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= Current state-of-the-art methods are not always able to detect causal single nucleotide polymorphisms (SNPs) in GWAS Data due to high correlation between SNPs.
= Saliency of Neural Networks (NN) correctly ranks signal features. However, when true number of signals is unknown, saliency is not able to distinguish signal from noise.
= Our method "local sample-weighting NN” (losawNN) increases the separation between signal and noise features in saliency maps, simplifying choosing a cutoff.

Causal SNPs in GWAS Data

= Genome-Wide Association Studies
(GWAS) identify genetic variants
assoclated with traits by computing
D-values from univariate linear
regression models.

- High SNP-to-SNP correlations (e.g., due
to Linkage Disequilibrium) and the high T T T e e T e e e e e e
d|meﬂ5|0nal|t\{ of data make identifying Figure 1. Manhattan plot of the results from the
causal SNPs difficult. GWAS meta-analysis of ADHD.[1]

FineMapping on Correlated Features

= SUSIE [4] is a state-of-the-art FineMapping
approach to pinpoint probable causal variants in
GWAS.

- VWhen multiple signals are correlated to a single
noise feature, SUSIE fails to differentiate
between signal and correlated noise features.

= SUSIE should detect feature 1 and 3 as the only
signal features with same probability.

« Correlated noise feature O Is identified as a
signal feature with the same probability as true 'y = f(z) + ¢ = 1 + 23 + ¢,
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Figure 2. Feature importance of linear response
model on correlated features with SuSIE.
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FineMapping is not able to distinguish signal from
noise SNPs in this setting.

Saliency in low-dimensional scenario

= Saliency accurately identifies signal features in
both correlated and independent settings across i estre = i eatre
various response types in a scenario with 5
features.

= The presence of correlation inflates the feature
Importance scores of non-signal features that

are correlated with true signal features. lLl

« In the locally spiky sparse (LSS) response model = = =~ "
with interactions, saliency scores fail to provide
a clear threshold for distinguishing signal
features from noise.
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Figure 3. 5 features and LSS response on
correlated (left) and independent data (right).

Saliency: Gradient-based Feature Importance of NN

Saliency [3] is a local, gradient-based feature attribution method for NN, which high-
lights how Iinput features influence prediction. To obtain a global feature importance,
the mean is taken over the sample scores.

Given a trained NN f . X — Y, feature importance of feature k € {0, ..., P} is given
by
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where |-|7*7 denotes Min-Max scaling values to [0, 1].

Using backpropagation, gradients are fast to compute, but they are not always well-
defined when non-differential activation functions are used.

Hidden layer ! — 1 Output layer [

wl—l wl

:El—Q Z1—1 . gl—l xl—l Zl id wl
/ | /

bl—l wl—lxl—Q 4 bl—l bl

» For example, the RelLU activation function g(x) = max{0, 2} is not differentiable in
x = 0.

» When the activation of sample xq is zero in layer (I — 1), backpropagation breaks:
of | 0:7'0g"! 07 9id)  927'9g!™!
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Vanilla Saliency approximates gradients using % — % - 1(x > 0).

Local sample-weighting Neural Network by saliency

of mini-batch gradient descent (GD).

ldea: Use inverse probability weighting [2] on samples to locally decorre-
late covariates from current most important feature in each training step
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Mini-Batch

Compute saliency scores of features based on current

04-l T Draw one feature based on multinomial distribution
TR across features with probabilities proportional to the
c l saliency scores.
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Draw a mini-batch with probabilities proportional to
| weights of samples.

Importance metric.

Model Agnostic: Apply the locally decorrelated mini-batch approach to
any learner, that can be retrained on new batches of data with any feature

Results:losawNN by saliency

= Accurate identification of signal features by
the losawNN method even under correlation,
which is robust across all tested response
types.

- Enhanced separation of signal and noise is
obtained by losawNN. The margin between
the mean importance scores of signal and
noise features is amplified, leading to clearer
separation in feature rankings.

= Impact of correlation is mitigated by reducing
confounding influences on each mini-batch in
training.

= More reliable inference about causal SNPs
through improved clarity in feature selection.

Saliency Method Reweighted Mini-Batch Gradient
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Figure 4. 3000 features and linear response
with saliency (left) and decorrelated mini-batch
(right).
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Figure 5. 3000 features and LSS response without Figure 6. 3000 features and LSS response with interaction
interactions with saliency (left) and decorrelated with saliency (left) and decorrelated mini-batch (right).

mini-batch (right).

Methods: Simulation Setup

= We specify a 5 x 5 correlation matrix to define the joint distribution of each block
of 5 SNP features, where X;. € {0, 1,2} indicating the number of allele copies of

X;..
= \We repeat this block ”{;‘“ fimes to reach the desi
nobs Per block and concatenating the results, see

red number of features, sampling
block-matrix X below.

= Two settings are tested with (7 feat, ops) € (5, 1000), (3000, 50000) }.

= Independent data was generated by independen

tly drawing samples from C{0, 2}.

= The set S defines the causal features and \S; defines the set of interacting features
per interaction 7 (e.g., S = {1, 3, 458, 451, 1000, 1600, 2068, 2069, 2071, 2073 }).

Response model f(X) Y -

i
_inear Response > ees Xs f(X)+e¢ o .
| SS Response w/o interaction D s LXs>2)  f(X)+e¢ N |
| SS Response w/ interactions ZL [l1es 1(Xi > 1) f(X) +€ 0

= Fixed NN-architecture is used across all experim

= Each setup is repeated over 100 trials, using a di
the same block structure.
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