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risk factors of birth asphyxia
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Abstract

Background Developing a prediction model that incorporates several risk factors and accurately calculates the
overall risk of birth asphyxia is necessary. The present study used a machine learning model to predict birth asphyxia.

Methods Women who gave birth at a tertiary Hospital in Bandar Abbas, Iran, were retrospectively evaluated from
January 2020 to January 2022. Data were extracted from the Iranian Maternal and Neonatal Network, a valid national
system, by trained recorders using electronic medical records. Demographic factors, obstetric factors, and prenatal
factors were obtained from patient records. Machine learning was used to identify the risk factors of birth asphyxia.
Eight machine learning models were used in the study. To evaluate the diagnostic performance of each model, six
metrics, including area under the receiver operating characteristic curve, accuracy, precision, sensitivity, specificity,
and F1 score were measured in the test set.

Results Of 8888 deliveries, we identified 380 women with a recorded birth asphyxia, giving a frequency of 4.3%.
Random Forest Classification was found to be the best model to predict birth asphyxia with an accuracy of 0.99. The
analysis of the importance of the variables showed that maternal chronic hypertension, maternal anemia, diabetes,
drug addiction, gestational age, newborn weight, newborn sex, preeclampsia, placenta abruption, parity, intrauterine
growth retardation, meconium amniotic fluid, mal-presentation, and delivery method were considered to be the
weighted factors.

Conclusion Birth asphyxia can be predicted using a machine learning model. Random Forest Classification was
found to be an accurate algorithm to predict birth asphyxia. More research should be done to analyze appropriate
variables and prepare big data to determine the best model.
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Background

Birth asphyxia (BA) is a serious clinical problem world-
wide and is a major contributor to neonatal mortality and
morbidity [1]. BA is defined as the inability of a newborn
to initiate and maintain adequate respiration after birth
[2]. According to the world health organization (WHO)
Classification of Diseases ICD10, severe BA is present if
the APGAR score is 0-3 after 1 min. Mild and moderate
birth asphyxia is present when the APGAR score at 1 min
is 4-7 [3]. In most developed countries, birth asphyxia
accounts for less than 0.1% of newborn deaths. However,
it ranged from 4.6/1000 to 7-26/1000 live births in devel-
oping countries [1]. BA May cause serious systemic and
neurological sequelae due to decreased blood flow and/
or oxygen supply to the fetus or infant during the peri-
partum period [4]. It is also responsible for about a quar-
ter of all neonatal deaths worldwide [5]. BA is one of the
top three causes of mortality in children under five (11%),
after premature birth (17%), and pneumonia (15%) [6].
According to WHO, 4 million deaths are attributable to
BA each year, accounting for 38% of all deaths in children
under 5 years of age. In low-income countries, 23% of all
neonatal deaths are due to BA [7].

Efforts to improve child health indices have focused
on identifying predictors of BA. Both traditional statis-
tical analysis techniques and artificial intelligence (AI)
approaches have been used to identify the risk factors of
BA. The applications of Al in medicine have increased
significantly in recent years. Al in the form of machine
learning, natural language processing, expert systems,
planning, and logistics methods, and image processing
networks offers great analytical capabilities [8]. Machine
learning (ML) is a branch of computer science and a
branch of Al These techniques make it possible to derive
meaningful connections between data elements from dif-
ferent data sets that would otherwise be difficult to corre-
late. Due to the large amount and complexity of medical
information, ML is considered a promising method to aid
diagnosis or predict clinical outcomes [9]. ML can help
professionals make decisions, reduce medical errors,
improve accuracy in interpreting various diagnoses,
and thereby reduce workloads [10]. According to some
studies, the use of machine learning methods has been
promising in predicting neonatal mortality. For example,
Mboya et al. showed that the predictive ability of perina-
tal death in ML algorithms was significantly superior to
the traditional logistic regression method [11]. Therefore,
we aimed to use the ML approach to identify the risk fac-
tors for BA.

Methods

This was a cross-sectional study to identify the risk fac-
tors of BA. Women who gave birth at Khaleej-e-Fars
Hospital in Bandar Abbas, Iran, were retrospectively
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evaluated from January 2020 to January 2022. Khaleej-
e-Fars Hospital is a tertiary hospital with a birth rate of
4000-5000 per year. Data were extracted from the Ira-
nian Maternal and Neonatal Network (IMaN Net), a
valid national system, by trained recorders using elec-
tronic medical records. Data of all women with singleton
pregnancies delivered at the timeline of the study were
included in the analysis. Those who gave birth to new-
borns with congenital anomalies were excluded.

Demographic factors include nationality, age, educa-
tion level, place of residence, adequate prenatal care
(more than six prenatal care visits), smoking status,
maternal comorbidities such as anemia, cardiovascular
disease, chronic hypertension, pyelonephritis, hepati-
tis, COVID-19, diabetes, and thyroid dysfunction, drug
addiction, and obstetric factors such as gestational, par-
ity, the onset of labor (spontaneous/induced labor/
planned cesarean section), preeclampsia, abnormal pla-
centation (placenta previa, placenta accrete), placental
abruption, intrauterine growth retardation (IUGR), cho-
rioamnionitis, meconium fluid, fetal presentation, deliv-
ery methods, newborn weight, newborn sex, congenital
malformation were obtained from patient records.

The primary outcome was whether a machine learning
algorithm showed better performance in predicting BA.
BA was determined based on a clinical diagnosis from
the women’s records using the WHO classification of dis-
eases ICD10 [3].

The following eight machine learning models were used
in the study: Logistic regression, Decision Tree Classifier,
Random Forrest Classification, XGBoost Classification,
Permutation Classification, Feed Forward Deep Learn-
ing, Light GBM (LGB), Feed Forward Deep Learning and
Support Vector Machines (SVM).

To evaluate the diagnostic performance of each model,
six metrics, including area under the receiver operating
characteristic curve (AUROC), accuracy, precision, sensi-
tivity, specificity, and F1 score, were measured in the test
set. Because AUROC is a widely used index to describe
a machine learning model’s ability to predict outcomes
[12], we used it as the primary performance metric. The
metrics ranged from 0 to 1, with values closer to 1 indi-
cating a better model. The error rate of each model was
also analyzed.

The methods for calculating accuracy, precision, recall,
and classification error are shown in the equations. Accu-
racy = (TP)/(TP+FP). In this equation, true positive (TP)
represents transactions that were positive and classified
as positive. True negative (TN) represents the number of
transactions that were negative and classified as positive.
False positive (FP) also indicates the number of transac-
tions that were positive and classified as negative. Finally,
EN (False Negative) indicates the transactions that were
negative and were classified as negative. The equation
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Fig. 1 The ROC curves of machine learning models

Table 1 ROC_AUC of machine learning models

Algorithms ROC_AUC  Accuracy
Logistic Regression 0.88 0.88
Decision Tree Classification 098 0.98
Random Forest Classification 0.99 0.99
XGBoost Classification 093 092
Permutation Feature Classification with KNN 0.98 0.98
Light GBM 0.93 0.93
Deep Learning-Feed Forward 1.0 0.98
SVM 0.88 0.88

used to evaluate validity and recall is as follows: Recall =
(TP)/(TP+FN) [13]. The F1 value is the harmonic mean
of precision and recall. The highest possible value of an
F score is 1.0, indicating perfect precision and recall, and
the lowest possible value is zero when either precision or
recall is zero.

Results

We found 380 women with a recorded BA out of 8888
deliveries, for a frequency of 4.3%. BA was found in
3.4% of the 5848 vaginally delivered newborns, 10.8% of
the 83 vacuum-assisted deliveries, and 5.8% of the 2957

Table 2 The performance of machine learning models

cesarean section newborns. In this study, we attempt to
evaluate parameters and feature selection based on per-
formance parameters using various machine learning
algorithms. We oversample the dataset using the Adap-
tive Synthetic (ADASYN) algorithm, then run all of the
algorithms in 30- and 70-percentage-point separations
of the dataset, plot a ROC chart as shown in Fig. 1 and
calculate AUROC as a plot that allows the user to visu-
alize the tradeoff between the classifier’s sensitivity. The
accuracy of each algorithm is shown in Table 1. Random
Forest Classification, Decision Tree Classification, Per-
mutation Feature Classification with KNN, and Deep
Learning were among the most accurate algorithms with
an accuracy of 0.98-0.99. Other performance parameters
for each algorithm are shown in Table 2. The comparison
of performance parameters of different machine algo-
rithms showed that Random Forest Classification is the
best model for BA prediction.

Figure 2 presents an analysis of the importance of vari-
ables in the Random Forest Classification algorithm. The
importance of the variables revealed that gestational age,
newborn weight, newborn sex, preeclampsia, placenta

Algorithms TP N FP FN Accuracy Precision Recall F_1Score
Decision Tree Classification 1981 1740 51 11 98% 97% 99% 98%
Random Forest Classification 1984 1777 14 8 99% 99% 99.6% 99%
Permutation Feature Classification with KNN 1983 1729 62 9 98% 96% 99% 98%
Deep Learning 1951 1771 41 20 98% 99% 98% 98%

TP: True Positive; TN: True Negative; FP: False Positive; FN: False Negative
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Fig. 2 Random Forest Classification Feature Importance

abruption, parity, anemia, and delivery method were con-
sidered to be weighted factors.

Discussion

Despite rapid technological advances, under-five deaths
among children remain high. A significant proportion
of these deaths worldwide are due to BA. Several studies
have been conducted using traditional statistical analysis
techniques to identify risk factors for BA. For example,
a meta-analysis conducted by Desalew et al. found that
maternal illiteracy, prepartum hemorrhage, cesarean sec-
tion, instrumental delivery, duration of labor, pregnancy-
related hypertension, induction of labor, parity, low birth
weight, preterm birth, non-cephalic delivery, and meco-
nium staining were significantly associated with BA [14].
Our study was conducted to identify the various fac-
tors leading to BA in neonates delivered in a hospital in
Bandar Abbas, Iran. According to the findings using the
ML approach, Random Forest Classification was found
to be the best model to predict BA with an AUC and an
accuracy of 0.99. The analysis of the importance of the
variables showed that maternal chronic hypertension,
maternal anemia, diabetes, drug addiction, gestational
age, newborn weight, newborn sex, preeclampsia, pla-
centa abruption, parity, IUGR, meconium amniotic fluid,
mal-presentation, and delivery method were considered
to be the weighted factors.
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Sociodemographic factors were not associated with
BA. Among maternal comorbidities, chronic hyperten-
sion and diabetes were found to be correlated with BA.
Hypertension can lead to a reduction in blood flow and
thus asphyxia [15], while diabetes causes intrapartum
hypoxia by developing placenta insufficiency [16]. Ane-
mia was also found to be a risk factor for BA, as also
observed in previous studies [17, 18]. Maternal anemia
is a common pregnancy problem that disrupts maternal
and fetal oxygen transport. The disorder may cause fetal
hypoxia inside the womb, resulting in BA [19].

Another factor linked to BA was drug addiction. Drug
addiction was demonstrated in the current study by dec-
larations from mothers themselves. The actual number of
addicts is always several times greater than the number
of those identified; however, detecting addicted women
is further complicated by their proclivity to conceal and
deny the problem. Infants born to addicted mothers are
more likely to have prematurity, low birth weight, and
IUGR, all of which can contribute to BA [20]. We have
found a significant association between gestational age
and risk for BA. Preterm birth was found to be one of
the most important risk factors for BA, as reported in
previous studies [21, 22]. This could be due to the fact
that preterm infants face multiple morbidities, includ-
ing organ system, immaturity, and especially lung imma-
turity, which leads to respiratory failure [23]. However,
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some studies have shown that BA increases with gesta-
tional age [24, 25]. According to our findings, newborn
weight was associated with BA. Low birth weight new-
borns were at higher risk of developing BA. A potential
confounding factor for this could be the fact that mothers
of low birth weight babies are often associated with com-
plications such as maternal hypertension and diabetes
that occur before conception or before birth [26]. Indeed,
many LBW neonates are more likely to be preterm,
unable to produce sufficient surfactant, and prone to
multiple morbidities, including organ system immaturity,
inability to initiate breathing, challenges with cardiopul-
monary transition, and eventually developing BA. Fetuses
with IUGR who experience growth restriction inside the
uterus do not reach their full growth potential for a given
gestational age and are at an increased risk of perinatal
mortality and morbidity. In IUGR, the reduced rate of
fetal growth is essentially an adaptation to an unfavorable
intrauterine environment, and it can result in long-term
changes in metabolism, growth, and development [27].
Fetuses with IUGR who have intrauterine hypoxia are
more vulnerable to asphyxia. BA was observed in 34.4%
of IUGR neonates in the clinical setting [28].

Our study showed that parity is associated with BA.
The incidence of BA was higher in primiparous moth-
ers. This is consistent with previous studies [29, 30]. Pri-
miparous mothers are more likely to be younger, and they
are more likely to have mal-presentations and prolonged
obstructed labor. As a result, BA is expected to be more
common in these women than in multipara women [31].

Preeclampsia is significantly associated with an
increased risk of BA. The finding is in agreement with
the evidence [32, 33]. This may be due to the reduction
in blood, nutrient, and oxygen supply to the fetus, which
may increase the risk of restriction of intrauterine devel-
opment leading to BA [32].

Placenta abruption was also found to be associated
with BA in our study, which was in contrast to previous
studies [34]. The association of placenta abruption with
BA can be explained by the fact that blood flows from the
placenta to the fetus is restricted, leading to hypoxemia
and thus asphyxia or stillbirth if maternal transfusion is
delayed at the time of delivery [32].

It has long been known that non-cephalic fetuses are at
greater risk during the birth process, including asphyxia,
birth trauma, and death. This may be because non-
cephalic fetuses are more likely to have other problems,
such as cord prolapse and head entrapment, that predis-
pose them to BA [35].

Newborns delivered via cesarean section and assisted
vaginal birth had a higher rate of BA than those delivered
via spontaneous vaginal delivery. This finding is consis-
tent with previous research [36]. This is because either
most mothers arrived late due to labor complications
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or the decision to have a cesarean section was delayed,
increasing the burden of BA [37]. Another possibility
is that the fetal chest is pressed as the newborns pass
through the birth canal, causing secretion to be evacu-
ated. This reduces the likelihood of developing BA, but
this physiological benefit is not seen in cesarean section
deliveries [38]. Furthermore, both vacuum and forceps
extraction exert pressure on the newborn’s brain, which
may cause the brain to bleed on the cranium, which con-
tributes to intracranial hemorrhage and BA [39]. This
finding suggests that interventions should be carefully
evaluated and decided upon during intrapartum care to
reduce unnecessary indications for an assisted vaginal
birth and cesarean section to reduce the magnitude of
BA.

In terms of newborn sex, our findings show that male
infants are more likely to develop BA. This is consistent
with previous research [40]. Our findings support previ-
ous findings of an association between congenital malfor-
mation and BA [41]. Although CNS anomalies might be
expected to be associated with BA, the presence of other
non-CNS birth defects raises important questions about
the etiology of BA in these infants.

In line with several previous studies [41, 42], meco-
nium-stained amniotic fluid was associated with BA.
Grade IIT or IV meconium staining has been considered
an indicator of a prolonged or severe episode of asphyxia
[43]. One possible reason for this could be the inhalation
of meconium-stained amniotic fluid, which causes irri-
tation and inflammation of lung tissue or can obstruct
the airways, leading to hypoxia and asphyxia at birth. In
healthy, well-oxygenated fetuses, this diluted meconium
is readily expelled from the lungs by normal physiologic
mechanisms, but in a few cases, a meconium aspiration
syndrome occurs [44].

The strength of our study is that we used a high-quality
registration system in accordance with birth records. We
studied both BA after vaginal birth and after cesarean
section. We also examined a wide range of clinical fac-
tors associated with BA that may not be easily found in
registries. Our study was retrospective, which is another
limitation. The database did not allow us to determine
the exact timing of the different events during pregnancy.
For some variables, such as body mass index and weight
gain during pregnancy, there was a lack of other data that
might influence BA.

Conclusion

BA can be predicted using a machine learning model.
Random Forest Classification was found to be an accurate
algorithm to predict BA. Maternal chronic hypertension,
maternal anemia, diabetes, drug addiction, gestational
age, newborn weight, newborn sex, IUGR, preeclamp-
sia, placenta abruption, parity, meconium amniotic fluid,
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mal-presentation, and delivery method are risk factors of
BA. More research should be done to analyze appropri-
ate variables and prepare big data to determine the best
model.

Abbreviations

Al Artificial intelligence

BA Birth asphyxia

IUGR Intrauterine growth retardation
WHO  World health organization

Acknowledgements
All of the authors acknowledged Khaleej-e-fars hospital principals.

Author contributions

F.D. wrote the proposal. M.S. and M.S.J. contributed significantly to data
collection. The findings were analyzed and interpreted by F.D. and M.V.F. F.D.
wrote the manuscript. V.M. was the primary contributor to the manuscript’s
commenting and editing. AR. assessed the manuscript’s scientific content
critically. The final manuscript for submission was read and approved by all
authors.

Funding
None.

Data availability
The datasets generated and/or analyzed during the current study are available
from the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate

This study complies with the Declaration of Helsinki and was performed
according to ethics committee approval. The Ethics and Research Committee
of the Hormozgan University of Medical Sciences approved the study. The
records of all patients who provided informed consent for using their data
for research purposes were analyzed. Statistical analysis was performed with
patient anonymity following ethics committee regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 25 September 2022 / Accepted: 2 March 2023
Published online: 08 March 2023

References

1. Hakobyan M, Dijkman KP, Laroche S, et al. Outcome of infants with therapeu-
tic hypothermia after Perinatal Asphyxia and Early-Onset Sepsis. Neonatol-
ogy. 2019;115(2):127-33. https://doi.org/10.1159/000493358

2. Lawn JE, Cousens S, Zupan J, Lancet Neonatal Survival Steering Team. 4 mil-
lion neonatal deaths: when? Where? Why? Lancet. 2005;365(9462):891-900.
https://doi.org/10.1016/50140-6736(05)71048-5

3. International Statistical Classification of Diseases and Related Health
Problems (ICD). ICD-10 Version. 2010. Available at [http://www.who.int/
classifications/icd/icdonlineversions/en

4. Gillam-Krakauer M, Gowen CW Jr, Birth Asphyxia. [Updated 2021 Aug 27].
In: StatPearls [Internet]. Treasure Island (FL): StatPearls Publishing; 2022 Jan-.
Available from: https://www.ncbi.nim.nih.gov/books/NBK430782/

5. Guidelines on Basic Newborn Resuscitation. Geneva:World Health Organiza-
tion; 2012.

6. WHO. Global health observatory data repository world health organization.
2015, August 2019, http://apps.who.int/ghodata/

20.

21.

22.

23.

24.

25.

26.

27.

Page 6 of 7

Wardlaw T, You D, Hug L, Amouzou A, Newby H. UNICEF Report: enormous
progress in child survival but greater focus on newborns urgently needed.
Reprod Health. 2014;11:82. https://doi.org/10.1186/1742-4755-11-82. Pub-
lished 2014 Dec 6.

Hadley TD, Pettit RW, Malik T, Khoei AA, Salihu HM. Artificial Intelligence in
Global Health -A Framework and Strategy for Adoption and sustainability. Int
JMCH AIDS. 2020;9(1):121-7. https://doi.org/10.21106/ijma.296
Sheikhtaheri A, Zarkesh MR, Moradi R, Kermani F. Prediction of neonatal
deaths in NICUs: development and validation of machine learning models.
BMC Med Inform Decis Mak. 2021;21(1):131. https://doi.org/10.1186/512911-
021-01497-8. Published 2021 Apr 19.

Ramakrishnan R, Rao S, He JR. Perinatal health predictors using artificial
intelligence: a review. Womens Health (Lond). 2021;17:17455065211046132.
https://doi.org/10.1177/17455065211046132

Mboya IB, Mahande MJ, Mohammed M, Obure J, Mwambi HG. Prediction of
perinatal death using machine learning models: a birth registry-based cohort
study in northern Tanzania. BMJ Open. 2020;10(10):e040132. https://doi.
org/10.1136/bmjopen-2020-040132. Published 2020 Oct 19.

Shin D, Lee KJ, Adeluwa T, Hur J. Machine learning-based predictive model-
ing of Postpartum Depression. J Clin Med. 2020,9(9):2899. https://doi.
0rg/10.3390/jcm9092899. Published 2020 Sep 8.

Farashah M, Etebarian A, Azmi R, Dastjerdi R. An analytics model for Teleco-
VAS customers'basket clustering using ensemble learning approach. J Big
Data. 2020;8:1-24.

Desalew A, Semahgn A, Tesfaye G. Determinants of birth asphyxia among
newborns in Ethiopia: a systematic review and meta-analysis. Int J Health Sci
(Qassim). 2020;14(1):35-47.

Magee LA, von Dadelszen P, Peter V, William S, Matthews M. he FIGO Textbook
of Pregnancy Hypertension: An evidence-based guide to monitoring, pre-
vention and management. The Global Library of Women's Medicine, London.
"Retrieved Auguest 19, 2022, from https://www.glowm.com/resource_type/
resource/textbook/title/the-figo-textbook-of-pregnancy-hypertension/
resource_doc/2768"2016.

Mimouni F, Miodovnik M, Siddiqi TA, Khoury J, Tsang RC. Perinatal asphyxia in
infants of insulin-dependent diabetic mothers. J Pediatr. 1988;113(2):345-53.
https://doi.org/10.1016/50022-3476(88)80282-8

Majeed R, Memon Y, Majeed F, Shaikh NP, Rajar UD. Risk factors of birth
asphyxia. J Ayub Med Coll Abbottabad. 2007;19(3):67-71.
Rachatapantanakorn O, Tongkumchum P, Chaisuksant Y. Factors associated
with birth asphyxia in Pattani Hospital, Thailand. Songklanagarind Med J.
2010;23(1):17-27.

Kalteren WS, Ter Horst HJ, den Heijer AE, de Vetten L, Kooi EMW, Bos AF.
Perinatal Anemia is Associated with neonatal and neurodevelopmental out-
comes in infants with moderate to severe perinatal asphyxia. Neonatology.
2018;114(4):315-22. https://doi.org/10.1159/000490369

Vucinovic M, Roje D, Vucinovic Z, Capkun'V, Bucat M, Banovic |. Maternal

and neonatal effects of substance abuse during pregnancy: our ten-year
experience. Yonsei Med J. 2008;49(5):705-13. https://doi.org/10.3349/
ymj.2008.49.5.705

Nayeri F, Shariat M, Dalili H, Bani Adam L, Zareh Mehrjerdi F, Shakeri A. Perina-
tal risk factors for neonatal asphyxia in Vali-e-Asr hospital, Tehran-Iran. Iran J
Reprod Med. 2012;10(2):137-40.

Aslam HM, Saleem S, Afzal R, et al. Risk factors of birth asphyxia. Ital J Pediatr.
2014;40:94. https://doi.org/10.1186/513052-014-0094-2. Published 2014 Dec
20.

Onyearugha CN, Ugboma HA. Fetal outcome of antepartum and intrapar-
tum eclampsia in Aba, southeastern Nigeria. Trop Doct. 2012;42(3):129-32.
https://doi.org/10.1258/td.2012.110206

Berhe YZ, Kebedom AG, Gebregziabher L, et al. Risk factors of Birth Asphyxia
among Neonates born in Public Hospitals of Tigray, Northern Ethiopia. Pedi-
atr Health Med Ther. 2020;11:13-20. https://doi.org/10.2147/PHMT.5231290.
Published 2020 Jan 8.

Sadeghnia A, Mohammadpoor S. The investigation of rate of Birth Asphyxia
and its relationship with Delivery Mode at Shahid Beheshti Hospital of
Isfahan during 2013, 2014, and 2015. Int J Prev Med. 2019;10:23. https://doi.
0rg/10.4103/ijpvm.IJPVM_383_16. Published 2019 Feb 12.

Baker PN, Campbell S, Lees C. Obstetrics By Ten Teachers. 2006, Hodder
Arnold Publishers, 338 Euston road, London, NW1 3Bh

Alexander BT. Placental insufficiency leads to development of hypertension
in growth-restricted offspring. Hypertension. 2003;41(3):457-62. https://doi.
0rg/10.1161/01.HYP0000053448.95913.3D


http://dx.doi.org/10.1159/000493358
http://dx.doi.org/10.1016/S0140-6736(05)71048-5
http://www.who.int/classifications/icd/icdonlineversions/en
http://www.who.int/classifications/icd/icdonlineversions/en
https://www.ncbi.nlm.nih.gov/books/NBK430782/
http://apps.who.int/ghodata/
http://dx.doi.org/10.1186/1742-4755-11-82
http://dx.doi.org/10.21106/ijma.296
http://dx.doi.org/10.1186/s12911-021-01497-8
http://dx.doi.org/10.1186/s12911-021-01497-8
http://dx.doi.org/10.1177/17455065211046132
http://dx.doi.org/10.1136/bmjopen-2020-040132
http://dx.doi.org/10.1136/bmjopen-2020-040132
http://dx.doi.org/10.3390/jcm9092899
http://dx.doi.org/10.3390/jcm9092899
https://www.glowm.com/resource_type/resource/textbook/title/the-figo-textbook-of-pregnancy-hypertension/resource_doc/2768
https://www.glowm.com/resource_type/resource/textbook/title/the-figo-textbook-of-pregnancy-hypertension/resource_doc/2768
https://www.glowm.com/resource_type/resource/textbook/title/the-figo-textbook-of-pregnancy-hypertension/resource_doc/2768
http://dx.doi.org/10.1016/s0022-3476(88)80282-8
http://dx.doi.org/10.1159/000490369
http://dx.doi.org/10.3349/ymj.2008.49.5.705
http://dx.doi.org/10.3349/ymj.2008.49.5.705
http://dx.doi.org/10.1186/s13052-014-0094-2
http://dx.doi.org/10.1258/td.2012.110206
http://dx.doi.org/10.2147/PHMT.S231290
http://dx.doi.org/10.4103/ijpvm.IJPVM_383_16
http://dx.doi.org/10.4103/ijpvm.IJPVM_383_16
http://dx.doi.org/10.1161/01.HYP.0000053448.95913.3D
http://dx.doi.org/10.1161/01.HYP.0000053448.95913.3D

Darsareh et al. BMC Pregnancy and Childbirth

28.

29.

30.

32.

33.

34.

35.

36.

37.

(2023) 23:156

Longo S, Bollani L, Decembrino L, Di Comite A, Angelini M, Stronati M. Short-
term and long-term sequelae in intrauterine growth retardation (IUGR). J
Matern Fetal Neonatal Med. 2013;26(3):222-5. https://doi.org/10.3109/14767
058.2012.715006

Nadeem G, Rehman A, Bashir H. Risk Factors Associated With Birth Asphyxia
in Term Newborns at a Tertiary Care Hospital of Multan, Pakistan. Cureus.
2021;13(10):18759. https://doi.org/10.7759/cureus.18759. Published 2021
Oct 13.

Ellis M, Manandhar N, Manandhar DS, Costello AM. Risk factors for neonatal
encephalopathy in Kathmandu, Nepal, a developing country: unmatched
case-control study. BMJ. 2000;320(7244):1229-36. https://doi.org/10.1136/
bmj.320.7244.1229

Woday A, Muluneh A, St Denis C. Birth asphyxia and its associated factors
among newborns in public hospital, northeast Amhara, Ethiopia. PLoS ONE.
2019;14(12):20226891. https://doi.org/10.1371/journal.pone.0226891. Pub-
lished 2019 Dec 20.

Dassah ET, Odoi AT, Opoku BK. Stillbirths and very low Apgar scores

among vaginal births in a tertiary hospital in Ghana: a retrospective cross-
sectional analysis. BMC Pregnancy Childbirth. 2014;14:289. https://doi.
0rg/10.1186/1471-2393-14-289. Published 2014 Aug 28.

Ibrahim MH, Asmaa MN. Perinatal factors preceding neonatal hypoxic-isch-
emic encephalopathy in el-minia locality. Gynecol Obstet. 2016;6:403-90.
Pitsawong C, Panichkul P. Risk factors associated with birth asphyxia in Phra-
mongkutklao Hospital. Thai J Obstet Gynaecol. 2012;19(4):165-71.

Sunny AK, Paudel P, Tiwari J et al. A multicenter study of incidence, risk
factors and outcomes of babies with birth asphyxia in Nepal. BMC Pediatr.
2021;21(1):394. Published 2021 Sep 10. doi:https://doi.org/10.1186/
$12887-021-02858-y

Bedie NA, Wodajo LT, Mengesha ST. Magnitude and determinants of birth
asphyxia: unmatched case control study Assela Referral Teaching Hospital,
Arsi Zone, Ethiopia. Glob J Reprod Med. 2019;7(1):22-9.

Harrison MS, Goldenberg RL. Cesarean section in sub-saharan Africa. Matern
Health Neonatol Perinatol. 2016;2:6. https://doi.org/10.1186/540748-016-
0033-x. Published 2016 Jul 8.

38.

39.

40.

41.

42.

43.

44,

Page 7 of 7

Ferraz A, Nunes F, Resende C, Aimeida MC, Taborda A. Complicaciones
neonatales a corto plazo de los partos por ventosa. Estudio caso-control
[Short-term neonatal outcomes of vacuum-assisted delivery. A case-control
study]. An Pediatr (Engl Ed). 2019,91(6):378-85. https://doi.org/10.1016/j.
anpedi.2018.11.016

Kune G, Oljira H, Wakgari N, Zerihun E, Aboma M. Determinants of birth
asphyxia among newborns delivered in public hospitals of West Shoa Zone,
Central Ethiopia: a case-control study. PLoS ONE. 2021;16(3):20248504.
https://doi.org/10.1371/journal pone.0248504. Published 2021 Mar 16.
Mohamed MA, Aly H. Impact of race on male predisposition to birth asphyxia.
J Perinatol. 2014;34(6):449-52. https://doi.org/10.1038/jp.2014.27

Kruse AY,Ho BT, Phuong CN, Stensballe LG, Greisen G, Pedersen FK. Prema-
turity, asphyxia and congenital malformations underrepresented among
neonates in a tertiary pediatric hospital in Vietnam. BMC Pediatr. 2012;12:199.
https://doi.org/10.1186/1471-2431-12-199. Published 2012 Dec 29.

Chiabi A, Nguefack S, Mah E, et al. Risk factors for birth asphyxia in an urban
health facility in cameroon. Iran J Child Neurol. 2013;7(3):46-54.

Trimmer KJ, Gilstrap LC 3. Meconiumcrit”and birth asphyxia.

Am J Obstet Gynecol. 1991;165(4 Pt 1):1010-3. https://doi.
0rg/10.1016/0002-9378(91)90460-9

Shekari M, Jahromi MS, Ranjbar A, Mehrnoush V, Darsareh F, Roozbeh N. The
incidence and risk factors of meconium amniotic fluid in singleton pregnan-
cies: an experience of a tertiary hospital in Iran. BMC Pregnancy Childbirth.
2022 Dec 12;22(1):930. https://doi.org/10.1186/512884-022-05285-8

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


http://dx.doi.org/10.3109/14767058.2012.715006
http://dx.doi.org/10.3109/14767058.2012.715006
http://dx.doi.org/10.7759/cureus.18759
http://dx.doi.org/10.1136/bmj.320.7244.1229
http://dx.doi.org/10.1136/bmj.320.7244.1229
http://dx.doi.org/10.1371/journal.pone.0226891
http://dx.doi.org/10.1186/1471-2393-14-289
http://dx.doi.org/10.1186/1471-2393-14-289
http://dx.doi.org/10.1186/s12887-021-02858-y
http://dx.doi.org/10.1186/s12887-021-02858-y
http://dx.doi.org/10.1186/s40748-016-0033-x
http://dx.doi.org/10.1186/s40748-016-0033-x
http://dx.doi.org/10.1016/j.anpedi.2018.11.016
http://dx.doi.org/10.1016/j.anpedi.2018.11.016
http://dx.doi.org/10.1371/journal.pone.0248504
http://dx.doi.org/10.1038/jp.2014.27
http://dx.doi.org/10.1186/1471-2431-12-199
http://dx.doi.org/10.1016/0002-9378(91)90460-9
http://dx.doi.org/10.1016/0002-9378(91)90460-9
http://dx.doi.org/10.1186/s12884-022-05285-8

	﻿Application of machine learning to identify risk factors of birth asphyxia
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Results
	﻿Discussion
	﻿Conclusion
	﻿References


