
UCSF
UC San Francisco Previously Published Works

Title
Tracing human stem cell lineage during development using DNA methylation

Permalink
https://escholarship.org/uc/item/59s002vw

Journal
Genome Research, 28(9)

ISSN
1088-9051

Authors
Salas, Lucas A
Wiencke, John K
Koestler, Devin C
et al.

Publication Date
2018-09-01

DOI
10.1101/gr.233213.117
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/59s002vw
https://escholarship.org/uc/item/59s002vw#author
https://escholarship.org
http://www.cdlib.org/


Tracing human stem cell lineage during development
using DNA methylation

Lucas A. Salas,1,8 John K. Wiencke,2,8 Devin C. Koestler,3 Ze Zhang,4,5

Brock C. Christensen,1,6,7,9 and Karl T. Kelsey4,5,9
1Department of Epidemiology, Geisel School of Medicine, Dartmouth College, Lebanon, New Hampshire 03756, USA; 2Department
of Neurological Surgery, Institute for Human Genetics, University of California San Francisco, San Francisco, California 94158, USA;
3Department of Biostatistics, University of Kansas Medical Center, Kansas City, Kansas 66160, USA; 4Department of Epidemiology,
5Department of Pathology and Laboratory Medicine, Brown University, Providence, Rhode Island 02912, USA; 6Department of
Molecular and Systems Biology, 7Department of Community and Family Medicine, Geisel School of Medicine, Dartmouth College,
Lebanon, New Hampshire 03756, USA

Stem cell maturation is a fundamental, yet poorly understood aspect of human development. We devised a DNA methyl-

ation signature deeply reminiscent of embryonic stem cells (a fetal cell origin signature, FCO) to interrogate the evolving

character of multiple human tissues. The cell fraction displaying this FCO signature was highly dependent upon develop-

mental stage (fetal versus adult), and in leukocytes, it described a dynamic transition during the first 5 yr of life. Significant

individual variation in the FCO signature of leukocytes was evident at birth, in childhood, and throughout adult life. The

genes characterizing the signature included transcription factors and proteins intimately involved in embryonic develop-

ment. We defined and applied a DNA methylation signature common among human fetal hematopoietic progenitor cells

and have shown that this signature traces the lineage of cells and informs the study of stem cell heterogeneity in humans

under homeostatic conditions.

[Supplemental material is available for this article.]

Studies of hematopoiesis have laid the foundation for advances in
stem cell biology; however, the sources and diversity of hemato-
poietic stem cells (HSCs) remain controversial (Orkin and Zon
2008). Heterogeneity within HSC populations is well established
(Muller-Sieburg et al. 2012) with hematopoiesis in fetal and early
life representing dynamic periods of stem cell transition and
maturation (Dykstra and de Haan 2008; Copley and Eaves 2013;
Herzenberg 2015). In mice, potential regulators of HSC matura-
tion include Polycomb repressor complex 2 proteins (PRC2s)
(Mochizuki-Kashio et al. 2011; Xie et al. 2014; Oshima et al.
2016), SOX17 (He et al. 2011), ARID3A (Ratliff et al. 2014), and
let-7bmiRNA (Copley et al. 2013; Rowe et al. 2016). Direct tracking
of stem cell lineage and diversity has been achieved in experimen-
tal animal models by enumerating chromosomal translocations,
retroviral insertions, and molecular barcodes in repopulating cells
during hematopoietic reconstitution (Eaves 2015). Most recently,
lineage tracing studies using genetically labeled HSCs, which
permits stem cell tracking without engraftment, have produced
contrasting data on the relative contributions of HSCs and progen-
itors in steady-state hematopoiesis (Sun et al. 2014b; Busch et al.
2015; McKenna et al. 2016; Sawai et al. 2016; Säwén et al. 2016).
At the same time, because genetic lineage tracing is not feasible
in humans, effective strategies for identifying and defining mark-
ers capable of capturing both progenitor and stem cell lineages in
human populations remain to be developed.

Naturally occurring epigenetic marks such as DNA methy-
lation provide a promising alternative for assessing progenitor
and stem cell diversity in vivo (Ji et al. 2010; Beerman et al.
2013; Farlik et al. 2016). Following fertilization, DNAmethylation
is erased and reestablished in concert with lineage commitment
and cellular differentiation (Lee et al. 2014). Because lineage-
specific marks of DNA methylation have been successfully em-
ployed to detect the relative abundance of individual cell types
in blood mixtures (Houseman et al. 2012; Accomando et al.
2014; Koestler et al. 2016; Salas et al. 2018) and because a signifi-
cant proportion of progenitor and stem cell methylation events
are mitotically stable throughout differentiation, it is possible
that a common set of unchanging DNA methylation markers
can trace a common cell ontogeny (Kim et al. 2010).

Here, we describe a novel analytical pipeline that involves
generating a library of stable CpG loci that are markers of the cell
of origin for studying peripheral blood leukocytes. The pipeline
is based upon the observation that a subset of CpG-specific meth-
ylation marks are inherited in progeny cells irrespective of lineage
differentiation. These candidatemarker loci, reflecting the progen-
itors from which they are derived, are identified and selected as an
initial step in the pipeline. In a second filtering process, we select a
subset of these candidate loci that optimize the discrimination of
fetal and adult differentiated leukocytes. This second step provides
CpG marker loci that are different among fetal and adult progeni-
tors; these loci formwhat we refer to as a fetal cell origin (FCO) sig-
nature. Finally, we employed the FCO signature in conjunction
with our established algorithm for cell mixture deconvolution

8These authors contributed equally to this work.
9These authors contributed equally to this work.
Corresponding author: john.wiencke@ucsf.edu
Article published online before print. Article, supplemental material, and publi-
cation date are at http://www.genome.org/cgi/doi/10.1101/gr.233213.117.
Freely available online through the Genome Research Open Access option.

© 2018 Salas et al. This article, published inGenomeResearch, is available under
a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.

Research

28:1285–1295 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/18; www.genome.org Genome Research 1285
www.genome.org

mailto:john.wiencke@ucsf.edu
mailto:john.wiencke@ucsf.edu
mailto:john.wiencke@ucsf.edu
http://www.genome.org/cgi/doi/10.1101/gr.233213.117
http://www.genome.org/cgi/doi/10.1101/gr.233213.117
http://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml


(Houseman et al. 2012) for estimating the proportion of cells in a
mixture of cell types that are of fetal cell origins.

Results

In this study, we used several genome-scale DNA methylation
data sets from newborn and adult leukocyte populations to identi-
fy a common set of CpG loci among fetal leukocyte subtypes
(the FCO signature) and applied it to trace the proportion of
cells with the progenitor phenotype in several tissue types across
the lifecourse (Supplemental Table S1). We hypothesized that in-
variant methylation marks with high potential to be indicative
of a FCO would be differentially methylated in newborns com-
pared with adults and shared across six major blood cell lineages
(granulocytes [Gran], monocytes [Mono], B lymphocytes [Bcell],
CD4+ T lymphocytes [CD4T], CD8+ T lymphocytes [CD8T], and
natural killer lymphocytes [NK]). The analytic pipeline for
identification of candidate FCO CpGs from libraries of Illumina
HumanMethylation450 array data is shown in Supplemental
Figure S1. We initially compared genome-scale DNA methylation
profiles of each of the six major blood cell lineages separately be-
tween umbilical cord blood (UCB) and adult whole peripheral
blood (AWB) DNA samples. Across the separate models fit to
each blood cell type, we identified 1255 CpG sites (false discovery
rate [FDR] < 0.05) with shared, significant differential methylation
between newborns and adults. Thenwe filtered this lineage invari-
ant subset of CpG loci to arrive at CpGs exhibiting both a consis-
tent direction of differential methylation across all lineage groups
and an absolute change in methylation >10% between newborns
and adults, resulting in n=1218 CpGs associated with 518 genes
(Supplemental File S1). We further reduced the list of candidate
FCO CpG loci (Supplemental Fig. S2A) to minimize potential
cell-type–specific contribution by selectingCpGswithminimal re-
sidual cell-specific effects, resulting in 27 CpGs (Supplemental Fig.
S2B). We accomplished this by using a principal component (PC)
regression analysis in which the standardized and rotated scores
of the first four PCs captured most of the variation in DNA meth-
ylation across the 1218 candidate CpGs. The first PC explained
79.4% of the variance and was significantly associated with both
methylation age (P=4.62×10−62) andUCB versus adult peripheral
blood (P= 9.56×10−123). Some residual variability, 13.4%, was
significantly associated with cell type in the second to fourth
PCs (Supplemental Fig. S2A, lower heatmap). Once filtered to 27
CpGs, 84.6% of the variance was explained by the first PC, which
was significantly associated with both methylation age (P=1.89×
10−63) and UCB versus adult peripheral blood (P=3.81×10−110).
However, cell type was no longer significantly associated with any
of the first four PCs (94.1% of the total variance) (Supplemental
Fig. S2B, lower heatmap). The library of 27 CpGs we identified rep-
resents a phenotypic block of differentially methylated regions
(DMRs), with a FCO phenotype here defined as the FCO signature.
The name FCO signature summarizes the idea of a common invari-
ant biomarker of a cell that originated during the prenatal period,
which is present across different cell lineage subtypes but also is
reduced or lost during lineage commitment of progenitor cells in
the adult.

Next, we used the FCO library in conjunction with the
constrained projection quadratic programming approach of
Houseman and coworkers (Houseman et al. 2012; Accomando
et al. 2014; Koestler et al. 2016) to estimate the proportion of cells
exhibiting the FCO signature in a manner agnostic to variation in
underlying proportions of cell types in any given sample, as well as

independent of a sample’s DNA methylation age (Hannum et al.
2013; Horvath 2013). The proportion of cells with the FCO signa-
ture was estimated for each sample in the discovery data set of
newborn and adult leukocytes. As expected, UCB samples were
predicted to harbor a very high proportion of cells of fetal origin
(mean=85.4%), significantly higher than adult leukocytes
(mean=0.6%, P=2.11×10−191) (Fig. 1A). To replicate our findings,
we applied the same estimation approach to an independent data
set that included leukocyte-specific methylation measurements
collected from newborn and adult sources. In the replication
data set, we observed similar differences in proportions of cells
with the stem cell lineage signature between cord blood and adults
(P=8.35×10−81) (Fig. 1B), where the proportion of cells exhibiting
the FCO signature was again higher in the cord blood samples
compared to the adult samples (89.9% vs. 2.0% for UCB and
AWB samples, respectively). Together, these results suggest that
the FCO signature captures a population of lineage invariant,
developmentally sensitive cells.

Once we obtained concordant results in the validation data,
we assessed the classification performance of the 27 CpGs in the
FCO signature compared to randomly selected sets of CpGs.We in-
cluded five independent data sets (Supplemental Table S1, AUROC
data sets) consisting of n=123 UCB and n= 34 AWB samples. As a
previous publication (Morin et al. 2017) had interrogated the po-
tential of maternal blood contamination using these data sets,
we evaluated if any of the samples showed evident maternal blood
contamination. Using a combination of the 10 CpGs reported by
Morin et al. (2017) and the calculation of DNA methylation age,
we found one cord blood sample in the paired maternal–newborn
GSE54399 data set (Montoya-Williams et al. 2017) wasmostlyma-
ternal blood (DNA methylation age 44.5 yr corresponding to the
paired 45 yr in thematernal sample and an adult hypermethylated
pattern using the 10 markers of Morin et al. 2017). After removing
this sample, we applied our FCO signature to these data and as-
sessed how well it classified fetal from adult tissues by computing
the area under the receiver operating characteristic curve
(AUROC). The AUROC for our 27 CpG FCO signature was estimat-
ed to be 0.996 based on a combined analysis of the five data sets
described above. To gauge whether the AUROC was statistically
significant, and thus, that our 27 CpG FCO signature represents
a statistically significant subset, we conducted an analysis inwhich
we generated the empirical null distribution of the AUROC by (1)
randomly selecting subsets of CpGs of size 27, followed by (2) cal-
culation of the AUROC for the randomly selected subset. We re-
peated steps (1–2 above) 10,000 times and computed the
probability of observing an AUROC as large or larger than what
we computed based on our 27 CpG FCO signature. The P from
our randomization-based test was P=0.0193, meaning that there
was only a 1.9% chance of observing an AUROC as large or larger
than what was observed based on our FCO signature. In addition,
we used this same data set to evaluate how stable the estimations
would be if we excluded some of the 27 markers using a leave-
one-out combination, leave-two-out combination, until five
probes combinationwere removed. Although the estimates are sta-
ble in the absence of several of the probes, the potential error in-
creases per probe removed (average RMSE: 10 when removing
one probe, 15 when removing two, 19 when removing three, 22
with four and 25 with five) (see SupplementalMethods S1). To fur-
ther demonstrate the validity and reliability of our signature, we
generated reference synthetic cell mixtures by mixing cord blood
and adult peripheral blood DNA methylation signatures in silico
(Supplemental Table S1, synthetic mixtures data sets), varying
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the fraction of fetal cord blood across mixtures. Application of our
algorithm to the reference synthetic cell mixtures showed a high
concordance correlation coefficient (CCC) between the estimated
fraction of cells carrying the FCO signature and the knownmixture
proportions (Supplemental Fig. S3, concordance correlation coeffi-
cient, CCC=0.97).

To explore the ontogeny of the FCO signature, we next
deconvoluted methylation array data from embryonic stem cell
lines, induced pluripotent cells (iPCSs), fetal CD34+ stem/progen-
itor cells, and bone marrow adult CD34+ stem/progenitor cells.
The results indicated concordance of the leukocyte-derived FCO
signature with embryonic and pluripotent methylomes (Fig. 2;
Supplemental Table S2). However, we were intrigued by the fact
that among the embryonic stem cells (ESCs) and iPCs, there was
a wide range of the estimated FCO signature. Using information
on the number of passages (subcultures) per sample (mean=27.2
passages, SD: 16.8), we modeled the estimated FCO fraction
against the number of cell culture passages using a linear regres-
sion model. For every additional passage, we observed a reduction
of 0.14%, on average, in the estimated FCO signature (P=0.01) af-
ter adjusting for each sample’s estimated DNA methylation age
(Supplemental Fig. S4). This trend was observed in both ESCs
and iPCs; however, when stratifying by cell type, the magnitude
of the reduction was higher for ESCs (a mean reduction of 0.18%
per passage), and it was attenuated in the induced pluripotent
stem cells (iPSCs; a reduction of 0.07% per passage). The P of inter-
action for cell passage and cell type was not statistically significant
(P=0.11).

A potential caveat of our approach for deriving the FCO sig-
nature is the use of lineage committed neonatal cord and adult pe-
ripheral blood cells rather than the use of undifferentiated fetal
and adult progenitor cells. One reason for this is the fact that con-

siderable heterogeneity exists in isolating undifferentiated cells,
making it problematic to generate a true “gold standard.”As an ap-
proximation and to estimate the relative variability and sources of
uncertainty of our FCO signature, we applied a similar pipeline
and filter criteria to a small data set of fetal and adult pluripotent
cells. In this sensitivity analysis, we compared the DNA methyla-
tion between 19 undifferentiated ESCs and five adult hematopoi-
etic stem cells (CD34+ CD38− CD90+ CD45RA−) as proxies of
common pluripotent cells at the embryonic and adult ages, re-
spectively. We observed 113 differentially methylated sites (FDR
<0.05) that overlapped with the original 1255 candidate list (9%
overlap) generated from differentiated cells. Of those 113 differen-
tially methylated sites, five out of the 27 CpGs (19%) in the FCO
signature were represented. However, when we applied the same
filtering process to those CpGs to remove lineage-specific effects
(see Methods), only two CpGs out of the 113 CpGs were retained.
When we explored the 113 overlapping CpGs using our discovery
data set, we observed cell population stratification. The second PC
variance increased from 6.0% using the 27 CpGs (Supplemental
Fig. S2B) to 9.8% using the 113 CpGs, and in contrast to our ap-
proach as applied to differentiated blood cells, these 113 CpGs dis-
criminated myeloid and lymphoid subpopulations in both the
fetal and adult cells of the discovery data set. The distribution
and the variance explained resembled the distribution observed
using the 1218 CpGs from the candidate list (Supplemental Fig.
S2A). This finding suggests a highly heterogeneous ESC popula-
tion in this small sensitivity analysis, which is also consistent
with the observed variance in FCO fraction of ESCs explained by
cell culture passage number. However, these results also suggest
that our FCO signature shares some CpG loci in common with
those derived from a pipeline that starts with ESCs and adult
progenitors.

BA

Figure 1. Discovery (A) and replication (B) of the deconvolution algorithm using lineage-invariant, developmentally sensitive CpG loci in newborn and
adult peripheral blood leukocytes. Estimated mean percentage (standard deviation [SD]) FCO methylation fractions are 85.4% (6.0) for umbilical cord
blood (UCB) and 0.6% (1.7) for peripheral adult blood in A; P=2.11×10−191. In the replication (B), estimated FCO methylation fractions are 89.9%
(3.8) for UCB and 2.0% (3.5) for peripheral adult blood; P=8.35×10−81.
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Next, we reasoned that if part of the FCO signature were an
indicator of ESC lineage, it would also be detectable amongnonhe-
matopoietic fetal tissues. Figure 3A shows the high FCO fraction in
diverse fetal tissues (3–26 wk of gestational age) and in sharp con-
trast, the minimal representation of the FCO signature in adult tis-
sues. The FCO signature demonstrated higher variability in fetal/
embryonic brain and muscle, showing a dramatic drop of the sig-
naturewith later gestational age (Fig. 3B) compared to other tissues
including the liver (a hematopoietic tissue in the fetus).

We also sought to explore the potential biologic functions of
the FCO signature. To include sufficient genes in this analysis,
we returned to the filtered lineage invariant FCO candidate CpG
list (n=1218 CpGs, associated with 518 genes) and applied a test

of enrichment using information from the MSigDB curated
databases v. 6.0 (Liberzon et al. 2011) and the Progenitor Cell
Biology Consortium database (Salomonis et al. 2016). We used
three different approaches to test for enrichment using the curated
molecular signatures database (MSigDB): (1) ToppGene (Chen
et al. 2009), (2) GREAT (McLean et al. 2010), and (3) missMethyl
(Phipson et al. 2016). ToppGene and missMethyl used the 518
genes associated with the CpG site; in contrast, GREAT used
1238 genes within 1 Mb of the CpG site (cis-regulatory genes). In
total, 18, 20, and 27 pathways were statistically significant after
FDR correction, respectively. Of those, we found a significant stat-
istical association in nine pathways using the three approaches,
and in six pathways overlapping the ToppGene and missMethyl
approaches (Supplemental Table S3). Among the nine overlapping
the three approaches, there was a statistically significant associa-
tion with pathways related to epigenetic marks in embryonic
stem cells and progenitor cells. When restricting to the FCO signa-
ture CpGs, there was an interesting pattern in the chromatin fea-
tures of 11 out of the 27 sites that changed from a poised
promoter to a repressed state in umbilical vein endothelial cells
(Supplemental Table S4). In addition, among the candidate stem
cell gene list were 13 homeobox transcription factors as well as
14 others that play key roles in embryonic development (e.g.,
FOXD2, FOXE3, FOXI2, FOXL2, ARID3A, NFIX, PRDM16, SOX18)

Figure 2. Developmentally sensitive methylation signature deconvolu-
tion in pluripotent, fetal progenitors, and adult CD34+ stem/progenitor
cells. Mean (SD) estimated FCO methylation fractions for embryonic/fetal
cells are 75.9% (8.5) and 4.4% (5.1) for adult progenitors (bone marrow);
P=1.81 ×10−86. In the boxplots: (1) The box shows the interquartile range
(IQR), (2) the whiskers show the inner fences (1.5 × IQR out of the box),
(3) the bolded line shows the median of the data, and the notches-horns
display the 95% confidence interval of the median. (ESC) Embryonic stem
cells; (iPSC) induced pluripotent stem cells; (CD34+ fetal) fresh cord blood
cells expressing CD34+; (erythroid fetal) fetal liver CD34+ cells, differentiat-
ed ex vivo to express transferrin receptor and glycophorin; (CD34+ adult)
bonemarrow expressing CD34+ CD38−CD90+ CD45RA−; (MPP) multipo-
tent progenitors; (L-MPP) lymphoid primed multipotent progenitors;
(CMP) common myeloid progenitors; (GMP) granulocyte/macrophage
progenitors; (MEP) megakaryocyte-erythroid progenitors; (erythroid
adult) adult bone marrow CD34+ cells, differentiated ex vivo to express
transferrin receptor and glycophorin; (PMC) promyelocyte/myelocyte;
(PMN) metamyelocyte/band-myelocyte.

A

B

Figure 3. FCO methylation signature deconvolution in fetal/embryonic
and adult tissues. Panel A compares the estimated FCO methylation frac-
tion between fetal/embryonic and adult tissues. In the boxplots: (1) The
box shows the interquartile range (IQR), (2) the whiskers show the inner
fences (1.5 × IQR out of the box), (3) the bolded line shows the median
of the data, and the notches-horns display the 95% confidence interval
of themedian. Panel B compares the estimatedmean FCOmethylation sig-
nature in three fetal/embryonic tissues in four gestational periods: Brain
and muscle showed a marked reduction of the signature after the 15th
week of gestational age. In contrast, fetal/embryonic liver showed a persis-
tently high level of the FCO signature.
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(Supplemental Table S5). Most notable were genes previously im-
plicated in fetal to adult transitions in hematopoiesis. ARID3A
plays a critical role in lineage commitment in early hematopoiesis
(Ratliff et al. 2014). Among our targets was SOX18, a paralog of
SOX17, the latter being shown to maintain fetal characteristics
ofHSCs inmice (He et al. 2011). PRC2 targetswere overrepresented
in FCO signature loci (Supplemental Tables S3, S4). EZH2, one of
three PRC2 components, is indispensable for fetal liver hemato-
poiesis but largely dispensable for adult bone marrow hematopoi-
esis (Mochizuki-Kashio et al. 2011; Xie et al. 2014; Oshima et al.
2016). Among the larger set of loci used to derive the FCO signa-
ture, there are five DMRs within the MIRLET7BHG locus (Fig. 4).
The LIN28A-LIN28B/let-7 axis is a highly evolutionarily conserved
developmental regulator and has emerged as a prominent feature
of the fetal to adult switch in murine hematopoiesis (Copley
et al. 2013; Rowe et al. 2016). The DMR region we identified en-
compasses exon and intron 1 of the MIRLET7BHG. Methylation
in this region displayed an inverse relationship within fetal and
adult cells for CpG boundary probes that colocate with active
histone marks, DNase I hypersensitivity, and transcription
factor binding sites (Fig. 4). In addition, a middle region, which
is devoid of regulatory motifs, displayed contrasting methylation
features in each type of cell. The entire 15.5-kb region forms a
bipartite methylation pattern with hypomethylated loci in adult
cells demarcated by hypermethylation, whereas in embryonic
cells, the bipartite region is bounded by hypermethylated loci
demarcated by hypomethylation. In addition, overrepresentation
of genes expressed in ESCs to embryoid body differentiation were
among the FCO methylation gene loci (Supplemental Table S6).
Taken together, we have developed a deconvolution algorithm
based on DNA methylation that indicates the fraction of differ-
entiated cells with FCOs that could represent a proxy for ESC
origin.

The perinatal and early childhood periods are times of dra-
matic transition in erythropoiesis and leukocyte function.
Therefore, we hypothesized that this time of life would be marked
by variations in embryonic to adult-driven stem cell hematopoie-
sis. To test this idea, we examined the relative proportion of cells
with the FCO signature in blood leukocytes from birth through
old age (Fig. 5A). Dramatic and rapid decreases in the FCO cell frac-
tion occurred over the first 5 yr of life (Fig. 5A,B; Supplemental
Table S7). A reduction in the proportion of cells with the FCO sig-
nature of ∼60% was observed at 1.5 yr, and by age 5, the fraction
was reduced by 80%. Most adults (>18 yr) demonstrated nonde-
tectable levels of cells with the FCO signature. However, ∼10% of
adults (18–65 yr), were observed to have a relatively high fraction
of leukocyteswith the FCO signature (range =10%–25%). The FCO
fraction among adults with detectable FCO levels (more than 0%)
showed a poor linear correlation (r=−0.12) with age. However,
when restricting to thosewith FCO levels ≥3%, this correlation be-
tween FCO and age was no longer significant (r=−0.12, P>0.05).
Of further note, there was no overlap in the loci comprising the
FCO signature with the previously described CpGs used to calcu-
late DNAmethylation age (Lowe et al. 2016). Although age associ-
ated in the early postnatal period, the FCO signature loci did not
overlap with Horvath’s age-related epigenetic clock and/or other
epigenetic clocks (Lowe et al. 2016). In addition, none of the
CpG loci identified during HSC aging in mice (Sun et al. 2014a)
overlap with our FCO signature. Our results indicate a distinction
between aging and developmentally timed maturation events sig-
naling variations in the fetal origin cell compartment (Rossi et al.
2008).

Discussion

This work represents a conceptual departure from previous studies
that have focused on DMRs that mark fate determination during
terminal differentiation. Most of the characteristic DMRs of
stem/progenitor cells are what wewould term unstable to differen-
tiation as they undergo transitions within the progeny as cells dif-
ferentiate (Ji et al. 2010; Beerman et al. 2013; Farlik et al. 2016). In
contrast, a smaller set of DMRs retain their status throughout the
differentiation sequence and thus form a memory trace of cell or-
igin. By restricting our initial CpG selection to lineage invariant
loci, we filtered out unstable loci (loci with additional sources of
variability unrelated to the stem cell/progenitor origin). By subset-
ting invariant loci according to their differential methylation in
newborn versus adult leukocytes, we obtained an “orthogonal”
set of developmentally sensitive loci. The potential advantage of
DNA methylation as a tracking strategy compared with previous
methods (e.g., retroviral insertion, molecular barcodes) is that it
is a natural feature of stem cells. DNAmethylation–basedmethods
can be applied to human cells without manipulation, in fresh or
archival specimens (such as those of ongoing birth cohorts), and
provide a window into in vivo cell ontogeny dynamics. An exam-
ple of the utility of this approach is evident in our study of new-
borns, infants, and children that revealed a dramatic shift in
hematopoietic ontogeny from birth to age 5 with evidence of
wide individual variability. There is a great deal of interest in
how the timing of early life developmental events shape life-
long health outcomes (Gluckman et al. 2008). The FCO may be
an easily applied developmental marker of early immunologic
maturation in such studies.

The loci represented in the FCO signature are themselves
potential candidates with regulatory function in stem cell
maturation. A notable example is our finding of DMRs in the
Chromosome 22 region containing a cluster of let-7 microRNAs.
Extensive research has shown that expression of let-7 microRNAs
play essential roles in the differentiation of ESCs (Lee et al.
2016). The maintenance of the pluripotent state requires sup-
pression of let-7. The DMR region we identified encompasses
exon and intron 1 ofMIRLET7BHG. Methylation in this region dis-
played a bipartite pattern and described an inverse relationship
within fetal and adult cells wherein regulatory regions were hyper-
methylated in the fetal cells. This novel pattern was unexpected as
hypermethylation in MIRLET7BHG has only been reported in in-
fant leukemic cells (Nishi et al. 2013), wherein methylation si-
lenced MIRLET7BHG expression. In contrast, the primary
physiologic mechanism for let-7 regulation has been thought to
involve post-transcriptional interference with microRNA biogene-
sis promoted through the actions of the LIN28A and LIN28B pro-
teins (Lee et al. 2016). LIN28A/LIN28B proteins are essential for
normal development and contribute to the pluripotent state by
preventing the maturation of let-7 pre-RNA (Piskounova et al.
2008, 2011). In turn, let-7 feeds back and dampens the expres-
sion of LIN28A/LIN28B, thus forming a reciprocal negative feed-
back loop, and acts as a bimodal switch (Rybak et al. 2008;
Melton et al. 2010). Recent studies have identified novel DNA
binding properties of Lin28 in mouse ESCs that may also modu-
late DNA methylation levels (Zeng et al. 2016). Our data are con-
sistent with a DNA methylation mediated suppression of
MIRLET7BHG in stem cells and its reversal via demethylation
during the developmental switch, leading to ESC differentiation.
However, more work testing the expression of MIRLET7BHG
in differentiated fetal leukocytes is required to establish the
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functional importance of our observations and is beyond the
scope of the current study.

The selection of the candidates for the FCO signature took ad-
vantage of isolated subtypes of adult and newborn blood cells in-
stead of using ESCs or hematopoietic progenitors. Our rationale
for this approach is based on the requirement in the discovery
step of making comparisons between homogeneous populations
present in both newborns and adults and the fact that such data
do not currently exist for the respective fetal and adult HSCs.
Although we implemented an analysis using ESCs and adult
HSCs, we foresaw that the dynamic state within ESC subpopula-
tions cannot correctly discriminate stochastic noise due to stem

cell dynamics from the potential variation due to early cell com-
mitment or coexistent cell states as observed in mouse models
(Singer et al. 2014). We acknowledge that starting with differenti-
ated cells as we did introduces some cell subpopulation hetero-
geneity (e.g., lymphocyte subpopulations) that cannot be
controlled in ourmodels. Nonetheless, usingUCB andAWB sorted
blood samples allowed a clear contrast between the more general
immune cell lineages in vivo. We believe that under very con-
trolled experimental conditions, this same approach would have
yielded a similar or an improved signature using ESCs and a select-
ed adult cell counterpart. Our sensitivity analysis using ESCs and
adult CD34+ cells suggested that at least 19% of the FCO signature

Figure 4. Candidate CpGs in the FCO methylation signature in the MIRLET7BHG locus on Chromosome 22. Box plots compare the DNA methylation
levels (as β-values) at each CpG site for ESC (in yellow), UCB (in orange), adult progenitors (in green), and adult whole blood (in magenta). In the boxplots:
(1) Thebox shows the interquartile range (IQR), (2) thewhiskers show the inner fences (1.5 × IQRout of the box), (3) the bolded line shows themedian of the
data, and the notches-horns display the 95% confidence interval of the median. We rearranged the scale of the boxplots to approximate the different ge-
nomic context measured by the probes. Above the boxplots, tracks from the UCSC Genome Browser show the epigenomic features of normal adult CD14+

monocytes including activating histone marks, DNase I hypersensitivity clusters, and transcription factor binding sites. (ORegAnno) Open Regulatory
Annotation Database (Lesurf et al. 2016). Differences in DNA methylation between fetal cells (ESC and UCB) and adult cells (adult progenitors and adult
whole blood) were statistically significant at P<2.0 × 10−16 after Bonferroni correction for all five CpG sites. Differences in DNA methylation between
ESC and adult progenitors were significant for four out of five CpGs (P<5.9 × 10−4) after Bonferroni correction (cg03684807 was not significant; P=0.26).
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was shared when using this approach. Our results, however, also
suggest a practical problem: When using ESCs, the ex vivo condi-
tions may generate heterogeneous populations of ESCs, making
them poor gold standards for comparison. In the absence of better
standards, the proposed FCO signature provides a good proxy of
the common fetal cell compartment. It is possible that the reduced
FCO estimated fractions in higher passaged embryonic cells points
to in vitro conditions leading to instability in the fetal epigenome
and may constitute a quality control issue during the ex vivo ma-
nipulation of stem cells. The FCO fractionmay provide one indica-
tor of epigenome stability that could be useful in evaluating fetal
cells expanded in vitro. An ongoing concern in adoptive cell trans-
fer therapies is the paucity of informativemarkers reflecting epige-
nomic stability of expanded cell populations, as for example, in
the expansion of UCB-derived T-regulatory cells (Seay et al. 2017).

We think our observations have additional implications and
potential applications for future research. In clinical and epidemi-
ological studies, the currently used cell correction methods
(Teschendorff et al. 2017; Titus et al. 2017) could benefit from
the additional information on cell heterogeneity provided by the
FCO signature. As an adjunct to current cell correction methods,
the FCO can reduce variability in methylation signals due to cell
composition and increase the specificity of EWAS analyses in iden-
tifying non-cell-type causal factors. Large-scale population studies
must also account for the nowwell-documented effects of age on a
subset of DNA methylation loci, the so-called Horvath clock CpG
loci (Horvath 2013), which we show here to be distinct from those

forming the FCO signature. Aging inhumans iswell known to alter
hematopoiesis, and recent studies in mice illustrate how it mani-
fests in HSCs at multiple layers of the epigenome, including
DNA methylation (Sun et al. 2014a). However, we did not see
any obvious parallels of age-related HSC methylation with the
FCO signature. None of the HSC age loci described inmice overlap
with the FCO target loci. The phenomenon of clonal hematopoie-
sis of indeterminate potential (CHIP) is another age-related hema-
topoietic variation of great potential clinical import (Jaiswal et al.
2014, 2017). It is known that CHIP occurs in ∼10% of otherwise
healthy persons of advanced age, which is similar to our FCO ob-
servations (Supplemental Table S7). However, in our study of 784
different adult samples (>18 yr), we found no significant correla-
tion of the FCO with the age of blood donors. In the absence of
an age-related explanation for increased FCO fractions in some
adults, we are led to ask if there is a heretofore unrecognized cell
component in adult blood with a distinct fetal cell ontogeny. In
this regard, the FCO may provide a tool to help resolve a long-de-
bated controversy about the occurrence of a B1 subtype of B-lym-
phocytes in humans (Descatoire et al. 2011; Griffin et al. 2011;
Hardy and Hayakawa 2015). In mice, B1 cells are well described
as long-lived self-renewing fetal-derived B cells that produce natu-
ral antibodies in the absence of apparent antigenic stimulation
and that localize in pleural and peritoneal cavities in adults
(Kantor and Herzenberg 1993; Ghosn and Yang 2015; Hardy and
Hayakawa 2015). Furthermore, an important role has been estab-
lished for Let-7 microRNA in mouse B1 cell development (Yuan
et al. 2012), and our studies have linked differential methylation
of MIRLET7BHG with our human fetal signature. To explore the
hypothesis that the blood FCO signal can arise from a unique
B-cell population will require isolation of candidate B1-cell popu-
lations and simultaneous measurement of the FCO fraction.
Human resident macrophages are another potential fetal-derived
cell type in adult tissues (Hoeffel and Ginhoux 2015, 2018); the
FCO signature could provide a means to explore epigenetic fea-
tures of the ontogeny of these cells as well.

While these results point to the potential for DNA methyla-
tion to mark developmentally regulated changes in the stem cell
compartment, we recognize some limitations. The current work
does not indicate whether cell intrinsic or extrinsic factors are in-
volved in the early developmental transitions in hematopoiesis.
We also have not yet examined the distribution of the FCO signa-
ture over time among different myeloid and lymphoid lineages or
applied the approach to clonal single cells. As currently applied,
our deconvolution approach does not capture the potential diver-
sity of progenitors beyond what we consider a core set of methyl-
ation events that are shared by embryonic stem cells. It is
conceivable that several ormany adult stem cells give rise to leuko-
cytes during adult life; our data would only indicate that most of
these do not share the features of ESCs. Finally, it is of great interest
that nonhematopoietic tissues also demonstrated a marked devel-
opmental age variation in the FCO signature fraction in fetal tis-
sues. There was evidence of heterogeneity in the FCO signature
fraction in brain and muscle according to fetal gestational age.
This observation, which is consistent with previous studies in fetal
brain (Jaffe et al. 2016), suggests that the transition observed post-
natally in hematopoietic cells occurs prenatally in a tissue-depen-
dent fashion. This observation begs the question whether the
kinetics of stem cell maturation are unique to each tissue.
Therefore, the FCO signaturemay be a tool that is useful to explore
stem cell heterogeneity more broadly in human development. In
conclusion, we defined and applied a DNA methylation signature

A

B

Figure 5. FCOmethylation signature deconvolution in blood leukocytes
sampled at birth through childhood and adult ages. Panel A shows the
loess smoothing curve across different ages ranging from newborn to
101 yr. In the top subplot of the panel is an enlarged depiction of the
marked decrease of the fraction of cells showing the FCO signature during
the first 18 yr of life. Panel B summarizes the reduction of the FCO signature
at different age intervals. In the boxplots: (1) The box shows the interquar-
tile range (IQR), (2) thewhiskers show the inner fences (1.5 × IQR out of the
box), (3) the bolded line shows the median of the data, and the notches-
horns display the 95% confidence interval of the median.
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common among human fetal hematopoietic progenitor cells and
have shown that this signature traces the lineage of cells and in-
forms the study of stem cell heterogeneity in humans under ho-
meostatic conditions.

Methods

Discovery data sets

For the discovery of CpGmarkers, we used three publicly available
data sets containing purified cell types (granulocytes: Gran, CD14+

monocytes: Mono, CD19+ B lymphocytes: Bcell, CD4+ T lympho-
cytes: CD4T, CD8+ T lymphocytes: CD8T, and CD56+ natural
killer lymphocytes: NK cells) from peripheral blood in adults and
cord blood in newborns (for details, see Supplemental Table S1,
discovery data sets). In brief, discovery data sets contained whole
blood and purified cell subtypes from several subjects: (1)
GSE35069 (Reinius et al. 2012) contained purified cells from six
adult subjects; (2) FlowSorted.CordBlood.450K (Bakulski et al.
2016) contained samples from 17 newborns; and (3) FlowSorted.
CordBloodNorway.450K (Gervin et al. 2016) contained samples
from 11 newborns.

Biomarker discovery: creation of a lineage-invariant

and developmentally sensitive DNA methylation signature

(the FCO signature)

We hypothesized that embryonic and adult hematopoietic stem
cells contain CpG loci that are unique to each of these types of
stem cells but that are invariant with respect to the lineage specifi-
cation of their progeny. Thus, a selection strategy was undertaken
in two steps: Using our discovery data sets, first we identified line-
age invariant CpG sites within isolated leukocyte populations
from UCB (fetal cells) and in adult whole blood (AWB), and sec-
ond, among these CpG loci, we identified the subset that provided
optimal discrimination between all subtypes of UCB and adult
leukocytes (Fig. 1).

The aforementioned three data sets were pooled and
included purified Gran, Mono, Bcell, CD4T, CD8T, and NK cells
only. Data sets were harmonized to include sex, DNAmethylation
age (Horvath 2013; Lowe et al. 2016), and a subject indicator.
Horvath’s DNA methylation age was calculated using the agep
function in the wateRmelon R-package (Pidsley et al. 2013). For
newborns, we estimated the Knight’s DNAmethylation gestation-
al age (Knight et al. 2016). The pooled data set was normalized us-
ing Funnorm (Fortin et al. 2014). Once normalized, we identified
CpG loci exhibiting differential patterns of methylation between
newborns and adults using two similar but distinct approaches.
In the first approach, a series of linear models adjusted for sex-
and sample-specific estimated DNAmethylation age were fit inde-
pendently to each of the J CpGs and to each cell type separately
(Equation 1).

Y(k)
ij = a(k)

0j + a(k)
1j I(tissuei = fetal)+ a(k)

2j sexi + a(k)
3j DNAmAgei + e(k)ij .

(1)

In Equation 1, Y(k)
ij represents the methylation β-value among sub-

ject i (i=1,2,…,N), CpG j ( j=1,2,…,J), and cell type k (k=1,2,…,K).
For each of the J×Kmodels that were fit, we tested the hypothesis
that themeanmethylation β-value is equivalent between fetal and
adult tissues (e.g., H0: a

(k)
1j = 0) and retained CpG loci exhibiting a

statistically significant difference (FDR<0.05). In the second
approach, a series of linear mixed effect models adjusted for sex,
sample-specific estimated DNA methylation age, and cell type
(to obtain invariant loci across cell types), and including a

subject-specific random intercept, were used to identify differen-
tially methylated CpG loci between adult versus fetal tissues
(Equation 2).

Yij =b0j + b1jI(tissuei = fetal)+ b2jsexi + b3jDNAm Ageij

+
∑K

k=1

gkjI(celltypeij = k)+ bi + eij. (2)

For each of the J fitted models, we tested the hypothesis that the
mean methylation β-value is equivalent between fetal and adult
tissues (e.g.,H0 : β1j=0) and retained CpG loci exhibiting a statisti-
cally significant differences (FDR<0.05) for further analysis.While
our strategy for identifying developmentally variant loci involved
fitting a series of linear regression and linear mixed effects models,
treating the methylation β-values as the response, we note the ex-
istence of alternative models (Du et al. 2010; Saadati and Benner
2014) that could be used as a substitute or in addition to the mod-
els considered here.

We next compared the results of the seven models (e.g., six
linearmodels, one fit to each cell type, alongwith the linearmixed
effects model) to identify CpG loci exhibiting statistically signifi-
cant (FDR<0.05) differences between fetal and adult tissues across
all sevenmodels (1255CpG loci). Of those, CpG loci exhibiting in-
consistent patterns of differential methylation fetal and adult tis-
sues across any of two the seven models were filtered out. This
resulted in a set of loci that exhibited consistent patterns of differ-
ential methylation across all cell types. Among those, we priori-
tized loci that showed absolute differences in methylation
between fetal versus adult tissues greater than 0.1 across all cell
types (1218 CpGs). The filtered candidate CpG list was then sub-
ject to a test for enrichment to identify biological pathways en-
riched with the associated genes using the MSigDB v6.0 curated
database 2 using three different approaches: (1) ToppGene, which
uses a classical hypergeometric distribution test (Chen et al. 2009);
(2) GREAT v3.0.0 (Genomic Regions Enrichment of Annotations
Tool) (McLean et al. 2010), which interrogates potential cis-regula-
tory regions (5000 bp upstream and 1000 bp downstream, as
well as an extended region 1 Mbp of the CpG site) that are not
captured using the genes associated to the CpG site; and (3) the
R-package missMethyl to account for the potential microarray
bias (Phipson et al. 2016). To mitigate the potential for bias, we re-
stricted the background to consider only those genes interrogated
in the Illumina HumanMethylation 450K array. We selected the
pathways that overlap among the three approaches. In addition,
we used ToppGene to test for enrichment of loci on the
Progenitor Cell Biology Consortium database (Chen et al. 2009;
Salomonis et al. 2016).

The next step involved reducing the candidate CpGs to a
short instrumental list that provided optimal discrimination be-
tween adult and fetal tissues but minimal residual cell-specific ef-
fects. For this step, a confirmatory PC analysis was used to
quantitatively compare differences in the components of the can-
didate list. The first PC should account for differences between
adult and fetal, whereas subsequent PCs should account for in-
ter-subject variability, residual cell type confounding, and other
sources of technical noise. Indeed, in our analysis we observed
that the first PC associated strongly with origin of the cell type
(i.e., fetal versus adult), whereas the second PC indicated a small,
but noticeable cell-specific effect (Supplemental Fig. S2). To iden-
tify loci with residual cell-specific effects, we computed the geo-
metric angle between the x-axis (direction of the first PC) and
the vector formed by loadings for PC1 (x) and PC2 (y) for each
CpG. The geometric angle calculation uses x and y as the legs of
the triangle, and then using the inverse trigonometric function
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arctangent (atan), the geometric angle is obtained as degrees = atan
(x/y) × (180/π) with a known distribution between −90 and +90.
CpGs with angles close to 0° represent those predominantly influ-
encing PC1 (i.e., fetal versus adult differences), whereas angles
away from 0° are indicative of contribution to PC2 (i.e., cell-specif-
ic effects). Tominimize cell-specific signal among CpGs, we select-
ed only those CpGs whose angle was close to 0° to form our FCO
signature. Using the derived FCO signature, we proceeded to
deconvolute the fetal versus adult cell fraction using constrained
projection quadratic programming (CP/QP) proposed by
Houseman (Houseman et al. 2012), substituting the default refer-
ence library with the library identified based on the above analysis
(Supplemental File S1). For analyses using GEO data sets, no addi-
tional normalization steps were employed to the already prepro-
cessed β-values. β-value distributions were, however, inspected
for irregularities, and where relevant, k nearest neighbors was per-
formed for missing value imputation.

Replication

We used purified Gran, Mono, Bcell, CD4T, CD8T, and NK from
three replication data sets: (1) GSE68456 (de Goede et al. 2015) in-
cluded samples from cord blood of 12 newborns; (2) GSE30870
(Heyn et al. 2012) contains purified CD4T of one adult and one
newborn; and (3) GSE59065 (Tserel et al. 2015) included 99
CD4T and 100 CD8T samples.

AUROC, stability of the FCO estimations, and synthetic mixture

statistical validation

We used five independent data sets to evaluate the classification
AUROC of the FCO signature and the stability of the FCO estima-
tions (Supplemental Methods S1): GSE80310 (Knight et al. 2016),
GSE74738 (Hanna et al. 2016), GSE54399 (Montoya-Williams
et al. 2017), GSE79056 (Knight et al. 2016), and GSE62924
(Rojas et al. 2015). To simulate syntheticmixtures, we used two ad-
ditional DNA methylation data sets: GSE66459, a fetal UCB (n=
22) data set (Fernando et al. 2015), and GSE43976, restricting to
those samples of adult peripheral blood (n=52) data set (see
Supplemental Methods S2; Marabita et al. 2013).

Embryonic stem cells (ESC), induced pluripotent stem cells (iPSC),

and hematopoietic cell progenitors

To explore the ontogenyof the stem cellmethylation signature, we
examined several databases of arrayed hematopoietic progenitors:
(1) GSE31848 (Nazor et al. 2012), undifferentiated ESC (n=19) and
iPSC (n=29); (2) GSE40799 (Weidner et al. 2013), three fresh
CD34+ stem/progenitor cells from fresh UCB; (3) GSE56491
(Lessard et al. 2015), 12 CD34+ cells from fetal liver and 12 from
adult bonemarrow, which were differentiated ex vivo to erythroid
cells; (4) GSE50797 (Rönnerblad et al. 2014), three adult bone
marrow samples were used to isolate two different CD34+ myeloid
progenitors (common myeloid progenitors [CMP] and granulo-
cyte/macrophage progenitors [GMP]) and two different CD34−

immature myeloid progenitors (promyelocyte/myelocyte [PMC]
and metamyelocyte/band-myelocyte [PMN]); and finally, (5)
GSE63409 (Jung et al. 2015), five adult bone marrow samples in-
cluding six different isolated CD34+ progenitors (CD34+adult
stem cells, multipotent progenitors [MPP], lymphoid primed mul-
tipotent progenitors [L-MPP], CMP, GMP, megakaryocyte-ery-
throid progenitors [MEP]) (see Supplemental Table S1.

Fetal/embryonic and adult somatic tissue

We applied the FCO algorithm to data fromnonhematopoietic tis-
sues to explore the specificity of the DNA methylation signature
among tissues derived from diverse embryonic layers and progen-
itors. For this purpose, we included six additional data sets restrict-
ed to those organswith at least one adult (necropsies) and one fetal
(abortuses) sample (see Supplemental Table S1): (1) GSE61279
(Bonder et al. 2014), liver samples (fetuses n=14, adults n=96);
(2) GSE31848 (Nazor et al. 2012), different organ biopsies (fetal
n=28, adults n=13); (3) GSE56515 (Slieker et al. 2015), different
organ biopsies (fetal n=26); (4) GSE48472 (Slieker et al. 2013),
different organ biopsies (adults n=18); (5) GSE58885 (Spiers
et al. 2015), brain samples (fetal/embryonic n=179); and (6)
GSE41826 (Guintivano et al. 2013), frontal brain neurons (adult
n=29).

Functional annotation of selection regions

We explored the regulatory features of candidate FCO loci using
ENCODE (Rosenbloom et al. 2013; Sloan et al. 2016) and annotat-
ed the functional features of the 27 candidates using the human
ESCs and human umbilical vein endothelial cell feature available
therein.

Age-dependent changes in the FCO methylation signature

in human populations

The following step took advantage of several data setswith subjects
of different ages. Five data sets were selected for this purpose: (1)
GSE83334 (Urdinguio et al. 2016), 15 paired samples (cord blood
and 5-yr-old whole blood cells [WBC]); (2) GSE62219 (Acevedo
et al. 2015), WBC samples from 10 children; (3) GSE36054
(Alisch et al. 2012), 176 WBC of children; and (4) GSE40279
(Hannum et al. 2013), 656 adult WBC samples. Finally, WBC
and peripheral blood mononuclear cells samples available from
the discovery and replication data sets were pooled (see
Supplemental Table S1).

Sensitivity analyses

As per the method of Morin et al. (2017), we evaluated whether
any of the UCB samples used in this manuscript showed any
evidence of maternal blood contamination. We used the 10
CpGs described in the manuscript to cluster the samples. UCB
samples showing evident hypermethylation and with inconsis-
tent DNA methylation age (>3.6 yr margin of error reported by
Horvath 2013) were excluded from the analyses (for details, see
Supplemental Methods S3).
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