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CONTRIBUTION 
 
What are the novel findings of this work? 
 
A non-linear machine-learning model based on a combination of maternal risk factors and 
non-normalized first-trimester biomarkers - mean arterial blood pressure, uterine artery 
pulsatility index, and placental growth factor - for high accuracy prediction of early and preterm 
preeclampsiawas previously published. The model was developed on data from screening by 
the Fetal Medicine Foundation in the UK and validation was performed on a cohort from Spain 
without model retraining or adaptation to the population; however, adjustments were made for 
the analyzers used for biochemical tests because these were different in the two cohorts. The 
paper demonstrates how to apply a machine learning model for different populations 
leveraging on model training in one and its adaptation to another without specific 
modifications. 
 
What are the clinical implications of this work? 
 
The approach and methodology applied in this study will allow wider usage of advanced 
mathematical modelling to obtain a first-trimester prediction of preterm preeclampsiaand 
potentially other prenatal complications in different populations.   
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ABSTRACT 
 
Objective Effective first-trimester screening for preeclampsia(PE) can be achieved with the 
use of a competing risks model that combines risk factors from the maternal history with 
multiple of the median (MoM) values of biomarkers. A new model with the use of artificial 
intelligence (AI) through machine-learning methods has been shown to achieve a similar 
performance of screening without the need for conversion of raw data of biomarkers to MoMs. 
We aimed to show how this model can be used across populations without specific 
adaptations. 
 
Methods A machine learning model derived with the use of a fully connected neural network 
for first-trimester prediction of early (<34 weeks), preterm (<37 weeks), and all PE was 
developed and tested in a cohort of pregnant women in the UK. The model was based on 
maternal risk factors and mean arterial blood pressure (MAP), uterine artery pulsatility index 
(UtA-PI),  placental growth factor (PlGF), and pregnancy-associated placental protein-A 
(PAPP-A). This model was applied to a dataset of 10110 singleton pregnancies examined in 
Spain who participated in the First-trimester preeclampsiavalidation (PREVAL) study, in which 
first-trimester screening for PE was carried out by the Fetal Medicine Foundation (FMF) 
competing risks model. The performance of screening was poor if no adjustments were made 
for the analyzer used to measure PlGF and PAPP-A, which was different in the UK and Spain. 
Consequently, adjustments were made for these analyzers before assessing the performance 
of screening by examining the area under the receiver-operating-characteristics curve 
(AUROC) and detection rate (DR) at 10% screen positive rate (SPR). These indices were 
compared to those derived from the application of the FMF competing risks model. 
 
Results The DR at 10% SPR for early, preterm, and all PE with the machine-learning model 
were 84.4% (95% CI, 67.2 to 94.7%), 77.8% (95% CI, 66.4 to 86.7%), and 55.7% (95% CI, 
49.0 to 62.2%), respectively, with corresponding AUROCs of 0.920 (95% CI, 0.864 to 0.920), 
0.913 (95% CI, 0.882 to 0.913) and 0.846 (95% CI, 0.820 to 0.846). This performance was 
achieved with the use of three of the biomarkers (MAP, UtA-PI, PlGF); inclusion of PAPP-A 
did not provide significant improvement in DR. These results were similar to those achieved 
by the application of the FMF competing risks model (DR at 10% SPR 82.7%, 95% CI 69.6 to 
95.8% for early PE, 72.7%, 95% CI 62.9 to 82.6% for preterm PE and 55.1%, 95% CI 48.8 to 
61.4% for all PE), but did not require an adaptation of the model to the population. 
 
Conclusion A machine learning model for first-trimester prediction of PE based on a neural 
network provides effective screening for PE that can be applied in different populations but 
before doing so it is essential to make adjustments for the analyzers used for biochemical 
testing.  
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INTRODUCTION 
 
Machine learning methods and artificial intelligence (AI) in general are increasingly being used 
in many research fields including medicine. Recently, the approach was adopted for first-
trimester prediction of preeclampsia (PE)1.  
 
In a study involving more than 60 thousand singleton pregnancies, that had been already 
evaluated by the Fetal Medicine Foundation (FMF) competing risks model, which combines 
information from maternal demographic characteristics and medical history with multiples of 
the median (MoMs) values of the uterine artery pulsatility index (UtA-PI), mean arterial blood 
pressure (MAP) and placental growth factor (PlGF), 75% of the cases of preterm PE were 
predicted at 10% screen positive rate (SPR)2. In a paper published recently, a machine 
learning method was applied to the same UK population to predict the risk for subsequent 
development of PE. The machine learning model was found to generate a similar accuracy 
(detection rate, DR, 75.3%, 95% confidence interval, CI, 68.9 to 81.7%, at 10% false positive 
rate, FPR) to that of the competing risks model without the need to adjust the values of 
biochemical results according to maternal and pregnancy characteristics and their conversion 
into MoM values 1. Expression of values into MoMs necessitates a study of a large population 
and requires regular readjustment because of changing characteristics of the population and 
the use of different batches of the analytes3–6. Many centers and populations do not have large 
enough populations and trained laboratory personnel to continuously validate the marker data, 
and thus are either unable to adopt the approach or often use it automatically and lose 
accuracy. This is a limitation of the current FMF approach. On the other hand, machine 
learning and, in general, artificial intelligence methods quite often suffer from overfitting and 
fail to provide accurate results when a new cohort is examined7. 
 
We have recently validated the results from the FMF competing risks model using a cohort of 
10110 singleton pregnancies as part of the First-trimester preeclampsiavalidation (PREVAL) 
study, a non-interventional prospective cohort study aiming to implement first-trimester 
screening of PE in Spain8. The DR for preterm PE achieved by this approach was 72.7% (95% 
CI, 62.9 to 82.6%) at 10% SPR, similar to that found in the original studies.  
 
Our aim in this paper was to evaluate whether the machine learning model developed and 
tested in the UK dataset could be applied to the dataset from the PREVAL study and offer a 
reasonable prediction of PE. Thus, using this Spanish cohort we could reach two goals: first, 
validate the machine learning model developed in the UK dataset for a completely untrained 
dataset, and second, compare the accuracy of PE prediction for this Spanish dataset with the 
machine learning model using raw data to the accuracy of prediction with the FMF competing 
risks model where biomarker values are converted to MoMs.  
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METHODS  
 
Study population  
 
This study used the dataset collected at the PREVAL study in which women were enrolled in 
five different regions of Spain between September 2017 and December 2019 when they 
attended their routine ultrasound examination at 11+0-13+6 weeks’ gestation8. The study was 
approved by the local Research Ethics Committee at each participating hospital. Eligible 
women had a singleton pregnancy, with a live and non-malformed fetus at 11+0-13+6 weeks’ 
gestation. Women less than 18 years, those who miscarried or had pregnancy termination 
before 20 weeks of gestation were excluded. We also excluded those with incomplete 
pregnancy outcomes8.  
 
During the 11+0-13+6 weeks hospital visit for prenatal care, maternal characteristics and 
medical history were recorded in an electronic clinical database (ViewPoint® software, GE 
Healthcare; Munich, Germany), and maternal weight and height were measured. Gestational 
age was determined from the measurement of fetal crown–rump length9. MAP and UtA-PI 
were measured according to standardized protocols10-11. Serum concentrations of PAPP-A 
and PlGF were determined using an automated device (BRAHMS KRYPTOR™ analyzer, 
Thermo Fisher Scientific, Hennigsdorf, Germany) during the same visit or a few days earlier, 
but always within the 11+0-13+6 weeks window.  
 
In the PREVAL study, the patients and their doctors were kept blinded to the risks of PE or 
the levels of biomarkers so that the use of aspirin prophylaxis was not based on such 
screening. However, some patients were treated with aspirin (100-150mg) according to local 
protocols based on maternal medical history8.   
 
Diagnosis of preeclampsiaand ascertainment of pregnancy outcome 
 
Data on pregnancy outcome were obtained from hospital records, general medical 
practitioners, or midwives8. Preeclampsiawas diagnosed according to the current American 
College of Obstetricians and Gynecologists guidelines12. According to this definition, the 
diagnosis of PE requires the presence of new-onset hypertension (systolic blood 
pressure ≥ 140 mmHg or diastolic blood pressure ≥ 90 mmHg) at ≥ 20 weeks’ gestation or 
chronic hypertension and either proteinuria (≥ 300 mg/24 h or protein-to-creatinine 
ratio ≥ 30 mg/mmol or ≥ 2+ on dipstick testing) or evidence of renal dysfunction (serum 
creatinine > 97 μmol/L), hepatic dysfunction (transaminases ≥ 65 IU/L) or hematological 
dysfunction (platelet count < 100000/μL). 
 
Outcome measures were early PE, preterm PE, and all PE with delivery at <34 weeks’ 
gestation, <37 weeks, and at any gestation, respectively.  
 
Machine learning 

 
The input data were converted into Z-scores, based on the machine learning method 
developed on the dataset from the UK hospitals as was previously described, where PlGF, 
UtA-PI and MAP were the most important features1. The machine learning performed was a 
fully connected neural network with two hidden layers (200 and 50 neurons, respectively), and 
exponential linear unit as activation function. Accordingly, the normalization of the data was 
based on a trained machine learning dataset of 30437 patients, and was followed by an 
internal validation of a dataset of 10000 patients, and a tested set of 20352 patients, all from 
the UK1. The model was not further retrained or normalized on any fraction of the patients from 
the PREVAL study dataset of 10110 patients.  
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Categorical parameters were represented using one-hot encoding and were not normalized. 
No information on the outcome of the women in the PREVAL study dataset or on their input 
value distribution was available during the prediction analysis.  
 
In the UK study measurement of PlGF and PAPP-A was with use of DELFIA Xpress system 
(PerkinElmer Life and Analytical Sciences, Waltham, MA, USA) or Cobas e411 system (Roche 
Diagnostics, Penzberg, Germany), whereas in the Spanish study, BRAHMS KRYPTOR™ 
analyzer was used. Analysis of data without adjustment for the analyzer provided poor results 
(see under Results) and therefore adjustments were necessary before the application of the 
UK derived model on the Spanish dataset; a simple scaling of 1.993 * PlGF – 4.225 was 
required to translate the BRAHMS KRYPTOR™ data to the Cobas e411 one. The scaling was 
performed to ensure a similar average and variance of the PIGF values over the two machines. 
This normalization was performed through a simple linear regression and only required a few 
tens of measurements. 
 
Experimental setup 
 
Multiple tests were performed, and in all tests, the entire 10110 patients of the PREVAL study 
dataset was used as both, training and test sets. In all cases, the following combinations were 
tested independently: (a) early PE vs. no PE, (b) preterm PE vs. no PE, and (c) any PE vs. no 
PE. Thus, when preterm PE was compared with no PE, term PE cases were ignored, etc. 
 
Statistical analysis 
 
Descriptive data were expressed as the median and interquartile range (IQR) and in 
proportions (absolute and relative frequencies). Comparisons between PE and non-PE groups 
were performed by Mann-Whitney U or χ2-test as appropriate. The level of significance was 
set at 0.05. 
 
The prediction accuracy was estimated using the area under the receiver operating 
characteristic (AUROC) curve and the DR (recall) with 95% CI at 10% SPR. The p-values 
reported are the probability that the results are random. A non-parametric permutation test 
was used to compare the observed AUROC with the one obtained when we randomly 
scrambled the labels of each sample but kept its predicted score. For the general prediction, 
10000 permutations of the labels were performed. All analyses were performed blindly to 
pregnancy outcomes. Risk calibration was assessed visually through a figure showing the 
observed incidence of PE against the incidence predicted from risk calculation. The plot was 
produced by grouping the data into bins according to the risk, and then, the observed 
incidence in each group was plotted against the incidence predicted by the model to the power 
of 10. For perfect calibration (i.e., observed incidence equals the predicted risk of PE), the 
slope should be 1.0, and the intercept should be 0. 
 
The statistical software package R was used for data analyses13. The package Car14 was used 
to clean and manage the data, the package Table115 was used for descriptive tables, and the 
package PropCIs16 was used to calculate confidence intervals. The machine learning was 
performed using the sklearn17 and pytorch18 in Python19. 
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RESULTS 
 
Study population 
 
The study population comprised 10110 singleton pregnancies, including 32 (0.32%) cases of 
early PE, 72 (0.7%) cases of preterm PE, and 230 (2.27%) cases of all PE. The characteristics 
of the population are summarized in Table 1. 
 
Performance of the machine learning model for the prediction of pre-eclampsia 
 
The first results, derived from direct application of the UK-derived model without any 
adjustments for the analyzed for PlGF were poor1; for example, the DR, at 10% SPR, for 
preterm PE of only 41.7% (95% CI 30.2 to 53.9%). The performance improved after 
appropriate adjustments for the analyzer used.  
 
Table 2 provides the results of the application of the UK-based model adjusted for analyzer 
for PlGF for different combinations of maternal risk factors with biomarkers. The best 
performance of screening was achieved by a combination of maternal factors with MAP, UtA-
PI, and PlGF.  The DR at 10% SPR for early, preterm, and all PE with the machine-learning 
model were 84.4% (95% CI 67.2 to 94.7%), 77.8% (95% CI 66.4 to 86.7%), and 55.7% (95% 
CI 49.0 to 62.2%), respectively, with corresponding AUROCs of 0.920 (95% CI 0.864 to 0.920), 
0.913 (95% CI 0.882 to 0.913) and 0.846 (95% CI 0.820 to 0.846). These results were similar 
to those achieved by the application of the FMF competing risks model (DR at 10% SPR 
82.7%, 95% CI 69.6 to 95.8% for early PE, 72.7%, 95% CI 62.9 to 82.6% for preterm PE and 
55.1%, 95% CI 48.8 to 61.4% for all PE). 
 
The addition of PAPP-A to the model based on maternal characteristics, MAP, and UtA-PI 
improved the DR, this improvement was lower than that provided by adding PlGF instead and 
including PAPP-A when PlGF was already in the algorithm, which did not improve the 
screening performance. 
 
The performance of screening of the UK-based model, adjusted for the analyzer for PlGF, in 
the Spanish dataset was similar to that obtained in the UK dataset (Supplementary Table 1). 
 
Calibration plots (Figure 2) showed a moderate correlation between predicted and observed 
cases of preterm PE, with a slope of 0.702 (95% CI, 0.445 to 0.960) and an intercept of -0.723 
(95% CI, -1.636 to 0.188). 
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DISCUSSION 
 
Main findings 
In this study we have shown that, after applying appropriate adjustments for the analyzer used 
in the new data, the DR for early (84.4%, 67.2 to 94.7%), preterm (77.8%, 66.4 to 86.7%) and 
all PE (55.7%, 49.0 to 62.2%) at 10% SPR and AUROC achieved by the machine learning 
model is similar to first, that achieved by the FMF competing risk model in the same population 
and, second, that achieved in the original dataset where the model was developed. These 
results demonstrate that the model can be applied from one dataset to another and yield very 
similar predictions as long as adjustments are made for biomarkers using different platforms. 
This model, which uses raw data for the different biomarkers would avoid the need for MoM 
conversion. 
 
Additionally, we have provided further evidence that, once PlGF is incorporated in the 
algorithm, the inclusion of PAPP-A does not provide any significant improvement in the 
screening performance. 
 
Comparison with previous studies and clinical implications 
First-trimester prediction of preterm PE is important because the ASPRE trial demonstrated 
that daily treatment of the high-risk group with low-dose aspirin (150 mg/day from 12 to 
36 weeks’ gestation) reduces the rate of early PE with delivery < 32 weeks by about 90% and 
preterm PE by about 60%20-22  Consequently, implementing an accurate method of screening 
for such condition has been recommended by many societies23,24. 
 
The predictive performance for preterm PE using this machine learning model was similar to 
that achieved by the competing risks model with no statistical significance diferences both in 
terms of overall performance and calibration plots2,8,20,25,26. Since the machine learning 
approach uses raw biomarker data without any conversion into MoMs, implementation of 
screening would be simplified in many settings, particularly those where the number of 
screened women is too small to allow for accurate assessment and adjustment of MoM values. 
This model has already been made available online (https://pepred.math.biu.ac.il/Home.) and 
it is ready for clinical use.  
 
Moreover, the increasing evidence that PAPP-A does not substantially contribute to the 
performance of PE screening supports the recommendation that this screening should never 
be offered under the umbrella of first-trimester screening of aneuploidies but on its own. Even 
in those settings where PlGF analysis is not possible and a different combination of biomarkers 
is chosen, PE screening should be discussed independently of aneuploidy screening. 
 
Finally, the assumption is that after each validation, the validated model can be added to the 
existing dataset and the model can be retrained, helping to build better prediction accuracy 
each time. This methodology will allow wider usage of advanced mathematical modelling not 
only for PE screening but, potentially, for other prenatal complications in different populations.  
 
Limitations and strengths 
 
The main limitation of the study is the small number of cases of early and preterm PE with 
consequent difficulty to achieve statistical significance in differences between models. 
However, given that the differences consisted only of a few point percentages, it is unlikely 
that a larger number would have yielded different results. Another limitation was that about 
6% of our patients were taking aspirin. Since we know that aspirin prophylaxis reduces the 
incidence of preterm PE by about 60%21,22. Since we have not adjusted by the use of aspirin, 
it is possible that the incidence of PE is slightly higher than reported in the PREVAL study and 
that some cases that, without aspirin were deemed to develop PE, have been converted into 

https://pepred.math.biu.ac.il/Home
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false positives, worsening the screening performance. However, this is unlikely to have 
introduced a large bias because the number of cases taking aspirin was small. 
 
The main strength of the study relates to the large number of non-affected pregnancies, which 
has allowed us to accurately adapt the PlGF values from one analyser to another, enabling 
the algorithm to be used by the three platforms validated for first-trimester screening of PE. 
To maintain this high-level performance, a new platform would require retraining of the model. 
However, this requires a very small number of measurements (<100) to get a rough estimate 
of the average of the PlGF results. Additionally, neural networks achieve higher discrimination 
than other traditional methods but are complex models and therefore, more difficult to interpret, 
unlike regression models which provide better understandable coefficients. However, while 
the regression model requires normalization (MoM conversion), the ML based method does 
not require it, making them simpler for clinical practice. Finally, we have also been able to 
identify differences between populations, demonstrating that the model performs equally well. 
 
Conclusion 
 
A machine learning model for first-trimester prediction of PE based on a neural network 
provides effective screening for PE that can be applied in different populations but before 
doing so it is essential to make adjustments for the analyzers used for biochemical testing. 
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Table 1. Characteristics of the study population. 
 

Characteristic 
Non-PE 

(n = 9880) 
PE 

(n = 230) 
p-value 

Maternal age (years) 33.9 [30.1, 36.9] 34.5 [31.2, 38.4] 0.0324 

Body mass index (kg/m2) 24.0 [21.7, 27.2] 27.1 [23.7, 31.7]* <0.001 

GA at screening (days) 89.0 [86.0, 91.0] 89.0 [86.0, 92.0] 0.1442 

Race    

    White 9604 (97.2%) 213 (92.6%)* <0.001 

    Black 70 (0.709%) 8 (3.48%)* <0.001 

    South Asian 7 (0.0709%) 0 (0%) 1 

    East Asian 21 (0.213%) 1 (0.435%) 0.788 

    Mixed 178 (1.80%) 8 (3.48%) 0.032 

Medical history    

    Chronic hypertension 82 (0.830%) 24 (10.4%)* <0.001 

    DM Type I 45 (0.455%) 6 (2.61%)* 0.426 

    DM Type II 20 (0.202%) 3 (1.30%)* 0.055 

    SLE/APS 52 (0.526%) 1 (0.435%) 0.715 

Smoker 1137 (11.5%) 23 (10.0%) 0.682 

Family history of PE 273 (2.76%) 19 (8.26%)* <0.001 

Method of conception    

    Spontaneous 9091 (92.0%) 194 (84.3%)* 0.012 

    Assisted 789 (7.99%) 36 (15.7%)* 0.012 

Obstetric history    

    Nulliparous 4955 (50.2%) 142 (61.7%)* 0.004 

    Parous, no previous PE 4782 (48.4%) 61 (26.5%)* <0.001 

    Parous, previous PE 143 (1.45%) 27 (11.7%)* <0.001 

Aspirin use 534 (5.40%) 30 (13.0%)* <0.001 

Biomarker    

    MAP (mmHg) 0.990 [0.936, 1.05] 1.06 [1.00, 1.12]* <0.001 

    UtA-PI 1.01 [0.818, 1.22] 1.19 [0.987, 1.41]* <0.001 

    PlGF (pg/mL) 0.785 [0.579, 1.04] 0.568 [0.391, 0.818]* <0.001 

    PAPP-A (IU/L) 0.917 [0.579, 1.40] 0.817 [0.426, 1.30]* 0.0515 

 
Data are given as n (%) or median (interquartile range). APS, antiphospholipid syndrome; DM, 
diabetes mellitus; GA, gestational age; MAP, mean arterial pressure; PAPP-A, pregnancy-associated 
placental protein-A; PE, pre-eclampsia; PlGF, placental growth factor; SLE, systemic erythematosus 
lupus; UtA-PI, uterine artery pulsatility index. 
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Table 2. Performance of screening for preeclampsia at <34 weeks, <37 weeks and at any 
gestational age achieved by the machine learning model in comparison to that of the 
competing risks model applied in the study population of the PREVAL study. 
 

Screening model Current study PREVAL study 

 
DR (95% CI) at  

10% SPR 
AUROC (95% CI) 

DR (95% CI) at 
10% SPR 

AUROC (95% CI) 

Preeclampsia <34 weeks     

Maternal factors 31.2 (16.1 to 50.0) 0.718 (0.623 to 0.718) 35.7 (17.5 to 53.9) 0.69 (0.58 to 0.79) 

+ MAP + UtA-PI 68.8 (50.0 to 83.9) 0.881 (0.813 to 0.881) 64.4 (47.3 to 81.6) 0.87 (0.81 to 0.94) 

+ MAP + UtA-PI + PAPP-A 75.0 (56.6 to 88.5) 0.889 (0.823 to 0.889) 68.2 (52.1 to 84.4) 0.86 (0.79 to 0.93) 

+ MAP + UtA-PI + PlGF 84.4 (67.2 to 94.7) 0.920 (0.864 to 0.920) 82.7 (69.6 to 95.8) 0.94 (0.90 to 0.98) 

+ MAP + UtA-PI + PlGF + PAPP-A 81.2 (63.6 to 92.8) 0.921 (0.865 to 0.921) 82.5 (69.8 to 95.2) 0.94 (0.90 to 0.97) 

Preeclampsia <37 weeks     

Maternal factors 36.0 (22.0 to 42.5) 0.714 (0.655 to 0.714) 37.5 (26.8 to 48.2) 0.71 (0.65 to 0.77) 

+ MAP + UtA-PI 66.7 (54.6 to 77.3) 0.880 (0.842 to 0.880) 64.2 (53.5 to 74.9) 0.87 (0.83 to 0.91) 

+ MAP + UtA-PI + PAPP-A 69.4 (57.5 to 79.8) 0.870 (0.826 to 0.870) 66.5 (55.8 to 77.2) 0.87 (0.83 to 0.91) 

+ MAP + UtA-PI + PlGF 77.8 (66.4 to 86.7) 0.913 (0.882 to 0.913) 72.7 (62.9 to 82.6) 0.92 (0.89 to 0.95) 

+ MAP + UtA-PI + PlGF + PAPP-A 77.8 (66.4 to 86.7) 0.912 (0.880 to 0.912) 71.6 (61.7 to 81.5) 0.92 (0.88 to 0.95) 

All preeclampsia     

Maternal factors 34.8 (28.6 to 41.3) 0.734 (0.701 to 0.734) 36.6 (30.2 to 43.0) 0.73 (0.69 to 0.76) 

+ MAP + UtA-PI 51.7 (45.1 to 58.4) 0.829 (0.802 to 0.829) 51.0 (44.7 to 57.3) 0.82 (0.79 to 0.85) 

+ MAP + UtA-PI + PAPP-A 51.3 (44.6 to 57.9) 0.829 (0.801 to 0.829) 51.4 (45.0 to 57.8) 0.82 (0.79 to 0.85) 

+ MAP + UtA-PI + PlGF 55.7 (49.0 to 62.2) 0.846 (0.820 to 0.846) 55.1 (48.8 to 61.4) 0.83 (0.81 to 0.86) 

+ MAP + UtA-PI + PlGF + PAPP-A 54.8 (48.1 to 61.3) 0.848 (0.822 to 0.848) 55.8 (49.5 to 62.1) 0.83 (0.81 to 0.86) 

 
DR, detection rate; SPR, screening positive rate; AUROC, area under the receiving operator 
characteristic; MAP, mean arterial pressure; UtA-PI, uterine artery pulsatility index PAPP-A, 
pregnancy-associated plasma protein-A; PlGF, placental growth factor.  
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Table 1S. Performance of screening for preeclampsiaat <34 weeks, <37 weeks and at any 
gestational age achieved by the machine learning model in comparison to that of the original 
model in the UK data. 
 

Screening model Current study ANSBACHER-FELDMAN study 

 
DR (95% CI) at  

10% SPR 
AUROC (95% CI) 

DR (95% CI) at 
10% SPR 

AUROC (95% CI) 

Preeclampsia<34 weeks     

Maternal factors 31.2 (16.1 to 50.0) 0.718 (0.623 to 0.718) 54.6 (42.0 to 67.4) 0.75 (0.63 to 0.83) 

+ MAP + UtA-PI 
68.8 (50.0 to 83.9) 0.881 (0.813 to 0.881) 73.7(57.9 to 87.6) 

0.93 (0.88 to 0.97) 
 

+ MAP + UtA-PI + PAPP-A 75.0 (56.6 to 88.5) 0.889 (0.823 to 0.889) 72.7(57.9 to 87.6) 0.94 (0.89 to 0.97) 

+ MAP + UtA-PI + PlGF 84.4 (67.2 to 94.7) 0.920 (0.864 to 0.920) 81.8 (66.1 to 97.6) 0.95 (0.91 to 0.97) 

+ MAP + UtA-PI + PlGF + PAPP-A 81.2 (63.6 to 92.8) 0.921 (0.865 to 0.921) 81.8(66.1 to 97.6) 0.95 (0.90 to 0.97) 

Preeclampsia<37 weeks     

Maternal factors 36.0 (22.0 to 42.5) 0.714 (0.655 to 0.714) 43.0 (36.0 to 50.1) 0.75 (0.67 to 0.81) 

+ MAP + UtA-PI 
66.7 (54.6 to 77.3) 0.880 (0.842 to 0.880) 65.1(56.4 to 73.8) 

0.90 (0.86 to 0.94) 
 

+ MAP + UtA-PI + PAPP-A 69.4 (57.5 to 79.8) 0.870 (0.826 to 0.870) 65.1(56.4 to 73.8) 0.91 (0.86 to 0.94) 

+ MAP + UtA-PI + PlGF 77.8 (66.4 to 86.7) 0.913 (0.882 to 0.913) 73.3 (64.0 to 82.5) 0.91 (0.86 to 0.94) 

+ MAP + UtA-PI + PlGF + PAPP-A 77.8 (66.4 to 86.7) 0.912 (0.880 to 0.912) 73.3 (64.0 to 82.5) 0.91 (0.86 to 0.95) 

All pre-eclampsia     

Maternal factors 34.8 (28.6 to 41.3) 0.734 (0.701 to 0.734) 31.5 (28.1 to 34.8) 0.72 (0.69 to 0.75) 

+ MAP + UtA-PI 
51.7 (45.1 to 58.4) 0.829 (0.802 to 0.829) 43.8 (39.9 to 47.7) 

0.79 (0.77 to 0.83) 
 

+ MAP + UtA-PI + PAPP-A 51.3 (44.6 to 57.9) 0.829 (0.801 to 0.829) 44.5 (40.6 to 48.5) 0.80 (0.76 to 0.83) 

+ MAP + UtA-PI + PlGF 55.7 (49.0 to 62.2) 0.846 (0.820 to 0.846) 47.0 (42.9 to 51.1) 0.80 (0.77 to 0.84) 

+ MAP + UtA-PI + PlGF + PAPP-A 
54.8 (48.1 to 61.3) 0.848 (0.822 to 0.848) 

47.3 (43.3 to 51.4) 
 

0.80 (0.77 to 0.84 ) 

 
DR, detection rate; SPR, screening positive rate; AUROC, the area under the receiving 
operator characteristic; MAP, mean arterial pressure; UtA-PI, uterine artery pulsatility index 
PAPP-A, pregnancy-associated plasma protein-A; PlGF, placental growth factor.  
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FIGURE LEGENDS 

Figure 1. Receiver operating characteristics curves of the FMF competing risks model 
(interrupted lines) and the machine learning model (solid lines) to predict preeclampsiaat any 
gestational age (in red) and preeclampsia< 37 weeks (in black). 
 
Figure 2. Calibration of the model. The y-axis represents the observed incidence of preterm 
pre-eclampsia, and the x-axis represents the predicted incidence of preterm preeclampsia 
(screen-positive cases). Grey numbers on top of each group are the observed number of 
preeclampsia cases delivered preterm and black numbers are the observed number of cases 
delivered without preeclampsiafor each bin of predicted risk. 

 
 


