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Epstein—Barr virus (EBV) transformed lymphoblastoid cell lines (LCLs) provide a conveniently accessible
and renewable resource for functional genomic studies in humans. The ability to accumulate multidimen-
sional data pertaining to the same individual cell lines, from complete genomic sequences to detailed
gene regulatory profiles, further enhances the utility of LCLs as a model system. A lingering concern, how-
ever, is that the changes associated with EBV transformation of B cells reduce the usefulness of LCLs as a
surrogate model for primary tissues. To evaluate the validity of this concern, we compared global gene
expression and methylation profiles between CD20+ primary B cells sampled from six individuals and six
independent replicates of transformed LCLs derived from each sample. These data allowed us to obtain a
detailed catalog of the genes and pathways whose regulation is affected by EBV transformation. We found
that the expression levels and promoter methylation profiles of more than half of the studied genes were
affected by the EBV transformation, including enrichments of genes involved in transcription regulation,
cell cycle and immune response. However, we show that most of the differences in gene expression levels
between LCLs and B cells are of small magnitude, and that LCLs can often recapitulate the naturally occur-
ring gene expression variation in primary B cells. Thus, our observations suggest that inference of the gen-
etic architecture that underlies regulatory variation in LCLs can typically be generalized to primary B cells. In

contrast, inference based on functional studies in LCLs may be more limited to the cell lines.

INTRODUCTION

Lymphoblastoid  cell lines (LCLs), derived from
B-lymphocytes, constitute an important surrogate model to
study genotype—phenotype relationships in humans. Although
LCLs were originally established as renewable sources of
DNA (1), they are now being extensively used in studies of
the genetic and epigenetic determinants of gene regulation
(2—8), as well as for investigating host responses to different
perturbations or treatments, such as gene knockdowns (9,10),
radiation (11,12) and drugs (13—-15).

In contrast to studies in model organisms, functional assays
in LCLs are often the only feasible approach to conduct
population-based studies in humans, because other samples
are either impossible or extremely difficult to collect and
maintain. As a result, many recent studies of regulatory vari-
ation in humans, including studies of human diseases, used
LCLs as the model system. More generally, cell lines offer
convenience and replicability, and the HapMap LCLs, in
particular, represent the most complete catalog of human

variation to date (16), with many of the genomes of these
cell lines being fully sequenced as part of the 1000
Genomes project (17). Thus, LCLs are expected to continue
to be an important model system for functional studies in
humans, in particular for studies of regulatory variation.

However, cell lines often carry chromosomal abnormalities
(18) may have pronounced batch effects related to preparation
and/or growth rates (19), and the Epstein—Barr virus (EBV)
transformation itself can alter the methylation status (20)
and expression levels of a subset of genes (21). As a result,
the notion that studies of the genetic and epigenetic basis of
regulatory variation in LCLs can be used more generally to
understand regulatory mechanisms in primary tissues is con-
troversial. In particular, the extent to which gene regulation
in LCLs recapitulates that of untransformed B cells is not
well understood, because there are no genome-wide detailed
catalogues of the regulatory effects associated with EBV trans-
formation.

A number of recent studies focused on gene regulatory
differences between LCLs and primary tissues, but to our
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knowledge, none of these studies used a design that allows one
to directly estimate the independent effects of EBV transform-
ation on gene expression levels and DNA methylation profiles.
For example, Min ef al. (22) investigated the effect of different
sample processing approaches on gene expression measure-
ments in LCLs and primary blood cells, including B cells.
Their observations indicated that a large number of genes
are differentially expressed between primary cells and cell
lines. However, several confounders (including the use of mul-
tiple distinct RNA preparation protocols, which were their
main focus) render this data set inappropriate for an investi-
gation of the regulatory effects specifically due to EBV trans-
formation. In turn, Sun et al. (23) investigated genome-wide
differences in DNA methylation between LCLs and peripheral
blood cells (PBCs). They identified 3723 autosomal DNA
methylation sites that had significantly different methylation
statuses across cell types. However, because B-lymphocytes
comprise only ~5% of the total PBCs, it is possible that
many of the methylation differences observed by Sun et al.
are bona fide differences between primary B cells and other
PBCs, rather than shifts in methylation status due to the
EBV transformation process itself.

To assess the effects of EBV transformation on gene regu-
lation in B-lymphocytes, we collected gene expression and
DNA methylation data from primary B cells and their corre-
sponding LCLs. We used six independent biological replica-
tions of the EBV transformations in order to be able to
explicitly take into account possible confounding effects. In
addition to identifying regulatory differences between B
cells and LCLs, we investigated whether the level of inter-
individual variation in gene expression is maintained follow-
ing EBV transformation, a property that is highly important
in the contexts of expression quantitative trait loci (eQTL)
studies in LCLs.

RESULTS

In order to assess the utility of LCLs as an in vitro model for
studies of gene regulation, we compared methylation profiles
and gene expression levels between primary and transformed
B cells. Specifically, we used microarrays to estimate the
expression levels of 25160 genes, and characterize methyl-
ation status at 26089 CpG sites (associated with 14 081
genes), in primary CD20+ B and CD3+ T cells from six indi-
viduals (three females, three males), as well as in newly trans-
formed LCLs from these individuals, using six independent
transformation replicates from each sample. The B cells, T
cells and the newly derived LCLs were purified or transformed
at the same time and from the same blood sample (see
Materials and Methods for details on sample collection, trans-
formations, sample processing and microarray data analysis;
see Supplementary Material, Fig. S1 for an illustration of the
study design and data sets S1 and S2 for the expression and
methylation data for all genes). We performed multiple
quality control analyses to confirm that the data quality is
high (Supplementary Material, Figs S2—S11). As expected,
gene expression estimates and methylation profiles in LCLs
from independent biological transformation replicates from
the same individuals (intra-individual variation) showed less

variation than LCLs from different individuals (inter-
individual variation; Supplementary Material, Figs S6 and
S8). Interestingly, however, gene expression estimates and
methylation profiles from all LCLs, regardless of the individ-
ual, were more highly correlated to each other than to data
from either of the primary cell types (Supplementary Material,
Figs S7 and S9). Indeed, a principal component analysis
(PCA) indicates that cell type is a major source of variation
in our data, and that the distinction between primary cells
and the LCLs, based on either the gene expression or methyl-
ation data, is clear (Fig. 1A and B). These observations pro-
vided an initial indication of a biologically consistent and
systematic effect of the transformation on global gene regu-
lation.

The effect of cell transformation on gene expression levels

Of the 25160 genes assayed, 14 373 (57%) were detected as
expressed in at least one sample. We found that largely over-
lapping sets of genes were expressed in B and T cells (11 303
and 10912 genes, respectively; with 83% overlap; Sup-
plementary Material, Fig. S12). In turn, 2217 genes were
expressed exclusively in LCLs (corresponding to 16.5% of
genes expressed in LCLs; Supplementary Material,
Fig. S12). Using GO functional annotation, we did not find
any significant (after correction for multiple testing) enrich-
ment among these 2217 genes. Nevertheless, among the
top-ranked results, we found enrichment for genes involved
in cytokine activity, signal transduction and receptor and
immune response activity (Supplementary  Material,
Table S4).

To better understand the effect of cell transformation on
gene regulation, we first measured relative EBV and mtDNA
copy numbers in each of the 36 LCL cultures obtained from
the six individuals. Variation in mtDNA copy numbers in
the LCLs was similarly low within and between individuals
(Fig. 2A). On the other hand, inter-individual variation in
EBV copy numbers was significantly greater than the
intra-individual variation (Fig. 2B; P < 0.001), suggesting a
possible genetic basis for susceptibility to EBV infection. A
previous study suggested that differences in EBV copy
numbers may significantly contribute to regulatory variation
across cell lines (24). We revisited this question by focusing
on gene expression data from LCLs. In our data, we identified
only 160 genes (Supplementary Material, Table S1) whose
expression levels were significantly associated with EBV
copy numbers [false discovery rate (FDR) << 0.01; see
Materials and Methods for details on modeling the gene
expression data]. Consistent with the findings of Choy et al.
(24), and with the known anti-apoptotic role of NF-kB signal-
ing in LCLs (25,26), we inferred that 35 (21.9%) of these
genes are direct or indirect regulatory targets of NF-kB signal-
ing [using STRING protein—protein interaction database
@n).

We next focused on differences in gene expression levels
between cell types. To do so, we first regressed out the
effect of EBV copy numbers from the estimates of gene
expression levels in the LCLs. We then renormalized the
residuals along with the gene expression estimates from the
primary cells (see Materials and Methods for more details).
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Figure 1. PCA of data from (A) the 48 803 gene expression probes, and (B) the 25 690 autosomal methylation probes, across all primary cells and LCLs.

We used likelihood ratio tests, within the framework of the
linear models, to identify differentially expressed genes
between cell types, considering data only from genes that
were detected as expressed (see Materials and Methods). At
an FDR < 0.01, we classified 4816 genes as differentially
expressed between primary B and T cells (these correspond
to 47.9% of the 10 059 genes detected as expressed in both
cell types; Fig. 3A and Supplementary Material, Table S1).
We similarly classified 7327 genes as differentially expressed
between T cells and LCLs (corresponding to 70.4% of the
10410 genes detected as expressed in both cell types), of
which 3493 were also differentially expressed between B
and T cells. These observations suggest that the majority
(72.5%) of regulatory differences between B and T cells are
maintained through the transformation (Fig. 3A and Sup-
plementary Material, Table S1). Finally, we classified 6463
genes as differentially expressed between primary B cells
and LCLs (60.7% of the 10641 genes detected as expressed
in both cell types; Fig. 3A and Supplementary Material,
Table S1). While the numbers of genes detected as differen-
tially expressed across cell types is large, most of the
expression differences are of small magnitude (Supplementary
Material, Fig. S13). For example, only 33 genes are differen-
tially expressed between primary B cells and LCLs with a fold
change of >1.5.

Among the subset of genes that are differentially expressed
between the primary T and B cells, we found slight enrich-
ments for genes associated with signal transduction and
immune system (Supplementary Material, Table S5). As
expected, among genes with the largest magnitude of
expression difference between B and T cells were a number
of immune system-related genes, including T-cell-specific
(TRATI, CD3G, CD28, CD3E, STAT4) and B cell-specific
(VPREB3, FCRLA, CDI19, BANKI, FCER2) genes (Sup-
plementary Material, Table S1). When we considered genes
that were classified as differentially expressed between

either primary cell type and LCLs, the top-ranked results
(while not significant after correction for multiple testing)
implied an over-representation of genes involved in transcrip-
tional regulation, signal transduction and catalytic activity
(Supplementary Material, Tables S6 and S7).

The effect of transformation on variation in gene
expression levels

The comparison of gene expression patterns within and
between cell types also allowed us to examine whether inter-
individual variation in gene expression levels is affected by
EBV transformation. Characterization of the nature and
extent of inter-individual variation in gene expression levels
is an essential feature of eQTL mapping studies. Of the
10 641 genes expressed in both primary B cells and LCLs,
we identified only 627 genes with a significantly different
between-individual variation in gene expression levels across
the two cell types (using an uncorrected P < 0.01, which is
conservative with respect to our conclusions that
between-individual variation in gene expression levels in the
B cells was largely maintained in the LCLs). Among these
627 genes, the between-individual variation in gene expression
levels was higher in B cells compared with LCLs in 550
(87.7%; Supplementary Material, Table S1). Thus, our ana-
lyses suggest that LCLs can often recapitulate the naturally
occurring gene expression variation in primary B cells.

In the context of eQTL studies, genes with the highest vari-
ation across individuals are of particular interest because the
power to map eQTLs for these genes is higher. We thus
next focused on the 500 (roughly 5%) transcripts with the
highest between-individual variation in gene expression
levels in primary B cells. Of these, 140 (28%) had significantly
different between-individual variation of gene expression
levels across the two cell types (uncorrected P < 0.01), a
much larger proportion compared with our genome-wide
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Figure 2. Relative EBV and mtDNA copy numbers in six unrelated individuals. Data from different individuals (for six LCLs from each individual) are plotted
in different colors. The relative copy numbers were calculated using the ‘delta delta Ct” method, using RNaseP as an endogenous reference gene. These bars are
not statistical error per se; rather, they represent the range of possible copy number values defined by the standard error of the delta Ct’s.

estimate of 5.9%. Nevertheless, these observations indicate
that between-individual variation in gene expression levels,
for the majority of genes, is generally maintained through
the viral transformation.

The effect of transformation on promoter
methylation profiles

To examine the effects of viral transformation on methylation
profiles, we first assessed the effect of EBV copy number on
DNA methylation status, using a similar approach to the one
described above for the analysis of gene expression data (see
Materials and Methods for details on modeling the methyl-
ation data). We identified 1823 CpG sites (associated with
the promoters of 1681 genes) at which methylation status
was significantly associated with EBV copy number (FDR <
0.01). Among these, there was an enrichment of genes associ-
ated with signal transduction and receptor activity, among
others (P < 0.001; Supplementary Material, Table S8).

We next focused on differences in methylation patterns
across cell types. To do so, we regressed out the effects of
EBV copy numbers on methylation levels, and analyzed the
methylation data using a probe-wise linear model with fixed
effects for cell type and sex, as well as a fixed effect to
account for correlation between individuals (see Materials
and Methods). We identified 5889 probes (22.6%; associated
with 4872 genes), which were differentially methylated
between B and T cells (at an FDR < 0.01; Fig. 3B and Sup-
plementary Material, Table S2). Similarly, 6526 probes
(associated with 5011 genes) were differentially methylated
between B cells and LCLs (FDR < 0.01; Fig. 3B). In contrast,
a much larger number of probes, 11 667 (associated with 8443
genes), were differentially methylated between T cells and
LCLs (FDR < 0.01; Fig. 3B), of which 4273 were also differ-
entially methylated between B and T cells. These observations

suggest that the majority (87.7%) of methylation differences
between B and T cells are maintained through transformation.

Among genes whose promoters were differentially methyl-
ated between each of the primary cells and the LCLs, we
found an over-representation of genes associated with
protein binding, receptor activity and immune system (Sup-
plementary Material, Tables S9 and S10). Genes whose pro-
moters were differentially methylated between the primary B
and T cells were enriched for pathways involved in protein
binding and cytokine—chemokine activity (Supplementary
Material, Table S11). The P-values associated with these
enrichments (P < 0.05 in all cases) would not be considered
significant after correction for multiple testing. Nevertheless,
these functional enrichments are intuitive given the known
immune-related functions of these cell types and the stimu-
lation caused by the viral transformation. Finally, in accord-
ance with the previous observations (23), we also found that
among differentially methylated sites across cell types, the
vast majority of the CpG sites were less methylated in LCLs
compared with the primary cells (Supplementary Material,
Figs S15 and S16).

Combined analysis of methylation and gene
expression data

We performed a combined analysis of the methylation and
gene expression data in order to examine whether changes in
DNA methylation could account for differences in gene
expression levels between B cells and LCLs. To do so, we
focused on 7157 genes that were expressed in both B cells
and LCLs, which were associated with at least one probed
CpG site. We then regressed out methylation effects before
analyzing the gene expression data from both cell types
using a linear model (see Materials and Methods). We com-
pared the evidence supporting a difference in the gene
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Figure 3. Venn diagrams of the numbers of (A) differentially expressed genes,
and, (B) differentially methylated probes, between pairs of cell types. A
similar plot, including only genes that are expressed in all three cell types,
is available as Supplementary Material, Figure S14.

expression level between cell types with and without the cor-
rection for the methylation level.

For the majority of genes found to be differentially
expressed in either analysis (70.8%), the evidence for a differ-
ence in the expression level between cell types was roughly
equally compelling (namely, with FDR < 0.01) regardless of
whether methylation status was taken into account (Fig. 4A).
For a small (6.7%), yet significant (by permutation; P =
0.037) subset of differentially expressed genes, we did not
find evidence for a difference in the expression level
between cell types when we considered the uncorrected
expression level data, but after methylation levels were
regressed out, we were able to reject the null hypothesis of
no differences in the gene expression level between B cells
and LCLs (at an FDR < 0.01). This result suggests that a
subset of the observed alterations of methylation levels in
LCLs is not random, but systematic and replicable.

In turn, we found a higher proportion of differentially
expressed genes (22.5%; permutation P = 0.022; Fig. 4B)
for which the evidence for differences in the expression
level between cell types was compelling (FDR < 0.01)
before, but not after we regressed out the methylation levels.
Assuming a causal relationship between promoter methylation
and gene expression levels [a link supported by a large body of
work (28—-30)], our data suggest that changes in methylation
profiles following EBV transformation can explain only a
modest proportion of gene expression differences between
the B cells and LCLs. Indeed, based on permutations (see
Materials and Methods), we estimate that at most 12.2% of
differences in gene expression levels between the two cell
types may be explained, at least in part, by corresponding
differences in promoter methylation status. That said, we
cannot exclude the possibility that methylation at genomic
regions outside those that were assayed by the array [for
example, gene-body methylation (31)], may explain a higher
proportion of the variation in gene expression levels between
primary B cells and LCLs.

DISCUSSION

The goal of this work was to determine the suitability of LCLs
as a model system for functional genomic studies. By carefully
documenting the effects of EBV transformation on gene regu-
lation, we aimed to contribute towards a resolution to the
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outstanding debate among human geneticists regarding the
utility of LCLs as a surrogate model for primary tissues—B
cells in particular. Our observations suggest that studies of
the genetic architecture underlying variation in regulatory phe-
notypes in LCLs may be generalized, but that inference based
on functional response phenotypes in LCLs should be inter-
preted with caution.

These conclusions, which we discuss in more details below,
naturally depend on the exact context. We hope that our data
will allow other investigators to decide, given their specific
goals, whether the regulatory landscape in LCLs is sufficiently
similar to that of B cells to warrant their use as a model system
in each case. For that purpose, we provide all the data col-
lected in this study, both as raw measurements (available at
the GEO database) and as summaries of model estimates (Sup-
plementary Material, Tables S1 and S2).

We note that the LCLs we generated for this study are
newly derived cell lines. We therefore were unable to
address at this time questions regarding the effect of age and
passing generations on gene regulation in LCLs. To do so,
in the next 5 years we will thaw these cells every 3-6
months, culture them, obtain updated genome-wide transcrip-
tional profiles and freeze them again. We will use this scheme
to study the effects that passing generations of cell line main-
tenance may have on gene regulation, thereby providing
additional information on the utility of LCLs as a continuously
renewable source for genomic studies.

The effects of EBV transformation

Our study design afforded us considerable power to detect regu-
latory differences between cell types. Thus, we were able to
detect even small differences in gene expression and methylation
levels. Using our approach, we classified the expression levels of
9111 genes as affected by the viral transformation, though most
of these changes were of small magnitude. Overall, gene
expression levels and methylation profiles in the LCLs were dis-
tinct from those of the primary B or T cells (Supplementary
Material, Figs S7 and S9), reflecting the global cellular response
to viral transformation. Nevertheless, most regulatory differ-
ences between the primary B and T cells were maintained in
the LCLs, providing a strong indication that LCLs retain many
of the specific characteristics of primary B cells.

A considerable subset (24.7%) of the genes whose regu-
lation was affected by EBV transformation consists of genes
whose expression levels were detected only in the LCLs.
These are genes that were not expressed in the primary B
cells, and whose expression was triggered by the viral trans-
formation. This observation raises a possible caveat of our
study regarding our choice to compare the transcriptional pro-
files of naive primary B cells to that of LCLs. It can be reason-
ably argued that LCLs, as a model system, reflect more
faithfully the profile of activated B cells. However, regulatory
differences due to the specific activating agent may be as
abundant as the differences between resting and activated B
cells (32), making it difficult to predict what primary cell
stimulation might reflect most faithfully the EBV transform-
ation. The correspondence of regulatory networks between
activated B cells and LCLs will therefore have to be studied
in each case separately.


http://hmg.oxfordjournals.org/cgi/content/full/ddr041/DC1
http://hmg.oxfordjournals.org/cgi/content/full/ddr041/DC1
http://hmg.oxfordjournals.org/cgi/content/full/ddr041/DC1
http://hmg.oxfordjournals.org/cgi/content/full/ddr041/DC1
http://hmg.oxfordjournals.org/cgi/content/full/ddr041/DC1

1648 Human Molecular Genetics, 2011, Vol. 20, No. 8

>

10
1

-Log 10(P-values) After Regressing Out Methylation

T
(1] 5 10

T
15

-Log 10(P-values) Before Regressing Out Methylation
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Regardless of this caveat, the effect of the viral transform-
ation is clearly systematic. Indeed, this conclusion is robust,
regardless of the choice to consider all 9111 differentially
expressed genes between LCLs and primary B cells, or to
focus only on the subset of 6463 differentially regulated
genes that were detected as expressed in both cell types.
Although most of the observed differences in expression
levels across cell types are small, it is reasonable to assume
that the state of most regulatory networks in LCLs is consider-
ably different than that of primary B cells. This raises the
possibility that studies of gene regulatory networks in LCLs
may not always be informative with respect to the correspond-
ing response of primary B cells, let alone that of unrelated
primary tissues. The discrepancy between LCLs and B cells
may be particularly pronounced if studies focus perturbations
that affect pathways and biological processes that are enriched
with regulatory differences between the cell types, such as
immune and stress response, cell cycle and receptor activity.
More generally, we suggest that specific pilot studies should
be performed, for each perturbation of interest, comparing
the regulatory response of LCLs to that of primary tissues
before larger efforts are embarked upon.

LCLs as a model system for studies of epigenetic regulation

We found a relatively small number of genes (160) whose
expression levels were correlated with EBV copy numbers
in the LCLs. In contrast, the methylation profiles at the puta-
tive promoters of 1681 genes were significantly correlated
with EBV copy numbers. The reported numbers partly
reflect our power to detect these correlations, which depend
on the sample size and the error properties of each measure-
ment (gene expression or methylation levels). A more robust
observation, which takes into account differences in

measurement properties, is that we find a correlation of EBV
copy numbers with either expression or methylation levels
for 2 and 26% of genes whose expression or promoter methyl-
ation levels, respectively, were affected by the viral transform-
ation. In addition to the striking EBV copy number effect, we
found that methylation levels in LCLs are systematically
lower than in B cells [consistent with previous reports (23)].

These observations suggest that LCLs may not be a useful
model system for studies of epigenetic regulation (at least
not by promoter DNA methylation). However, we also
found that overall methylation patterns in LCLs retain many
of the specific characteristics of primary B cells. In addition,
the proportion of gene expression differences between B
cells and LCLs that can potentially be explained by differ-
ences in promoter methylation is, at most, modest (12.2%,
when we ignore the direction of the correlation; namely,
assume that even positive correlations between methylation
and gene expression levels imply causality). Thus, our
interpretation of these observations is that when EBV copy
numbers are taken into account, LCLs can be used to study
regulation by DNA methylation, with the caveat that the
subset of regulatory interaction that can be studied will be
smaller than in primary tissues. Providing some measure of
support for this notion, a recent study of methylation QTLs
in LCLs found that inter-individual variation in gene
expression levels can often be explained, at least in part, by
differences in promoter methylation (33).

LCLs may be a faithful model for eQTL mapping studies

Though the regulation of thousands of genes was affected by
the viral transformation, the between-individual variation in
gene expression levels seen in the primary B cells was gener-
ally maintained in the LCLs in the majority of the cases. These



results suggest that for most genes, eQTLs found in LCLs may
faithfully reflect the genetic architecture underlying regulatory
variation in primary B cells. Indeed, several studies empiri-
cally tested this notion and provided evidence that the majority
of eQTLs seen in LCLs can be recovered in primary tissues,
including in non-blood-related tissue types (34—37). The
most recent study (37) estimated that roughly 70% of cis
eQTLs identified in LCLs could be replicated in primary
skin tissue. Thus, though gene regulation is often cell-type
specific (and varies temporally as well), an accumulating
body of work suggests that certain components of variation
in gene expression phenotypes are often shared across
tissues, and are also maintained in LCLs. Based on our obser-
vations [and those of others (35—37)], we suggest that LCLs
are indeed a useful model of the genetic architecture under-
lying regulatory variation in primary tissues, especially in
primary B cells.

MATERIALS AND METHODS

Subjects and cell preparations

A unit of blood was obtained from six unrelated healthy indi-
viduals of Caucasian ethnicity (age range: 20-45). All
samples were collected from October 2009 to January 2010
by Research Blood Components LLC (Brighton, MA, USA),
under the company’s IRB. Subjects were not on any medi-
cations and were not fasting at the time of the blood draw.
Unpurified buffy coats were prepared from whole blood by
centrifugation at 200g for 10 min at room temperature and
then shipped (at room temperature) to the University of
Chicago.

At the University of Chicago, we purified peripheral blood
mononuclear cells (PBMCs) by further processing the buffy
coats with density gradient centrifugation using ficoll-
hypaque. PBMCs were counted on a hemocytometer. For
each individual, we derived eight independent cultures of
LCLs by EBV-mediated transformation, using the protocol
provided by Coriell Cell repositories. We cultured the cell
lines for 4—6 weeks until the cultures contained roughly 20
million cells. In addition, we isolated CD20+ B cells and
CD3+ T cells from PBMCs by positive selection, using mag-
netic anti-CD20 and anti-CD3 mAb-coated microbeads
(MACs, Miltenyi Biotec, Auburn, CA, USA). The newly
derived LCLs are available by request.

RNA and DNA extractions

For each sample (primary cells and LCL -cultures), we
extracted total RNA and DNA using the QIAGEN RNeasy
Plus Mini Kit or QIAamp DNA Blood Mini Kit, respectively.
For RNA samples, the concentration was determined on a
Nanodrop ND-100 Spectrophotometer (NanoDrop Technol-
ogies, Rockland, DE, USA) and the quality was measured
using an Agilent 2100 Bioanalyzer lab chip (Agilent Technol-
ogies, Santa Clara, CA, USA). For each individual, we
selected six (out of the eight) highest quality LCL samples
based on RNA integrity number scores (Supplementary
Material, Fig. S2 and Table S3) for gene expression profiling.
For DNA samples, the concentration was determined both by
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Nanodrop and PicoGreen assays (Molecular Probes, Eugene,
OR, USA).

Relative EBV and mtDNA copy number

We determined the relative EBV and mitochondrial DNA
copy numbers of the LCL DNA samples using TagMan quan-
titative PCR (qPCR) assays. The mtDNA copy number analy-
sis assayed a 151 bp fragment of the M7-CYB gene, and the
EBV copy number assay interrogated a 72 bp fragment of
the IRI gene of the virus. As an internal reference, we multi-
plexed an RNaseP TagMan assay with EBV or mtDNA assays.
We observed approximately equal amplification efficiencies
(38) for each assay in the multiplex reaction (Supplementary
Material, Fig. S17). The relative EBV and mtDNA copy
numbers were calculated using the ‘delta delta Ct method’
(38). Additionally, we compared the amplification curves
using DNA from the LCLs to that of a DNA template from
the Namalwa cell line (ATCC CRL-1432), which was deter-
mined by fluorescence in-situ hybridization to have two inte-
grated EBV copies per diploid genome (39). Using the
gPCR results from the Namalwa cell line as standard, and
by applying a conversion factor of 6.6 pg DNA per diploid
genome, we confirmed that all our newly derived LCLs
carry EBV DNA. We estimated that the newly derived LCL
with the lowest EBV copy number (Fig. 2) carries 38 copies
of EBV per diploid genome.

Gene expression profiling

The gene expression study design is illustrated in Supplemen-
tary Material, Figure S1. The study included 96 RNA samples:
8 different cell types (B cell + T cell + 6 independent LCLs
per individual) x 6 individuals x 2 technical replicates
(each RNA sample hybridized in duplicate). All samples
were sent at the same time to the Southern California Geno-
typing Consortium for hybridization on HumanHT-12 v3
Expression BeadChip arrays (Illumina Inc.), which contain
48 803 probes targeting 25 160 unique RefSeq genes. The
sample order was randomized across chips so that differences
between individuals or cell types would not be confounded
with differences in chip. Following cDNA synthesis, hybridiz-
ation, scanning and image processing, probe intensity
measurements were sent back to the University of Chicago.
The intensity estimates were then log-transformed and quan-
tile normalized using the ‘lumi’ package in R (all analyses
were conducted in R v2.10.1). To remove probes for targets
that were likely not expressed, we filtered out all probes that
did not have a detection P-value <0.01 in at least one
sample. Finally, gene-level estimates of expression were
obtained by taking the median value for all probes for that
gene.

Assessing the effect of EBV copy number on gene expression
levels. In order to identify genes whose expression levels
were associated with the EBV genome copy number, we
focused on the expression estimates of the 13440 genes
detected as expressed in LCLs. We used the following gene-
specific linear mixed-effects model to assess the EBV copy
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number effect on gene expression levels. For each gene, if ¥;;
represents the normalized gene expression value for cell line /
of individual i, we assume that:

YulN(py, 0%)
where:
Py = 1+ 0+ Ssexiy + Vs

Here, w is an overall mean expression value for a given gene.
Osex() and 0, are fixed effects for the sex of individual 7 and the
EBV copy number of cell line /, respectively. v; is a random
effect accounting for correlation between cell lines from the
same individual, and is assumed to be N(0, ¢?) distributed. In
order to test the effect of EBV copy number on gene expression
levels, we compared the fit of different parameterizations of
this model [a null model where EBV copy number has no
effect (i.e. 6§, = 0) and an alternative where EBV copy number
does have an effect (i.e. 6, # 0)] by calculating a likelihood
ratio test statistic and determining the P-values based on a x* dis-
tribution with one degree of freedom. We calculated maximum
likelihoods for the different parameterizations using ‘Ime’ in the
nlme library and corrected P-values for multiple testing using
the FDR approach of Benjamini and Hochberg (40).

Identifying gene expression differences between cell types. For
each comparison, we focused on the genes detected as
expressed in both of the compared cell types, renormalizing
the gene expression values based on the overlapping set of
detected genes for the respective comparison. When compar-
ing gene expression levels between primary cells and LCLs,
we first regressed out the effect of EBV copy number from
the estimates of gene expression levels in the LCLs using a
linear model as described above, except that we did not
include a sex term. The EBV-corrected expression values
were determined by adding the gene-specific residuals of
this model back to the overall mean of each gene. We then
normalized the primary cell data along with the EBV-
corrected expression values for the LCLs, and averaged the
expression values of the technical replicates. We identified
the differentially expressed genes between cell types using
likelihood ratio tests in the context of the following gene-
specific fixed-effects linear model. If we now let Y;. represent
the normalized gene expression value for cell type ¢ (B, T or
LCL) of individual i, we assume that:

YieN(p,e, 0°)
where:
Pic = L+ 0. + 8sex(i) + o

Here, u represents the mean expression level for gene g across
all samples in the comparison, and 6., 8. and «; are fixed
effects for cell type, sex and individual, respectively. Again
we assess how well different parameterizations of the model
fit the data. Here, the null (H)) is that 6. = 0, while the alterna-
tive (H,) is that 6. # 0. We calculated the likelihood ratio

statistics using ‘lm’ and obtained corrected P-values as
described above.

Analysis of the effect of viral transformation on variation in
gene expression levels. In order to assess the effect of viral
transformation on variation in gene expression levels, we
focused on genes expressed in both primary B cells and
in the LCLs. Following background correction, log-
transformation and quantile normalization, we regressed out
the effect of EBV copy numbers as previously described.
We used an F-test to compare the variances of six B cell popu-
lations and six LCL populations (one randomly chosen from
each individual—we repeated the process multiple times and
the results were consistent in all cases).

DNA methylation profiling

The methylation study design is identical to the expression
study design described above, and also includes two technical
replicates. We randomized the order of the 96 DNA samples
across the 12-sample format chips and had methylation profil-
ing done at the Southern California Genotyping Consortium
using [llumina Infinium HumanMethylation27 BeadChip
arrays, which have 27 578 probes targeting CpGs in the prox-
imal promoter of 14475 CCDS regions, 110 miRNAs and
~200 genes chosen for their association with cancer or
imprinting. Probes on this array were previously re-mapped
(Bell, J.T. et al., unpublished data) to the human genome
(hgl8) using MAQ (41) and BLAT (42). We therefore
focused only on the 26 690 probes that were mapped to a
unique location in the genome. We obtained successful
methylation profiling for 95 of the 96 samples and excluded
the failed sample from the subsequent analysis. We also
excluded data from 601 methylation probes with missing
information in one or more individuals. To analyze methyl-
ation profiles across individuals and between cell types, we
used the same framework of linear modeling described for
the gene expression analysis, using Illumina (3 values as
measures of methylation levels.

Combined analysis of gene expression and methylation data.
In order to examine whether DNA methylation changes
between cell types could explain gene expression level
changes between B cells and LCLs, we focused on 7157
genes that were expressed in both B cells and LCLs and
were represented by probes on the methylation array. We
regressed out methylation levels from gene expression using
an equivalent procedure to the one described for regressing
EBV copy number effects from LCL expression measures.
In other words, we fit a linear model to the data that includes
a methylation term and then used the overall mean gene
expression level plus the residuals of the model fit as the
gene expression estimates.

Subsequently, we identified genes differentially expressed
between B cells and LCLs using the gene expression data
either before or after correcting for methylation levels. Here,
as above, we used likelihood ratio tests to determine differen-
tially expressed genes. This analysis allowed us to assess the
fraction of differentially expressed genes potentially explained
by differences in DNA methylation by determining the



fraction of genes differentially expressed in either analysis for
which the evidence for differences in expression levels
between cell types was compelling (FDR < 0.01) before, but
not after we regressed out the methylation levels (FDR >
0.01). For the purposes of the gene-wise joint analysis, we
assumed that each CpG represented on the methylation array
could act independently on the gene to which it is assigned.
Therefore, if a gene had multiple probes and only a subset
of those probes had the effect of creating or eliminating com-
pelling evidence for differential expression, we considered this
to be the ‘dominant effect’ on the gene. Consequently, the
effect of methylation on each gene was only counted once,
according to this hierarchy. Similarly, the plot in Figure 4A
displays the effect of a single probe chosen randomly from
the subset producing the ‘dominant effect’ on gene expression.
We used permutations to assess the statistical significance of
our results. To do this, we permuted the assignment of methyl-
ation arrays and repeated the analysis. We performed 1000
permutations and the P-value was calculated as the fraction
of permutations with at least as large a fraction of genes
fitting the patterns of interest (e.g. significant before but not
after regressing out methylation).

Analysis of enrichment in functional categories. We used a
web-based Gene Ontology application, DAVID (43), to
examine enrichment of biological functional annotations
among different classes of genes (e.g. genes whose expression
or methylation levels are correlated with EBV copy number).
Complete results from these analyses are available in Sup-
plementary Material, Tables S4—S12.

Electronic database information

The gene expression and methylation data are available at the
Gene Expression Omnibus (GEO) database (http://www.ncbi.
nlm.nih.gov/geo/) under series accession number GSE26212.

SUPPLEMENTARY MATERIAL
Supplementary Material is available at HMG online.
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