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Graph learning exploits connectivity for tasks involving complex data
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Graph learning exploits connectivity for tasks involving complex data

Graph G with
node features X = [x1,...,xxy]
and node labels y € {0, 1}V
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Graph learning exploits connectivity for tasks involving complex data

Graph G with
node features X = [x1,...,xxy]
and observed labels yirain

Goal: Predict unseen labels yiest from
graph ¢ and node features X

Model f with
learnable parameters ®
Input Output
A7 X> Ytrain GNN f(X, A, @) Ytest

Approach: Optimize parameters © of GNN f
to predict labels from graph data



Real-world networks are growing increasingly large

Classify individuals
from social network

Li et al., “Birds of a feather rumor
together? Exploring homogeneity and
conversation structure in social media

for rumor detection”, IEEE Access 2020

nav@rice.edu

Assess nodes in heterogeneous
or knowledge graphs

Cenikj et al., “From language models
to large-scale food and biomedical
knowledge graphs”, Sci Rep 2023

Identify regions
of neural activity

Chu et al., “Function-specific and
enhanced brain structural connectivity
mapping via joint modeling of diffusion
and functional MRI”, Sci Rep 2018



Feature selection reduces complexity by eliminating unnecessary variables for training

Publisher under fire after ‘fake’
citations found in Al ethics guide

A book published by Springer Nature includes dozens of 494-
questionable citations, including references to journals that o
X2 do not exist . oqe
X1 ICE’s Facial Recognition App
Misidentified a Woman. Twice
X3 {E) JOSEPH COX - JAN 19, 2026 AT 9:28 AWl
JUNONEWS
CRA billed taxpayers over $18 million for Al
chatbot that spouted inaccurate info 1 b . . h.
The Canada Revenue Agency blew nearly $20 million of taxpayer money on an “Al UI( report revea S laS Wlt ln
chatbot that repeatedly gave out the wrong information to Canadians trying to file . .
Xs e s medical tools and devices
X4 Experts say action needed as report finds minority ethnic
people, women and those from deprived backgrounds at
risk of poorer healthcare

As machine learning advances,
interpretability plummets



Feature selection reduces complexity by eliminating unnecessary variables for training

Features measured

X X2 for each node
X3
Feature 1
Feature 2
Feature 3
X5
X4 Feature 4




Feature selection reduces complexity by eliminating unnecessary variables for training

Features measured
X2 I for predicting income

Age

Education
Self-employed

Native country




Feature selection reduces complexity by eliminating unnecessary variables for training

Features measured
for predicting income

Age

Education Select a subset
of features based
on relevance
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Feature selection reduces complexity by eliminating unnecessary variables for training

X1 l . Interpretability: Identify which features exploited

=0

Economy: Eliminate unnecessary or harmful variables

DX4

Rigor: Many well-established statistical methods

How is feature importance affected by underlying graph connections?



Node feature selection requires accounting for graph structure

Homophilic node features Heterophilic node features Homophilic node features
with high within-class variance

How is feature importance affected by underlying graph connections?

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin

Citation networks

Graphs with homophilic
labels and features
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Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
L ) L )
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Citation networks University social networks
Graphs with homophilic Graphs with heterophilic
labels and features labels and features
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Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
L ) ) \ )
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Citation networks Co-purchase networks University social networks
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Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting

Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin

GNN(X, A; ©)

85.83+046 74.39+1.09 88.85+0.42 94.04+0.69 90.58+0.79 74.59+776  82.70+4.05 82.80+3.25

L ) ) \ )
T T T
Citation networks Co-purchase networks University social networks
Graphs with homophilic Graphs with homophilic Graphs with heterophilic
labels and features labels but some labels and features

heterophilic features
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Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin

GNN(X,A;®) | 85.83+046 74.39:1.09 88.85x042 | 94.04:069 90.58=+0.79 | 74.59+7.76 82.70x4.05 82.80:3.25

Perturb MLP(X; ®) 74.21+140 70.02+139 88.65:041 | 88.73=+0.73 81.63=x0.75 | 78.92+551 82.70:216 83.60:6.62
graph GNN(X,A;©) | 36.97+1.80 35.13+241 67.07:080 | 30.52:5.77 37.64:045 | 67.57:7.83 70.27:7.05 78.40+6.37

L ) \ ) \ )
T T T
Citation networks Co-purchase networks University social networks
Graphs with homophilic Graphs with homophilic Graphs with heterophilic
labels and features labels but some labels and features

heterophilic features

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
GNN(X,A;©®) | 85.83+046 74.39+1.09 88.85:042 | 94.04+069 90.58=0.79 | 74.59:776 82.70+4.05 82.80+3.25
Perturb MLP(X; ®) 74.21+140 70.02+1.39 88.65=+041 88.73+0.73 81.63=x0.75 | 78.92+551 82.70:2.16 83.60+6.62
graph { GNN(X,A;0O) | 36.97:180 35.13:241 67.07z080 | 30.52:577 37.64:045 | 67.57:7.83 70.2727.05 78.40:6.37
Perturb GNN(W,A;0) | 82.92+154 67.37+161 76.23+053 | 89.92+058 85.49+044 | 49.19+791 55.68:276 47.20+7.00
feamres{ GNN(X,A;®) | 76.53+1.12 63.34+144 47.42:325 | 66.76+858 51.09:884 | 43.78:895 52.97607 46.80:6.76
L L )
T T T

Citation networks

Graphs with homophilic
labels and features

Co-purchase networks

Graphs with homophilic
labels but some
heterophilic features

University social networks

Graphs with heterophilic
labels and features
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Node classification on real-world data reveals feature and structure relevance

How does node classification performance change under edge and feature perturbations?

Setting Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
GNN(X,A;®) | 85.83+046 74.39+1.09 88.85:042 | 94.04-069 90.58=0.79 | 74.59:776 82.70+4.05 82.80+3.25
Perturb MLP(X; ®) 74.21+140 70.02+1.39 88.65=+041 88.73+0.73 81.63=+0.75 | 78.92+551 82.70:2.16 83.60+6.62
graph { GNN(X,A;0O) | 36.97:180 35.13:241 67.07z080 | 30.52:577 37.64:045 | 67.57:7.83 70.27%7.05 78.40:6.37
Perturb GNN(W,A;0) | 82.92+154 67.37+161 76.23+053 | 89.92+058 85.49+044 | 49.19+791 55.68:276 47.20+7.00
feamres{ GNN(X,A;®) | 76.53+1.12 63.34+144 47.42:325 | 66.76+858 51.09:884 | 43.78:895 52.97607 46.80:6.76
L ) \ ) )

T T

Perturbations suggest how features

Citation networks

Graphs with homophilic
labels and features

Co-purchase networks

Graphs with homophilic
labels but some
heterophilic features

University social networks

Graphs with heterophilic
labels and features

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026

and graph jointly influence node-level predictions



We measure feature importance through permutation testing

S, (ijjf{(m)) — Acc(y7 f(X,A; @)) — ACC(yaf<X(m)vA3 @>) ]

Node features X Permuted features X (3)

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



We measure feature importance through permutation testing

S, <y,X,X(m)) — Acc (y, f(X,A; @)) — Acc (y, f(X(m)v A; @>) ]

X (m) a5 X with permuted feature m
Decouples feature m from remaining features and node labels y

Acc(y,Z) measures the accuracy of embeddings ¥y = g(Z) for classifier g

Node features X Permuted features X (3)
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We measure feature importance through permutation testing

S, (ijjf{(m)) — Acc(y7 f(X,A; @)) — ACC(yaf<X(m)vA3 @>) ]

X (m) a5 X with permuted feature m
Decouples feature m from remaining features and node labels y

Acc(y,Z) measures the accuracy of embeddings ¥y = g(Z) for classifier g

Node features X Permuted features X (3)

Change in accuracy approximates effect of feature on model performance

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



How do node feature permutations affect GNN performance?

Node labelsy  Node features X Adjacency matrix A Embeddings Z

GNN
f(X,A;0)

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



How do node feature permutations affect GNN performance?

Idealized
Node labelsy  node features X* Adjacency matrix A

GNN
f(X*,A;0)

A

( 1
X* = argmin ||U — X||%
U

s.t. Uz‘,: = Uj,:
v ’L,_] s.t. y; = Yj

Features identical
within class

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026
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How do node feature permutations affect GNN performance?

Idealized Idealized Idealized
Node labelsy  node features X* adjacency matrix A* embeddings Z*

GNN
f(X*,A%; ©)

A A
( 1 I 1
X* = argmin |[U — X||% A — {Az’j7 Yi = yj}
U t 07 Yi 7é y]
s.t. Ui,: = Uj,;

Vi, j sty =y No cross-class edges

Features identical
within class

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



How do node feature permutations affect GNN performance?

Performance of GCN in the absence of feature permutations

( )
Theorem For a GCN f(-,-; ®), the error between Z = f(X,A;0) and Z* = f(X*,A*;©) is
bounded by

\_ Y,

Node labelsy  Node features X Adjacency matrix A Embeddings Z
GNN
f(X,A;0)
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How do node feature permutations affect GNN performance?

Performance of GCN in the absence of feature permutations

4 )
Theorem For a GCN f(-,-; ®), the error between Z = f(X,A;0) and Z* = f(X*, A*;©) is

bounded by
Shule ﬂ{yz— i
1Z*~Z|r S (IHVN) A=A 21X p+> D> 0>

c=1 i=1 j=1 Ne

for labels y, number of nodes N, degree vector d = A1, and number of nodes NV, in class c.
. J

Aij
- . :(Z ._:< Y .
d?l _|_ 1 || 9o ]"H2

Node labelsy  Node features X Adjacency matrix A Embeddings Z

GNN
f(X,A;0)

GCN performance depends on label homophily and node feature similarity

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



How do node feature permutations affect GNN performance?

Performance of GCN with permuted features

Theorem For a GCN f(-, -; ©), the error between the embeddings Z = f(X, A; ©) for features X as
X with randomly permuted rows and the idealized embeddings Z* = f(X*, A*; ®) is bounded by

Permuted Perturbed _
Node labelsy  node features X 3) Adjacency matrix A embeddings Z

GNN
f(X®),A;0)

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



How do node feature permutations affect GNN performance?

Performance of GCN with permuted features

Theorem For a GCN f(-, -; ©), the error between the embeddings Z = f(X, A; ©) for features X as
X with randomly permuted rows and the idealized embeddings Z* = f(X*, A*; ®) is bounded by

¢ N N

12— Zlr SA+VN) A=A X]r+7 > > ) H{yz—yg}_

c=1 i=1 j=1 Ne
where 7= 25 (IX|% — 21X 1]3) + atMVN

with probability at least e~t"/4 for labels y, number of nodes N, degree vector d = A1, number of
nodes N. in class ¢, and o« = max,, e k.ee[N] (Xim — Xim)? .

Aij
d; +1

Permuted Perturbed _
Node labelsy  node features X 3) Adjacency matrix A embeddings Z

GNN
X®) A;0)

Error with permuted features depends on node feature variance and label homophily

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



Node permutation testing for feature selection while preserving performance

Method Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
All features 85.83+046 74.38+1.09 88.85+0.42 94.04+0.69 90.58+0.79 74.59+776 82.70x4.05 82.80+3.25
NPT 79.19+245 69.35+149 87.11x0.75 93.59+0.79 90.09 +0.51 69.73 +6.26 72.97+9.21 73.20+6.88
NPT-gaussian | 78.86+142 68.48+1.23 86.69+0.72 93.49+067 89.85+0.17 | 65.41+9.76 68.65+8.48 68.80+8.26
NPT-mask 76.05+1.08 68.12+1.69 86.11=+0.82 93.48+0.59 89.94 +0.22 63.24 +439 64.86+5.14 72.40+7.31
TFI 72.73+5.47 65.77+2.04 83.80x0.92 93.02+0.68 90.09 +0.23 61.62+713 61.08+4.39 52.40+3.44

MI 66.83+3.68 63.79+1.02 85.96+1.00 93.56+0.61  90.33 +0.32 63.78 +5.82 65.41+733 69.60+5.99
Ratir 39.96+1.00 22.59+1.01 78.85+0.21 93.53+046 90.09 +0.46 55.14 +5.01 58.38+5.01 45.606.62
hEue 32.77+166 22.62+1.03 74.37+0.60 93.59+050 89.19=+0.51 52.43+4.05 57.30+3.15 44.00+7.48
hGE 31.44+135 22.47+x1.01 70.52=+055 93.41 x0.46 89.24 +0.25 52.43 +4.05 57.30+3.15 44.00:7.48
Random 39.76+1.22  34.39+4.07 70.71+1.08 91.99+0.49 88.27 +0.26 56.65+4.69 58.49+3.23 57.04+4.49
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Node permutation testing for feature selection while preserving performance

Method Cora CiteSeer PubMed Photo Computers Cornell Texas Wisconsin
All features 85.83+046 74.38+1.09 88.85+0.42 94.04+069 90.58+0.79 74.59+776 82.70x4.05 82.80+3.25
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NPT-gaussian | 78.86+142 68.48+1.23 86.69+0.72 93.49+067 89.85+0.17 | 65.41+9.76 68.65+8.48 68.80:+8.26
NPT-mask 76.05+1.08 68.12+169 86.11=x0.82 93.48+0.59 89.94 +0.22 63.24 +439 64.86+5.14 72.40+7.31
TFI 72.73+5.47 65.77+204 83.80x0.92 93.02+0.68 90.09 +0.23 61.62+713 61.08+4.39 52.40+3.44

MI 66.83+3.68 63.79+1.02 85.96+1.00 93.56+0.61 90.33 +0.32 63.78 +5.82 65.41+733 69.60+5.99
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Random 39.76+1.22 34.39+4.07 70.71+1.08 91.99+0.49 88.27+0.26 56.65+4.69 58.49+3.23 57.04+4.49

Permutation-based feature selection adapts to task competitively with or superior to other metrics



We propose adaptive node feature selection via permutation testing during GNN training

Update © <+ O — A\VeL(Ytrain, f(f(, A; ®))with pruned features X



We propose adaptive node feature selection via permutation testing during GNN training
Measure feature importance 9o,,

every T epochs

Update © < O — A\VeL(Ytrain, f (X, A; ®)) with pruned features X
Every T epochs:
Measure 0,, foreverym=1,..., M

Update X by pruning features with §,, below r-quantile §(")

Periodically evaluate feature importance and eliminate unnecessary features

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



We propose adaptive node feature selection via permutation testing during GNN training

Measure feature importance 9,,
every T epochs

Update © < O — A\VeL(Ytrain, f (X, A; ®))with pruned features X
Every T epochs:
Measure §,, foreverym=1,..., M

Update X by pruning features with §,, below r-quantile §(")

Adapt feature importance to learning task without graph data assumptions
No restrictions on model architecture

Flexible to any feature importance score with prior information

Periodically evaluate feature importance and eliminate unnecessary features

Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026



Node permutation testing for feature selection while preserving performance

100
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80 1 | ‘ Pl —
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Permutation-based feature importance maintains highest GCN accuracy as features are eliminated
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Relative feature importance is identified quickly during GNN training

Cora PubMed

High 0,,, High 9,,

A A

v v
Low 0, Low 0,

01 2 3 4 5 6 7 01 2 3 4 5 6 7
Checkpoint Checkpoint
(every 50 epochs) (every 50 epochs)

Feature importance sufficiently informative for adaptive node feature selection

nav@rice.edu
Navarro et al., “Adaptive node feature selection for graph neural networks”, ICML 2026
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Adaptive learning can reduce GNN complexity while preserving performance

Node feature selection: Permutation-based scores for feature selection during training

Exploited well-established statistical metric
Theoretically showed that permutations return info unique to GNNSs

Empirically found our approach rivals other, data-specific metrics, regardless of dataset



Adaptive learning can reduce GNN complexity while preserving performance

Node feature selection: Permutation-based scores for feature selection during training

Exploited well-established statistical metric
Theoretically showed that permutations return info unique to GNNSs

Empirically found our approach rivals other, data-specific metrics, regardless of dataset

Future directions

Feature selection for link prediction and graph classificationc
Analysis of conditional permutation tests to account for complex collinearities

Graph-specific perturbations and feature importance metrics



