
RESEARCH ARTICLE

Gene expression bias between the

subgenomes of allopolyploid hybrids is an

emergent property of the kinetics of

expression

Hong AnID
1, J. Chris Pires2, Gavin C. ConantID

3,4,5*

1 MU Bioinformatics and Analytics Core, University of Missouri, Columbia, Missouri, United States of

America, 2 Department of Soil and Crop Science, Colorado State University, Fort Collins, Colorado, United

States of America, 3 Bioinformatics Research Center, North Carolina State University, Raleigh, North

Carolina, United States of America, 4 Program in Genetics, North Carolina State University, Raleigh, North

Carolina, United States of America, 5 Department of Biological Sciences, North Carolina State University,

Raleigh, North Carolina, United States of America

* gconant@ncsu.edu

Abstract

Hybridization coupled to polyploidy, or allopolyploidy, has dramatically shaped the evolution

of flowering plants, teleost fishes, and other lineages. Studies of recently formed allopoly-

ploid plants have shown that the two subgenomes that merged to form that new allopoly-

ploid do not generally express their genes equally. Instead, one of the two subgenomes

expresses its paralogs more highly on average. Meanwhile, older allopolyploidy events tend

to show biases in duplicate losses, with one of the two subgenomes retaining more genes

than the other. Since reduced expression is a pathway to duplicate loss, understanding the

origins of expression biases may help explain the origins of biased losses. Because we

expect gene expression levels to experience stabilizing selection, our conceptual frame-

works for how allopolyploid organisms form tend to assume that the new allopolyploid will

show balanced expression between its subgenomes. It is then necessary to invoke phenom-

ena such as differences in the suppression of repetitive elements to explain the observed

expression imbalances. Here we show that, even for phenotypically identical diploid progen-

itors, the inherent kinetics of gene expression give rise to biases between the expression

levels of the progenitor genes in the hybrid. Some of these biases are expected to be gene-

specific and not give rise to global differences in progenitor gene expression. However, par-

ticularly in the case of allopolyploids formed from progenitors with different genome sizes,

global expression biases favoring one subgenome are expected immediately on formation.

Hence, expression biases are arguably the expectation upon allopolyploid formation rather

than a phenomenon needing explanation. In the future, a deeper understanding of the kinet-

ics of allopolyploidy may allow us to better understand both biases in duplicate losses and

hybrid vigor.
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Author summary

Allopolyploidy, or polyploidy through hybridization, is common across the eukaryotes. In

newly formed allopolyploids, one of the contributing progenitor subgenomes generally

expresses its genes at higher levels than does the subgenome from the other progenitor. It

is believed that, as allopolyploids age, these expression differences drive differential dupli-

cate gene losses between the subgenomes, as most older polyploidies show such biases in

their gene losses. However, why the expression biases appear in the first place has been

debated. Here, we use simple models of gene expression to show that the merging of dis-

tinct progenitor genomes through allopolyploidy will almost always yield expression

biases due to the nonlinear kinetics of transcription. We argue that expression biases are

hence the expectation for most allopolyploidies without a need for more complex

explanations.

Introduction

Hybridization held an odd place in evolutionary theory toward the middle of the last century,

because geneticists’ view of its importance could vary substantially depending on their organ-

ism of interest [1]. In 1959, Stebbins [2] argued that zoologists working on terrestrial verte-

brates tended to discount hybridization as those animals rarely formed fertile, reproductively

isolated, hybrids. The reasons for this rarity probably center around these organisms’ obligate

sexual reproduction and their common use of chromosomal sex determination. In contrast, he

showed that there was clear evidence for the formation of new species through hybridization

among the flowering plants [2].

Stebbins also discussed the differing routes by which such hybrids might form and laid par-

ticular emphasis on hybridization coupled to polyploidy, or allopolyploidy. It is now clear that

flowering plant diversity has been hugely shaped by hybridization and in particular by allo-

polyploidy [3,4]. Genomic technologies have also provided evidence for many ancient hybrid-

ization and polyploidy events from across the eukaryotes (including vertebrates) that were not

evident from morphological or cytological evidence alone [4–7]. These hybridizations are

interesting for several reasons, not least because they can exhibit hybrid vigor or heterosis,

meaning they possess desirable traits that exceed those of either of their progenitors [8,9].

Hybrid vigor is not usually explicable in terms of one or a few genetic loci, instead being driven

by contributions from across the progenitors’ genomes [10]. One relatively simple explanation

of this vigor would therefore be that the hybrid masks mildly deleterious homozygous recessive

alleles in each progenitor lineage [10]. However, the differing heterotic behavior of different

types of traits [11] and the differences seen in heterosis between polyploid and diploid hybrids

[10,12,13] argue that other factors, termed overdominance, are also at work.

When comparing the different possible mechanisms of hybrid formation, hybridization

through allopolyploidy presents a number of advantages: it does not require equal chromo-

some numbers to preserve fertility, it can produce essentially instantaneous reproductive isola-

tion, and it can allow for the formation of hybrids between more distant lineages [2,3,14].

When coupled to the heterotic behavior of polyploids [10,12,13], these advantages of allopoly-

ploidy may be part of the reason that allopolyploid plants were unusually likely to have been

selected for domestication by early farmers [15].

As a reasonable number of recent allopolyploidy events are known, we can begin to explore

and untangle the effects of polyploidy and hybridization by studying the functional genomics

of these neopolyploids. One very important characteristic they often show is an unequal
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contribution to gene expression between the progenitor genomes. Commonly, one of the two

progenitors shows higher average gene expression than the other in the allopolyploid [16–20].

Curiously, when we consider much older paleopolyploidies, there is also usually a strong statis-

tical bias in the number of duplicate genes lost between the progenitor subgenomes, a pattern

termed biased fractionation [21–26]. One can easily hypothesize that the early expression

biases created conditions whereby gene losses were favored from the less expressed progenitor

subgenome [16–20,27], making biased fractionation a consequence of biased expression.

What this hypothesis leaves unanswered, however, is the source of these expression biases

[27]. Researchers have sought to divide the potential sources of such biases into the “parental

legacy” and the effects of polyploid formation [28]. In this framework, a legacy of observable

expression differences, either local or global, between the diploid progenitors might map to

similar differences in the allopolyploid [29]. Alternatively, the formation of the polyploid off-

spring might, immediately or in time, give rise to expression differences between the parental

subgenomes that did not exist in the diploid progenitors [28].

While attractive, this neat division of sources of bias has certain limitations. Somewhat trivi-

ally, we should probably conceptually divide parental differences into those due to the actions

of selection and those attributable to genetic drift in expression [30,31]. Likewise, in natural

systems, the actual parental lineages are rarely extant, adding further difficulties to the identifi-

cation of the legacy [28]. A degree of ambiguity in terminology has also arisen, with the term

“genome dominance” or “genomic dominance” having been employed both in the sense of a

global bias in allopolyploid gene expression toward one progenitor subgenome [32] and in an

alternative sense of the allopolyploid expression level being indistinguishable from one of the

two progenitors (the “dominant” genome) [33]. We will thus avoid the term genomic domi-

nance to prevent confusion. Instead, we will use “expression bias” to refer to greater relative

expression from one homoeologous gene (i.e., paralog due to polyploidy) and “global expres-

sion bias” to refer to the case where one of the two subgenomes experiences expression bias in

its favor (much) more often that the other.

A final concern with the parental legacy model is that we should ask whether we are consid-

ering all differences between the parental genomes to be part of the legacy or only phenotypi-

cally-evident ones. This distinction is key, because there are well-known examples of gene

regulatory circuits that are phenotypically identical but genetically very distinct [34]. Under

such circumstances, we probably lack the intuition of how a polyploidy event would affect rela-

tive expression levels.

The question of the source of the biases has also be approached empirically [35]. The most

popular hypothesis currently is that the progenitor subgenome with the higher transposable

element content experiences a repression of those elements mediated by the other subgenome,

with the knock-on effect of repressing the expression of its nearby genes [20,36,37]. This expla-

nation does not fit neatly into the parental legacy/novel feature dichotomy above because the

effect is indeed only observed in the polyploid, but it results from significant genetic differ-

ences that have accumulated between the parental lineages.

Here we propose that computational models can be very enlightening on the question of

allopolyploid expression biases because they allow us to control all of the complexities just

mentioned that complicate analyses in real organisms [28,35]. We will therefore ask “How

easy is it to generate allopolyploid genomes with expression biases from diploid progenitors

that are phenotypically identical in their expression?”

This framing of the problem removes selected and neutral differences in parental expres-

sion levels from the analysis, allowing us to ask whether expression biases require such a paren-

tal legacy. We instead focus on more indirect changes between the parental genomes, such as

changes in their size. Size is a very important parameter because cellular volume tends to scale
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with genome size [38], with polyploid organisms showing larger volumes than their diploid

relatives. However, it is also important to recall that this scaling is not usually perfectly linear

[39]. Our approach follows that Bottani and colleagues [19], who have pointed out that the

kinetics of RNA polymerase binding and transcription will differ between genomes of different

sizes, because, in a bigger genome, there are more sites for off-target polymerase (or transcrip-

tion factor) binding. To achieve equivalent mRNA concentrations between a big and small

genome, evolution will have needed to adjust the concentrations or the affinities of the tran-

scriptional machinery in one or both genomes. An allopolyploid product of two such genomes

would not, in general, show balanced expression between its two subgenomes.

Here we extend on this insight of Bottani et al. [19], showing that the null expectation of an

allopolyploidy is unbalanced expression, particularly when the regulatory dynamics of the

genes are relatively complex. Rather than a surprising result of allopolyploidy, we argue that

subgenome-biased expression is the expected behavior of such hybrids.

Results

Modeling gene expression

Expression bias can be a global property of the genome. However, building an expression

model of thousands of genes is computationally expensive and results in models that are diffi-

cult to interpret. Instead, we will first show how models of single genes respond to polyploidy

and then discuss how some of the parameters of those models represent global quantities

determined by the genome. The allopolyploid’s progenitor genomes will therefore be assumed

to have had many generations to diverge in their transcriptional kinetics but will be required

to have identical phenotypes. Throughout, we will use steady state mRNA concentrations in

our measures of bias so that our results are independent of genome size and cell volume.

Expression balance in hybrids is difficult to achieve and unstable

As an illustration of how a bias in expression could emerge immediately upon allopolyploid

formation even with phenotypically identical parental lineages, we created models of an ortho-

logous gene in two progenitor genomes A1 (ancestor 1) and A2 (ancestor 2). A1 and A2 differ

in the DNA breathing rate [40–42]. This “breathing” is modeled with an opening (ko) and a

closing (kc) rate parameter: the proportion of time that the DNA is transcriptionally active can

be computed with the ratio of these two parameters. Their values will depend on a number of

factors such as the base composition of the sequences in question [43].

In the two models we are comparing, progenitor A2 has its DNA transcriptionally active

less often (higher kc; Fig 1A) than does A1. It compensates with higher RNA polymerase levels,

such that A1 and A2 have identical steady-state mRNA concentrations. We created a model of

an allopolyploid hybrid P by merging the two models, doubling the nuclear volume and

assuming that P has an RNA polymerase concentration that is the arithmetic average of those

of A1 and A2 (Methods). As one would expect, as the closing rate kc from A2 increases, the bias

against mRNAs from that subgenome increases (Fig 1A).

These models are an existence proof for instantaneous expression bias but are highly sim-

plified and do not give a sense of whether bias is common. In Fig 1B, we use more complex

models where the transcription levels result from competition between a repressor and the

polymerase. In the model for species A1, the gene has only a single repression binding site,

while A2 has two. We tuned the repressor affinities in A2 such that the DNA is exposed for

transcription the same proportion of the time in A1 and A2. As a result, the two models have

identical steady-state mRNA levels. When we form the allopolyploid hybrid, we find that no

bias is seen across any concentration of RNA polymerase because of the equal DNA exposure.
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However, if we force the repressor concentration to change in P, as might happen if the vol-

ume of the allopolyploid did not experience perfect two-fold scaling [39], we see that bias once

again appears. Hence, balance in mRNA levels is generally unstable, even in situations where

the two progenitors are “tuned” to give it.

Of course, genomes contain many genes, and it is important to understand how their rela-

tive expression levels and bias interact in hybrids. In Fig 2, we show a model that includes two

genes, G1 and G2. At a per-gene level, this model is similar to that of Fig 1B except that we

now make transcription autocatalytic, in the sense that DNA that has just been transcribed is

more open to the binding of a new polymerase molecule [44]. We tuned the affinity of A2’s sec-

ond repressor site so as to make the steady-state mRNA levels of A1 and A2 identical for any

combination of RNA polymerase concentration and affinity of A2’s first repressor site (Meth-
ods). Unsurprisingly, gene G1 in the allopolyploid hybrid shows expression bias, a bias that

varies as polymerase levels and repressor affinities change (Fig 2B). Strikingly, the bias

observed for G2 is very similar to that for G1 (Fig 2D). If, in real organisms, one observed such

similar bias levels between pairs of genes, one would be tempted to infer that the expression

ratio between G1 and G2 in the allopolyploid was reflective of its ratio in the progenitors.

However, such is not the case: Fig 2C shows that the G1/G2 expression ratio from subgenome

A1 in the allopolyploid varies considerably across the range of polymerase concentrations,

even though it is constant at effectively 2:1 in the ancestral A1 genome. In other words, know-

ing that two pairs of homoeologous genes have similar biases in an allopolyploid does not

allow us to conclude that the relative expression level that we see for those two pairs of genes in

that allopolyploid reflects their relative expression levels in the progenitor lineages. This limita-

tion holds despite the fact that the two progenitors have identical expression levels for both
genes.

Most pairs of expression models with identical expression produce bias

when hybridized

The above results show that allopolyploids need not necessarily show balanced expression

between their subgenomes. But of course, it is possible that we have, by chance or design,

selected model parameters that give the misleading impression that bias is common. What if

instead, as is seen in metabolic pathways [45], expression in allopolyploids is canalized, such

that most expression configurations do not produce imbalances? To address this concern, we

assessed the prevalence of bias for pairs of models that randomly sampled the parameter space.

Fig 1. Two types of gene expression model that generate expression bias after allopolyploidy. A. In this model, the

DNA transitions between a transcriptionally-available state (DNAopen) and a closed state (DNAclosed). The binding and

unbinding of the polymerase to the open DNA then occurs at rates kb and ku, respectively. Transcription is modeled as

an irreversible process competing with polymerase unbinding (rate kt). The decay of the resulting mRNA then occurs

on a timescale of minutes (rate kd). We model genes in two genomes A1 and A2, one of which has DNA that spends less

time in the open configuration (kc; y-axis) and compensates with a higher effective concentration of RNA polymerase,

such that the steady-state mRNA concentration is identical in A1 and A2. (The kinetics of transcription are also

identical for the two). The allopolyploid hybrid of A1 and A2 has a doubled nuclear volume (2x10-13 l) and an RNA

polymerase molecule count equal to the sum of those of A1 and A2. The heat map shows how B, the ratio of steady-

state mRNA in A2 over A1, varies with RNA polymerase affinity (kb; x-axis) and the relative DNA closing rate in

genome A2 (kcA2/ kcA1; y-axis). B. A more complex expression model, showing situations where balance after

allopolyploidy can be achieved. Model A1 has a single repressor binding site which prevents transcription when a

soluble repressor molecule is reversibly bound (rates kr and kf for binding and release, respectively). The second

genome (A2) has two such sites that bind cooperatively: the second site has an increased binding rate kr2 and a reduced

release rate kf2. The values of kr2 and kf2 are tuned, such that at a baseline level of repressor and RNA polymerase

(10,000 molecules of each), the two cells have identical steady-state mRNA levels. Under these conditions, the

allopolyploid hybrid P also has unbiased expression (B = 1.0). We show the value of B for a range of values of RNA

polymerase (x-axis) and repressor (y-axis) levels from the allopolyploid hybrid.

https://doi.org/10.1371/journal.pcbi.1011803.g001

PLOS COMPUTATIONAL BIOLOGY Transcriptional kinetics drive expression biases in allopolyploids

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011803 January 16, 2024 6 / 22

https://doi.org/10.1371/journal.pcbi.1011803.g001
https://doi.org/10.1371/journal.pcbi.1011803


To do so, we defined a range of generally sensible parameter values and uniformly and ran-

domly sampled from them to define models of genomes A1 and of A2. Of course, such model

pairs will essentially never have equal mRNA levels. So, for model A2, we used step-wise opti-

mization to bring the mRNA concentrations to equality with those from A1 (Methods). Doing

so does not make the models of genomes A1 and A2 identical: the parameter values for A1 and

A2 are generally dissimilar (Fig 3). Across 1000 pairs of random models, expression biases,

even very large ones, are the rule rather than the exception: only 16% of the pairs from the

more complex metamodel of Fig 3B have expression biases less than ±1.25 fold. There are

three conclusions we can draw from this analysis. The first is that, even when the underlying

expression meta-model is structurally identical, there is an enormous range of potential
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Fig 3. Exploring the state space of expression models for allopolyploids. In A&B, we propose two meta-models of gene expression, a simple one (A)

involving only the polymerase binding a target gene (similar to Fig 1A but without DNA breathing), and a more complex one that follows Fig 2 with slightly

different parameter values (Methods). In each case, we generate two random models A1 and A2 by selecting uniform random values for the model parameters

across the ranges listed (Methods). After computing the steady state mRNA concentration for A1, we use an approximate gradient method to bring A2 to equal

steady state mRNA concentration with A1 (Methods). The resulting parameter values are normalized and the Euclidian distance between A1 and A2 is

computed (Methods). We then construct an allopolyploid hybrid of A1 and A2 and compute resulting mRNA bias B C. Distribution of model-pair distances for

PLOS COMPUTATIONAL BIOLOGY Transcriptional kinetics drive expression biases in allopolyploids

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011803 January 16, 2024 8 / 22

https://doi.org/10.1371/journal.pcbi.1011803


parameter values that can give equal expression levels. However, the second conclusion is that

the formation of an allopolyploid from those models almost invariably results in expression

bias. Our final conclusion is that canalization does not seem to be at play, because using a

more complex expression meta-model produces more, not less, bias (Fig 3D).

Fig 3 makes the unrealistic assumption of a hybridization between two effectively unrelated

progenitors. Can closely related progenitors also display bias after hybridization? To address

this question, we created pairs of models A1 and A2 where A1 was created at random in the

manner just described, but where A2 was simulated to have a genome size between 50%

smaller and 50% larger than A1. Genome size was modeled as a change in nuclear volume,

given the strong association of these two values [38,46]. The A2 models were initialized with

kinetics identical to A1, but then adjusted as just described to give equal steady-state mRNA

levels despite their differing volumes (Methods). Even pairs of models with rather small differ-

ences in their parameters can give expression biases in the face of genome size differences

(Fig 4). In fact, only 52% of the simulations had expression levels within 1.1 fold of each other.

From genes to genomes

The models we have described of course only consider individual genes. Directly applying an

approach such as that used in Figs 3 and 4 across an entire allopolyploid genome would pro-

duce a distribution of expression biases between A1 and A2 with a large variance. However,

because the model parameters from each gene would be independent, the mean bias for that

allopolyploid would be zero. In other words, no global expression bias toward one subgenome

would be observed. But are there conditions where the effects we have modeled could give rise

to a global expression bias?

A natural place to start looking for such patterns would be in the sizes of those progenitor

genomes. Fig 5 gives the genome sizes of the progenitors for several recent allopolyploidy

events in flowering plants where those progenitors are known with some confidence [32,47–

52]. Although in a few cases there is less than a 10% difference in size between the progenitors’

genomes, in only T. miscellus and C. arabica are the differences less than 5% (4.9% in both

cases).

As is suggested by Fig 4, a simple change in genome size necessarily requires changes in

global transcriptional regulatory dynamics in order to maintain gene expression patterns. Bot-

tani et al. [19] have already described this issue, pointing out that, in a larger genome, tran-

scription factors experience more off-target binding, reducing their occupancy of the true

transcription start sites. The important question is how a genome would compensate for its

size increasing over evolutionary time. The intuitive answer, given by Bottani et al. [19], would

be to increase the affinities of the transcription factors and their binding sites. However, indi-

vidually tuning all these local affinities across all the transcription factors and binding sites in

the genome would be a slow process. A more rapid adaptation would be to globally repress

non-genic DNA. In the models above such repression might be accomplished by a higher

DNA closing rate (Fig 1A) or greater numbers of repressor binding sites (Fig 1B). Mechanisti-

cally, such repression could involve a combination of DNA methylation, histone modifications

and changes to the three-dimensional organization of the chromosomes in the nucleus [53–

55]. In fact, such changes might even be automatic: mammalian cells can respond to differ-

ences in their volumes relative to a constant DNA content by changing their burst

1000 simulations of the simple and complex models from A&B. On x is the distance between the model pairs (y-axis in D), on y are the frequencies of those

distances. D. One thousand random pairs of genome models were created from each meta-model and their hybrids simulated. The plot shows the relationship

between the distance between the model pairs (y-axis) and expression bias B (x-axis: note the log scale). E. Histograms of B, plotted on a log-scale (c.f., C).

https://doi.org/10.1371/journal.pcbi.1011803.g003
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transcription dynamics [56], suggesting the existence of some feedback between cell volume,

DNA content and the transcription process. In all of these cases, the result would most likely

be a pair of genomes that were phenotypically identical but that would form allopolyploid

hybrids possessing global expression biases (c.f., Fig 1B, where balanced expression is only

seen with very precise parameter tuning).

Looking beyond even genome size, we can notice that our models in fact include both local

and global controls on gene expression. Parameters such as the RNA polymerase binding con-

stants (kb and ku) are primarily local: that is to say specific to a gene and its promotor. On the

other hand, changes in DNA opening and closing, as well as repressor affinities and (espe-

cially) repressor and polymerase concentrations, are more likely to be global genomic

responses. In other words, they would be expected to be the factors evolution might adjust in

response to changes in genome size or base composition (see below). Allopolyploids formed

from progenitors that differed in such factors would tend to have global expression biases

favoring one progenitor.

Extant allopolyploid genomes have many features that could drive

hybridization biases

How applicable are these theoretical findings to real allopolyploids? While genome size is a

useful conceptual framework for thinking about the problem, it is only one of many factors

driving a genome’s transcriptional dynamics. Differences in transposable element load have

already been discussed as a potential source of expression biases [20,36,37]. Unfortunately, for

older allopolyploidy events, this hypothesis is difficult to test because of the rapid evolutionary

turn-over of these elements [57]. In some recent analyses, we found a tendency for tRNA

genes to be overly frequent in some of the subgenomes of the hexaploid Brassicas, but no simi-

larly strong trend in the hexaploid Solanaceae [57]. That pattern would be consistent with the

ideas presented here; the expression and loss biases in any given allopolyploid will be due to

the combination of many components of genome structure, including repetitive elements,

genome size, the dynamics of genome repression, and GC content, among others. In Fig 6A–

6C we show the range of variation in these factors across eight paleohexaploid genomes. We

consider genome size for the reasons discussed above, tRNA distance due to our observations

in the Brassicas [57] and GC content because DNA melting and hence opening and closing

should differ between regions with differing base composition (c.f., Fig 1A). A potentially

intriguing observation is that, in some cases, the three subgenomes produced by ancient

hexaploidies differ amongst themselves in the average distance between their genes and tRNA

loci (Fig 6A), consistent with the idea that features like the local transcriptional environment

can affect a gene’s survival propensity.

We also see that such factors can measurably alter the expression bias seen after polyploidy.

Brassica napus is an allopolyploid hybrid of Brassica rapa and Brassica oleracea and shows sig-

nificant expression bias toward the B. oleracea-derived subgenome (Methods). The fact that

the bias, while significant, is relatively modest is probably due to a history of subgenome

replacements by homoeologous exchange in this plant [52].

When we look at the 200 most extremely B. rapa-biased homoeologous gene pairs or the

200 most B. oleracea-biased pairs, these genes have significantly lower gene-wide GC content

for both homoeologs than do other genes (P�0.018, randomization test, Fig 6D). Likewise, the

1000 different random expression models. On the x-axis is the bias B and on y is the ratio of the volume of A2 to A1. Points are color-coded by the

Euclidian distance in normalized parameter values between A1 and A2 (Methods): the maximum distance observed was 0.14.

https://doi.org/10.1371/journal.pcbi.1011803.g004
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https://doi.org/10.1371/journal.pcbi.1011803.g005

PLOS COMPUTATIONAL BIOLOGY Transcriptional kinetics drive expression biases in allopolyploids

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011803 January 16, 2024 12 / 22

https://doi.org/10.1371/journal.pcbi.1011803.g005
https://doi.org/10.1371/journal.pcbi.1011803


two subgenomes differ in their gene distributions, with the B. rapa-derived subgenome having

more closely spaced genes, consistent with the smaller B. rapa genome (P = 0.001, randomiza-

tion test). It appears that this difference in gene spacing may also affect expression in the two

subgenomes: there is a stronger correlation of distance to the nearest gene and expression sim-

ilarity for the B. rapa-derived subgenome than for the B. oleracea-derived one (see Methods).
Strikingly, a recent experiment on B. napus showed that at least some of the expression bias

in these subgenomes is attributable to differences in their chromatin accessibility, with

ATAC-Seq showing the B. oleracea subgenome to have more accessible chromatin regions
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https://doi.org/10.1371/journal.pcbi.1011803.g006
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than the B. rapa subgenome [58]. While the reasons for these chromatin structure differences

between subgenomes are not clear, they represent just the type of genomic differences that

would be expected to yield subgenome bias after hybridization.

Discussion

After a pair of populations cease to interbreed, they can diverge in a variety of ways. Here we

have made the simplifying assumption of only considering divergence that does not change

the phenotype. In effect, we are constraining evolution to occur along a neutral network of

genotypes of equivalent phenotype [59]. This assumption is probably less restrictive than it

appears. If one categorizes the genomic changes affecting gene expression as being due either

to cis (local) or trans (elsewhere in the genome) effects [60], it is reasonably common to

observe compensatory changes, where a trans change in one direction is accompanied by a cis
change in the other [61]. A natural explanation for these compensatory changes is stabilizing

selection to maintain gene expression levels over time. If so, our assumption of identical

expression levels is probably a reasonable one at the genome-wide level, even though of course

some individual genes will deviate from it [60].

We asked whether expression biases are still common under this assumption, and what

kind of transcriptional responses to polyploidy are generally seen. It is very clear that neutral

changes in transcription dynamics will drive expression biases at the level of individual genes.

It is likely, though less certain, that these types of changes will also produce global expression

biases. For instance, in the case of a genome size change, the dilution effects of the larger

genome could be compensated for by either increasing the promotor affinities of all genes or

by a higher expression of the RNA polymerase [19]. The latter change is probably more evolu-

tionarily accessible because it requires fewer individual mutations to achieve. Under that

mechanism, trans changes would have accumulated as genome size increased, with later cis
changes fine-tuning the expression of individual genes. That sequence is potentially compati-

ble with the general observation that cis expression changes seem to accumulate over evolu-

tionary time without producing correspondingly increasing levels of expression changes [61].

While in the prior example the larger genome is in some sense in the weaker position, we

should not assume that this is always the case. For instance, as seen in B. napus, isolating genes

within large regions of heterochromatin could reduce coupling in their expression levels [62],

allowing more precise expression control of each. In this scheme, a physically larger genome

might show both fewer cases of pairwise correlation in expression between neighboring genes

and less off-target binding, if most of that excess DNA were kept in a heterochromatic state.

For researchers, the downside to all of this complexity is that it will be hard to predict a priori
how a hybrid of two genomes will behave with respect to expression dominance.

If the prediction of the favored subgenome remains elusive, our models strongly suggest

that that such genomic differences, resulting as they do from nonlinear kinetic differences

between the lineages, mean that allopolyploid hybrids are unlikely to show globally balanced

gene expression. Thus, if bias is the rule for the quite simple models considered here, it seems

unreasonable to believe that real genomes, with potentially thousands of different types of mol-

ecules contributing to expression levels, could commonly produce balanced expression, partic-

ularly because allopolyploids are not generally thought to be perfect “two-fold” copies of their

progenitors [39]. Among the factors that might affect global biases are changes in DNA meth-

ylation: in neopolyploid Mimulus plants, methylation patterns are disrupted at polyploid for-

mation and over time reestablish themselves in a manner favoring the dominant subgenome

[16]. Likewise, the nature of the regulatory circuits involved is likely important: genes with

putative dosage interactions tend to show instantaneous responses to allopolyploidy that are
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more similar to each other than expected by chance [63]. Therefore, we suggest that the

hypothesis of global expression biases being driven by differences in transposon load

[20,36,37] can be complemented by the more general patterns seen here. One difference in the

two positions is that the phenomena considered here do not make the assumption that factors

in one progenitor subgenome must act in a specific way on the other.

Our models do not speak directly to the question of the later biases in duplicate losses,

although, as mentioned, global expression biases are expected to contribute to global loss

biases. Nothing in these results gives us estimates of what level of global expression bias is

needed to result in a duplicate loss bias. However, we should at least recall that such biases

need not be as large as the expression differences that we would require to, say, describe a pair

of genes as differentially expressed in a direct comparison [64]. Hence, if expression biases are

the rule after allopolyploidy, duplicate losses biases are probably expected to follow on later.

We cannot yet draw any firm conclusions on questions regarding heterosis and hybrid

vigor either. However, we do believe that a modeling approach creates a framework for think-

ing about the problem, reinforcing the message that implicit linear models in evolution can be

misleading. Hybrids are not generally expected to be the average of their parents for complex

biochemical features such as gene expression. As a simple illustration, consider an aspect of

expression we have disregarded: expression noise [41,65]. The formation of an allopolyploid,

by doubling the number of genes, should have the side effect of reduced noise in gene expres-

sion [42,65,66]. Hence, we might ask whether one source of heterosis in alloployploids is

greater predictability in their gene expression patterns. Perhaps a more general version of this

insight is possible, with heterosis being explicable in light of the complex interactions between

the genomes and the mechanics of how their genes are expressed: testing such ideas will

require a much more granular sense of those mechanics and their genetic control.

Methods

Overview of models of gene expression

We hybridized models of gene expression for two distinct species A1 and A2. The hybridization

creates a new allopolyploid cell P with all four homoeologous gene copies present in a single

nucleus of doubled volume. For simplicity, the progenitors were each assumed to have a

nuclear volume of 10−13 l, [1/5 of the volume of a human nucleus; 67]. The steady-state mRNA

levels A1, A2 and P were computed with COPASI 4.36 [68]. Because A1 and A2 have identical

volume and P has double that volume, the mRNA particle numbers computed by COPASI can

be treated as concentrations in our analyses. For P we computed the expression bias B: namely

A2’s steady-state mRNA level divided by that of A1. We considered several types of expression

models to better understand the behavior of B.

Chromatin relaxation model

This model considers the transition from closed, non-transcribable chromatin to open, acces-

sible, chromatin [69,70] to be the rate-limiting factor in transcription. It is consistent with data

measuring noise in mRNA levels [40,41,71,72]. Following Suter et al., [73], we model the tran-

sition between closed and open chromatin as occurring on a timescale of tens of minutes

(Fig 1A), with the mRNA half-life being ten-fold longer. A1 and A2 differ in the proportion of

the time that their DNA remains open (kc/ko). The reversible binding of the polymerase to the

promotor was modeled as showing roughly a ten-fold lower binding rate (kb) than seen in bac-

teriophages [74] but with also a stronger affinity for the polymerase (a ku of 20-fold lower;

Fig 1A), corresponding to need for higher promotor affinity in larger eukaryotic genomes.

Transcription was modeled as an irreversible process occurring on a timescale of seconds
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(kt; Fig 1A). We explored how the mRNA bias in the polyploid varied with the affinity of the

RNA polymerase (kb) for the gene’s promotor. We fixed the number of RNA polymerase II

molecules in model A1 at 10,000 copies, in rough accordance with data for the RPB2 subunit

from yeast [75]. For each combination of polymerase affinity kb and kc/ko in A2, we opti-

mized the concentration of RNA polymerase to give the same mRNA levels as seen in A1 for

that value of kb. Steady-state mRNA levels for A1 and A2 ranged between 0.5 and 19 mole-

cules per cell. The polyploid offspring P was assumed to have the sum of the number of

RNA polymerase molecules as did A1 and A2.

Repression model

In this model, DNA is or is not available for transcription based on the binding of repressive

factors (Fig 1B) analogous to repressive histone marks or DNA methylation. The kinetics of

the RNA polymerase and transcription were kept the same as in the previous model. For

model A1 we assumed that the repressor had similar binding kinetics as did RNA polymerase

(kr = kb = 500,000 1/mol•s), but with a lower off-rate (kf = 0.005 1/s verses ku = 0.05 1/s Fig

1B). For model A2, we added a second repressor binding site that operates cooperatively with

the first. Hence, if one of the two repressor sites is occupied, the binding of a repressor to the

second occurs at a higher rate (kr2>kr) and its release at a lower rate (kf2<kf). We selected val-

ues for these four parameters (kr2, kr, kf2 and kf; Fig 1B) such that the proportion of time that

the DNA spent in the unrepressed state was the same for A1 and A2. Since A1 and A2 also have

identical transcription kinetics, they have identical mRNA concentrations. We explored the

dependance of B on the allopolyploid’s number of repressor and RNA polymerase molecules.

Steady-state mRNA levels for A1 and A2 ranged between 21 and 162 molecules per cell.

Expression comparison model

We created a model with two genes G1 and G2 differing in their expression. Model A2 again

had two repressor binding sites to A1’s single site. We added a relaxed state to the DNA model,

corresponding to a gene that has just experienced transcription and has an enhanced affinity

for the RNA polymerase (kbF>kb; Fig 2A). The DNA in this relaxed state returns to the normal

open state over a time frame of minutes (kc) unless a second transcription event returns it to

the relaxed state. Because this effect is included, the polymerase exits the promotor slightly

more quickly than for the prior model (kt = 0.25 1/s verses 0.1 1/s).

To explore the relationship between bias and relative expression level, G2 has an RNA poly-

merase affinity of half that of G1 (kb; Fig 2A). We explored the dependance of B on both the

affinity of the repressor for A2’s first repressor binding and on the number of RNA polymerase

molecules (Fig 2). For each such pair of values, the relative repressor affinity for A2’s second

site (kr2) was optimized so as to give equal gene expression for both G1 and G2 between A1

and A2. In addition to the bias B, we also computed the ratio of the expression of G1 and G2

from A1 in the allopolyploid and the value of B for G1 over than for G2.

Random models

We explored the bias across a range of random transcriptional models drawn from two meta-

models: a simple one S and a complex one, C. Model S considers only transcription itself, with

4 parameters, kb, ku, kt and kd, as well as an RNA polymerase concentration. We used central

values for these parameters of kb = 500,000 1/mol•s, ku = 0.5 1/s, kt = 0.5 1/s and kd = 0.001 1/s,

with a central polymerase molecule number of 10,000. These values of kt and kd differ slightly

from the prior models to give a better sampling of parameter space. Hence, the C model was

constructed with parameters similar to those of the A1 model of Fig 2 with adjustments to
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avoid too many models with invalid mRNA levels. The central value of kf was reduced by a fac-

tor of 2, that of kt increased from 0.25 to 1 and that of kd raised from 0.0001 to 0.0005 (In all

cases, the parameter values used in Fig 2 are within the range of the sampling for the random

models used here).

We constructed pairs of random models for A1 and A2 as follows. For each parameter, we

allowed a range of values from 5-fold under to 5-fold over the central value. To create A1, for

each parameter we drew a uniform random number on its parameter interval. Using these

parameters, we computed the steady-state mRNA level for the resulting random A1 model. If

that level was less than 1 or greater than 300, the model was rejected. Otherwise, we retained

that mRNA level and generated a random A2 model in the same way. We then computed an

approximate derivative for each parameter in A2 and used those derivatives to match the

mRNA level of model A2 with that of A1. Briefly, we increased each parameter in A2 by 10%,

recomputed the mRNA level and calculated the slope between the parameter change and

mRNA change. We then used that slope to adjust the parameter in the direction of the desired

mRNA level from A1. We next recomputed the mRNA level for A2, as well as the changed

parameter’s slope. If the two models still differed in their mRNA levels by 0.005 molecules or

more, the next parameter was selected and the optimization continued. Once optimization

was complete, if the optimized A2 model had parameters outside of the valid parameter ranges,

that pair of models was discarded and a new A1 model selected.

Once a pair of models A1 and A2 had identical mRNA levels, we formed the polyploid

model P, taking the sum of the RNA polymerase and repressor molecules for the two models

and doubling the nuclear volume. We then computed B from P. Finally, we normalized the

parameter vectors for A1 and A2 to the interval [–1,1] using the boundaries above and com-

puted the Euclidian distance between A1 and A2.

Models with differing genome sizes

Using a similar approach, we also compared pairs of related progenitor models differing in

genome size. To do so, we first proposed a random model A1 as just described. We represented

the difference in genome size as a nuclear volume change [38,46] in the A2 model by drawing a

nuclear volume on the random interval [5x1014,1.5x10-13] (±50% relative to A1). We set the

model parameters of A2 to initially be identical to A1. We then computed A1’s steady-state

mRNA level and used the gradient approach above to bring A2’s mRNA level to the same

value. Notice that in this case only we sought equal mRNA molecule counts between models

A1 and A2 rather than equal concentrations. We did so in order avoid creating artificial paren-

tal differences when the P model was formed. We then created P as before, making its nuclear

volume the sum of those of A1 and A2 and computing the resulting value of B.

B. napus gene expression data

Gene expression data from the allopolyploid Brassica napus were taken from our previous

work [76]. We identified the pairs of homologous genes in the A and C subgenomes of B.

napus (v 4.1) and B. rapa and B. oleracea [57], respectively, using GenomeHistory 2.0 [77]. We

then used our previously described tool for orthology inference [78] to identify 1:1 orthologs

between those subgenomes and the respective Brassica genome. Using POInT, our tool for

identifying orthologous genes produced by polyploidy, we filtered these sets of orthologs to

those where a paralogous pair in B. napus could be directly linked to a pair of high (�95%)

confidence orthologous genes from B. rapa and B. oleracea [79]. The result was 4858 paralo-

gous B. napus genes with expression measurements for the paralogs from both the B. rapa and

B. oleracea subgenomes. As expected from the arguments above, these subgenomes show a
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statistically significant expression bias toward the B. oleracea subgenome for both European

and South Asian winter rape seed (EWR and SAWR, respectively, P�0.003, randomization

test).

For each of these genes, we calculated the local GC content extending 1000bp upstream and

downstream of the annotated gene coordinates, as well as using BLASTN [80] and a tRNA

database [81] to find the distance from each gene to its closest tRNA. We selected the 200 (4%)

paralogous pairs most biased toward the B. rapa subgenome and the 200 most biased toward

the B. oleracea subgenome and compared their average GC content to the average of all genes

using a randomization test. Results are generally similar for using the top 100 and 500 most

biased genes, but with 2 out of 8 comparisons being non-significant in each case (P>0.05).

We also examined the potential role of gene-to-gene distances in driving expression pat-

terns across the B. napus subgenomes. For each subgenome, we compared the distance to the

nearest gene with the relative expression difference between that pair of genes (difference in

RPKM over mean RPKM for the pair). For the B. rapa subgenome, there is a weakly significant

association between these two factors (more distant genes are less similar in expression, Pear-

son’s r = 0.058, P = 0.032 and r = 0.059, P = 0.028, for EWR and SAWR, respectively). (The val-

ues for the Spearman correlation are rho = 0.043, P = 0.11 and rho = 0.045, P = 0.09 for EWR

and SAWR, respectively). However, this association is weaker and non-significant for the B.

oleracea subgenome (Pearson’s r = 0.002, P = 0.94, r = 0.007, P = 0.79 for EWR and SAWR,

respectively; Spearman’s rho = -0.029, P = 0.29, rho = -0.028, P = 0.31 for EWR and SAWR,

respectively). When we compare these real associations to those seen when the subgenome

identities are randomized, the difference in these associations between the two subgenomes is

significantly larger than would be expected by chance for the Spearman’s rho (P = 0.03 and

0.029 for EWR and SAWR, respectively), though not for Pearson’s r (P = 0.068 and 0.088 for

EWR and SAWR, respectively).

Supporting information

S1 Table. The supplemental table gives genome sizes and citations for the data shown in

Fig 5.

(PDF)
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50. Burns R, Mandáková T, Gunis J, Soto-Jiménez LM, Liu C, Lysak MA, et al. Gradual evolution of allo-

polyploidy in Arabidopsis suecica. Nature Ecology & Evolution. 2021; 5(10):1367–81. https://doi.org/10.

1038/s41559-021-01525-w PMID: 34413506

51. Pires JC, Lim KY, Kovarı́k A, Matyásek R, Boyd A, Leitch AR, et al. Molecular cytogenetic analysis of

recently evolved Tragopogon (Asteraceae) allopolyploids reveal a karyotype that is additive of the dip-

loid progenitors. American Journal of Botany. 2004; 91(7):1022–35. https://doi.org/10.3732/ajb.91.7.

1022 PMID: 21653458

52. Chalhoub B, Denoeud F, Liu S, Parkin IA, Tang H, Wang X, et al. Early allopolyploid evolution in the

post-Neolithic Brassica napus oilseed genome. science. 2014; 345(6199):950–3.

53. Pombo A, Dillon N. Three-dimensional genome architecture: players and mechanisms. Nature reviews

Molecular cell biology. 2015; 16(4):245–57. https://doi.org/10.1038/nrm3965 PMID: 25757416

54. Luo C, Hajkova P, Ecker JR. Dynamic DNA methylation: In the right place at the right time. Science.

2018; 361(6409):1336–40. https://doi.org/10.1126/science.aat6806 PMID: 30262495

55. Kimura H. Histone modifications for human epigenome analysis. Journal of human genetics. 2013; 58

(7):439–45. https://doi.org/10.1038/jhg.2013.66 PMID: 23739122

56. Padovan-Merhar O, Nair GP, Biaesch AG, Mayer A, Scarfone S, Foley SW, et al. Single mammalian

cells compensate for differences in cellular volume and DNA copy number through independent global

transcriptional mechanisms. Molecular cell. 2015; 58(2):339–52. https://doi.org/10.1016/j.molcel.2015.

03.005 PMID: 25866248

57. McRae L, Beric A, Conant GC. Hybridization order is not the driving factor behind biases in duplicate

gene losses among the hexaploid Solanaceae. Proceedings of the Royal Society B. 2022; 289

(1985):20221810. https://doi.org/10.1098/rspb.2022.1810 PMID: 36285500

58. Li Z, Li M, Wang J. Asymmetric subgenomic chromatin architecture impacts on gene expression in

resynthesized and natural allopolyploid Brassica napus. Communications Biology. 2022; 5(1):1–16.

59. Neutralism Wagner A. and selectionism: a network-based reconciliation. Natures Genetics. 2008; 9

(12):965–74. Epub 2008/10/30. nrg2473 [pii] https://doi.org/10.1038/nrg2473 PMID: 18957969.

60. Wittkopp PJ, Haerum BK, Clark AG. Evolutionary changes in cis and trans gene regulation. Nature.

2004; 430(6995):85–8. https://doi.org/10.1038/nature02698 PMID: 15229602

61. Signor SA, Nuzhdin SV. The evolution of gene expression in cis and trans. Trends in Genetics. 2018;

34(7):532–44. https://doi.org/10.1016/j.tig.2018.03.007 PMID: 29680748

PLOS COMPUTATIONAL BIOLOGY Transcriptional kinetics drive expression biases in allopolyploids

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011803 January 16, 2024 21 / 22

https://doi.org/10.1126/science.285.5425.251
http://www.ncbi.nlm.nih.gov/pubmed/10398601
https://doi.org/10.1016/s0022-5193%2805%2980421-7
http://www.ncbi.nlm.nih.gov/pubmed/1787735
https://doi.org/10.1126/science.1098641
http://www.ncbi.nlm.nih.gov/pubmed/15166317
https://doi.org/10.1146/annurev-genet-120215-035400
https://doi.org/10.1146/annurev-genet-120215-035400
http://www.ncbi.nlm.nih.gov/pubmed/27617972
https://doi.org/10.1002/bip.22347
http://www.ncbi.nlm.nih.gov/pubmed/23840028
https://doi.org/10.1016/j.cell.2007.01.015
http://www.ncbi.nlm.nih.gov/pubmed/17320508
https://doi.org/10.1093/genetics/97.3-4.639
http://www.ncbi.nlm.nih.gov/pubmed/7297851
https://doi.org/10.1073/pnas.57.2.327
https://doi.org/10.1073/pnas.57.2.327
http://www.ncbi.nlm.nih.gov/pubmed/16591473
https://doi.org/10.1038/nrg817
https://doi.org/10.1038/nrg817
http://www.ncbi.nlm.nih.gov/pubmed/12042770
https://doi.org/10.3389/fpls.2020.560096
https://doi.org/10.3389/fpls.2020.560096
http://www.ncbi.nlm.nih.gov/pubmed/33042184
https://doi.org/10.1038/s41588-019-0356-4
https://doi.org/10.1038/s41588-019-0356-4
http://www.ncbi.nlm.nih.gov/pubmed/30804557
https://doi.org/10.1038/s41559-021-01525-w
https://doi.org/10.1038/s41559-021-01525-w
http://www.ncbi.nlm.nih.gov/pubmed/34413506
https://doi.org/10.3732/ajb.91.7.1022
https://doi.org/10.3732/ajb.91.7.1022
http://www.ncbi.nlm.nih.gov/pubmed/21653458
https://doi.org/10.1038/nrm3965
http://www.ncbi.nlm.nih.gov/pubmed/25757416
https://doi.org/10.1126/science.aat6806
http://www.ncbi.nlm.nih.gov/pubmed/30262495
https://doi.org/10.1038/jhg.2013.66
http://www.ncbi.nlm.nih.gov/pubmed/23739122
https://doi.org/10.1016/j.molcel.2015.03.005
https://doi.org/10.1016/j.molcel.2015.03.005
http://www.ncbi.nlm.nih.gov/pubmed/25866248
https://doi.org/10.1098/rspb.2022.1810
http://www.ncbi.nlm.nih.gov/pubmed/36285500
https://doi.org/10.1038/nrg2473
http://www.ncbi.nlm.nih.gov/pubmed/18957969
https://doi.org/10.1038/nature02698
http://www.ncbi.nlm.nih.gov/pubmed/15229602
https://doi.org/10.1016/j.tig.2018.03.007
http://www.ncbi.nlm.nih.gov/pubmed/29680748
https://doi.org/10.1371/journal.pcbi.1011803


62. Cohen BA, Mitra RD, Hughes JD, Church GM. A computational analysis of whole-genome expression

data reveals chromosomal domains of gene expression. Nature genetics. 2000; 26(2):183–6. https://

doi.org/10.1038/79896 PMID: 11017073

63. Song MJ, Potter BI, Doyle JJ, Coate JE. Gene Balance Predicts Transcriptional Responses Immedi-

ately Following Ploidy Change in Arabidopsis thaliana. Plant Cell. 2020; 32(5):1434–48. Epub 2020/03/

19. https://doi.org/10.1105/tpc.19.00832 PMID: 32184347; PubMed Central PMCID: PMC7203931.

64. Schnable JC, Springer NM, Freeling M. Differentiation of the maize subgenomes by genome domi-

nance and both ancient and ongoing gene loss. Proceedings of the National Academy of Sciences,

USA. 2011; 108(10):4069–74. https://doi.org/10.1073/pnas.1101368108 PMID: 21368132

65. Raser JM, O’Shea EK. Noise in gene expression: origins, consequences, and control. Science. 2005;

309(5743):2010–3. Epub 2005/09/24. 309/5743/2010 [pii] https://doi.org/10.1126/science.1105891

PMID: 16179466; PubMed Central PMCID: PMC1360161.

66. Schrödinger E. What is life? Cambridge: Cambridge University Press; 1944.

67. Sun HB, Shen J, Yokota H. Size-dependent positioning of human chromosomes in interphase nuclei.

Biophys J. 2000; 79(1):184–90. Epub 2000/06/27. https://doi.org/10.1016/S0006-3495(00)76282-5

PMID: 10866946; PubMed Central PMCID: PMC1300924.

68. Hoops S, Sahle S, Gauges R, Lee C, Pahle J, Simus N, et al. COPASI—a COmplex PAthway SImula-

tor. Bioinformatics. 2006; 22(24):3067–74. https://doi.org/10.1093/bioinformatics/btl485 PMID:

17032683.

69. Swain PS, Elowitz MB, Siggia ED. Intrinsic and extrinsic contributions to stochasticity in gene expres-

sion. Proceedings of the National Academy of Sciences. 2002; 99(20):12795–800. https://doi.org/10.

1073/pnas.162041399 PMID: 12237400

70. McAdams HH, Arkin A. Stochastic mechanisms in gene expression. Proceedings of the National Acad-

emy of Sciences. 1997; 94(3):814–9. https://doi.org/10.1073/pnas.94.3.814 PMID: 9023339

71. Becskei A, Kaufmann BB, van Oudenaarden A. Contributions of low molecule number and chromo-

somal positioning to stochastic gene expression. Nat Genet. 2005; 37(9):937–44. Epub 2005/08/09.

https://doi.org/10.1038/ng1616 PMID: 16086016.

72. Raj A, Peskin CS, Tranchina D, Vargas DY, Tyagi S. Stochastic mRNA synthesis in mammalian cells.

PLoS Biol. 2006; 4(10):e309. https://doi.org/10.1371/journal.pbio.0040309 PMID: 17048983

73. Suter DM, Molina N, Gatfield D, Schneider K, Schibler U, Naef F. Mammalian genes are transcribed

with widely different bursting kinetics. Science. 2011; 332(6028):472–4. Epub 2011/03/19. https://doi.

org/10.1126/science.1198817 PMID: 21415320.

74. Ujvari A, Martin CT. Thermodynamic and kinetic measurements of promoter binding by T7 RNA poly-

merase. Biochemistry. 1996; 35(46):14574–82. Epub 1996/11/19. https://doi.org/10.1021/bi961165g

PMID: 8931555.

75. Ghaemmaghami S, Huh W-K, Bower K, Howson RW, Belle A, Dephoure N, et al. Global analysis of pro-

tein expression in yeast. Nature. 2003; 425:737–41. https://doi.org/10.1038/nature02046 PMID:

14562106

76. An H, Qi X, Gaynor ML, Hao Y, Gebken SC, Mabry ME, et al. Transcriptome and organellar sequencing

highlights the complex origin and diversification of allotetraploid Brassica napus. Nat Commun. 2019;

10(1):2878. Epub 2019/06/30. https://doi.org/10.1038/s41467-019-10757-1 PMID: 31253789; PubMed

Central PMCID: PMC6599199.

77. Conant GC, Wagner A. GenomeHistory: A software tool and its application to fully sequenced genomes.

Nucleic Acids Research. 2002; 30(15):3378–86. https://doi.org/10.1093/nar/gkf449 PMID: 12140322

78. Hao Y, Lee HJ, Baraboo M, Burch K, Maurer T, Somarelli JA, et al. Baby genomics: tracing the evolu-

tionary changes that gave rise to placentation. Genome Biol Evol. 2020; 12:35–47. https://doi.org/10.

1093/gbe/evaa026 PMID: 32053193

79. Hao Y, Mabry ME, Edger P, Freeling M, Zheng C, Jin L, et al. The contributions of the allopolyploid

parents of the mesopolyploid Brassiceae are evolutionarily distinct but functionally compatible. Genome

Research. 2021; 31:799–810. https://doi.org/10.1101/gr.270033.120 PMID: 33863805

80. Altschul SF, Madden TL, Schaffer AA, Zhang JH, Zhang Z, Miller W, et al. Gapped Blast and Psi-Blast:

A new-generation of protein database search programs. Nucleic Acids Research. 1997; 25(#17):3389–

402. https://doi.org/10.1093/nar/25.17.3389 PMID: 9254694

81. Juhling F, Morl M, Hartmann RK, Sprinzl M, Stadler PF, Putz J. tRNAdb 2009: compilation of tRNA

sequences and tRNA genes. Nucleic Acids Res. 2009; 37(Database issue):D159–62. Epub 2008/10/

30. https://doi.org/10.1093/nar/gkn772 PMID: 18957446; PubMed Central PMCID: PMC2686557.

PLOS COMPUTATIONAL BIOLOGY Transcriptional kinetics drive expression biases in allopolyploids

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011803 January 16, 2024 22 / 22

https://doi.org/10.1038/79896
https://doi.org/10.1038/79896
http://www.ncbi.nlm.nih.gov/pubmed/11017073
https://doi.org/10.1105/tpc.19.00832
http://www.ncbi.nlm.nih.gov/pubmed/32184347
https://doi.org/10.1073/pnas.1101368108
http://www.ncbi.nlm.nih.gov/pubmed/21368132
https://doi.org/10.1126/science.1105891
http://www.ncbi.nlm.nih.gov/pubmed/16179466
https://doi.org/10.1016/S0006-3495%2800%2976282-5
http://www.ncbi.nlm.nih.gov/pubmed/10866946
https://doi.org/10.1093/bioinformatics/btl485
http://www.ncbi.nlm.nih.gov/pubmed/17032683
https://doi.org/10.1073/pnas.162041399
https://doi.org/10.1073/pnas.162041399
http://www.ncbi.nlm.nih.gov/pubmed/12237400
https://doi.org/10.1073/pnas.94.3.814
http://www.ncbi.nlm.nih.gov/pubmed/9023339
https://doi.org/10.1038/ng1616
http://www.ncbi.nlm.nih.gov/pubmed/16086016
https://doi.org/10.1371/journal.pbio.0040309
http://www.ncbi.nlm.nih.gov/pubmed/17048983
https://doi.org/10.1126/science.1198817
https://doi.org/10.1126/science.1198817
http://www.ncbi.nlm.nih.gov/pubmed/21415320
https://doi.org/10.1021/bi961165g
http://www.ncbi.nlm.nih.gov/pubmed/8931555
https://doi.org/10.1038/nature02046
http://www.ncbi.nlm.nih.gov/pubmed/14562106
https://doi.org/10.1038/s41467-019-10757-1
http://www.ncbi.nlm.nih.gov/pubmed/31253789
https://doi.org/10.1093/nar/gkf449
http://www.ncbi.nlm.nih.gov/pubmed/12140322
https://doi.org/10.1093/gbe/evaa026
https://doi.org/10.1093/gbe/evaa026
http://www.ncbi.nlm.nih.gov/pubmed/32053193
https://doi.org/10.1101/gr.270033.120
http://www.ncbi.nlm.nih.gov/pubmed/33863805
https://doi.org/10.1093/nar/25.17.3389
http://www.ncbi.nlm.nih.gov/pubmed/9254694
https://doi.org/10.1093/nar/gkn772
http://www.ncbi.nlm.nih.gov/pubmed/18957446
https://doi.org/10.1371/journal.pcbi.1011803

