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is the number of particles of type k in generation t with /
offspring of type 1 and j offspring of type 2.









@(n) - {Zk(t> (I,_j)), k € T; (Ivf) € %k}

S(n) = {&(t. )ik jeTit=1,--,n—11=1,---,Z(t)}

is the information, based on the observation of the entire
family tree.
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Doble Poisson

A1y, 05) = exp(B1x + 02)
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Family tree reconstruction

Gonziles et al. [2]
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Reconstruction algorithm

1 Type 1 particles

according MN (binomial) (1-st row)
2 Type 2 particles

Zy(s) Z>(s)

L(t 4 1) Zglts +Z§2ts

according MN (binomial) (2-nd row)



Reconstruction algorithm

Z1(s)
3 Using Z &l(t,s), generate £i(t, s) using

Z1(s)
(Z fl(t s), z(t)>

4 By analogy for £X(t, s)
5 By analogy for £3(t, s)
6 By analogy for £3(t,s)



Estimation of the parameters. ML
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Estimation of the parameters. ML

2 n—1

LS [ owik =12 =TITT TI e=

k=1 t=1 (i j)eSy

T a(i) i o
=1111 11 {Ak(elk,eﬂ)elk%k

k=1 t=1 (i j)e[I(k)]

:|Zk(t7(izj))

01k OAk (b1, O2k)
A (01k, O2k) 001k ‘

3 ZK(s)
g

E¢(t,1) =

E&(t,1) = My = =——
k(s)



Robust estimation. WLTE

Vandev & Nejkov [7].
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0 = argmin wit,m(0),
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fu(ny (0) = — log ¢(xh, )
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An

example
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BPoint(E) = X max{m : sup||E(X.)|| < oo}, where X, is a

sample, obtained from the sample X by replacing any m of the
observations by arbitrary values, Hampel et al. (1986).

Vandev & Nejkov [7].
BP of WLTE in not less than (n — k)/n if
(n+d)/2<k<n—d;,n>3d;, F={f(0)} is d-full.

F is d-full if sup{F* € F : |F¥| = k} is subcompact.

g(0) is subcompact if L,(C) = {0 : g(#) < C} are compacts
for any C.



Robustness, BPSD
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& is the set of all posible values of the random vector (X, Y);

3T the set of all possible values of the random variable X, while 32
is the set of all possible values of the random variable Y;

Y is the convergence region of the series A(61,61), and 97 is its
boundary;

MinVX € St is the minimal value of the random variable X, and
MinVY € 32 - the minimal value of the random variable Y:

MaxVX € 31 is the maximal value of the random variable X
(which may be finite or infinity), and MaxVY € 32 - the maximal
value of the random variable Y;

If (/\/linVX, MIHVY) € S, then NMinVX,MinVY is the observed
number vectors in the sample with minimal values of the
coordinates:;

If MaxVX < oo, MaxVY < oo and (MaxVX, MaxVY) € S, then
Numaxvx,Maxvy is the observed number vectors in the sample with
maximal values of the coordinates;



Lemma

[1]

Let us consider a sample of n independent bivariate power series
distributed observations. For the breakdown point of the LTE (k)
estimator (?7?) the following statements hold:

1.

If S| = 00, (01,02) € T, limg, g, o 2072 = 00 ¥(i,j) € S

except for (i,j) = (MinVX, MinVY), then the WLT(K) estimator
exists and its breakdownpoint is not less than [n — k]/n if

n > 3(Nminvx Minvy + 1),

[n + Npinvx minvy + 1]/2 < k < n— Npinvx minvy — 1.

If 1] < 00; 61 € (0,00), 0 € (0,00), then the WLT(K) estimator
exists and its breakdown point is not less than [n — k|/n, if

n > 3(max{Numinvx,minvy, Nmaxvx, maxvy } + 1), and

[n + max{Numinvx,minvy s Nmaxvx maxvy } +1]/2 < K < n—

max{ Npinvx Minvy s Nmaxvx, maxvy } — 1.

If (MaxVX, MaxVY) ¢ , then the statement in 1. hold.

If (01,62) € ® C 11, where ® is a compact set, then the WLT (k)
estimator exists and its breakdown point is not less than [n — k]/n
ifn>3,[n+1]/2< k<n-1




LTE estimation

1. Estimating the vector 6, for example using the Harris
estimators on an available subset of the family tree, free
of outliers.

2. Generating a family tree, using the observed generation
sizes and the parameter value from 1.

3. Estimating the vector 6, using the WLT(K) estimator
over the entire family tree, and detecting the 'errors’.
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of outliers.

2. Generating a family tree, using the observed generation
sizes and the parameter value from 1.

3. Estimating the vector 6, using the WLT(K) estimator
over the entire family tree, and detecting the 'errors’.

This algorithm can be bootstrapped large number of times.
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EM estimation. E-step

EZ(i,]) ZZI )Zo(t P,j

where o
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EM algorithm

Set a starting values for {6, i, k = 1,2}

Perform E-step - calculate EZ4(i,j)

Substitute EZ4(i, j) in Ezlog L(3(n) | 0i: i,k = 1,2)
Perform M-step - maximize

Ezlog L(S(n) | 0; i, k = 1,2) and obtain new

{0k, i, k =1,2}

5. Go to 2. if the Ez log L is changed.

B o
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