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elLife digest Understanding how genes are activated and silenced is one of the central
challenges in modern biology. These processes underpin the development of a fertilized egg into

a complex organism, and they can also lead to life-threatening diseases when they go wrong. There
are two copies of each gene in a human cell, a maternal copy and a paternal copy, and it is thought
that both copies are usually regulated together. However, there are exceptions to this rule: for
certain genes only the maternal copy is expressed as a protein in some cells, whereas the paternal
copy is expressed in other cells.

This form of gene regulation, which is called monoallelic expression, can result in neighboring
cells heading down very different paths. In extreme cases, depending on the differences between
the two copies of the gene, cells that express one copy may function normally, while cells where
the other copy is activated will start forming tumors. However, despite these potentially grave
consequences, and early results which suggested that monoallelic expression affected a large
number of human and mouse genes, it has proved to be a major technical challenge to identify
these genes in most cell types.

Now, Nag, Savova et al. have discovered a molecular signature that can be used to detect
monoallelic expression. The signature was found in chromatin, the densely packed structure formed
by DNA and proteins inside the cell nucleus. Nag, Savova et al. discovered that the genes that are
subject to monoallelic expression are bound with proteins that are modified in two contrasting
ways. One modification, which is usually a sign of gene silencing, is prevalent on the inactive copy
of the gene, and the other, which often marks active genes, is chiefly present on the active copy.

Nag, Savova et al. report that these modifications are found in different sets of genes in different
cell types, indicating distinct genome-wide patterns of monoallelic expression. The chromatin
signature approach lets them estimate the fraction of human genes that are subject to monoallelic
expression. This number is surprisingly high: about 20% of commonly expressed genes and more
than one-third of tissue-specific genes. In a particularly intriguing finding, almost all bivalent
genes—a subset of genes that are involved in determining the fate of cell during development—
are estimated to become monoallelic when they are activated.

In addition to these unexpected findings, the chromatin signature approach opens the door to
exploring monoallelic expression as a form of gene regulation in all types of cells and, ultimately, to
understanding how it is involved in both normal development and in disease.
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The limited number of analyzed clones is insufficient to generate a complete catalog of MAE genes in
that cell type, and little is known about the prevalence of MAE in other cell types. Virtually nothing is
understood about the establishment of MAE during development and differentiation. Mechanistically,
allelic choice has been linked to changes in chromatin states in some special cases: imprinting (Wen
et al., 2008), olfactory receptor gene choice (Magklara et al., 2011), and immunoglobulin-kappa
gene rearrangement (Farago et al., 2012). In contrast, for hundreds of other autosomal MAE genes,
no molecular features have been associated with establishment and maintenance of allelic choice.
Similarly, there is no general understanding of MAE’s function.

A major technical bottleneck in addressing these questions is the clonal nature of MAE (Figure 1—
figure supplement 1). Like X inactivation, MAE is masked in polyclonal samples, and obtaining mono-
clonal cell populations is challenging for most tissue types, particularly so in vivo. Moreover, genome-wide
methods are limited by the availability of polymorphisms. In this study, we report a fundamentally new
approach to the detection of monoallelic expression. In contrast to other methods, it does not require
any allele-specific information, instead relying on a specific chromatin pattern as a proxy for MAE. We
use this approach to address questions about MAE's prevalence, development, and function.

Results

MAE genes have a characteristic chromatin signature
Histone modifications, in their diversity, present rich combinatorial possibilities for controlling gene
transcription (Barski et al., 2007; Ernst and Kellis, 2010; Filion et al., 2010). They therefore offer
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line (see ‘Materials and methods’), because both its own genome and its parental genomes were fully
sequenced by the 1000 Genomes Project (Consortium, 2010). We generated the RNA-seq data from
the DF1 and DF2 clones and analyzed them using a custom analysis pipeline (see ‘Materials and meth-
ods’). Of the 48 X-linked genes with SNPs covered by 10 or more reads, 43 (~90%) showed positive
evidence of clone-specific allelic bias; the rest were inconclusive; positive evidence for equivalence
was not detected in any X-linked genes (Dataset S2 in Dryad, Nag et al., 2013). By contrast, of the
3270 autosomal genes with comparable coverage, 1167 (35%) showed positive evidence of equivalent
expression of both alleles and no evidence of bias in either clone; 269 (8%) had allelic bias, while the
rest were inconclusive.

Altogether, there were 5001 autosomal genes with at least one SNP covered at any level (Dataset
S2in Dryad, Nag et al., 2013). Of these, 1021 genes were predicted to be MAE by the DT2F classifier
at the Neutral setting and 236 genes at the Precision-optimized setting. For a quantitative bias com-
parison, we used all expressed genes. For additional control, we also used equally sized sets of genes
with matched levels of expression, randomly chosen from these remaining genes. Both control groups
showed quite small mean allelic bias, about 60:40. By contrast, genes predicted MAE by the Neutral
DT2F classifier showed about 75:25 bias, and the genes predicted by the classifier at Precision setting
had mean bias of 90:10 (Figure 2B). To estimate probability of error, we sampled 10 sets of 40 pre-
dicted genes and 10 equally-sized control sets, matched by expression; the comparison of the mean
bias in the 10 sampled sets showed highly significant difference (p<9e—05; non-paired t test). Thus the
predicted MAE genes had significantly higher bias than the control genes. In subsequent analysis, we
used the neutral classifier setting in order to maximize the number of candidate MAE genes and scru-
tinize predictive properties of this less stringent setting.

Next, we used the RNA-Seq data to categorize predicted and control genes as biased, unbiased, or
indeterminate (Figure 2C). Biased expression was identified based on FDR-corrected binomial testing
and allelic skewing of at least 2:1 (see ‘Materials and methods’). Importantly, rejection of the bias hypo-
thesis by this test does not automatically mean the gene could be called unbiased. Therefore, we used
equivalence testing (Limentani et al., 2005), with equivalence boundaries corresponding to the two-fold
imbalance; genes that failed both tests were called indeterminate. Genes predicted by the DT2F neutral
classifier were enriched for genes with positively identified allelic bias; the precision classifier setting, as
expected, yielded still better enrichment but fewer positively identified genes (Figure 2D, E).

This RNA-Seq approach confirms MAE predictions on a whole-transcriptome level, but it has significant
limitations. Insufficient coverage depth leaves an overwhelming majority of genes as ‘indeterminate’
(Figure 2E). This results in underestimation of both the true positive and the true negative rates.
Furthermore, a large majority of known MAE genes (about 85%) show biallelic expression in some
clonal lineages (Gimelbrant et al., 2007; Zwemer et al., 2012). This is highly important when consid-
ering any validation experiments, since even exhaustive analysis of just two independent clones would
miss monoallelic expression in many such genes that would happen to show biallelic expression in the
two assessed clones. To validate MAE predictions more conclusively, we measured allelic bias in a
greater number of independent clones. To simultaneously increase both coverage depth and the
number of biological samples, we designed a targeted extra-deep RNA-Seq assay (allele-specific
targeted sequencing; AST-Seq) that allowed us to precisely quantify allele-specific expression of a
subset of genes in an increased number of clones (see Figure 3A).

To assess both false negative and false positive rates for predictions by the DT2F classifier, we chose
a set of predicted, unconfirmed MAE genes expressed in both assessed clones, and a comparable
random set of predicted biallelic genes (see ‘Method note 2'). Previously, we had derived and character-
ized several independent clones from GM13130 lymphoblastoid cells (Gimelbrant et al., 2007). Starting
with four of these clones and the two clones from GM12878, we selected SNPs heterozygous in both
genotypes. To control for possible genotyping errors and amplification bias, we used genomic DNA from
the same cells. After removing SNPs that did not pass the equivalence test in the gDNA (cf. Figure 2C),
we had SNPs in 17 predicted MAE genes and 28 predicted biallelic genes. As templates, we used DNA
and DNase-treated nuclear RNA from original cell lines and the clones (Gimelbrant et al., 2007); as a
positive control for expression bias, we included X-linked genes Dataset S3 in Dryad (Nag et al., 2013).

We performed two sequencing experiments, with overlapping samples, obtaining 1.6 M reads on
average per sample per run. Figure 3B shows a representative subset of all classes of assessed genes
and associated allelic counts (complete data in Dataset S3 in Dryad, Nag et al., 2013). While alleles
were equally represented in genomic DNA, the X-linked genes (e.g., PIR and XIAP) showed strong
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