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Framework
Framework - Biological Invasions

» Invasion of new territories by alien organisms a core topic in
mathematical modeling.
In particular:

@ Reconstructing the past dynamics of the alien organisms
@ Predicting their future spatial extents
» Stages of the biological invasion process:
o Arrival
o Establishment
@ Spread

@ Concentration

Candy ABBOUD Predicting Invasive Species’ Dynamics 2/33



@ Data - Xylella fastidiosa(Xf)



Data - Xylella fastidiosa(Xf)

Xylella fastidiosa
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Data - Xylella fastidiosa(Xf)

Epidemiosurveillance of data: Situation in France

@ Sampling points

+ Infected
* Non-Infected
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Data - Xylella fastidiosa(Xf)

Epidemiosurveillance data: Situation in South Corsica

Study Region
Infected
@ Non-infected

10 0 10 20 30 40 km 10 0 10 20 30 40 km
| |

- ~ 9000 plants sampled since 2015 of which 900 have been diagnosed as infected (real-time PCR);

- For those ~ 9000 plants, geographic coordinates and sampling dates are available;

- We also consider T, the average of the minimum daily temperature over January and February b/n 1995 and 2003
(Map of T with 1 km grid resolution on the right);
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Bayesian model-averaging

Strategy
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Bayesian model-averaging

Principles

The BMA posterior distribution of A is

AY] = 3 [ARM] < [[MfY]
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Bayesian model-averaging
Principles

The BMA posterior distribution of A is

[V[My] x [My]

OPosterior distribution of A given M. Its empirical approximation is
provided using the AMIS algorithm by the means of a weighted
posterior sample of ©;

O Posterior Probability that My is the correct model,

O Integrated likelihood of My;
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Bayesian model-averaging
Principles

The BMA posterior distribution of A is

[YIMy] x [My]

AlY] = k§1 [AlY, My] x [MglY] MIY] = S = g

O Posterior distribution of A given M. Its empirical approximation is
provided using the AMIS algorithm by the means of a weighted posterior
sample of ©;

O Posterior Probability that M, is the correct model;

O Integrated likelihood of My;
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PDE-based Inference Approach
The Mechanistic-statistical Approach

A mechanistic
model of the
dynamics

| A probabilistic A Statistically

| model of the based method
observation for estimation
process

Wikle 2003, Roques et al. 2011, Soubeyrand et Roques 2013
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PDE-based Inference Approach

The Mechanistic-statistical Approach

/' Amechanistic
model of the

| Asttistically.
ased method |

| A probatil
modelofhe |
Gbservation | for estmation |
process \
\¢ ,/

Epidemic Spatio-temporal
represented in m binary and point
data

a space-time manne
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PDE-based Inference Approach Process & Data model

Competing Process models

We assume that the dynamics of Xf is described by various models
where u(t,x) is the probability of a plant to be infected at time ¢ in x.
The families of models considered are grounded on particular types of
parabolic PDE.

Diffusion ccefficient Reproduction term

E(t,x) = Au(t,x)+ fl(u), t>m7, x€Q,
Vu(t,x).n(x) =0, t > 19, x €09,
u(70,X) = ug(x), x € (,

2
Dj(x) =Y Djl(x € ), Vj<J.
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PDE-based Inference Approach Process & Data model

Competing Process models

| Familyi | Diffusion | f/(u),Vj<J |
1 Homogeneous | bu (1 — %) 1(x € le) —aul(x € QJ2)
2 Heterogeneous | bu (1 — %) 1(x € Q]l) —aul(x € Qé)
u
3 Heterogeneous | bu (1 — —)
K

o O =0T, 1)) = {x € Q:T(x) > T;}
o Q) =0 (T,T)) = {x € Q: T(x) < Tj}
. 0=0]Uoj
° lenQJQI(D
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PDE-based Inference Approach Process & Data model

Competing Process models

[ Family i | Diffusion | f7(u),Vj<J \
1 Homogeneous | bu (1 ) x € Q) — aul(x € Q)
2 Heterogeneous | bu (1 ) x € Q) - aul(x € )
3 Heterogeneous | bu (1 )

D : dispersal rate

b : intrinsic growth rate of the pathogen infection
K € (0,1] : plateau for the probability of infection

e o : decrease rate of infection in 5

I(x € Q{C) characteristic function which is equal to 1 in Q{c and
0 elsewhere.
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PDE-based Inference Approach Process & Data model

Competing Process models

4 = Dj(x)Au+ fI(u), inQ
Vu.n =0, on 9Q2

ug(x) = u(70,%), in Q
For the initial conditions:

e The disease is introduced at time 7
e X9 = (Zo, Jo) is the central point of the disease introduction
e The probability of infection at 7y in x satisfies:

S 12
X — Xp
uo(X) = po exp <—u)

202

where 02 = %21 and ¢ is the 0.95-quantile of the x? distribution
with 2 degrees of freedom. Then, at 79, 95% of the infected
hosts are located in the ball B(Xq, 19). po, is the infection
probability at (79,Xo).
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Process & Data model

PDE-based Inference Approach

Numerical Simulation

9u — DAwu + bu(l — ®)Xa, —auXq,, in Q

Vu.n =0, on 992
ug(x) = u(70,x), in Q T (months)= -334

0.0750

Numerical solution with D = 3.17 x 105,

b=0.05 K =0.15, a = 0.26,

%0 = (1176023, 6183750), ryp = 5000m

po =0.1, 79 = —335, T =5.4°C.
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PDE-based Inference Approach Process & Data model

Data model

Let 7 be a sample of size I that contains all the sampled hosts.

e {; the sampling time of host i
e Xx; its location

e Y its sanitary state observed at time t;

Probabilistic Model of Observation

We assume that the measurements Y; are, conditionally to wu,
independent random variables with Bernoulli distributions:

Y ~ Bin(1,u(ti,x;)), Vi € Z,

where u depends on the set of parameters © and on the model
structure. )
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PDE-based Inference Approach Process & Data model

Data model

Let 7 be a sample of size I that contains all the sampled hosts.

e {; the sampling time of host i

e Xx; its location

e Y its sanitary state observed at time t;

This data model is an extremely simplified version of the true
observation process, a version that does not take into account per
example the probability of false negatives, the dependency in the
spatio-temporal process of collect {(¢;,x;,Y;) : i € Z} and other
proprieties of the observation process.
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PDE-based Inference Approach Inference Approach

Bayes' rule

The posterior distribution of the unknown, hereafter dubbed O, is
derived by Bayes' rule:

Likelihood (Prior)

vie] x (6]
]
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PDE-based Inference Approach Inference Approach

Bayesian Inference with AMIS

Set po € © and X, the parameters
of the multinormal proposal

Calculate the unnormalized weights: Recalculate the previous unnormalized weights:
[Y[O5] % [©4] L [velx[ey

il —
Wi = m We 1

22 Guj1,m5- (OF)

m i3

> Gujer.mya (O
=t

Normalize the weights:

Adapt 1 and X for the next proposal:
L m
=3 > wtOl

2.
I=1e=1

30 wh(6F — o) (6L — o).
ul
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PDE-based Inference Approach Inference Approach

Bayesian Inference with AMIS

Set o € © and Xy, the parameters
of the multinormal proposal

Calculate the unnormalized weights: Recalculate the previous unnormalized weights:
[Y[©5] % [©4n] . me‘] x [0}]
1 m o= —p————
—E%/ 1551(6%) —ng, 1,221 (8%)

m m

Normalize the weights:
@t

DY

Adapt ;. and X for the next proposal:
L m
Hm = Y‘ E wlel
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PDE-based Inference Approach Inference Approach

AMIS convergence

e The theoretical convergence of the AMIS has been proved (Cornuet
et al., 2012; Jean-Marin et al. 2014) at a cost of slight modifications.
After M iterations of the AMIS, fo/rﬂy integrable function h, the self
normalized AMIS estimator of Erj(h(©)) = [ h(O)II(O)o(dz) is as

follows:
- 1 L M
Z Z l:lm:l
I=1m=1
e When M, Ly, -+, Ly_y are fixed, En(h(©)) -5 En(h(0)).

LMHOO

Imposing compactness restrictions on the simulation space or upper
bounds on the target density II will allow for the estimator to remain
unbiased and for its convergence to be established.
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PDE-based Inference Approach Inference Approach

Why use AMIS?

@ AMIS can be easily parallelized;

® Tuning parameters are automatically adapted across the
algorithm iterations;

©® AMIS allows for an integral recycling of all past simulations;
O AMIS is constructed sequentially and adaptevely;

©® AMIS provides a significant improvement in stability and
effective sample size due to the introduction of a recycling
procedure (Cornuet et al., 2012);
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Prediction Approach
BMA: Principles

[Y[My] x [My]
(AY]= 3 [AN M < MY - M= o s

O Posterior distribution of A given My Its empirical approximation is

provided using the AMIS algorithm by the means of a weighted
posterior sample of ©;

O Posterior Probability that M, is the correct model;

@ Integrated likelihood of My; )
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Prediction Approach

Approximating the Integrated Likelihood

Criteria Harmonic Mean Estimators(HME)

s 1 -
HME ()
' {Zszl 160, Myl x 00 My }

HME ZS 901 w(®) B
s=1 Y00, My] x [00) | My]

[*] {(—3(5) s w(s)}f:1 a weighted sample of size S drawn from the posterior distribution of ©

@ f(.) is an importance pj,-dimensional probability density and natural choices to match the posterior would be
multivariate normal with mean and covariance from the © ().

@ HME; is consistent when S — oo but it is indeed unstable

@ HME; is unbiased, consistent and satisfies a Gaussian central limit theorem if

9(Ok)
YO, Mg] x [0 M;]

dOj < oo
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Prediction Approach

Criteria Other Estimators of [M|Y]

1 k
ezp(—EdWAICI)
WAIC ~ - -
ijl eap(~ - dWAIC])
T k
ezp(fgdWA|C2)
WAICy ~ T -
21:1 ezp(—EdWAlc;)
ezp(fédDICIf)
DIC, ~ T _
21:1 exp(—EdWAlcg)
ezp(fédDICI;)
DIC, e
Zj:l ezp(—EdDIC%)
ezp(fédlck)
1€ =, 1
Zj:l exp(— EdICJ)
ezp(fédBICk)
BIC; S B
Zj:l ezp(—EdBICJ)
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Results: Inference

Application to One Model Structure: Selection

A A A A
T=4C T=42C T=44°C T=46C

O O o Q o Infected * Non-infected

Candy ABBOUD Predicting Invasive Species’ Dynamics



Results: Inference

Application to One Model Structure: Selection of T

A A A A
T=4.8C T=5°C T=5.2°C T=5.4C

O O o Q o Infected * Non-infected
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Results: Inference

Application to One Model Structure: Selection of T

A A A
T=5.6°C T=5.8C T=6°C

@ Q4 O Q o Infected * Non-infected
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Results: Inference

Application to One Model Structure: Selection of T’

5321 5008 -]
5071 4978 -
5006 4913 1
@ 5
4981 4888 |
4973 o 4880
4971 —— T T T T 4878 g T T T T
4.0 45 5.0 55 6.0 4.0 45 5.0 55 6.0
Temperature (°C) Temperature (°C)
5263
5199
5013
4949
& 4948 © 4884
g o
4923 4859
4915 | 4851
T T T T T 4849 T T T T T
40 45 50 55 6.0 40 45 50 55 60
Temperature (°C) Temperature (°C)
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Results: Inference

Application to One Model: Inference of the posterior

distribution of ©

Let © = [D; b; K; a; 793 %o, r0, po are fixed and T=54°Cis
selected.
The prior distribution is uniform and vague over the parameter space.
And, the introduction points are only generated in )
Initialization: we used,
10° 1010
0.1 0.01
0.1 0.01 (0)
w= 2 €0 andX = 1
1191369 (0) 10°
6076691

_335 i 2500
for the initial parameters of the multi-normal proposal
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Results: Inference

Importance Weights

Histogram plot of weights > 1e-3

0.0026080735
0.0023748224
0.0020296469
0.0019714157
0.0013218297
0.0012909493
0.0012142132
0.0012120195
0.0011568165
0.0010675652
0.0010555070
0.0009843055
0.0009736781
0.0009130111
0.0008805903
0.0008244563
0.0008042306
0.0007916683
0.0007484289
0.0007388762

Counts

0600 0601 0602
Weights
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Results: Inference

Stabilization of the AMIS algorithm

M K

i
i
a
)

UL%
L

il

—rr

0 02040608 1 002040608 1 0 02

e IS T H B B EEDET [EETE]

Variation in the deviation measure between the assessments of the posterior distribution at iteration m — 1 and m > 1
of the AMIS algorithm.
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Results: Inference

Marginal and 2D Posterior distributions
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Posterior distributions of the introduction time 7o (histogram) and the introduction point Xq (color palette). The prior
for 7o was uniform over [—1000, 0] (red line). The value of X having the largest weight in AMIS is indicated by a
blue dot. The prior for Xg was uniform over the space delimited by the contours.
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Results: Inference

Marginal and 2D Posterior distributions

0
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Results: Inference

Table: Posterior medians, means and standard deviations of
parameters of the reaction-diffusion-absorption equation.

Parameter Unit Median Mean Standard deviation
D m2. month~! 1.8 x 10° 2.0 x 10° 0.7 x 10°

b month~! 0.026 0.027 0.008

K probability 0.147 0.148 0.007

a month~! 0.12 0.13 0.05

T0 month —680 —681 179
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Results: Inference
Goodness-of-fit

The Brier Score is computed as follows:

I
=72 (V2% — u(ts, x))2

N«I'—‘

@ | the number of sampled hosts
o Y°bs observed sanitary status

o u(t;,x;) the solution of the model given ©

Median Mean  CI(95%)
BS 0.0828 0.0828 [0.0827; 0.0829]
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Results: Inference
Goodness-of-fit

The probabilistic predictions provided by the model can also be
compared to simple but data-informed predictions via the Brier skill
score:

B I
BSS = 1 22 BS,¢ = (1/1) > (¥R — Yobs)?
Bsref i=1

@ BSf is the Brier score for a reference forecast (here the
climatology)

o Y°b mean of {Y°*:i=1,...,I}

Median Mean CI(95%)
BSS 0.031 0.031 [0.029,0.032]
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Results: Inference

Goodness-of-fit

The local Brier Score (LBS) based on the k-NN satisfies:

. 1 9
0 =50 e%; @ (Yo —ulti, xi)) i =1, L.
i €UV (7

Proportion of values larger than 0.25: 0.062

Density

I T T T 1
0.0 0.2 0.4 0.6 0.8

Posterior mean of the local k—-NN Brier score
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Results: Inference

Goodness-of-fit

The local Brier Score based on the k-NN satisfies:

LBSK(1) = - Z (Ve _U(tiuxw))2; i=1,---,1I

i €UV (2)

‘ °Y=0 e v=1 * LBS<0.25 + LBS(Y=0)>025 o LBS(Y=1)>025 O Q ‘
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Results: Prediction

Posterior model probability

o HME,

o HME,

o WAIC,
o * WAIC,

DIC,

DIC,

e

8908008
08000

* BIC

—ONWANOO=-RNWOW~N

3
n
o
1 T o

33333333333333
T T

T T T T
1e-83 1e-65 1e-47 1e-29 1e-11

Posterior model probability values approximated using all the alternative methods
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Results: Prediction

Brier Score

0.0821 —

In-Sample Data

0.0820 —

0.0819 —
[2]
0.0818 —

0.0817

0.054
Out-of-Sample Data
0.052

40.050 |

0.048 —

0.046 —

T T T T T T T T
WAIC, BIc DIC, DIC, HME, HME, |c  WAIC,
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Results: Prediction

In & out-of-sample Predictions

Estimated proportions of positive results Estimated proportions of positive results. Climatology averageu

bw: 10 km — Range of values: [0 . 0495 ] bwr: 10 km— Range of values: [0 . 0.352 ] bw: 10 km — Range of values: [ 0.098 , 0.098 ] bw: 10 km — Range of values: [0, 0.147 |
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Results: Prediction

Root-mean-square error (RMSE)

x
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=
e ]
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i ]
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g2 |5
\,
T e T
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g pLl- L SRR
< - O---ro-aig
T R — .
x - o
w
g
o T T T T T
5 10 15 20 25
Bandwidth
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Perspectives

Conclusion and Discussion

@ Design control and surveillance based on model predictions

@ Incorporate into those models the possibility of multiple
introductions of Xf ((x§,7d),- -+, (x{,7d")) and then enlarge
the study domain to

entire Corsica

@ Use additional covariates
for defining the sub-domains

o Infer 1" jointly with the
other parameters
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Perspectives

References

[1] Abboud, C., Bonnefon, O., Parent, E. and Soubeyrand, S. (2019) Dating and
localizing an invasion from post-introduction data and a coupled
reaction-diffusion-absorption model. Journal of Mathematical Biology.

[2] Abboud C, Senoussi R, Soubeyrand S (2018) Piecewise-deterministic Markov
Processes for Spatio-temporal Population Dynamics. In: Azais, Romain and
Bouguet, Florian (ed) Statistical Inference for Piecewise-deterministic Markov
Processes, ISTE Editions/Wiley.

[3] Cornuet, J., Marin, J.-M., Mira, A. and Robert, C. P. (2012) Adaptive multiple
importance sampling. Scandinavian Journal of Statistics, 39, 798-812.

[4] Gelfand, A. E. and Dey, D. K. (1994) Bayesian model choice: asymptotics and
exact calculations. Journal of the Royal Statistical Society. Series B
(Methodological), 56, 501-514.

[5] Hoeting, J. A., Madigan, D., Raftery, A. E. and Volinsky, C. T. (1999) Bayesian
model averaging: a tutorial (with comments by m. clyde, david draper and e. i.
george, and a rejoinder by the authors. Statist. Sci., 14, 382-417.

[6] Raftery, A. E. (1996) Approximate bayes factors and accounting for model
uncertainty in generalised linear models. Biometrika, 83, 251-266.

[7] Soubeyrand, S. and Roques, L. (2014) Parameter estimation for
reaction-diffusion models of biological invasions. Population Ecology, 56, 427-434.

Candy ABBOUD Predicting Invasive Species’ Dynamics 32/33



Biostatistique a—=_
===n
p—
Z90/11 ==INRA
==
& Processus Spatiaux.

LEXE p IF\ M
A A AIXMARSEILLE
Cc D A
THANK YOU
BioSp L
R
SPE

' 7 .
Aix:-Marseille r/ Région AP departement  département
universite ,0 B PACA 4’ m?opOr emen gope
é' L

Afeto

Candy ABBOUD Predicting Invasive Species’ Dynamics



	Presentation Applibugs
	Framework
	Data - Xylella fastidiosa(Xf)
	Bayesian model-averaging
	PDE-based Inference Approach
	Process & Data model
	Inference Approach

	Prediction Approach
	Results: Inference
	Results: Prediction
	Perspectives


	0.0: 
	0.1: 
	0.2: 
	0.3: 
	0.4: 
	0.5: 
	anm0: 
	1.0: 
	1.1: 
	1.2: 
	1.3: 
	1.4: 
	1.5: 
	1.6: 
	1.7: 
	1.8: 
	1.9: 
	1.10: 
	1.11: 
	1.12: 
	1.13: 
	1.14: 
	1.15: 
	1.16: 
	1.17: 
	1.18: 
	1.19: 
	1.20: 
	1.21: 
	1.22: 
	1.23: 
	1.24: 
	1.25: 
	1.26: 
	1.27: 
	1.28: 
	1.29: 
	1.30: 
	1.31: 
	1.32: 
	1.33: 
	1.34: 
	1.35: 
	1.36: 
	1.37: 
	1.38: 
	1.39: 
	1.40: 
	1.41: 
	1.42: 
	1.43: 
	1.44: 
	1.45: 
	1.46: 
	1.47: 
	1.48: 
	1.49: 
	1.50: 
	1.51: 
	1.52: 
	1.53: 
	1.54: 
	1.55: 
	1.56: 
	1.57: 
	1.58: 
	1.59: 
	1.60: 
	1.61: 
	1.62: 
	1.63: 
	1.64: 
	1.65: 
	1.66: 
	1.67: 
	1.68: 
	1.69: 
	1.70: 
	1.71: 
	1.72: 
	1.73: 
	1.74: 
	1.75: 
	1.76: 
	1.77: 
	1.78: 
	1.79: 
	1.80: 
	1.81: 
	1.82: 
	1.83: 
	1.84: 
	1.85: 
	1.86: 
	1.87: 
	1.88: 
	1.89: 
	1.90: 
	1.91: 
	1.92: 
	1.93: 
	1.94: 
	1.95: 
	1.96: 
	1.97: 
	1.98: 
	1.99: 
	1.100: 
	1.101: 
	1.102: 
	1.103: 
	1.104: 
	1.105: 
	1.106: 
	1.107: 
	1.108: 
	1.109: 
	1.110: 
	1.111: 
	1.112: 
	1.113: 
	1.114: 
	1.115: 
	1.116: 
	1.117: 
	1.118: 
	1.119: 
	1.120: 
	1.121: 
	1.122: 
	1.123: 
	1.124: 
	1.125: 
	1.126: 
	1.127: 
	1.128: 
	1.129: 
	1.130: 
	1.131: 
	1.132: 
	1.133: 
	1.134: 
	1.135: 
	1.136: 
	1.137: 
	1.138: 
	1.139: 
	1.140: 
	1.141: 
	1.142: 
	1.143: 
	1.144: 
	1.145: 
	1.146: 
	1.147: 
	1.148: 
	1.149: 
	1.150: 
	1.151: 
	1.152: 
	1.153: 
	1.154: 
	1.155: 
	1.156: 
	1.157: 
	1.158: 
	1.159: 
	1.160: 
	1.161: 
	1.162: 
	1.163: 
	1.164: 
	1.165: 
	1.166: 
	1.167: 
	1.168: 
	1.169: 
	1.170: 
	1.171: 
	1.172: 
	1.173: 
	1.174: 
	1.175: 
	1.176: 
	1.177: 
	1.178: 
	1.179: 
	1.180: 
	1.181: 
	1.182: 
	1.183: 
	1.184: 
	1.185: 
	1.186: 
	1.187: 
	1.188: 
	1.189: 
	1.190: 
	1.191: 
	1.192: 
	1.193: 
	1.194: 
	1.195: 
	1.196: 
	1.197: 
	1.198: 
	1.199: 
	1.200: 
	1.201: 
	1.202: 
	1.203: 
	1.204: 
	1.205: 
	1.206: 
	1.207: 
	1.208: 
	1.209: 
	1.210: 
	1.211: 
	1.212: 
	1.213: 
	1.214: 
	1.215: 
	1.216: 
	1.217: 
	1.218: 
	1.219: 
	1.220: 
	1.221: 
	1.222: 
	1.223: 
	1.224: 
	1.225: 
	1.226: 
	1.227: 
	1.228: 
	1.229: 
	1.230: 
	1.231: 
	1.232: 
	1.233: 
	1.234: 
	1.235: 
	1.236: 
	1.237: 
	1.238: 
	1.239: 
	1.240: 
	1.241: 
	1.242: 
	1.243: 
	1.244: 
	1.245: 
	1.246: 
	1.247: 
	1.248: 
	1.249: 
	1.250: 
	1.251: 
	1.252: 
	1.253: 
	1.254: 
	1.255: 
	1.256: 
	1.257: 
	1.258: 
	1.259: 
	1.260: 
	1.261: 
	1.262: 
	1.263: 
	1.264: 
	1.265: 
	1.266: 
	1.267: 
	1.268: 
	1.269: 
	1.270: 
	1.271: 
	1.272: 
	1.273: 
	1.274: 
	1.275: 
	1.276: 
	1.277: 
	1.278: 
	1.279: 
	1.280: 
	1.281: 
	1.282: 
	1.283: 
	1.284: 
	1.285: 
	1.286: 
	1.287: 
	1.288: 
	1.289: 
	1.290: 
	1.291: 
	1.292: 
	1.293: 
	1.294: 
	1.295: 
	1.296: 
	1.297: 
	1.298: 
	1.299: 
	1.300: 
	1.301: 
	1.302: 
	1.303: 
	1.304: 
	1.305: 
	1.306: 
	1.307: 
	1.308: 
	1.309: 
	1.310: 
	1.311: 
	1.312: 
	1.313: 
	1.314: 
	1.315: 
	1.316: 
	1.317: 
	1.318: 
	1.319: 
	1.320: 
	1.321: 
	1.322: 
	1.323: 
	1.324: 
	1.325: 
	1.326: 
	1.327: 
	1.328: 
	1.329: 
	1.330: 
	1.331: 
	1.332: 
	1.333: 
	1.334: 
	1.335: 
	1.336: 
	1.337: 
	1.338: 
	1.339: 
	1.340: 
	1.341: 
	1.342: 
	1.343: 
	1.344: 
	1.345: 
	1.346: 
	1.347: 
	1.348: 
	1.349: 
	1.350: 
	1.351: 
	1.352: 
	1.353: 
	1.354: 
	1.355: 
	1.356: 
	1.357: 
	1.358: 
	1.359: 
	1.360: 
	1.361: 
	1.362: 
	1.363: 
	1.364: 
	anm1: 
	2.0: 
	2.1: 
	2.2: 
	2.3: 
	anm2: 
	3.0: 
	3.1: 
	3.2: 
	3.3: 
	3.4: 
	anm3: 


