
 

 

 University of Groningen

Stochasticity and variability in the dynamics and genetics of populations
Perez de Vladar, Harold

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2009

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Perez de Vladar, H. (2009). Stochasticity and variability in the dynamics and genetics of populations. s.n.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://research.rug.nl/en/publications/95ed8d59-ff09-4377-8fcb-9ed7f8d452df


Appendix C

Estimations of the genetic
architecture of Rana
temporaria
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C. GENETIC ARCHITECTURE OF R. temporaria

C.1 GENETIC EFFECTS AND EFFECTIVE
NUMBER OF LOCI

C.1.1 Methods
Notice on the one hand from Eq. 4.1 that at p` = 1/2, the mean traits
will vanish and genetic variances will be maximal, ν̃ = 1

2

Pn
`=1 γ

2
` . This

situation is ideally realized at neutrality (βk = 0)), but it can be also
realized in any distribution of allele frequencies since there is always a
non-zero probability that a population has these frequencies p` = 1/2.
On the other hand, the extreme values that an additive mean trait can
have would be achieved at fixation of every locus p`, q` = 1, e.g. under
extreme selective pressure, and would have values of z̃ = ±

Pn
`=1 γ`. It

follows that 2ν̃
n

= 1
n
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`=1 γ

2
` and that , z̃j

n
= 1

n

Pn
`=1 γ` = γ̄. We can apply

Jensen’s inequality to these quantities: 1
n
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2
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`
1
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´
2 ⇒

2ν̃
n
≥
`
z̃
n

´2. Thus the estimators for n
∼

and γ̄ follow from the equalities.

Thus following this results, we proceeded to identify from the data
the corresponding quantities. First we pooled that data (1550 F1 pop-
ulation of 18 full-sib individuals) in order to perform a bootstrap anal-
ysis over the maximal trait in a subsample of fixed size m = 72 (i.e.
the number of experimental replicates). Independent bootstrappings
were performed with 5.106 iterations for every trait (to avoid inherent
constraints or trade-offs), to calculate the mean and variance of the
maximal mean trait values. We also computed the maximum value of
a sib population (ordering the data, and taking the largest 72 values);
and the mean maximum from the experiments. As a conservative es-
timator we took the mean value from the bootstrap plus half of the
standard deviation. This was also compared with the biggest individ-
ual sample from the data, keeping the greatest among them.

The bootstraping was compared with an equivalent methodology
where the pool of data is substituted by a sample of 1550 random
numbers from a normal distribution. Since the pool distribution is
finite, the distribution of the maximum of a finite sub-sample deviates
substantially from the theoretical expectations.
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C.1. GENETIC EFFECTS AND EFFECTIVE NUMBER OF LOCI

However, the patterns of this deviation are similar from the pooled
data, consistent with the approximate normality of the trait distribu-
tion, as dictated by theoretical grounds (Fig C.1).

The deviations of the bootstrapped distribution from the theoreti-
cal one, which follows a Gompertzian distribution (Fisher and Tippett,
1928), is evident (Figs. C.1 and C.2), not only because of (i) finite
sample effects, but also because (ii) the sub-sample size is small for
the requirements of the limit theorem (Fisher and Tippett, 1928), and
probably also because (iii) the real distribution of the trait is truncated,
property whose consequences over the estimations herein presented
were not investigated.

The issue is that in theory the trait has a maximal value that we
want to know, but we don’t want to overestimate. If we would know
the theoretical distribution density of the maximum for a truncated
Gaussian (that approximates the mean trait distribution if the num-
ber of loci n is large, (Turelli and Barton, 1994), we could compute
the deviation of the expectance of the maxima to the real maximum,
for replicas of a given size. In this scenario we could state the null
hypothesis that the bootstraped mean maximum is significantly equal
to the expectance, and from it we could calculate the real maximum.
But this distribution is not known, at least to us. Even then, if the
mean trait distribution can be approximated by a Gaussian, then the
cumulative distribution of the maximal z̃ would be Gompertzian, that
is of the form Exp

ˆ
ae−bz̃

˜
, where the parameters a and b depend on

the number of samples m (Fisher and Tippett, 1928). Therefore the
expected value of the maximum in a Gaussian distribution would be
bigger than the expected maximum in a truncated Gaussian. Know-
ing the latter would give at least an upper bound for overestimations.
Unfortunately this is a limit theorem with very slow convergence with
m and for the data employed here, the Gompertz distribution highly
underestimates the actual one (Fig C.2).
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C. GENETIC ARCHITECTURE OF R. temporaria
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C.1. GENETIC EFFECTS AND EFFECTIVE NUMBER OF LOCI

Estimating the biggest genetic variance, suffered from more seri-
ous problems, since the values that we have were inferred from an
animal model (Lynch and Walsh, 1998, pp 755-758) that eliminated
maternal and dominance effects. Thus they do not follow directly as
the variance of the raw data. As a first subterfuge, we calculated the
total variance, assuming that the data are subsamples of the pool,
thus Vartot = Mean(ν) + Var (z̄). Second, we employed the data of both
populations, their controls, and both treatments (fast and slow dessi-
cation), for a total of 6 points for each trait, to regress the mean trait
value and genetic variance calculations. From it, we took the intercept
of the regression and added half of the standard error (square root of
the sum of squares of the regression). The maximum between these
two approaches, together with the maximal observed genetic variance,
was taken as the estimator of ν̃.

C.1.2 Results
The maximal trait values estimated from the resampling proved higher
than the experimental ones for traits 1 and 4, while for traits 2 and
3 the empirical maxima were used (Table 1). The total genetic vari-
ance for an idealized pool resulted smaller than the maximal empirical
genetic variances, except for trait 3, with which the difference is very
small. The method with least squares always gave a smaller maximal
genetic variance Fig. C.2.

Figure C.1: (Opposite page) Bootstrapping results. The left column (T) shows
the distributions of the four mean traits, and the right column (M) the distribu-
tion of their maximum values. The distributions were calculated bootstrapping
the pooled data, with a sub-sampling size of m=72. The mean traits were cen-
tered in the average, and scaled by the variance of the pool (to approximate
normality). From top to bottom: (1) develpment time, (2) mass, (3) body length,
(4) tail length, and (5) the null hypothesis (samples from a normal distribution).
Notice that the resulting distribution of the maximum in M5 differ when the
distribution can be resampled infinitely, leading to a Gompertzian distribution
(gray bulk density), to when they are finite and resampled (gray overimposed
bars).
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C. GENETIC ARCHITECTURE OF R. temporaria
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Figure C.2: Average maxima of the mean traits computed from subsampling
the bootstrap (black dots, bars indicate standard error), maximum subsample
from the pool (black squares), maximum mean trait from the population (open
squares), and maximum sampled mean (open circle). The dotted line repre-
sents the expected value of the maximum following the theoretical predictions,
and the gray shade extends up to half the standard deviation. (Right) Maxi-
mum genetic variance. Pooled variance (open circles), maximal variance in the
populations (open squares) and maximal variance by linear regression (open
triangles). The traits are represented as (1) development time, (2) mass, (3)
body length, (3) tail length.
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C.2. GENETIC ARCHITECTURE AND
M.S.D. EQUILIBRIUM

C.2 GENETIC ARCHITECTURE AND
M.S.D. EQUILIBRIUM

C.2.1 Methods
Assuming that the effects of each loci over a given trait is equal to
the average effect, the possible combinations of pleiotropic structures
are drastically reduced. Still, if the number of loci is big, which in
practice would be on the order of 10 or more, finding all combinations
is a tedious enterprise. Thus we designed an algorithm to search a
representative subset of these pleiotropic structures. The contributing
loci are represented in an array whose positions can either be empty,
or occupied. The array has two dimensions. The first dimension, say
the rows, represents the different traits, while the second dimension,
the columns are slots where the contributing loci can be. The second
dimension can be as big as the sum of the total number of loci con-
tributing to all traits. That is no overlap among loci, and therefore the
traits are independent. The other extreme, when there is maximum
degree of overlap (pleiotropy is strong) is when the second dimension
is as small as the bigest number of loci that contribute to any of the
traits. Any case in between represents partial overlap between some
of the loci. Thus distinct structures with varying degrees of pleiotropy
are generated by randomly moving and shifting these loci to different
slots in each row. The movements in the algorithm are: a row of loci
(that is all the effects for one trait) can be shifted left or right one step;
the other alternative is to shift only one of the loci to an empty slot on
its right or left. To optimize the algorithm, we assigned probabilities
for the shifting of a locus, proportional to how fragmented a row of loci
is (that is how many empty slots among contributing loci). If the row is
too fragmented, it tends to condense, and if it is a single block, it tends
to fragment. In addition, empty columns are deleted, since they do not
represent any biological effect. Since all the effects over a given trait
are the same at all loci, the algotithmic exploration of the pleiotropic
configurations discards those which have a degree of overlap that was
already sampled (they are redundant in macroscopic terms). Perform-
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C. GENETIC ARCHITECTURE OF R. temporaria
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Figure C.3: Performance of the Monte Carlo method for generating new possi-
ble pleiotropic structures.

ing a random search with these rules allows to find a big number of
possible combinations.

C.2.2 Results
Figure C.3 shows the results of the Monte Carlo procedure to identify
the pleiotropic structures. Although it is clear that more structures
can be found, the idea is to have a representative sample from the
space. Thus in our analyses we employed only 60000 trial structures.
Supplementary Material B illustrates this search an animated repre-
sentation. As a rule of thumb, about 5% of the tested structures will
be considered.
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C.3. PLEIOTROPIC STRUCTURES AND
FITNESS DIFFERENTIALS (β)

C.3 PLEIOTROPIC STRUCTURES AND
FITNESS DIFFERENTIALS (β)

Of the 450 structures that were produced with the previous algorithm,
only 47 allowed convergence of the numerical fit of the empirical traits
with the theoretical formulas. When numerical solutions could not
be found with precision of at lest 3 significant digits, the structures
were discarded as impossible to allow a fit between microscopic and
macroscopic states. However, those structures for which there was
convergence, had a precision of at least 10−8. Furthermore, although
the estimations were performed independently for the data of each
locations, the consistent pleiotropic structures were in both cases the
same (Fig C.4).

Nevertheless, the estimations gave distinct distribution of β at each
location, as seen in Fig C.5. Notice that the distribution changes for
both locations, indicating the action of selection.
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C.4. EIGENSTRUCTURES OF THE G MATRICES

C.4 EIGENSTRUCTURES OF THE G MATRICES

A consistent way to compare matrices, is to compare their eigenstruc-
ture. (There are many other ways, by the way, as well as statistical
tests. But it looks the choice on the method remains arbitrary.) We
computed the eigenstructures for the empirical, expectances, and drift
samples matrices. In Fig C.6. it is revealed that the eigenvalues of the
expectancies 〈G〉, in most cases are close to those of the empirical G s,
except only for the third eigenvalue, and the fourth for the Southern
population.

Figure C.4: (Opposite page) Pleiotropic structures consistent with the data.
Each of these pleiotropic structures correspond to an estimated value of ~β.
Notice that most of them represent a high pleiotropic coupling of the traits. The
rows in each plot represent the effects of the loci over the first to the fourth
traits (development time, (2) mass, (3) body length, and (4) tail length. The
structure shaded in gray was the one employed to forecast the evolutionary
dynamics in Fig. 4.1.
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Figure C.5: (Opposite page) Distribution of selection coefficients for each lo-
cation: Kiruna (Northen population), first column, and Lund (Southern pop-
ulation) second column. Each histogram βk, represents the distribution of
estimated selection coefficients for each trait k: (1) development time, (2) mass,
(3) body length, and (4) tail length.
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Figure C.6: Distribution of the eigenvalues of G for each location: Kiruna
(Northern population), first column, and Lund (Southern population) second
column. Each histogram λk, represents the distribution of k’th eigenvalues of
the G matrices resampled from the distribution of allele frequencies, where the
components k are: (1) development time, (2) mass, (3) body length, and (4) tail
length. The gray dashed lines are the eigenvalues of the empirical G . The black
solid lines are the eigenvalues of the expectancies.
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