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36 Abstract

37  Background: DNA methylation profiling of peripheral blood leukocytes has many

38 research applications, and characterizing the changes in DNA methylation of specific
39  white blood cell types between newborn and adult could add insight into the maturation
40  of the immune system. As a consequence of developmental changes, DNA methylation
41  profiles derived from adult white blood cells are poor references for prediction of cord
42 blood cell types from DNA methylation data. We thus examined cell-type specific

43  differences in DNA methylation in leukocyte subsets between cord and adult blood, and
44  assessed the impact of these differences on prediction of cell types in cord blood.
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Results: Though all cell types showed differences between cord and adult blood, some
specific patterns stood out that reflected how the immune system changes after birth. In
cord blood, lymphoid cells showed less variability than in adult, potentially
demonstrating their naive status. In fact, cord CD4 and CD8 T cells were so similar that
genetic effects on DNA methylation were greater than cell type effects in our analysis,
and CD8 T cell frequencies remained difficult to predict, even after optimizing the library
used for cord blood composition estimation. Myeloid cells showed fewer changes
between cord and adult and also less variability, with monocytes showing the fewest
sites of DNA methylation change between cord and adult. Finally, including nucleated
red blood cells in the reference library was necessary for accurate cell type predictions
in cord blood.

Conclusion: Changes in DNA methylation with age were highly cell type specific, and
those differences paralleled what is known about the maturation of the postnatal
immune system.

Keywords: DNA methylation, immune system, development, cord blood, white blood
cells, 450k

Background

One of the main established roles for DNA methylation (DNAm) is in development,
where it contributes to the functional maturation, lineage commitment and fate of cells.’
This has two important implications; the first is that DNAm within a given cell type will
change over time as cells differentiate and function develops.? The second is that
different types of terminally differentiated cells will have very distinct DNAm profiles.®*
As the age of individuals and cell type are two of the major determinants of DNAm
variability, analyses of DNAm data must carefully consider those variables.>® Due to an
important role of DNAm in development, close assessment of developmental

processes, by identifying specific genes or genomic regions that change with age.

This is of particular interest in blood, where development of the immune system in early
life is linked to long term health outcomes, and so the analysis of the changes in DNAmM
from birth to adulthood may provide insights into how the immune system matures.
Umbilical cord blood is an important and much utilized research tissue, as it is easy to
collect from the umbilical cord post-delivery, and thus many studies have assessed
DNAm in relatively large numbers of cord blood samples.”8 Cord blood is very distinct
from adult blood, as it contains a much greater abundance of nucleated red blood cells

(nRBC) expressing unique proteins such as fetal hemoglobin, as well as functionally
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distinct myeloid and lymphoid cells®'® These distinct functions reflect the greater
reliance on innate immunity in newborns, as adaptive immune cells requires exposure
to pathogens in order to mature and generate functional memory'"'?2 Thus, one might
expect that innate immune cells such as granulocytes, monocytes, and NK cells, would
be more similar over development than adaptive immune cells like B and T cells.
However, this relationship is more complex, with differences observed even in the
function of innate immunity between newborns and adults, indicating that the

functionality of specific innate cell types also changes over development'312.14,

These biologically meaningful differences in function are likely to be reflected in DNAmM
changes over developmental time, and thus can cause complications for the analysis of
DNAm data, as computational tools designed for use in adult blood may not function as
well for blood from children or newborns. An example of this is cell-type deconvolution,
which is one of the major tools used to account for inter-individual differences in cell
type composition in mixed tissue samples, such as blood, when more direct measures
are not available.'®'® Failing to account for these inter-individual differences in cell type
composition can lead to both false positive and false negative results in epigenetic
association studies, and therefore accurate implementation of this tool in a
developmental context is essential.>® Perhaps not surprisingly, as the most commonly
used tool was designed for adult references, it performs poorly on cord blood data.?%-?4
In an attempt to address this problem, three different reference datasets for cord blood
to create developmental stage specific libraries have been published, but validation
studies using these updated references only partially close the gap between adult and

cord blood prediction accuracy.?9-22:25

In this study, we compared DNAm profiles of purified leukocyte subsets from cord and
adult blood, with the goal of further understanding the biological differences in each cell
type as they mature. Using these insights, we then tested specific assumptions of
existing deconvolution methods for estimating cell type proportions in cord blood,
modified the algorithm to account for the differences between cord and adult, and
evaluated the prediction accuracy on two data sets. We showed that differences
between cord and adult blood cell types reflected the functional maturation of the
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111 immune system, and these differences must be incorporated into the design of methods
112 to be used on DNAm data.

113
114 Results
115  Cell type-specific DNA methylation in adult and cord blood

116  Previous reports have shown that adult references poorly predict cell types in cord

117  blood.?%?2 We hypothesized that differences in DNAm between cord and adult blood
118  might impact the performance of cell type deconvolution, and so compared patterns of
119  DNAm in the adult and cord blood reference data sets.®2%2% In order to take advantage
120  of as many samples as possible, we combined two previously published cord blood data
121  sets, and compared them to a publicly available adult blood data set (Table 1).320:25 All
122 three data sets were generated from Fluorescence Activated Cell Sorting (FACS)-

123  isolated white blood cell types from healthy donors, resulting in 6 sets of adult blood and
124 18 sets of matched 450k cord blood DNAm profiles. All three sets were combined and
125  processed together, and after processing and filtering, 428,688 probes remained.

126  Visualization by hierarchical clustering of all CpGs analyzed showed that samples

127  grouped first by myeloid (granulocytes, monocytes) versus lymphoid (B, T, NK cells)
128 lineage, then by age, and finally by specific cell type (Figure 1A). Adult lymphocytes

129  were the most distinct group, followed by nRBCs. In cord blood samples, CD4 and CD8
130 T cells clustered in one large group, paired by individual as opposed to cell type. This
131 indicated that the influence of genotypic variation within our study population

132 outweighed the influence of cell type on DNAm patterns of CD4 and CD8 T cells in cord
133 blood. To further test this, we performed a silhouette analysis, with cell types as

134  clusters. Consistent with expectations, all cell types clustered relatively well, with the
135  exception of CD8 T cells, where cord CD8 T cells did not cluster well with adult CD8 T
136  cells (Figure S1).

137
138  Table 1: Summary of data sets used in this study
Reinius Gervin de Goede
Age Adult Cord Cord

% female 0 54.5 71.4
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143  n=5 for each adult cell type, n=18 for cord B cells, CD4 T cells, granulocytes,

144  monocytes, and NK cells, n=17 for CD8 T cells, and n=7 for nRBCs. Samples clustered
145  first by lineage (pink = myeloid, pale blue= lymphoid), then by age (black = adult, grey =
146  cord), and then by specific cell type (colour scale below). B) The first six principal

147  components of the data set in A, where circles are adult samples and triangles are cord
148 blood samples, colours as above, and percent of variance indicated on the relevant

149  axis. C) Number of sites in each cell type with an SD>0.05 in adult and cord cell types.
150  See full counts of variable sites for all cell types and cell mixtures in Table S1. D)

151 Heatmap showing number of sites that distinguish between each pair of cell types in
152 adult versus cord data (adult nRBC values were set to zero). The red colour indicates
153  that more sites distinguish these cell types in adult and purple indicates that more sites
154  distinguish these cell types in cord.

155

156  Next, we used Principal Component Analysis (PCA) to determine how the patterns of
157  variability in DNAm differed between cord and adult blood cell types. We first examined
158  the first six principal components (PCs), accounting for more than 80% of the variance
159 and which separate the different cell types. The first PC, accounting for 37% of the

160  variance, separated the myeloid and lymphoid lineages (t-test p<1x107'6), with distinct
161  clustering of cord and adult samples in the second PC (t-test p<1x10-'), accounting for
162 14% of the variance (Figure 1B). Myeloid cell types clustered more closely than

163  lymphoid cell types across PCs, perhaps reflecting a relative functional and lineage

164  proximity. These findings were consistent with the results of our hierarchical clustering
165 analysis. Next, we visually examined the spread of PC scores within a cell type, an

166 indication of how similar the samples within a cell type are to one another. Across both
167  of the top PCs, adult lymphoid cell types showed greater variability compared to myeloid
168  cell types (Figure 1B). The variability within adult lymphoid cells was also higher than
169  their corresponding cord blood cell types in these first PCs, which may reflect an

170  increasing proportion of differentiated effector and memory T and B cells due to antigen
171  exposure over lifespan.

172 To quantify the observed differences in variability between cord and adult blood

173 observed by PCA, we examined the number of variable sites within each cell type. We
174  hypothesized that a high number of variable sites in any particular cell type might make
175 it more difficult to identify tissue-specific sites, as variable sites within a cell type are

176  unlikely to be good cell type markers. Due to different sample numbers, we compared
177  the adult samples only to one sorted cord blood data set (de Goede), which have similar
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178  sample sizes (n=6 adult, n=7 cord), but includes nRBCs. We defined a variable probe
179  as having a beta value standard deviation greater than 0.05 (Table S1). Notably, nRBCs
180  exhibited a large number of variable probes (77,888). All cell types showed more

181  variable sites in adult than in cord, and B cells, CD8 T cells, and NK cells showed

182  considerably more than CD4 T cells, monocytes and granulocytes. While overall, the
183  total numbers of variable sites were likely not high enough to influence the accuracy of
184  cell type prediction, higher variability in adult lymphoid cell types might be reflective of

185 inter-individual differences in adaptive immunity (Figure 1C, raw counts in Table S1).

186  We next determined whether cell type pairs were more or less difficult to distinguish

187  from one another in cord blood as compared to adult blood. To do this, we extracted the
188  number of differentially methylated probes within cord or adult whole blood using

189  pairwise comparisons for all cell types with a stringent nominal p value of 1x10". As

190 expected, we found different candidate cell type DNAm markers between the two ages,
191  but also noted important differences in the numbers of CpGs that can distinguish

192  between cord and adult blood cell types (Figure 1D). All pairs, except those involving
193  granulocytes, had more sites distinguishing pairs in cord than in adult samples. This

194 may be because cord samples were less variable than adult within a cell type as

195 observed in both PCA and the number of variable sites, making it easier to distinguish

196  one cell type from another.

197  To identify cell type specific DNAm differences between cord and adult blood, we

198 performed an epigenome-wide association study (EWAS) between cord and adult in the
199  six common cell types (CD4 T, CD8 T, NK, B, granulocyte and monocyte) and the two
200 cell mixtures (whole blood and mononuclear cells). As expected, a large number of

201  CpGs were differentially methylated between cord and adult blood at a p value of 1x10”
202  and a mean DNAm difference of 10% (min 2989 for monocytes, max 9885 for

203  granulocytes, Figure 2A, Figure S2, Table S2). In the purified cell types, 588 CpGs were
204  differentially methylated between cord and adult samples in all six types, and 397 and
205 2062 CpGs were lymphoid or myeloid specific, respectively (Figure 2A, full overlap in
206 Table S3).
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208 Figure 2. DNA methylation differences between cord and adult blood cells by cell
209 type and genomic location. We performed an EWAS comparing cord to adult samples
210 for each cell type, retaining sites with a p value <1x10-" and a mean DNA methylation
211  difference >10% (visualized in Figure S2). A) The number of significantly differentially
212 methylated CpGs between cord and adult blood in the six cell types. Significant CpGs in
213 all cell types are in grey (N=588), lymphoid specific (N=397) or myeloid specific

214 (N=2062) CpGs are in pale blue or pink, respectively, and the remaining CpGs are in
215  the colour of that cell type. Note that these might not all be unique to that cell type, but
216  are neither common, nor specific to lymphoid or myeloid cells. Total pairwise overlap
217  numbers are in Table S2. B) Number of CpGs in mixed tissues which were differentially
218  methylated (N=2558 and N=1993 in whole blood and mononuclear cells, respectively),
219 and overlap with the differentially methylated sites in each cell type. The number of sites
220  common across all cell types and cell mixtures (N=507 out of 588 in grey in part A) was
221  subtracted from the total number. C) Proportion of differentially methylated CpGs in

222 each cell type and cell mixture that fall within each of the four CpG island classes (HC =
223 high density, IC = intermediate density, ICshore = CpG island shore LC=low density). D)
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Proportion of differentially methylated CpGs in each cell type and cell mixture that fall
within five common genomic features. Sites not annotated to a specific region are not
shown.

In an effort to determine how much of these differences were due to genetic effects,
given that our cord and adult samples were not from the same individuals, we examined
the overlap with CpGs previously identified as being associated with genotype (mQTLs)
in cord blood in the ARIES data set (Table S3).28 We hypothesized that genetic effects
would be observed at highest proportion in those sites which were differentially
methylated between cord and adult samples in all cell types, as cross-tissue genetic
effects seem to be more frequent than tissue-specific genetic effects.?6?” The results
from these analyses revealed that between 9 and 11% of the myeloid- and lymphoid-
specific differentially methylated sites were currently reported mQTLs. In the individual
lymphoid cell types, 6-12% of the differentially methylated CpGs between cord and adult
blood were cord blood mQTLs. Interestingly, the myeloid cell types showed a very
different pattern, where 18% of the differentially methylated CpGs in granulocytes and
79% in monocytes were cord blood mQTLs. This result was surprising, as it implies that
many of the differentially methylated CpGs between cord and adult blood in monocytes
might be mQTLs, despite the fact that it already had the smallest number of differentially
methylated sites among cell types. This could have interesting implications for future
assessment of genetic influences on cell type specific DNAm.

Next, we examined the differentially methylated sites between cord and adult in two
commonly used cell mixtures; whole blood, which contains all cell types and
granulocytes are by far the most prevalent and blood enriched for mononuclear cells,
which primarily removes granulocytes, leaving CD4T cells as the most prevalent cell
type. We hypothesized that the differences between cord and adult in these mixtures
would be influenced by the underlying cell proportions, meaning that differentially
methylated CpGs in each mixture would overlap most with the most prevalent cell type
in that mixture. This was indeed observed, with differentially methylated sites in
mononuclear cells overlapping most with those sites which were differentially
methylated in CD4 T cells and, and likewise whole blood sites overlapped most with

granulocyte sites (Figure 2B).
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Finally, we examined the genomic feature locations of the differentially methylated sites
between cord and adult in all cell types by mapping each CpG to CpG island class (HC:
high density CpG island, LC: low density CpG island, IC: intermediate density CpG
island) and genomic features. In NK and B cells, more CpGs mapped to high density
(HC) islands and less for low density (LC) islands. CD4 T cells showed the opposite
pattern. Overall the cell types were quite consistent in enrichment for CpG island status
(Figure 2C). Few differences between the cell types and mixtures were observed for
enrichment of the six genomic regions (15t exon, 3’'UTR, 5’UTR, gene body, TSS200,
and TSS1500) investigated (Figure 2D).

Probe type selection method and inclusion of nRBCs influenced cell type prediction
accuracy in cord blood

Given that DNAm showed substantial differences between cord and adult blood in both
variability and at specific sites across the genome, we next identified which parts of the
deconvolution algorithm might be affecting the accuracy of predictions in cord blood. To
do this, we used a validation data set of 24 whole cord blood samples from which both
DNAmM measurements and matched cell counts determined by flow cytometry were
available. First, we applied the existing deconvolution algorithm from the minfi package
using default settings to the test data using the adult references, and repeated the same
prediction using the cord references that included nRBCs. The results from these
analyses revealed moderate prediction of cord blood cell types using adult references,
and slightly improved predictions using the de Goede cord blood references, in
agreement with previous studies (Figure S3).20-22

We then hypothesized that the method for selecting sites to use in deconvolution could
influence its prediction accuracy, as the observed differences between cord and adult
DNAmM mean that the method created for adult blood may be less effective on cord
blood. Several selection heuristics have been proposed and modified over the past few
years.?82° The original method selected the top 50 probes that display higher and lower
DNAm in each cell type according to their effect size, for a total of 100 probes per cell

type. In cord blood, we replicated a previous finding that for monocytes in particular, this


https://doi.org/10.1101/399279

bioRxiv preprint doi: https://doi.org/10.1101/399279; this version posted August 23, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

286  selection method chooses many sites that do not distinguish between monocytes and
287  other cell types, as there are less than 20 monocyte markers that have higher DNAm in
288  monocytes than other cell types (Figure S4).22 This means that in cord blood, forcing
289  probe selection to include an equal number of higher and lower methylated probes

290  would adversely affect monocyte prediction at the very least, which would in turn reduce
291 the accuracy of prediction for the other cell types.

292  Next we examined the predictions of nRBCs, which can account for up to 25% of the
293  nucleated cell composition in cord blood, and possibly more of the DNAm signal due to
294  cell free DNA from nRBCs that had already extruded their nuclei.?> As previously

295 reported, nRBCs have a unique DNAm profile in cord blood, quite different from the

296  typical bimodal distribution of DNAm patterns in other cell types (Figure S5A).2° In

297  addition, not including nRBCs in the reference library, as occurs when using the Gervin
298 reference data set, violates one of the assumptions of the deconvolution method, which
299 s that all major cell types are represented in the reference set.'® Thus, we assessed the
300 impact of removing nRBCs from our reference set. For each sample in the validation
301 data set, we predicted cell type proportions with and without the nRBCs included. We
302 then calculated percentage change in estimated proportion for each sample and found
303 an uneven impact across cell types, with B cells (20% mean, 50% maximum), monocyte
304  (10% mean, 52% maximum) and NK (21% mean, 62% maximum) cells having the

305 largest percentage difference in predicted cell type caused by the removal of nRBCs
306 from the reference set (Figure S5A). The magnitude of impact was related to both the
307 abundance of cell type and similarity of DNAm profiles between cord blood cell types as
308 shown by hierarchical clustering across discriminating probes used in the deconvolution
309 (Figure S5B). This demonstrated how inclusion of nRBCs, which displayed distinct

310 DNAm patterns in cord blood, was crucial for accurate deconvolution.

311

312 Using cord references, modified probe selection, and including nRBCs resulted in
313  improved age-specific cell type prediction accuracies in whole blood data sets

314  Our results have shown that the difference in performance between adult and cord
315 blood were likely not due to any single main factor, but rather the compounding of
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multiple effects based on the unique properties of cord blood. By resolving the issues
identified above, we produced cord blood prediction performance that were more
comparable to previously reported adult whole blood deconvolution in our validation
data (B cell rho=0.73, CD4T rho=0.84, CD8T rho=0.40, gran rho=0.64, mono rho=0.53,
NK rho=0.67, nRBC rho=0.66, Figure 3A)."° All cell types showed good correlations,
though nRBCs and CD8 T cells seemed to be over-estimated across all samples. PCA
analysis shows that most of our predicted cell type proportions were significantly
associated with PC1 of cord blood DNAm, as expected (Figure 3B). Interestingly, the
signal for nRBCs, specific to cord blood, was only associated with PC2 and PCA4,
signifying that the nRBC contribution to DNAm pattern in cord blood accounts for less

variance than the other cell types.
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Figure 3: Including nRBCs, altering the probe selection, and using cord
references improved deconvolution accuracy in cord blood. A) flow cytometry-
based cell counts (x axis) compared with DNAm predicted (y axis) enumeration for each
of the seven cord blood cell types. Spearman’s rho for each is shown. Coloured lines
indicate regression line for each cell type, and shaded areas 95% confidence interval.
B) PCA on 24 whole cord bloods shows associations between deconvolution-based cell
counts and PC1, as expected.

To validate the modifications to the cord blood cell type prediction method, we applied
our method to an external data set of 191 cord blood samples with flow cytometry-
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338  based cell type enumerations from the Generation R cohort study. '©20:3° Unfortunately,
339 this validation data set has not measured nRBCs, and so although we predicted nRBCs,
340 we were unable to validate predictions of this important cell type. However, the

341 prediction accuracy of the other cell types were generally higher than previously shown
342  (Figure 4).?° This indicates that the combination of using cord references and including
343 nRBCs combined with correct probe type selection for cord blood result in accurate

344  predictions across data generating platforms.

345
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347 Figure 4: Improved deconvolution resulted in improved prediction accuracy in an
348 independent validation cohort of 191 cord blood samples. Blue line indicates linear
349 regression line, and grey shading indicates 95% confidence interval. nRBCs were

350 predicted using deconvolution but not measured using FACS and so are not shown.

351
352 Discussion

353 Here, we have explored intrinsic biological differences in DNAm between cord and adult
354  blood cell types. In addition to providing important insights into the fundamental
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355 developmental trajectories of DNAm, these analyses led to important adaptations to
356  deconvolution methods that are necessary for accurate predictions of cell type

357 composition in whole cord blood samples. It has been previously shown that DNAm is
358 highly variable with age, but age-related effects on individual cell types have not been
359  as well studied.??

360 At least two clear differences exist between cord and adult white blood cells that could
361 influence DNAm, and which might differ across cell types. The first is the impact of age
362  and immunological maturation of white blood cell types after birth.23'.32 While not yet
363 documented, it was perhaps not surprising that DNAm patterns from cord and adult cell
364  types were visually distinct in both clustering and PCA analysis. However, the number
365 of variable sites within cell types was highly different between cord and adult samples.
366  Though all cell types had distinct PCA patterns between cord and adult, this was

367 accentuated in lymphoid than myeloid cells. This observation likely reflected a

368  predominant functional maturation of lymphoid cells post-natally, in contrast to myeloid
369 cells whose function matures predominantly earlier during fetal development. 103132
370  Further, CD4 and CD8 T cells clustered very differently in cord blood than in adult

371  blood. In adults, CD4 and CD8 T cells clustered separately, whereas in cord blood they
372  clustered by individual rather than by cell type. These results suggested that neonatal
373 CD4 and CD8 T cells were more similar at the DNAm level, which may reflect a relative
374 lack of functional differentiation between these two cell lineages prior to antigen

375  exposure. This may also explain why CD8 T cells proportions were difficult to predict
376  accurately in cord blood here, as was also observed in a previous study.?° It is possible
377 to predict CD4 T cells more accurately due higher abundance, compared to CD8 T

378  cells, which are both hard to discriminate and of lesser abundance in cord blood.33

379  Thus, a possible solution could be to combine these two cell types for prediction of cell

380 composition in cord blood samples.

381  Both variability and EWAS results demonstrated that DNAm differences between cord
382 and adult blood were distinct between cell types. Adult cell types were more variable
383  than cord, with B, CD8 T, and NK cells showing the largest differences. EWAS within
384  cell types identified thousands of DNAm differences between cord and adult, but the

385  specific number of differentially methylated CpGs varied across cell types, with
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granulocytes showing the most differentially methylated sites and monocytes the least.
This finding is unusual, given that in the PCA analysis, both granulocytes and
monocytes showed more similar broad DNAm patterns between cord and adult than
any of the lymphoid cell types. Additionally, there were many more sites that differed
between cord and adult and were common between the two myeloid cell types than
between the lymphoid cells. This could be a further indication that at least at the level of
DNAm, myeloid cell types were more similar to one another than the lymphoid cell
types, but it was also possible that the overlap appeared higher because there are only
two myeloid cell types, rather than the four lymphoid, and so the overlap may be higher
by chance.

Interestingly, in lymphoid cells approximately 10% of the estimated differences between
cord and adult overlapped cord blood mQTLs, suggesting a genetic influence on the
DNAm variation. In myeloid cells it was much higher, up to 79% in monocytes,
suggesting that most of the differences between cord and adult cell types were actually
genetic effects. This implies much less DNAm change in monocytes with age compared
to other cell types, which is also consistent with previous reports.* Combined with the
finding that monocytes, uniquely of all cell types, do not have many probes that are
more methylated compared to the other cell types, monocytes seem to be quite different
from other cell types in terms of their changes in DNAm with age. This may partly
explain why, even after modifying the cord blood prediction, monocytes remain one of
the most difficult cell types to predict, with the worst correlation coefficient of any cell
type in the GenR data and the second worst in our validation data.

The second major difference between cord and adult blood that might impact
deconvolution is the presence of nRBCs. Due to their abundance and unusual DNAm
patterns, the presence of nRBCs influences DNAm pattern in cord blood, but to date
their impact on estimation of cell type proportions has been poorly understood.?%3% We
showed that omitting nRBCs from the predictions reduced accuracy of predicting the
other cell types. This analysis documented how heavily the constrained projection
framework depends on a reference of each major cell type in the mixture. Eliminating
one cell type will reduce prediction performance, though it is not always clear which cell

type will be allocated to make up for one that is missing, and nRBCs may be particularly
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417  prone to this due to their unusual DNAm pattern.' In addition, we note that while the
418 predicted nRBC proportions were well correlated with the measured proportions, these
419  were all scaled proportionally higher. One possible explanation is that the amount of
420 nRBC DNA in a sample is not all contained within nRBCs and thus not reflected in cell
421  counts. As these samples were derived from term births, red blood cells are in the

422  process of extruding their nuclei, potentially leaving acellular DNA in the extracellular
423 material which would then be collected along with the nuclear DNA from intact cells .
424 Such a process could explain the difference observed, as the deconvolution method is
425  predicting the proportion of NRBC DNA, not cells. Given the high correlation, we are
426  confident that the predictions were accurate for use as corrections, although using the
427  magnitudes of predicted nRBC counts as an outcome should be done with caution. Of
428  additional interest, although nRBCs are common in cord blood, they are not unheard of
429  in adults, with substantial amounts having been reported in anemias, some leukemias,
430  and some cardiac conditions.?” In those cases, prediction of cell type composition by
431 DNAm using adult references may demonstrate reduced accuracy, as shown in our

432 experiment removing nRBCs in cord blood.

433  Putting all of our findings into a bigger perspective, we believe that reference-based
434  prediction techniques are currently the best option for dealing with inter-individual

435  differences in cell type proportions where cell counts are not available. In this case, our
436  findings have shown that biological differences are associated with prediction accuracy,
437  but this approach is not without limitations. First, our reference dataset is based on cell
438  purification using FACS. This technology discriminates based on cell surface markers
439  and does not distinguish between subpopulations within a particular cell type, which
440  may also differ across development.® Second, cell counts for our validation data were
441  quantified using a combination of flow cytometry and the complete blood count. This
442  combination of methods runs the risk of compounding errors from the two methods and
443  thus decreasing accuracy. However, given that we were able to show high accuracy of
444  prediction on samples from two independent data sets, we believe that these counts
445  were sufficiently accurate for correction in EWAS studies. Finally, the adult and cord
446  data came from different data sets and different individuals, which means that both

447  genetic differences and batch effects might inflate our estimate of age-specific
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448  differences. To account for genetic differences, we assessed mQTL enrichment of our
449  age-specific findings as described. Batch effects are more difficult, as they are

450 confounded by age, and therefore not possible to specifically remove. However, since
451  there is no expectation that batch effects would be cell-type specific, the comparisons
452  between cell types should be equally affected by batch effects, and thus not bias the
453  interpretation of the findings.

454
455 Conclusions

456  The exciting potential of epigenetic profiling of cord blood as a marker of in utero

457  environmental exposure should be balanced by an understanding of the unique

458  properties of that tissue. Based on our results, it is clear that leukocyte of different

459  lineages mature differently in utero and after birth resulting in different DNAmM between
460  cord and adult cell types. These appeared to be primarily driven by lymphocytes, which
461  have very similar DNAm profiles in cord blood compared to adults, mirroring their

462  acquisition of immunological memory postnatally upon antigen exposure. These findings
463  suggest an important functional role of DNAm in immune cell maturation during

464  development, and indicate why DNAm-based tools that are generated in adults should
465  be applied to other ages like cord blood with care.

466
467 Methods
468  Sample collection

469  Sorted and validation cord blood samples collected at UBC were collected from term
470  elective caesarian deliveries at BC Women’s Hospital. All mothers gave written

471  informed consent, and protocols were approved by University of British Columbia
472  Children’s & Women’s Research Ethics Board (certificate numbers H07-02681 and
473  HO04-70488).

474  Purification of cord blood reference panel

475  Cord blood cell types were purified as previously published.?® Briefly, we applied seven
476  whole cord blood samples to Lymphoprep (StemCell Technologies Inc., BC, Canada)
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477  density gradient to separate granulocytes from mononuclear cells. Granulocytes were
478  further separated from non-nucleated red blood cells by density gradient. The

479  mononuclear fraction (which include nRBCs) was separated into constituent cell types
480  using a stringent flow cytometry gating strategy, as described previously?® on a

481  FACSArialll (Becton Dickinson), generating purified populations of monocytes (CD3-,

482  CD19-, CD235-, CD14+), CD4 T cells (CD14-, CD19-, CD235-, CD3+, CD4+), CD8 T

483  cells (CD14-, CD19-, CD235-, CD3+, CD8+), NK cells (CD3-, CD19-, CD235-, CD14-,
484  CD56+), B cells (CD3-, CD14-, CD235-, CD19+), and nucleated red blood cells (CD3-,
485 CD14-, CD19-, CD235+, CD71+).

486  Quantification of cell type proportions in whole cord blood validation samples

487  In addition to the sorted cord blood cell types, we collected twenty-four cord blood

488  samples for validation. A small aliquot of each sample was sent to the BC Children’s
489  Hospital hematology lab for complete blood count with differential (CBC). A second
490 aliquot was prepared as the reference samples above, with the same markers and
491  antibodies, after lysis of red blood cells using BD FACS Lysing Solution (BD

492  Bioscience). Final cell counts for nRBCs, granulocytes, monocytes and lymphocyte
493  subsets were determined combining the CBC and flow cytometry data. CBC provided
494  nRBC, monocyte, and granulocyte cells counts, as well as total lymphocytes. We then
495  scaled these counts to total 1, and calculated lymphocyte subsets (relative proportions
496 of B, NK, CD4T, and CDS8T cells) by multiplying the total lymphocyte proportion by the
497  relative proportions of lymphocyte subtypes measured by flow cytometry.

498  Generation of DNAm data

499  DNA from sorted reference and whole validation cord blood samples was isolated using
500 a Qiagen DNAeasy DNA isolation kit (Qiagen, USA). 750ng of isolated DNA was

501 subjected to bisulfite conversion using the Zymo EZDNA bisulfite conversion kit (Zymo
502 Research, USA), then applied to lllumina 450k microarrays per manufacturer’s

503 instructions. Raw data was imported into lllumina Genome Studio (lllumina, USA) for
504  background subtraction and colour correction, then exported into R statistical software
505 for analysis. Reference and validation data were processed and applied to the arrays in

506  separate batches to simulate typical applications.
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507 DNAm preprocessing included removing probes for high detection p-value (> 0.01), low
508 bead coverage (<3), sex chromosomes, cross hybridizing probes, and SNP probes.

509  Next, we applied Noob to correct for background and BMIQ for probe type

510  normalization.®2° Finally, we applied batch correction using ComBat, accounting for
511  chip variability while explicitly protecting cell type.4%4'" The same protocol was used to
512 normalize the FACS-sorted cord blood data from our study and another study along with
513  the adult sorted data.32%-2% Validation data from Generation R data was generated as
514  previously described.?%:3%42 For this study, we obtained it as IDAT files and normalized it
515  using the same steps described above.

516  Comparison of cord and adult samples

517  The dendrogram was generated using complete linkage of a Euclidean distance matrix
518 of samples based on methylation beta values including all three of these FACS-sorted
519 cell type data sets, with samples coloured by cell type, age, and myeloid vs lymphoid
520 lineage. Silhouette analysis used the same distance matrix, clustered by cell type. We
521 performed PCA on the same data set using the prcomp function in R. For the number of
522  variable sites, we used only the adult data and our sorted data with similar N, counted
523  the number of sites with SD > 0.05 in beta value in each cell type by each age. To

524  assess pairwise differences between cell types within adult and cord blood, we also

525 used only our sorted cord blood data set with the adult data, and performed a two-group
526  t-test on methylation m-values to determine the number of differentially methylated

527  probes between each pair, using a nominal p value of 1x107. As DNAm beta values are
528 heteroscedastic, M values are a log transformation of beta values that avoids the typical

529  statistical problems with heteroscedasticity.

530  We calculated the number of sites which discriminated between cell types and were
531 higher- or lower- methylated in that cell type compared to others by first ranking all sites
532 by p value calculated from a two sided t-test comparing that cell type to all other cell
533  types. Next, we took the top 50 sites that had a mean DNAm value higher in that cell
534  type than others, and the top 50 with a lower mean DNAm value, and plotted the

535  magnitude of mean DNAm difference between that cell type and the other cell types.

536  Epigenome-wide association study comparing cord to adult white blood cells
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537 EWAS analysis was performed on the adult and our sorted cord blood data sets.®?5 We
538 applied the R package limma with a categorical variable of cord vs adult and no other
539 covariates to normalized data, using a p value cutoff of 1x10” and a mean absolute

540  beta value difference of 0.1 to define a significant CpGs.
541  Cell type prediction

542  For prediction of cell type proportions in cord blood, we applied the constrained

543  projection quadratic programming (CP/QP) algorithm developed by Houseman et al.,
544  Houseman:2012km as implemented in the minfi package without modification, and

545  using either adult or cord reference libraries.®%18252% We then quantified the sensitivity
546  of our procedure by comparing estimated proportions on the same set of samples

547  depending on whether or not a nRBC profile was available, and after optimized

548  preprocessing and feature selection. Finally, we performed deconvolution again using
549  the cord blood references and defining the sites used in deconvolution as the sites with
550  the top f statistic regardless of direction of change on both our validation and the

551 Generation R data. Accuracy of deconvolution estimates with cell counts was measured
552 with Spearman’s Rho in all cases.
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729  Figure S1: DNA methylation patterns of leukocyte cell types cluster together.

730  Silhouette plot based on DNAm data show 7 clusters. Cord and adult samples are
731 indicated in the same colour, but different shades (dark for adult and light for cord blood

732 data).
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735  Figure S2: EWAS analysis shows large differences between cord and adult in all
736  cell types. Volcano plots for each component cell type and two cell mixtures (whole
737  blood and mononuclear cells). Sites in grey did not meet the 1x10- p value cutoff. Sites
738 inlight red and light blue did not meet the absolute beta value difference of 0.1.
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Figure S3: Using adult references in deconvolution of cord blood results in poor
prediction, and using cord references improves predictions, but some cell types
remain poorly predicted. In 24 cord blood cell types, flow cytometry-based cell counts
(x axis) are plotted against DNAmM deconvolution-based estimates (y axis), using either
adult (A) or cord (B) blood references.
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746  Figure S4: Cord blood had fewer cell type-distinguishing CpGs that were more
747  methylated in a particular cell type than other cell types. Plots show the 50 best
748  ranked distinguishing probes by p value (x axis) versus the average DNAm difference
749  between a particular cell type and other cell types (y axis), and whether they are more
750  (top) or less (bottom) methylated in that cell type than others. For each cell type, the
751  sites that are more methylated drop to 0 in actual DNAm difference before reaching 50,
752 meaning that some of the probes that would have been chosen to use in deconvolution
753  are actually not differentially methylated in that cell type at all.
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755  Figure S5: Including nRBCs in deconvolution of cord blood is important for

756  accurate predictions of all cell types. A) DNAm profiles for cord white blood cell

757  types. N=7 for each cell type except CD8 T cells, where N=6. B) Histogram showing the
758  difference between predicted and actual cell counts for each cell type if nRBCs were not
759  included in the prediction. C) Dendrograms showing relationships in DNAm pattern at
760  sites used in deconvolution across the 7 cord blood cell types. NK cells are the most
761  similar to nRBCs at these sites, explaining why this cell type is the most impacted by not
762 including nRBCs.
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765  Table S1: Numbers of variable CpGs, defined as SD>0.05 in cord and adult white blood
766  cell types

Cell Type Cord Adult
Cbh4T 22,755 34,329
CD8T 19,848 85,170
B 21,100 78,277
NK 95,560 33,380
Gran 23,304 41,801
Mono 22,156 30,438
nRBC 77,888 N/A
Mononuclear | 22,877 46,381
cells

Whole blood | 25,910 42,935

767

768  Table S2: Number of differentially methylated sites between cord and adult and how
769  many of those are mQTLs

N unique DM sites N mQTLs Percentage mQTLs

B 6393 387 6.05

Ch4T 7840 636 8.11

CD8T 4443 377 8.48

G 7235 1355 18.72

Mo 339 268 79.05

NK 3518 344 9.78

All cell types | 588 65 11.05

Myeloid 2062 242 11.73

Lymphoid 397 37 9.31
770
771  Table S3: Pairwise differentially methylated cord vs adult probe overlaps

B CcD4T CDS8T G Mo NK

B 7378

CcCDh4T 2344 8825

CD8T 2079 3071 5428

G 2558 2595 1746 9885

Mo 1472 1342 970 2650 2989

NK 2202 2140 1987 2081 1166 4503
772
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