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A B S T R A C T

The application of genomic approaches to placental research has opened exciting new avenues to help us un-
derstand basic biological properties of the placenta, improve prenatal screening/diagnosis, and measure effects
of in utero exposures on child health outcomes. In the last decade, such large-scale genomic data (including
epigenomics and transcriptomics) have become more easily accessible to researchers from many disciplines due
to the increasing ease of obtaining such data and the rapidly evolving computational tools available for analysis.
While the potential of large-scale studies has been widely promoted, less attention has been given to some of the
challenges associated with processing and interpreting such data. We hereby share some of our experiences in
assessing data quality, reproducibility, and interpretation in the context of genome-wide studies of the placenta,
with the aim to improve future studies. There is rarely a single “best” approach, as that can depend on the study
question and sample cohort. However, being consistent, thoroughly assessing potential confounders in the data,
and communicating key variables in the methods section of the manuscript are critically important to help
researchers to collaborate and build on each other's work.

1. Introduction

A variety of high-throughput technologies can be applied to the
placenta to better characterize its normal development, alterations as-
sociated with pathology, and adaptations associated with adverse in
utero exposures. While publications using these approaches are on the
rise, interpretation of results can be confounded by many factors in-
cluding technical variables related to the arrays themselves and the
variety of analysis approaches applied. This article summarizes a
number of aspects—from sample procurement to data analysis—that
should be considered when performing these experiments and evalu-
ating the resulting data. While we focus our discussion on microarrays,
most of our comments apply also to other high-throughput approaches,
such as sequencing-based analysis of gene expression.

1.1. Genome-wide microarray technologies

Microarrays typically rely on the hybridization of test DNA or RNA
to short oligonucleotides arrayed on a chip. Microarrays in which the
DNA oligonucleotides (probes) are complementary to specific single
nucleotide polymorphisms (SNPs) can be used for comprehensive

genotyping of samples, as well as for the detection of chromosome
abnormalities such as copy number variants (CNVs). Other types of
microarrays are used to quantify levels of DNA methylation (DNAme) at
hundreds of thousands of sites across the genome, such as the Illumina
HumanMethylation450 (450 K) or EPIC (850 K) arrays. The profiles
generated can help identify homogenous patient sub-groups based on
molecular signatures and refine existing clinical diagnoses [1]; evi-
dence of in utero exposure, such as maternal lifestyle (diet, smoking) or
health (diabetes, obesity) factors [2]; or placenta-derived biomarkers in
maternal blood that are predictive of perinatal complications [3]. Gene
expression can also be measured using microarrays and can similarly
detect changes in the placenta associated with pathology or exposures
[4,5]. As changes to DNAme are often associated with changes in gene
expression, these methods can be complementary [5].

1.2. Obtaining representative placental samples

A challenge somewhat unique to placental research is that even
healthy placentas can show extensive variation in structure and cell
composition, including localized areas of pathology. As each cell type
has a unique epigenetic and gene expression profile, it is important to
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obtain samples in a consistent way that minimizes this variation and
allows for comparison across cohorts. Several previous reviews provide
helpful guidance in following a standardized approach to sampling the
placenta (chorionic villi) [6,7]. Taking samples from areas of local
pathology or the maternal side of the placenta should be avoided, un-
less critical to the study question, for example, when studying gene
expression at the maternal-placental interface in terminal villi. Areas
where maternal decidua is present not only contaminate the placental
(fetal) sample with a different (maternal) genome, but may also result
in significant contributions of additional cell types that co-localize with
maternal tissue, such as extravillous trophoblast and maternal dendritic
cells [8]. Screening such samples for maternal contamination by gen-
otyping polymorphic DNA markers, such as microsatellite loci, and
comparing the ratio of maternal:fetal alleles allows for an estimation of
the contribution of maternal genome to the placental sample [9]. For
sequence-based studies such as RNAseq, maternal transcripts can di-
rectly be detected in the data if there are sequence variants between
mother and fetus. This information can be kept into consideration when
analyzing 'omics data and interpreting results from such samples, or it
can be used to exclude highly contaminated samples. Additionally, it is
important to wash the sample well to remove contaminating blood or
amniotic fluid.

As cell composition variation can be a large driver of variation in
DNAme and gene expression, it is popular in studies of blood and other
tissues to obtain isolated cell populations or apply approaches to adjust
measurements for altered cell ratios [10,11]. Currently, isolating uni-
form populations of single placental cell types has practical challenges.
As a result, most placental studies are done in whole chorionic villus
samples and thus, would benefit from cell deconvolution algorithms,
statistical approaches to estimate and account for cell composition
variation [9,10]. Reference-based cell deconvolution approaches re-
quire DNAme signatures of isolated placental cell types and therefore
cannot be applied as of yet. Until then, reference-free approaches that
allow the adjustment of cell type ratios without direct estimation of the
cell proportions can be used. However, researchers should consider the
purpose of the study before removing effects of cell composition var-
iation with reference-free cell deconvolution. For example, consistent
changes in placental cell ratios that are associated with adverse peri-
natal outcomes are of interest to identify (not adjust out of the analysis),
as these are relevant for generating biomarkers of disease that are
useful for diagnosis or reflected in maternal serum (which can reflect
more expressing cells, as well as up-regulation of expression) [12].

Genetic or epigenetic mutations can arise with each cell division
and may be confined to individual villous trees due to the clonal nature
of their development [13,14]. This genetic mosaicism, along with var-
iation in cell composition, local pathology and random effects, con-
tributes to the high degree of gene expression and epigenetic variation
observed between samples of chorionic villi taken from distinct sites
from the placenta [15–17]. These sites are often pooled together to
provide a more representative sample of the placenta for gene expres-
sion or DNAme studies. However, samples taken from distinct cotyle-
dons can also be used as independent biological replicates to estimate
intra-placental variability [17]. The average intra-placental variation
can then be compared to between-group comparisons and technical
replicates to better interpret the biological significance of results. For
example, based on RNA sequencing and representing each placenta
with three sets of pooled samples, each from a different placental
quadrant, it was observed that 33% of gene expression variation was
explained by intra-placental variation, while 59% was attributed to
between-individual variation and 8% to between-population groups
[17]. If the between-group differences at a particular gene of interest do
not exceed normal biological variability within a placenta, then the
result is less likely to be clinically meaningful (Fig. 1).

1.3. The importance of high-quality RNA or DNA

While most studies consider clinical factors that can affect study
questions, for example maternal health parameters or perinatal com-
plications, often less attention is given to sample processing parameters
that can affect DNA/RNA quality. These can include time and mode of
storage of the placenta prior to sampling, processing time and sample
storage parameters (temperature, buffers, etc.) [16,18,19]. Even rela-
tively small differences in RNA integrity number (RIN) significantly
affected the quantification of 8% of studied transcripts in a study of
RNA sequencing of the human placenta [19]. While RNA quality is
typically more sensitive to processing times than are miRNA or DNA
quality, any factor that affects the integrity of the sample can affect
array hybridization or sequencing efficiency [20]. This is particularly a
concern if cases and controls are being obtained in a disparate manner
(i.e. varying by centre or gestational age), which can be associated with
systematic differences in sample processing. Recording the various
parameters that can potentially impact DNA/RNA quality or integrity,
and correcting for them in subsequent analyses, is recommended. For
example, in processing placental samples on the Illumina Omni2.5 SNP
array for the detection of CNVs, we find that more CNVs are detected
(especially losses) when DNA quality is low (Fig. 2). This is clearly an
artifact of a high rate of probe failure and can be easily detected if the
correct quality control measures are employed. Such associations

Fig. 1. Variation between biological replicates provides context for in-
tersample comparisions. Correlation between two biological replicates may
be high (right) or low (left) depending on the site analyzed. Differences ob-
served when comparing cases and controls (lower figure) are more likely to be
meaningful when biological replication is high.
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between DNA/RNA quality and data quality are inherent problems
associated with any genomics analysis method, thus effective strategies
are needed to identify poor quality samples prior to data collection or to
filter them from results through efficient data quality checks (see
below).

1.4. Creating a data acquisition plan

In performing genome-wide analysis (or reviewing such studies) it is
important to ensure that true biological signal is not confounded with
signal variation due to batch effects [21,22]. Batch effects can be varied
in nature including date of run, different operators or labs where
samples are processed, sample processing and storage methods, reagent
batches, chip (or flow cell in the case of sequencing) and row-on-chip
effects. Leek et al., 2010 [21] suggested that sample batch is typically
one of the top sources of variation in high-throughput data and pro-
vided various strategies for detecting such unwanted effects through
initial exploratory data analysis followed by the use of surrogate vari-
ables to adjust downstream analyses. However, application of batch-
correction methods can introduce false biological signal (and false ne-
gative) if applied to an unbalanced study design [22,23]. Thus, we re-
commend that researchers design a data acquisition plan to ensure that
batches are as balanced as possible across the primary variables of in-
terest, as well as common confounders such as sex, processing time and
gestational age. The study sample size needs to be large enough to allow
for this. For example, if there are 6 rows on each array chip, the sample
size in each group should be sufficient such that representative samples
from each group can be dispersed semi-randomly across rows and chips
(Fig. 3a). If samples vary by critical variables such as processing time,
gestational age and sex, then these should also be randomized as best as

possible across row, chip and batches. Incorporating technical re-
plicates in the study (identical samples repeated more than once) also
allows one to evaluate whether data processing methods are effective at
reducing the level of background technical noise (i.e. increasing the
correlation between the replicates). Thus, large sample sizes are not
only important for increasing the power of the study, but for in-
corporating correction procedures that reduce technical noise.

As an example, in a recent study [23] we highlighted the issue that
false positives can arise using a standard approach for batch correction,
the function ComBat [24] in the R package sva, which is a valuable tool
for correcting for batch effects such as chip and row in microarray data.
Applying such correction in our study comparing placental DNAme by
MTHFR genotype (N=10 in each comparison group) resulted in nearly
20,000 CpGs significant at a false discovery rate of< 0.05, despite no
evidence of a significant signal (based on the p-value distribution) in
the raw data [23]. Because the unadjusted p-value distribution can be
visualized at each stage of the data processing (see e.g. Fig. 3b), it was
evident that the application of the batch correction step was generating
this unexpectedly large number of “hits”. When reviewing the study
design, it was found that samples were not equally represented across
bisulfite conversion batches, chips, and rows, a consequence of the fact
that this was a secondary analysis of previously collected data and not
part of the original study plan. By taking advantage of additional
samples not initially included in the batch correction step, the false
positive signal was eliminated. This was fortunate, but in situations
where batch variables are entirely confounded with study group, it is
impossible to disentangle true biological signal from technical signal

Fig. 2. Sample quality can affect array hybridization. In this example SNP
array hybridization shows a high failure rate in sample E; this sample also
shows an abnormally high number of CNV calls. LOH: loss-of-heterozygosity.

Fig. 3. A. Example of a simple array map with three study groups (e.g.
three gestational ages). Samples should be balanced across rows, chips and
batches for key variables (groups, sex, etc) and include technical and/or bio-
logical replicates. B. P-Value density plots of two theoretical sets data before
and after data processing. Black: Normalization and batch correction will most
likely improve significance of a true signal; Grey: The introduction of strong
signal only after batch correction, with no prior evidence of an increased
density of small p-values, may be the result of an unbalanced array design (after
reference [23]).
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due to batch effects.

1.5. Evaluating data quality through visualization approaches

Several types of probe and sample quality checks are commonly
performed before any analysis is initiated, including identification and
removal of poorly hybridizing probes for microarrays or low read
counts for sequencing, removal of samples with a large number of failed
probes, identification of mislabeled and/or outlier samples, and re-
moval of samples with an excessive number of poor-quality measure-
ments. Furthermore, visualization tools such as dendrograms, scatter-
plots, MA plots, heat maps, density plots, and principal components
analysis (PCA) are often used in exploratory data analysis and as ap-
proaches to monitor data processing [25,26]. It is important to visualize
high-dimensional data in multiple ways to check for data integrity and
identify any unusual patterns. There is no single best method and there
are often platform specific-approaches to data visualization. However,
we list here some example data visualization approaches that we rou-
tinely employ in analysis of microarray data from the placenta.

• Confirmation of the expected overall pattern in the data can be
done by plotting a density distribution of the measured values
(Fig. 4A). For example, raw beta values from the Illumina 450 K and
850 K Methylation arrays should show a characteristic, tissue-spe-
cific pattern. As placenta has a unique epigenetic and gene expres-
sion pattern compared to other tissues [27], such profiles should be
compared to expectations for placenta and not for other tissue types.
In contrast to a bimodal beta value distribution observed in most
somatic tissues, where CpGs typically are either< 10% methylated
or> 90% methylated, the presence of partially methylated do-
mains, imprinted genes, and methylation polymorphism in the
placenta results in a unique trimodal distribution of DNAme mea-
sures (Fig. 4A). Deviations from the expected pattern could be in-
dicative of, for example, chip problems, scanner problems, in-
complete DNA bisulfite conversion, or contamination of placental
samples with other cell/tissue types. Comparison of density plots by

study cohort or batches can also be informative of systematic dif-
ferences between cohorts, which one may try to reduce through
batch correction and normalization procedures.

• Identification of outlier samples can be done by plotting the
inter-sample correlation (Fig. 4B). Results from samples obtained
from the same tissue should have relatively high correlations with
each other, whereas samples with low correlations could be the
result of contamination with other cells or poor quality [28], al-
though abnormal pathology may also lead to poor correlation.
Plotting inter-sample correlation can additionally indicate sys-
tematic differences between study cohorts or batch (Fig. 4B). One
can also examine the correlation between individual samples, for
example technical replicates, which can be used to measure back-
ground noise in the data.

• Confirming expected relationships between samples can be
done using clustering approaches [29]. If different types of tissue
are included in a study, e.g. chorionic villi, amnion, chorion, and/or
cord blood, then samples should cluster cleanly by tissue [27].
Within a tissue, male and female sexes should be easily distin-
guishable when clustering on sex-chromosome specific genes/
probes. This holds true for both methylation and gene expression
data despite the fact that the inactive X chromosome is hypo-
methylated in female placenta compared to somatic tissues [30,31].
In most cases, samples that do not cluster with the correct tissue or
sex are indicative of sample mix-ups or mislabeling and should be of
concern. Hierarchical clustering can also be an approach to identify
outliers that do not cluster with any group, suggesting technical
issues (i.e. poor DNA quality or poor hybridization). In addition,
technical and biological replicates should cluster together (Fig. 4C).

• Primary sources of variation in the data can be identified with
principal components analysis (PCA) and then visualized [32].
PCA is a commonly used dimension reduction tool that compresses
high dimensional data into fewer dimensions or principal compo-
nents (PCs), while retaining the trends and patterns in the original
data. A correlation analysis with the top PCs can identify the major
sources of variation in the data, and should include both biological

Fig. 4. Data visualization approaches to evaluate data
integrity A. Density distribution from placenta and blood
as expected utilizing all probes on the Illumina 450 K array;
atypical patterns may suggest technical problems. B.
Intersample correlations can be used to identify outlier
samples that should be removed from the data. Differences in
mean inter-sample correlation between cohorts suggests sys-
temic differences that could potentially affect joint analysis of
data. C. Hierarchical clustering of data shows clear se-
paration by sex except for a single sample interpreted to be
mislabeled; secondary clustering by gestational age is also
observed. D. PCA visualization of two variables associated
with PC1 shows that while there is a clear separation of
samples by gestational age (left), visualization of the data by
sample quality score (e.g. RNA RIN value; processing time
etc) shows that sample quality is confounded with gestational
age such that highest quality samples are from the 2nd tri-
mester.
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variables (sex, gestational age, ethnicity, pathology or phenotype of
interest) as well as technical variables (platform, processing time,
batch, chip, row, DNA/RNA quality measurements). Any variable
correlated with the top PCs should then be carefully monitored and
accounted for in downstream analyses to minimize potential con-
founding. In addition to performing the PCA itself to identify which
variables are associated with main PCs, it is useful to plot the PC
data while highlighting different variables (group, sex, gestational
age, technical variables) to better understand their relationships. If
multiple variables are associated with the same PCs, visualizing the
data helps in understanding if (and how) these are confounded
(Fig. 4D).

1.6. Replication of findings

Recent publications have brought attention to the lack of reprodu-
cibility in research [33,34], particularly in high-throughput genomic,
epigenomic, and transcriptomic studies. Many factors can contribute to
non-reproducible results, including failure to control for bias, low sta-
tistical power, poor quality control, p-value hacking, and publication
bias [35]. Differences in analysis approaches may also contribute. For
example, concordance of CNV calls using a variety of microarray plat-
forms and algorithms is often<50% when analyzing the same data
and<70% when analyzing data from technical replicates [36]. How-
ever, there is currently little consensus on what the best data processing
and analytic approaches are for any given situation and new methods
continue to be proposed. It has thus become increasingly important to
replicate findings in a distinct study cohort before any conclusions are
solidified. However, replication alone does not prove validity and many
steps should be taken to show a result is meaningful [37]. Moreover as
most studies show only associations, further investigation of the po-
tential pathways that underlie these associations can add validity to the
result. For example, functional studies using cellular and animal models
can help to identify the causal mechanisms.

It is challenging to determine whether lack of reproducibility is due
to research biases, technical issues, different analytical approaches or
population differences. For example, in a recent study on preeclampsia,
we collected Illumina 450 K array data on two distinct cohorts of
samples including placentas associated with early-onset maternal pre-
eclampsia compared to term and preterm normotensive samples [1].
Although samples from the two cohorts were obtained in different
Canadian cities (Vancouver and Toronto), the population demographics
were similar, the same sampling protocol was followed, and DNA
samples were processed and run on the array at the same centre
(Vancouver). While there was a significant overlap in differentially
methylated hits between the two cohorts, including at many function-
ally interesting genes (FN1, TEAD3, JUNB, PAPPA2, INHA etc.), there
was also a surprising number of sites that failed to replicate, particu-
larly those statistically significant hits with smaller effect sizes. While
the explanation is likely due to a combination of factors, the sample
sizes may have been insufficient to account for all technical variables.
While samples from different cohorts can be grouped together to in-
crease power, this can also potentially increase false signal in the data
due to an inability to correct for batch effects. On the other hand, using
multiple cohorts for replication reduces the power to detect effects, but
increases the likelihood that findings are true positives.

2. Conclusion

The placenta is a readily accessible organ, and with the widespread
interest in understanding how pregnancy can influence fetal develop-
ment and long-term health, increasing numbers of studies are now
targeting this tissue. It is thus increasingly important to apply lessons
from past research to improve the quality of such studies. A list of
studies referenced in this review can be found organized by topic with
description in Supplementary Table 1. While the solution to many

issues around reproducibility may be large sample sizes with many
replicates, the reality is such studies are costly and most investigators
do not have the funds to perform truly optimally designed studies. In-
creased collaboration and sharing of public datasets provide sufficient
sample sizes, as long as there is good attention to sampling protocols,
technical variables, and confounders in such studies, in order to allow
for a better integration of such shared data. Furthermore, each public
dataset should be accompanied by clear information on sampling pro-
cesses, relevant technical variables such as DNA/RNA quality mea-
surements, batch/chip design maps, pre-processed data, and an honest
appraisal of any concerns investigators had in data collection and
processing. Working together in this way will help to harness the power
of high-throughput technologies in order to further our understanding
of placental biology and its role in developmental health and disease.
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