Modelling Phenotypic Plasticity

It’s Plasphentastic

The relation between the vector of charac-
ter states in n environments, z'=(z,...z,), and
the coefficients of a polynomial function of
order m (intercept, slope, etc.), g'=(g,...&,).
for a genotype can be written in matrix form as:

z=Xg (1)
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Overview of different ways individual states can be specified
Quantitative genetics: selection response with plasticity

Adaptive Dynamics: phenotypic plasticity as an adaptation



An overview of different ways to represent the
dependence of phenotypes on the environment

& how they relate

The relation between the vector of charac-
ter states in n environments, z'=(z,...z,), and
the coefficients of a polynomial function of
order m (intercept, slope, etc.), g'=(g,...£..).
for a genotype can be written in matrix form as:

z2=Xg (1)



Each cell has the potential to develop
as blue, white, or red

https://en.wikipedia.org/wiki/French_flag_model (TTT 111

!

D
Position of each cell is defined by the
cencentration of morphegen

Concentration

of morphogen
[
'
'
3

(LR

= =

Positional value is interpreted by the cells
which differentiate to form a pattem

Concent

iration thresholds
of marphogen

A Model?

(T 1 .

-Strategic: to obtain insight, to improve ideas and qualitative predictions: “toy” model

- "naive brute force approach, faithful one-to-one reflection of biological complexity"
(Levins 1966)




Purpose, usage?

Predict outcomes of eco-evolutionary dynamics

Predict relative magnitudes of components of phenotypic variation

Predict dynamics of phenotype distributions in populations



Distributions — components

of INDIVIDUAL STATE

Reproduction, development, growth,
heredity, environmental change



Distributions — components

of INDIVIDUAL STATE

We want to simplify where possible and
not track state variation and dynamics
when it’s not necessary

- Random environmental variation
- lots of loci of small effects
- Choose properties that are not variable

Replace stochastic variables by means and variances
of their distributions



Z=0+e

e~ N(0O, o)



Distributions — components

of INDIVIDUAL STATE

It can still become relatively complicated
Often we are prepared to sacrifice some generality
And simplify when that allows us to use more “reliable”

mathematical tools

Quantitative genetics
Adaptive Dynamics



The role of developmental plasticity in
evolutionary innovation. Moczek et al. 2011.
10.1098/rspb.2011.0971



Character state approach

Multivariate phenotype: list all traits in different environments
Genetic variation for a plastic trait is managed in the same
way as for a multivariate phenotype

z2=(2,,....., ;)

each "trait" Zi — gi -+ ei

Z=0+€e v e~ MVN(O,ZX)



Pristimantis mutabilis skin texture transformation
Over the course of 330 seconds, the skin of the mutable rain frog

(Pristimantis mutabilis) changed from highly textured and rough to
smooth.
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Simplify: Markov chain with two states,
ergodic, unique stationary distribution

~ fixed fraction of time in each state



Genetic variation for phenotypes in alternative states
Phenotypes in alternative states

Genetic variation for parameters of the Markov chain
Genetic variation for stationary distributions

Plasticity?



A comparison between coral colonies of the
genus Madracis and simulated forms

Morphospace of simulated coral colonies in two different environments: (a)
nutrient source is above the object (i.e. mimicking the presence of competing
colonies near the simulated colony); (b) side planes act also as the nutrient
source (i.e. mimicking the absence of competing colonies near the simulated
colony). The axes represent parameters that can be gradually changed in order
to change colony morphology. Light intensity is the o parameter from equation
(2.1). Surface diffusion is the diffusion constant D in equation (2.2).



Reaction norms

“Explanatory variables”: phenotypic plasticity describes causal
effects of environmental variables on phenotype variation

z=b,+be +¢

The trait is a polynomial equation of variables characterizing the environmental state

semple 2 =D +be +b.e°+be, +¢

z=e'b e' =(,e,....e)



Reaction norms

We see the "parameters"” b as the traits, not z

z=b,+be +¢

Z=e'b

/ = Eb E:(l,el,...,en)

Character states: reaction norms mapped to the different environmental states
by matrix E, with the properties of the environmental states in the columns



Phenotypes and parameters of a polynomial
that are maybe genetically variable
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Character state models
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Two formalisms



Map one to the other

G G,
g=EDb b =Ug
U=(E'E)"E'

U exists only when the number of environments is
larger than the number of parametersin b









Frincgand the ’Qw lutton

i

I
i‘
n
..él
&. (

LTS Bo CrAzY

LS -




Relative growth / Day

Reaction norms for individual state variation

0 10 20 30 40 50
[ I

0 10 20 30 40 50
[T I N R B

0 10 20 30 40 50
[ I R R B

[
A. bellottii

A. affinis A. arachan A. charrua |\. cheradophilu{ A. elongatus
1.2 =
11 - %\& A ‘ -
o | @,\  — ; %4 i
0.9 =
A. gymnoventri{ A. juanlangi |luteoflammulalA. melanoorus| A. nigripinnis A. paucisquama
j U PN S TN SN |
A. prognhathus| A. robustus A. salviai | A. vazferreirai| A. viarius |A. wolterstorffi
1.2 —
o %M T Ay@bg%;é% ]
1.0 - VT B
0.9 L

0 10 20 30 40 50

0 10 20 30 40 50

Age (days)

0 10 20 30 40 50

“Fixed” external environment = we didn’t deliberately change it
during the experiment

1.2
11
1.0
0.9

« Austrolebias.moenstrosus™

Austrolebias charrua



Egg surface (square mm)

T
Female leng

Egg area (square mm)

“ N Whs D

=~ N Wk oo

Reaction norms for individual state variation
Explanatory variable: a state variable

S N W O d

2 3 4567 2 3 4 5 6 ?
1 | 1 1 | 1 | | 1 1 | 1 1 | 1 1 | 1
reicherti vazferreirai viarius wolterstorff
o é -
_— . — 1 o ’Q/"’
% @%u --’%
luteoflammulatus melanoorus nigripinnis prognatus

4

= NWheONdD

(=] [s]
g
8 | ¥ “@ | -
cheradophilus elongatus gymnoventris juanlangi
o
s __’F____,——-"F__ g ﬁ/
""ﬂﬁiga __/'/q CJ o
L % §
; 0 | @
affinis arachan bellotti charrua
8
o ¥ i S

N -
W -
-
-
o -
-~ -

LI B R N
2 3 4 5 6 7

Female length

“Fixed” external environment = we recreated it every time

A = Austrolebias.moenstrosus

Austrolebias charrua




Rates of growth (relative)

Parameters describing phenotype as a function of
another phenotypic state variable

b is a vector of spline coefficients



Arabidopsis Bur-0 Relative Growth Rates
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Fig. 2 Example of a plant image before and after processing. Plant
image before (a) and after (b) analysis using the LemnaGrid
software delivered with the system. In (b) the green area is the
detected leaf area and the yellow line outlines the convex hull; the
compactness is the total leaf area divided by the convex hull area.
The red circle defines the region where the image analysis algorithm
expects to find the majority of the plant surface. Outside of this area
only green surfaces connected to internal surfaces are included, to
avoid inclusion of small patches of moss or algae.

Phenotyping:
Phenoscope robots
INRA Versailles




blastula — dispersed cell§ Diapause |

somites

Diapause 2

head formation

Strategy determination
IS relatively accessible,
observable

seemingly ready to hatch gblETe I E=Re]
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Argentinian pearl killifish
A. bellotttii

Control Dessication treatments Rewetted

Death
Daath

Proba bility

Raweatted Control and dessication treatments
Control
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Only faster development in air in stage two, early embryos survive better

Varela-Lasheras & Van Dooren (2014) & Van Dooren & Varela-Lasheras (in prep)



Rates of transition between developmental stages
Mortality rates

that are age/time/age-within-stage dependent

that depend on the state of the environment



Sex determination evolution
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Function — valued traits

g: trait values per environmental state
infinite-dimensional

b: spline coefficients

To explain the approach, we will again use the example of
flowering strategy for a monocarpic perennial. The “strategy’ is
a function pp(z) giving the relationship between size z and
flowering probability. Up to now, we have described it by
logistic regression. But any analytic formula limits variation to
a few “degrees of freedom’, which creates the risk that the opti-
mum within those limits may be highly suboptimal (Dieck-
mann, Heino & Parvinen 2006).

We would ideally not put any restrictions at all on the shape,
and for some deterministic models that can be done using opti-
mal control theory or the calculus of variations (Parvinen,
Dieckmann & Heino 2006; Parvinen. Heino & Dieckmann

2013). For stochastic IPMs with density or frequency depen-
dence, and many other models, we do not know of any analyti-
cal solution method, so we take a computational approach
using methods from functional data analysis (Ramsay & Sil-
verman 2005: Ramsay, Hooker & Graves 2009). The simplifi-
cation that leads to a practical solution is to allow a finite but
arbitrarily large number of degrees of freedom. B-splines are a

convenient and popular way to do this. We want to let flower-
ing probability be any smooth function of size with values
between 0 and 1. We do that by setting

d

logit py(z.1) = ch;-f,o_;-(:} eqn 35
J=1
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Figure 2. Mutational mappmgs pctum p.',alll:rg-I In the first modd version, s(mtcglm arc specificd by matrices with probability 0 1'_5 3 0 1'? 3
weights of observation predi cor of covir I states. Such matrices can be drawn as a grid of combinations observalion b observalion Eobs

with the intensity of filling dircetly proportional to the probability weight in that matrix cell. Mutations are modelled as random
‘deformations’ of probability weights in the matrix, Each mutation mapping is given a name that describes the way a probability
weight is moved across cells. (@) A progenitor reaction norm and (5) a number of one-step mutants are drawn. The progenitor
was obtained from a flat reaction norm by applying two successive and well-aimed bubble mappings.

Van Dooren (2001)



