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SUMMARY

Every human somatic cell inherits a maternal and a paternal genome, which work
together to give rise to cellular phenotypes. However, the allele-speciÞc relation-
ship between gene expression and genome structure through the cell cycle is
largely unknown. By integrating haplotype-resolved genome-wide chromosome
conformation capture, mature and nascent mRNA, and protein binding data from
a B lymphoblastoid cell line, we investigate this relationship both globally and
locally. We introduce the maternal and paternal 4D Nucleome, enabling detailed
analysis of the mechanisms and dynamics of genome structure and gene function
for diploid organisms. Our analyses Þnd signiÞcant coordination between allelic
expression biases and local genome conformation, and notably absent expres-
sion bias in universally essential cell cycle and glycolysis genes. We propose a
model in which coordinated biallelic expression reßects prioritized preservation
of essential gene sets.

INTRODUCTION
Biallelic gene expression in diploid genomes inherently protects against potentially harmful mutations.
Disrupted biallelic expression of certain genes increases vulnerability to disease in humans, such as in fa-
milial cancer syndromes that have loss of function in one allele (Knudson, 1971). BRCA1 and BRCA2 are
quintessential examples, for which missense, nonsense, or frameshift mutations affecting function of one
allele signiÞcantly increase the risk of breast cancer in women (Gudmundsson et al., 1995; Maxwell et al.,
2017). Imprinted genes are also associated with multiple disease phenotypes such as Angelman and
Prader-Willi syndromes (Zakharova et al., 2009; Buiting, 2010). Other genes with monoallelic or allele-
biased expression (MAE, ABE) may be associated with disease, but the contribution of allelic bias to dis-
ease phenotypes remains poorly understood.

ABE can occur with single nucleotide variants (SNVs), insertions or deletions (InDels), and chromatin mod-
iÞcations (Consortium, 2015; Rozowsky et al., 2011; Kundaje et al., 2015; Rao et al., 2014; Tan et al., 2018).
Analyses of allelic bias suggest highvariance across tissues and individuals, with estimates ranging from 4%
to 26% of genes in a given setting (Leung et al., 2015; Rozowsky et al., 2011). In addition, higher order
chromatin conformation and spatial positioning in the nucleus shape gene expression ( Rajapakse and
Groudine, 2011; Misteli, 2011, 2020; Cook, 2010). As the maternal and paternal alleles can be distant in
the nucleus, their spatial positions may promote ABE (Beliveau et al., 2015; Cremer and Cremer, 2010).

A major step toward understanding the contribution of allelic bias to disease is to identify ABE genes,
recognizing that important biases may be transient and challenging to detect. Allele-speciÞc expression
and 3D structures are not inherently accounted for in genomics methods such as RNA-sequencing and
genome-wide chromosome conformation capture (Hi-C). These limitations complicate interpretations of
structure-function relationships, and complete phasing of the two genomes remains a signiÞcant
challenge.

To improve understanding of ABE in genomic structure-function relationships, we developed a novel
phasing algorithm for Hi-C data, which we integrate with allele-speciÞc RNA-seq and Bru-seq data across
three phases of the cell cycle in a human female B-lymphoblastoid cell line (Figure 1). RNA-seq and Bru-seq
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provide complementary gene expression data. RNA -seq provides information on steady state gene
expression by measuring mature RNA, while Bru-seq measures nascent RNA transcription through bro-
mouridine tagging ( Paulsen et al., 2014). RNA-seq and Bru-seq data were separated into their maternal
and paternal components through SNVs/InDels (Pickrell et al., 2010). Our algorithm, HaploHiC, uses
phased SNVs/InDels to impute Hi-C reads of unknown parental origin. Publicly available allele-speciÞc pro-
tein binding data (ChIP-seq) were also included to better understand potential regulatory elements
involved in allelic bias (Chen et al., 2016b; Rozowsky et al., 2011). In addition to identifying known ABE
genes silenced by X Chromosome inactivation (XCI) or imprinting, our analyses Þnd novel expression
biases between alleles and cell cycle phases in several hundred genes, many of which had corresponding
bias in allele-speciÞc protein binding. Furthermore, the alleles of ABE genes were signiÞcantly more likely
to differ in local structure compared to randomly selected alleles. In contrast, we observed a pronounced
lack of ABE in crucial biological pathways and essential genes. Our Þndings highlight advantages of inte-
grating genomics analyses in a cell cycle and allele-speciÞc manner and represent an allele-speciÞc exten-
sion of the 4D Nucleome (4DN) (Chen et al., 2015; Ried and Rajapakse, 2017; Dekker et al., 2017; Lindsly
et al., 2021). This approach will be beneÞcial to investigation of human phenotypic traits and their pene-
trance, genetic diseases, vulnerability to complex disorders, and tumorigenesis.

Figure 1. Experimental and allelic separation workßow
Cell cycle sorted cells were extracted for RNA-seq, Bru-seq, and Hi-C (left to right, respectively). RNA-seq and Bru-seq
data were allelicly phased via SNVs/InDels (left). SNV/InDel based imputation and haplotype phasing of Hi-C data using
HaploHiC (right). These data provide quantitative measures of structure and function of the maternal and paternal
genomes through the cell cycle. For all G2 labels after the cell cycle diagram, G2 includes both G2 and M.
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RESULTS
Chromosome-scale maternal and paternal differences

Spatial positioning of genes within the nucleus is known to be associated with transcriptional status ( Raja-
pakse and Groudine, 2011; Misteli, 2011, 2020; Cook, 2010). One might expect that the maternal and
paternal copies of each chromosome would stay close together to ensure that their respective alleles
have equal opportunities for transcription. Imaging of chromosome territories has shown that this is often
not the case (Figure 2A, method details ) (Solovei et al., 2002; Bolzer et al., 2005; Ronquist et al., 2017). This
observation inspired us to investigate whether the two genomes operate in a symmetric fashion, or if allele-
speciÞc differences exist between the genomes regarding their respective chromatin organization patterns
(structure) and gene expression proÞles (function). We analyzed parentally phased whole-chromosome Hi-
C and RNA-seq data at 1 Mb resolution to identify allele-speciÞc differences in structure and function,
respectively. We subtracted each chromosomeÕs paternal Hi-C matrix from the maternal matrix and found
the Frobenius norm of the resulting difference matrix. The Frobenius norm provides a measure of distance
between matrices, where equivalent maternal and paternal genome structures would result in a value of
zero. Similarly, we subtracted the phased RNA-seq vectors in log 2 scale and found the Frobenius norm
of each difference vector. RNA-seq vectors were constructed by taking the average expression of all genes
contained within each 1 Mb bin for all chromosomes. The Frobenius norms were adjusted for chromosome
size and normalized for both Hi-C and RNA-seq.

We found that all chromosomes have allelic differences in both structure (Hi-C, blue) and function (RNA-
seq, red) (Figure 2B). Chromosome X had the largest structural difference, as expected, followed by Chro-
mosomes 9, 21, and 14. Chromosome X had the most extreme functional differences as well, followed by
Chromosomes 13, 7, and 9. A threshold was assigned at the median Frobenius norm for Hi-C and RNA-seq
(Figure 2B green dashed lines). The majority of chromosomes with larger structural differences than the me-
dian in Hi-C also have larger functional differences than the median in RNA-seq. There is a positive corre-
lation between chromosome level differences in structure and function, which is statistically signiÞcant only
when Chromosome X is included (R= 0.66 and p = 0.007 with Chromosome X; R= 0.30 and p = 0.17 without
Chromosome X).

Allele-speciÞc RNA expression

After conÞrming allelic differences in RNA expression at the chromosomal scale, we examined allele-spe-
ciÞc expression of individual genes through RNA-seq and Bru-seq. We hypothesized that the chromosome
scale expression differences were not only caused by known cases of ABE such as XCI and imprinting, but

Figure 2. Genome imaging and chromosome differences
(A) Nucleus of a primary human Þbroblast imaged using 3D FISH with the maternal and paternal copies of Chromosome 6, 8, and 11 painted red, green, and
white, respectively (left). Subsection highlighting the separation betw een the maternal and paternal copies of Chromosome 11, now colored red (rig ht).
(B) Normalized chromosome level structural and functional parental differences of GM12878 cells. Structural differences (D Structure, blue) represent the
aggregate changes between maternal and paternal Hi-C over all 1 Mb loci for each chromosome, adjusted for chromosome size in G1. Functional
differences (D Function, red) represent the aggregate changes between maternal an d paternal RNA-seq over all 1 Mb loci for each chromosome, adjusted
for chromosome size in G1. Green dashed lines correspond to the median structural (0.48, chromosome 3) and functional (0.20, chromosome 6) differences,
in the top and bottom respectively, and all chromosomes equal to or greater than the threshold are labeled. Scatterplot of maternal and paternal diffe rences
in structure and function with best-Þt line (R = 0.66 and p = 0.007).
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also by widespread ABE over many genes (Gimelbrant et al., 2007; Deng et al., 2014). Therefore, we eval-
uated all genes with sufÞcient reads covering SNVs/InDels for differential expression across the six settings:
maternal and paternal in G1, S, and G2/M. These settings give rise to seven comparisons which consist of
maternal versus paternal within each of the cell cycle phases (three comparisons), as well as G1 versus S and
S versus G2/M for the maternal and paternal genomes, respectively (two comparisons for each genome).
Within this manuscript, we deÞne the term ÔÔallele-speciÞc genesÕÕ as any genes with sufÞcient expression
and SNV/InDel coverage for accurate separation of the maternal and paternal allelic contributions,
although it is likely that other genes with insufÞcient coverage may also have biases in their allelic
expression.

First, we identiÞed genes with ABE and cell cycle-biased expression (CBE) from RNA-seq. Although ABE
refers to differential expression between alleles in each cell cycle phase, CBE refers to signiÞcant changes
in expression from one cell cycle phase to another in each allele. From 23,277 RefSeq genes interrogated,
there were 4,193 genes with sufÞcient coverage on SNVs/InDels to reliably determine allele-speciÞc
expression (OÕLeary et al., 2016). We performed differential expressi on analysis for the seven comparisons
to identify which of the 4,193 genes had ABE or CBE (Anders and Huber, 2010). We identiÞed 615 differen-
tially expressed genes from RNA-seq: 467 ABE genes, 229 CBE genes, and 81 genes with both ABE and
CBE (Tables S2 and S4). Both exons and introns containing informative SNVs/InDels were used for our
Bru-seq data, from which 5,294 genes had sufÞcient coverage. We identiÞed 505 differentially expressed
genes from Bru-seq: 380 ABE genes, 164 CBE genes, and 39 genes with both ABE and CBE (Tables S3
and S5). We also identiÞed 130 genes that had ABE in bothRNA-seq and Bru-seq. Although this is substan-
tially smaller than the total number of ABE genes for RNA-seq and Bru-seq (467 and 380, respectively), the
number of genes that are allele-speciÞc in both data modalities is also smaller. That is, only 285 of the ABE
genes from RNA-seq are allele-speciÞc in Bru-seq and 192 of the ABE genes from Bru-seq are allele-speciÞc
in RNA-seq. The remaining genes did not have sufÞcient expression or SNV coverage to be included in the
downstream analysis, even though they may have biases in their allelic expression levels. We then sepa-
rated the differentially expressed genes into their respective chromosomes to observe their distribution
throughout the genome. From RNA-seq (Bru-seq), we found that autosomes had 3-14% (1-11%) of ABE
in their allele-speciÞc genes which is comparable to previous Þndings (Leung et al., 2015). As expected,
Chromosome X had a particularly high p ercentage of ABE genes at 90% (91%).

We identiÞed 288 genes that have ABE in all three cellcycle phases from RNA-seq (160 paternally biased,
128 maternally biased) and 173 from Bru-seq (129 paternally biased, 44 maternally biased). This is the most
common differential expression pattern among ABE genes and these genes form the largest clusters in Fig-
ure 3A. These clusters include, but are not limited to, XCI, imprinted, and other MAE genes. Known exam-
ples within these clusters are highlighted in the ÔX-LinkedÕ and ÔImprintedÕ sections ofFigure 3B. We also
identiÞed hundreds of genes that are not currently appreciated in literature to have ABE, with examples
shown in the ÔAutosomal GenesÕ sections ofFigure 3B for both mature and nascent RNA. Approximately
half of all ABE genes were only differentially expressed in one or two cell cycle phases, which we refer to
as transient allelic biases. These genes form the smaller clusters seen inFigure 3A. Examples of genes
with transient allelic biases are also presented in the ÔAutosomal GenesÕ section ofFigure 3B. Transient
expression biases like these may be because of coordinated expression of the two alleles in only certain
cell cycle phases, though the mechanism behind this behavior is unclear.

Among the ABE genes from RNA-seq analysis, we found 117 MAE genes. In addition to the requirements
for differential expression, we impose the thresholds of an FC R 10 and for the inactive allele to have <0.1
Fragments Per Kilobase of transcript per Million (FPKM), or FCR 50 across all three cell cycle phases. Our
analysis conÞrmed MAE for imprinted and XCI genes, with examples shown inFigure 3B. Imprinted and XCI
genes are silenced via transcriptional regulation, which was veriÞed by monoallelic nascent RNA expression
(Bru-seq). TheXISTgene, which is responsible for XCI, was expressed in the maternal allele reßecting the
deactivation of the maternal Chromosome X. XCI was also observed from Hi-C through large heterochro-
matic domains in the maternal Chromosome X, and the absence of these domains in the paternal Chromo-
some X (Figure 4C). The inactive Chromosome X in our cells is opposite of what is commonly seen for the
GM12878 cell line in literature (likely because of our speciÞc GM12878 sub-clone), but is consistent be-
tween our data modalities ( Chen et al., 2016b; Rao et al., 2014; Tan et al., 2018). The MAE genes also include
six known imprinted genes, four expressed from the paternal allele ( KCNQ1OT1, SNRPN, SNURF, and
PEG10) and two from the maternal allele (NLRP2and HOXB2). Some of the known imprinted genes that
were conÞrmed in our data are associated with imprinting diseases, such as Beckwith-Wiedemann
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syndrome (KCNQ1OT1 and NLRP2), Angelman syndrome (SNRPNand SNURF), and Prader-Willi syndrome
(SNRPNand SNURF) (Cao et al., 2017; Adams, 2008). These genes and their related diseases offer further
support for allele-speciÞc analysis, as their monoallelic expression could not be detected otherwise.

After observing that approximately half of all ABE genes had transient expression biases, we hypothesized
that alleles may have unique dynamics through the cell cycle. We then focused our investigation on allele-
speciÞc gene expression through the cell cycle to determine if alleles had CBE, and whether alleles were
coordinated in their cell-cycle dependent expression ( Figure S1B). We compared the expression of each
allele between G1 and S as well as between S and G2/M, which provides insight into the differences be-
tween maternal and paternal allelesÕ dynamics across the cell cycle. In the G1 to S comparison, there are
88 (55) genes in RNA-seq (Bru-seq) which have similar expression dynamics in both alleles. These genesÕ
maternal and paternal alleles are similarly upregulated or downregulated from G1 to S. In contrast, 87
(97) genes in RNA-seq (Bru-seq) have different expression dynamics between alleles. That is, only one allele
is up or downregulated in the transition from G1 to S. In the S to G2/M comparison, there are 26 3) genes in
RNA-seq (Bru-seq) that have similar expression dynamics in both alleles and 56 (12) genes with different

Figure 3. Allele-speciÞc mature and nascent RNA expression
(A) Differentially expressed genesÕ maternal and paternal RNA expression through the cell cycle. Expression heatmaps
are average FPKM values over three replicates after row normalization. Genes are grouped by their differential expression
patterns (Figure S1).
(B) Representative examples of X-linked, imprinted, and other autosomal genes with allelic bias. Top and bottom sections
of (A) and (B) show mature RNA levels (RNA-seq) and nascent RNA expression (Bru-seq), respectively.
(C) Examples of cell cycle regulatory genesÕ mature RNA levels through the cell cycle. These genes are grouped by their
function in relation to the cell cycle and all exhibit CBE but none have ABE. All example genes in (B) and (C) reßect average
FPKM values over three replicates, and ABE in a particular cell cycle phase is marked with an orange or purple asterisk for
maternal or paternal bias, respectively. Within this Þgure, G2 includes both G2 and M phase. Any plots with no visible error
bars in (B) and (C) have errors smaller than the marker at each cell cycle phase.
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expression dynamics between alleles. From these data, we see a coordination of expression between
many, but certainly not all, al leles through the cell cycle.

Biallelic expression and cellular function

We observed from our analysis of CBE that multiple cell cycle regulatory genes had no instances of ABE
(Figure 3C). We expanded this set of genes to include all allele-speciÞc genes contained in the KEGG
cell cycle pathway (Kanehisa and Goto, 2000). Again, we found zero instances of ABE. This may suggest
that genes with certain crucial cellular functions, like cell cycle regulation, may have coordinated biallelic
expression to ensure their sufÞcient presence as a means of robustness. This is supported by previous Þnd-
ings which showed restricted genetic variation of enzymes in the essential glycolytic pathway (Cohen et al.,
1973).

We hypothesized that genes implicated in critical cell cycle processes would be less likely to have ABEs. We
tested additional modules derived from KEGG pathways containing at least Þve allele-speciÞc genes, with
the circadian rhythm module supplemen ted by a known core circadian gene set (Chen et al., 2015). Exam-
ples of modules with varying proportions of ABE are shown in Table 1 (Table S7), where ÔÔPercent ABEÕÕ

Figure 4. Haplotype phasing of Hi-C data
(A) HaploHiC separates paired-end reads into groups based on parental origin determined through SNVs/InDels (left, method details ). Reads are grouped
by: (i) reads with one (sEnd-P/M) or both ends (dEnd-P/M) mapped to a single parent, (ii) reads are inter-haplotype, with ends mapped to both parents (d /
sEnd-I), and (iii) reads with neither end mapped to a speciÞc parent (dEnd-U). Abbreviations within this Þgure are deÞned as follows: dEnd, double-end;
sEnd, single-end; U, unmapped; P, paternal; M, maternal; I, inter-haplotype ; chrF/posF, mapped chromosome and position of forward end after sorted ;
chrL/posL, mapped chromosome and position of latter end after sorted. An example of a paired-end read (dEnd-U) with no SNVs/InDels has its origin
imputed using nearby reads (right, method details ). A ratio of paternally and maternally mapped reads is found in a dynamically sized ßanking region around
the haplotype-unknown readÕs location (method details ). The ratio then determines the likelihood of the h aplotype-unknown readÕs origin. This example
visualization shows a slight bias toward Hi-C reads with a paternal origin, but the majority of our Hi-C data has stro nger biases than what is shown here.
(B) Whole-genome Hi-C of GM12878 cells (top left). Inter-haplotype and intra -haplotype chromatin contacts after phasing Hi-C data using HaploHiC ( right).
Chromosomes 14 and 15 highlight inter- and intra-chromosome contacts within and between genomes (bottom left). Visualized in log 2 scale 1 Mb resolution
in G1.
(C) Haplotype phasing illustrates that the inactive maternal Chromosome X is partitioned into large heterochromatic domains, outlined in dotted bl ack
boxes. Visualized in log 2 scale 100 kb resolution in G1.
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