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Context

» Citizen science program
dataset from 2010 to today

» More than 580 000 entries of
plant-pollinator interactions

» Timed observation sampling
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From dataset to pollination network
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Double goal

» Embedding : represent nodes and features with Z € R,
» Fairness : Z independent of S.
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Bipartite adaptation of VGAE

q(Z1,22|X1,X2,B) 7 p(B|Z1,22) -
ke L,

B, X1, X5 , 22 B
€(G,E,V) encoder(GCN) cRd  decoder(distance) €R™ X"
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Hilbert-Schmidt Independence Criterion

> X € X compact with kernel K: X x X — R
» Y € )Y compact with kernel L: Y x)Y — R
HSIC(X,Y) = ||Cx.v||?
== EXYX’ y/[K(X, X’)L( Y, Y,)] + EXX[K(X, X,)]Eyy/ [L( Y, Y/)]
— 2Exy [Ex/[K (X, X)Ey/[L(Y, Y]]
il

> K(xi,xj)) =e 222 = (HSIC(X,Y)=0 <= XLY) (Gretton
et al., 2005).

wlx

> HSIC test : if XLY, nx HSIC ~ (Gretton et al., 2007)

B”‘r(a)
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Loss with HSIC

» Reconstruction loss from (Kipf and Welling, 2016)
» HSIC (Gretton et al., 2005) as a penalty to have independence

» Variational lower bound L :

L(Wi, Wa) = Eq(z, 2, x,,.%,8)[l0g p(B|Z1, 22)]
—KL[q1(Z:[ X1, B)||p1(2£1)]

—KL[q2(22| Xz, B)|[p2(22)]

+dRFF HSIC(u1, S)
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Estimated probabilities
of connection between
plants and insects on
the Spipoll data set,
BVGAE is on the top
and the fair-BVGAE is
on the bottom.
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Context

Work in progress

Typical landscape at places of
sampling.
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Context

Work in progress

Evolution of connectivity and corrected connectivity along paths
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Context

s this truly interpretable 7
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Simulation

Simulation setting

* > We simulate
2 X1, X2, X3 %.1'/\[(0’ 1)
N and y1, 2 " N(1,1).
¢ » We generate a
07 network depending
iy on xi, x2 (in blue)
and y1, > (in
=21 ¢ orange).
_3] » Goal : observe the
change of
") a connectivity in the
network.
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Simulation

Simulation setting

Node connectivity

Node connectivity
Node connectivity
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Simulation

Were the covariates useful ?

» Train fy(X, B) with
X =Ip,

» Train (X, B) with
X = [x1, x2, x3]

> fy AUC : 0.821 £ 0.012
» f AUC: 0.822 £0.013

Latent space of f L;atﬂer;t'sp‘)aAcé of f
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Simulation
Connectivity prediction

» Predict the connectivity : (X, B).
> Change the input X to see the effect.

Predicted connectivity

Predicted connectivity

X1 X2 X3

Changing x; and xy yields the correct behavior, but the model is sensitive
to x3, which has no relationship with the data.
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Simulation

Feature importance

» Feature importance : score ¢ that indicates how much a feature j
contributes to a prediction f(X) of the model.

Possible feature importance estimation :
» Shapley values
> Gradient
> Integrated Gradient
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Simulation

Shapley values

» S c{0,1}F represent a coalition of selected features.

» Xs = {Xilk € S} is the submatrix of selected columns.

» val(S) = E[f(X)|Xs = xs] — E[f(X)] captures the marginal
contribution of the coalition S

san =y PR a5 0 ) vais))

SCL,.,F\{j}
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Simulation

Estimating Shapley values for graphs

Duval and Malliaros (2021)

> let = (E[X1], ..., E[XF]) .

» Pick z € {0,1}F uniformly at random.
X ifz=1

~and predict f(X’).
i otherwise

> Let X’ such as XJ{ = {

» Construct data set D := {(z, f(X’)}.

» Apply weighted linear regression on D, each coefficient corresponds to
an estimated Shapley value ¢;.
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Simulation

Gradient

For each node i and for each feature j :

¢ij = VIf(X)]i,

1 &
¢j = ,71;@,]

2 shortinst
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Simulation

Integrated gradient 1

» Chose a baseline X’

» For each node i and for each feature j calculate

1

16G(x) = (g = x(j) x [ VIFX +a(X = X))o

o7

» for each feature j fit linear regression on {(x;j, IGj(x;)}, each slope
corresponds to an estimation of ¢;
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Simulation

Integrated gradient 2

» Let g:RF = R such as g(y1,...,yr) = F(L.(y1,..., yF) ")
» Chose a baseline y’

» For each feature j calculate

1
1Gi(y) = (yij = yi ) X /_0 VY +aly —y));da
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Simulation

Result

Sign:¢>1>0and P2 <0
Magnitude : |p1| > |¢3| and [p2| > [¢3]

Shapley | Grad | IG1 | IG2
sign 0.4 1 1 1
magnitude | 0.93 0.86 | 0.83 | 0.90
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