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ABSTRACT
Although analysis of maternal plasma cell-free content has been employed for screening of genetic 
abnormalities within a pregnancy, limited attention has been paid to its use for the detection of 
adverse pregnancy outcomes (APOs) based on placental function. Here we investigated cell-free DNA 
and RNA content of 102 maternal and 25 cord plasma samples. Employing a novel deconvolution 
methodology, we found that during the first trimester, placenta-specific DNA increased prior to the 
subsequent development of gestational diabetes with no change in patients with preeclampsia while 
decreasing with maternal obesity. Moreover, using cell-free RNA sequencing, APOs revealed 71 
differentially expressed genes early in pregnancy. We noticed the upregulation of S100A8, MS4A3, 
and MMP8 that have been already associated with APOs but also the upregulation of BCL2L15 and the 
downregulation of ALPL that have never been associated with APOs. We constructed a classifier with 
a positive predictive ability (AUC) of 0.91 for APOs, 0.86 for preeclampsia alone and 0.64 for GDM. We 
conclude that placenta-specific cell-free nucleic acids during early gestation provide the possibility of 
predicting APOs prior to the emergence of characteristic clinical features.
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Introduction

Most modalities for monitoring placenta and preg
nancies consist of tests that require invasive methods 
that can themselves lead to complications. However, 
more recently the focus has shifted to non-invasive 
testing, such as ultrasound imaging of foetal structures 
and umbilical blood flow, and non-invasive prenatal 
screening (NIPS), designed to detect chromosome 
abnormalities [1]. Despite this recent focus, limited 
attention has pivoted to the detection of placental 
health as a surrogate for the well-being of pregnancy 
and thereby maternal and foetal health [2]. We and 
other investigators have recently developed novel 
imaging technology related to free-breathing mag
netic resonance imaging including arterial spin label
ling methodology that revealed detectable differences 
in-vivo during the early second trimester heralding 
subsequent development of ischaemic placental 

disease [3]. Here we sought to extend our work on 
pregnancy monitoring using imaging, by leveraging 
state of the art approaches in sequencing cell-free 
DNA and RNA.

There have been some recent investigations 
focused on detecting cell-free transcriptomics in 
predicting specific adverse pregnancy outcomes 
(APOs) such as preterm labour [4] or attempts at 
predicting the role of inflammation in preterm 
labour [5]. Building upon such investigations, we 
wished to extend some of our previous work in the 
ex-vivo term human placenta [6,7], towards non- 
invasive detection of placental DNA methylation 
and related transcriptome early and late in preg
nancy to determine the subsequent development 
of APOs.

To this end, we undertook the present investiga
tion with cell-free DNA and RNA obtained from 
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the maternal circulation, but first, we developed the 
ability to deconvolute tissue-of-origin compositions 
from the cfDNA methylation data. Although sev
eral approaches have previously been developed 
towards achieving deconvolution of tissue compo
sitions based on cfDNA methylation data [8,9], 
these methods all used population-average methy
lation rate of CpG sites, which limited their ability 
to detect minor tissue fractions from the mixture, 
especially when based on low-coverage sequencing 
data. The low coverage of our WGBS data and the 
low placenta cfDNA percentage during early preg
nancy motivated us in developing a sensitive tissue 
deconvolution method. Our method has two novel 
features: (1) unlike the common approaches using 
population-average methylation rate of CpG sites 
[8–10], we exploited the joint methylation states of 
multiple adjacent CpG sites on an individual DNA 
sequencing read to enhance the signal-to-noise 
ratio. Therefore, our approach is sensitive to mini
mal contribution arising from various tissues. We 
have previously developed this read-based 
approach to deconvolute trace amounts of tumour 
DNA from the plasma background [11]. Here we 
further extend this approach from two-class to 
K-class tissue deconvolution by designing an 
Expectation-Maximization optimization algorithm. 
(2) Our approach aggregates the probability of all 
the reads to derive the percentage of each tissue 
type, which, combined with the feature (1), allows 
our approach to work on extremely low-coverage 
sequencing data. We validated this method in silico 
using mixes of DNA sequencing reads from bulk 
placenta and white blood cells at known percen
tages and varied sequencing coverage 
(Supplementary File). Employing this methodology 
along with RNA sequencing, we tested our hypoth
esis that cell-free DNA methylation and RNA from 
maternal circulation may correlate with placental 
health and thereby differentiate gestational disor
ders from normal gestation free of accompanying 
complications.

Materials and Methods

Subjects, sample collection and processing
PARENTs is a prospective cohort study, approved 
by the UCLA Institutional Review Board (IRB), in 
which we recruited a diverse group of women in 

the first trimester of pregnancy between 
February 2017 and January 2019, in order to 
study the mechanisms for and prediction of 
APOs (clinicaltrials.gov: #NCT02786420). We 
defined APOs as pregnancy with gestational dia
betes (GDM), preterm labour, or pregnancy com
plicated by hypertensive disease of pregnancy, 
foetal growth restriction (FGR) or placental abrup
tion, collectively termed ischaemic placental dis
ease (IPD) [12,13]. Once pregnancy was 
confirmed, informed consent for participation 
was obtained and women were seen at three 
study visits during pregnancy and again at deliv
ery. We collected data from telephone interviews, 
ultrasound and MRI studies, and chart abstrac
tions. Maternal biospecimens (serum, plasma, 
urine) at antepartum study visits and delivery 
(placenta, cord blood) were collected, processed, 
and stored.

We enrolled a total of 189 subjects, 29 of these 
subjects have not delivered to date. Of the 160 
subjects who have delivered, there were 99 normal 
pregnancies and 61 with APOs. These APOs were 
divided in IPD (ischaemic placental disease) 
(n = 37), consisting of preeclampsia (PreX), gesta
tional hypertension (gHTN) and intrauterine 
growth restriction (IUGR), IPD with gestational 
diabetes (GDM) n = 4; IPD with chronic hyper
tension (cHTN) n = 3; cHTN only n = 11 and 
GDM only n = 13. We excluded the subjects with 
cHTN from the early DNA and RNA biomarker 
detection, although included in the pre-pregnancy 
body mass index (BMI) analyses. For the plasma 
cell-free nucleic acid study, we examined, 9 sub
jects bearing normal pregnancies, 5 subjects with 
preeclampsia, 3 subjects with gHTN and 7 subjects 
with GDM (who had been recruited between 
April 2017 and July 2018). Since PARENTs is an 
ongoing prospective cohort study, we could not 
selectively include more subjects with APOs but 
were limited in numbers, by having to rely on the 
actual subsequent occurrence of these conditions 
during pregnancy.

Gestational diabetes was defined as any degree 
of glucose intolerance with an initial recognition 
during pregnancy [14]. The majority of women 
were diagnosed by the two-step Carpenter- 
Coustan (CC) criteria between 24 and 28 weeks 
gestation. This was based on an initial screen of 
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a 50-g glucose challenge test (GCT). Women with 
glucose values >135 mg/dL underwent fasting 
diagnostic 3-hour 100-g glucose tolerance test 
(GTT). Women diagnosed with GDM were man
aged according to the American College of 
Obstetricians and Gynaecologists (ACOG) practice 
guidelines [14].

Preeclampsia was defined as blood pressure 
(BP) 140/90 or higher on two occasions at least 
four hours apart after 20 weeks of gestation with 
a previously normal blood pressure, and protei
nuria of 300 mg/24 hours or more [15]. In the 
absence of proteinuria, preeclampsia was defined 
as new-onset hypertension with new onset of 
thrombocytopenia, renal insufficiency (serum 
creatinine greater than 1.1 mg/dL), impaired liver 
function (elevated liver transaminases to twice the 
normal concentration), pulmonary oedema, cere
bral or visual symptoms. Gestational hypertension 
is hypertension developing after 20 weeks of gesta
tion not associated with systemic features of pre
eclampsia (e.g., proteinuria, liver involvement, 
etc.). Chronic hypertension, on the other hand, 
was defined as blood pressure (BP) of 140/ 
90 mm Hg or higher, that either predates preg
nancy or develops before 20 weeks of gestation. 
Women diagnosed with these conditions were 
managed according to ACOG practice guide
lines [15].

Peripheral venous blood was collected into 
EDTA-coated tubes. Blood was then centrifuged 
at 2000 X g for 7 minutes at 4°C, in order to collect 
only the plasma fraction. Plasma was centrifuged 
at 16,000 X g for 10 min at 4°C to remove all the 
residual cells, aliquoted and stored at −80°C. Cell- 
free DNA and RNA were extracted from 200 μL of 
plasma using the QIAmp MiniElute Virus Spin kit 
(Qiagen), and the miRNeasy serum/plasma kit 
(Qiagen), respectively. Total RNA and DNA were 
quantified using the Qubit RNA HS Assay kit and 
Qubit dsDNA HS Assay kit (Thermofisher 
Scientific), respectively. RNA integrity was verified 
using the Agilent High sensitivity RNA Screen 
Tape System (Agilent) on a 2200 TapeStation 
System (Agilent). We used 10 μL of the extracted 
DNA or RNA (ranging from 2 to 4 ng of total 
DNA or RNA). Whole-genome bisulphite libraries 
were prepared using the pico methyl-Seq library 
prep kit (Zymo Research) according to 

manufacturer’s instructions. The RNA- 
sequencing (RNA-seq) library construction was 
performed using the ultra-low input specific kit, 
NuGen Ovation SoLo RNA-Seq kit with Human 
rRNA AnyDeplete kit (NuGen), according to the 
manufacturer’s instructions. Libraries were 
sequenced using 100 bp single-end reads on the 
Hiseq4000 System (Illumina). We first used the 
FastQC (version v0.11.8) program to assess the 
quality of our sequenced reads. All the samples 
passed this step of quality control before proceed
ing further into analysis.

Whole Genome Bisulphite Sequencing (WGBS) 
data processing and deconvolution analyses

Bs-seeker2 (version v2.1.0) was employed to align 
the reads to the human reference genome (hg19) 
and following removal of PCR duplications using 
the rmdup function in samtools (v1.9), methylated 
cytosines were detected. Each read was translated 
into binary values (0 or 1) indicating the methyla
tion state of each CpG site: value 0 represents 
unmethylated CpG while value 1 the methy
lated CpG.

We aimed to infer T-tissue-type composition of 
a plasma cfDNA sample, which is denoted as 
a composition vector Θ ¼ θ1; θ2; � � � ; θTð Þ satisfy

ing 0 � θi < 1 and 
PT

t¼1
θt ¼ 1 and θt is the cfDNA 

fraction of tissue t in the plasma. Given a set of 
T-tissue-type methylation signatures denoted as Ω 
(here we used the methylation signatures from Sun 
et al. 2015 [8]), we used a collection of N cfDNA 
sequencing reads that were mapped into the geno
mic regions of all these methylation signatures. 
This methylation data at individual read level 
could be represented by a set of N sequencing 
reads or fragments R ¼ read1; read2; � � � ; readNð Þ, 
where each read readi was a sequence of binary 
values (0 or 1), indicating the methylation state of 
each CpG site covered by the i-th read (or frag
ment). Based on these denotations, we formulated 
the tissue composition inference problem as 
a maximum likelihood problem, which estimates 
the tissue composition Θ in plasma cfDNAs by 
maximizing the likelihood PðRjΘ;ΩÞ. This is for
mally expressed as shown below:
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max
Θ

log PΩ RjΘð Þ; s:t:
XT

t¼1
θt ¼ 1 (1) 

where the log-likelihood log PΩ RjΘð Þ is the sum
mation of the log-likelihood of each cfDNA 
sequencing read:

log PΩ RjΘð Þ ¼
XN

i
log PΩ readijΘð Þ (2) 

This problem formulation is illustrated in 
Figure 1.

Since we have T parameters θ1; θ2; � � � ; θTð Þ in 
this formulation, we cannot use the grid searching 
for each parameter as it is overly time consuming. 
Instead, we could employ the Expectation- 
Maximization (EM) clustering algorithm [16] to 
solve this problem, where each tissue type could 
be regarded as a cluster with unknown prior prob
ability θt and each read regarded as an object to be 
clustered. The EM clustering algorithm [16] typi
cally introduced a missing value or latent random 
variable zi for each readi to indicate which tissue 
type t this read originated from, i.e., zi ¼ t and 
zi ¼ 1; 2; � � � ;T. This latent variable zi allows the 
categorical distribution Cat T;Θð Þ, therefore we 
have P zi ¼ tjΘð Þ ¼ θt. We rewrote PΩ readijΘð Þ

in Eq. (3) as

PΩ readijΘð Þ ¼
XT

t¼1
PΩ readi ¼ tjΘð Þ

¼
XT

t¼1
P zi ¼ tjΘð ÞPΩ readijzi ¼ tð Þ

¼
XT

t¼1
θtP readijΩt

marker readið Þ

� �
(3) 

where P readijΩt
marker readið Þ

� �
is the tissue-of-origin 

likelihood of the cfDNA readi for tissue t, and 
Ωt

marker readið Þ is the methylation signature of tissue t 
(i.e., the methylation level provided by Sun et al. 2015 
[8]) in the marker’s region that readi is mapped to. Let 
q zi ¼ tð Þ denote the posterior probability of zi ¼ t, 
i.e., q zi ¼ tð Þ ¼ Pðzi ¼ tjreadi;Θ;ΩÞ. According to 
the EM algorithm, we deduced the following alterna
tive steps:

E � step : q zi ¼ tð Þ

¼
θtPðreadijΩt

marker readið ÞÞ
PT

t¼1 θtPðreadijΩt
marker readið ÞÞ

; for t

¼ 1; � � � ;T
(4)  

Figure 1. Illustration of tissue composition inference problem. Scheme identifying tissue-of-origin likelihood of cfDNA sequen
cing reads and their use for inferring normal tissue composition of plasma cfDNAs.
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M � step : θt ¼

PN
i¼1 q zi ¼ tð Þ

N
; for t

¼ 1; � � � ;T (5) 

According to the EM algorithm, starting with 
a random initial value θ and iteratively performing 
Eqs. (4) and (5) this objective function (i.e., the log- 
likelihood function) converged to a local maximum of 
the log-likelihood function. We repeated this EM 
algorithm with different random initialized values of 
θ, and chose the solution with the maximum log- 
likelihood. In the E-step, the tissue-of-origin likeli
hood of a cfDNA readi for tissue t could be easily 
calculated as P readijΩð Þ ¼ Ωm readið Þ 1 � Ωð Þ

u readið Þ, 
where Ω denotes Ωt

marker readið Þ and m readið Þ and 
u readið Þ are the numbers of methylated and unmethy
lated CpGs in readi, respectively.

Analysis of Differentially expressed genes (DEG) 
and RNA-sequencing validation by qRT-PCR

The RNA-seq reads were aligned to the human refer
ence genome (hg19) using the STAR (v 2.5.2b) soft
ware which keeps unique alignments and those with 
up to 4 mismatches. We used the – quantMode 
GeneCounts option in STAR that counts the number 
of reads per gene while mapping. Starting with the 
RNA-Seq read counts matrix, we then used the 
DESeq2 (version v1.20.0) package in R to perform 
data normalization (rlog function) and DEG analysis. 
We set a cut-off for adjusted P value ≤0.05 and a fold 
change ≥1 or ≤ −1.

For RT-PCR validation, the RNA was extracted 
following the same procedure described above and 
was subsequently converted into cDNA and pre- 
amplified using the Ovation PicoSL WTA system V2 
(NuGen). We then performed the qRT-PCR with the 
TaqMan Fast Advanced Master Mix (Applied 
Biosystems) and the commercially available probes 
for the selected genes: BCL2L15 (Hs01017582_m1), 
ALPL (Hs01029144_m1), MS4A3 (Hs00960994_m1), 
S100A8 (Hs00374264_g1), MMP8 
(Hs01029057_m1), and CSH2 (Hs00831897_s1). All 
the tested gene probes contained the FAMTM reporter 
dye. GAPDH (Hs01758991_g1) was used as the inter
nal control and these probes had the VICTM repor
ter dye.

Classification models and early biomarker 
discovery

We used the Rlog normalized counts obtained 
with DESeq2 from the cfRNA seq data in the 1st 
trimester of pregnancy. We selected the 40 upre
gulated genes in the 1st trimester compared to 
non-pregnant controls, with a P-adj ≤0.1 and 
a log2FC ≥1 or ≤ −0.1. Feature selection and 
biomarker discovery were performed using the 
glmnet package v2.0–16 for R v3.4.4 [17]. 
Features were selected using logistic regression 
(LR) with the elastic-net regularization. The 
model was trained using a leave-one-out cross- 
validation (LOOCV) and an additional internal 
7-fold cross-validation was used to select the pen
alty parameter, lambda, to minimize the mean 
absolute error or misclassification error of the 
predictions. Features with coefficients greater 
than zero after the elastic-net regularization were 
selected as potential biomarkers. Receiver operator 
characteristic (ROC) curves were constructed 
using the ROCplot package in R [18].

Statistical analyses

Statistical analysis was performed using SPSS 23.0 
software (SPSS Inc.). For multi-group or time- 
based comparisons, ANOVA models followed by 
Bonferroni correction were employed. The Mann– 
Whitney U test was used for non-paired compar
isons of two groups (e.g., Normal versus GDM and 
Normal versus PreX/gHTN or Overweight versus 
Lean and Obese versus Lean) in the deconvolution 
analysis. The unpaired Student’s t test was used for 
the quantitative real-time PCR calculations. All the 
P values were two sided and the threshold for 
significance (α) was set at 0.05 unless specified 
otherwise. The adjusted P values in RNA sequen
cing analysis were calculated in DESeq2 that used 
Benjamin-Hochberg correction [19].

Results

Tissue-of-origin contribution with advancing 
gestation: a focus on pregnancies with adverse 
outcomes

We obtained plasma samples from twenty-six 
pregnant women at the latter part of the first 
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trimester/early second trimester (12–17 weeks), 
latter part of second trimester (18–22 weeks), and 
third trimester (35–37 weeks) during pregnancy, at 
delivery and from cord blood for a total of 5 
different samples obtained longitudinally from 
each subject. We also collected plasma from 
seven women who self-reported to be not preg
nant, to serve as controls. In Supplementary Table 
1, we have summarized detailed demographic 
information about the subjects that includes 
maternal age, baby/placental sex, pre-pregnancy 
body mass index (BMI; kg/m2) referenced cate
gories, mode of delivery, and any adverse out
comes that ensued during pregnancy.

We first focused on cell-free nucleic acid con
tent in the maternal plasma to gauge placental 
health, especially in the early phase of pregnancy, 
when clinical and laboratory features relevant to 
a high-risk pregnancy have not yet emerged. To 
this end, we first extracted cell-free DNA that was 
subjected to whole-genome bisulphite sequencing, 
followed by quantification of CG methylation of 
DNA. A decreasing trend in total CG methylation 
levels was observed with advancing gestation 
(Figure 2a). Since placental DNA is hypomethy
lated [20] in comparison to other tissues (Figure 
2b), increasing DNA contribution from the pla
centa with advancing gestation could affect the 
total CG methylation profile and underlie the 
observed decline. To confirm this possibility, we 
undertook a deconvolution analysis with the goal 
of identifying the contribution to total cfDNA 
from each tissue/cell-of-origin.

The cfDNA content was de-convoluted into 
seven major tissues/cells-of-origin: liver, pancreas, 
heart, placenta, T-cells, B-cells, and neutrophils. 
We developed a new deconvolution approach 
(detailed in materials and methods) that revealed 
a large contribution from placenta in our cfDNA 
samples, which increased with advancing gesta
tion, reaching peak values in the third trimester 
and at delivery (Figure 2c). The inverse relation
ship noted between the placental contribution and 
the total CG methylation provides some evidence 
that placental DNA may be responsible for the 
decrease in global DNA methylation observed in 
the third trimester and at delivery. We also 
observed a slight decrease in the B-cell and T-cell 
contribution, with a more prominent reduction 

evident in the neutrophil contribution with advan
cing gestation (Figure 2d-e). Because neutrophils 
are the most abundant source of cfDNA in mater
nal plasma, the increase in placental contribution 
could also be responsible for this relative decreas
ing trend. In addition, we observed an increase in 
pancreatic cfDNA fraction across pregnancy per
haps signalling the expected relative insulin resis
tant state that is characteristic of late pregnancy. 
Compared to maternal cfDNA concentrations, an 
increased amount of cfDNA originating from the 
heart and a decrease from liver was seen in cord 
blood, perhaps reflective of the developmental 
state. The non-pregnant controls displayed low 
background values of placental DNA (mean of 
0.7%), while subjects bearing normal pregnancies 
demonstrated 4-fold higher values (mean of 4%), 
supporting our detection of placental DNA even 
during early pregnancy, when the placental con
tribution is low.

In our cohort of participants, we sought to 
differentiate between subjects experiencing APOs 
from those bearing normal/unaffected pregnan
cies. In this comparison, we included normal preg
nancies (Normal), gestational diabetics (GDM) 
and preeclampsia/gestational hypertensive (PreX/ 
gHTN) groups (Supplementary Table 1). Based on 
our deconvolution analysis, we found no major 
differences in any tissue except for placenta and 
pancreas (Supplementary Figure 2 and Figure 
3a-B).

The placental fraction in GDM significantly 
increased compared to normal pregnancies in the 
first trimester. This trend persisted through 
the second and third trimesters as well, although 
not reaching statistical significance. During the 
first trimester, intra-group variability was noted 
(Figure 3a – circled) perhaps due to co-existing 
obesity present in one of the GDM subjects. This 
early detection of a difference between GDM 
(mean of 7.2%) and normal (mean of 4%) preg
nancies based on the placental fraction is of inter
est for the future development of predictive 
biomarkers. Interestingly, a non-placental tissue- 
of-origin, namely pancreatic cfDNA fraction also 
significantly increased only in the 1st trimester in 
subjects who subsequently developed GDM, which 
is an insulin-resistant state (Figure S2). 
Additionally, pancreatic cfDNA also increased in 
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Figure 2. Changes in DNA methylation and cfDNA composition with advancing gestation. (a) The box plot shows the total CGs 
methylation in all the subjects (n = 26) recruited in the study across all pregnancies and in cord blood. (b) The box plot shows the 
total CpGs methylation over the whole genome for 12 normal tissue types and placenta. The normal tissues include four samples of 
heart, two of colon, and one of adipose tissue, adrenal gland, brain, liver, oesophagus, lung, pancreas and small intestine. The 
placenta includes 4 samples from normal individuals. The WGBS data for B-cells and neutrophils are from Hodges et al. 2009 [21] and 
the rest of the normal tissue are from Roadmap Epigenomics Mapping Consortium (ftp://ftp.genboree.org/EpigenomeAtlas/). The 
placenta data are from Jensen et al. 2015 [22] with mCG calculated as # of methylated CpGs/# of all CpGs from the sequencing data. 
(c) The plot shows the placenta relative percentage in maternal plasma during pregnancy. The plasma from 7 nulliparous young 
never pregnant women was used as controls and is represented with a grey bar. (D)The plot shows the deconvolution analysis result 
for seven tissues. Each bar is an average of the results we obtained from every single subject at each time point of the study. (e) The 
panel is a whole picture of the deconvolution results obtained from the cell-free DNA analyses. Each dot represents a single subject. 
(#) indicates statistically significant changes in comparison to the non-pregnant controls by the one-way ANOVA followed by 
Bonferroni correction. (#) p < 0.05; (##) p < 0.01. (*) indicates statistically significant changes when compared to 1st Trimester values 
by the one-way ANOVA followed by Bonferroni correction. (*) P < 0.05; (**) P < 0.01.
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Figure 3. Maternal plasma cfDNA composition and total CG methylation analysis in APOs. Box plot of the placental 
contribution expressed in percentage within the GDM (n = 7) (a) group or PreX/gHTN (n = 8) group (b) compared to subjects 
that did not develop any adverse outcomes during pregnancy (Normal; n = 9). The black circle (A) is to highlight the 1st trimester 
result for the single obese subject included in the GDM group. (c) Bar plot representing placental weight and baby’s measurements 
(weight, length, and head circumference) in normal, GDM and PreX/gHTN. Percentage of total CGs methylation in GDM (d) and PreX/ 
gHTN groups (e) compared to the Normal group. The P-values were obtained by the non-parametric Mann-Whitney U test. Each dot 
represents an individual subject. (#) indicates statistically significant changes with respect to the non-pregnant. (#) p < 0.05; (##) 
p < 0.01.
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the GDM cord blood, perhaps heralding a future 
state of pancreatic dysregulation in the offspring 
(Figure S2). Analysis of gestation-matched PreX/ 
gHTN versus normal did not reveal any significant 
differences (Figure 3b). We also weighed the post- 
parturient placentas and observed no statistically 
significant differences between groups. While the 
birth weight and head circumference of the off
spring demonstrated a statistical reduction, overall 
both measurements were within appropriate for 
gestational age established norms (except for one) 
consistent with adequate clinical management 
(Figure 3c) and control of the GDM state.

Again, we noted no major differences in the total 
CG methylation percentage between all three groups 
with advancing gestation, except in GDM during 
the second trimester where lower total CG methyla
tion when compared to normal pregnancies was 
seen (Figure 3d). This may be due to lower placental 
methylation compared to that from other sources of 
cfDNA. In contrast, a trend towards total CG hyper
methylation was observed in PreX/gHTN when 
compared to gestation-matched normal pregnancies 
(Figure 3e), distinguishing this sub-group from 
GDM subjects as well.

Impact of pre-pregnancy body mass index on 
cell-free DNA

We next examined inter-body mass index (BMI) 
differences by sub-grouping subjects based on 
their pre-pregnancy BMI into lean (BMI: 18.5 to 
24.9 kg/m2), overweight (25–29.9 kg/m2) and 
obese (>30 kg/m2) categories. In the obese sub- 
group, one subject developed GDM, while several 
developed PreX/gHTN. Our deconvolution analy
sis revealed a decreasing trend in the placental 
contribution to cfDNA in maternal plasma at all 
trimesters in the obese versus lean, with over
weight showing an intermediate trend (Figure 4a).

In contrast, no such change was evident in the 
contribution from other tissues/cells 
(Supplementary Figure 3). Supportive of this 
observation, total CG hypermethylation occurred 
in obese subjects when compared to normal, 
beginning in the first trimester, with the over
weight category displaying intermediate levels 
(Figure 4b). To provide some context to these 
findings related to the placental contribution 

towards total CG methylation, we examined post- 
parturient placental weights and observed heavier 
placentas in the obese group along with higher 
trends in birth weight and head circumference of 
the offspring (Figure 4c). While the state of obesity 
is often associated with a chronic state of inflam
mation, no similar changes were observed with 
contributions from inflammatory cells, namely 
T-cells, B-cells, and neutrophils (Supplementary 
Figure 3).

Deciphering Cell-free RNA signatures during 
pregnancy

We also examined plasma cfRNA by RNA-seq ana
lysis conducted at all trimesters of pregnancy, at 
delivery and in the umbilical cord blood. We first 
focused on tracing back the tissues and cells of 
origin in our cfRNA samples. For this purpose, we 
used SaVanT [23], a web-based signature visualiza
tion tool that utilizes gene counts from the RNA-seq 
analysis, in order to provide an overview of the 
tissues and cells that are present in the cfRNA 
mixture. The cfRNA has been deconstructed into 
16 different tissues (Supplementary Figure 4). Upon 
focusing on the placental tissue of origin during 
gestation, we observed a parallel trend to that seen 
with cfDNA. As expected, placental cfRNA signa
ture increased with gestation (Figure 5a). We then 
examined the different adverse pregnancy outcomes 
in our subjects. The placenta-specific signature in 
GDM patients although not statistically significant 
trended higher compared to subjects carrying nor
mal pregnancies (Figure 5b), mimicking the results 
obtained with cfDNA (Figure 3a). In contrast, the 
placental signature in subjects who developed pre
eclampsia or gestational hypertension was distinct 
from that observed with cfDNA. Again, not achiev
ing statistical significance, the placenta-specific 
cfRNA trended higher in PreX/gHTN during gesta
tion, when compared to normal pregnancy, akin to 
that seen in GDM subjects (Figure 5c). We also 
examined cfRNA in the different BMI categories of 
our cohort. Similar to cfDNA signatures, the pla
cental cfRNA signature especially in the first trime
ster revealed a lower trend in obese subjects when 
compared to normal subjects, with the overweight 
group being in between the two (Figure 5d).
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To closely mimic what we performed in cfDNA, 
we finally examined the immune cellular content 
within the total cfRNA. As observed with cfDNA, 
we did not notice any significant changes in 
cfRNA contribution from mature immune cells 
(Supplementary Figure 5). In contrast, when we 
examined immune cells arising from the bone 
marrow, which is a primary source of newly 
formed blood cells (progenitors, stem cells), we 
observed an increasing trend (Figure 5e) with 
advancing gestation. This gestation induced 
change in bone marrow-derived cellular content 

is interesting given the fact that these cells are 
essential for successful placentation during the 
early phase and continue to be key in maintaining 
the pregnancy state [24–26].

A similar trend was displayed in subjects who 
developed pregnancy-related complications. The 
cfRNA contribution from the bone marrow cells 
towards total cfRNA in subjects who later devel
oped gestational diabetes was higher in compari
son to that of normal pregnancies. Especially in 
the first trimester of pregnancy, this difference 
between GDM and normal pregnancies achieved 

a b

c

Figure 4. BMI effect on maternal plasma cfDNA. (a) The box plot shows placental tissue's relative contribution to the total cfDNA 
pool according to BMI sub-groups (lean, n = 9; overweight, n = 10; obese, n = 7). The non-pregnant group is represented in the 
graph as a baseline threshold. No information regarding their BMIs was available. (b) Bar plot of total CG methylation percentage in 
the different BMI groups during pregnancy and in cord blood. (c) Bar plot representing the placental weight and baby’s 
measurements (weight, length, and head circumference) in each BMI sub-group is shown. Each dot in the graph represents 
a single subject in the study. The P-values were obtained by the non-parametric Mann-Whitney U test. (*) indicates statistically 
significant differences with respect to lean subjects. (*) p < 0.05; (**) p < 0.01.
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Figure 5. Deciphering cfRNA content with advancing gestation in normal pregnancy and in pregnancies with adverse 
outcomes. The box-plot shows the cfRNA placental (a) or bone marrow (e) signature in maternal plasma during pregnancy. The 
plasma from 7 nulliparous young never pregnant women was used as controls and is represented with a grey bar. (#) indicates 
statistically significant changes in comparison to non-pregnant controls by the one-way ANOVA followed by Bonferroni correction. 
(#) p < 0.05; (##) p < 0.01. (*) indicates statistically significant changes when compared to 1st Trimester values by the one-way 
ANOVA followed by Bonferroni correction. (*) P < 0.05; (**) P < 0.01.
Box plot of the placental (B) or bone marrow (F) contribution in the GDM (n = 7) group or PreX/gHTN (n = 8) group (C-G) compared 
to subjects that did not develop any adverse outcomes during pregnancy (Normal; n = 9). Placenta-specific (D) and bone marrow (H) 
signatures based on subject’s BMI divided into three categories (lean, n = 9; overweight, n = 10; obese, n = 7). Each dot represents 
a single subject. The P-values were obtained by the non-parametric Mann–Whitney U test. (#) indicates statistically significant 
changes with respect to non-pregnant subjects. (#) p < 0.05; (##) p < 0.01. 
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statistical significance (figure 5f). In subjects who 
develop preeclampsia, gestational hypertension or 
present with obesity, we noted a similar increasing 
trend with advancing gestation when compared to 
normal pregnancies (Figure 5g, h), albeit not sta
tistically significant.

Cell-free Transcriptome in pregnancies with 
adverse pregnancy outcomes

Subsequently, we analysed the RNA-seq results 
focusing on specific genes that were differentially 
expressed during pregnancy (Figure 6 and 
Supplementary Figure 6). We zeroed in on the 
first and second trimesters of pregnancy, particu
larly upon detection of differentially expressed 
genes prior to the development of symptomatol
ogy characteristic of a high-risk pregnancy. In 
comparing all the first and second trimesters of 
pregnant subjects with non-pregnant controls, we 
detected 71 differentially expressed genes (DEGs) 
(Figure 6a), 29 of them being upregulated as early 
as in the first trimester, while only 3 genes were 
downregulated.

In the second trimester, we detected 51 upre
gulated genes and 9 downregulated genes, but 
from the total list of 71 differentially expressed 
genes, only 21 were common between the 1st and 
the 2nd trimesters of pregnancy. Of the 21 genes 
that exhibited differential expression in both 1st 
and 2nd trimester, 20 genes were upregulated and 
only one gene, Heparan Sulphate Proteoglycan 1 
(SDC2, gene ID:6383) was downregulated. We 
then investigated the 1st trimester of each sub- 
group, namely GDM, PreX or Normal, compared 
to the non-pregnant control results separately, 
and found only five genes differentially expressed 
in normal pregnancies when compared to non- 
pregnant subjects. Of these, three genes were 
differentially expressed between normal pregnan
cies and pregnancies with adverse outcomes 
(CSH1, CSH2, and CGA), with expression 
observed only in subjects who subsequently 
developed APOs (Figure 6b). Interestingly, 16 
genes were differentially expressed during the 1st 

trimester only in subjects who developed APOs 
(Figure 6b).

We subsequently validated some of these differ
entially expressed genes by qRT-PCR. 

Concordance was observed between qRT-PCR 
and RNA-seq results (Figure 7a), although qRT- 
PCR lent to greater inter-subject variability within 
a group. To further confirm our findings, we per
formed the qRT-PCR, including, only the 1st tri
mester, with additional subjects in groups with 
adverse pregnancy outcomes (Supplementary 
Table 1, GDM, final n = 12; PreX, final n = 9).

First, we selected the chorionic somatomammo
tropin hormone 2 (CSH2, gene ID:1443) that is 
a known pregnancy-related gene [27] and vali
dated the gene expression in pregnant but not in 
non-pregnant subjects. During pregnancy, CSH2 
peaked in the third trimester and at delivery but 
was no different between normal and pregnancies 
with APOs (Figure 7b).

We then closely examined certain genes 
expressed during the 1st trimester of pregnancy, 
in subjects who subsequently developed APOs.

The S100 calcium-binding protein A8 (S100A8, 
gene ID: 6279), was upregulated in all pregnant 
subjects during the first trimester compared to 
non-pregnant subjects and was further increased 
in pregnancies with APOs compared to normal 
pregnancies at all gestational ages (Figure 7c). 
This increase in expression of S100A8 with PreX/ 
gHTN and GDM is consistent with previously 
reported association with pre-term labour [28]. 
S100A8 functions either with or independent of 
S100A9 during pregnancy providing biological 
relevance to our present observation [29].

The matrix metallopeptidase 8 (MMP8, gene ID: 
4317) is upregulated in pregnancy and particularly 
in both PreX/gHTN and GDM groups when com
pared to normal pregnancies by qRT-PCR, sup
porting our RNA sequencing results (Figure 7d).

Alkaline phosphatase, biomineralization asso
ciated gene (ALPL, gene ID: 249) was found to 
be upregulated during the 1st trimester of preg
nancy by RNA-seq; however, it was significantly 
downregulated in pregnancies with adverse out
comes when compared to normal pregnancies, 
with qRT-PCR validation exhibiting a similar 
trend (Figure 7e).

The Membrane Spanning 4-Domains A3 
(MS4A3, gene ID: 932) was significantly upregu
lated in both GDM and PreX/gHTN subjects. 
Despite the lack of any previous studies associating 
MS4A3 with APOs, the promoter of this gene has 
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Figure 6. 1st and 2nd trimesters differentially expressed genes (DEG). (a) Heatmap showing in a blue-red gradient the DEG 
genes in the 1st and 2nd trimesters of pregnancy (n = 26) when compared to non-pregnant controls (n = 7). All the 
represented genes had an adjusted P value ≤ 0.05 and a log2 Fold-Change ≥ 1 or ≤ −1. The adjusted P value was calculated in 
DESeq that used the Benjamin-Hochberg correction [20]. The horizontal colour bars on the top of the heatmap represent the 
three different groups of subjects (the lower one) and different time points during pregnancy (the upper one). Each row of the 
heatmap refers to a single gene and each column is an individual subject. The red boxes highlight the genes that were 
selected for further analysis. (b) Venn diagram showing the numbers of differentially expressed genes for each group when 
compared to non-pregnant controls. Yellow represents Normal pregnancy, red GDM, and light blue PreX/gHTN. In addition, the 
Venn diagram shows the number of overlapping genes between the different groups during the 1st (top) and 2nd (bottom) 
trimesters of pregnancy.
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Figure 7. qRT-PCR reflects gene expression changes observed with RNA sequencing. (A) Comparison of the log2 fold change 
in expression of six genes quantitated by RNA-seq and qRT-PCR assays. Statistically significant Pearson’s correlation is shown. 
Quantitative real-time PCR results for CSH2 (B), S100A8 (C), MMP8 (D), ALPL (E), MS4A3 (F), and BCL2L15 (G) are represented. For all 
genes, the absolute expression was quantified using GAPDH as the internal control employing the ΔCt method. Data are represented 
as the mean of 2^(-ΔCt) ± SEM. Three replicates were performed at each time point for each subject. The P-values shown in the 
figure were based on the unpaired Student’s t-test. (*) indicates statistically significant changes when compared to the normal 
pregnancy group (*) p < 0.05; (**) p < 0.01. (#) indicates statistically significant changes when compared to the non-pregnant group 
(#) p < 0.05; (##) p < 0.01.
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been reported to be hypomethylated in the off
spring of GDM mothers [30] (Figure 7f), provid
ing indirect support to our present findings. 
Finally, BCL2CL15 (ID: 440,603) gene expression 
was upregulated in the first trimester of both 
GDM and PreX/HTN groups versus normal preg
nancies by RNA-seq which was also validated by 
qRT-PCR (Figure 7g).

Classification models towards early biomarker 
discovery

We used the cfRNA sequencing information from 
the 1st trimester of pregnancy to identify candi
date biomarkers for early detection of the subse
quent propensity in developing adverse pregnancy 
outcomes. The goal was to propose a panel of 
genes that could be detected in plasma as early as 
the first trimester of pregnancy, which could indi
cate an increased risk for the subsequent develop
ment of adverse outcomes such as preeclampsia or 
gestational diabetes. Such gene panels once identi
fied and validated could serve as the stepping 
stone for future larger biomarker studies engaging 
multiple cohorts. We first pooled all the subjects 
who developed APOs later in pregnancy into 
a single group and built a classifier that could 
predict these events as early as the first trimester 
of pregnancy. Using elastic-net regularization, we 
built a logistic regression (LR) model that was 
trained using a leave-one-out cross-validation 
(LOOCV) and found the model to detect around 
90% of the true positive values (Figure 8a), and the 
most recurrent features according to this model 
were SRPK1, S100A9, NAMPT, MS4A3, MMP8, 
HAGLR, ALPL, ACSL1, S100A8, and KLHL2.

In order to detect transcript biomarkers specific 
for each type of adverse outcome, we built separate 
classifiers distinguishing between preeclampsia 
and normal pregnancy, or gestational diabetes 
mellitus and normal pregnancy. The Logistic 
Regression model for detecting preeclampsia and 
gestational hypertension revealed accuracy, with 
an AUC of 0.86 (Figure 8b). The genes selected 
were SRPK1, S100A9, S100A8, NAMPT, and 
MMP8. The Logistic Regression model did not 
perform as well in detecting GDM identifying 
only 64% of true positive values (Figure 8c) with 
the selected genes being SRPK1, S100A8, S100A9, 

and MS4A3. Some of the selected genes were also 
supported by the quantitative real-time PCR 
results shown in Figure 7. An overlap between 
the features selected for both preeclampsia and 
gestational diabetes, together with the lower per
formance by the Logistic Regression model in 
detecting GDM subjects alone, suggests that 
a distinction between these two APOs at an early 
stage of pregnancy may prove to be difficult.

This was true even when we tried the same 
approach using the cfDNA deconvolution results 
from the first trimester. We used an elastic-net 
regularization and built a logistic regression (LR) 
model that was trained using a leave-one-out 
cross-validation (LOOCV) and found the model 
to detect 80% of the true GDM positives while 
preeclampsia could only be detected with a rather 
low accuracy of an AUC = 0.47 (Supplementary 
figure S7).

While preeclampsia could be predicted using cir
culating transcriptomic changes of select genes, GDM 
could not be predicted with the same certainty 
employing gene expression strategies, although higher 
prediction accuracy was achieved when examining 
cfDNA. Within the limitation of the sample size 
inherent in our present temporally designed study, 
these results collectively highlight the fact that a single 
cell-free nucleotide strategy may not be sufficient to 
accurately predict the differing APOs encountered.

Discussion

Prenatal testing is an established part of modern 
obstetrics. Although analysis of maternal serum 
cell-free DNA has been employed clinically for 
the screening of genetic abnormalities within 
a pregnancy, limited attention has been paid to 
its use for the detection of placental function. 
Here, for the first time, we have examined cell- 
free DNA methylation signatures as a non- 
invasive method of detecting the placental contri
bution to maternal health. Employing a novel 
deconvolution method based on known tissue-of- 
origin DNA methylation profiles, the cell-free 
DNA was successfully apportioned to respective 
tissues of origin. Based on this apportioning, dur
ing the first/early second trimester, women with 
GDM showed a higher amount of placental DNA 
in maternal circulation. This increase persisted 
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throughout pregnancy, although observed early 
before antenatal testing for glucose intolerance is 
routinely undertaken, providing high significance 
and biological relevance. The increased amount of 
cfDNA from placenta in GDM subjects could be 
explained by the presence of placental histological 
abnormalities, such as fibrinoid necrosis or chor
angiosis, as previously described [31]. 
Interestingly, changes in the pancreatic cfDNA 

fraction also seem to be related to the subsequent 
diagnosis of GDM. The pancreatic cfDNA was 
higher in GDM versus normal in the 1sttrimester, 
remaining elevated and trending higher at later 
pregnancy stages as well. The ability to detect 
any GDM induced changes, during an early criti
cal period of pregnancy could help in appropri
ately intervening even before any symptoms or 
occurrence of perturbations in maternal-foetal 

Figure 8. Receiver operator curves (ROC) of classification models.
We used cfRNA expression data for genes upregulated in pregnancy versus non-pregnant controls at an adjusted P value <0.1. (A) 
First trimester of pregnancy without complications n = 8 versus APOs, n = 15 (left panel); violin plot of the predicted probability for 
APOs with 0 = low probability and 1 = high probability in normal and APOs (right panel); (B) First trimester of pregnancy with PreX/ 
gHTN, n = 8 versus normal pregnancy, n = 8 (left panel); violin plot of the predicted probability for pre-eclampsia with 0 = low 
probability and 1 = high probability in normal and complicated pregnancies with PreX/gHTN (right panel); (C) First trimester of 
pregnancy with GDM n = 7, versus normal pregnancy n = 8 (left panel); violin plot of the predicted probability for GDM with 0 = low 
probability and 1 = high probability in normal pregnancies and pregnancies with APOs: GDM (right panel). 
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metabolic profiles are seen. By contrast, the lack of 
change in PreX/gHTN subjects may be due to 
other associated co-morbidities (e.g., obesity redu
cing placental contribution to cfDNA) that may 
neutralize the (increasing) effect of PreX/gHTN 
on placental cfDNA methylation signatures, even 
if it exists.

Maternal obesity instead was associated with 
a reduction in DNA of placental origin seen in 
maternal circulation. This reduction in placental 
contribution towards cfDNA in maternal plasma 
is in keeping with previous observations from 
a human study that revealed reductions in placen
tal cellular apoptosis and reduced cellular turnover 
in maternal obesity [32]. A similar observation 
was made in obese mice, where a reduction in 
placental cfDNA release was observed [33]. 
Regardless, these changes in placental contribu
tion, found in maternal circulation early in gesta
tion, have the possibility of predicting the 
subsequent development of associated APOs 
prior to the development of clinical features attest
ing to the high-risk nature of a pregnancy. In 
addition to these changes that were seen with 
GDM and maternal obesity, no effect of the 
mode of delivery or the foetal/placental sex was 
observed.

Our study employed tissue-specific epigenetic 
features thereby allowing the detection of male 
and female placental cfDNA with low depth cover
age and using small amounts of maternal plasma 
samples.

During pregnancy with advancing gestation, we 
observed an inverse correlation between increasing 
amounts of circulating placenta-specific cfDNA 
and decreasing total CG methylated cfDNA. This 
was also true in subjects with GDM where we 
observed an increase in the placental cfDNA frac
tion, accompanied by a decrease in the total CG 
methylation that achieved statistical significance 
during the second trimester. This observation of 
an inverse relationship between the placental con
tribution to the cfDNA pool and total CG methy
lation of this cfDNA pool provides further 
credence to the fact that placental DNA is gener
ally hypomethylated when compared to DNA aris
ing from other tissues [20]. Any epigenetic change 
during pregnancy and especially in the presence of 
subsequent APOs can serve as a useful indicator of 

an adverse intrauterine environment affecting 
mother and offspring. In addition, these changes 
may be associated with key changes in transcrip
tion, the products of which may underlie a specific 
disease pathogenesis.

Thus, the ability to temporally monitor but 
more importantly detect early changes may prove 
to be an important diagnostic modality for the 
prevention of adverse pregnancy outcomes.

More recently, investigations employing cell- 
free RNA have provided a non-invasive ability to 
predict the gestational age and thereby premature 
labour in women [4]. Similarly, in a smaller cohort 
of subjects, the impact of immune response was 
reported [34]. To further validate these results, we 
used a similar approach with cfRNA by employing 
the SaVanT method [23] in order to decipher the 
cfRNA content in our samples. The placenta- 
specific signature increased in gestation among 
all the cfRNA samples and the subjects who devel
oped APOs carried a higher amount of placenta- 
specific cfRNA in their plasma. However, cfRNA 
deconstruction in subjects with complications 
while exhibiting trends failed to accomplish statis
tical significance. A similar paradigm existed for 
cfRNA placental signature when differentiated into 
three BMI categories (lean, overweight, and 
obese). The cfRNA trend paralleled that observed 
with cfDNA, especially during the first trimester of 
pregnancy.

In the face of placental cfRNA not achieving 
statistical significance with advancing gestation in 
subjects who developed APOs, we next turned to 
analysing the contribution from immune cells to 
the maternal total cfRNA pool. Mature immune 
cells likewise also did not show any changes tem
porally during normal gestation nor with the 
development of complications. In contrast, the 
bone marrow cellular signature contribution to 
maternal cfRNA revealed an increase with advan
cing gestation with a similar tendency maintained 
in subjects with GDM and preeclampsia, achieving 
statistical significance during the first trimester in 
GDM subjects.

The bone marrow cells are the main source of 
all haematopoietic progenitor cells. In addition, 
they are also a source of nonhematopoietic decid
ual cells that play a fundamental role during the 
early phase of placentation [35]. The increment of 
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bone marrow cellular contribution to the maternal 
cfRNA pool we observed early in pregnancy in 
GDM subjects may aid in early detection of 
APOs besides heralding perturbed placentation. 
Based on our collective observations with cfDNA 
and cfRNA, it appears that use of these two 
approaches may be necessary to non-invasively 
detect APOs early in pregnancy.

To extend these results, we next examined the 
cell-free RNA sequencing to determine whether an 
early gestational transcriptomic signature can 
further sharpen the prediction of adverse preg
nancy outcomes (APOs). Differentially expressed 
genes in pregnant versus non-pregnant women 
were identified initially to determine the predict
ability of a particular adverse outcome. Given that 
a limitation of our present prospective study is the 
ultimate yield of small numbers of subjects with 
APOs, our prediction ability may not be robust. 
However, despite this limitation, we demonstrated 
early attempts at identifying biomarkers which 
may motivate future studies within larger clinical 
trials. The prediction model we used identified 
a set of genes capable of predicting the subsequent 
development of adverse pregnancy outcomes 
inclusive of GDM and ischaemic placental disease. 
Individually, while predictability of pre-eclampsia 
based on transcriptomic signatures obtained early 
in pregnancy was reliable, prediction of GDM did 
not experience the same extent of reliability. 
Previously, studies employing large clinical data
bases detected clinical risk factors that predicted 
the subsequent development of gestational dia
betes [36] and preeclampsia [37]. These studies 
employed various machine and deep learning 
methodologies to develop these predictions. 
However, none of these investigations concomi
tantly employed any maternal plasma analyses, 
particularly during early pregnancy.

Given that, there are many ongoing studies tar
geting early interventions for the prevention of 
a high-risk pregnancy, an example being the use 
of statins in preeclampsia [38–40], there is a strong 
motivation to develop early gestational non- 
invasive biomarkers that can ultimately help the 
clinician in predetermining which subjects are 
more likely to develop APOs. This non-invasive 
testing may even act as a screen to determine those 
who would benefit from additional imaging 

modalities to assess their pre-condition. At the 
very least, such testing may be used to exclude 
pregnant women with risk factors from under
going MR imaging (given that the sensitivity of 
ultrasound early in pregnancy is low).

In conclusion, we have presented cfDNA 
methylation signatures and transcriptomic signa
tures early in gestation that collectively could 
potentially assist in the prediction of subsequent 
development of APOs, prior to the emergence of 
characteristic clinical features. In addition, we have 
used a novel deconvolution methodology that 
allows determination of the placental tissue-of- 
origin within the cfDNA pool found in maternal 
circulation, that is specific for low coverage data 
and small tissue percentage. Despite the limitation 
of a small sample size of subjects who developed 
APOs, we are providing, for the first time, the 
results for both cfDNA and cfRNA analysis from 
136 samples, collected temporally from 26 preg
nant women and 7 non-pregnant subjects. Our 
longitudinally designed prospective cohort study 
warrants a future larger multi-centre clinical trial 
and suggests that these non-invasive approaches 
may be used effectively early in gestation, paving 
the way towards improving future testing and 
screening of all women [41].
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