula.

Missing values imputation
using Multiple imputation
chained equations approach.

Conversion of categorical
variables into dummies

The flowchart presented in the Figure 1 details how the pre-
processing steps affected the number of live births analyzed in the
present study.

3.2. Model building, validation and calibration

Internal validation of the predictive models was conducted us-
ing a participant-level based cross-validation approach with two
folds and five repetitions for data splitting, following the recom-
mendation of Dietterich [34]. We used a cross-validation approach
as this method allows to bring down to the models a high vari-
ability to achieve satisfactory results during the training process.
Our option for using the cross-validation approach is related to its
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primary purpose as measuring (generalization) performance of a
model. Our idea was to design a model that could be replicated
in other contexts. Furthermore, for large sample sizes, the variance
issues become less important and the computational part is more
of an issue. With our database of 3,8 million records some models
required a lot of computational effort to run. Comparative studies
have concluded that both cross-validation and bootstrap based ap-
proaches if performed well show convergent results [35,36]. The
cross-validation process divides the dataset in folds. The K folds
refers to the number of groups that a given data sample is to be
split into each training round. For each cycle of training, a portion
of the data is sampled to be the test set, and the remaining data
is used to train the model. For each iteration, the data selected to
be the test set is resampled assuring that any observation will be
part, at least once, of the test set and of the training set. This pro-
cedure increases the chance of the model to be generalizable in a
satisfactory manner when applied to a previously unforeseen data.
The scheme used for the cross-validation is detailed in Figure 2.

We tested six different machine learning algorithms: eXtreme
Gradient Boosting, Elastic Net, Quantile Ordinal Regression - LASSO,
Linear Regression, Ridge Regression, and Decision Tree. Our option
for these six algorithms was done base on the idea to use different
strategies in terms of functioning. Thus, we selected an example
according to the following methods:

» Ensemble - eXtreme Gradient Boosting

+ Regularization Algorithms - Elastic Net, Ridge Regression, LASSO
» Regression Algorithms - Linear Regression, and

« Decision Tree Algorithms - decision tree.

The predictive models were trained to estimate the week of de-
livery. As a measure of precision associated with each technique,
we consider the normalized root-mean-squared error (RMSE). The
RMSE expresses the difference between the actual value of the
outcome and that one obtained through the forecasting approach.
Lower values of RMSE indicated more precise predicted values. The
smaller RMSE gap resulting from training versus test comparison
characterizes the best predictive approach.

The calibration of the best performing model was assessed
through a graphic approach to examine in which range our predic-
tion is being more or less accurate. The calibration compares the
actual data versus the predicted one. The calibration plot is com-
posed of two axes, one of them the actual week of delivery and
the second the predicted week of delivery. An accurate predictive
model should present a clustered distribution of points around the
diagonal axis of the graphic, starting from the point 0,0.

Role of the Funding Source: The manuscript was funded by
the Bill and Melinda Gates foundation and by the National Council
for Scientific and Technological Development - Brazil. The funders
have no role in terms of the data analysis, interpretation or writing
to the present manuscript.

4. Results
4.1. Description of the data

Of the 3,876,666 live births registered between the two years,
we have 456,808 PTB being 219,658 (12%) in 2012, and 237,150
(11%) in 2014. The participants of the study were mostly young
mothers (average year of delivery for both years of approximately
26 years for both years), single (720,082 for 2012, and 842,586 for
2014), and undergraduate (1,020,148 for 2012, and 1,232,757 for
2014).

The type of delivery varied substantially among the years con-
sidered. For 2014, 1,221,418 (68-36%) of deliveries were through C-
Section, while in 2012 this number was 1,032,105 (57-76%) of all
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SINASC-2012

2,905,789 live births
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SINASC - 2014
2,979,259 live births

criteria)

Mother age >50 ( 65 live births)

Number of previous live birth > 10 ( 3,600 live births)
Number of previous stillbirth >5 (3,677 live births)
APGAR1 >=10 ( 1,563 live births)

APGARS >=10 ( 1,260 live births)

live births)

Number of previous pregnancy > 15 ( 1,390 live births)
Number of previous normal labor > 15(1,867 live births)
Number of previous C-Section> 3 (6,599 live births)
Week of deliver >43 ( 17,526 live births)

Number of pi | ¢ Itations > 15 (46,131 live births)

Outlier analysis exclusion (780,559 live births dropped
presenting unique or any combination of the exclusion

Newborn weight bellow 200 or with more than 6.000 grams ( 209

Outlier analysis exclusion (617,809 live births dropped
presenting unique or any combination of the exclusion
criteria)

Mother age >50 (60 live births)
Number of previous live birth > 10 (1,523 live births)
Number of previous stillbirth >5 (1,093 live births)
APGAR1 >10( 1,811 live births)
APGARS >10( 1,523 live births)
Newborn weight bellow 200 or with more than 6.000 grams ( 203
live births)
Number of previous preg y > 15 ( 211 live births)
Number of previous normal labor > 15 ( 289 live births)
Number of previous C-Section>3 (5,057 live births)
Week of deliver >43 ( 15,008 live births)

ber of prenatal c ions > 15 (41,515 live births)

2,125,230 live births with none
combination of any exclusion criteria to be
matched with municipalities participating in
PMAQ

combination of any exclusion criteria to be
matched with municipalities participating

2,361,450live births with none

in PMAO

338,405 live births dropped bybeing in
municipalities not participating in the
PMAQ

271,609 live births dropped by being in
municipalities not participating in the
PMAQ

1,786,825 live births selected for the
machine learning analysis

2,089,841 live births selected for the

machine learning analysis

3,876,666 live births analyzed combining
2012 and 2014

Figure 1. Flowchart of the live birth enrollment in the study.

births. The C-section rates in Brazil are higher than the values pre-
sented by other countries, due to local characteristics regarding the
care process [40]. The average number of prenatal consultations
for both years were very similar: 7-66 (+2+63) for 2012, and 7-76
(£2-63) for 2014, following the recommendation of the Ministry of
Health. The month in which the prenatal monitoring started also
presented a comparable value between both years analyzed.

The characterization of the primary care network pointed out a
high availability in general of essential services dedicated to sup-
port prenatal care. The values regarding the physical structure and
the primary care work process highlights an elevated offer of pre-
natal consultations, lab test requisition, and the register of the evo-
lution concerning the prenatal in the information systems. In terms
of physical structure, the items presenting the lower levels of avail-
ability are related to vaccines and medication for hypertension and
diabetes. The coverage of primary care services is high, reaching a
municipality average of 73+93% of coverage (£+28-71) for 2012 and
78.97(426.20) for 2014. Thus, the proportion of the population liv-
ing with the minimum wage was 31-81% (£18-76). The average in-
come per capita was R$ 27,259.38 (£R$ 20,061-90). As these statis-
tics came from the 2010 Census there is no variation considering a
yearly basis estimate. The complete table describing the variables
analyzed can be found in the supplementary material 2.(Table 2)

4.2. Model validity

Model performance metrics are presented in Table 3. All mod-
els obtained RMSE indexes close to each other when comparing
the results of the analysis. The absolute RMSE for the algorithms

tested show an error of approximately 2 weeks in the forecasting
of the week delivery. Models trained and tested using the eXtreme
Gradient Boosting approach showed the lowest RMSE values.

Examining the variables in this model was possible to identify
the relative importance described in Figure 3. The five most im-
portant variables to predict the week of delivery were: number of
previous deliveries through C-Section, number of prenatal consul-
tations performed, age of the mother, existence of ultrasound exam
available in the care network, and % of primary care teams in the
municipality registering the oral care consultation.

The model calibration presented a dispersal pattern in terms
of comparison between the actual versus the predicted week of
delivery. The best performing algorithm exhibited a general trend
around the diagonal between the values, but with a significant
amount of dispersion regarding the values associated to PTB. The
prediction error histogram plots the distribution of the error as-
sociated with each observation. The shape of the curve highlights
that the predicted week of delivery tends to be higher than the
actual one (Figure 4).

5. Discussion

This study aimed to test the feasibility to apply and evalu-
ate the performance of a machine learning-based approach to risk
stratify PTB. Our aim was to use Brazilian medical records, health
system quality data, and social determinants of health to serve as
a LMIC proof of concept. To our knowledge this is the first study to
develop models encompassing data from an entire country at the
primary health center level trying to estimate the risk of PTB based
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REPETITION 1
Fowp 1 TRAINING TEsT
FoLp 2 TEST TRAINING
REPETITION 2
Fowp 1 TRAINING TEST TRAINING
FoLp 2 TRAINING TEST
REPETITION 3
Fowp 1 TEST TRAINING
FoLp 2 TRAINING TEST TRAINING
REPETITION 4
4 4 FINAL MEASURE OF
Fowp 1 TRAINING TEST TRAINING ’ /
Ks 7 PERFORMANCE
/
/
/
FoLp 2 TRAINING TEST TRAINING /
/
/
/
REPETITION 5 /
/
Fop 1 TRAINING TEST TRAINING //
FoLp 2 TRAINING TEST TRAINING

!

LIVE BIRTH CASES

Figure 2. Cross-validation approach used.

on variables from millions of records. Using simple data describing
the prenatal care offered, as well as minimal characteristics of the
pregnant woman, our model was capable of estimating the week
of delivery within a 2 weeks window margin of error.

We were able to identify other 11 papers using machine learn-
ing models to predict PTB [37-48]. Most of these studies were co-
horts. The sample size varied from 300 [38] to 15,976,537 [45].
Two of them used big national data sets (more than 100,000
women), one in Iran [44] and one in the United States [45]. How-
ever, five studies used difficult to access variables, as ultrasound
and biochemical markers [38,41,42,47,49]. This makes them diffi-
cult for replication in other lower resourced populations, so they
are not useful in a LMIC context. None of the studies found were
dedicated to create a forecasting approach for the primary health
center level.

Prediction models may contribute to personalized risk-based
management of women at high risk of spontaneous preterm de-

livery. However, the results have not been accurate in most of the
models identified - the area under the receiver operating charac-
teristic curve (AUC) was around 60-70% [39,40,42,45]. Many of the
current models have an insufficient detection rate for application
in clinical or public health practices. Predictive models with bet-
ter predictive capacity are needed to locate women at high risk of
preterm delivery.

The three best models we were able to identify were developed
in: i) Korea, using artificial neural networks in a data set with 596
women. The accuracy was 049115 [41; ii) United Kingdom, using a
sample of 300 women, with an AUC equal to 95% with 8% global
error using the polynomial classifier [38]; and iii) Zambia, adopting
super learner predictions in a sample of 468 women with an AUC
of 97.96 for PTB prediction [37]. One important difference among
these studies and ours refers to the outcome variable. All of these
studies predict PTB as a categorical variable. In our study we could
predict the most probable week of delivery. This strategy allows us
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Table 2
Descriptive data of most important features.
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Distribution by PMAQ year

Characteristic 2012, N = 1,786,825 2014, N = 2,089,841'  value’
Individual characteristics

Week of delivery 38.38 (2.21) 38.45 (2.16) <0.001
Preterm births <0.001
Yes 219,658 (12%) 237,150 (11%)

No 1,567,167 (88%) 1,852,691 (89%)

Mother’s age in years 26.24 (6.56) 26.31 (6.64) <0.001
Number of prenatal consultation 7.66 (2.63) 7.76 (2.63) <0.001
Marital status - with a companion <0.001
Yes 408,859 (23%) 495,118 (24%)

No 1,377,966 (77%) 1,594,723 (76%)

Month of the pregnancy when the prenatal monitoring started 2.68 (1.55) 2.61 (1.48) <0.001
Number of previous stillbirth deliveries 0.22 (0.53) 0.21 (0.53) <0.001
Number of previous live births deliveries 0.93 (1.23) 0.92 (1.21) <0.001
Number of previous C-section delivery 0.30 (0.59) 0.31 (0.60) <0.001
Number of previous normal labor work 0.66 (1.21) 0.64 (1.19) <0.001
Infant gender: Female 0.15
Yes 871,772 (49%) 1,018,075 (49%)

No 915,053 (51%) 1,071,766 (51%)

Primary Care health structure and work process

Primary care team offering Penicillin G benzathine when necessary 0.60 (0.41) 0.64 (0.39) <0.001
Primary care team using the prenatal monitoring health record 0.71 (0.41) 0.90 (0.16) <0.001
Primary care team counting with the support for laboratory tests 0.89 (0.21) 0.90 (0.19) <0.001
Primary care team offering prenatal consultation 0.80 (0.31) 0.75 (0.28) <0.001
Primary care teams in the municipality counting with a referral network to support the delivery 0.75 (0.34) 0.74 (0.34) <0.001
Primary care team registering the Papanicolaou tests performed 0.78 (0.27) 0.81 (0.22) 0.2
Primary care team Registering of the oral care consultation 0.58 (0.32) 0.66 (0.28) <0.001
Primary care teams registering the health professional responsible for patient monitoring 0.93 (0.16) 0.95 (0.12) <0.001
Primary care teams registering the vaccines performed 0.94 (0.15) 0.95 (0.12) <0.001
Primary care team receiving the tests results before the delivery 0.76 (0.27) 0.71 (0.26) <0.001
Primary care team Registering the prenatal evolution in health information system 0.93 (0.18) 0.94 (0.14) <0.001
Primary care team offering the orientation for tetanus vaccination 0.99 (0.06) 1.00 (0.03) <0.001
Primary care team offering ultrasound examination 0.63 (0.31) 0.86 (0.18) <0.001

Socio determinants of health

1 Statistics presented: Mean (SD); n (%)

2 Statistical tests performed: Wilcoxon rank-sum test; chi-square test of independencePTB: preterm birth. primary care: primary health care. N: number. SD: standard

deviation.

Table 3

Report the predictive performance of the final model in terms of the validation metrics specified in the methods section.

Model Number of repetitions Average RMSE regarding the 95% Confidence Interval Range of RMSE
*Number of folds week of delivery (Standard
Deviation)
eXtreme Gradient boosting 10 2+094 (0-005) 2.090 - 2.097 2.090 - 2.100
ElasticNet 10 2+159 (0-006) 2.154 - 2.163 2.150 - 2.170
Quantile Ordinal Regression - LASSO 10 2182 (0-004) 2.179 - 2.184 2.180 - 2.190
Linear Regression 10 2+120 (0-000) 2.120 - 2.120 2.120 - 2.120
Ridge Regression 10 2121 (0-003) 2118 - 2-123 2.120 - 2.130
Decision Tree 10 3-001 (0-003) 2998 - 3-003 3.000- 3.010

to stratify the risk of PTB in different ways. The 2 weeks window
achieved by our prediction limits the possibility of clinical use of
the tool developed. Despite this, our study demonstrates the fea-
sibility of using machine learning approaches with minimal char-
acteristics of the pregnant woman aiming to forecast the week of
delivery.

In our study, the most important variables used for the predic-
tion are easy to access, and the model has the potential for scal-
ability for other low-and-middle income countries. The impact of
the primary care in terms of the PTB could be slightly demon-
strated with our approach. We believe that the use of Electronic
Health Record data, pointing out the specific team responsible for
the care of each pregnant woman could increase the impact of pri-
mary care over the PTB. Despite this, the lack of access to iden-
tified data for the current manuscript made it impossible to use
more precise data from primary care teams. The incorporation of
data regarding primary care level can change the patterns observed
in the current model. Therefore, it is important to highlight that
the weak effect observed from the variables associated to the pri-

mary care can be related to the methodological design adopted.
Thus, we recommended that future studies should take into con-
sideration of the effect of primary care variables.

The presence of oral care consultation between the most im-
portant variables suggests a high level of screening and treatment
of periodontal disease during the prenatal care. Pregnant mothers
with periodontitis have double risk of PTB as evidenced in an an-
alytical case-control studies and prospective cohort studies meta-
analysis [50]. The effect of periodontal pathogenic bacteria bur-
den interfered positively with the occurrence of periodontal dis-
ease. More severe periodontal disease as well other systemic in-
fections may unbalance the expression of regulatory inflammatory
process cytokines and explain the occurrence of PT [51]. Mediated
proinflammatory cytokines with the release of prostaglandin, in-
creased uterine contractility, favoring premature rupture of fetal
membranes [52].

Other predictive maternal characteristics for PTB were the num-
ber of previous deliveries through C-Section. A meta-analysis with
population-based cohorts studies showed the previous C-section
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Feature Importance

Previous C-section delivery (X)

Prenatal consultation (X)

Mother's age in years (X)

Ultrasound exam available (X)

Register of the oral care consultation (X)
Marital status - with a companion (%)
Penicillin G benzathine offer (X)

Marital status - without a companion (%)
Previous live births deliveries (X)

Female sex (%)

Orientation for tetanus vaccination (X)
Register of professionals responsible for prenatal (X)
Existence of a referral network to support delivery (X)
The month of starting prenatal monitoring (X)
Use of prenatal monitoring health record (X)
Previous stillbirth deliveries (X)

Register of prenatal evolution in HIS (X)
Prenatal consultation offer (X)

Previous normal labor work (X)

Register of the Papanicolaou tests (X)

Lab tests offer (X)

Receiver tests before the delivery (X)
Register of the vaccines during prenatal (X)

0.0 0.1 0.2 0.3 0.4
Figure 3. Feature importance.
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Figure 4. Model calibration and histogram of residuals.

could increase the risk of PTB in subsequent birth [53]. Some hy-
potheses claim that the uterine structure may be changed by pre-
vious C-section [54], for example cervical trauma in unintentional
incision into the uterine cervix during the previous C-section could
disrupt the cervical integrity, affect the function of the cervix and
further increase the risk of PTB in future pregnancies [55]. The for-
mation of uterine scar and intrauterine adhesions after previous C-
section could reduce utero-placental function and disturb the po-
sition of blastocyst implantation that could further create inade-
quate conditions for fetal development, increasing the risk of PTB
[56]. Another possibility, such maternal conditions (higher body
mass index, advanced maternal age, diabetes mellitus, preeclamp-
sia etc.), which were indications for the C-section in the first preg-
nancy can also be an important cause of PTB in the next pregnan-
cies [57-60].

The increased risk of PTB among aged mothers is largely
explained by early labor induction for medical conditions. Ad-

vanced maternal age is independently associated with spon-
taneous prematurity and mainly spontaneous rather than PTB
iatrogenic [61,62]. A possible explanation is placental vascu-
lar pathology present in older women, as histological evi-
dence of placental bleeding, loss of vessel integrity and lack
of physiologic conversion of maternal spiral arteries. Preeclamp-
sia and hypertensive disorders are an important cause of
uteroplacental ischemia and PTB [63]. Another possible mech-
anism of PTB in aged mothers is the decrease of proges-
terone levels. The progesterone deficiency is associated with
PTB and progesterone supplementation could minimize the PTB
event [64].

To our knowledge, this is the first study including character-
istics of the structure and work process regarding the primary
care facilities performing prenatal care, as well as the socioeco-
nomic context of the municipalities. Evidence points out that so-
cioeconomic characteristics combined with individual-level predic-
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Figure 5. Example of automated risk calculator tool for PTB.

tors improve the overall prediction of PTB compared to individual-
level predictors alone [43].

5.1. Application design and possible adoption context

Ideally the application of the algorithm applied would take
place in primary care context. After the data gathering of the infor-
mation of the woman an embedded version of the algorithm will
flag the risk attributed to the specific patient being attended. Try-
ing to improve the use of the solution, our idea is to avoid the de-
velopment of standalone solutions once this approach contributes
to increase the workload of the primary care professionals. Avoid-
ing such a type of pitfall would be possible to integrate the use of
the algorithm in the regular workflow of a prenatal consultation.
After the registration of the data of the patient, the algorithm will
flush a risk score of occurrences of a PTB, based on the week of
delivery forecasted. Aware of the risk score the primary care pro-
fessional would have the possibility to monitor closely each patient
flagged as having an elevated risk of presenting a PTB. Figure 5 ex-
emplifies how the risk calculator tool may be integrated to elec-
tronic health records already in use by health professionals.

A prediction algorithm can be adapted to work conjointly with
a chatbot. A chatbot is a solution of communication capable of spe-
cific commands in an automatic way. Therefore, a professional or
the patient itself can send a preformatted SMS message to a tele-
phone number. The chatbot will receive the formatted message,
preprocess the information contained, apply the algorithm of pre-
diction and respond to the sent message with the forecast week of

delivery and a possible risk score for PTB [65,66]. Thus, profession-
als offering care in remote or deprived regions may benefit from
using machine learning models in clinical context.

The capability to forecast the week of delivery is not enough
by itself to avoid a preterm delivery. Notwithstanding the early
alert can create conditions for the health professionals to intervene
with the available resources aiming to avoid the premature deliv-
ery. Early interventions could be designed to address risk factors
related to PTB. The tool developed does not have by any means
the intention to underestimate the medical judgement, in terms of
best approaches to guarantee a healthy prenatal to the monitored
patients. Our idea was to develop a complimentary tool capable of
supporting the process of prenatal care.

5.2. Limitations

The data used by analysis presented some restrictions in terms
of possibilities of disaggregation. The municipality data may have
contributed to diminish the relevance of important variables, as
the impact of primary care services. Due to a restriction to access
Electronic Health Records, we could not precisely link each preg-
nant woman to the primary care team responsible for the prena-
tal care. The impossibility to link each patient to its primary care
team of reference limited our capability to identify the impact of
primary care over the risk of a preterm birth. We believe that this
limitation contributed for the lack of effect related to the primary
care work process. If we consider huge cities, Sio Paulo for exam-
ple, with large inequities in access to health care and mainly in
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quality of care, the fact that all livebirths of the city had the same
indicators regarding the primary care being offered may have im-
pacted on the model obtained. We are currently working to over-
come this limitation. One approach oriented in this sense is the
use of geospatial techniques to develop catchment areas of the pri-
mary care teams and thus link sociodemographic data from a small
region to a live birth [67]. Despite this advance, it is worth high-
lighting that the calibration results regarding the best performing
model may have some issues associated with a regression to the
mean. The feature importance demonstrated that the individual
characteristics are more relevant to define which parameters are
more important for the performance of the models assessed. Thus,
the use of more granular data may increase the accuracy of future
prediction algorithms. The clinical use of the present model is not
recommended, once the 2 weeks margin of error is very broad to
accurately support health interventions. Additionally, as the num-
ber of prenatal consultations was considered a significant predic-
tor, it is worth highlighting that at the beginning of the prenatal
care, the lack of precise information regarding this variable can re-
strict the model accuracy or even increase the margin of error. A
narrower margin of error is desirable to create robust conditions
to support medical procedures aiming to lower the chance of a
PTB.

The calibration of the model highlighted that the week of de-
livery needs to be assessed with caution despite the RMSE values.
Notwithstanding the advances obtained by our model a window of
less than one week would be more robust to uphold actions ded-
icated to decrease the PTB risk. We have the expectation that the
use of more granular data from the use of geospatial approach, as
well as the incorporation of more individual data. The use of such
information to design the model may help to address the challenge
to narrow the window regarding the week of delivery.

Another limitation is the absence of important data regarding
clinical conditions classically associated with PTB, like hyperten-
sion, diabetes, infections, vaginal bleeding, health habits (use of al-
cohol, cigarettes, and other drugs), and prior preterm birth. The in-
clusion of these variables could reduce the RMSE and improve the
performance of our predictive model.

5.3. Implications for global health and future steps

The use of machine learning based technologies is increasing
together with the broader availability of information. The present
work highlighted a small glimpse of what can be done with the
use of large datasets. It is necessary that countries across the globe
foster initiatives like this one to address unmet objectives nec-
essary to achieve Universal health coverage. The methodological
steps presented here can be tailored to work in different settings
and help to improve the quality of maternal and childcare, espe-
cially in deprived regions of the globe. After the COVID-19 pan-
demic some initiatives started aiming to better understand the PTB
using innovative approaches, as the iPoP study [G8].

The development of machine learning solutions is a continuous
process. New data coming from different settings can improve the
performance of the current solution. We believe that the combined
use of geospatial approach and machine learning technology will
leverage the performance levels achieved to forecast the week of
delivery and PTB chance.
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