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Part 1: Motivations

P Keyl, M Bockmayr, D Heim, G Dernbach, G Montavon, KR Miiller, F Klauschen
Patient-level proteomic network prediction by explainable artificial intelligence
NPJ Precis Oncol. 6(1):35, 2022



Example: Discovering Influencial Proteins

Example: MTOR signaling network (from reactome.org)

MTOR signaling W reactome

Question:
» Can we use ML/XAI to infer these networks (or aspects of them) directly from the data?
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Finding Influential Proteins with ML /XAl (keyl et al. 2022)

Step 1: From Data to ML
» Assemble a dataset.

» Build a ML model (neural network) that predicts proteins from other proteins with best
possible accuracy.
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Finding Influential Proteins with ML /XAl (keyl et al. 2022)

Step 2: From ML to XAl

» Apply Explainable Al (here the LRP attribution technique) to identify to what extent
proteins contribute to the expression of other proteins.
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Finding Influential Proteins with ML /XAl (keyl et al. 2022)

Excerpt of top-k protein influences via XAl (LRP attribution):

GSK3ALPHABETA_pS21S9 LCK LCK MAPK_pT202Y204 MAPK_pT202Y204 MEK1_pS2178221
TUBERIN_pT1462 PI3KP85" SYK* MEK1_pS2178221* SRC_pY527* P38_pT180Y182"
1004 median: 0.81IQR: 0.86 median: 0.69 IQR: 0.89 median: 0.77 IQR: 1.03 median: 1.51QR: 1.58 median: 0.67 IQR: 0.64 median: 0.65 IQR: 0.68
p: 6.3e-70 p: 7.5e-112 p: 1.8e-161 p: 19e-56 p: 2.6e-29 p: 6.9e-42

HNSC
LUAD
UCEC

E UCEC

;

MEK1_pS2175221 MTOR NFKBP65_pS536 RICTOR pT1135 S6_pS2355236 S6_pS2405244
YB1_pS102 RAPTOR* TUBERIN_pT1462 TUBERIN_pT1462* YB1_pS102 YB1_pS102

1004 median: 0.68 IQR: 0.77 median: 1IQR: 1.25 median: 0.98 IQR: 1.04 median: 0.68 IQR: 0.7 median: 1.04 IQR: 1.09 median: 0.67 IQR: 0.72
P 3.1e-56 p: 280120 P 7.1e-48 p: 9.6e-93 p: 2.0e-67
7s 3
L -
5.0 2
g B8R H
23 8

.
bl

Cancer

» Generally consistent with existing knowledge, e.g. highlights
mTOR pathway; correlates with entries in the reactome
knowledgebase (https://reactome.org/).

» Provides cancer-specific (or even instance-specific) view of
protein influences.
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Beyond ‘Classical’ Explainable Al

LCK MAPK_pT202Y204 MAPK_pT202Y204
SYK* MEK1_pS2178221* SRC_pY527*
median: 1.5 IQR: 1.58 median: 0.67 IQR: 0.64
p: 1.9e-56 p: 2.6e-29

median: 0.77 IQR: 1.03
p: 1.8e-161

zoomed in

explanation

Adapted from Ebert-Uphoff et al. 2020

Current explainable Al already
provides single-instance nonlinear
explanation capabilities that exceed
by far classical statistical measures
such as correlation.

There is a potential demand for
even more detailed explanations
(e.g. joint features contributions, or
latent concepts underlying features
contributions).
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Part 2: Towards Higher-Order Explainable Al

T Schnake, O Eberle, J Lederer, S Nakajima, K T. Schiitt, KR Miiller, G Montavon
Higher-Order Explanations of Graph Neural Networks via Relevant Walks
IEEE TPAMI 44(11):7581-7596, 2022



XAI for Graphs (schnake et al. 2022)

input graph A

¢ ¢ GNN

H —®—>H — ©—H, —D>—

interaction interaction readout

Observation:

» Input of a GNN is not at layer one, but occurs (multiplicatively) at each layer.
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Limits of ‘Classical’ Attributions

6 4 1 2
Function ‘ ‘ ‘ bt ‘ ‘ ‘
evaluation: f(w) = 1 - T2 + I3
6
3
'Classical’ i ?7 1 2
attribution:
better modeled
as the joint
6 contribution of
the two variables.
P 4 5 Choice between first-order and higher-
Higher-order . .
o= order is determined by the model
attribution:

rather than by the user.
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XAI for Graphs (schnake et al. 2022)

GNN prediction (simplified):

hj = p( 2, Lidijw)) (layer 1)
hi = p( 32, hjljrwy) (layer 2)
=kl (layer 3)

Our approach: computing R;j;, iteratively:

Rjr =&y, Aj) (step 1)
Riji = E(Rj, Aij) (step 2)
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XAI for Graphs (schnake et al. 2022)

GNN prediction (simplified):

hj = p( 2, Lidijw)) (layer 1)
hi = p( 32, hjljrwy) (layer 2)
= hk (layer 3)

Our approach: computing R;j;, iteratively:

Rjr =&y, Aj)
Rijir = E(Rjk, Nij)

(step 1)
(step 2)

Property: For p linear, the iterative attribution
produces the same result as identifying the sum-
mands in the expanded form:

= E A,;jAjkli’UJjwk
o ——
ijk Rijk
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XAl for Graphs (Schnake et al. 2022)

aggregate combine
1. forward pass T 1o 1 2. relevance propagation
b
- T Rk
b
’ L O
Model Aggregate Combine GNN-LRP Rule
R M, b 11
GCN [36] Z,=AH,_, H, = p(Z,W)) JKL... = ZI)W UKL.. (11)
o Aichy b a
GIN [44] Z = AH,_, Ho= MLPO(Zx)x  Rixe. = Tose G LRP(Rly . #) (12)
" MG o ;
Spectral [43], [45] (case A > 0)  Zo, = AH,_, H, = p(X, Zo W) Rigr. = Dos~ S50 Rl (13)
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XAI for Graphs (schnake et al. 2022)

GNN-LRP at work:

input graph A

¢ ¢ GNN

H —@®—>H;, —>©®—>H, —>]>—>

interaction interaction readout

N im‘rr?' QL e
| : I : T - GNN-LRP
<-’-:\.) A : TN, : - . :
../,/ \f ., H /\ :
explanation

Note:
» In vanilla form, GNN-LRP requires an LRP pass for each walk in the graph (— expensive).

» Coarse-graining of the input graph can reduce computations.
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Evaluating Higher-Order Explanations (schnake et al. 2022)

activation task

Observation: F(A)

» XAl evaluation techniques such as ‘Pixel-Flipping’ require as ////

input a sequence of features (e.g. nodes) from most to least pUFC
relevant. However, Higher-Order XAl attributes to joint 0

features. ; ' g : y
SRR =
Ildea:

» From the given explanation, generalize relevance scores to subset of features S:

Rs = R; (first-order XAl) Rs= Y_ Ry (higher-order XAl)
ies (ijk)CS

» Ask the explanation to produce an optimal sequence of nodes:

Q = argmax { zd: Rgi}

S1CCSa Vi

» Finding Q is intractable = approximate it with greedy feature selection or randomization.
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Evaluating Higher-Order Explanations (schnake et al. 2022)

Pope et al. [23]
(GI/LRP)

N

Results:

» GNN-LRP achieves better performance than first-order explanations (LRP and GNNExpl).
» GNN-LRP is more robust than its simpler gradient-based counter part GNN-GI.

GNN-GI

GNN-LRP

GNNEXxpl-
ainer [25]

.

activation task

1)

//// e ? <)
AUFC = 3 < )
7222 |8 Bls &=
e 208 J g &
T = Z. Z. Z ke
S & 2z z 4 5
rexE o 2|6 6 o &
BA-growth, GCN 254 3.02 | 293 3.52 3.32 1.05
BA-growth, GIN 275 349 | 3.04 3.84 3.71 118
BA-growth, spectral | 029 191 | 023 185 1.65  0.09
SST, GCN 26.07 26.35 | 2640 26.65 | 27.07 20.47
SchNet-E [37] 10.39 10.47 1041  8.00
SchNet-. [37] 0.87 1.09 1.01 038
VGG-16 [49] | 946 1318|1203 14.04| — 7.90
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Use Case: XAl for Quantum Chemistry

Decomposing molecular
properties (predicted via a
GNN) in terms of atom
interactions of different
order.

Challenges:

0-edge
walks

» Larger explanations — more difficult to comprehend for a human.

» General comment about XAl: Need to make a distinction between the strategy employed
by the model to predict (dataset-specific) and the underlying physics (general).
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Part 3: Towards Disentangled Explanations

P Chormai, J Herrmann, KR Miiller, G Montavon
Disentangled Explanations of Neural Network Predictions by Finding Relevant Subspaces
arXiv:2212.14855, 2022



Limits of ‘Classical’ Explanations

=
T

) Observation:

> Several concepts (ball, player, etc.) are
entangled in the same explanation.
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Limits of ‘Classical’ Explanations

Observation:

> Several concepts (ball, player, etc.) are
entangled in the same explanation.

Question:

» Can we disentangle explanations into
multiple distinct concepts so that they
become more actionable?

prediction
(e.g. rectangle)

disentangled/relevant

explanation
subspaces
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Disentangled Explanations (chormai et al. 2022)

Forward pass:

(input to subspaces)

(subspaces to output)

€T +— (hk)k
(hi)k =y
Standard explanation

Disentangled explanation (ours):

(step 1)
(step 2)

Ri = E(Ry, x;)
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Extracting Relevant Subspaces (Chormai et al. 2022)

Notation:
a Vector of activations a hy, @
R Vector of activation relevances T o @ U ’
c Vector such that R=a ® ¢ ' F @ b
Matrices that project activations — : -y
(Uk)k . v
to orthogonal subspaces.) x
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Extracting Relevant Subspaces (Chormai et al. 2022)

Notation:
a Vector of activations
R Vector of activation relevances
c Vector such that R=a ® ¢
(U4) Matrices that project activations
Rk | to orthogonal subspaces.)
Key findings:

1. For a variety of methods (e.g. integrated
gradients, LRP), the relevance score for
subspace k can be expressed as:

Ry, = (U a)" (U ¢)

2. We can find subspaces that directly
maximize some statistic of Ry.

hy,

a a
finding
relevant

Uy, @ Uy
L@ .
subspaces Ry,

[

. EH =Y

[T

™S

disentanglement
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Two Proposed Analyses (Chormai et al. 2022)

Principal Relevant Component Analysis (PRCA)

R
—_—
maximize : Tr(U' E[ac"]U)
U ——
Za/(_'

If setting ¢ < a, PRCA reduces to (uncentered) PCA.
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Two Proposed Analyses (Chormai et al. 2022)

Principal Relevant Component Analysis (PRCA)

R
—_—
maximize : Tr(U' E[ac"]U)
U ——
Za/(_'

If setting ¢ < a, PRCA reduces to (uncentered) PCA.

Disentangled Relevant Subspace Analysis (DRSA)

Ryn

—_—
mz%ir)nize : MYPME{ (U an) T (U] €n) )+}
k)k

If setting ¢ +— a DRSA reduces to ‘DSA’".
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Two Proposed Analyses (Chormai et al. 2022)

Principal Relevant Component Analysis (PRCA)

R
—_—
maximize : Tr(U' E[ac"]U)
U ——
Eac

If setting ¢ < a, PRCA reduces to (uncentered) PCA.

Disentangled Relevant Subspace Analysis (DRSA)

Rgn
—_—
mz%ir)nize : MYPME{ (U an) T (U] €n) )+}
k)k

If setting ¢ +— a DRSA reduces to ‘DSA’".

Dimension 2

Dimension 1
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Two Proposed Analyses (Chormai et al. 2022)

Principal Relevant Component Analysis (PRCA)

R
—_—
maximize : Tr(U' E[ac"]U)
U ——
Eac

If setting ¢ < a, PRCA reduces to (uncentered) PCA.

Dimension 2

Disentangled Relevant Subspace Analysis (DRSA)

Rgn

/_/_
mz%ir)nize : MYPME{ (U an) T (U] €n) )+}
k)k

If setting ¢ +— a DRSA reduces to ‘DSA’".

Dimension 1

Unlike PCA/ICA/DSA/..., our analyses focus on components
that are relevant for the prediction.
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PRCA/DRSA

in Practice (Chormai et al. 2022)

Image PRCA DRSA
Component 1 Residue Subspace 1 2 3 4
3% o7 'l“. .
2 AL ~ -~ b @ A
Ayt N 4
s r ’ S S
\ \ | P
3 5
o~ .
G -
)
&) §
~J X" 4 N s /)
AR \J = N
K f< - - A
) ~
. e’} o il
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PRCA vs. Baselines (Chormai et al. 2022)

45 VGG16-TV at Conv4_3 with LRP

—— PRCA (Ours)
—+— Most Relevant FMs
S —— PCA
g 30 —s— Random Subspace
Q15
£ E[3RI
[ [ i
0
0 128 256 384 512
Subspace Dimensions (d’)
a a
E 2 g |Ez 323
2 & 2 & - & i) e
88 8% £33 | 85 B8
PRCA  extracts much more R T N S
strongly contributing subspaces Total (¥, Ry, 1) | 1147 1035 657 | 1723 1659
H Random Subspace 0.02 0.00 0.01 0.02 0.02
than baselme methods. Most Relevant FM [22]* 0.97 0.87 0.30 1.12 0.91
PCA 1.81 2.69 -2.22 21.81 18.98
PRCA (Ours) 13.63 13.72 11.29 44.76 42.12
Error bars (max) +0.66 +061 +058 | 178 =+ 140
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DRSA vs. Baselines (Chormai et al. 2022)

Question: are the components of the explanation spatially disentangled?

NJ
(%N

S

a:} ’.-*7

Separability score:

Ry maxy R

arg max Ry,

separability:

e 2 g |Ez %3
gy g% 2% | gf g2
o= 85 £5 | 85 8&
>+ >+ Z + >+ >+
Separability
Random Subspace 1.00 1.00 1.00 1.00 1.00
NetDissect [46] 1.84 1.94 — — —
DSA 2.27 2.25 8.52 1.10 1.05
DRSA (Ours) 3.28 3.03 14.40 1.78 1.63
Error bars (max) +0.17 £015 +£089 | £007 =+ 0.07
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Use Case: Detecting and Removing Clever Hanses

Current approaches:

» Artifact models built from
preliminarily detected
Clever Hans instances.

Our approach:

1. Observe that Clever Hans
strategies readily occur in

distincts components of
DRSA.

2. ldentify these
components, and remove
their contribution from
the overall prediction.

Carton Training Samples with Their Standard and DRSA Subspace Heatmaps

Standard Heatmap s s s s
g >
s
4 ]
SR=1837 3R=1716 3R,=0.40 2R=211 3R=-129
y. { >
1 4 LN e
\ - B B .
SR=1593 SR=979 SRi=-197 SRi=-141 3R=9.53
p
&
3R=1166 SR =1156 SR =148 SR =294 3R,= -1031
Comparison of Accuracy on Poisoned Data
Poisoning Level 25%

Original Model

Refined Model by |

Excluding S1

Accuracy on Poisoned Data:76.4%

+3.6%

B3 o 3 T
Accuracy Difference (%)

X

Refined Model Clever Hans
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Use Case: Exploring Visual Relations between Classes

Standard

Image Heatmap DRSA S:’I 53,3 5:4 S;S S:S S:7 S:8
£ - : R z : :
A S 5 : : . i : : :

o admiral 5 BN — T+ L. Y
= ringlet . R : : z 5 : : :
4+ monarch 5 I : : ; - : : :
<« cabbage 4 k : : : : :
v sulphur 385 T : : : : :

i € o o —]1+—{+ W 7 S
» lycaenid 2 § ¥ - - - il -
1 k : : : : :
0 : : : : : :
\;;’ : : : : : :
= T +—TF+—1TF+—1H s

» Certain visual concepts are shared between classes (e.g. dotted pattern of ‘admiral’ and
‘monarch’ butterflies).

» This can be analyzed dataset-wide in a scatter plot (left).
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Summary

» Explanations should not only be faithful /understandable; they should also be informative
& actionable by the user.

» This can be achieved by:
o Ensuring the explanation reflects the use of higher-order feature interactions by the
model (e.g. GNN-LRP).
o Resolving the latent concepts attached to each feature contribution in order to
produce a disentangled explanation (e.g. using PRCA / DRSA).

» Both approaches (higher-order & disentangled XAl) are not mutually exclusive. They
could be combined in future work.
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Check our review paper on XAl

» W Samek, G Montavon, S Lapuschkin, C Anders, KR Miiller
Explaining Deep Neural Networks and Beyond: A Review of Methods and Applications
Proceedings of the IEEE, 109(3):247-278, 2021
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Visit our website

|
g iy <

.heatapping.org

» Code/demos for our XAl methods
» Full list of papers
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