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Abstract

Long Terminal Repeat (LTR) retrotransposons are the majority component of most
flowering plant genomes, in particular for Aegilops tauschii, a progenitor of bread
wheat. This study develops novel estimates for the time-dynamic insertion rates of
the LTR retrotransposon families in Ae. tauschii. For each LTR retrotransposon
family, the estimation of insertion rate (birth) consists of an improved estimate of
the age distribution that takes into account random mutations, and an adjustment
by the deletion rate (death) of LTR retrotransposons. This adjustment is crucial
because older elements are more likely to be deleted and thus less observable. Our
analyses reject the hypothesis that the LTR retrotransposons were inserted into the
Ae. tauschii genome at a uniform rate, and find that peak insertion activities range
from 0.064 to 2.39 million years ago across different families. Through simulations,
we demonstrate the proposed hypothesis test is specific under the null hypothesis
of uniform insertion activities, when a histogram of divergence would otherwise
suggest a decreasing insertion rate. Finally, we confirm sites near genes tend to lose
LTR retrotransposons more rapidly. The proposed estimation methods are available

in R package TE available on CRAN.
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Introduction

Long Terminal Repeat (LTR) retrotransposons are present in virtually all studied
eukaryotes, and make up the majority of the nuclear genomes in most flowering
plants [1]. LTR retrotransposons are classified into five subfamilies: Copia, Gypsy,
Bel-Pao, Retrovirus and ERV, and among them, Copia and Gypsy are predominant in
plant genomes, which each contains hundreds of different LTR retrotransposon
families that are operationally distinguished by their different LTR sequences [2].
Any single plant will routinely contain several hundred different LTR
retrotransposon families, of which a few will be highly abundant (contributing
hundreds to thousands of copies), but with most families having intact element copy
numbers of only 1-5 [3, 4]. Variation in the copy numbers of these LTR
retrotransposons is the major factor responsible for the huge (>3000 fold) genome
size variation in flowering plants. Because LTR retrotransposons transpose via
integration of a reverse transcribed transcript, without any donor element excision,
they can very rapidly increase their copy number in a genome. The most dramatic
case of this amplification has been observed in the Zea lineage, where the massive
transposition of several different LTR retrotransposon families in the ancestors of
Zea luxurians led to more than a doubling of that genome size in <2 million years,
requiring the addition of >2400 Mb of new LTR retrotransposon DNA in that short

time period [5].
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The transposition of these different LTR retrotransposon families exhibits episodic
and apparently stochastic activation over evolutionary time [4, 6]. Because the two
LTRs of a single LTR retrotransposon are usually identical at the time of insertion,
insertion dates can be estimated by investigating the degree of LTR divergence
within a single LTR retrotransposon [7]. Such analyses indicate that individual LTR
retrotransposon families exhibit different histories of “amplification bursts” in any
given lineage, and that this accounts for the great variation in the structure of even
closely related plant genomes. Even in small plant genomes, like that of rice (Oryza
sativa, ~400 Mb), LTR retrotransposons can add hundreds of Mb of new LTR
retrotransposons per million years. However, this process does not always lead to
genome size expansion over evolutionary time, because there are also very rapid
processes for the removal of DNA from flowering plant genomes [8-11]. Unequal
homologous recombination between the LTRs of a single LTR retrotransposon
routinely leads to the loss of all internal sequences and the generation of a solo LTR.
This attenuates transposition-driven genome growth, but does not reverse it.
However, DNA loss by accumulated deletions caused by illegitimate recombination
can slow or even reverse genome growth. The mechanism(s) of illegitimate
recombination responsible for the process of genome shrinkage has not been
proven, but deletion outcomes of the repair of double-strand breaks or adjacent

single-strand nicks appear to be the most important driver [8, 12-14].

The relative rates of amplification and removal of LTR retrotransposons and other

unnecessary DNA varies across plant lineages [15], and may also be quite variable
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across regions in the plant genome [16] and over evolutionary time within a lineage
[5]. This genome dynamism creates the raw material for natural selection to derive
superior individuals, especially when one considers that a high percentage of
transposable element (TE) insertions of all types can lead to altered regulation, both
genetic and epigenetic, of nearby genes [17]. Understanding the significance of
genome dynamism created by TE activities and rates of genome change will require
more accurate quantitation and modelling than any of the isolated observations

published to date. This study provides an important step in that direction.

The focus of this study is modelling the dynamism of the LTR retrotransposon
families during the evolution of the Aegilops tauschii genome. Ae. tauschii is one of
the three diploid progenitors of bread wheat. It has a large genome, about 4.3 Gbp,
that is at least 66% LTR retrotransposons [18], mostly present as nested arrays of
TEs between tiny gene islands [19]. These intergenic arrays are entirely replaced in
a span of three to four million years, because of the deletions of old elements and

insertions of new elements [20].

This dynamic nature of the Ae. tauschii LTR retroelements is employed here in
modelling their biodemography. The insertion rates of LTR retrotransposons have
been analysed previously in Oryza sativa [4, 10, 21], Triticeae [6], and Arabidopsis
[6], but a principled statistical modelling approach was not used. Statistical models
have been proposed for analysing the dynamics of retrotransposons in some
species, including Drosophila [22], Saccharomyces cerevisiae [23], Arabidopsis

thaliana [24], and Homo sapiens [25].
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Here, we frame the insertion/deletion dynamics of LTR retrotransposons in terms
of birth/death processes that change the age composition over time, with the goal to
recover the insertion rate for Ae. tauschii LTR retrotransposon families with > 50
elements. We model the relationship between LTR retrotransposon insertion rates,
deletion rates, and age distributions, building on a model from biodemography [26],
and demonstrate the utility of these models to infer insertion rates. A key difference
between the age distribution and the insertion rate is that the former describes the
ages of only the intact elements that survived the deletion process to the present
day, while the latter is the rate of insertion activities for all LTR retrotransposon.
For an LTR retrotransposon family, the insertion rate is estimated by the ratio of the
age distribution and the deletion rate, adjusting for the fact that older elements are
more likely to be deleted and thus less observable. We also propose a new estimate
for the age distribution by fitting a negative binomial distribution to the distribution
of the number of mismatches in each pair of LTRs of the same LTR family, and then

transforming to a gamma age distribution by a probability identity.

Our results reject, with high significance, the hypothesis that LTR retrotransposons
were inserted into the Ae. tauschii genome at a uniform rate. The death rates of LTR
retrotransposons are difficult to obtain because deletion events cannot be easily
dated, so a sensitivity analysis is conducted to investigate different scenarios of
death rates and the resulting insertion rate estimates. We also investigate the
associations between the age of LTRs and other genomic variables including

recombination rates, distance to the nearest gene, membership in LTR
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retrotransposon superfamilies, and chromosome location, using a regression
analysis. Proposed analysis algorithms are included in a user-friendly R package
that we have named TE, which is available on the Comprehensive R Archive

Network (CRAN).

Methods and Materials

LTR Retrotransposons

Intact LTR retrotransposons with a target site duplication were identified by using
LTR_FINDER [27] and LTRharvest [28] scanning of the Ae. tauschii genome
assembly [18] and combining non-redundant predictions of the two program tools.
An intact LTR element was identified if the element showed all of the following
characteristics: (1) highly similar 5" and 3’ LTRs, (2) TG-CA termini of the LTRs and
(3) exact target site duplication (TSD); see for example [9]. Artificial predictions
were excluded by manual inspection; see the Supplementary Materials for more
details. A group of elements were classified into a family if their 25 bp TE ends

exhibited at least 80% identity.

A total of 18,024 copies of 390 LTR retrotransposon families were identified, and we
performed the demographics analysis on 15,781 copies, which were in the 35

largest LTR retrotransposon families, all with > 50 copies each, consisting of 9
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Copia families and 26 Gypsy families (Table S1). The divergence of an LTR
retrotransposon is defined as the number of mismatches in the two LTRs divided by

the LTR length. Indels were not included in this analysis.

Statistical Modelling for LTR Retrotransposon Insertion Dates

For each LTR retrotransposon family, we model its population demographics as
follows. Throughout, any time ¢ > 0 refers to time in years in the past relative to the
current calendar time, i.e., t years before the current calendar time, which is set to 0.
The age distribution at any time ¢ in the past is defined as the distribution of the
ages (i.e., time since insertion) of all intact LTR retrotransposons within the family
at that time. We use the probability density function g(a, t) to represent the age (a)
distribution at time t. Then g(a, 0) is the age distribution or the distribution of the
true insertion dates at present. We let y(t) denote the birth rate or insertion rate
(insertions per myr) at time t in the past, and assume that y(t) corresponds to the
intensity of an inhomogeneous Poisson point process; then y(t) is proportional to
the expected number of elements inserted into the genome within period [t, t + 4],

for an infinitesimal time interval A.

The insertion rate y(t) is assumed to be changing over time to reflect periods with
changing insertion activities, in contrast to the assumption of constant insertion rate
of [23, 25]. A key difference between the age distribution g(a, 0) at present-time

t = 0, as a function of age a, and the insertion rate y(t), as a function of time ¢, is

that the former describes the ages of only the intact elements that survived the
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deletion process to the present day, while the latter is the rate of birth for all
elements at some time ¢ in the past, regardless of whether they are deleted or not at
present. The insertion rate y(t) corresponds to the underlying genome dynamics,
while the age distribution g(a, 0) does not directly reflect the y(t) because even if
y(t) has been constant throughout, g(a, 0) will be decreasing, since older elements

are more likely to be deleted and thus less observable.

Since LTR retrotransposons are subject to rapid deletion [8, 9], one must take into
account the deletion process when estimating the insertion rate, instead of simply
regarding the age distribution as solely indicative of the insertion rate and
effectively making a zero-deletion assumption. Assume each newly inserted LTR
retrotransposon has probability F(a) = P(X > a) to survive the deletion process to
age a, where X is the life span of an LTR retrotransposon, and that the survival
function F(a) does not depend on the calendar time t. This assumption means the
intensity of deletion activities depends only on the age of the elements but not on
calendar time, which is likely to hold if the overall genetic and epigenetic
environment that affects retrotransposon deletion remained relatively constant in
the past. At time t, the density of intact elements of age a (those born at (¢t + a)
years in the past) is proportional to the product of y(t + a)F (a), where y(t + a) is
the birth intensity at time t + a years before present, and F(a) is the fraction of
elements surviving past age a. By normalizing the product into a density function,

we obtain the age distribution

10
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y(t + a)F (a)
I, v (t+ $)F(s)ds

The integral in the previous display is finite as long as y(t) is bounded and E(X) is

9(at) = (1)

finite. By fixing time t at t = 0, the current calendar time, and by reordering (1 ), we

obtain the insertion rate a years ago as

9@, 0) [*  — g(a,0)
@) fo Y (S)F(s)ds « — : (2)

y(a) = 7@

where « denotes a proportional relationship, since the integral does not depend on

a. The ratio g(a, 0)/F (a) can be interpreted as the shape of the insertion rate
function y(a), which contains information for peak insertion periods and the time-
dynamic change in the rate of insertion activities over the millennia, and thus is the

target of investigation.

We next estimate the survival function F (). In the literature it is generally assumed
that the distribution of the life span of TEs is exponential, which means the hazard
rate for removal of a TA is constant and the distribution is characterized by half-life.
The half-life for rice LTR retrotransposons was estimated to be less than 3 myr [9,
10], and that for rice Copia elements around 796,000 yr [6]. Throughout our
analysis, we adopt this commonly made assumption that life span X follows an
exponential distribution, and estimate its half-life through Maximum Likelihood

Estimation (MLE).

11
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Estimating Age Distribution

In the current literature, the age distribution g(a, 0) is generally estimated by
substituting the histogram of the insertion date estimates [6, 9, 10, 21, 29], which
are in turn estimated using LTR divergence d = N/[, where N is the number of
mismatches in the aligned LTRs of a retroelement, and [ is the length of the
alignment. However, we note that this estimate is only a proxy for the true age due
to randomness of mutations, and the accuracy is lower for elements with shorter
LTRs. Due to the variability in the individual estimates, pooling estimates within a
family is subject to increased statistical error, which provides the motivation for the

improved methodology introduced here.

Assume the number of mutations in a single LTR with length [ inserted x years ago
follows a Poisson distribution with rate rix (the same assumption as in Marchani
[25]), where r = 1.3x1078 substitutions/(year - site), as proposed by Ma and
Bennetzen [30]. Then, the number of mismatches N on a pair of LTRs follows a
Poisson distribution with rate 2rlx. Then the conventional age estimate d/(2r) =

N /(2lr) will vary around age x, the center of its distribution.

To demonstrate the variability of the estimates, assume that each of the elements
within a single family has LTR length [ = 500 bp, is inserted x = 1 Mya (million
years) ago, and the number of mismatches N between the two LTRs follows the
Poisson distribution specified above. The distribution of N is shown in the left panel

of Figure 1. There is considerable variability in the number of mismatches even in

12
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this case where all elements are inserted into the genome at the same time, with a
large coefficient of variation, defined as the ratio of standard deviation over mean
(0.277). The histogram estimate of the age distribution by pooling the individual age
estimates will have the same coefficient of variation rather than concentrate at 1
Mya, regardless of how many elements are in the family. Therefore this direct

approach based on the raw divergence needs to be improved.

We approach this problem by modelling the number of mismatches directly to
estimate the age distribution, or the insertion date distribution. We observe that the
distributions of the number of mismatches within most of the LTR retrotransposon
families are well approximated by negative binomial distributions (see for example
the solid and dashed lines in the left panel of Figure 3), so we use this distribution to
approximate the marginal distribution of N. For each family, we assume the length [
of each LTR is the same and is well approximated by the alignment length. This is a
reasonable assumption, since 97% of the elements had alignment length within
+10% around their corresponding family mean. Let random variable A be the age or
insertion date of an element, which is assumed to be an independent and identical
realization from the age distribution of its family. Then, the conditional distribution
of the number of mismatches for a given insertion date is N|A = a ~Poisson(2rla).
By a known probabilistic relation [31], the distribution of A follows a gamma
distribution, which is flexible enough to model exponentially decreasing and many
unimodal age distributions. Denote the negative binomial distribution for N as

NB(n, p) with size n and success probability p, and the gamma distribution for 4 as

13
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I'(a, B) with shape @ = n and rate § = 2prl/(1 — p). We obtain estimates (1, p) for

(n, p) by maximum likelihood estimation (MLE), and then use

=1, f=2prl/(1-p) (3)
as the parameter estimates for the gamma distribution of A. The estimated age
distribution g(a, 0) is set to be the density of I'(&, #). The probability distributions

and the MLE algorithms used are described in the online Supplementary Materials.

In the special case where the size parameter of the negative binomial is n = 1, the
negative binomial distribution for N reduces to a geometric distribution with
probability p, and the age distribution will follow an exponential distribution with
rate 2prl/(1 — p). Under the assumption that the age distribution is exponential, as
a special case of the Gamma distribution, the rate of the exponential distribution can

be estimated by

A=2prl/(1-p), (4)

where p is the MLE for the geometric distribution p.

Alternatively, one may handle the inaccuracy in the individual age estimates and
recover the age distribution by nonparametrically deconvoluting the histogram of
age estimates. However, upon implementing this approach, we found that
nonparametric deconvolution proved to be unstable, as it requires extensive tuning,

which diminishes its practical value.

14
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Inference

It is of biological interest to test for a given LTR retrotransposon family whether the
insertion rate y(t), and thus transposition activity, is constant/homogeneous over
time. Formally, the null hypothesis is Hy: y(t) = c for some constant c versus the

alternative Hy: y(t) # c for all c. By ( 1 ) we find that under H, for any time z
g(a,z) = Cf(a)/f cF(s)ds = F(a)/E(X) = f(a),
0

where the second equality is due to a probabilistic equivalence, the third equality is
due to a property of exponential distributions, and f (a) is the density function of
the survival time X which is exponential. This implies g(a, 0) is exponential and the
distribution of N is geometric, a special case of the negative binomial distribution
[31]. Then, rejecting the null hypothesis H, of a constant insertion rate is implied by
rejecting that N follows a geometric distribution. We carried out this test by
embedding the geometric distribution into the negative binomial family, and tested

for
Hy: N follows a geometric distribution vs H;: N follows a negative binomial distribution.

Note that we are free to choose the alternative hypothesis, which does not affect the
size (type I error rate) of the test, but could limit the power (type Il error rate) of

the test if the true alternative is inadvertently omitted.

15
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We show as example a simulated dataset under H,, in Figure 2, where each element
is inserted uniformly over the past 10 myr, and has a half-life of 1 myr and LTR
length equal to 500 bp. In this scenario, although the true insertion rate is uniform,
the distribution of mismatches would show an exponential decay, as demonstrated
in the left panel of Figure 2, so that the age distribution and the insertion rates are
vastly different, and a histogram of divergence leads to an incorrect assessment of
the insertion rate. Our proposed method, however, is able to recover the uniform
insertion rate in this case, as displayed in the right panel of Figure 2. Testing the null
hypothesis at 0.05 significance level in 2,000 simulations under the same setting as
Figure 2, the proportion of times H, was rejected was 0.051, showing our test has

the correct size.

Sensitivity Analysis

We can estimate the birth rate by equation ( 2 ) after estimating the age distribution
if we know the survival function F (@), which corresponds to the death rate.
However, even with the exponential life span assumption, the death rate is hard to
estimate from the data because the deletion events are not observed, so we compare

arange of death rates and conduct a sensitivity analysis.

The exponential rate parameter A for the distribution of survival times X is
estimated by fitting a geometric distribution to the mismatch data and then
recovering the exponential rate, as in equation ( 4 ). As a single estimate may not be

accurate because there is no guarantee of a good fit for the geometric distribution,

16
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we investigated three scenarios: Baseline death rates A = %, low death rates A = 4/2,
and high death rates A = 2&. Note that, as in ( 2 ), we can only estimate the birth rate
up to a constant multiplier, so we normalized all birth rates into density functions

that have area under the curve equal to one.

Goodness-of-fit of Negative Binomial Fit

For some of the families, negative binomial distributions showed a lack of fit for the
mismatch data. Lack of fit may result in unreliable age distribution estimates. We
used the Kullback-Leibler [32] (KL) divergence as a criterion to evaluate the
goodness-of-fit of our negative binomial models. For discrete probability

distributions P and Q, the KL divergence of Q from P is defined to be

P()

D (P 1l Q) —ZPa)logQ()

where we use the kernel density estimate (KDE) as P, representing the underlying
“true” distribution, and the negative binomial distributions as Q. For families with
Dg; > 0.025 (Gypsy families 24, 35, 36, 40, 44 and Copia families 27, 38, 45; they
have relatively small copy numbers), we use a mixture of two negative binomial
distributions to fit the mismatch data, which provided good fits in all such cases,
where the threshold 0.025 was set by visually inspecting the goodness-of-fit. When

Dg; > 0.025, the recovered age distribution using the mixture approach is a mixture

17



336  of two Gamma distributions. The estimates were obtained by MLE, with 1000

337 random starting points to search for the global maximizer.

338 Regression Analysis of TE Ages

339  We fitted a linear mixed effects model to investigate the relationship between
340 response LTR divergence d of a TE, as a proxy for its insertion date, and its other
341  attributes, including the chromosome number, local recombination rate, log

342  distance (in bp) to the nearest gene, superfamily membership (either Gypsy or
343  Copia), and a LTR family random effect. The local recombination rates were

344  estimated by the first derivative of a local kernel quadratic smoother applied on
345  genetic linkage data in centimorgans [33], with Gaussian kernel and bandwidth
346  equal to 5Mb. To calculate the distances to the nearest gene we used only high

347  confidence genes [34].

348 Results

349  An example of recovered age distribution for the largest Gypsy family Fatima (in the
350 mismatch scale rather than time scale) is shown in the left panel of Figure 3. The
351  histogram of N is shown with the fitted distributions overlaid. The fitted negative
352  binomial distribution is very close to the kernel density estimate, showing a good fit.
353  The recovered age distribution has a more salient peak at 1.28 mya in the time scale
354  (transformed from a peak of 15.6 in the mismatch scale) than that produced by the

355  histogram method, where the latter significantly underestimates the age

18
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distribution near its peak period, suffering from the convolution with the Poisson
error. Gypsy family 24 (Nusif) in the right panel of Figure 3 shows a lack-of-fit to a
negative binomial distribution, which is remedied by a mixture of two negative

binomial distributions.

The constant insertion rate hypotheses were rejected for all LTR transposon
families with very small p-values (Table S2 and S3), indicating that the insertion
rates are not constant over time. We show the estimated age distributions and
insertion rates of all families in the left and the right panels of Figure 4, respectively,
where the insertion rates were estimated with the baseline death rate A, and then
normalized into probability densities. Since older elements are less likely to survive
the deletion process, the insertion rates as compared to age distributions
compensated for this effect by attenuating earlier peaks and amplifying later peaks.
Each family was active during a different time range, while the peak insertion
activities for most families tended to occur around 1 mya, ranging from 0.064 mya
to 2.39 mya. The most recent sharp insertion rate spikes at 0.064 mya are due to
two Copia elements in family 27 (Maximus) that have only 1 and 4 mismatches,
vastly different from other elements in the same family that have an average of 40
mismatches. This shows that Copia family 27 had an ancient burst of activity,

followed by a recent amplification that may be on-going.

To demonstrate the sensitivity of our results to the assumption on death rates, we
studied and show three death rate scenarios for the top five Copia families and the

top five Gypsy families in Figure 5, which are based on family-specific baseline
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scenarios. An important consequence of exploring the three death rate scenarios is
that, while the precise location of the peaks of insertion times may move in time, the
sequence of peaks is not much affected by varying assumptions on elimination rates,
therefore validating the location of the peaks. Salient peaks are evident in each
family, meaning that these families all underwent periods of rapid amplification. In a
scenario assuming a higher death rate, peaks are shifted back in time; this is a

consequence of equation ( 2 ).

The results of a regression analysis for the association between LTR divergence and
TE attributes are reported in Table 1. LTR retrotransposons on chromosomes 2D,
4D, and 7D have significantly larger divergence (and thus are older) as compared to
those on chromosome 1D. The recombination rate has a significant negative effect,
while the log distance to the nearest gene has a significant positive effect on
insertion dates. The distance to the nearest gene may be a proxy for higher
recombination rates near genes, which leads to more unequal homologous
recombination events, and thus more frequent removal of complete elements [16]
and younger TEs. The predictor recombination rate is a smooth average of local
recombination rates in finer scales. On average, Gypsy families tended to be older

than Copia families.

Discussion

TEs drive the evolution of genome structure, both by their insertion activities and by

their subsequent contributions as sites of chromosome breakage and ectopic
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homologous recombination [1]. In flowering plants, it is commonly observed that
even closely related lineages can have dramatically different histories of TE activity
[5]. Beyond restructuring genomes, TEs also provide the raw material for
epigenetic changes and most other changes in gene regulation [17], as well as
possibly contributing to the function of structural components like centromeres
[35]. Hence, a detailed and quantitatively robust analysis of TE activity is warranted
to permit the understanding of TE contributions to the evolution of both structure

and function in any genome.

LTR retrotransposons are uniquely well suited for the study of genome dynamics for
several reasons. First, the identity of the two LTRs at the time of any insertion event
allows the subsequent determination of the insertion date by quantifying LTR
divergences within a single element [7]. Second, the transposition mechanism for
LTR retrotransposons does not involve element deletion from the donor site, so that
each insertion can be viewed as a simple, one element, amplification. Third, most
LTR retrotransposons avoid inserting near or into genes [3, 36], so the effects of
natural selection on LTR retrotransposon retention are minimized, although not
fully neutralized. Fourth, the processes for LTR retrotransposon sequence removal
(unequal homologous recombination to generate solo LTRs and illegitimate
recombination) have been identified [8, 9], so they can be factored into any analysis

of LTR retrotransposon dynamics.

The advantages of our proposed models over an estimate based on the previously

utilized histogram of divergence are twofold. First, our insertion rate takes into
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account the deletion process, producing more realistic estimates that puts more
weight on the older and thus harder to observe elements (Figure 2). Modeling the
death rate has a significant impact in the insertion rate if it is constant or near
constant, in which case a histogram of divergence would show an exponential decay,
as demonstrated in a simulated scenario (Figure 4) and as empirically shown in
other species, e.g. rice [10, 21]. Using our model, one can formally test the
hypothesis that the insertion rates are constant over time, which is in doubt
especially if the distribution of divergence is exponentially decaying. Second, the
randomness of mutations are taken into account, which results in more pronounced
peaks in the age distribution estimates (Figure 3), indicating the insertion rates are
more concentrated around bursts of activities than what appears in a histogram of

divergence.

User-friendly and fast algorithms for the proposed analysis are conveniently
available in the R package TE on CRAN, enabling easy comparisons with classical
approaches. The package TE includes EstDynamics and EstDynamics2 for
estimating insertion rates and age distributions, where the former also tests the
hypothesis of a constant insertion rate, and PlotFamilies and

SensitivityPlot for generating additional plots.

For a pragmatic estimation of the death rate of TEs, we employed an exponential life
span assumption [6, 10, 30] that amounts to a constant hazard rate. With this we
produce more realistic insertion rate estimates than those obtained from previous

methods. Time- or age-varying hazard rate estimates, however, require the
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observation of historical TE removal events, for example by comparing multiple
species. This is left for future work because high quality data informing deletion
events is unavailable at this stage. Our current framework modelled the insertion
rate and age distributions as parametric, allowing for fast computation without
tuning parameters, while a possible alternative Bayesian framework modelling the

insertion activities as a latent process was not considered here.

Our proposed models allow for time-varying insertion rates that are appropriate for
dynamic transposition activity, which is a realistic scenario as demonstrated in
simulations [37] and by the LTR retrotransposons of Ae. tauschii, where recent
insertions are near absent for reasons currently unknown. Our time-dynamic
modelling approach is in contrast to Promislow et al. [23], who modelled the
insertion activity as constant over time or two-stage, and Marchani et al. [25], who
targeted the age of the master gene for a retrotransposon subfamily. Previous work
[22, 24] studied the TE dynamics of species with small genomes and multiple
available linages, where the latter associated Helitron element ages with occupation
frequency, while we study a single accession of Ae. tauschii with a large genome size
(4.3 Gbp) and abundant repeated elements (65.9%), and found that the age of an
LTR retrotransposon was associated with variables such as distance to the nearest

genes and recombination rates.

The results of these studies indicate that a robust statistical analysis of LTR
retrotransposon dynamics is feasible with the appropriate computational strategy

and statistical models. As predicted, but never confirmed rigorously, our analyses
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indicate bursts of LTR retrotransposon activity that are family specific, and we show
multiple peaks of activity even within a single family history. Survival is also
modelled, and confirms predictions that sites near genes (where negative selection
is more likely to act) lose LTR retrotransposons more rapidly. Similarly, LTR
retrotransposons within regions, such as genic areas, that exhibit high levels of
meiotic recombination (where solo LTR generation should be more frequent) also
were substantiated as sites of relatively rapid LTR retrotransposon loss. Taken in
their entirety, these studies support a rigorous approach to analysing LTR
retrotransposon histories across plant lineages, thus creating the opportunity to

investigate these dynamics from a phylogenetically powerful perspective.
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608 Tables
609

610 Table 1. Regression coefficient estimates.

Value Std.error t-value p-value

Intercept 0.0066 0.0011 591 0.0000
Chr2 0.0006 0.0003 2.21 0.0270
Chr3 0.0002 0.0003 0.81 0.4160
Chr4 0.0007 0.0003 238 0.0173
Chr5 0.0004 0.0003 1.21  0.2267
Chré 0.0007 0.0003 2.16 0.0304
Chr7 0.0012 0.0003 4.02 0.0001
Recombination rate -0.0007 0.0002 -3.84 0.0001
Log distance 0.0017 0.0001 24.22  0.0000
Gypsy superfamily 0.0031 0.0012 2.64 0.0086
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Figure captions

Figure 1. The distribution of the number of mismatches, when all elements are of

length 500 bp and inserted 1 mya.

Figure 2. Simulated distributions of the number of mismatches, where each element
is inserted into the genome uniformly over the past 10 myr and has a half-life of 1
myr and LTR length equal to 500 bp. Left: A random selection of 100 such elements
that survive to the current time. Right: The estimated insertion rate using our

proposed method.

Figure 3. Distributional fits and recovered age distribution of Gypsy family 1, Fatima
(left), produced by function EstDynamics, and Gypsy family 24, Nusif (right),
produced by EstDynamics2. The black lines show the kernel density estimate
(KDE, solid), the negative binomial fit by MLE (dashed), and the recovered age
distribution expressed in mismatch time scale (dash-dot). For Gypsy family Nusif, a
negative binomial fit shows lack of fit as measured by Kullback--Leibler (KL)
divergence (see Subsection Lack-of-fit of Negative Binomial Fit). Thus, we used a
mixture of two negative binomial distributions (red dashed) to improve the fit, for
which the recovered age distribution is a mixture of gamma distributions (red dash-

dot).
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Figure 4. Age distributions (left panels) and normalized insertion rates (right
panels) in the 35 largest families. Each curve represents the estimated age
distribution (left) or insertion rate as normalized into a probability density function
(right) of a single family. Copia families are shown in red and Gypsy families in blue.
Grey triangles on the x-axis indicate the peak locations. The peak insertion activities
for most families occur around 1 mya, ranging from 0.064 mya to 2.39 mya, marked

by black squares.

Figure 5. Sensitivity analysis for the 1st, 3rd, and 5t largest Copia (left) and Gypsy

(right) families, respectively. For each family, three death rate scenarios are shown:
Baseline death rates A = 4 (solid), low death rates A = 4/2 (dashed), and high death
rates 1 = 24 (dotted). Short horizontal lines on each curve mark the times when the

insertion activities are half as strong as the peak intensity in each scenario.
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