Prediction models for caesarean section following induction of labour: A systematic review of methodology and reporting quality
SUPPLEMENTARY MATERIAL

Table S1: Detailed characteristics of development studies[footnoteRef:1] [1:  CS = Caesarean Section; N/R = Not Reported; AUROC = Area Under the Receiver Operating Characteristic curve; CI = Confidence Interval; SD = Standard Deviation; IQR = Interquartile Range.] 

	Author Year [Ref]
	Country
	Study design
	Sample size, total (CS, %)
	Modelling method
	Type of model evaluation
	AUROC value (95% CI)
	Populations description and eligibility criteria for the development dataset
	Maternal age of CS group in the training dataset, mean ± SD or median (IQR), years
	Gestational age of CS group in the training dataset, mean ± SD or median (IQR), weeks

	Bademkiran 2021 [1]
	Turkey
	Retrospective cohort study in one hospital
	Training: 1,328 (203, 15.3%)
	Penalized logistic regression
	Calibration; Discrimination
	Bootstrapping validation: 0.762
	Singleton term pregnant women (37–42 weeks) with Bishop score less than 6 between September 2017 and August 2018.
	25 (21–35)
	39 (38–39)

	Danilack 2020 [2]
	The United States
	Retrospective cohort study in 14 hospitals
External validation: a hospital not included in the development cohort 2004–2012
	Training: 17,370 (1,282, 7.4%); External validation: 2,122 (154, 7.3%)
	Logistic regression
	Calibration; Discrimination; Classification
	Bootstrapping validation: 0.82 (95% CI: 0.81–0.83); External validation: 0.82 (95% CI: 0.79–0.86)
	Term pregnant women (37–42 weeks) with no documented medical indication and without prior caesarean section, placenta previa, cephalopelvic disproportion, nonvertex presentation, or uterine abnormalities between January 2007 and December 2012.
	27.8 ± 5.8
	39 (39–40)

	Hemmatzadeh 2022 [3]
	Iran
	Prospective cohort study in three hospitals
	Training: 200 (N/R); Internal validation: 100 (N/R) Total: 300 (80, 26.7%)
	Logistic regression
	Discrimination; Classification
	Training: 0.68; Random split validation: 0.71
	The inclusion criteria were: 38 weeks pregnancy or more, singleton pregnancy, vertex presentation, induction of labour indication, Bishop score less than 6, and dilation less than 2 cm between September 2020 and June 2021. The exclusion criteria were: rupture of membrane, risk factors for hypertension, diabetes, or the need for an urgent labour. 
	28.58
	40 (39–40)

	Jochum 2019 [4]
	France
	Population-based prospective cohort study in 94 maternity units
External validation: Retrospective cohort in 19 United States hospitals 2002–2008
	Training: 1,024 (250, 24.4%); Internal validation: 668 (161, 24.1%) External validation: 4,242 (790, 18.6%)
	Bayesian regression 
	Calibration; Discrimination;
	Training: 0.76 (95% CI: 0.73–0.79); Random split validation: 0.74 (95% CI: 0.70–0.78); External validation: 0.81 (95% CI: 0.79–0.82)
	All women with a live fetus (not less than 37 weeks) whose labour was induced between November and December 2015, except for terminations of pregnancy. We excluded patients with twin pregnancies, non-cephalic presentations, previous caesarean delivery, premature deliveries, and those who did not undergo cervical ripening. Cervical ripening was usually performed if the Bishop score was 6 or less.
	30.3 ± 5.4
	N/R

	Kamel 2021 [5]
	Egypt and Italy
	Prospective cohort study in two hospitals
	Training: 243 (71, 29.2%); Internal validation: 101 (24, 23.8%)
	Logistic regression
	Discrimination
	Training: 0.79 (95% CI: 0.71–0.87); Cross-validation: 0.73 (95% CI: 0.58–0.78); Random split validation: 0.88 (95% CI: 0.79–0.97)
	≥ 18 years of age, nulliparous, singleton, term pregnancy (37–42 weeks) planned for induction of labour for any indication, and a fetus in a cephalic presentation were included. Women presenting in labour or with a history of uterine surgery or scarring were excluded. Between November 2018 and November 2019.
	28.5 ± 6.4
	39 ± 1.5

	Levine 2018 [6]
	The United States
	Secondary analysis of a randomized controlled trial in one hospital
External validation: Retrospective cohort in 19 United States hospitals 2002–2008
	Training: 491 (136, 27.7%); Internal validation: 364 (119, 32.7%); External validation: 8,466 (2,235, 26.4%)
	Logistic regression
	Calibration; Discrimination
	Training: 0.79 (95% CI: 0.74–0.83); Internal validation: 0.73 (95% CI: 0.67–0.78); External validation: 0.73 (95% CI: 0.72–0.74)
	Both nulliparous and multiparous women were included. Full-term (not less than 37 weeks) women carrying a singleton gestation with intact membranes and an unfavourable cervix (Bishop score not larger than 6 and dilation not larger than 2 cm) undergoing induction of labour from 2013 through 2015 were included. Women with a prior caesarean section and contraindication to misoprostol or a vaginal birth were excluded.
	25 (22–32)
	40 (38–≥ 41)

	Lu 2020 [7]
	China
	Prospective cohort study in one hospital
	Training: 475 (82, 17.3%)
	Logistic regression
	Discrimination
	Training: 0.815 (95% CI: 0.777–0.85)
	The inclusion criteria were: (1) Chinese women carrying singleton pregnancies between September 2015 and November 2017; (2) ≥ 37 gestational weeks; (3) vertex presentation; (4) normal fetal well-being on cardiotocography. Women who had a history of cervical surgery or any contraindication for vaginal delivery were excluded.
	N/R
	N/R

	Migliorelli 2019 [8]
	Spain
	Prospective cohort study in one hospital
	Training: 338 (70, 20.7%); Internal validation: 139 (32, 23.0%)
	Logistic regression
	Calibration; Discrimination; Classification
	Training: 0.826 (95% CI: 0.78–0.87); Random split validation: 0.82 (95% CI: 0.77–0.86)
	Women with vertex pregnancies with a medical indication of induction at term (> 37 weeks’ gestation) due to maternal or fetal cause, for whom we were able to perform ultrasonographic evaluation at admission. Exclusion criteria were: maternal age < 18 years, regular uterine contractions, twin gestation, a contraindication for vaginal birth, fetal death, induction for termination of pregnancy, or a patient’s refusal to participate. Between June 2014 and December 2015.
	33.3 ± 5.0
	40 ± 1.23

	Nwabuobi 2020 [9]
	The United States
	Retrospective cohort study in one hospital
	Training: 594 (243, 40.9%)
	Logistic regression
	Calibration; Discrimination; Classification
	Bootstrapping validation: 0.82 (95% CI: 0.78–0.86)
	Inclusion criteria were singleton non-anomalous small-for-gestational-age pregnancy that underwent induction of labour and delivered between 23 and 42 weeks of gestation, in a single tertiary referral center between January 2011 and December 2016. Multiple gestations, those with congenital malformation and those with missing delivery information were excluded.
	28.0 (23.0–32.0)
	37.1 (34.3–38.2)

	Rossi 2019 [10]
	The United States
	Population-based retrospective cohort study Temporal validation: Retrospective cohort in 2017
	Training: 1,098,981 (273,184, 24.9%); Temporal validation: 197,982 (48,881, 24.7%)
	Logistic regression
	Calibration; Discrimination; Classification
	Training: 0.79 (95% CI: 0.78–0.79); Cross-validation: 0.79 (95% CI: 0.78–0.79); Temporal validation: 0.77 (95% CI: 0.76–0.77)
	All obese (pre-pregnancy body mass index higher than 30.0) women with singleton live births who underwent attempted induction of labour between 37 and 44 weeks of gestation from 2012 to 2016. Multifetal gestations, pregnancies with birth anomalies, and live births delivered at that less than 37 0/7 weeks of gestation or more than 44 6/7 weeks of gestation were excluded from the analyses.
	27.8 ± 6.0
	39 (38–39)

	Rossi 2020 [11]
	The United States
	Population-based retrospective cohort study
Temporal validation: Retrospective cohort in 2017
	Training: 4,177,644 (800,423, 19.2%); Temporal validation: 940,383 (N/R)
	Logistic regression
	Calibration; Discrimination; Classification
	Training: 0.787 (95% CI: 0.786–0.788); Cross-validation: 0.781 (95% CI: 0.780–0.782); Temporal validation: 0.78 (95% CI: 0.76–0.80)
	All women who had singleton live births after undergoing induction of labour from 32 to 42 weeks of gestation from 2012 to 2016. Women were excluded from this study if birth occurred at less than 32 weeks of gestation or at more than 42 weeks of gestation. Additionally, women with pregnancies that were complicated by a known fetal congenital anomaly or multifetal gestations were excluded.
	27.9 ± 6.1
	39 (35–40)

	Zhou 2022 [12]
	China
	Retrospective cohort study in one hospital
Temporal validation: Retrospective cohort in 2016
	Training: 2,950 (392, 13.3%); Temporal validation: 1,935 (317, 16.4%)
	Logistic regression
	Calibration; Discrimination; Classification
	Bootstrapping validation: 0.73 (95% CI: 0.70–0.75); Temporal validation: 0.67 (95% CI: 0.64–0.70)
	All nulliparous with singleton, term, cephalic, pregnancies with cervical dilation < 3 cm who underwent induction of labour with medical indications from January 2014 to December 2015 were enrolled.
	29.4 ± 3.4
	40 (39–41)



Table S2: Detailed characteristics of external validation studies[footnoteRef:2] [2:  CS = Caesarean Section; N/R = Not Reported; AUROC = Area Under the Receiver Operating Characteristic curve; CI = Confidence Interval; SD = Standard Deviation; IQR = Interquartile Range.] 

	Author Year [Ref]
	Country of validation dataset
	Study design
	Sample size, total (CS, %)
	Published model
	Type of model evaluation
	AUROC value (95% CI)
	Populations description and eligibility criteria

	Jochum 2019 [4]
	The United States
	Retrospective cohort in 19 hospitals between 2002 and 2008
	4,242 (790, 18.6%)
	Levine 2018 [6]
	Discrimination
	0.76 (95% CI: 0.75–0.78)
	All women with a live fetus (not less than 37 weeks) whose labour was induced between November and December 2015, except for terminations of pregnancy. We excluded patients with twin pregnancies, non-cephalic presentations, previous caesarean delivery, premature deliveries, and those who did not undergo cervical ripening. Cervical ripening was usually performed if the Bishop score was 6 or less.

	López-Jiménez 2022 [13]
	Spain
	Prospective cohort study in one hospital
	Levine 2018 & Rossi 2020: 468 (148, 31.6%)
Migliorelli 2019: 328 (99, 30.2%)
	Levine 2018 [6]
Migliorelli 2019 [8]
Rossi 2020 [11]
	Calibration; Discrimination; Classification; Clinical utility
	Levine 2018 (specific cohort): 0.773, (95% CI: 0.720–0.827); Migliorelli 2019 (specific cohort): 0.735 (95% CI: 0.677–0.793); Rossi 2020 (total cohort): 0.752 (95% CI: 0.707–0.797)
	Women with single pregnancies in cephalic presentation with medical indication of induction of labour from 1 February 2019 to 30 August 2020 were included. No elective inductions were performed. There were no restrictions regarding gestational age, parity, previous caesarean delivery or cervical status. Multiple pregnancies, non-cephalic presentations, fetal antepartum deaths and patients who did not consent to participate in the study were excluded.

	Tollon 2023 [14]
	France
	Population-based prospective cohort study in 94 maternity units
	600 (192, 32%)
	Levine 2018 [6]
	Calibration; Discrimination
	0.69 (95% CI: 0.65–0.74)
	All women with a live fetus (not less than 37 weeks) and Bishop score < 3 whose labour was induced between November and December 2015, except for terminations of pregnancy. We excluded patients with twin pregnancies, non-cephalic presentations, previous caesarean delivery, premature deliveries, and those who did not undergo cervical ripening.

	Zhou 2022 [12]
	China
	Retrospective cohort study in one hospital
	1,935 (317, 16.4%)
	Rossi 2020 [11]
	Discrimination
	Training: 0.68; External validation: 0.64
	Singleton term pregnant women (37–42 weeks) with Bishop score less than 6 between September 2017 and August 2018.




Table S3: Predictors included in the final models of eligible studies[footnoteRef:3] [3:  N/R = Not Reported; BMI = Body Mass Index.] 

	Study ID [Ref]
	Timing of predictors 
	N
	Demographic and socioeconomic characteristics for higher probability
	Obstetric characteristics in current pregnancy for higher probability
	Obstetric histories for higher probability
	Medical histories for higher probability

	Bademkiran 2021 [1]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour; During/after the start of induction of labour
	8
	Younger maternal age (continuous)
	Earlier gestational age (continuous); Nulliparity (continuous); Lower Bishop score (continuous); Male fetus (categorical); Not have premature rupture of membranes (categorical); Longer induction time (continuous); Maternal (not fetal) induction reasons (categorical)
	N/R
	N/R

	Danilack 2020 [2]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	8
	Older maternal age (continuous); Race/ethnicity (non-Hispanic African Americans vs. non-Hispanic whites) (categorical); Obesity identified based on ICD-9 code (categorical)
	Later gestational age (continuous); Nulliparity (categorical); Had uterine fibroids or leiomyoma (categorical); Had excessive fetal growth (categorical)
	N/R
	Had history of herpes simplex without mention of complication (categorical)

	Hemmatzadeh 2022 [3]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	6
	Lower BMI at birth (categorical); Higher height (categorical)
	Later gestational age (categorical); Nulliparity (categorical); Lower modified/adjusted Bishop score (continuous); Higher caesarean section risk assessment (continuous)
	N/R
	N/R

	Jochum 2019 [4]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour; During/after the start of induction of labour
	11
	Higher BMI at birth (categorical); Shorter height (categorical)
	Later gestational age (continuous); Nulliparity (categorical); Lower cervical dilation (categorical); Mobile fetal head station (categorical); Higher cervical effacement (categorical); Had medical indication of induction (categorical); Suspicion of macrosomia (categorical); Had premature rupture of membranes (categorical); Concerning fetal status (categorical)
	N/R
	N/R

	Kamel 2021 [5]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	4
	Older maternal age (continuous)
	Longer ultrasonographic cervical length (continuous); Narrower ultrasonographic angle of progression at rest (continuous); Ultrasonographic fetal occiput position (occiput posterior vs. occiput anterior) (categorical)
	N/R
	N/R

	Levine 2018 [6]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	5
	Higher BMI at birth (categorical); Shorter height (categorical)
	Gestational age greater than 40 weeks (categorical); Nulliparity (categorical); Lower modified Bishop score prior to induction (continuous)
	N/R
	N/R

	Lu 2020 [7]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	4
	Shorter height (categorical)
	Nulliparity (categorical); Longer cervical length (continuous); Higher mean of shear wave elasticity of anterior and posterior inner cervix (continuous)
	N/R
	N/R

	Migliorelli 2019 [8]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	5
	Higher BMI before birth (continuous); Shorter height (continuous)
	Larger ultrasonographic estimated fetal weight (continuous); Longer ultrasonographic cervical length (continuous)
	Not have previous vaginal birth (categorical)
	N/R

	Nwabuobi 2020 [9]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour; During/after the start of induction of labour
	3
	Older maternal age (continuous)
	Earlier gestational age (continuous); Initial method of induction (categorical)
	N/R
	N/R

	Rossi 2019 [10]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	10
	Older maternal age (continuous); Shorter height (continuous); Higher weight at birth (continuous); Had Medicaid insurance (categorical); Higher gestational weight gain (continuous)
	Lower parity (continuous)
	Not have previous vaginal birth (categorical); Had previous caesarean section (categorical)
	Had pre-existing hypertension (categorical); Had pre-existing diabetes (categorical)

	Rossi 2020 [11]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	7
	Older maternal age (continuous); Race/ethnicity (all others vs. non-Hispanic whites) (categorical); Higher weight at birth (continuous); Shorter height (continuous)
	Earlier gestational age (continuous)
	Not have previous vaginal birth (categorical); Had previous caesarean section (categorical)
	N/R

	Zhou 2022 [12]
	Pre-pregnancy; From onset of pregnancy to prior to the start of induction of labour
	9
	Older maternal age (continuous); Shorter height (continuous)
	Indications of induction of labour (hypertensive disorder of pregnancy vs. all others) (categorical); Higher uterine height (continuous); Longer abdominal circumference (continuous); Larger estimated fetal weight (continuous); Lower initial station (categorical); Lower initial cervical effacement (categorical); Firm initial cervical consistency (categorical)
	N/R
	N/R




Table S4: Other performance measurements of eligible studies[footnoteRef:4] [4:  N/R = Not Reported.] 

	Study ID [Ref]
	Calibration measurement
	Value of calibration measurement
	Classification measurement
	Value of classification measurement
	Value used for cut-off in classification measurement

	Bademkiran 2021 [1]
	Calibration plot
	N/R
	N/R
	N/R
	N/R

	Danilack 2020 [2]
	Calibration plot; Hosmer-Lemeshow test; Stratification capacity was assessed by examining the extent to which the model’s predictions separated the study population into clinically distinct risk groups (detailed in Table 2 and 3).
	Training: R2 = 99.84%; p-value = 0.702; External validation: R2 = 99.63%
	Sensitivity; Specificity; Positive predictive value; Negative predictive value
	Training: sensitivity = 85%; specificity = 70%; positive predicted value = 18%; negative predicted value = 98%; External validation: sensitivity = 87%; specificity = 70%
	0.078 (determined using Youden Index)

	Hemmatzadeh 2022 [3]
	N/R
	N/R
	Sensitivity; Specificity; Positive predictive value; Negative predictive value; Accuracy
	Training: sensitivity = 12.50%; specificity = 98.18%; positive predictive value = 71.43%; negative predictive value = 75.52%; accuracy = 75.33%; Internal validation: sensitivity = 25.93%; specificity = 93.65%; positive predictive value = 63.64%; negative predictive value = 74.68%; accuracy = 75.33%
	10% false-positive rate

	Jochum 2019 [4]
	Calibration plot
	N/R
	N/R
	N/R
	N/R

	Kamel 2021 [5]
	N/R
	N/R
	N/R
	N/R
	N/R

	López-Jiménez 2022 [13]
	Calibration belt test; Hosmer-Lemeshow test
	Hosmer-Lemeshow test
Levine 2018: p-value = 0.251; Migliorelli 2019: p-value = 0.018; Rossi 2020: p-value = 0.094
Calibration belt test
Levine 2018: p-value <0.001; Migliorelli 2019: p-value <0.001; Rossi 2020: p-value = 0.032
	Sensitivity; Specificity; Positive predictive value; Negative predictive value; Likelihood ratio
	Levine 2018: sensitivity = 12.16%, specificity = 96.88%; positive predictive value = 64.29%; negative predictive value = 70.45%, positive likelihood ratio = 3.89%; negative likelihood ratio = 0.91%; Migliorelli 2019: sensitivity = 19.19%, specificity = 94.32%; positive predictive value = 59.38%; negative predictive value = 72.97%, positive likelihood ratio = 3.38%; negative likelihood ratio = 0.86%; Rossi 2020: sensitivity = 17.57%, specificity = 94.06%; positive predictive value = 57.78%; negative predictive value = 71.16%, positive likelihood ratio = 2.96%; negative likelihood ratio = 0.88%
	< 50%

	Levine 2018 [6]
	Calibration plot
	N/R
	N/R
	N/R
	N/R

	Lu 2020 [7]
	N/R
	N/R
	N/R
	N/R
	N/R

	Migliorelli 2019 [8]
	Hosmer-Lemeshow test; Nagelkerke’s R2
	R2 = 35.0%; p-value = 0.29
	Sensitivity; Specificity; Positive predictive value; Negative predictive value; Likelihood ratio
	Internal validation 5% false-positive rate: sensitivity = 44.1%, specificity = 94.9%; positive predictive value = 70.3%; negative predictive value = 86.2%; positive likelihood ratio = 8.7%; negative likelihood ratio = 0.59%; others see Table 3
	1, 5 and 10% false-positive rate

	Nwabuobi 2020 [9]
	Hosmer-Lemeshow test
	p-value = 0.617
	Sensitivity; Specificity; Likelihood ratio
	Sensitivity = 64.2%, specificity = 86.9%, positive likelihood ratio = 4.9% and negative likelihood ratio = 0.41%
	N/R

	Rossi 2019 [10]
	Calibration plot
	N/R
	Sensitivity; Specificity; Positive predictive value; Negative predictive value
	Training 10% risk: sensitivity = 90.0%, specificity = 47.7%; positive predictive value = 36.4%; negative predictive value = 93.5%; others see Appendix 3
	10th percentile of risk

	Rossi 2020 [11]
	Calibration plot
	N/R
	Sensitivity; Specificity; Likelihood ratio
	Training 10% risk: sensitivity = 87.6%, specificity = 51.1%; positive likelihood ratio = 1.8%; negative likelihood ratio = 0.2%; others see Table 5
	10th percentile of risk

	Tollon 2023 [14]
	N/R
	N/R
	N/R
	N/R
	N/R

	Zhou 2022 [12]
	Calibration plot
	N/R
	Sensitivity; Specificity
	Training: sensitivity = 63%, specificity = 71%
	N/R




Table S5: Quality appraisal of eligible studies
	Signaling questions
	Bademkiran 2021 [1]
	Danilack 2020 [2]
	Hemmatzadeh 2022 [3]
	Jochum 2019 [4]
	Kamel 2021 [5]
	López-Jiménez 2022 [13]
	Levine 2018 [6]
	Lu 2020 [7]
	Migliorelli 2019 [8]
	Nwabuobi 2020 [9]
	Rossi 2019 [10]
	Rossi 2020 [11]
	Tollon 2023 [14]
	Zhou 2022 [12]

	1. Participants (risk of bias): 1.1 Were appropriate data sources used, e.g. cohort, RCT or nested case-control study data?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	1. Participants (risk of bias): 1.2 Were all inclusions and exclusions of participants appropriate?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	1. Participants (risk of bias): Risk of bias introduced by selection of participants
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low

	1. Participants (applicability): Concern that the included participants and setting do not match the review question
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low

	2. Predictors (risk of bias): 2.1 Were predictors defined and assessed in a similar way for all participants?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	2. Predictors (risk of bias): 2.2 Were predictor assessments made without knowledge of outcome data?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	2. Predictors (risk of bias): 2.3 Are all predictors available at the time the model is intended to be used?
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	2. Predictors (risk of bias): Risk of bias introduced by predictors or their assessment
	High
	Low
	Low
	High
	Low
	Low
	Low
	Low
	Low
	High
	Low
	Low
	Low
	Low

	2. Predictors (applicability): Concern that the definition, assessment or timing of predictors in the model do not match the review question
	High
	Low
	Low
	High
	Low
	Low
	Low
	Low
	Low
	High
	Low
	Low
	Low
	Low

	3. Outcome (risk of bias): 3.1 Was the outcome determined appropriately?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): 3.2 Was a pre-specified or standard outcome definition used?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): 3.3 Were predictors excluded from the outcome definition?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): 3.4 Was the outcome defined and determined in a similar way for all participants?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): 3.5 Was the outcome determined without knowledge of predictor information?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): 3.6 Was the time interval between predictor assessment and outcome determination appropriate?
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	3. Outcome (risk of bias): Risk of bias introduced by the outcome or its determination
	High
	Low
	Low
	High
	Low
	Low
	Low
	Low
	Low
	High
	Low
	Low
	Low
	Low

	3. Outcome (applicability): Concern that the outcome, its definition, timing or determination do not match the review question
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low
	Low

	4. Analysis (risk of bias): 4.1 Were there a reasonable number of participants with the outcome?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	4. Analysis (risk of bias): 4.2 Were continuous and categorical predictors handled appropriately?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	4. Analysis (risk of bias): 4.3 Were all enrolled participants included in the analysis?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	4. Analysis (risk of bias): 4.4 Were participants with missing data handled appropriately?
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	No information
	No information
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes
	Yes / Probably yes

	4. Analysis (risk of bias): 4.5 Was selection of predictors based on univariable analysis avoided?
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	No / Probably no
	
	No / Probably no
	No / Probably no
	Yes / Probably yes
	No / Probably no
	No / Probably no
	No / Probably no
	
	No / Probably no

	4. Analysis (risk of bias): 4.6 Were complexities in the data (e.g. censoring, competing risks, sampling of controls) accounted for appropriately
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes

	4. Analysis (risk of bias): 4.7 Were relevant model performance measures evaluated appropriately?
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes
	No information
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes

	4. Analysis (risk of bias): 4.8 Were model overfitting and optimism in model performance accounted for? (development only)
	Yes / Probably yes
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	
	Yes / Probably yes
	No / Probably no
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	
	Yes / Probably yes

	4. Analysis (risk of bias): 4.9 Do predictors and their assigned weights in the final model correspond to the results from multivariable analysis?
	Yes / Probably yes
	Yes / Probably yes
	No information
	Yes / Probably yes
	Yes / Probably yes
	
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	Yes / Probably yes
	
	Yes / Probably yes

	4. Analysis (risk of bias): Risk of bias introduced by the analysis
	High
	Low
	High
	High
	High
	Low
	Unclear
	High
	High
	Unclear
	High
	Unclear
	Unclear
	Unclear

	Overall assessment of risk of bias
	High
	Low
	High
	High
	High
	Low
	Unclear
	High
	High
	Unclear
	High
	Unclear
	Unclear
	Unclear

	Overall assessment of applicability
	High
	Low
	Low
	High
	Low
	Low
	Low
	Low
	Low
	High
	Low
	Low
	Low
	Low




Table S6: Excluded studies and reasons for exclusion during full text review
	Study ID
	Title
	DOI
	Reason for Exclusion

	Guedalia 2022
	Primary risk stratification for neonatal jaundice among term neonates using machine learning algorithm
	https://dx.doi.org/10.1016/j.earlhumdev.2022.105538
	Not prognostic risk prediction 

	Morales-Rosello 2022
	Predictors of adverse perinatal outcome up to 34 weeks, a multivariable analysis study
	https://dx.doi.org/10.1080/01443615.2021.1998891
	Wrong outcome 

	Quach 2022
	Maternal and fetal characteristics for predicting risk of Cesarean section following induction of labor: pooled analysis of PROBAAT trials
	https://dx.doi.org/10.1002/uog.24764
	No performance measurement 

	Ashoor 2022
	Development and validation of model for prediction of placental dysfunction-related stillbirth from maternal factors, fetal weight and uterine artery Doppler at mid-gestation
	https://dx.doi.org/10.1002/uog.24795
	Wrong outcome

	Burke 2017
	Prediction of cesarean delivery in the term nulliparous woman: results from the prospective, multicenter Genesis study
	10.1016/j.ajog.2017.02.017
	Wrong outcome

	Schummers 2018
	Absolute risks of obstetric outcomes risks by maternal age at first birth: A population-based cohort
	10.1097/EDE.0000000000000818
	Not prognostic risk prediction 

	Kalafat 2018
	Risk of operative delivery for intrapartum fetal compromise in small-for-gestational-age fetuses at term: an internally validated prediction model
	10.1016/j.ajog.2017.10.022
	Wrong outcome 

	Thangaratinam 2017
	Prediction of complications in early-onset pre-eclampsia (PREP): Development and external multinational validation of prognostic models
	10.1186/s12916-017-0827-3
	Wrong outcome 

	Sainz 2019
	A simple model to predict the complicated operative vaginal deliveries using vacuum or forceps
	10.1016/j.ajog.2018.10.035
	Wrong outcome 

	GibbsPickens 2018
	Term Elective Induction of Labor and Pregnancy Outcomes among Obese Women and Their Offspring
	10.1097/AOG.0000000000002408
	Not prognostic risk prediction 

	Lipschuetz 2020
	Prediction of vaginal birth after cesarean deliveries using machine learning
	10.1016/j.ajog.2019.12.267
	Wrong outcome 

	Kawakita 2019
	Evaluation of Risk-Assessment Tools for Severe Postpartum Hemorrhage in Women Undergoing Cesarean Delivery
	10.1097/AOG.0000000000003574
	Wrong outcome 

	Watson 2020
	Development and validation of predictive models for QUiPP App v.2: tool for predicting preterm birth in asymptomatic high-risk women
	10.1002/uog.20401
	Wrong outcome 

	Kawakita 2018
	Predicting Vaginal Delivery in Nulliparous Women Undergoing Induction of Labor at Term
	10.1055/s-0037-1608847
	Wrong outcome

	Ryan 2017
	Validating the Performance of the Modified Early Obstetric Warning System Multivariable Model to Predict Maternal Intensive Care Unit Admission
	10.1016/j.jogc.2017.01.028
	Wrong outcome

	Houweling 2019
	A prediction model for neonatal mortality in low- and middle-income countries: An analysis of data from population surveillance sites in India, Nepal and Bangladesh
	10.1093/ije/dyy194
	Wrong outcome 

	Carter 2020
	Development and validation of predictive models for QUiPP App v.2: tool for predicting preterm birth in women with symptoms of threatened preterm labor
	10.1002/uog.20422
	Wrong outcome 

	Nieto 2017
	Prenatal Predictors of Maternal Attachment and Their Association with Postpartum Depressive Symptoms in Mexican Women at Risk of Depression
	10.1007/s10995-016-2223-6
	Wrong predictors 

	Venkatesh 2020
	Machine Learning and Statistical Models to Predict Postpartum Hemorrhage
	10.1097/AOG.0000000000003759
	Wrong outcome 

	Weber 2018
	Application of machine-learning to predict early spontaneous preterm birth among nulliparous non-Hispanic black and white women
	10.1016/j.annepidem.2018.08.008
	Wrong outcome 

	Jelliffe-Pawlowski 2018
	Prediction of preterm birth with and without preeclampsia using mid-pregnancy immune and growth-related molecular factors and maternal characteristics
	10.1038/s41372-018-0112-0
	Wrong outcome 

	Rubio-Ålvarez 2018
	Development and validation of a predictive model for excessive postpartum blood loss: A retrospective, cohort study
	10.1016/j.ijnurstu.2017.11.009
	Wrong predictors 

	Bartz-Kurycki 2018
	Enhanced neonatal surgical site infection prediction model utilizing statistically and clinically significant variables in combination with a machine learning algorithm
	10.1016/j.amjsurg.2018.07.041
	Wrong predictors 

	Bodnar 2019
	Gestational Weight Gain and Adverse Birth Outcomes in Twin Pregnancies
	10.1097/AOG.0000000000003504
	Not prognostic risk prediction 

	Almeida 2017
	Validation of fullPIERS model for prediction of adverse outcomes among women with severe pre-eclampsia
	10.1002/ijgo.12197
	Wrong outcome 

	Manzanares 2020
	An integrated model with classification criteria to predict vaginal delivery success after cesarean section
	10.1080/14767058.2018.1488166
	Wrong outcome 

	Vieira 2017
	Prediction of uncomplicated pregnancies in obese women: A prospective multicentre study
	10.1186/s12916-017-0956-8
	Wrong outcome 

	Zhang 2021
	Development and validation of a machine learning algorithm for predicting the risk of postpartum depression among pregnant women
	10.1016/j.jad.2020.09.113
	Wrong outcome

	Rossi 2019
	Predictive Model of Factors Associated With Maternal Intensive Care Unit Admission
	10.1097/AOG.0000000000003319
	Wrong outcome 

	Betts 2019
	Predicting common maternal postpartum complications: leveraging health administrative data and machine learning
	10.1111/1471-0528.15607
	Wrong predictors 

	Wu 2019
	Prediction of fetal loss in Chinese pregnant patients with systemic lupus erythematosus: a retrospective cohort study
	10.1136/bmjopen-2018-023849
	Wrong outcome 

	Guan 2020
	Prediction of emergency cesarean section by measurable maternal and fetal characteristics
	10.1136/jim-2019-001175
	Wrong outcome 

	Hamilton 2020
	Estimating risk of severe neonatal morbidity in preterm births under 32 weeks of gestation
	10.1080/14767058.2018.1487395
	Wrong outcome 

	Eden 2021
	Combined prenatal and postnatal prediction of early neonatal compromise risk
	10.1080/14767058.2019.1676714
	Wrong predictors 

	Goodfellow 2019
	Effect of QUiPP prediction algorithm on treatment decisions in women with a previous preterm birth: a prospective cohort study
	10.1111/1471-0528.15886
	Wrong outcome 

	Ngwenya 2019
	Statistical risk prediction models for adverse maternal and neonatal outcomes in severe preeclampsia in a low-resource setting: Proposal for a single-centre cross-sectional study at Mpilo Central Hospital, Bulawayo, Zimbabwe
	10.1186/s13104-019-4539-y
	Not a primary research: proposal 

	Prema 2019
	Machine Learning Approach for Preterm Birth Prediction Based on Maternal Chronic Conditions
	10.1007/978-981-13-5802-9_52
	Not published in a peer-reviewed journal 

	Payne 2018
	Development and internal validation of the multivariable CIPHER (Collaborative Integrated Pregnancy High-dependency Estimate of Risk) clinical risk prediction model
	10.1186/s13054-018-2215-6
	Wrong outcome 

	Rosenbloom 2018
	A Prediction Model for Severe Maternal Morbidity in Laboring Patients at Term
	10.1055/s-0038-1626716
	Wrong outcome 

	Caly 2021
	Machine learning analysis of pregnancy data enables early identification of a subpopulation of newborns with ASD
	10.1038/s41598-021-86320-0
	Wrong predictors 

	Ömark 2019
	Prediction of large-for-gestational-age infants in pregnancies complicated by obesity: A population-based cohort study
	10.1111/aogs.13546
	Wrong outcome

	Sittiparn 2017
	Risk score for prediction of postpartum hemorrhages in normal labor at chonburi hospital
	DOI not available
	Wrong outcome 

	Zwertbroek 2017
	Prediction of progression to severe disease in women with late preterm hypertensive disorders of pregnancy
	10.1111/aogs.13051
	Wrong outcome 

	DiMascio 2021
	Maternal and neonatal outcomes of pregnancies complicated by late fetal growth restriction undergoing induction of labor with dinoprostone compared with cervical balloon: A retrospective, international study
	10.1111/aogs.14135
	Not prognostic risk prediction 

	Hoffman 2021
	A machine learning algorithm for predicting maternal readmission for hypertensive disorders of pregnancy
	10.1016/j.ajogmf.2020.100250
	Wrong outcome 

	Oster 2021
	A Risk Prediction Model to Identify Newborns at Risk for Missing Early Childhood Vaccinations
	https://dx.doi.org/10.1093/jpids/piab073
	Wrong outcome 

	Cohen 2021
	A decision tree model for predicting live birth in FMR1 premutation carriers undergoing preimplantation genetic testing for monogenic/single gene defects
	https://dx.doi.org/10.1016/j.rbmo.2021.06.009
	Wrong outcome 

	Burn 2021
	Impact of labor induction at 39 weeks gestation compared with expectant management on maternal and perinatal morbidity among a cohort of low-risk women
	https://dx.doi.org/10.1080/14767058.2021.2021396
	Not prognostic risk prediction 

	Saleh 2021
	Prediction of pre-eclampsia-related complications in women with suspected or confirmed pre-eclampsia: development and internal validation of clinical prediction model
	https://dx.doi.org/10.1002/uog.23142
	Wrong predictors 

	Rizzo 2020
	Prediction of delivery after 40 weeks by antepartum ultrasound in singleton nulliparous women: a prospective cohort study
	https://dx.doi.org/10.1016/j.ajogmf.2020.100193
	Wrong outcome 

	Colalillo 2021
	Obstetric hemorrhage risk assessment tool predicts composite maternal morbidity
	https://dx.doi.org/10.1038/s41598-021-93413-3
	Wrong predictors 

	Yarygina 2020
	First-trimester prediction of small-for-gestational age in pregnancies at false-positive high or intermediate risk for fetal aneuploidy
	https://dx.doi.org/10.1002/uog.21965
	Wrong outcome 

	Sun 2021
	Development and external validation of a model for predicting adverse outcomes in women with preeclampsia: A retrospective study from two trans-regional centers in China
	https://dx.doi.org/10.1016/j.preghy.2021.10.008
	Wrong outcome 

	Du 2021
	Probability of severe postpartum hemorrhage in repeat cesarean deliveries: a multicenter retrospective study in China
	https://dx.doi.org/10.1038/s41598-021-87830-7
	Wrong predictors 

	Clapp 2021
	Derivation and external validation of risk stratification models for severe maternal morbidity using prenatal encounter diagnosis codes
	https://dx.doi.org/10.1038/s41372-021-01072-z
	Wrong outcome 

	Ban 2021
	External validation of a model to predict women most at risk of postpartum venous thromboembolism: Maternity clot risk
	https://dx.doi.org/10.1016/j.thromres.2021.05.020
	Wrong predictors 

	Belsti 2021
	Derivation and validation of a risk score to predict mortality of early neonates at neonatal intensive care unit: The END in NICU score
	http://dx.doi.org/10.2147/IJGM.S336888
	Wrong predictors 

	Yang 2021
	Development of a Novel Nomogram for Predicting Premature Rupture of Membrane in Pregnant Women With Vulvovaginal Candidiasis
	http://dx.doi.org/10.3389/fmed.2021.717978
	Wrong outcome 

	Mathew 2021
	Malformation Risk Prediction with Machine Learning Modelling for Pregnant Women with Epilepsy
	http://dx.doi.org/10.1111/epi.17079
	No full text 

	Phillips 2022
	A Practical Approach to Identifying High Risk Delivery Admissions: Predicting Severe Maternal Morbidity
	https://dx.doi.org/10.1016/j.ajog.2021.11.1013
	No full text 

	Adesomo 2022
	Predictive performance of the American College of Surgeons risk calculator for non-obstetric surgery in pregnancy
	https://dx.doi.org/10.1016/j.ajog.2021.11.412
	No full text 

	Dunk 2022
	Predicting Postpartum Hemorrhage in Laboring Patients in Cameroon, Africa
	https://dx.doi.org/10.1016/j.ajog.2021.11.402
	No full text 

	Kong 2021
	Delta neutrophil index and shock index can stratify risk for the requirement for massive transfusion in patients with primary postpartum hemorrhage in the emergency department
	http://dx.doi.org/10.1371/journal.pone.0258619
	Wrong outcome 

	Cai 2021
	Development and verification of a risk prediction model for bronchopulmonary dysplasia in very low birth weight infants
	http://dx.doi.org/10.21037/tp-21-445
	Wrong predictors 

	Yefet 2021
	Prediction of anemia at delivery
	http://dx.doi.org/10.1038/s41598-021-85622-7
	Wrong outcome 

	Zhang 2021
	A risk score for early predicting bloodstream infections in febrile obstetric patients: a pilot study
	http://dx.doi.org/10.1007/s00404-021-06269-3
	Wrong predictors 

	Amit 2021
	Estimation of postpartum depression risk from electronic health records using machine learning
	http://dx.doi.org/10.1186/s12884-021-04087-8
	Wrong predictors 

	Nowacka 2021
	Competing risks model for prediction of small for gestational age neonates and the role of second trimester soluble fms-like tyrosine kinase-1
	http://dx.doi.org/10.3390/jcm10173786
	Wrong outcome 

	Malinowski 2021
	Distinct maternal and fetal pregnancy outcomes in women with sickle cell disease can be predicted using routine clinical and laboratory data
	http://dx.doi.org/10.1111/bjh.17607
	Wrong outcome 

	Eberle 2021
	Induction of labor at 39 weeks and risk of cesarean delivery among obese women: A retrospective propensity score matched study
	http://dx.doi.org/10.1515/jpm-2021-0043
	Not prognostic risk prediction 

	Battarbee 2021
	Maternal and Neonatal Outcomes Associated with Amniotomy among Nulliparous Women Undergoing Labor Induction at Term
	http://dx.doi.org/10.1055/s-0040-1709464
	Not published in a peer-reviewed journal 

	Tesemma 2021
	Perinatal outcomes of high dose versus low dose oxytocin regimen used for labor induction and factors associated with adverse perinatal outcome in four hospitals of Ethiopia: a multicenter comparative study
	http://dx.doi.org/10.1186/s12884-021-04052-5
	Not prognostic risk prediction 

	Acosta-Alfaro 2021
	Predictive model for pregnancy-induced hypertension in mexican women
	http://dx.doi.org/10.24245/gom.v89i4.5106
	Wrong outcome 

	Wainstock 2021
	Can we predict preterm delivery based on the previous pregnancy?
	http://dx.doi.org/10.3390/jcm10071517
	Not prognostic risk prediction 

	Shin 2020
	Machine learning-based predictive modeling of postpartum depression
	http://dx.doi.org/10.3390/jcm9092899
	Wrong outcome 

	Fassio 2019
	Risk of preeclampsia and adverse pregnancy outcomes after heterologous egg donation: Hypothesizing a role for kidney function and comorbidity
	http://dx.doi.org/10.3390/jcm8111806
	Wrong outcome 

	Liao 2021
	LightGBM: an efficient and accurate method for predicting pregnancy diseases
	http://dx.doi.org/10.1080/01443615.2021.1945006
	Wrong outcome: gestational diseases 

	Gebremariam 2021
	Development and validation of a clinical prognostic risk score to predict early neonatal mortality, Ethiopia: A receiver operating characteristic curve analysis
	http://dx.doi.org/10.2147/CLEP.S321763
	Wrong predictors 

	Raja 2021
	A Machine Learning-Based Prediction Model for Preterm Birth in Rural India
	http://dx.doi.org/10.1155/2021/6665573
	Wrong outcome 

	Ruppel 2021
	Validation of Postpartum Hemorrhage Admission Risk Factor Stratification in a Large Obstetrics Population
	http://dx.doi.org/10.1055/s-0040-1712166
	Not prognostic risk prediction 

	Ahmadzia 2021
	Hemorrhage Risk Assessment on Admission: Utility for Prediction of Maternal Morbidity
	http://dx.doi.org/10.1055/s-0040-1710501
	Not prognostic risk prediction 

	Gibbons 2021
	Prediction of large-for-gestational age infants in relation to hyperglycemia in pregnancy - A comparison of statistical models
	http://dx.doi.org/10.1016/j.diabres.2021.108975
	Wrong outcome 

	Batista 2021
	Neonatal mortality prediction with routinely collected data: a machine learning approach
	http://dx.doi.org/10.1186/s12887-021-02788-9
	Wrong predictors

	Shazly 2021
	Prediction of clinical outcomes in women with placenta accreta spectrum using machine learning models: an international multicenter study
	http://dx.doi.org/10.1080/14767058.2021.1918670
	Wrong outcome 

	Teal 2021
	Quantifying the Risks and Benefits of Continuing Labor Induction: Data for Shared Decision-Making
	http://dx.doi.org/10.1055/s-0039-1701025
	Not prognostic risk prediction 

	Malinowski 2019
	Prediction of Risk for Adverse Pregnancy Outcomes in Women with Sickle Cell Disease
	http://dx.doi.org/10.1182/blood-2019-130087
	Wrong outcome 

	Chu 2020
	Predicting the risk of adverse events in pregnant women with congenital heart disease
	http://dx.doi.org/10.1161/JAHA.120.016371
	Wrong outcome 

	Ushida 2021
	Antenatal prediction models for short- and medium-term outcomes in preterm infants
	http://dx.doi.org/10.1111/aogs.14136
	Wrong outcome 

	Gowramma 2021
	Evaluation of machine learning algorithms on the prediction of live birth occurrence
	http://dx.doi.org/10.31838/ijpr/2021.13.02.411
	Wrong outcome 

	Cohen 2021
	Development of a novel and racially unbiased deep learning algorithm to predict preterm birth in hypertensive parturients: A pragmatic approach to de-biasing
	http://dx.doi.org/10.1213/ANE.0000000000005509
	No full text 

	Huang 2021
	Prediction of postpartum hemorrhage in pregnant women with immune thrombocytopenia: Development and validation of the MONITOR model in a nationwide multicenter study
	http://dx.doi.org/10.1002/ajh.26134
	Wrong outcome 

	Sheikhtaheri 2021
	Prediction of neonatal deaths in NICUs: development and validation of machine learning models
	http://dx.doi.org/10.1186/s12911-021-01497-8
	Wrong predictors 

	Park 2021
	Comparison of Methods to Reduce Bias from Clinical Prediction Models of Postpartum Depression
	http://dx.doi.org/10.1001/jamanetworkopen.2021.3909
	Wrong outcome 

	Roige-Castellvi 2021
	Prenatal and perinatal factors associated with ADHD risk in schoolchildren: EPINED epidemiological study
	http://dx.doi.org/10.1007/s00787-020-01519-2
	Wrong predictors 

	Barba 2021
	Postpartum urinary retention: Absolute risk prediction model
	https://dx.doi.org/10.1111/luts.12362
	Wrong predictors 

	Shukla 2020
	Predictive Modeling for Perinatal Mortality in Resource-Limited Settings
	https://dx.doi.org/10.1001/jamanetworkopen.2020.26750
	Wrong outcome

	Rohlfing 2020
	Maternal cardiovascular disease risk factors as predictors of preterm birth in California: a case-control study
	https://dx.doi.org/10.1136/bmjopen-2019-034145
	Wrong outcome 

	Young 2020
	Machine Learning and Statistical Models to Predict Postpartum Hemorrhage
	https://dx.doi.org/10.1097/AOG.0000000000003980
	Duplicate 

	Burkett 2020
	Machine learning model for complicated delivery and pelvic floor injury
	https://dx.doi.org/10.1097/SPV.0000000000000934
	No full text 

	Meekins 2020
	Predicting risk of obstetric anal sphincter injuries at the time of admission for labor
	https://dx.doi.org/10.1097/SPV.0000000000000934
	No full text 

	Seppala 2020
	Mode of delivery and risk of childhood cancer in the offspring
	https://dx.doi.org/10.1002/pbc.28742
	Wrong outcome 

	Patrick 2021
	Development and Validation of a Model to Predict Neonatal Abstinence Syndrome
	https://dx.doi.org/10.1016/j.jpeds.2020.10.030
	Wrong outcome 

	Moll 2020
	Validating claims-based algorithms identifying pregnancy outcomes
	https://dx.doi.org/10.1002/pds.5114
	Wrong outcome 

	Zhang 2021
	217 Creating a calculator to estimate risk of cesarean delivery in patients undergoing induction of labor
	https://dx.doi.org/10.1016/j.ajog.2020.12.239
	No full text 

	Rezende 2021
	Evaluation of fetal medicine foundation algorithm in predicting small-for-gestational-age neonates
	https://dx.doi.org/10.1080/14767058.2019.1622664
	Wrong population 

	Liang 2020
	A predictive model of offspring congenital heart disease based on maternal risk factors during pregnancy: A hospital based case-control study in Nanchong city
	https://dx.doi.org/10.7150/ijms.48046
	Wrong outcome 

	Ngwenya 2021
	Development and validation of risk prediction models for adverse maternal and neonatal outcomes in severe preeclampsia in a low-resource setting, Mpilo Central Hospital, Bulawayo, Zimbabwe
	https://dx.doi.org/10.1016/j.preghy.2020.10.011
	Wrong outcome 

	Lee 2020
	Developing and validating multivariable prediction models for predicting the risk of 7-day neonatal readmission following vaginal and cesarean birth using administrative databases
	https://dx.doi.org/10.1080/14767058.2020.1860933
	Wrong predictors 

	Guang 2019
	Predictive Modeling of Spontaneous Preterm Birth Using Machine Learning
	https://dx.doi.org/10.1097/01.AOG.0000558957.93957.8d
	No full text 

	Fei 2019
	Predictive Model for Successful Induction of Labor in Early Onset Pre-Eclampsia with Severe Features
	https://dx.doi.org/10.1097/01.AOG.0000559169.98353.f8
	No full text 

	Ellis-Kahana 2020
	Developing a model for predicting venous thromboembolism in obese pregnant women in a national study
	http://dx.doi.org/10.1016/j.thromres.2020.03.025
	Wrong predictors 

	Umar 2020
	Development and validation of an obstetric early warning system model for use in low resource settings
	http://dx.doi.org/10.1186/s12884-020-03215-0
	Wrong outcome 

	Chen 2020
	Development of Predictive Risk Models of Postpartum Stress Urinary Incontinence for Primiparous and Multiparous Women
	http://dx.doi.org/10.1159/000508416
	Wrong outcome 

	Teekapakvisit 2020
	Risk score for prediction of preterm labor inhibition failure
	http://dx.doi.org/10.35755/jmedassocthai.2020.08.9420
	Wrong predictors 

	Koivu 2020
	Predicting risk of stillbirth and preterm pregnancies with machine learning
	http://dx.doi.org/10.1007/s13755-020-00105-9
	Wrong outcome 

	Kawakita 2020
	Externally Validated Prediction Model of Vaginal Delivery After Preterm Induction With Unfavorable Cervix
	http://dx.doi.org/10.1097/AOG.0000000000004039
	Wrong outcome 

	Bashiri 2020
	A proposed prognostic prediction tool for a live birth among women with recurrent pregnancy loss
	http://dx.doi.org/10.1080/14767058.2020.1839877
	Not published in a peer-reviewed journal 

	Gammon 2020
	Validation of a cesarean delivery risk calculator in women undergoing induction of labor
	DOI not available
	No full text 

	Liao 2020
	Predicting post-cesarean surgical site infections: A secondary analysis of the consortium on safe labor
	DOI not available
	Not published in a peer-reviewed journal 

	Eberle 2020
	Induction of labor at 38 weeks and risk of cesarean delivery among obese women: A retrospective propensity match study
	http://dx.doi.org/10.1016/j.jogc.2020.02.037
	Not prognostic risk prediction 

	Wang 2020
	Development and validation of a postpartum depression risk prediction model using machine learning
	DOI not available
	Wrong outcome 

	Bang 2020
	473: Prediction of cesarean delivery after induction of labor in twin pregnant women
	http://dx.doi.org/10.1016/j.ajog.2019.11.489
	Not published in a peer-reviewed journal 

	Pierce 2020
	782: External validation of prediction model for cesarean following labor induction in class III obese cohort
	http://dx.doi.org/10.1016/j.ajog.2019.11.798
	No full text 

	Tichelman 2020
	Development of a risk classification model in early pregnancy to screen for suboptimal postnatal mother-to-infant bonding: A prospective cohort study
	http://dx.doi.org/10.1371/journal.pone.0241574
	Wrong predictors 

	Costantine 2020
	A Model to Predict Vaginal Delivery and Maternal and Neonatal Morbidity in Low-Risk Nulliparous Patients at Term
	http://dx.doi.org/10.1055/s-0040-1718704
	No full text

	Wagner 2020
	Labor Induction at 39 Weeks Compared with Expectant Management in Low-Risk Parous Women
	http://dx.doi.org/10.1055/s-0040-1716711
	Not prognostic risk prediction 

	BenitoVielba 2020
	Uterocervical angle as a predictor of spontaneous preterm birth in twin pregnancies
	http://dx.doi.org/10.1080/14767058.2020.1771553
	Wrong outcome

	Kalafat 2020
	Risk of operative delivery for intrapartum fetal compromise in small-for-gestational-age fetuses at term: external validation of the IRIS algorithm
	http://dx.doi.org/10.1080/14767058.2018.1560412
	Wrong outcome 

	Damaso 2019
	Prediction of Preterm Birth by Maternal Characteristics and Medical History in the Brazilian Population
	http://dx.doi.org/10.1155/2019/4395217
	Wrong outcome 

	Guedalia 2022
	Prediction of neonatal subgaleal hemorrhage using first stage of labor data: A machine-learning based model
	10.1016/j.jogoh.2022.102320
	Wrong predictors 

	Xi 2021
	Development and evaluation of a machine learning prediction model for large for gestational age 
	10.3760/cma.j.cn112338-20210824-00677
	Wrong outcome 

	Dayan 2021
	Development and internal validation of a model predicting severe maternal morbidity using pre-conception and early pregnancy variables: a population-based study in Ontario, Canada
	10.1186/s12884-021-04132-6
	Wrong outcome 

	Koivu 2021
	Adaptive risk prediction system with incremental and transfer learning
	10.1016/j.compbiomed.2021.104886
	Wrong predictors 

	Ismail 2021
	The prediction of morbidity related to vaginal delivery in nulliparous women ‚Äì A secondary analysis from the genesis multicenter trial
	10.1016/j.ejogrb.2021.07.026
	Wrong outcome 

	ArabiBelaghi 2021
	Clinical risk models for preterm birth less than 28 weeks and less than 32 weeks of gestation using a large retrospective cohort
	10.1038/s41372-021-01109-3
	Wrong predictors 

	Liu 2021
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Appendix C: Search strategy
	MEDLINE (via Ovid) and Embase (via Ovid)

	1. exp risk assessment/

	2. (risk adj1 (assess* or analy* or predict* or model*)).ti,ab.

	3. 1 or 2

	4. exp Pregnancy Outcome/ or exp Pregnancy Complications/

	5. (matern* or obstetric* or pregnan* or neonat* or postnatal* or postpartum* or perinatal*).ti,ab.

	6. 4 or 5

	7. exp Algorithms/ or exp Models, Statistical/

	8. (machine learning or regression or statistical model* or predictive model*).ti,ab.

	9. 7 or 8

	10. 3 and 6 and 9

	11. (review* or protocol* or meta analys* or meta synthes* or meta regression*).ti.

	12. 10 not 11

	13. limit 12 to (english language and yr="2017 -Current")

	Scopus (via Elsevier)

	1. INDEXTERMS ( "risk assessment" ) 

	2. TITLE-ABS-KEY ( risk W/1 ( assess* OR analy* OR predict* OR model* ) ) 

	3. #1 OR #2

	4. INDEXTERMS ( "Pregnancy Outcome" OR "Pregnancy Complications" ) 

	5. TITLE-ABS-KEY ( matern* OR obstetric* OR pregnan* OR neonat* OR postnatal* OR postpartum* OR perinatal* ) 

	6. #4 OR #5

	7. INDEXTERMS ( Algorithms OR "Statistical Models" ) 

	8. TITLE-ABS-KEY ( "machine learning" OR regression OR "statistical model*" OR "predictive model*" )

	9. #7 OR # 8

	10. #3 AND #6 AND #9

	11. TITLE ( review* OR protocol* OR "meta analys*" OR "meta synthes*" OR "meta regression*" ) 

	12. #10 AND NOT #11

	13. ( LIMIT-TO ( PUBYEAR , 2023 ) OR  LIMIT TO ( PUBYEAR , 2022 ) OR LIMIT-TO ( PUBYEAR , 2021 ) OR LIMIT-TO ( PUBYEAR , 2020 ) OR LIMIT-TO ( PUBYEAR , 2019 ) OR LIMIT-TO ( PUBYEAR , 2018 ) OR LIMIT-TO ( PUBYEAR , 2017 ) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) ) 

	14. #12 AND #13

	CINAHL Complete (via EBSCOhost)

	1. MH ("risk assessment")

	2. TI (risk N1 (assess* OR analy* OR predict* OR model*)) OR AB (risk N1 (assess* OR analy* OR predict* OR model*)

	3. S1 OR S2

	4. (MH "Pregnancy Complications+") OR (MH "Pregnancy Outcomes") 

	5. TI (matern* OR obstetric* OR pregnan* OR neonat* OR postnatal* OR postpartum* OR perinatal*) OR AB (matern* OR obstetric* OR pregnan* OR neonat* OR postnatal* OR postpartum* OR perinatal*)

	6. S4 OR S5 

	7. (MH "Algorithms") OR (MH "Models, Statistical+") 

	8. TI ("machine learning" OR regression OR "statistical model*" OR "predictive model*") OR AB ("machine learning" OR regression OR "statistical model*" OR "predictive model*")

	9. S7 OR S8 

	10. S3 AND S6 AND S9

	11. TI (review* OR protocol* OR "meta analys*" OR "meta synthes*" OR "meta regression*")

	12. S10 NOT S11

	13. Limiters–Publication Year: 2017-2023

	14. Narrow by Language:–english

	IEEE Xplore

	1. ("Mesh_Terms":risk assessment)

	2. ("Publication Title" OR "Abstract":risk NEAR/1 assess* ) OR ("Publication Title" OR "Abstract":risk NEAR/1 analy*) OR ("Publication Title"OR "Abstract":risk NEAR/1 predict*) OR ("Publication Title"OR "Abstract":risk NEAR/1 model)

	3. #1 OR #2

	4. ("Mesh_Terms":Pregnancy Complications) OR ("Mesh_Terms":Pregnancy Outcomes)

	5. (("Publication Title" OR "Abstract": matern*) OR ("Publication Title" OR "Abstract": obstetric) OR ("Publication Title" OR "Abstract": pregnan*) OR ("Publication Title" OR "Abstract":neonat*) OR ("Publication Title" OR "Abstract":postnatal) OR ("Publication Title" OR "Abstract": postpartum) OR ("Publication Title" OR "Abstract":perinatal))

	6. #4 OR #5

	7. ("Mesh_Terms":Algorithms) OR ("Mesh_Terms":Models, Statistical)

	8. ("Publication Title" OR "Abstract": "machine learning") OR ("Publication Title" OR "Abstract": regression) OR ("Publication Title" OR "Abstract":"statistical model") OR ("Publication Title" OR "Abstract": "predictive model*")

	9. #7 OR #8 

	10. #3 AND #6 AND #9

	11. ("Publication Title": review) OR ("Publication Title": protocol) OR ("Publication Title": "meta analysis") OR ("Publication Title": "meta synthesis") OR ("Publication Title": "meta regression")

	12. #10 NOT #11

	13. Limiters–Publication Year: 2017-2023



