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Background
Preeclampsia is a severe and multifaceted condition that 
typically arises after the 20th week of pregnancy, char-
acterized by a sudden increase in blood pressure. This 
condition can lead to a range of complications, includ-
ing proteinuria, dysfunction of the mother’s organs, 
and uteroplacental dysfunction. Globally, preeclamp-
sia affects approximately 4.6% of pregnancies, resulting 
in an estimated 4 million cases each year[1]. Tragically, 
this condition is a leading cause of maternal and perina-
tal morbidity and mortality, contributing to the deaths of 
over 70,000 women and 500,000 babies worldwide[2, 3]. 
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Abstract
Background This study was performed to characterize the relationship of various laboratory test indicators with 
clinical information and Preeclampsia (PE) development. Then, prediction models for early-onset preeclampsia 
(EOPE), late-onset preeclampsia (LOPE), and preterm preeclampsia (Preterm PE) were developed using maternal 
characteristics and laboratory data.

Methods Between January 2019 and December 2021, we retrospectively recruited 144 EOPE, 363 LOPE, 231 Preterm 
PE, and 1458 healthy participants from six hospitals. We utilized all available clinical and laboratory data obtained 
during routine prenatal visits in early pregnancy. The models for EOPE, LOPE, and Preterm PE were created using 
ensemble machine learning models with patient clinical and laboratory data. Results: By comparing laboratory 
variables between PE patients and healthy controls, we identified 7, 18, 8, 15, 7,29 laboratory markers for EOPE, 
LOPE, and Preterm PE, severe PE, superimposed PE, first-time PE respectively. The ensemble EOPE and LOPE models 
incorporating clinical and laboratory predictors outperformed the clinical factor models respectively. The ensemble 
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Preeclampsia results from placental dysfunction causing 
syncytiotrophoblast stress, which releases pro-inflam-
matory cytokines, extracellular vesicles, reactive oxygen 
species, anti-angiogenic agents into the maternal circula-
tion [4]. These factors lead to the maternal clinical mani-
festation of pre-eclampsia. Although the precise cause of 
preeclampsia is not yet fully understood, recognized risk 
factors for this condition include maternal age 35 years or 
older, body mass index (BMI) > 30 kg/m2, assisted repro-
ductive technologies, primiparity, diabetes mellitus, pre-
existing hypertension, renal disease, family history of PE, 
and occurrence of PE in a previous pregnancy [3].

Daily administration of low-dose aspirin (150  mg) 
starting from < 16 to 36  weeks of gestation could sig-
nificantly reduce the occurrence of preeclampsia, par-
ticularly of EOPE [5], suggesting the importance of early 
screening and intervention for pregnant women at high 
risk of developing PE. Predicting preeclampsia in early 
pregnancy (less than 16  weeks) is highly challenging 
due to its poorly understood causes, various risk factors, 
and likely multiple pathogenic phenotypes. The current 
screening models recommended by The International 
Federation of Gynecology and Obstetrics (FIGO) incor-
porates maternal characteristics, uterine artery Doppler 
measurements and two protein biomarkers, including 
placental growth factor (PlGF) and pregnancy-associated 
plasma protein A (PAPPA) (6, 7. 8) to early predict pre-
eclampsia. Recent studies have validated the performance 
of these models in Asian population but reported lower 
sensitivity and positive predictive values in screening PE 
as compared to western population [9–12]. Therefore, 
identifying new biomarkers with good predictive power 
is still greatly needed in the development of more precise 
prediction models.

Two recent studies have investigated the predictive 
capability of laboratory data for PE, Maric et al. devel-
oped a prediction model using the elastic net algorithm 
by incorporating clinical and laboratory variables. How-
ever, their findings indicated that laboratory results did 
not significantly enhance the predictive capability of the 
clinical factor models [13]. In a separate study by Li et al., 

predictors for PE at 12 weeks of gestation were identified, 
including maternal characteristics and certain laboratory 
variables from routine blood tests, however, their stud-
ies didn’t conduct classification analysis on PE patients, 
their gradient boosting model exhibited relatively poor 
performance in screening for PE in early pregnancy [14]. 
Machine learning methods are well-equipped to deal 
with many variables, such as clinical, laboratory data 
from patients, and automatically select the most infor-
mative features. They have been increasingly used in the 
prediction of PE in recent years[15]. In this study, we first 
applied multiple statistical methods to pinpoint the clini-
cal factors and laboratory test variables linked to distinct 
PE subtypes, and compared these findings across the var-
ious PE subtypes. Next, we conducted a correlation anal-
ysis between clinical data and laboratory test variables 
to uncover key laboratory indicators associated with 
PE. Furthermore, we strived to identify novel predictive 
markers and establish comprehensive predictive models 
for EOPE, LOPE, and Preterm PE by integrating clinical 
features and laboratory markers from early pregnancy. 
We then independently validated these models and ana-
lyzed their relationship with severity of PE. Ultimately, 
our objective is to leverage these discoveries for early PE 
screening and to inform therapeutic strategies.

Methods and materials
Participants and study design
During early pregnancy, Chinese pregnant women 
underwent routine prenatal laboratory tests, includ-
ing routine blood test, hepatic and renal function tests, 
routine urine test, thyroid hormones, hepatitis B anti-
gens and antibodies. This study is a retrospective study. 
After the pregnancy outcomes were finalized, we retro-
spectively collected clinical and laboratory data of par-
ticipants and recruited 1965 participants with singleton 
pregnancy (144 EOPE, 363 LOPE, 1458 healthy con-
trols) between January 2019 and December 2021 from 
six hospitals, including Zhuhai Center for Maternal and 
Child Health Care, Jiangmen Central Hospital, Shen-
zhen Bao’an District Maternal and Child Health Hospital, 

EOPE model demonstrated good sensitivity (72.22%,95% confidence interval [CI]: 57.59%-86.85%) and specificity 
(85.25%,95% CI: 80.54%-89.97%) in distinguishing EOPE from controls in early pregnancy. Similarly, the ensemble LOPE 
model showed good accuracy in differentiating LOPE from healthy participants (sensitivity: 69.57%, 95% CI: 56.27%-
82.86%; specificity: 85.25%, 95% CI: 80.54%-89.97%). The prediction scores demonstrated notable positive correlations 
with blood pressure at admission, while they showed inverse correlations with 24-hour urine protein levels and fetal 
growth restriction among PE patients. In conclusion, our study identified key laboratory indicators for forecasting PE. 
The developed models exhibited good predictive capability for assessing preeclampsia risk and severity based on 
clinical and laboratory data.

Clinical trial number Not applicable.

Keywords Preeclampsia, Laboratory data, Machine learning model
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Longgang District Maternity & Child Healthcare Hos-
pital of Shenzhen City, Obstetrics & Gynecology Hos-
pital of Fudan University, International Peace Maternity 
and Child Health Hospital (Fig.  1). The patients diag-
nosed with PE were included in this study based on the 
guidelines provided by the International Society for the 
Study of Hypertension in Pregnancy[2]. These patients 
experienced high blood pressure after 20 weeks of preg-
nancy, with systolic blood pressure exceeding 140  mm 
Hg and/or diastolic blood pressure exceeding 90  mm 
Hg on at least two occasions, with a minimum time gap 
of 4 hours. Additionally, proteinuria of 300 mg or more 
in a 24-hour urine collection was required for PE diag-
nosis. In cases where 24-hour urine protein quantita-
tion was not available, a diagnosis of PE required at least 
one reading of + on dipstick analysis of urine specimens. 
PE patients were further classified as early-onset pre-
eclampsia (EOPE) or late-onset pre-eclampsia (LOPE) 
based on the time of development of preeclampsia before 
or after 34  weeks of gestation, respectively. As preterm 

PE is associated with a relatively poor maternal and fetal 
prognosis, we also investigated the laboratory biomark-
ers related to preterm PE, which helps us to establish 
prediction models to screen for preterm PE and finally 
improve maternal and fetal prognosis. Preterm PE was 
defined as preeclampsia in patients who delivered before 
37  weeks of gestation. We followed the guidelines pro-
vided by the Chinese Society of Obstetrics and Gyne-
cology, Chinese Medical Association to define mild and 
severe PE[16]. PE patients with severe features were 
diagnosed, if they met any of the following conditions 
[1]: The continuous increase in blood pressure is uncon-
trollable: systolic blood pressure ≥ 160  mmHg and/or 
diastolic blood pressure ≥ 110 mmHg [2]; Persistent head-
ache, visual impairment, or other central nervous system 
abnormalities [3]; Persistent upper abdominal pain and 
subcapsular hematoma or liver rupture [4]; Abnormal 
transaminase levels: elevated levels of alanine amino-
transferase (ALT) or aspartate aminotransferase (AST) 
in the blood [5]; Renal function impairment: Urinary 

Fig. 1 The schematic workflow of this study. The study involved 1,965 pregnancies consisting of 144 EOPE, 363 LOPE, 1458 healthy controls enrolled be-
tween 2019 and 2021 from six hospitals. The participants were divided into three cohorts. Cohort I, comprising 25 EOPE, 60 LOPE, 36 Preterm PE, 31 mild 
PE, 54 severe PE, and 289 healthy controls, was used to identify laboratory markers associated with different subtypes of PE and clinical characteristics. 
Cohort II, consisting of 29 EOPE, 65 LOPE, 39 Preterm PE, 31 mild PE, 63 severe PE and 285 healthy controls, was used to validate the results. Cohort III 
included 90 EOPE, 238 LOPE, 156 Preterm PE and 884 healthy participants and was further divided into a training dataset and an EV dataset. The training 
dataset was used to select optimal features for predicting PE and develop single and ensemble machine learning models. The EV dataset was used to 
validate and assess the performance of the established models
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protein quantification > 2.0  g/24  h; Oligouria (24-hour 
urine output < 400  ml, or hourly urine output < 17  ml), 
or blood creatinine level > 106 μmol/L [6]; Hypoalbumin-
emia with ascites, pleural effusion, or pericardial effu-
sion [7]; Hematology abnormalities: Platelet count shows 
a continuous decrease below 100 × 109/L; Intravascular 
hemolysis, manifested as anemia, elevated levels of lac-
tate dehydrogenase (LDH) in the blood, or jaundice [8]; 
Heart failure [9]; Pulmonary edema [10]; Fetal growth 
restriction (FGR) or oligohydramnios, fetal death in the 
uterus, placental abruption, etc. The PE patients without 
the above severe features were considered as mild PE. 
The definition of FGR is a birth weight that is less than 
the 10th percentile for gestational age [17]. Healthy con-
trols were defined as pregnant individuals without any 
obstetric, medical, or surgical complications during preg-
nancy, and who delivered at full-term. All participants 
who took aspirin treatment were eliminated from this 
study.

The participants from Zhuhai Center for Maternal and 
Child Health Care and Jiangmen Central Hospital were 
combined and randomly split into two cohorts at a ratio 
of 1:1, including the cohort I (25 EOPE, 60 LOPE, 36 Pre-
term PE, 289 healthy controls) and cohort II (29 EOPE, 
65 LOPE, 39 Preterm PE, 285 healthy controls). The for-
mer was used to identify predictive clinical and labora-
tory test markers associated with different subtypes of 
PE and analyze correlations between clinical informa-
tion and laboratory test variables. Then, the results were 
validated in the cohort II dataset. The participants from 
the other four hospitals were assigned to the cohort III, 
which includes a training dataset and external validation 
(EV) dataset. The training dataset comprises 54 EOPE, 
192 LOPE, 74 Preterm PE, 667 healthy controls from 
Shenzhen Bao’an District Maternal and Child Health 
Hospital, Longgang District Maternity & Child Health-
care Hospital of Shenzhen City, The Obstetrics & Gyne-
cology Hospital of Fudan University. The training dataset 
was utilized to validate the identified laboratory markers, 
perform feature selection and train the prediction mod-
els. The participants from International Peace Maternity 
and Child Health Hospital were used as an external vali-
dation for the prediction models (Fig. 1). All experiments 
and methods were performed in accordance with rele-
vant guidelines and regulations. This study was approved 
by the Ethics Committees of Beijing Genomics Institute 
(BGI-IRB 22026) and the Ethics Committee of each par-
ticipating hospital.

Analysis of clinical and laboratory data
During routine prenatal visits in early pregnancy, all 
necessary clinical and laboratory data were retrospec-
tively collected. The study analyzed various clinical fac-
tors including the participant’s age, BMI, diastolic blood 

pressure (DBP), systolic blood pressure (SBP), birth 
times, history of recurrent pregnancy loss (RPL, > 2 times 
of miscarriages or induced abortions), in vitro fertiliza-
tion (IVF), and past medical history (PMH). The PMH 
included complications such as diabetes mellitus, PE, 
family history of PE, chronic hypertension, systemic 
lupus erythematosus and antiphospholipid syndrome. 
Additionally, blood pressure at admission, urine protein, 
FGR, birth weight and gestational weeks at birth were 
recorded. Mean arterial pressure (MAP) was calculated 
using a specific equation[18]: 

 MAP = DBP + PP × (27.07 + 0.181 × DBP + 2.303)
100

.

in which, PP is the difference between systolic and dia-
stolic blood pressure.

All available laboratory data were obtained dur-
ing routine prenatal visits in early pregnancy with a 
median gestational week of 12.57 (25th - 75th percen-
tile:11.4 ~ 15.43 weeks of gestation). The laboratory data 
include 45 routine prenatal laboratory test results from 
five main types of laboratory tests [1]: routine blood 
test: white blood cells (WBC), red blood cells (RBC), 
hemoglobin (Hb), hematocrit (Hct), monocytes(MO), 
lymphocytes(LY), eosinophils (EO), neutrophils (NE), 
basophils (BA), platelet count (PLT), platelet distribu-
tion width (PDW), plateletcrit (PCT), mean platelet 
volume (MPV), mean corpuscular hemoglobin (MCH), 
mean corpuscular volume (MCV), mean corpuscular 
hemoglobin concentration (MCHC), etc [2]; hepatic 
and renal function tests: ALT, AST, Total Bilirubin 
Test (T-BIL), total protein (TP), fasting glucose (GLU), 
creatinine(CRE), uric acid (UA), urea, etc [3]; routine 
urine test: urine blood (BLD), protein (PRO), glucose, 
urinary white blood cells (UWBC), urinary red blood 
cells (URBC) [4]; thyroid hormones: thyroid-stimulating 
hormone (TSH), free thyroxine (FT4) and thyroid per-
oxidase antibody (TPOAb) [5]; hepatitis B antigens and 
antibodies. Wilcoxon sum rank test and Fisher exact test 
were utilized to analyze continuous and categorical vari-
ables between PE patients and healthy controls respec-
tively. Correlations between clinical information and 
laboratory test variables were analyzed using cor.test and 
visualized using the R package pheatmap. P < 0.05 was 
considered statistically significant.

Feature selection with the LASSO algorithm
The LASSO algorithm, known as Least Absolute Shrink-
age and Selection Operator, is widely used for feature 
selection, especially in high-dimensional data analysis 
[19]. In our study, we utilized the LASSO model with 
an alpha value of 1 and performed a search for the opti-
mal regularization parameter, Lambda, which controls 
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the strength of the penalty. This search was conducted 
using the cv.glmnet() function, which implements 
10-fold cross-validation for glmnet. The function pro-
vided two sets of variable combinations at two specific 
Lambda values: lambda.min and lambda.1se. Lambda.
min represents the Lambda value that maximizes the 
area under the curve (AUC), while lambda.1se represents 
the Lambda value that yields a more regularized model 
with a cross-validated AUC within one standard error of 
the minimum. Variables with coefficients shrunk to zero 
or close to zero were considered unimportant and were 
excluded from further model development. The selected 
variables at the Lambda.min value were considered the 
optimal combination of predictors.

The establishment and validation of the ensemble 
machine learning models
The model development process involved two main steps: 
predictor selection and model development. To mitigate 
the impact of differences in predictor scale on predic-
tion models, patient BMI, MAP, and selected laboratory 
test variables were normalized by dividing their raw val-
ues by the corresponding median values of healthy par-
ticipants. Missing values for each laboratory test were 
replaced with the median values of all participants. The 
LASSO algorithm was then used to determine the best 
predictors for EOPE, LOPE and Preterm PE separately. 
Seven single machine learning models including Gen-
eralized Linear Model (GLM), Neural Network(nnet), 
random forest(rf ), Gradient Boosting Model(gbm), Sup-
port Vector Machines with Radial Basis Function Kernel 

(svmRadial), Multivariate Adaptive Regression Splines 
(earth) and glmnet and 120 ensemble models were devel-
oped in the training dataset using the R package caret. 
The 120 ensemble models included any combination of 
7 single machine learning models and were developed 
using the R package caretEnsemble. The package has 3 
primary functions: caretList, caretEnsemble and car-
etStack. caretList is used to build lists of caret models 
on the same training data, with the same re-sampling 
parameters. caretEnsemble and caretStack are used to 
create ensemble models from such lists of caret models. 
caretEnsemble uses a glm to create a simple linear blend 
of models and caretStack uses a caret model to combine 
the outputs from several component caret models ( h t t p  s 
: /  / c r a  n .  r - p  r o j  e c t .  o r  g / w  e b /  p a c k  a g  e s /  c a r  e t E n  s e  m b l e / i n d e x 
. h t m l).The performances of these models were indepen-
dently validated in the EV set. Receiver operating charac-
teristic (ROC) curves were plotted and AUC values were 
computed using probabilities predicted by the prediction 
models. DeLong’s test was utilized to compare the dif-
ference between two ROC curves. Correlations between 
predictors, gestational weeks at delivery, birth weight, 
blood pressure at admission, 24-hour urine protein and 
PE risk prediction were analyzed using Pearson corre-
lation. Differences in PE risk prediction were analyzed 
between FGR and controls as well as subgroups of urine 
protein using wilcoxon rank sum test.

Table 1 Comparison of maternal obstetric characteristics and pregnancy outcome of the women who did and did not develop PE in 
the discovery cohort
Clinical feature EPE (n = 25) LPE (n = 60) Preterm PE 

(n = 36)
Mild PE (n = 31) Severe PE (n = 54) Control 

(n = 289)
The onset weeks 
of gestation

28.94 ± 4.05 37.29 ± 1.56 32.01 ± 4.27 35.94 ± 3.79 36.45 ± 4.82

Age 33.36 ± 5.43*** 32.07 ± 4.83*** 32.69 ± 5.05*** 32.65 ± 4.6*** 32.33 ± 5.28*** 29.35 ± 4.40
BMI 23.91 ± 4.17*** 23.85 ± 5.24*** 23.83 ± 4.26*** 24.58 ± 4.2*** 23.22 ± 5.22** 21.18 ± 2.87
MAP 93.64 ± 9.15*** 91.28 ± 10.14*** 91.76 ± 9.99*** 93.14 ± 10.89*** 91.15 ± 9.22*** 83.42 ± 8.24
Primiparous 
woman

No 14 26 18 12 28 131
Yes 11 34 18 19 26 157

RPL No 19** 54 31 27 46 269
Yes 6 6 5 4 8 19

Past medical 
history

No 21*** 59 33** 30 50*** 289
Yes 4 1 3 1 4 0

IVF No 20*** 49*** 28*** 23*** 46*** 284
Yes 5 11 8 8 8 5

Gestational age at 
delivery (weeks)

32.42 ± 4.37*** 37.76 ± 1.53*** 33.22 ± 3.72*** 36.96 ± 2.99*** 35.75 ± 3.89*** 39.08 ± 0.93

Birthweight (g) 1872.22 ± 678.89*** 2785.09 ± 601.70*** 1982.14 ± 601.91*** 2966.43 ± 544.83** 2336.98 ± 727.83*** 3194.69 ± 312.72
*, **, *** denote P value < 0.05, < 0.01 and < 0.001 respectively. RPL is defined as a woman who has more than 2 miscarriages or induced abortions. Past medical history 
denotes a woman has at least one of the following complications: medical history of pregnancy diabetes, pre-eclampsia, family history of pre-eclampsia, chronic 
hypertension, systemic lupus erythematosus and antiphospholipid syndrome

https://cran.r-project.org/web/packages/caretEnsemble/index.html
https://cran.r-project.org/web/packages/caretEnsemble/index.html
https://cran.r-project.org/web/packages/caretEnsemble/index.html
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Results
Identification of clinical risk factors and associated 
laboratory test variables for PE
Maternal characteristics, demographics, gestational ages 
at delivery and birth weight are shown in Table  1. The 
EOPE, LOPE, Preterm PE, mild PE, severe PE, Superim-
posed PE, First-time PE patients presented a significantly 
older age, higher BMI and MAP values, higher preva-
lence of IVF, smaller gestational age at delivery, lower 
birthweight than healthy controls in the cohort I (Table 1 
and Table S1, P < 0.05 for all cases, Wilcoxon rank sum 
test or Fisher exact test). Moreover, the participants who 
experienced RPL were more frequent to develop EOPE. 
Participants with past medical history involving dia-
betes, pre-eclampsia, family history of pre-eclampsia, 
chronic hypertension, systemic lupus erythematosus and 
antiphospholipid syndrome had increased risk of EOPE 
and Preterm PE (Table  1, P < 0.05 for all cases, Fisher 
exact test). Furthermore, the majority of the results have 
been validated in the cohort II (Table S2, P < 0.05 for all 
cases, Wilcoxon rank sum test or Fisher exact test). After 
further analysis, significant associations were observed 

between clinical features and laboratory test indicators 
in both cohort I and II datasets. BMI displayed a notably 
negative correlation with AST/ALT and positive correla-
tions with GLU, RBC, and UA. Meanwhile, MAP showed 
a positive correlation with PDW and RBC, but an inverse 
correlation with MCH. Disease severity positively corre-
lated with GLU, RBC, and UA, while negatively correlat-
ing with MCH, MCHC, and MCV. Additionally, MCH 
exhibited a correlation with gestational age at delivery in 
cohort I, with an absolute value of correlation coefficients 
exceeding 0.2 and a statistical significance of p < 0.05 in 
all cases (Figure S1A). These associations were consis-
tently validated in cohort II, with statistical significance 
(P < 0.05) observed in all cases (Figure S1B).

Identification of laboratory test biomarkers for different 
subtypes of PE
First, we aimed to identify the laboratory test results 
associated with PE and performed differential expression 
analysis among EOPE, LOPE, Preterm PE and healthy 
controls in the cohort I. The EOPE patients exhibited 
significantly elevated ALT, CRE, Hct, MO, RBC, UA, 

Fig. 2 Identification and validation of laboratory test markers for EOPE. The study compared the differences in expression or prevalence of 10 laboratory 
test markers between EOPE and healthy participants in cohorts I and II. As a result, seven laboratory markers were confirmed to have predictive value for 
EOPE (ns: not significant, *: p < 0.05, **: p < 0.01, ***: p < 0.001)
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URBC levels, decreased AST/ALT, MCHC levels and 
higher prevalence of urinary protein than healthy con-
trols (P value < 0.05 for all cases, Wilcoxon rank-sum test 
or Fisher exact test, Fig. 2). A total of 22 laboratory test 
variables were significantly different between LOPE and 
healthy controls, including 13 up-regulated (ALT, LY, 
NE, EO, PCT, PDW, UA, URBC, GLU, MO, WBC, RBC, 
PLT), 7 down-regulated laboratory parameters (AST/
ALT, MPV, MCH, MCHC, FT4, MCV,TP) and two lab-
oratory parameters (PRO and BLD) with more occur-
rences in diseased participants (P value < 0.05 for all 
cases, Wilcoxon rank-sum test or Fisher exact test, Figure 
S2 and Figure S3). With respect to the laboratory param-
eters associated with Preterm PE, ALT, LY, PDW, PLT, 
CRE, RBC, MO, UA, GLU, NE, WBC were significantly 
increased, while, AST/ALT, MCHC, FT4 were markedly 
decreased in Preterm PE patients as compared to healthy 
controls (P value < 0.05 for all cases, Wilcoxon rank-sum 
test, Figure S4). Further validation of the results in the 
cohort II resulted in 7 EOPE, 18 LOPE, 8 Preterm PE 
laboratory markers (P value < 0.05 for all cases, Wilcoxon 
rank-sum test or Fisher exact test, Figure2, Figure S2, 3 
and 4).

Severe preeclampsia has grave consequences for both 
maternal and neonatal health, contributing to 50,000–
100,000 annual deaths globally, as well as serious fetal 
and neonatal morbidity and mortality [20]. We also 
investigated the laboratory test variables associated with 
severe PE. There are 18 laboratory test variables that have 
significantly different concentrations between severe 
PE patients and healthy controls in the cohort I, with 
MCHC, PDW and FT4 ranking the top three (Fig.  3A). 
Further analysis revealed severe PE were significantly 
associated with eleven up-regulated (ALT, AST, GLU, LY, 
MO, NE, PLT, RBC, URBC, WBC and UA), three down-
regulated (AST/ALT, MCH, MCHC) laboratory markers 
and higher frequency of UPRO in the validation cohort 
(P value < 0.05 for all cases, Wilcoxon rank-sum test or 
Fisher exact test, Fig.  3B-P). While, mild PE exhibited 
significantly increased ALT, PLT, RBC, URBC, UA and 
decreased MPV values as well as higher fraction of BLD-
positive cases as compared to healthy controls (Figure 
S5A–H). Furthermore, ALT, PLT, RBC, URBC, UA were 
common biomarkers for severe PE and mild PE, while 
AST, AST/ALT, GLU, LY, MCH, MCHC, MO, NE, WBC 
were specific for severe PE (Figure S5I).

As risk disorders, such as chronic hypertension, sys-
temic lupus erythematosus and antiphospholipid syn-
drome, have a direct impact on lab data, abnormal 
kidney or blood indices (PCV, Platelets, etc). We also 
separately analyzed the laboratory test variables related 
to PE patients with underlying disorders (superimposed 
pre-eclampsia) and those without such underlying disor-
ders (first-time pre-eclampsia). The results demonstrated 

superimposed PE patients (n = 22) exhibited significantly 
higher MO, UA, WBC, Hct, NE, more frequent UPRO 
and Hepatitis B surface antigen (HBsAg) as compared 
to healthy controls (n = 1458, P value < 0.05 for all cases, 
Wilcoxon rank-sum test or Fisher exact test, Figure S6A–
B). In addition to the above 7 laboratory test variables, 
we also identified 22 laboratory test variables show-
ing significant difference between first-time PE patients 
(n = 485) and healthy controls, such as ALT, AST, AST/
ALT, CRE and EO, suggesting the two subtypes of PE 
might be largely different regarding the pathogenesis 
(P value < 0.05 for all cases, Wilcoxon rank-sum test or 
Fisher exact test, Figure S6C–E). Lastly, we conducted a 
comparison of the laboratory variables associated with 
various subtypes of PE. UA was a common variable 
observed in seven types of PE, ALT, RBC, MO, AST/
ALT, WBC and UPRO were associated with more than 
five subtypes of PE. On the other hand, PEO, Hb, MCV, 
TP, hepatitis B core antibody (HBcAb), and hepatitis B e 
antibody (HBeAb) were specific markers for first-time PE 
occurrences (Fig. 4).

Feature selection with the LASSO algorithm
We analyzed the identified clinical and laboratory test 
markers between EOPE and healthy controls in the train-
ing dataset and confirmed higher BMI, MAP, RPL and 
IVF were risk clinical factors for EOPE development, 
moreover, increases in ALT, UA and MO levels, as well 
as decrease in AST/ALT levels were related to increased 
risk of EOPE (P value < 0.05 for all cases, Wilcoxon rank-
sum test or Fisher exact test, Table S3 and Figure S7). 
Then, the LASSO algorithm was used to determine the 
optimal feature combination for predicting EOPE. The 
model identified 7 features (BMI, MAP, RPL, IVF, UA, 
MO and AST/ALT) as the optimal predictors for EOPE 
(mean AUC: 0.879, log(λ): − 6.03, Fig. 5A). MAP, UA, and 
RPL were the top three positively correlated predictors, 
while AST/ALT was a negative factor for EOPE predic-
tion (Fig. 5B). Following the same strategy, 2 clinical fac-
tors (BMI and MAP) and 15 laboratory markers were 
identified as having predictive value for LOPE (Figure 
S8). The feature selection process further narrowed down 
these variables to the top 15 with the highest predictive 
capabilities for LOPE, achieving a mean AUC of 0.81 and 
a log(λ) value of − 7.26 (Fig. 6A and B). Finally, we found 
that 2 clinical markers (BMI and MAP) and five labora-
tory markers (ALT, UA, MO, WBC, and AST/ALT) were 
significantly associated with Preterm PE (P value < 0.05 
for all cases, Wilcoxon rank-sum test or Fisher exact test, 
Table S3 and Figure S9). These features showed the best 
performance for predicting Preterm PE, with a mean 
AUC of 0.764 and a log(λ) value of − 7.38 (Figure S10A 
and B).
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Prediction of preeclampsia in early pregnancy
In the study, different single and ensemble machine 
learning models were established using clinical mark-
ers alone or in combination with laboratory predictors 
in the training set and confirmed in the EV datasets. The 

ensemble EOPE model comprising gbm and svmRadial 
showed the highest mean AUC value as compared to 
seven single models and other ensemble models (Figure 
S11A). The ensemble EOPE model incorporated 4 clini-
cal factors and 3 laboratory biomarkers and presented 

Fig. 3 Analysis of laboratory test variables associated with severe PE. A. A Volcano plot illustrates the 18 laboratory test variables that show significant 
expression difference between severe PE and healthy controls, with red, blue, grey representing significantly up-regulated, down-regulated, not signifi-
cantly differentially expressed test variables respectively. The dashed line indicates a significance level of P < 0.05. Ns: not significant. B–O. The comparison 
of concentration differences of 14 laboratory test variables between severe PE and healthy controls in the cohort I and II datasets. P. A barplot compares 
the distribution differences of UPRO positivity for severe PE patients and healthy controls
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higher AUC value than the clinical factors model in the 
EV dataset (P < 0.05, DeLong’s test, Fig.  5C). This indi-
cates that the addition of laboratory predictors improved 
the performance of the model. The ensemble EOPE 
model demonstrated good sensitivity (72.22%, 95% 
confidence interval [CI]: 57.59%-86.85%) and specific-
ity (85.25%, 95% CI: 80.54%-89.97%, Table  2) in distin-
guishing EOPE from healthy controls in early pregnancy. 
The correlations between each predictor and prediction 
model scores were also analyzed, revealing positive cor-
relations with MAP, IVF, MO, UA, BMI and RPL (r ≥ 0.15, 
p < 0.001 for all cases, Pearson correlation, Fig. 5D), while 
a negative correlation with AST/ALT (r = − 0.14, p < 0.001, 
Fig. 5D). These findings suggest that the model captures 
both clinical and laboratory expression differences. The 

prediction scores exhibited significantly negative correla-
tions with gestational weeks at delivery and birth weight 
(r = − 0.25 and − 0.24 respectively, p < 0.001 for all cases, 
Pearson correlation, Fig.  5E-F). Furthermore, we also 
investigated the relationships between PE risk predic-
tion and blood pressure at admission, urine protein levels 
and FGR in EOPE patients. The results demonstrated sig-
nificant negative correlations between PE risk prediction 
and urine protein values (p < 0.05, Pearson correlation or 
wilcoxon rank sum test, Fig. 5G and H).

Using the same approach, the ensemble LOPE model 
comprising six machine learning models (nnet, glmnet, 
glm, rf, gbm, svmRadial) exhibited the best performance 
and slightly better performance than the clinical fac-
tor model in the EV dataset (Figure S11B and Fig.  6C). 

Fig. 4 Analysis of laboratory test variables associated with different types of PE. A. The identification of laboratory test variables specifically associated 
with each subtype of PE, along with the common laboratory variables shared among various subtypes of PE. B. The frequencies of PE-associated labora-
tory test variables, categorized according to the different subtypes of PE
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The model exhibited good sensitivity (69.57%, 95% CI: 
56.27%-82.86%) and specificity (85.25%, 95% CI: 80.54%-
89.97%) in distinguishing LOPE from healthy controls in 
early pregnancy (Table2). The prediction scores showed 
significantly positive correlations with MAP, BMI, PLT, 

WBC, UA, PCT ALT, RBC, MO, LY and ALT (r > 0.25, 
p < 0.001 for all cases, Fig. 6D), negative correlations with 
AST/ALT, gestational weeks at delivery and birth weight 
(r = − 0.29, − 0.16 and − 0.18 respectively, p < 0.001 for all 
cases, Fig.  6D-F).Furthermore, the PE risk prediction 

Fig. 5 The establishment and validation of the prediction models for EOPE. A. The ten-fold cross-validation for glmnet examined the relationship be-
tween the number of predictors and AUC values at different log (lambda) values in the training set. The left dashed line represents the Lambda.min value 
that maximizes the AUC value with the optimal combination of predictors, while the right dashed line indicates the lambda.1se value that yields a more 
regularized model with a cross-validated AUC within one standard error of the minimum. B. The coefficients of seven clinical and laboratory markers for 
predicting EOPE are presented, with MAP and AST/ALT being most positively and negatively correlated with EOPE, respectively. C. ROC curves are shown 
for the clinical and laboratory marker models as well as the clinical factor models in different datasets, including the training set (TS) and external valida-
tion set (EV). D. A pheatmap visualizes the correlations between seven predictors and the PE risk predicted by the ensemble EOPE model in the training 
and EV set. The vertical bar represents correlation coefficients, with red and blue showing high and low correlation respectively. E–F. The prediction scores 
presented significantly negative correlations with gestational weeks at delivery (E) and birth weight (F). G. The prediction scores showed significantly 
negative correlations with twenty-four hour urine protein levels in EOPE patients. H. Comparison of PE risk prediction among EOPE samples with different 
readings of + on dipstick analysis of urine specimens
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demonstrated significant positive correlations with blood 
pressure at admission and negative correlation with urine 
protein levels in LOPE patients (p < 0.05 for all cases, 
Pearson correlation, Fig. 6G and H). LOPE samples with 
higher PE risk prediction were less likely to develop 

FGR as compared to those with lower PE risk prediction 
(p < 0.01, wilcoxon rank sum test, Fig. 6I).

Finally, we demonstrated the ensemble Preterm PE 
model consisting of glm, glmnet and nnet outperformed 
the clinical factors model in the EV dataset (Figure S11C, 
Figure S10C). The ensemble Preterm PE model exhibited 

Fig. 6 The establishment and validation of the prediction models for LOPE. A. The glmnet method utilized ten-fold cross-validation to analyze the 
relationship between the number of predictors and AUC values across various log(lambda) settings in the training dataset. B. A bar plot displays the 
coefficients of 15 clinical and laboratory indicators associated with LOPE, with MAP, MPV, and PCT being the three most positively correlated with LOPE, 
respectively. C. ROC curves are presented for both the clinical and laboratory marker models, as well as the clinical factor models, across diverse datasets. 
D. A pheatmap visualizes the correlations between 15 predictors and the PE risk prediction of the LOPE model in the training and EV set. E–F. The predic-
tion scores exhibit significant negative correlations with gestational weeks at delivery (E) and birth weight (F). G. The prediction scores show significant 
positive correlations with SBP and DBP at admission among LOPE samples. H. The prediction scores demonstrate significant negative correlations with 
24-hour urine protein levels in LOPE patients. I. A comparison of PE risk prediction of LOPE models is provided between FGR and control groups within 
LOPE samples
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good accuracy in separating Preterm PE from healthy 
participants in early pregnancy (sensitivity: 63.41%, 95% 
CI, 52.99%-73.84%; specificity: 85.25%, 95% CI: 80.54%-
89.97%, Table2) in the EV set. The predictor MAP had 
highest correlation with PE risk prediction, followed by 
BMI, UA, MO, WBC, ALT, AST/ALT (p < 0.001 for all 
cases, Pearson correlation, Figure S10D), indicating the 
model captures differences in both clinical and labora-
tory markers. The prediction scores obtained from the 
ensemble Preterm model exhibited significantly nega-
tive correlations with gestational weeks at delivery and 
birth weight (r = − 0.24 and − 0.23 respectively, p < 0.001 
for all cases, Pearson correlation, Figure S10E-F). The PE 
risk prediction exhibited a notable positive association 
with blood pressure at admission and a negative corre-
lation with urine protein levels in patients with preterm 
preeclampsia, with statistical significance observed in 
all cases (p < 0.05, using Pearson correlation; see Figures 
S10G-I).

Discussion
In the present study, we systematically investigated the 
predictive values of various clinical characteristics and 
45 routine prenatal laboratory test parameters for differ-
ent subtypes of PE in early pregnancy using all available 
clinical and laboratory data from six hospitals. We con-
firmed that pregnant women with higher MAP and BMI, 
IVF, all known PE risk factors, had a significantly higher 
risk for PE than those with lower MAP, BMI and with-
out IVF. Our study also found that participants with RPL 
are more likely to develop EOPE. While the association 
between RPL and pre-eclampsia is not yet fully under-
stood, several studies have investigated the relationship 
between RPL and PE. These studies revealed that RPL is 
strongly associated with preterm PE [21, 22]. Trogstad et 

al reported a significantly elevated risk of PE in cases of 
RPL, only when there was a history of assisted reproduc-
tion [23]. Two other studies have failed to find a higher 
risk for PE in RPL women, which could be attributed to 
the small size of women with RPL [24] and the lack of 
a strict definition of consecutive miscarriages [25]. Our 
study showed the association with RPL was statistically 
significant for EOPE rather than LOPE. Although an 
increased risk of preterm PE was also observed in women 
with recurrent miscarriages, the association was not sta-
tistically significant, possibly because of the smaller size 
of our study as compared with previous publications [21, 
22].

Based on the analysis of laboratory test variables, 
several laboratory test results were found to be signifi-
cantly associated with different subtypes of PE, such as 
UA, ALT, RBC, MO, AST/ALT, WBC and UPRO. In 
line with our findings, higher plasma levels of ALT and 
lower AST/ALT are significantly associated with elevated 
risk of PE in early pregnancy [26, 27]. We found that 
increased serum UA in early pregnancy was an indepen-
dent risk factor of PE, our results are consistent with pre-
vious studies [27, 28]. Many experimental studies report 
that UA might play a pivotal role in the development of 
hypertension. Hyperuricemia-induced hypertension can 
be prevented by UA-lowering levels [29]. Hyperuricemia 
also affects the renin-angiotensin system, induces endo-
thelial dysfunction and inhibits neuronal nitric oxide 
synthase[29, 30]. Additionally, UA can induce tropho-
blastic production of pro-inflammatory interleukin-1β 
through activation of inflammatory pathways [31], which 
may contribute to the progression of high blood pres-
sure and the development of PE during pregnancy. In 
our study, we have identified PE biomarkers from rou-
tine blood tests that have been previously reported in 

Table 2 The performances of the PE models in the validation set of 36 EPE, 46 LPE, 82 Preterm PE and 217 healthy participants
Group True 

positive
False 
positive

True 
negative

False 
negative

Sensitivity Specificity PPV NPV Cut-
off

Clinical 
factors

EPE 21 32 185 15 58.33% (95% CI, 
42.23%-74.44%)

85.25% (95% 
CI,80.54%-90%)

39.62% (95% 
CI,26.45%-52.79%)

92.5% (95% 
CI,88.85%-96.15%)

0.1

Pre-
term 
PE

50 32 185 32 60.98% (95% CI, 
50.42%-71.53%)

85.25% (95% 
CI,80.54%-90%)

60.98% (95% 
CI,50.42%-71.53%)

85.25% (95% 
CI,80.54%-90%)

0.17

LPE 30 32 185 16 65.22% (95% CI, 
51.45%-78.98%)

85.25% 
(95% CI, 
80.54%-89.97%)

48.39% (95% 
CI,35.95%-60.83%)

92.04% (95% 
CI,88.3%-95.78%)

0.35

Clinical 
fac-
tors + lab 
variables

EPE 26 32 185 10 72.22% (95% CI, 
57.59%-86.85%)

85.25% 
(95% CI, 
80.54%-89.97%)

44.83% (95% 
CI,32.03%-57.63%)

94.87% (95% 
CI,91.78%-97.97%)

0.09

Pre-
term 
PE

52 32 185 30 63.41% (95% CI, 
52.99%-73.84%)

85.25% 
(95% CI, 
80.54%-89.97%)

61.9% (95% 
CI,51.52%-72.29%)

86.05% (95% CI, 
81.41%-90.68%)

0.18

LPE 32 32 185 14 69.57% (95% CI, 
56.27%-82.86%)

85.25% 
(95% CI, 
80.54%-89.97%)

50% (95% 
CI,37.75%-62.25%)

92.96% (95% 
CI,89.41%-96.52%)

0.36
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the literature. For instance, biomarkers such as WBC, 
LY, RBC, PLT, and MO were found to be up-regulated in 
LOPE patients, which is consistent with previous stud-
ies[13, 14, 32]. While, some biomarkers such as MPV and 
FT4, were found to be negatively associated with LOPE, 
which contradicts previous findings[33, 34]. Monteith’ 
et al reported MPV was significantly increased in the 
third trimester but exhibited no significant difference 
during the first trimester in EOPE patients as compared 
to heathy participants [33]. However, Oğlak’ et al study 
has uncovered a significant increase in first trimester 
MPV values in patients who developed preeclampsia in 
later pregnancy [34]. Shan-Shan Lin’ et al has identified 
MPV was down-regulated at 8–12 gestational weeks but 
significantly up-regulated after 16  weeks of gestation in 
PE patients in comparison with healthy controls [35], 
which supports the finding in our study. The expres-
sion of FT4 in preeclampsia (PE) compared to healthy 
controls has shown inconsistent results [36, 37]. In our 
study, involving a significant number of PE and control 
subjects from multiple clinical centers, we confirmed that 
FT4 expression is decreased in PE cases and can serve as 
an informative biomarker for PE prediction. Addition-
ally, we identified a new biomarker called PCT, which is 
increased in early pregnancy and can be useful in evalu-
ating the risk of preeclampsia.

Maric et al. developed a prediction model using the 
elastic net algorithm by incorporating clinical and labo-
ratory variables. However, their findings indicated that 
laboratory results did not significantly enhance the pre-
dictive capability of the clinical factor models [13]. In a 
separate study by Li et al., predictors for PE at 12 weeks 
of gestation were identified, including maternal charac-
teristics and certain laboratory variables from routine 
blood tests. Their gradient boosting model exhibited rela-
tively poor performance in screening for PE in early preg-
nancy [14]. In comparison to these previous studies, our 
study offers several advantages. Firstly, the clinical and 
laboratory data of the above two studies come from one 
or two medical centers, the results of their studies are 
lack of indEOPEndent validation. We conducted a multi-
center case-control study, collecting clinical and labo-
ratory data from six hospitals, providing independent 
and external validation for our results. This strengthens 
the reliability and credibility of our findings. Secondly, 
while Maric et al focused on predicting preeclampsia and 
EOPE separately, and Li et al evaluated all PE patients, we 
conducted a comprehensive analysis by investigating pre-
dictive markers for different subtypes of PE and reported 
the common and specific biomarkers for seven PE types. 
Lastly, we established three distinct models and thor-
oughly assessed their performances, providing a more 
comprehensive understanding of PE prediction. Further-
more, not only did the models provide risk assessment 

for different subtypes of PE but also evaluate the severity 
of PE, such as blood pressure at admission, 24-hour urine 
protein levels and FGR. These predictions will help clini-
cians take preventive measures to reduce the incidence of 
PE and improve clinical outcomes.

Limitations of this study
The established integrated models present superior per-
formance to clinical factor models in predicting EOPE 
and LOPE. These laboratory variables are easily accessi-
ble through routine prenatal laboratory tests, enhancing 
the practicality of our integrated models for early preg-
nancy PE prediction, but it is important to acknowledge 
its limitations. The models have been established based 
on a multi-center case-control study. However, we are 
uncertain about their effectiveness in screening for PE in 
the general population. To address this, we plan to con-
duct a large prospective cohort study involving more 
tertiary centers in the future. The screening models rec-
ommended by FIGO incorporates maternal character-
istics, uterine artery Doppler measurements and PLGF 
and PAPPA [6–8] to early predict preeclampsia. Since 
our study was retrospective, we were unable to evaluate 
the predictive performance of our model when combined 
with biochemical markers such as PLGF and PAPPA, 
as well as Doppler ultrasound imaging. Future studies 
should be conducted to create prediction models that 
incorporate these established predictive biomarkers and 
laboratory parameters, we believe that the performance 
of the combined model could be further enhanced.
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