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Abstract
Background: Recent decreases in neonatal mortality have been slower than expected for most countries. This
study aims to predict the risk of neonatal mortality using only data routinely available from birth records in the
largest city of the Americas.
Methods: A probabilistic linkage of every birth record occurring in the municipality of São Paulo, Brazil, between
2012 e 2017 was performed with the death records from 2012 to 2018 (1,202,843 births and 447,687 deaths), and a
total of 7282 neonatal deaths were identified (a neonatal mortality rate of 6.46 per 1000 live births). Births from
2012 and 2016 (N = 941,308; or 83.44% of the total) were used to train five different machine learning algorithms,
while births occurring in 2017 (N = 186,854; or 16.56% of the total) were used to test their predictive performance
on new unseen data.
Results: The best performance was obtained by the extreme gradient boosting trees (XGBoost) algorithm, with a
very high AUC of 0.97 and F1-score of 0.55. The 5% births with the highest predicted risk of neonatal death
included more than 90% of the actual neonatal deaths. On the other hand, there were no deaths among the 5%
births with the lowest predicted risk. There were no significant differences in predictive performance for vulnerable
subgroups. The use of a smaller number of variables (WHO’s five minimum perinatal indicators) decreased overall
performance but the results still remained high (AUC of 0.91). With the addition of only three more variables, we
achieved the same predictive performance (AUC of 0.97) as using all the 23 variables originally available from the
Brazilian birth records.
Conclusion: Machine learning algorithms were able to identify with very high predictive performance the neonatal
mortality risk of newborns using only routinely collected data.
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Background
High rates of infant mortality are a persistent challenge
for most developing countries. Despite recent improvements, the Millenium Development Goal (MDG) target
of reducing child mortality globally by two thirds between 1990 and 2015 was not achieved [1]. The first 28
days of life, i.e. the neonatal period, is considered the
most crucial for child and young adolescent survival. Between 2018 and 2030, there will be an estimated 27.8
million worldwide deaths in the first month of life in
case every country maintains their current rate of reduction [2].
Progress in neonatal mortality has been slower than
for other young age groups. The global neonatal mortality rate fell 42% from 2000 to 2018 (from 31 to 18 deaths
per 1000 live births), while for older children and young
adolescent the decrease was of 53% (from 15 to 7 deaths
per 1000 children) [3]. In Brazil, neonatal mortality in
2017 was 8.5 deaths per 1000 live births, which is higher
than the rate among other upper-middle income countries (7.1 per 1000 live births) [2].
Machine learning models have provided accurate predictions in a variety of settings such as infant growth [4],
differentiation of sepsis and non-infectious systemic inflammatory response syndrome (SIRS) in critically ill
children [5], and mortality risk in critically-ill patients
with cancer [5, 6]. Mortality risk prediction can be especially impactful in the case of neonatal mortality [7], as
most cases can be prevented with basic adequate care in
low and middle-income countries [8]. However, in order
to be readily available for health professionals these predictive algorithms must use as input data collected
within the daily routine of healthcare services.
The objective of the study was to use official data from
Brazilian birth records to train machine learning models
to predict neonatal mortality risk. We also tested the
predictive performance of these algorithms using only
the minimum set of perinatal indicators from the World
Health Organization and then suggested additions to
this list.
Methods
Initially, all live births occurring in the Municipality of
São Paulo between 2012 and 2017 (N = 1,202,843) were
included. Births with missing results and with a gestational age of less than 15 weeks or greater than 45 weeks
were excluded, leading to a final sample of 1,128,162 live
births (93.79% of the original population). A probabilistic
linkage of these live births records with neonatal deaths
occurring between 2012 and 2018 was performed
through a collaboration with the municipal secretary of
health, by using the mother’s name, date of birth and
the name of the deceased, and a total of 7282 deaths
were identified (a neonatal mortality rate of 6.46 per
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1000 live births). The study was approved by the ethics
committee of the School of Public Health of the University of São Paulo (CAAE: 98163018.2.0000.5421).
Completion of a birth record is mandatory for every
live birth occurring in Brazil. In the case of São Paulo,
the municipal Secretary of Health has sought to guarantee its full coverage, which is around 99.8% of total live
births [9]. For this study, every birth occurring between
2012 and 2016 (N = 941.308; or 83.44% of the total) was
used to train the machine learning algorithms, and
births occurring in 2017 (N = 186.854; or 16.56% of the
total) were used to test the predictive performance of
these algorithms on new unseen data (test set). The performance of five popular machine learning algorithms
(logistic regression, neural networks, extreme gradient
boosting trees, lightGBM and catboost) was analyzed on
the test set.
With the exception of logistic regression that does not
have hyperparameters, all algorithms had their hyperparameters tuned with 10-fold cross-validation with
Bayesian optimization (Additional file 1). Predictive performance was assessed using the area under the ROC
curve (AUC). Other performance metrics calculated for
each algorithm include F1-score, precision (also known
as positive predictive value, PPV), negative predictive
value, area under the precision recall curve (AUPRC),
sensitivity (recall), specificity, and percentage of total
deaths included among the 5% highest predicted risk
and lowest 5% predicted risk.
We used as predictors all variables available from the
Brazilian live birth record: place of delivery (hospital, other
health facility, residence, others), health facility type (public or private), age of the mother (in years), sex, 1st minute
Apgar score, 5th minute Apgar score, birth weight (in
grams), gestational age (in weeks), type of pregnancy (single, double or triple or more), type of delivery (vaginal or
cesarean), maternal education, presence of congenital
anomaly (yes/no), maternal ethnicity, antenatal visits,
month of first antenatal visit, type of presentation (cephalic, breech, transversal or other), induced labor (yes/no),
professional that assisted the labor (physician, nurse, midwife or others), number of previous live births, number of
previous fetal losses and abortions, number of previous
pregnancies, number of previous vaginal deliveries and
number of previous cesarean deliveries.
The importance of ensuring predictive fairness for vulnerable population groups has been a growing concern
in the application of machine learning algorithms [10,
11]. The algorithm with the best performance (extreme
gradient boosting trees), was then applied separately for
vulnerable subgroups (non-white mothers, mothers with
low education, i.e. less than basic education, and teenage
mothers) in order to compare each group’s predictive
performance with its complementary group.
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The performance of the extreme gradient boosting
trees algorithm to identify neonatal mortality risk was
also tested by using as predictors only the minimum set
of perinatal indicators to be collect for all births, as suggested by the World Health Organization: maternal age,
place of delivery, mode of delivery, birth weight and gestational age (in weeks) [12]. In addition, with the aim of
suggesting inclusions to this list, we analyzed differences
in performance by sequentially adding the three individual variables that contributed the most to improve the
predictive performance of the model.
Finally, we also analyzed the predictive performance of
deaths of children under 1 year of age (i.e. infant mortality, which also includes the neonatal period, N = 10,902),
again using births from 2012 to 2016 for training and
births from 2017 for testing.

Results
Table 1 presents the predictive performance on the new
unseen data (from 2017) for the five machine learning
algorithms (logistic regression, artificial neural networks,
extreme gradient boosting trees, lightGBM and catboost). For every predictive measure, the best performance was obtained by the extreme gradient boosting
trees (XGBoost) algorithm, with a very high AUC of
0.971, precision of 0.729, sensitivity of 0.440, specificity
of 0.99, F1-score of 0.548, NPV of 0.997 and AUPRC of
0.586. The 5% births with the highest predicted risk of
neonatal death included more than 90% of the actual
neonatal deaths, which may help to identify focused priorities for interventions. On the other hand, there were
no deaths among the 5% births with the lowest predicted
risk.
Graph 1 presents the calibration curve results for each
of the machine learning algorithms. Overall, all the five
models presented high calibration, meaning that the predicted risk matches the real percentage of cases. For example, for the extreme gradient boosting trees
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algorithm, there was a 93% mortality rate for newborns
with a 90 to 95% predicted mortality risk, and an 8%
mortality rate for newborns with a 5 to 10% predicted
mortality risk. We also analyzed feature importance
using the Shapley Values for the best-performing algorithm (extreme gradient boosting trees) and found that
the five most important variables were 5th minute
Apgar, birth weight, 1st minute Apgar, presence of congenital anomaly and gestational age, respectively (Additional file 1).
Table 2 presents the performance of the extreme gradient boosting trees algorithm separately for each vulnerable subgroup. The results indicate that there were
no significant differences in the AUC between each
complementary group: white mothers vs. non-white,
adolescent mothers vs. non-adolescent, and mothers
with low education vs. with average/high education. Regarding other metrics, for non-white mothers, the results
of precision, sensitivity and F1-score were better than
for white mothers, while for adolescents it was the opposite. Finally, the results for low education were mixed.
Graph 2 shows the results of the AUC and F1-score
when we included as predictors only WHO’s minimum
set of perinatal indicators (AUC = 0.905 and F1-Score of
0.432). This result improves significantly with the inclusion of the 5-min Apgar score (AUC = 0.953, F-score =
0.489), with a proportionally smaller increase for the
addition of congenital anomaly information (AUC =
0.970, F-score = 0.529) and first-minute Apgar score
(AUC = 0.971, F-score = 0.534). Full results of the performance metrics for each addition can be found in
Additional file 1.
We also performed the same analyses for infant mortality (< 1 year-old mortality). Although the AUC and Fscore results were better for neonatal mortality than for
infant mortality (AUC = 0.971 and F1-score of 0.548 for
neonatal and AUC = 0.942 and F1-score = 0.477 for infant), both predictive performances can be considered

Table 1 Predictive performance for neonatal mortality on the test set for each machine learning algorithm, São Paulo, Brazil, 2017
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Graph 1 Calibration plot for neonatal mortality on the test set for each machine learning algorithm, São Paulo, Brazil, 2017

high. Regarding the use of only the minimum set, there
was also an initial decrease in the indicators, which was
again reversed with the addition of three variables (Additional file 1).

Discussion
The results show that it is possible to predict with very
high performance the risk of neonatal mortality using
data routinely collected in the largest city of the Americas. The use of a smaller number of variables (the five
minimum perinatal indicators) decreased the predictive
performance (a decrease of 6.8% of the AUC, from 0.971
to 0.905), but the results still remained high. With the
addition of only three more variables (1st and 5th minute Apgar, and presence of congenital anomaly), it was

possible to achieve the same predictive performance as
using the 23 variables available from the Brazilian birth
records.
There is a growing concern that recent machine learning breakthroughs are not executable at the frontlines of
clinical practice, as most healthcare organizations do not
have the infrastructure to collect the variables needed to
train the algorithms [13]. Our study tackles this limitation by using only routine data collected by the health
system. Despite the very high socioeconomic inequality
in the city of São Paulo [14], 99.8% of all births have a
birth record, and its reliability rate is considered to be
very high [8]. In addition, the fact that we used data
from the last year of the study (2017–2018) to test the
performance of the algorithms, instead of using data

Table 2 Predictive performance on the test set for selected vulnerable subgroups, São Paulo, Brazil, 2017
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Graph 2 Results for the areas under the ROC Curve for neonatal mortality on the test set with the addition of variables, São Paulo, Brazil, 2017

drawn from the same period for training and testing, as
is often the case in machine learning studies, helps to
simulate its real predictive performance.
Another area of growing interest in the machine learning literature is testing the fairness of the algorithms, especially regarding classification parity, i.e. ensuring that
predictive performance measures are similar across
groups with vulnerable attributes [15]. Previous studies
show that machine learning algorithms can be biased towards privileged groups especially due to the higher
quality of data collection and the availability of more examples to guide the learning process [16]. Our analysis
found that despite a slightly better result for some of the
privileged groups, the specific performance for vulnerable groups were well within the margin of error.
An important future challenge for the practical application of machine learning in routinely collected data
will be to define whether risk scores will be provided for
all cases, or only for the highest risk patients in order to
mitigate alert fatigue [17, 18]. Our study provides promising results for both possibilities. Due to the imbalanced
nature of the dataset, low calibration could have been an
issue but we found that the predicted risk was close to
the real percentage of cases throughout the entire distribution. We also tried to mitigate this issue by analyzing
the 5% births with the highest predicted risk of neonatal
death and found that it included more than 90% of the
actual neonatal deaths.
It is not clear that algorithms trained for São Paulo
will have the same predictive performance for other cities, but we have no particular reason to think that this is
a characteristic of only São Paulo. An important scientific challenge for the next years in machine learning for
healthcare will be to test whether the same algorithm
developed for one city or country would have similar

performance in other areas, or if it is necessary to develop a new algorithm even in the case where there is
less available data for training [19].
The availability of enough predictive variables is another challenge for the application of these algorithms,
especially in developing countries [20]. However, our
analyses show that despite the initial decrease of predictive performance when using only WHO’s five perinatal
indicators, the addition of just three variables increases
the performance to the same level as using the 23 variables originally available from the Brazilian birth
records.
Humans face their lifetime highest risk of dying in the
first month of life, with a global neonatal rate of 18
deaths per 1000 live births [3]. Identifying newborns
with a high mortality risk can be the first step towards
adopting targeted interventions to prevent its occurrence. Our study shows that popular machine learning
algorithms are able to identify the neonatal mortality
risk of newborns with a very high predictive performance using only routinely collected data.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12887-021-02788-9.
Additional file 1.

Authors’ contributions
AFMB, CSGD, EAB, IK and ADPCF made substantial contributions to
conception and design, acquisition of data, or analysis and interpretation of
data, drafted the article or revised it critically for important intellectual
content, and approved the final version to be published. The author(s) read
and approved the final manuscript.

Batista et al. BMC Pediatrics

(2021) 21:322

Funding
This work was supported, in part, by the Bill & Melinda Gates Foundation
[Grant OPPI 201 939]. Under the grant conditions of the Foundation, a
Creative Commons Attribution 4.0 Generic License has already been
assigned to the Author Accepted Manuscript version that might arise from
this submission. The study was also supported by the Ministry of Health’s
Institutional Development Program of the Brazilian National Health System
(PROADI-SUS) “Utilização de Técnicas Avançadas de Análise de Dados (Big
Data) e Inovação para Apoio ao Planejamento e Desenvolvimento de
Políticas em Saúde” (NUP: 25000.028646/2018–10); and FAPESP (grant 17/
09369–8).
Availability of data and materials
Data is available in: https://bit.ly/36K8X9n.

Page 6 of 6

9.

10.

11.

12.
13.

Declarations

14.

Ethics approval and consent to participate
The study was approved by the ethics committee of the School of Public
Health of the University of São Paulo (CAAE: 98163018.2.0000.5421), which
waived the need for written informed consent given the retrospective
nature of the study and the use of anonymized data. All methods were
performed in accordance with the relevant guidelines and regulations.

15.

Consent for publication
Not applicable.

16.

17.

countries-what works? Semin Perinatol. 2010;34(6):395–407. https://doi.org/1
0.1053/j.semperi.2010.09.009.
Bonilha EA, Vico ESR, Freitas M, et al. Cobertura, completude e
confiabilidade das informações do Sistema de Informações sobre Nascidos
Vivos de maternidades da rede pública no município de São Paulo, 2011.
Epidemiol Serv Saúde. 2018;27(1):15–9.
Char DS, Shah NH, Magnus D. Implementing machine learning in health
care - addressing ethical challenges. N Engl J Med. 2018;378(11):981–3.
https://doi.org/10.1056/NEJMp1714229.
Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an
algorithm used to manage the health of populations. Science. 2019;
366(6464):447–53. https://doi.org/10.1126/science.aax2342.
World Health Organization (WHO). Making every baby count: Audit and
review of stillbirths and neonatal deaths. Geneva: WHO; 2016.
Panch T, Mattie H, Celi LA. The “inconvenient truth” about AI in healthcare.
NPJ Digit Med. 2019;2(1):77. https://doi.org/10.1038/s41746-019-0155-4.
Massa KH, Pabayo R, Lebrão ML, Chiavegatto Filho AD. Environmental
factors and cardiovascular diseases: the association of income inequality
and green spaces in elderly residents of São Paulo, Brazil. BMJ Open. 2016;
6(9):e011850. https://doi.org/10.1136/bmjopen-2016-011850.
Corbett-Davies S, Goel S. The Measure and mismeasure of fairness: A critical
review of fair machine learning. arXiv. 2018;1808.00023v2. https://arxiv.org/a
bs/1808.00023.
Gianfrancesco MA, Tamang S, Yazdany J, Schmajuk G. Potential biases in
machine learning algorithms using electronic health record data. AMA
Intern Med. 2018;178(11):1544–7.
Carroll AE. Averting alert fatigue to prevent adverse drug reactions. JAMA.
2019;322(7):601.
Payne TH. EHR-related alert fatigue: minimal progress to date, but much
more can be done. BMJ Qual Saf. 2019;28(1):1–2. https://doi.org/10.1136/
bmjqs-2017-007737.
Chen PC, Liu Y, Peng L. How to develop machine learning models for
healthcare. Nat Mater. 2019;18(5):410–4. https://doi.org/10.1038/s41563-0190345-0.
Deliberato RO, Escudero GG, Bulgarelli L, Neto AS, Ko SQ, Campos NS, et al.
SEVERITAS: An externally validated mortality prediction for critically ill
patients in low and middle-income countries. Int J Med Inform. 2019;131:
103959.

Competing interests
All authors declare they have no potential conflicts of interest to disclose.

18.

Author details
1
Department of Epidemiology, School of Public Health, University of São
Paulo, 715 Av Dr Arnaldo, Sao Paulo, SP 01246-904, Brazil. 2Department of
Health, Life Cycles and Society, School of Public Health, University of São
Paulo, Sao Paulo, Brazil. 3Municipal Department of Health of São Paulo, Sao
Paulo, Brazil. 4Department of Social and Behavioral Sciences, Harvard T.H.
Chan School of Public Health, Harvard University, Cambridge, USA.

19.

20.

Received: 19 February 2021 Accepted: 24 May 2021

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

References
1. United Nations. The Millennium Development Goals Report. New York:
United Nations; 2015.
2. Hug L, Alexander M, You D, Alkema L. UN Inter-agency Group for Child
Mortality Estimation. National, regional, and global levels and trends in
neonatal mortality between 1990 and 2017, with scenario-based projections
to 2030: a systematic analysis. Lancet Glob Health. 2019;7(6):e710–20.
https://doi.org/10.1016/S2214-109X(19)30163-9.
3. United Nations Children’s Fund. Levels & Trends in Child Mortality. New
York: United Nations Children’s Fund; 2019.
4. Harrison E, Syed S, Ehsan L, Iqbal NT, Sadiq K, Umrani F, et al. Machine
learning model demonstrates stunting at birth and systemic inflammatory
biomarkers as predictors of subsequent infant growth - a four-year
prospective study. BMC Pediatr. 2020;20:4981. https://doi.org/10.1186/s12
887-020-02392-3.
5. Lamping F, Jack T, Rübsamen N, Sasse M, Beerbaum P, Mikolajczyk RT, et al.
Development and validation of a diagnostic model for early differentiation
of sepsis and non-infectious SIRS in critically ill children - a data-driven
approach using machine-learning algorithms. BMC Pediatr. 2018;18(1):112.
https://doi.org/10.1186/s12887-018-1082-2.
6. Santos HGD, et al. Machine learning to predict 30-day quality-adjusted
survival in critically ill patients with cancer. J Crit Care. 2020;55:73–8. https://
doi.org/10.1016/j.jcrc.2019.10.015.
7. Slattery SM, Knight DC, Weese-Mayer DE, Grobman WA, Downey DC,
Murthy K. Machine learning mortality classification in clinical documentation
with increased accuracy in visual-based analyses. Acta Paediatr. 2020;109(7):
1346–53. https://doi.org/10.1111/apa.15109.
8. Wall SN, Lee AC, Carlo W, Goldenberg R, Niermeyer S, Darmstadt GL, et al.
Reducing intrapartum-related neonatal deaths in low- and middle-income

