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Hypertensive disorders of pregnancy (HDP), including preeclampsia, affect 1 in
6 pregnancies, aremajor contributors tomaternalmorbidity andmortality, yet
lack precision medicine strategies. Analyzing transcriptomic data from a
prospectively-collected diverse cohort (n = 9102), this study reveals distinct
RNA subtypes in maternal blood, reclassifying clinical HDP phenotypes like
early/late-onset preeclampsia. The placental gene PAPPA2 strongly predicts
themost severe forms of preeclampsia in individuals without pre-existing high
risk factors, months before symptoms, and its overexpression correlates with
earlier delivery in a dose-dependent manner. Further, molecular subtypes
characterized by immune genes are upregulated in less severe forms of HDP.
These results reclassify HDP clinical phenotypes into two distinct molecular
subtypes, placental-associated or immune-associated. Validation performance
for placental-associated HDP yields an AUC of 0.88 in the advanced maternal
age population without pre-existing high risk factors. Molecular subtypes
create new opportunities to apply precision-based medicine in maternal
health.

Hypertensive disorders of pregnancy (HDP) are a leading cause of
morbidity and mortality among pregnant individuals1, and incidence
has nearly doubled in the U.S. from 2007 to 20192 to affect 1 in 6
pregnancies. Though pathogenesis is poorly understood, HDP is
presumed to be a multi-etiology disorder with hypothesized
origins including viral causes3, immune reactions4, and placental
dysfunction5,6. HDP encompasses a wide range of clinical phenotypes,
from pregnant individuals who require extreme preterm delivery due
to severity ofmaternal illness, to individualswithmildly elevatedblood
pressures after delivery requiring no intervention. Despite the

spectrum of severity of these phenotypes, clinical recommendations
to assess risk are the same7. Given the diverse presentation of disease
we hypothesize there are unique molecular subtypes for the distinct
clinical phenotypes of HDP. To test this hypothesis a prospective
cohort with comprehensive clinical and molecular profiling is
required.

Currently risk assessment for HDP is not specific to clinical phe-
notypes and is traditionally based on clinical and demographic risk
factors7,8. Individuals with one high risk factor1,7,8, such as chronic
hypertension or a history of preeclampsia, are considered at increased
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risk. Yet only 5% of pregnant individuals in the U.S meet such criteria9.
For 95% of individuals, clinicians rely on a combination of weakly
predictive “moderate” risk factors including race and socio-economic
status, which can be difficult to medically define and may introduce
bias in predictions1,7,8,10. As a consequence of generalized and ambig-
uous risk factors, the uptake of low-risk interventions such as aspirin
has been found to be less than 50% even among high risk patients11. In
contrast, for pregnant individuals already hospitalized with symptoms
of HDP, prognostic tools such as sFLT1 as a ratio to PGF are available12.
This context underscores the urgent need for unambiguous,
biologically-driven predictive tools to target preventive treatment
strategies, months before symptoms manifest13.

Here, we collected a large, multi-centered, racially, ethnically and
geographically diverse prospective cohort and completed tran-
scriptome analyses to explore how molecular subtypes associate with
clinical phenotypes. Themolecular subtypes were rigorously validated
in a large, independent hold-out set (n = 3000).

Results
Prospective cohort with comprehensive clinical and molecular
profiling
To understand the underlying biology that drives different pregnancy
complications we conducted a multi-center, prospective, observa-
tional study: The Miracle of Life Study14. The study’s primary objective
is to identify and validate cell-free RNA (cfRNA) classifiers that predict
complications during pregnancy, months in advance of symptoms.
10,745 individuals over age 18 with singleton pregnancies were pro-
spectively enrolled and blood samples were obtained in the second
trimester, between 17 weeks and 4 days and 22 weeks and 0 days of
gestation, timed to coincide with prenatal care for a fetal anatomy
scan. To maximize diversity, samples were collected across 11 clinical
sites, as well as by mobile phlebotomists covering a total of 808 zip
codes. By design, this prospective cohort provides generalizability and
molecular analysis unrestricted by predefined clinical phenotypes.

For the HDP analysis presented here, we included all samples that
passed accessioning criteria andwerecollectedbetween June 1st, 2020

and March 31, 2023, from all study sites with at least 200 samples
(n = 11 sites and mobile phlebotomy), resulting in 9102 individuals
included (Fig. 1, Table 1, Supplementary Table 1). To achieve a held-out
validation group of n = 3000, we implemented a temporal split within
each site such that the first 62% of samples collected fromeligible sites
were allocated to training and the last 38% collected were allocated to
validation. For sites where source data verificationwas not possible, all
samples were allocated to training (Fig. 1). After accounting for all
samples that were dropped due to either incomplete clinical data or
lab failures (Fig. 1,Methods),we retained 5399 subjects for training and
2829 subjects for validation of which, respectively, 4402 and 2243 do
not have a high risk factor for HDP7.

HDP was defined using standard clinical and diagnostic criteria as
defined by the American College of Obstetricians and Gynecologists
(ACOG)8. The ACOG and U.S. Preventive Services Task Force (USPSTF)
guidelines7,8 list the high risk factors for preeclampsia as chronic
hypertension, preeclampsia in prior pregnancy, diabetes mellitus,
chronic kidney disease, systemic lupus erythematosus, and antipho-
spholipid antibody syndrome. While having a multifetal pregnancy is
also a high risk factor, these individuals were not enrolled in this study.
Individuals with no high risk factors account for 82% of singleton
pregnancies in our study. For 157 of the participants the clinical
information was unclear as to case (HDP) or control status (not HDP).
These records were adjudicated by an Endpoint Adjudication Com-
mittee composed of three board-certified Maternal Fetal Medicine
experts that were not members of any of the enrollment sites. The
adjudication process involved a review of Case Report Form data and
redacted medical records for each subject and required a unanimous
agreement by all committee members. Committee members were
blinded toRNA sequencing results carried out as part of this study, and
decisions were based solely on information from the medical records.

The studywas conducted in accordancewithGoodClinical Practice
Guidelines of the International Conference on Harmonization15 and
Institutional Review Board approval was obtained at each participating
site. All participants provided written informed consent and those
included in the final analysis met protocol-defined eligibility criteria.

Sample collected by 
3/31/2023, used for HDP study

(n=9,102)

ValidationTraining
First 62% from

site go to training, last 38% 
go to validation*

Included subjects
(n=6,102)

Clinical data exclusions
(n=138)
Assay fail exclusions
(n=33)

Clinical data exclusions
(n=444)
Assay fail exclusions
(n=259)

Passed lab QC metrics
(n=5,399)

Non HDP
n=4,133

GHTN
n=615

PE
n=651

Passed lab QC metrics
(n=2,829)

Included subjects
(n=3,000)

Non HDP
n=2,107

GHTN
n=334

PE
n=388

Fig. 1 | CONSORTdiagram forMiracle of Life study.HDP hypertensive disorders of pregnancy, GHTN gestational hypertension, PE preeclampsia. *For siteswhere source
document verification was possible, otherwise site is only used in training.
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We extracted cfRNA from all samples and generated tran-
scriptomes, which were converted to gene counts for analyses and
modeling (Methods). In order to adjust for variation in fetal fraction
between pregnancies, we derived a method based sum of
Y-chromosome counts to adjust counts in placental genes between
samples (Methods). Counts were also corrected for fetal sex and
gestational age at collection given the known variation16 (Methods).

Molecular subtypes reclassify common clinical phenotypes
Clinical guidelines7,8 define HDP as a disorder including gestational
hypertension and preeclampsia with or without severe features,
characterized by clinicalmetrics8. To initiate exploration of howcfRNA
transcriptomic profiles align with clinical definitions, we identified
differentially expressed genes between preeclampsia (PE) cases and all
other samples, using the training data (n = 5399). In addition to mea-
surement of statistical significance of group differences with the
Mann–Whitney U statistic, we used Cohen’s d effect size17 as a statis-
tical measure of the magnitude of separation to provide a more
meaningful interpretation of differences18. The top two genes by effect

size, are PAPPA2, highly expressed in the placenta, (Cohen’s d of 0.42
[95%CI 0.33–0.50],Mann–Whitney padj = 5.3 × 10−13), andCD163, highly
expressed in immune cells (Cohen’s d =0.36 [95% CI 0.28–0.44],
Mann–Whitney padj = 5.3 × 10−13). These genes are consistent with prior
biomarker findings that demonstrate involvement of placental and/or
immune pathways in preeclampsia19, but it is not known if they
represent different etiologies of the same disease. With our large
prospective cohort we are now able to query whether molecular pro-
filing can identify distinct phenotypes of HDP and provide biological
insight as to their differential etiology.

To determine how the molecular profile maps to the different
clinical phenotypes, we ranked all HDP cases into 8 clinical subgroups
by severity using common clinical criteria: gestational age at initial PE
diagnosis, gestational age at delivery, and the presence of severe fea-
tures (Fig. 2a)8; individuals with postpartum PE and gestational
hypertension (GHTN) were treated as separate subgroups. For each of
the three categories we observe strong dose-dependence to PAPPA2
(Supplementary Fig. 1), validating their use formolecular stratification.
We evaluated the effect of PAPPA2 and CD163 expression for each of

Table 1 | Training cohort description and demographics

Characteristic No HDP, N = 4133a GHTN, N = 615a PE, N = 651a p-valueb

Race/ethnicity <0.001

Asian 213 (5.2%) 19 (3.1%) 23 (3.5%)

Black 799 (19%) 160 (26%) 173 (27%)

Hispanic 735 (18%) 95 (15%) 120 (18%)

Multiracial 345 (8.3%) 47 (7.6%) 41 (6.3%)

White 2,041 (49%) 294 (48%) 294 (45%)

Age (years) 30.5 (18.0, 46.3) 30.6 (18.0, 50.1) 30.6 (18.0, 44.3) 0.70

Maternal age ≥35 years 933 (23%) 155 (25%) 170 (26%) 0.069

BMI (kg/m2) 28 (15, 77) 31 (18, 62) 32 (16, 65) <0.001

Prior preeclampsia 238 (5.8%) 65 (11%) 130 (20%) <0.001

Diabetes, type 1/2 100 (2.4%) 26 (4.2%) 41 (6.3%) <0.001

Chronic hypertension 346 (8.4%) 0 (0%) 134 (21%) <0.001

Nulliparous 1522 (37%) 307 (50%) 330 (51%) <0.001

Gestational diabetes 370 (9.0%) 67 (11%) 107 (16%) <0.001

Smoker 224 (5.4%) 40 (6.5%) 41 (6.3%) 0.40

Gestational age at collection (weeks) 19.85 (17.57, 22.00) 19.92 (17.57, 22.00) 19.85 (17.57, 22.00) 0.30

MAP prior to blood draw (mmHg) 84 (53, 117) 88 (68, 114) 90 (65, 143) <0.001

Gestational age at delivery (weeks) 38.71 (19.57, 42.29) 38.52 (19.14, 41.86) 37.35 (23.57, 41.71) <0.001

Infant weight (g) 3277 (162, 5560) 3220 (641, 4550) 2970 (340, 4970) <0.001

Infant sex 0.091

Female 2014 (49%) 271 (44%) 311 (48%)

Male 2108 (51%) 343 (56%) 338 (52%)

Unknown 11 1 2

Clinical site <0.001

Boston (Beth Israel Deaconess Medical Center + Brigham and Women’s
Hospital)

203 (5.0%) 30 (4.9%) 27 (4.2%)

Thomas Jefferson University Hospital 84 (2.0%) 18 (2.9%) 13 (2.0%)

Direct to participant recruitment 876 (21.5%) 80 (13.0%) 104 (16.2%)

MultiCare 191 (4.6%) 54 (8.8%) 29 (4.5%)

Ochsner Health 154 (3.7%) 37 (6.0%) 37 (5.7%)

Ohio State University Wexner Medical Center 219 (5.3%) 37 (6.0%) 27 (4.1%)

UC San Diego Health 190 (4.6%) 21 (3.4%) 26 (4.0%)

UPMC Magee-Womens Hospital 477 (12%) 69 (11%) 68 (10%)

University of Texas Medical Branch 478 (12%) 67 (11%) 98 (15%)

Washington University in St. Louis 125 (3.0%) 48 (7.8%) 32 (4.9%)

Woman’s Hospital 1136 (27%) 154 (25%) 190 (29%)
an (%); Mean (Range)
bPearson’s Chi-squared test (two-sided); Fisher’s exact test (two_sided); Kruskal–Wallis rank sum test. The range of values reported as p-value < 0.001 was between 2.9 × 10−105 and 1.3 × 10−5.
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the 8 subgroups and assessed subgroup similarity based on statisti-
cally significant separation of expression levels. This yielded two dis-
tinct molecular subtypes: the first comprising subgroups 1–3, which
have the most severe clinical outcomes, and the second comprising
subgroups 4–8 (Fig. 2b). Compared tonon-HDP individuals, subgroups
1–3 each had a large effect size for PAPPA2 (joint Cohen’s d = 1.05 [95%

CI 0.91–1.19]), whereas subgroups 4–8 each had small effect sizes for
PAPPA2 (joint Cohen’s d =0.18 [95% CI 0.12–0.25]), a highly significant
increase in effect size of 5.7-fold (95% CI 4.0x–9.3x, p < 2e−5) sug-
gesting a strong placental involvement for subgroups 1–3. Differential
gene expression analysis between subgroups 1–3 relative to subgroups
4–8 showed that 5 of the 6 differentially expressed genes are
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Fig. 2 | Effect size of PAPPA2 in different populations. a Samples are grouped by
their clinical phenotype (diagnosis time <37w, delivery time <37w, and/or pre-
sentation of severe features), into 8 groups and non HDP controls. 13 samples were
missing sufficient information to include in subgroups not shown. b Effect size of
PAPPA2 is shown next to each clinical phenotype, blending into molecular sub-
groups, placental-associated or immune-associated. Statistical comparisons of
placental-associated or immune-associated versus non HDP (baseline) calculated
using a two-sided Mann–Whitney U test. c Effect size of PAPPA2 for placental-
associated and immune-associatedHDP split bypresence/absenceofmaternal high
risk factors (RF). Statistical comparisons of each subgroup versus the non HDP
(baseline)with the correspondingpresence/absenceofmaternal highRFcalculated

using a two-sidedMann–WhitneyU test.d PAPPA2 expression in early-onset PE split
into placental-associated and immune-associated HDP among individuals with no
high risk factors. e PAPPA2 expression in ante- and intrapartum PE with severe
features split into placental-associated and immune-associated HDP among indi-
viduals with no high risk factors. Box and whisker plots display a box with lower
bound, center line, and upper bound at the 25th, 50th, and 75th percentile,
respectively, wherewhiskers extend to 1.5 times the inter-quartile rangewith points
outside this range depicted individually as circles. Statistical comparisons depicted
in box and whisker plots are calculated using a two-sided Mann–Whitney U test.
HDP hypertensive disorders of pregnancy. Combined mean effect size for PAPPA2
for PE is represented in white, above-average in reds and below average in blues.
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upregulated and highly expressed in the placenta (Methods). In con-
trast the effect size for CD163 was similar across all 8 subgroups.
Subgroups 4–8 had larger effect size for CD163 (joint Cohen’s d = 0.26
[95% CI 0.19–0.32]) than PAPPA2, suggesting an immune origin for
these subgroups, which is further supported by gene set enrichment
analyses and differential gene expression analyses for those groups
(Supplementary Fig. 2, and see below).

Therefore, we arrived at two distinct molecular subtypes of HDP:
1) Placental-associated HDP comprised of subgroups 1–3, i.e. indivi-
dualswhowere diagnosedbefore 37weeks leading to pretermdelivery
and/or severe features and 2) Immune-associated HDP comprised of
subgroups 4–8, including most term PE, postpartum PE and GHTN.

Others have reported differences in gene expression for PE in
individuals with CHTN20, so to explore the potential for more biolo-
gically homogeneous populationswe studied the relationship between
HDPmolecular subtype and pregnancy status by presence of at least 1
high risk factor (n = 997) or absence thereof (n = 4402). Subgroups 1–3
are strongly stratified by placentalmolecular subtype: Individuals with
a high risk factor had a medium to large effect size for PAPPA2 (joint
Cohen’s d =0.65 [95% CI 0.45–0.86], Fig. 2c); while individuals with no
high risk factors had an increased and very large effect size both
compared to the non HDP population (joint Cohen’s d = 1.59 [95% CI
1.38–1.81], Fig. 2c) and when compared to all other samples (Cohen’s
d = 1.54 [95%CI 1.32–1.75]). In contrast, the immunemolecular subtype
did not stratify by high risk factor (Fig. 2c).

The molecular stratification of HDP maintains the dose-
dependence with gestational age at delivery in the samples with no
high risk factors, where higher PAPPA2 expression correlates with
earlier delivery (r = −0.42 [95% CI −0.58–−0.22], p = 6.3 × 10−5, Supple-
mentary Fig. 3a). Further,PAPPA2overexpression is specific topreterm
delivery due to preeclampsia; in individuals with spontaneous preterm
birth but without preeclampsia (sPTB, n = 246) PAPPA2 is not over-
expressed (Cohen’s d = −0.06 [95% CI −0.18–0.07]). This suggests that
PAPPA2 is not a signal for delivery date per se, but rather signifies risk
of HDP severe enough to require preterm delivery.

The placental-associated molecular subtype is more nuanced as
compared to the traditional clinical labels of early-onset or severe
features. Early-onset preeclampsia, i.e. those diagnosed less than
34 weeks gestation, stratify into groups aligned with the molecular
subtype, with significantly higher PAPPA2 expression among those

who also deliver preterm, but not those that deliver at term or have
postpartum PE (Fig. 2d, p = 2.8 × 10−4 in the population with no high
risk factors). Similarly, preeclampsia with severe features separates
into groups aligned with the overall molecular subtype (Fig. 2e,
p = 2.7 × 10−9 in the population with no high risk factors). Additionally,
differentiation within the early-onset or severe features groups are
independent of high risk factors and expands to the full groups as well
(Supplementary Fig. 3b, c).

Less severe forms of HDP share immune-associated molecular
subtype
To understand the molecular structure within the immune-associated
HDP samples, we compared two groups, GHTN (n =615) and term PE
(n =453), excluding those diagnosed before 37 weeks who later develop
severe features (Fig. 2a), and found no genes that pass a Benjamini-
Hochberg adjusted p-value threshold at the 0.05 alpha level to qualify
for differential expression. The absence of differential genes for these
subgroups supports high molecular homogeneity between them. Fur-
thermore,when individually comparingeachgroup tonon-HDPcontrols
the tails are enriched for immune genes (Fig. 3a, b), a result also sup-
ported by gene ontology analyses (Methods). When comparing the
overlaps of all significant differentially expressed genes between the two
groups, we see a highly significant overlap (p=6.7 × 10−36, Fig. 3c). If we
compare placental-associated HDP to immune-associated HDP in a
standard gene set enrichment analysis, the top 20gene sets upregulated
in immune-associated HDP are exclusively related to inflammatory
pathways, whereas several of the top enriched gene sets in placental-
associated HDP are related to platelet function (Supplementary Fig. 2).
The same conclusion can be reached fromgene set enrichment analyses
between immune-associated HDP and non-HDP controls and is sup-
ported by statistically significant gene-ontology overlaps between the
groups (Methods).

Placental-associated molecular subtype predicts preterm PE
and adverse neonatal outcomes
Understanding that PE requiring preterm delivery confers the greatest
morbidity and mortality to both mother and infant, we then sought to
develop a classifier to predict this group based on the molecular
subtypes. To build the classifier for placental-associated HDP for
individuals with no high risk factors, we first performed feature
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Fig. 3 | Differential gene expression analyses in immune-associated HDP.
Quantile-quantile (QQ) plot of ranked Mann–Whitney U p-values, colored by
absolute Cohen’s d effect size for a immune-associated PE versus non HDP
(genomic inflation factor λ = 1.2, 29 significantly differentially expressed genes),
b immune-associated GHTN versus non HDP (λ = 1.8, 38 significantly differentially
expressed genes). Top 10 genes are named, and gene names are bolded based on
overlap with immune and inflammatory GO biological processes. Statistical

comparisons in QQ plots are calculated using a two-sided Mann–Whitney U test
with multiple test correction by Benjamini–Hochberg. c Overlap in differentially
expressed genes. Significance of the overlapwas evaluated using a hypergeometric
test, where the reported probability corresponds to the likelihood of observing an
overlap of a given size or larger by random chance under the null hypothesis that
the sets are independent. PE, preeclampsia; GHTN, gestational hypertension; HDP,
hypertensive disorders of pregnancy.
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discovery to identify genes that complement PAPPA2 to improve pre-
diction accuracy. We performed searches across the training data,
using either all samples (Fig. 4a) or only samples with no high risk
factors (Fig. 4b) to identify the top differentially expressed genes. We
optimized and evaluated the performance of our feature selection
method using cross-validation with multiple random splits of our
training data to avoid the common pitfall of data leakage.

Genes for the final classifier were selected by applying this frame-
work on the full training dataset only (n = 5399). The training data were
then used to train a logistic regression model with an L1 regularization
penalty, and training sampleswithnohigh risk factorswereused to set a
decision boundary for the classification calls. Six geneswere included in
the classifier, comprising four placental genes (PAPPA2, KISS1, XAGE2,
and ADAM12) and two inflammatory and immune related genes (CD163,
VSIG4). These six genes have all previously been associated with pre-
eclampsia or early onset preeclampsia21–26. Effect sizes for all classifier
genes by clinical phenotype in individuals with no high risk factors are
shown in Fig. 4c. Although CD163 and VSIG4 are upregulated in
placental-associated HDP, their gene networks are down-regulated
relative to immune-associated HDP, suggesting these two genes carry a
broader signal predictive in both groups (Methods).

Weused theHumanProteinAtlas tissue-specific abundancedata, to
evaluate the origin of themodel transcripts. For eachof themodel genes

we confirm PAPPA2, KISS1, XAGE2 and ADAM12 are most likely placental
transcripts, which is also supported by their low expression in non-
pregnant individuals (Supplementary Fig. 4, Methods), and that CD163
and VSIG4 aremostly derived from the spleen and other immune tissues
(Supplementary Fig. 4). Extending this technique toannotatedcell types,
we found that the top three most correlated cell types for each of
PAPPA2, KISS1, XAGE2, and ADAM12 are syncytiotrophoblasts, cyto-
trophoblasts and extravillous trophoblasts (Supplementary Fig. 5,
Methods). For CD163 and VSIG4, the top three are Hofbauer cells,
Kupffer cells, and macrophages (Supplementary Fig. 5, Methods).

Prior work has shown that some clinical metrics are mildly pre-
dictive of the development ofHDP7. Thus, we investigatedwhether any
of these individual metrics could provide additional predictive infor-
mation to theRNA-basedpredictors.We focusedon available collected
metrics in themedical record related to high andmoderate risk factors
for the clinical risk assessment for preeclampsia by the USPSTF,
including mean arterial blood pressuremost proximal before the time
of blood draw, nulliparous status, bodymass index (BMI) from the first
recorded prenatal visit, race and age. Of those, only mean arterial
blood pressure and BMI were used as additional features in the clas-
sifier, due to additive performance with the genes in training cross
validation. In our training data a genes-only model achieved a mean
cross-validation AUC of 0.86 in participants with no high risk factors,
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and addition of mean arterial pressure and BMI increased the mean
performance to 0.88. Importantly, within our heterogeneous training
samples, we confirm that race did not enhance predictive information
beyond the RNA-based predictors in cross validation in individuals
with no high risk factors in agreementwith our previous observation in
a retrospective study16. The full classifier consists of transcript levels
for 6 genes and two clinical metrics; classifier features, coefficients,
and decision boundary were all locked prior to classifier validation.

We observed amedian lead time of 108 days and 132 days between
blood draw and delivery in the placental-associated or immune-
associated HDP, respectively. To investigate if the particular signal for
the earliest deliveries are driven by proximity of blood draw to delivery
or the pathophysiology necessitating earlier delivery, we looked at the
impactofbothon themodeloutput. In the6-genemodel, earlierdelivery
has stronger signal than proximity within training cases, supporting that
the molecular signal is for severity rather than proximity (Methods). In
the placental-associated subtype the test positive cases on average
deliver 11.3 days before a test negative case, and importantly no cases
below 32 weeks at delivery are missed in the training set (Fig. 4d).

To verify performance on a clinically relevant metric that was not
used in training, we looked at the days spent in the neonatal intensive
care unit (NICU) for individualswith nohigh risk factorswith respect to
a PE diagnosis in the test positive and test negative populations within
the training dataset (Methods). Among the individuals who were
admitted to the NICU the test positive group spent on average 14 days
(n = 81) compared to 5 days (n = 154) in the test negative population
(two-sided Kolmogorov–Smirnov test p = 6.1 × 10−4). Additionally,
these results replicate in a cross-validation on the training set (Meth-
ods). This in combination with the previous observation that test
positive individuals deliver earlier (Fig. 4d) supports that individuals
who share the placental-associated molecular subtype have more
adverse outcomes.

Classifier validation for pregnancies with no high risk
factors for PE
Upon completion of training (n = 5399) the classifier was locked with a
pre-specified decision boundary. Validation was also pre-specified for
individuals with no high risk factors (n = 2243) in the held-out valida-
tion set (n = 3000). Validation results reported below are for indivi-
duals with either only moderate risk factors or no risk factors.

An important endpoint of the study was to validate the placental-
associated molecular subtype i.e. individuals who were diagnosed
before 37 weeks leading to preterm delivery and/or severe features,
using a classifier based only onRNA features. The results validated that

the RNA classifier stratifies placental-associated cases from all other
samples (p = 6.3 × 10−7); stratifies placental-associated cases from
immune-associated cases (p = 7.4 × 10−4); and also stratifies immune-
associated cases from non-HDP controls (p = 9.9 × 10−9).

The full classifier for all individuals with no high risk factors in the
validation cohort (n = 2243) yielded an AUC of 0.74 (Fig. 5a, blue line,
maternal age: ≥18, predicted outcome: placental-associated HDP).
When the case-label is shifted to placental-associated HDP with deliv-
ery at or before 35 weeks of gestation (n = 2243), the validated AUC
increases to 0.83 (Fig. 5a, green line, maternal age: ≥18, predicted
outcome: placental-associated HDP with delivery ≤35 weeks), con-
firming the observed dose-dependence for gene expression (Supple-
mentary Fig. 1a). The 35 week threshold is chosen to align with where
most hospitals require admission to the NICU27. Among the moderate
risk factor groups, nulliparous (n = 984), Black race (n = 476), and
obesity (BMI > 30, n = 801), the classifier performed similarly to all
individuals, while for advanced maternal age (AMA) individuals
(n = 403) the validated AUC was 0.88 (Fig. 5a, orange line, maternal
age: ≥35, predicted outcome: placental-associated HDP). AMA is
associated with earlier preterm deliveries28 where the placental-
associated effect size is stronger.

As a relevant comparator for a US-based study, we used the
USPSTF guidelines7,8. For each group described above the positive
likelihood ratios are improved over the guideline performances
(Fig. 5b). For AMA individuals, where age itself is a moderate risk fac-
tor, the guidelines classify thosewith one ormore additionalmoderate
risk factor(s) as increased risk. For test positive individuals in the AMA
population, this corresponds to a fifteen-fold improvement in
increased risk to develop placental-associated HDP over the standard
guidelines (+17% vs +249%). For test negative individuals in the AMA
population, the negative likelihood ratio for the validated classifierwas
0.12 compared to 0.38 for USPSTF guidelines. For placental-associated
HDP the NPV is 99.7% and the PPV is 8.9%. The PPV for all preeclampsia
is 24.6% and for all HDP is 42.9%. Though the validated classifier is
optimized to identify the most severe cases, milder cases of PE or
GHTN are also enriched in test positive individuals, with a positive
likelihood ratio of 3.0 for all preeclampsia and 2.9 for HDP.

Discussion
Through transcriptome analysis in a large (n = 9102), multi-center,
ethnically and geographically diverse, prospective cohort, we have
defined and validated two distinct molecular subtypes that allow the
molecular stratification of hypertensive disorders of pregnancy (HDP).
Placental-associated HDP maps clinically to severe/preterm

False Positive Rate

Tr
ue

 P
os

iti
ve

 R
at

e

1.0

0.8

0.6

0.4

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0

No HRF
AUC 0.74 [95% CI: 0.67 - 0.81]
No. cases 53
No. controls 2190
Prevalence 2.36%
Sensitivity 0.60 [95% CI: 0.47 - 0.73]
Specificity 0.75 [95% CI: 0.73 - 0.77]

No HRF, cases with delivery <=35wks
AUC 0.83 [95% CI: 0.69 - 0.95]
No. cases 16
No. controls 2227
Prevalence 0.71%
Sensitivity 0.81 [95% CI: 0.60 - 1.00]
Specificity 0.75 [95% CI: 0.73 - 0.76]

No HRF, Maternal age >=35years
AUC 0.88 [95% CI: 0.76 - 0.96]
No. cases 11
No. controls 392
Prevalence 2.73%
Sensitivity 0.91 [95% CI: 0.70 - 1.00]
Specificity 0.74 [95% CI: 0.70 - 0.78]

1.0

1.5

2.0

2.5

3.0

3.5

No HRF No HRF, cases with 
delivery <= 35 weeks

No HRF, AMA

Po
si

tiv
e 

Li
ke

lih
oo

d 
R

at
io

a b

2.42

1.51

3.20

1.65

3.49

1.17

Fig. 5 | Validationof the full classifier in all individualswithnohigh risk factors.
aReceiver operator characteristic (ROC) for all individuals with predicted outcome
as placental-associated HDP (blue); all individuals with predicted outcome as
placental-associatedHDP and ≤35week delivery (green); individuals with advanced
maternal age (≥35 years) with predicted outcome as placental-associated HDP

(orange). Performance at the prespecified cutpoint is annotated with a X on each
curve. b Comparison of the positive likelihood ratio for each of the groups with
USPSTF performance shown in striped lighter tone and the full classifier in solid
color matching the ROC. AMA advanced maternal age (≥35 years), HRF High Risk
Factor, USPSTF United States Preventive Services Task Force.

Article https://doi.org/10.1038/s41467-025-58157-y

Nature Communications |         (2025) 16:2948 7

www.nature.com/naturecommunications


preeclampsia while immune-associated HDP maps clinically to most
term preeclampsia and gestational hypertension. Both molecular
subtypes can be detected via a standard blood draw at the time of the
anatomy scan, between 18 and 22 weeks of gestation, with a median
lead time of 108 and 132 days to delivery, respectively, creating new
opportunities for preventative interventions29.

Prospective validation of the lead gene, PAPPA2, confirms earlier
findings of its relevance at both the cellular30 and circulatory16 levels.
The molecular subtypes are specific to HDP: the placental-associated
HDP is only present in those with a preterm birth associated with HDP
or pretermHDP diagnosis with severe features and it is absent in those
individuals having a spontaneous preterm birth. These findings
underscore the need to discover specificmolecular subtypes that drive
other adverse pregnancy outcomes.

While case-control studies have traditionally been used in bio-
marker discovery studies to explore pregnancy biology, the results
often fail to validate, due to their dependenceon existing clinical labels
that are molecularly heterogeneous and/or their limited ability to
sample population variance31. Comprehensive clinical and molecular
profiling in a large, diverse, prospective cohort, enables the molecu-
larly driven subtyping of clinical labels, to overcome previous limita-
tions.Wediscover twomolecular subtypes ofHDP alignedwith disease
severity and then validate a molecular classifier for the most severe
disease designated as placental-associated HDP. The molecular signal
separates samples independent of common clinical phenotypes like
presence or absence of severe features and early- or late-onset; clas-
sifications others have also found insufficient32. Further, we demon-
strate that gestational age at delivery has a strong dose-dependence to
PAPPA2. It is known thatPAPPA2plays a role in regulationof the insulin-
like growth factor 1 and 2 pathways, which have been implicated in
hypertension and preeclampsia33–35. Though further mechanistic work
is needed to establish causality of PAPPA2 overexpression in HDP,
studies inmice indicate that siRNA targeted to PAPPA2 can alleviate the
effect in a model system with low extravillous invasion36. Furthermore
the dysregulation of PAPPA2 is persistent through the end of preg-
nancy as evidenced by single-cell sequencing of placenta30

Unexpectedly, placental-associated HDP is most strongly pre-
dictive for individuals with no high risk factors, who comprise the vast
majority of pregnant individuals9 and for whom there are currently no
effective ways to assess risk. A likely explanation is the higher biolo-
gical homogeneity among individuals with no high risk factor. Other
risk prediction models largely identify individuals with pre-existing
high risk factors37,38, whereas the test presented here focuses on shared
biological signals in the population without pre-existing high risk fac-
tors. Specific molecular subtypes are likely to exist for each high risk
factor group, such as chronic hypertension or prior PE, but to disen-
tangle those, future studieswith a larger sample size of individualswith
each high risk factor would be needed. Molecular subtypes for indi-
viduals with no risk or 1 or more moderate risk factors, which identify
individuals at risk for HDP months prior to any clinical symptoms,
present a new opportunity for risk stratification and utilization of
preventive strategies.

Having an objective measurement of risk in a population without
clinical high risk can help drive adherence39,40 to preventative care29 and
is anecessaryfirst step to improve theworseningmaternal health status1.

Advancements in medical fields like oncology have been cata-
lyzed by understanding the underlying pathobiology to trigger the
development of targeted treatment options for each molecular sub-
type of disease, and progress towards molecular classification
continues41. The advent of early detection of molecular subtypes for
HDPmay enable new therapeutic targets, such as vascular/endothelial
targets for placental-associated HDP and immunomodulatory
approaches to immune-associated HDP13,42. Importantly, current clin-
ical trials to treat or prevent preeclampsia43 can now benefit from an
improved efficacy-safety profile through targeting patient enrollment

by molecular subtype. As examples, statins have been proposed as
therapeutic agents in the management of preeclampsia based on the
benefits that they provide to patients with angiogenic imbalance,
endothelial dysfunction, oxidative injury, and inflammatory injury44

and may benefit from stratification by the placental-associated and
immune-associated molecular subtypes. Specifically, higher doses of
aspirin may be more effective in individuals with the placental-
associated subtype as they have been shown to be more effective in
prevention of preterm PE45, which are highly enriched in placental-
associated HDP. Importantly, this stratification now provides the
opportunity to test and/or develop therapeutics to reverse the rising
prevalence of HDP and its significant global contribution to maternal
and neonatal morbidity and mortality.

More immediately, a simple, stand-alone blood test to identify
pregnant individuals at increased risk of HDP, months in advance of
symptoms, is expected to motivate the prescription of and
adherence39 to existing, evidence-based interventions to improve
outcomes29. The HDP molecular subtypes presented here are objec-
tive, biologically driven, and independent of race. They present an
opportunity to shift the paradigm away from generalized ‘moderate’
risk factors that are nonspecific, susceptible to bias or difficult to
assess clinically, and toward a precision-medicine approach to mater-
nal health.

Methods
Specimen collection
Participants were recruited via either direct recruitment at one of
elevenmedical centers in the United States or via direct-to-participant
recruitment using social media. The clinical recruitment sites were
Womans Hospital in Baton Rouge, LA; Magee-Women’s Research
Institute at UPMC in Pittsburgh, PA; University of Texas Medical
Branch in Galveston, TX; Ochsner Medical Center in New Orleans, LA;
Multicare Healthcare System in Tacoma, WA; Washington University
Medical Center in St. Louis, MO; University of California San Diego in
San Diego, CA; Beth Israel Medical Center in Boston, MA; Brigham and
Women’s Medical Center in Boston, MA; The Ohio State University
Wexler Medical Center in Columbus, OH; and Thomas Jefferson Uni-
versity Hospital in Philadelphia, PA. Whole blood specimens were
collected via standard non-fasting venipuncture using two to three
10mLRNAComplete BCT for Cell-Free RNA® (cfRNA) tubes (Streck, La
Vista, NE) which stabilizes and preserves cfRNA in plasma as well as
cellular RNA inwhite blood cells. Specimenswere shipped overnight at
ambient temperature via FedEx to the Mirvie laboratory in South San
Francisco, California. Only specimens that were received within 48 h
were included in the study.

Limited plasma is available from each participant, and requests
for plasma cannot be accommodated.

Non-pregnant individuals for baseline RNA measurement were
acquired from Discovery Life Sciences (Huntsville, AL) and collected
using the same protocol as the clinical study.

Clinical data collection
Shortly after the end of the pregnancy clinical data was abstracted
from the medical records encompassing the prenatal record, labora-
tory results, imaging results, labor and delivery notes, and discharge
summaries. All information captured was de-identified and stored in a
password-protected and secure web-based electronic data capture
system (Medrio, San Francisco, CA). Clinical monitoring was per-
formedby trained clinicians and anyquerieswere resolvedwith on-site
principal investigators and/or by a panel of three independent
maternal-fetal medicine physician specialists. All HDP related out-
comes were abstracted and adjudicated in accordance with ACOG
clinical guidelines8. The clinical data collection was performed by staff
separate from the laboratory processing team. Both teams were blin-
ded to the other team’s results during lab processing and clinical data

Article https://doi.org/10.1038/s41467-025-58157-y

Nature Communications |         (2025) 16:2948 8

www.nature.com/naturecommunications


collection. The study was designed and powered to explore cfRNA
predictors of adverse pregnancy outcomes and molecular subtypes
with a prevalence >1%.

Institutional Review Board approval was obtained at each parti-
cipating site, reviews were done by Woman’s Hospital Foundation
Institutional Review Board (RP-20-027), Beth Israel Deaconess Medical
Center Committee on Clinical Investigations (2022P000224), and
Advarra Institutional Review Board (Pro00050765). Written informed
consent was obtained from all participants.

A total of 444 individuals were excluded from the training cohort
and 138 individuals from the validation. Individuals were excluded
from the study for the following reasons, did not meet eligibility cri-
teria (training n = 31, validation n = 10), lost to follow-up or incomplete
data (training n = 333, validation n = 91), participant or sponsor
requested withdrawal (training n = 7, validation n = 2), out-of-window
sample collection (training n = 15, validation n = 7), or excluded per
adjudication committee (training n = 58, validation n = 28).

Information on the 49 donors for the baseline study were repor-
ted by Discovery Life Sciences and the donors were 32 (22–40) years
with an average BMI of 32 (19–61) at time of blood draw. The self-
reported race for the non-pregnant individuals was 29 Black and
20 White.

Data blinding
Access to clinical data was closely controlled and only made avail-
able on a need-to-know basis to protect participant privacy and
confidentiality, and to preserve data integrity for analyses. The lab
team did not have access to participant information to avoid any
bias in sample processing. The data analysis team only had access to
data for the training cohort to enable model development, any
identifiable informationwas removed. For the validation cohort only
the clinical operations team and the software team had access to
data. Prior to running any analyses on the validation data, the pre-
diction model was locked and analyses were pre-specified and
documented. The data analysis team provided a script to the soft-
ware team to output results from the validation data. Access to the
validation data is still restricted from the data analysis team to
enable future studies.

Sample processing
Similar to methods previously described for the Mirvie RNA Platform,
blood specimens received in the laboratory are processed and plasma
separated, cfRNA is extracted, libraries are created and sequencing is
performed16,46. Total nucleic acid was isolated using QIAamp Circu-
lating Nucleic Acid kit (Qiagen, Germantown, MD) followed by DNAse
treatment using Baseline-ZERO DNAse (LGC Biosearch Technologies,
Middlesex, UK). An RNA spike-in was added to the samples during
extraction. After DNAse treatment, cfRNA was eluted using the Mon-
arch RNA clean-up kit (New England Biolabs,MA). cfRNA libraries were
prepared using the SMARTer StrandedTotal RNAseqKit v2 - Pico Input
Mammalian (Takara Bio, San Jose, CA) and enriched for the human
transcriptome using the SureSelect Target Enrichment kit (Agilent
Technologies, Santa Clara, CA).

The extracted cfRNA and libraries were assessed for quality
using a reverse transcription-quantitative polymerase chain reaction
(RT-qPCT) assay to follow 3 targets of interest as follows: a house-
keeping gene (actin beta [ACTB]), an RNA spike-in, and a cfDNA
contamination assay. Libraries of multiple samples were then
pooled and sequenced to an average depth of 67.03million reads on
the Illumina NovaSeq platform. Individual samples more than
3 standard deviations from the mean with respect to lab quality
metrics were removed as outliers. On average, we obtained at least 1
count for 21,478 genes after removing duplicate reads. There was no
significant difference in sequencing depth between the training and
test groups.

Bioinformatics processing
The bioinformatics pipeline is built as a Nextflowworkflow (v23.10.0)47

that is executed with Docker (v20.10.25) containers and encompasses
multiple steps as follows. Sequencing reads were converted from bcl
files to fastq files using Illumina’s bcl-convert v4.2.748, and fastq files
were combined into one R1 and one R2 fastq per sample and validated
with biopet-validatefastq v0.1.149 and fq v0.11.050. Adapters were
trimmed with fastp v0.23.451, which also performed base correction of
obvious errors in overlapping regions (to better estimate duplication
rates), and the processed fastq files were again linted with biopet-
validatefastq49. Reads were then mapped to GRCh38 using the STAR52

aligner v2.7.10b. The mapped reads were deduplicated using sam-
bamba v0.8.253. Two different gene counts tables were calculated
including, a primary count file produced by Rsubread’s featureCounts
function v2.8.254 and a secondary counts file produced by HTSEQ
v2.0.555 used togenerate fetal sexprobabilities fordata pre-processing.
Primary counts tableswere converted to log2 counts permillion (CPM)
with a pseudo count of 1 CPM.

Data pre-processing
Major sample processing library batches were corrected genewise
such that each batch yielded the samemedian over control samples in
that training batch for each gene. All genes were residualized over the
linear effects of gestational age at sample collection to control for the
spanof 4weeks and 3 days in collection and over a fetal sex probability
estimated fromagene-based logisticmodel to control for the variation
across fetal sex. Both corrections were warranted as various genes,
including CD163, ADAM12, XAGE2, VGLL3, SVEP1, and KRT7, carry var-
iance explained by gestational age even when accounting for fetal sex
(p < 0.05, ANCOVA Type III). Genes annotated as “elevated” in pla-
cental expression from the Human Protein Atlas56 were additionally
residualized over VGLL3, SVEP1, and KRT7 genes to control for fetal
fraction variation. These linear correctors were implemented with the
scikit-learn 1.4.057 robust HuberRegressor fit on training data.

Gene correction for fetal fraction variation
The fraction of cfRNA inmaternal blood that originates from the fetus or
placenta rather than the pregnant individual (i.e. the fetal fraction) varies
among pregnancies. To control for variation in the overall fetal fraction
of circulating RNA in maternal plasma, correction genes were identified
by searching for placental genes that are correlated to a known fetal
signature. Since certain genes on chromosome Y are specific to males,
the expression levels for these genes in pregnancies with male fetuses
were used to estimate the fetal fraction in cell-free RNA. Correlations
against the total gene expression level across chromosome Y genes in
log2 counts downsampled to 3M assigned counts per sample were
performed against placental genes significant to pregnancy to identify
correctors for the variation in fetal fraction. Placental genes were sorted
indescendingorder by the coefficient ofdetermination calculatedwith a
robust linear regression fit (HuberRegressor). The gene that was most
correlated to the sum across chromosome Y genes in individuals preg-
nant with male fetuses was identified as VGLL3, an autosomal gene. Cell
freeRNAexpression levels summedacross theplacental genes corrected
by VGLL3 showed no difference between pregnancies with male or
female fetuses (p>0.05). Additional placental genes SVEP1 and KRT7
were selected as corrections to enhance the predictive power of the
placental-associated classifier. All three placental correction genes are
not themselves sex-linked and can thus generalize to all samples. Cor-
recting genes with elevated RNA expression in the placenta (Human
Protein Atlas)56 by these fetal-fraction covariates regresses out variation
in the placental genes due to variation in fetal fraction.

Gene correction for fetal sex variation
The placental correction genes VGLL3, along with the other placental
correction genes SVEP1 and KRT7 and themodel features ADAM12 and
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XAGE2 carry variance explained by fetal sex, even after accounting for
collection ga (p <0.05,ANCOVAType III). This imparted a fetal sex bias
in the model outputs that was detected in cross validation during
training as a bias in sensitivity and specificity across male and female
fetuses measured across the test folds. This bias was corrected by
applying the fetal sex correction by residualizing over a gene-based
probability the fetus is male. Data pre-processing applies a gene-based
model estimate of the fetal sex of a singleton pregnancy (based on the
probability that the fetal sex is male) to control for variation in the
circulating RNA derived from the fetus and placenta across male and
female fetuses, which have been shown to differ in size at a fixed
gestational age58. The fetal sex prediction model is based on eleven
genes identified to be differentially expressed with high statistical
significance between male and female fetus singleton pregnancies:
PCDH11Y, RPS4Y1, EIF1AY, DDX3Y, ZFY, USP9Y, UTY, KDM5D, VGLL3,
CAPN6, CSHL1. One gene CAPN6 is on chromosome X, while the
remaining eight genes excluding VGLL3 (chr 3) and CSHL1 (chr 17) are
located on chromosome Y. The classifier coefficients and decision
boundaries were trained on log2 gene counts (applying a single
pseudocount) processed by HTSEQ. Samples were qualified for pre-
diction based on aminimumof threemillion counts uniquely assigned
to the reference. The fetal sex prediction model was validated on
unseen test data and shown to perform with 98.9% accuracy at 100%
sensitivity and 98% specificity on the validation test set when classi-
fying fetal sex.

Differential genes between placental-associated and immune-
associated HDP
Placental-associated HDP (subgroups 1–3, n = 198) was compared to
immune-associatedHDP (subgroups 4–8,n = 1055) bydifferential gene
expression analysis across 2036pregnancygenes basedon a two-sided
Mann–Whitney U rank test with multiple test correction by
Benjamini–Hochberg. Six genes (PAPPA2, XAGE2, PSG11, KISS1, CD163,
and CAPN6) were identified to be differentially expressed between the
two subtypes of HDP. Five of these differentially expressed genes are
placenta genes (described in Methods): PAPPA2, XAGE2, PSG11, KISS1,
and CAPN6. All differential genes are upregulated in placental-
associated HDP relative to immune-associated HDP. Cohen’s d effect
sizes are shown in Supplementary Table 1 annotated with the tissue
RNA expression tissue specificity from the Human Protein Atlas56,59,60.

Gene Ontology overrepresentation analysis
Overrepresentation testing of Gene Ontology (GO)61,62 biological pro-
cesses complete terms in Homo sapiens (release date 2024-01-17) was
performed using the PANTHER Classification System analysis tool
(v19.0, https://geneontology.org)63 with the PANTHER Over-
representation Test (Released 20240226). The top 50 differentially
expressed genes identified in the immune-associated HDP vs non HDP
differential gene expression analysis across 2036 pregnancy genes
based on a two-sided Mann–Whitney U rank test with multiple test
correction by Benjamini–Hochberg were analyzed. Fisher’s Exact p-
values were calculated for the association of these genes with GO
terms and corrected formultiple testing by the falsediscovery rate. GO
terms were filtered to pass the adjusted p-value at alpha equals 0.05,
and the GO termwith themaximum fold enrichment per shared group
was reported for each group.

Among immune-associated HDP cases, a differential gene
expression analysis with respect to non HDP controls confirms the
gene set enrichment analyses and shows a signature dominated by
immune genes. In the top 50 significantly differentially expressed
genes 28% overlap with GO categories related to immune processes,
including complement activation (GO:0006956, 28-fold enrichment,
FDR adjusted p =0.04), adaptive immune response based on somatic
recombination of immune receptors built from immunoglobulin
superfamily domains (GO:0002460, 11-fold enrichment, FDR adjusted

p =0.03), and innate immune response (GO:0045087, 5-fold enrich-
ment, FDR adjusted p = 0.04). Importantly, ten of these immune genes
are shared between those with PE at term without preterm diagnosis
with severe features (Fig. 3a) and twelve are shared between thosewith
GHTN (Fig. 3b). Across immune-associated HDP, term PE without
preterm diagnosis with severe features, and GHTN, eight genes are
related to immune GO biological processes indicating that these dis-
tinct clinical phenotypes of HDP are in fact, molecularly similar.

Twenty-two genes (Fig. 3c) were found to overlap between the 29
differentially expressed genes found in immune-associated PE (Fig. 3a)
and the 38 differentially expressed genes found in immune-associated
GHTN (Fig. 3b) relative to non-HDP baseline by performing differential
gene expression analysis across 2036 pregnancygenes basedon a two-
sided Mann–Whitney U rank test with multiple test correction by
Benjamini–Hochberg. To assess the significance of the observed
overlap between two sets, we utilized the hypergeometric distribution.
This determines the probability that a given overlap size (or greater)
would occur by random chance, assuming the elements are sampled
without replacement from a larger population. To calculate the sig-
nificance of the observed overlap, we computed the cumulative
probability of observing an overlap of size X or greater, summing the
hypergeometric probabilities for all values from X up to a size of the
smallest of two sets. This cumulative probability represents the like-
lihood of observing an overlap of size X or larger by random chance
under the null hypothesis that the sets are independent. We imple-
mented this calculation using the dhyper() function in R64.

Placental-associated classifier
Gene features were selected by differential expression analysis based
on a Mann–Whitney U rank test (scipy v1.12.065) for placental-
associated cases separately for all samples and for samples with no
high risk factors based on counts from featureCounts. Two clinical
metrics (mean arterial blood pressure and BMI) were identified to
contribute, above and beyond the cfRNA counts, and were included as
model features. Gene features and clinical metrics were identified
based on performance on unseen test data across many random train/
test splits by cross validation. Six genes and two fixed clinical metrics
were then scaled and centered using robust statistics as implemented
by the RobustScaler in scikit-learn57, and then modeled with a pena-
lized Lasso regression implemented by scikit-learn57 (LogisticRegres-
sion). The decision boundary was set to achieve 73% specificity in
training samples.

Sample eligibility was defined as those with greater than five
million counts uniquely assigned to the reference calculated by fea-
tureCounts, more than 96 percent of reads align with strand 2 (the
transcript) calculated by Picard66, and total number of detected genes
(excluding spike-in RNA) less than 25,000 to protect against samples
with DNA contamination. Additionally, samples without library batch
information were excluded.

A total of 259 individuals were excluded from the training cohort
and 33 individuals from the validation due to the different assay fail
criteria. Individuals were excluded from the study for the following
reasons: assay fail (training n = 77, validation n = 9), less than 5 million
assigned counts (training n = 86, validation n = 20), more than 25,000
genes with counts (training n = 17, validation n = 4), and/or less than or
equal to 96% of reads aligns with the strand of the transcript (training
n = 118, validationn = 5). Note, a sample can failmultiplemetrics, so the
sum of individual metrics can have a total greater than the number of
excluded samples.

To lower our risk of identifying spurious or false positive features,
we reduce our search space from all genes to a subset identified to
changes during pregnancy. To establish a pregnancy gene list, 49
nonpregnant females between 22 and 40 years oldwere recruited. One
nonpregnant sample was omitted from subsequent analyses due to
missing height and weight records. Gene search space was defined by
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identifying genes that are differentially expressed between 48 non-
pregnant samples and 38 pregnant individuals without annotated
pregnancy complications and matched to the non-pregnant indivi-
duals on assigned counts and racial demographics and library batch.
After matching healthy, uncomplicated pregnant samples were mat-
ched on assigned counts, library batch, and race. There were still
residual differences in age and BMI, so the subsequent analyses con-
trolled for these. All samples hadmore than 5.3million assigned counts
and less than 24,000 non-zero count genes. Differential gene expres-
sion analysis was performed over 13,342 genes that had at least 10
counts in at least 10% of the combined samples. The analysis evaluated
a pregnancy effect in log2cpm with age and BMI as covariates, with a
false discovery rate correction for multiple comparisons. No genes
were significantly dependent on age and bmi.We include all genes that
are differentially expressed with a log2 fold change greater than 0.5
and an adjusted p-value < 0.001. This list resulted in 2036 pregnancy
genes. GeneswithmeanCPM less than or equal to 1were also excluded
from feature searches.

Evaluation of collection proximity to delivery versus HDP
severity
PAPPA2, and our cfRNA model more generally, show the strongest
signal for the pregnancies that are ultimately delivered earliest. It’s
possible that the mothers at most severe risk carry the highest signal,
but it’s also possible that event proximity couldbedriving this pattern,
where the signal is noisier when predicting events that are further into
themore distant future (i.e. the later deliveries).We canoperationalize
proximity as the difference between the gestational age at collection
and the gestational age atdelivery, and because there is some variation
in gestational age at collection in our samples (range 17.5–22 weeks),
proximity and gestational age at delivery can be distinguished.

To determine whether our model predictions appear to be driven
more by severity or proximity, we evaluated a linear regressionmodel
gene_model_prediction_logits ~ delivery_weeks + proximity_weeks, fit over
all placental-associated HDP training samples (which carry natural
variation in gestational age at delivery). Proximity didn’t confer any
information that wasn’t already accounted for by delivery GA (boot-
strap p =0.2688) but delivery GA did explain variance in model pre-
dictions holding proximity constant (bootstrap p =0.0042). These
data indicate that our model predictions are preferentially sensitive to
the biology of more severe risk, rather than mere event proximity.

Given this relationship, we askedwhether our 6-genemodel could
be used to predict variation in gestational age at delivery, holding
proximity constant, using the model delivery_weeks ~ gene_model_pre-
diction_logits + proximity_weeks. And indeed, in the same training cases,
we saw a significant effect of our model predictions (bootstrap
p =0.0036). Conclusions remained the same even when spontaneous
preterm births were removed from this analysis. In other words, even
for different samples where the number of days between blood draw
and delivery is held constant, our cfRNA signal still stratifies these
samples by severity of risk, with the more preterm deliveries (e.g.
blood draw at 18 weeks and delivery at 32 weeks) showing the greater
signal (compared to e.g. blood draw at 22 weeks and delivery at
36 weeks).

Evaluating days spent in NICU by classifier prediction
Of those newborns who spent time in the NICU, the distribution of
days spent in the NICU was compared between individuals predicted
to be placental-associated HDP versus those who were not in indivi-
dualswithout high risk factors. In this analysis, individualswithout high
risk factors included those who have PE and those without PE or
spontaneous preterm birth. Individuals were also filtered to exclude
individualswhowent to the NICU for reasons not related to PE, such as
for term birth with chorioamnionitis (n = 21), fetal anomaly (n = 6),
maternal diabetes (n = 5), or maternal medication not related to

diabetes (n = 4), and spontaneous preterm birth without PE (n = 21).
The comparison group is composed of 81 test positive individuals (35
newbornswent to theNICU for pretermbirth and 46 at termbirth) and
154 test negative individuals (8 newbornswent to theNICU for preterm
birth and 146 at term birth).

Similar results where test positive individuals spent more time on
average in the NICU were observed in cross validation on the training
data, where the training data was randomly split into a training subset
using 65% of the samples with the remainder of samples allocated to a
mutually exclusive test subset for evaluation. This random split was
repeated 500 times to estimate the distribution of performance.
Within each split, features were selected and a model was trained
basedon the training subset, and the resultantmodelwas evaluatedon
the corresponding test subset. The 500 model performances across
the test sets were combined, and the proportion of times an individual
was predicted as placental-associated HDP was calculated for those
individuals without high risk factors who spent time in the NICU who
either have PE or are without PE or spontaneous preterm birth with
exclusions for NICU reasons not related to PE as described above.
Those who were predicted to be placental-associated HDP in more
than fifty percent of the 500 splits (34 newborns went to the NICU for
preterm birth compared to 44 at term birth) were in the NICU on
average 9.0 days longer (14.4 days vs 5.4 days, respectively) compared
to those who were predicted positive in less than fifty percent of the
splits or negative in all splits (9 newbornswent to theNICU for preterm
birth and 147 at term birth) (two-sided Kolmogorov–Smirnov test
p = 1.4×10−3). When considering test negative individuals as those who
were never predicted in any of the cross validation splits to be
placental-associatedHDP, test positive individuals were in the NICUon
average 5.96 days longer (11.2 days versus 5.3 days, respectively for test
positive (40newbornswent to theNICU for pretermbirth compared to
82 at term birth) and test negative (3 newborns went to the NICU for
preterm birth and 109 at term birth) individuals (two-sided
Kolmogorov–Smirnov test p = 8.0×10−3).

Statistical methods
Unless otherwise specified, results are reported for log2cpm gene
counts calculated by featureCounts corrected for batch, gestational
age at collection, and inferred fetal sex, as described above. Placental
genes were additionally corrected for fetal fraction indicator genes as
described above. Cohen’s d effect sizes presented in figures and text
are computed using pooled standard deviation, with parametric con-
fidence intervals. Differential gene expression analyses (shown in
Figs. 3, 4, Supplementary Figs. and reported throughout the text) were
performed via Mann–Whitney U tests over each gene in the search
space of pregnancy genes (see above) without continuity correction,
and p-values were adjusted by the Benjamini–Hochberg (non-nega-
tive) procedure to correct for multiple testing at alpha =0.05. Con-
fidence intervals for AUC, sensitivity, and specificity presented using
holdout validation data in Fig. 5 were computed via bootstrap.

Gene Set Enrichment Analysis
Gene Set Enrichment Analysis (GSEA) was carried out using the R
package fgsea v.1.30.067 using default settings. Difference between
group-level mean log2cpm values, which is equivalent to log2 fold
change, was used as a gene-level measure in the analysis. Gene lists
used in the analysis were from theMolecular Signature Database68, the
Human Protein Atlas56,59, and the STRING database69.

Out of 16,008 gene sets annotated by gene ontology terms, 373
were significantly enriched (FDR <0.05) in placental-associated sam-
ples relative to immune-associated samples and 140 were significantly
enriched in immune-associated relative to placental-associated.
Twenty most enriched sets along with their respective relative leading
edge sizes (Fraction of gene set), K-S test adjusted p-value and the
normalized enrichment score (NES) are shown in SupplementaryFig. 2.
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To analyze a possible tissue or cell-type origin of cfRNA’s we used
consensus transcript levels from 55 human tissues compiled from the
Human Protein Atlas, HPA56, and The Genotype-Tissue Expression60

data as well as transcript expression levels summarized per gene in 81
cell types fromHPA59. Themost likely cell type and tissue origin of the
model genes’ cfRNA transcription profiles were identified using the
following procedure. For each model gene, we established the null
correlation distribution: if a model gene is not expressed or lowly
expressed in a cell type or tissue, then the distribution of linear cor-
relations between the gene’s cfRNA transcriptionprofile and the cfRNA
profiles of genes specific to that cell type represents a quasi-null dis-
tribution. These null distributions were aggregated across all cell types
or tissues where the model transcript was expressed at a level of less
than 10 transcripts permillion. The aggregateddistributionswereused
to establish gene-specific thresholds, above which correlations were
considered significant.

The fraction of a specific set (elevated in cell types or tissue-
specific at tau >0.970) that correlated with the model gene above the
threshold corresponded to a conditional likelihood that the model
gene’s profile is associated with the tissue-specific transcriptional
profile. The reported fractions were calculated at above the 99th
percentile of each of the gene-specific null distributions. To reduce the
skewness of the null distribution, Pearson correlation coefficients were
Fisher transformed.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Data supporting the findings described in thismanuscript are available
in the article, in the Supplementary Information or as Source data
available from the corresponding author upon request and under
controlled access. Given privacy restrictions on identifiable data, non-
commercial use of these data is possible upon request, subject to such
restrictions and execution of a Data Transfer and Use Agreement with
Mirvie Inc. where data are housed. Inquiries for data usage can be
directed to research@mirvie.com, and all requests will be reviewed
within 30 days.
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