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Is there an agreement between botanical and molecular
classifications on a coarse taxonomic level ?

How to improve SBM model accuracy ?
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Agreement between botanical and molecular classifications

Agreement between botanical and molecular

classifications
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Agreement between botanical and molecular classifications Data set

Data set

e 1458 trees from an experimental plot in French Guyana.

BAVCHS:00087:00584
TTAARCATCACTGC TAAGAGCCTTGGTTCTGTAATTGTATGATCGATTTA

SHVCHB:08155:00849
TACTTARACATCACTGC TAAGAGCCTTGGTTCTGTARTTGTTATGATCGATTTA

>HAVCHB:00283:00713
TTACTTAMCATCACTGC TAAGAGCCTTGTTCTGTARTTGITATGATCGATTTA

SAVCHB:00255:01982
TTATITAMCATCACTGC TAAGAGCCTTGGTTCTGTARTTGTTATGATCGATITA

>AVCHB:00376:0050

TTAARCATCACTGC TACAC TAAGAGCCTTGGTTCTGTAT

SAVCHB:00413:01350
TTATTTAMCATCACTGC TAAGAGCCTTGGTTCTGTAATTGTTATGATCGATTTA

SAVCHB:00412:01921
TTAARCATCACTGE TAAGAGCCTTGGTTCTGTAATTGTATGATCGATTTA

>HAVCHB:08626:00400
TTAAACATCACTGC TAAGAGCCTTGGTTCTGTARTIGITATGATCGATTTA

>HAVCHB:00603:02589
TTACTTAMCATCACTGC TAAGAGCCTTGGTTCTGTAATTGTTATGATCGATTT

>AVCHB:00907:01162
TTACTTAMCATCACTGC TRAGAGCCTTGGTTCTGTAATTGTTATGATCGATTTA

SAVCHB: 00975102643
TTAARCATCACTGC TAAGAGCCTTGGTTCTGTARTTGTTATGATCGATTTA

>AVCHB:00990:62676
TTATTTARACATCACTGC TAAGAGCCTIGGTTCTGTAATTGTTATGATCGATTTAG

>AVCH:01122:02070
TTACTTARACATCACTGC TAAGAGCCTTGGTTCTGTAATTGTATGATCGATTTA

SAVCHB:01153:00411
TACTTARACATCACTGC TAAGAGCCTTGGTTCTGTAATTGITATGATCGATTTA

>AVCHB01157:02398
TTAAACATCACTGC TRAGAGCCTTGGTTCTGTAATTGTTATGATCGATTT)

>AVCHB:01209:00170
TTACTTAACATCACTGC TRAGAGCCTTGGTTCTGTAATTGTTATGATCGATTTAG

>AVCHB: 61221106996

Order, family, genus and species of DNA sequence of each individual.
each individual.
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Agreement between botanical and molecular classifications High taxonomics levels
High
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Agreement between botanical and molecular classifications General approach

General approach

The three steps of the approach
e Step 1 : Choice of sub-samples to study :
e Qur experiment: Selection

Taxonomic level = Sequences Number of taxa Minimal size

Species 313 55 5
Genera 845 36 10
Families 1349 30 10
Orders 1357 11 15
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Agreement between botanical and molecular classifications General approach

General approach

The three steps of the approach

e Step 2 : For each sub-sample, building partitions with three methods
for each sub-sample and with Smith Waterman and kmer dissimilarities

e M; : Agglomerative Hier- e My : Stochastic Block
archical Clustering (AHC) Model (SBM).
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Agreement between botanical and molecular classifications General approach

General approach

The three steps of the approach

o Step 3 : Comparing the classifications two by two

e Using visual tools
o Using NMI to characterize the adequacy/independence
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Agreement between botanical and molecular classifications

Results

Results as a function of taxonomic level

Evolution of NMI index as a function of Taxonomic levels:

kmer based distances
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Agreement between botanical and molecular classifications Results

Sankey plots for genera

Botanics WRT SL Ward WRT Botanics WRT SBM
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Agreement between botanical and molecular classifications

Results

Sankey plots for orders

Botanics WRT SL Ward WRT Botanics WRT SBM
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Agreement between botanical and molecular classifications Results

In conclusion :

. Interest of SBM models

The main advantage between AHC and SBM :
[}

AHC produces community w.r.t. SBM produces classes (not
necessary communities)

Outputs of SBM are : Classes and A, distance matrix between classes.
Let's talk about A :

Case 1:

—_

1

2
A=16 7
8 1

(@2 SR ENe)

There are 3 communities — SBM ~ CAH
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Agreement between botanical and molecular classifications

In conclusion

Results
Interest of SBM models
Case 2 :
22 9 11 2 9 11 2 9 11
A=16 3 7 A=16 23 7 A=16 3 7
8 5 1 8 5 1 8 5 19
There are 2 communities = SBM (warning) # CAH
Case 3 :
22 9 11
A=16 23 7
8 5 19

There are no communities =—> SBM (warnings) # CAH
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SBM model

SBM model
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SBM model SBM Model parameters

Model intuition

Data set Representation as graph
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SBM model

Model parameters

SBM Model parameters

Statistical model : SBM

A 2 5
¢ o

T

| ;] A

YA

J.-J. Daudin et al, A mixture model for random graphs, Stat Comput (2008) « @ » «F » « Z» « = » =

Clusters inference
Let q be the number of classes

Z = (21,...2)7 € Mig([0,1])

Model Hypothesis

e H; Knowing Z, distances are
independent.

e Hy The Ilatent wvariables
Zii=1,...,n are iid in {1, q}
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SBM model
Parameters presentation

SBM Model parameters

o Djjlzip =1,z = 1~Pois(Apy)

e AeMygy, A, The parameter of Poisson probability to have a
distance d between a vertex of class b and a vertex of class b .

Vbt =1,...,q, Aoy = 2 Az
11

7

1
e a€[0,1]9 a;: The probability to belong to class i.

«4O0> «FP» «E» «E»
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SBM model SBM possible estimation methods

EM algorithm

Z = (z1,...2)T € My 5([0,1])

e estimating Z needs to obtain § = (&, f\) we proceed by
0w = argmax(P(D|))
e The most naturel way is the EM algorithm. Each iteration involves
two steps :
o E-step : Compute : Q(0,6%) = Ez[log P»(D|2)|6, D]
o M-step : 0(FD = argmaxy Q(6, 6")
/\ The main difficulty of the EM algorithm is to compute the marginals:
It requires ¢"~! sums.

Dempster et al, "Maximum Likelihood from Incomplete Data via the EM Algorithm”. Journal of the Royal Statistical
Society (1977) «Or» «Fr «Er» «E» E VA

T T



SBM model SBM possible estimation methods

Estimation approach

There are two main classes o methods :

Monte-Carlo methods : char-
acterize a distribution by randomly
sampling values from the distribu-
tion.

+ Precision : Accurate

— Computation time : Slow

«O> «F>» «E>» « = = ©HaAe
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SBM model

Estimation approach

SBM possible estimation methods

There are two main classes of methods :

Monte-Carlo methods : char-
acterize a distribution by randomly
sampling valuesfrom of the distribu-
tion.

+ Precision : Accurate

— Computation time : Slow

Variational methods: we as-
sume the independence of the nodes
knowing the graph to approximate
marginal by mean field.

— Precision : Average accuracy

+ Computation time : Fast

«4O0> «FP» «E» «E» = o>
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SBM model SBM possible estimation methods

Estimation approach

e The ideal approach consists on having good to perfect accuracy and
fast computation time

Expectation :

Expectation of each approach

slow

2
E
g
g ®
2
£
15
o
= VEM
® Tensor Irain appraoch
{m 4 Monte Carlo
T T

T
perfect accuracy

average accuracy good accuracy

Precision

How to get closer of this approach 7
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Tensor trains approximation for SBM estimation

Tensor trains approximation for SBM estimation
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Tensor trains approximation for SBM estimation
The idea

The idea

Let's U express a graphical model,

\I/[Zl,..

v 2n) = o1 004,(2)
Mean field

U:[l,q —R

2y ey 2n — Ulzy, ..., 2p)

Tensor Train
¥ e (R7)®"

Ulzy,...,2,) €R
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The idea

Tensor trains approximation for SBM estimation

The idea

~1).

e The mean field which is approximation by products of scalar (rank

Smartness

.731;]' = aibj

Sy = S = (5o (S
2 2 i J
TV products

1 product
e Tensor Train which is approximation by matrix products (rank >1).

Smartness
Zaibj = Zai . ij
1,5 i J

].matrixpr&d‘t_kt’ “Fr «E>r «E>» a
I —— ) | 2
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The idea

Tensor trains approximation for SBM estimation

The idea

~1).

e The mean field which is approximation by products of scalar (rank

Smartness

IEij = aibj
Y= St = (S ) ()
2 2 i J
n2products

]. product
e Tensor Train which is approximation by matrix products (rank >1).

Smartness

T (2) ()

a;|b;

1 matrix product

«4O0> «FP» «E» «E» o>
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Tensor trains approximation for SBM estimation The idea

The idea

Tensor Train

e The tensor train format of the joint probability distribution :

VZl, ey 2my \I/[Zl, ceey zn] = Al[zl] . A2[22] Ce An_l[zn_l] . An[zn]

Ulzg,.oy2n) = — - \:l\:||

A;lz] © The cores of U (matrix)

e This format allows variable separation, suitable for marginals

«4O0> «FP» «E» «E» = o>

T Taym



Tensor trains approximation for SBM estimation

How it works

How to compute A;[z;] matrix ?
Novikov approach

e compute the TT-approximation of each factor

e then, it uses the Kronecker mixed-product property to compute the
TT-approximation of W from the TT approximation of each factor

Novikov et al, Putting MRFs on a Tensor Train (2014)

«4O0> «FP» «E» «E» o>
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Tensor trains approximation for SBM estimation How it works

Improvement of this approach :

e The matrix A;[z;] are sizes O(q")

A way to deal with this is to use the TT Format that allow us a
storage

+ who requires much less memory space
-+ who can be used for matrices

-+ with efficient operations

Oseledets, Tensor-Train Decomposition SIAM Journal on Scientific Computing«(20b1)« (5 » « Z » « = » = wvaQ
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Tensor trains approximation for SBM estimation

Computation of marginals

About marginals

e Partition function

Z14eee52n,

= <Z Al[zl]) gee ey (Z An[zn])
Let's B; = 3. Ai[zi]

W= > Ala]...An[z)]

W =B; x...x B,

«4O0> «FP» «E» «E»
N, ¢ | 25
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Tensor trains approximation for SBM estimation About marginals

Computation of marginals

Let's B; = Zzz A; [ZZ]
e Binary marginals : Vi, j € [1,n]%, p; j (2, 2;)

“ J
~— ~—

left center right

Bl X ... X Bi—l Az[zz] ?i—f—l X ... X Bj_EAj[zj] Bj+1 X ... X Bn

«4O0> «FP» «E» «E» = o>
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marginals : First step :
@ «4O0> «FP» «E» «E»

DA
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marglnals

Second step Left side
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marglnals

Second step Left side

@@

v
[

DA
24 / 26



Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marginals :

Second step : Left side

s

@
@
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marginals : Second step : Left side
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(@) (@)

«O>» «F»r «E>»

«E>»

DA
24 / 26



Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Unary and Binary marginals : Third step : Right side

@

e
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©)
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Tensor trains approximation for SBM estimation About marginals

Computation of marginals

e Binary marginals : Fourth step Centers

© 66 6
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Binary marginals : Fourth step Centers
(Cas )V ((Csa M ( Cys
/ / /
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Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Binary marginals : Fourth step Centers

«O>» «F»r «E>»

«E>»

DA
24 / 26



Tensor trains approximation for SBM estimation

About marginals

Computation of marginals

e Binary marginals : Fourth step Centers

!/: «4O0> «FP» «E» «E»
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Tensor trains approximation for SBM estimation About marginals

Conclusion and prospect

During this presentation, we showed that
e SBM models can be used for metabarcoding

e that we can potentially improve their accuracy thanks to a tensor
based approach

«4O0> «FP» «E» «E» = o>
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Tensor trains approximation for SBM estimation About marginals

Conclusion and prospect

A legitimate question remains unanswered:

How to scale up the SBM model to large datasets ?

Expectation of each approach

5 A
5
£
5
g ®
=
g
5
o
= VEM
* Tensor Train appraoch
i{m 4 Monte Carlo
— T

average accuracy good accuracy perfect accuracy

Precision
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Tensor trains approximation for SBM estimation About marginals
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Tensor trains approximation for SBM estimation About marginals
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Tensor trains approximation for SBM estimation About marginals
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