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Abstract

Graph neural networks (GNNs) have shown promise in inte-
grating protein—protein interaction (PPI) networks for iden-
tifying cancer genes in recent studies. However, due to the
insufficient modeling of the biological information in PPI net-
works, more faithfully depiction of complex protein interaction
patterns for cancer genes within the graph structure remains
largely unexplored. This study takes a pioneering step toward
bridging biological anomalies in protein interactions caused
by cancer genes to statistical graph anomaly. We find a unique
graph anomaly exhibited by cancer genes, namely weight het-
erogeneity, which manifests as significantly higher variance
in edge weights of cancer gene nodes within the graph. Ad-
ditionally, from the spectral perspective, we demonstrate that
the weight heterogeneity could lead to the “flattening out” of
spectral energy, with a concentration towards the extremes
of the spectrum. Building on these insights, we propose the
HIlerarchical-Perspective Graph Neural Network (HIPGNN)
that not only determines spectral energy distribution variations
on the spectral perspective, but also perceives detailed protein
interaction context on the spatial perspective. Extensive exper-
iments are conducted on two reprocessed datasets STRINGdb
and CPDB, and the experimental results demonstrate the supe-
riority of HIPGNN.

Code and Data — https://github.com/zyl1199710/HIPGNN
Extended version — https://arxiv.org/abs/2412.17240

Introduction

Identifying cancer genes is a crucial endeavor in both re-
search and clinical practice (Beroukhim et al. 2010; Martinez-
Jiménez et al. 2020; Bailey et al. 2018). Cancer genes are
closely related with protein interactions (Leiserson et al.
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2015), motivating solutions that integrate the protein—protein
interaction (PPI) network for efficient identification (Yang
et al. 2021; Levi, Elkon, and Shamir 2021; Chitra, Park, and
Raphael 2022; Yang et al. 2023; Wang et al. 2024, 2023).
Such approaches exploit, for example, multi-omics data and
protein interaction information to extract and derive features
that distinguish cancer genes.

The aggregation capabilities of graph neural networks
(GNNs) (Wu et al. 2020) have led to notable success in meth-
ods for cancer gene identification, based on graph convolu-
tional networks (Schulte-Sasse et al. 2021), Chebyshev graph
convolutional works (Peng et al. 2022) and masked graph
autoencoders (Cui et al. 2023). However, these methods only
use the PPI network to update the node features by referring
to neighbor representations, which do not model the com-
plete biological information within the network. Therefore
there exists a gap: more faithfully depicting complex protein
interaction patterns within the graph structure.

Our motivation is as follows: cancer genes induce sig-
nificant biological anomalies in protein interactions, such
as mutations, changes in expression levels, or alterations in
protein modifications, as illustrated in Figure 1 (a). These
biological anomalies can be interpreted as graph anomalies
in the PPI network, as shown in Figure 1 (b). By identifying
and analyzing these graph anomalies, we aim to develop a
more comprehensive understanding of cancer gene behavior
on PPI networks for cancer gene identification.

Based on this vision, our statistical experiments in this
paper reveal a distinctive graph anomaly of cancer in the PPI
network, which we term weight heterogeneity. As shown in
Figure 1 (c), we compute the variance distribution of all edge
weights (protein interaction confidence) for each node in a
widely used PPI dataset, STRINGdb. It reveals that cancer
genes exhibit greater weight variance compared to non-cancer
genes.

Additionally, from the spectral perspective, we demon-
strate that weight heterogeneity leads to the “flattening out”
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Figure 1: Overview of our motivation. (a) Cancer genes induce significant biological anomalies in protein interactions. (b) We
interpret these anomalies as graph anomaly in the PPI network. (c) Then, we calculate the variance distribution of the edge
weights for each gene and investigate the weight heterogeneity of cancer genes from the spatial perspective. (d) Furthermore, we
compute and compare the spectral energy distribution with and without weight heterogeneity in cancer nodes and explore the
“flattening out” of spectral energy from the spectral perspective. We remove the weight heterogeneity of all cancer gene nodes by

setting their edge weights to 0.5.

of the spectral energy, theoretically and experimentally. Fig-
ure 1 (d) illustrates the spectral energy distribution with and
without weight heterogeneity in cancer nodes using the graph
Fourier transform of node attributes. The spectral energy
of the original graph (with weight heterogeneity) tends to
concentrate more towards the extremes of the spectrum. We
describe this phenomenon as the “flattening out” of spectral
energy and provide rigorous proof through theoretical analy-
sis. To further illustrate this phenomenon, we also validate
it on two synthetic graphs. Based on the above observations,
we recognize that both spatial and spectral perspectives offer
information about graph anomaly of cancer. This motivates
us to design a cancer gene identification model that integrates
both perspectives.

Therefore, we propose an innovative Hlerarchical-
Perspective Graph Neural Network, termed HIPGNN, to
identify cancer genes on the PPI network. HIPGNN can
not only discern spectral energy distribution variations to
tackle the “flattening out” on the spectral perspective, but
also perceive detailed protein interaction context for handling
weight heterogeneity on the spatial perspective. Specifically,
after obtaining the Laplace matrix eigenvalues, we encode
the position and proximity of the eigenvalues to integrate
the spectral energy distribution information. Following this,
we design the proximity-aware spectral graph representation
using spectral eigenvalue encoding to update node repre-
sentations. Finally, we decode the spatial context for node
representation by perceiving protein interaction information.

Building on previous works (Schulte-Sasse et al. 2021; Cui
et al. 2023), we reprocessed two datasets, STRINGdb and
CPDB, which contain real-world PPIs and cancer gene data,
to extract more comprehensive protein interaction informa-
tion. Extensive experiments on these datasets demonstrate the
superior performance of the proposed HIPGNN compared to
state-of-the-art methods.
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Preliminaries
Theoretical Analysis
we first provide several necessary definitions and notation.

Weighted graph We define a weighted graph as G,
{V,E, W, X, Y}, where v; € V represents the node and
N = |V|. The node features and labels are denoted as z; € X
and y; € ), respectively. The edge e;; € £ connects nodes
v; and v;, and w;; € W is the edge weight of e;;. Let A
be the corresponding adjacency matrix, where A;; = w;;
if there exists a weighted edge. It is worth mentioning that
all graphs studied in this paper are undirected graphs, i.e.,
Aij = AJZ

Unweighted graph An unweighted graph G,

{V, &, X, YV} is defined similarly to a weighted graph, ex-
cept that in its adjacency matrix A, A;; = 1 if there exists an
edge.

Given the weight heterogeneity exhibited by cancer genes
on the PPI network, we model this phenomenon using
a random weighted graph (Khorunzhy, Shcherbina, and
Vengerovsky 2004; Ding and Jiang 2010). Specifically, for an
unweighted graph G, we define a set of variables {w;;; 1 <
1 < j < N} that are independently and identically Gaussian
distributed, while assigning the same weight to the symmet-
ric edge weights, making G a weighted graph. For all 4, j,
wi; = wj;, E(w;;) = p, and Var(w;;) = o2. Based on
this, we use o2 to measure the degree of weight heterogene-
ity. Holding y constant, we argue that the larger the o2, the
higher the weight heterogeneity on the graph.

On the weighted graph G, let D be the diagonal degree
matrix. The Laplacian matrix L is defined L = D — A (reg-
ular) or L = I — D~Y/2AD~'/2 (normalized), where I is
the identity matrix. L is a symmetric matrix with eigenvalues
0 =X <X <--- < Ay and a corresponding orthonor-
mal basis of eigenvectors U = (uy,ug, - ,uy). Assume
that x = (1,22, -+ ,xy) is a random signal whose graph
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Figure 2: The distributions of spectral energy and cumulative energy on two synthetic graphs: Barabasi—Albert (BA) graph and
Erd6s—Rényi (ER) graph. We measure the effect of weight heterogeneity with different weight variances o2. Red solid line
means o2 = 0.09, orange dashed line means ¢ = 0.03, and blue dotted line means o2 = 0.

Fourier transform is # = Uz = (21,89, --- ,2x). The
spectral energy distribution at Ay is denoted as fi(z, L) =
i/ Zf\il #2. We summarize the following finding from the
theory: The weight heterogeneity observed among cancer
genes results in “flattening out” of spectral energy, which
means that spectral energy is elevated at extremes and low-
ered in the middle.

To verify the finding theoretically, we first provide some
definitions of the spectral energy distribution:

Definition 1. Expectation of spectral energy. For A\ €

A1, A2, -, AN, we define the expectation of the spectral
energy on \ as: \
Ex(f(z,L)) = M
Yo, &

And Definition 1 can also be converted into the form of
Rayleigh quotient (Dong, Zhang, and Wang 2023; Gao et al.

2023):
) Zk 1 )\k T Lz
Bafe 1) = AL ST
f=1 L
_ }Zf,vj:l(xj\if —2y)*wi @
2 > i1 xf

Equation (2) bridges the energy distribution in the spec-
tral domain with the smoothness of the signal on the graph
structure in the spatial domain. It can be seen that if the
signal is less smooth, the spectral energy moves to higher
points. Further, we define the variance of the spectral energy
distribution.

Definition 2. Variance of spectral energy. For A\ €

A1, A2, -+, AN, The variance of spectral energy on \ is de-
fined as: N 9
)\2 A 22
Vans /(o 1) = Sz Mok (Z’“;& ’ff’“)
Zk:l > k=11,

A larger variance indicates that the spectral energy dis-
perses more to both sides of the spectrum. Up to this point,
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we will now state how the weight heterogeneity on the graph
structure affects the variance of spectral energy.

Proposition 3. Give L D — A and {w;
N(p,o%),wi; = wil < i < j < N}, the expec-
tation of variance of spectral energy with respect to w,
E., (Var(f(z, L))), monotonically increases with the vari-
ance of edge weights o*.

~

The details of the proof process we put in the technical
appendix. Proposition 3 illustrates that a larger variance in
the edge weights (weight heterogeneity) on the graph leads to
a broader dispersion (“flattening out”) of the spectral energy.
Intuitively, disrupting edge weights affects functional con-
nectivity metrics such as effective resistance (Ghosh, Boyd,
and Saberi 2008), which in turn affects the upper and lower
bounds of spectral energy distribution (Barooah and Hes-
panha 2006).

Validation on Synthetic Graphs

To illustrate our theoretical findings more intuitively, we
investigate the “flattening out” of spectral energy on Barabasi—
Albert (BA) (Albert and Barabasi 2002) and Erdés—Rényi
(ER) (Erdds et al. 2012) graphs, each with 500 nodes. The
BA graph models real-world network properties, while the
ER graph has a uniform degree distribution.

To add weight heterogeneity to original graphs, we assign
Gaussian independently distributed weights w;; ~ N (p, 0%)
to all edges, with w;; = wj;. The o2 is set to 0.09, 0.03,
and O (unweighted graph). Given that even with the largest
variance, there is only a probability of less than 0.001% for
a weight to fall outside the range of [0, 2], we confine the
weight values to this interval to ensure realistic weight values.
The graph signal is uniformly distributed between 0 and 1.

As shown in Figure 2, we compute and plot the spectral
energy distribution (KDE) and the spectral cumulative en-
ergy ni(x, L) = Zle @2/ Zfil #2 on the two synthetic
graphs. For clarity, we omit the small energy at A\; = 0
and provide a magnified view of the spectrum’s extremes.
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Figure 3: The overview of the HIPGNN framework. It comprises three modules: the spectral eigenvalue encoding to encode
the position and proximity of eigenvalues; the proximity-aware spectral graph representation to fuse eigenvalue position and
proximity encoding with spectral filters and get the node representation; the spatial context decoding for perceiving protein

interaction information.

A clear “flattening out” of spectral energy is observed on
both graphs. We summarize the following observations: (1)
For the spectral energy distribution, a larger o causes the
spectral energy to deviate from the middle and to have lower
wave peaks, with a regular arrangement according to o2 size
at both ends of the spectrum. (2) For the spectral cumulative
energy distribution, an increase in o2 leads to elevated energy
in the low-frequency range and reduced energy in the high-
frequency range. These trends are particularly pronounced
at both ends of the spectrum. Overall, these observations
empirically substantiate the Proposition 3 and provide intu-
itive insights into the effects of varying o2 on spectral energy
distribution.

Problem Formulation

So far, we have formulated the PPI network-based cancer
gene identification problem. Existing methods (Schulte-Sasse
et al. 2021; Peng et al. 2022; Cui et al. 2023) treat protein in-
teractions above a certain confidence threshold as unweighted
edges, constructing an unweighted graph. In contrast, we use
confidence as edge weights to construct a weighted graph,
capturing variations in confidence levels and their correlation
with cancer genes in the PPI network.

PPI network based cancer gene identification This task
is regarded as a semi-supervised node classification task.
Given a weighted graph G,, based on a PPI network and
some nodes with known labels, our goal is to infer the labels
of the remaining nodes, determining whether they are cancer
genes.

Method

Based on the analysis in Preliminaries, cancer genes exhibit
a unique graph anomaly, i.e. weight heterogeneity, in the
PPI network and show a “flattening out” phenomenon in the
spectral energy distribution. To address the anomaly from
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both spectral and spatial perspectives simultaneously, we
introduce a hierarchical-perspective graph neural network,
termed HIPGNN, for cancer gene identification as shown in
Figure 3.

Spectral Eigenvalue Encoding

Most polynomial filter-based spectral GNNs (Defferrard,
Bresson, and Vandergheynst 2016; He, Wei, and Wen 2022;
He et al. 2021; Wang and Zhang 2022) use a fixed polyno-
mial basis for all eigenvalues to approximate arbitrary filters.
Nevertheless, these scalar eigenvalue computation methods
fall short of expressive capability and cannot capture the “flat-
tening out” of the spectral energy well. To tackle this issue,
we intend to design a more powerful eigenvalue encoding
rule to directly reflect the distribution of eigenvalues, such as
the spectral gap (Hoffman, Kahle, and Paquette 2021).

Eigenvalue position encoding Given a normalized Laplace
matrix L = UAU7 of a weighted graph G,,, we encode each
eigenvalue of the matrix A € A\; < Ay < -+ < Ay from a
scalar to a meaningful vector: R — R?, by using a position
encoding function as follows:

pa2i(N) = sin(100A/10000%"/%),

. 3)
pait1(A) = cos(1001/10000%/%),
where ¢ is an integer and its value domain ranges from 0 to
d/2 — 1. This function forms a multiscale representation of
the eigenvalues and has the advantage of filtering arbitrary
multivariate continuous functions(Bo et al. 2022).

Eigenvalue proximity encoding Furthermore, to intu-
itively perceive the spectral energy distribution, we propose
to encode the proximity between eigenvalues. A proxim-
ity matrix is computed by eigenvalue position encodings:
RN*d _ RNXN Each element of this matrix obtained is as



follows:
T
Rij = p(\i)” p(N)), 4)
where there exist the following two theoretical properties of
R;; that can be proved.
Proposition 4. The proximity between \; to A\, R;j, is de-
termined by \; — A;.

©5s

Proposition 5. The R;; is undirected.

The two propositions (proof in the technical appendix) il-
lustrate that proximity matrix R;; can effectively capture and
represent the spectral energy distribution variations, which
further enables the GNN to process the spectral energy “flat-
tening out”.

Proximity-aware Spectral Graph representation

After generating the valuable eigenvalue encoding, we utilize
it in the spectral graph representation. Then we propose a
Transformer-based(Vaswani et al. 2017) proximity-aware
spectral graph representation to fuse eigenvalue position and
proximity encoding with spectral filters and get the node
representation.

Proximity-aware spectral filter Unlike using a reg-
ular transformer to design spectral filters (Bo et al.
2022), we introduce the eigenvalue proximity informa-
tion to the attention computation process for designing
trainable spectral filters. Given the initial representation
which concatenates eigenvalues with their encodings:Z =

Allp(A1), -, )\an()\n)}T € RV*(d+1) "an innovative at-
tention computation function is proposed as follows:
Q=2WE, K=2ZWE V=zwy,
QK"+ R _ (5

Z! = Attention(Q, K, V') = Softmax( WV,

Vi
where d, is the dimension of each head, and m represent the
m-th head. We include the proximity matrix R as part of at-
tention for learning the global distribution of eigenvalues. Af-
terward, the representation Z,, of each head is used as a spec-
tral filter to compute new eigenvalues as A, = ¢(Z,, W),
where )/, € RV*! is the m-th eigenvalue vector after the
spectral filtering.

Learnable bases After obtaining M vectors of filtered
eigenvalues, we use a feed-forward network (FFN) in the
standard Transformer layer to create the learnable bases for
graph convolution. The reconstruction and concatenating
processes can be formulated as follows:

S = Udiag(X,,,)UT, S = FEN([n || S1|- - - [|Sas]).
(6)

where Iy € RY*Y denotes the unit matrix.

Graph convolution Eventually, we regard each dimension
of the node features as a graph signal and multiply it with the

combined Laplace matrix base S:

Xt =8,x X =o(XTWEH) + X ()

i

where o () is activation and X' is the node representation in
the [-th layer.
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Spatial Context Decoding

Recalling our findings, in addition to the “flattening out” of
the spectral energy, we also observe weight heterogeneity
within the weighted graph. This indicates that the information
about the protein interaction context over the spatial domain
is also helpful in distinguishing such anomalies. Motivated
by this hypothesis, we decode the protein interaction context
to correlate different nodes on graph data. Therefore, after
obtaining the node representations, we design the spatial
context decoding module to perceive the protein interaction
and confidence information in the spatial domain.

Interaction context perception Given node representa-
tions X', we compute the interaction probability between '
and a:z by cosine similarity and then leverage cross entropy
to approximate the interactions on the graph:

ol = cos(al ab),
L= Z(yéjIOg(Péj) + (1 - Z/zl‘j)l()g(l - péj)), ®)
(i,j)€€

where the set € contains the edges & on the graph and the
negatively sampling edges from the original dataset. if (¢, )
is negatively sampling edge, ny =0.

Confidence context perception More importantly, the
model needs to perceive protein interaction confidence to
tackle weight heterogeneity. Given the node representations
X", the MLP model and MSE are utilized to predict con-
fidence scores between z;’ and z’ as well as to compute
losses, respectively:

w;; = MLP((z}" + z7")/2),

ﬁw = Z MSE(’LZ)”, w,-j).
(4,3) € Eunain

&)

In (i,5) € &, if (i, j) is negatively sampling edge, w;; = 0.

It is worth mentioning that we set up node representing
channels independent of cancer gene identification for the
above two perception modules. We use multiple standard
transformer models to obtain separate node representations
for each channel: X", X! and X™.

Cancer gene identification Here, we proceed with the loss
function for cancer gene identification. We feed X" to the
MLP with sigmoid function to get the cancer gene node
probability p”. The weighted cross-entropy loss is used to
alleviate the challenge from label imbalance as follows:

Ly= > (yilogp} + (1 —y)log(1 —p})), (10)
1€ Virain
where Vi,q4n, 18 the training set of nodes V), and + is the ratio
of cancer gene nodes (y; = 1) to non-cancer gene nodes
(y; = 0) in the training set. At last, we sum all the losses with
weights to get the total loss: £ = oL, + SL; + YLy.

Complexity Analysis
Considering the large size of the graph, we intend to use
only a few important eigenvalues as inputs to the model in



STRINGdb CPDB
Graph  Method 20% 80% 20% 80%

AUC FI AP AUC FlI AP AUC FI AP AUC FI AP

GCN  81.68 72.09 64.16 87.99 7743 7561 81.84 7354 6755 8248 73.67 69.16

GAT 8167 7162 583.88 8525 7335 68.52 80.16 7066 61.02 8450 7626 68.70

, GraphSAGE 8437 7375 65.48 87.00 7808 72.13 78.02 6932 6299 8596 7836 7631

Unweighted ~ Chebnet ~ 83.35 7320 6647 8644 7833 7339 7570 66.77 5929 82.00 71.72 68.32

EMOGI  79.06 6427 5974 86.88 70.18 7322 80.84 67.10 66.94 80.84 68.25 64.00

MTGCN 8430 73.07 66.82 8690 76.05 73.89 7725 69.62 6095 83.71 68.84 7022

SMG 8981 7862 75.69 90.80 7974 7743 8475 7234 70.83 8657 7171 71.83

HIPGNN 8908 78.17 7556 90.81 8171 79.66 87.99 79.13 78.07 87.80 79.87 77.40

GCN  81.65 7246 6391 87.17 7625 7422 81.79 7391 67.04 8297 73.70 68.93

Weichted  .GAT 7799 6993 5449 8585 7450 7267 7448 42.19 5771 8351 75.69 6855

g Chebnet  83.64 7391 66.58 87.17 78.03 7472 76.00 6632 59.81 8335 7434 69.82

HIPGNN 8839 79.60 76.13 91.18 8333 8121 87.88 79.38 78.13 89.66 $0.91 79.71

Table 1: Performance on the two datasets under different percentages of the training data. (%)

order to greatly reduce the computational complexity. By
analyzing the spectral energy distribution, we believe that the
eigenvalues at both extremes are more effective in encoding
the “flattening out” of the spectral energy.

Therefore, we introduce a hyperparameter g to adjust for
only considering the first ¢ small and the last g large eigen-
values. Ultimately, the complexity of HIPGNN is O(2q?%d; +
2¢°M + Ndy L + Nd? + N2dy + 2E%dy + Nd3 + 2Ed3),
where N and E are the nodes and edges of the weighted
graph, M and L denote the number of filters and layers, and
d; and d, represent the hidden dimensions of graph layer and
node representation.

Experiments
Experimental Setup

Datasets Based on previous works (Schulte-Sasse et al.
2021; Cui et al. 2023), we extract richer protein interaction
information on two widely used PPI datasets with confi-
dence (Szklarczyk et al. 2021; Kamburov et al. 2009), and
integrate cancer gene data to construct two datasets. We
name these two datasets directly after the PPI databases:
STRINGdb and CPDB. Unlike previous works that used
fixed threshold confidence to construct unweighted graphs,
HIPGNN directly leverages protein confidence as edge
weights to construct weighted graph.

Metrics We choose AUC, F1 (macro), and AP for model
performance evaluation. AUC measures the area under the
ROC curve, providing a global assessment across all clas-
sification thresholds. F1 (macro) is the unweighted average
of F1 scores for both categories, suitable for imbalanced
datasets. AP is the area under the precision-recall curve, and
is considered the most important metric for cancer gene iden-
tification (Schulte-Sasse et al. 2021).

Baselines The baseline methods can be categorized into
two groups: firstly, general GNN-based models including
GCN (Kipf and Welling 2016), GAT (Velickovi¢ et al. 2018),
GraphSAGE (Hamilton, Ying, and Leskovec 2017), and
Chebnet (Defferrard, Bresson, and Vandergheynst 2016); and
secondly, state-of-the-art cancer gene identification meth-
ods including EMOGTI (Schulte-Sasse et al. 2021), MT-
GCN (Peng et al. 2022) and SMG (Cui et al. 2023). We
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also implement GCN, GAT, and Chebnet on weighted graph
and HIPGNN on unweighted graph.

Performance Comparison

Table 1 presents the results of HIPGNN and other baseline
methods with training ratios of 20% and 80%. From the table,
we draw the following conclusions.

Importance of spectral graph representation Only Cheb-
net and HIPGNN outperform on weighted graphs compared
to unweighted ones, highlighting that edge weights can nega-
tively impact models like GCN, which function as low-pass
filters. This demonstrates the effectiveness of appropriate
spectral filters in addressing weight heterogeneity.

Importance of spatial context HIPGNN shows a signifi-
cant performance boost at a 20% training ratio, particularly
on the CPDB dataset, outperforming SMG by 7.30% in AP.
This indicates that spatial context in protein interactions aids
in identifying unknown cancer genes, especially when labels
are sparse.

Superiority of HIPGNN HIPGNN consistently outper-
forms other models across most metrics, effectively han-
dling weight heterogeneity to distinguish cancer genes. No-
tably, HIPGNN improves AP by 0.44% on STRINGdb and
7.30% on CPDB at a 20% training ratio, and by 3.78% on
STRINGdb and 1.88% on CPDB at an 80% training ratio,
compared to SMG.

Due to space constraints, subsequent experiments focus on
the STRINGdb dataset, with CPDB results provided in the
technical appendix.

Ablation Analysis

Proximity-aware spectral graph representation We ex-
amine the impact of the spectral graph representation module
with spectral eigenvalue encoding in HIPGNN. We compare
EGOGI, MTGCN, SMG, and HIPGNN (without spatial con-
text decoding) using five-fold cross-validation at an 80%
training ratio. The left subfigure of Figure 4 shows box plots
of the results, where HIPGNN with only spectral graph rep-
resentation still outperforms, highlighting the effectiveness
of spectral eigenvalue encoding.
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Figure 5: Comparison of the three model metrics as well as
the variation of the best AP metric in the test set under three
different loss weight schemes.

Spatial context decoding For decoding protein interaction
contexts, we consider both interaction and confidence con-
texts for node representations. We evaluate the contribution
of these contexts to HIPGNN using four variants: (1) Without
context: removes both interaction and confidence contexts;
(2) Without interaction: removes interaction context; (3) With-
out confidence: removes confidence context; (4) HIPGNN:
the original model. The right subfigure of Figure 4, using
a 20% training ratio and five-fold cross-validation, shows
that both contexts improve HIPGNN'’s performance, with
confidence context being particularly impactful.

Parameter Analysis

Loss weights For the final loss computation, we used «, 3,
and v to weight the protein interaction context, interaction
confidence context, and cancer gene label loss, respectively.
We empirically set & = 0.01 on STRINGdb and o = 0.02 on
CPDB, with 5 = 2/3(1—«) and v = 1/3(1—«). To validate
this, we compared two other schemes: Average weight (uni-
formly setting all weights to 1/3) and Weight learner, which
uses a Bayesian learnable loss function (Li et al. 2020; Peng
et al. 2021): £ = 0%2'6" + B%Qﬁl + %gﬁw + 2log(aiBiv),

where «y, (;, and ~y; are learnable parameters. Figure 5 shows
the three model performance metrics and the best AP metric
variation over 500 epochs under the three schemes. Empiri-
cal weights achieved the best results. Additionally, setting o
smaller aids in the convergence of cancer gene labeling loss.
We observed that Average weight and Weight learner fall into
local optima early, while our scheme continues optimizing,
with metrics possibly improving beyond 500 epochs.
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Figure 6: The eigenvalue thresholds analysis (left) and the
spectral filter visualization (right).

Thresholds of eigenvalue We introduced the parameter ¢
to control the selection of the first g-small and last g-large
eigenvalues input into the model, thereby regulating its com-
plexity. We evaluated HIPGNN'’s performance with ¢ values
ranging from 1,000 to 4,000. As shown in the left subfigure
of Figure 6, setting ¢ to 3,000 yielded the best performance.
Increasing ¢ beyond this point resulted in decreased perfor-
mance, aligning with our initial observation that the spectral
energy tends to “flatten out” more at the spectrum’s ends.

Visualization of Spectral Filter

We applied a spectral filter to obtain the filtered eigenvalues
in the proximity-aware spectral graph representation. In the
right subfigure of Figure 6, we visualize the relationship be-
tween the filtered and original eigenvalues. The blue stars
depict the distribution of eigenvalues, connected by a yellow
dashed line. The figure shows that the spectral filter priori-
tizes eigenvalues near the spectrum’s ends over those in the
middle. This suggests that spectral eigenvalue coding effec-
tively addresses the key phenomenon in PPI networks caused
by cancer genes: the “flattening out” of spectral energy.

Conclusion

This work takes a pioneering step toward bridging significant
biological anomalies in protein interactions caused by cancer
genes to the statistical graph anomaly. We identify a unique
graph anomaly in cancer genes, termed weight heterogene-
ity, which leads to the “flattening out” of spectral energy.
In response, we propose a novel model, HIPGNN, for the
identification of cancer genes.

Broader impact. This work has the potential to benefit
both the bioinformatics and network science fields. It not
only lays a new theoretical foundation for cancer gene identi-
fication but also offers a fresh perspective and direction for
research in graph anomaly detection.

Limitations. The phenomenon of weight heterogeneity
was observed only in cancer genes on two PPI networks.
Further validation on other PPI networks is necessary to re-
fine this observation. Additionally, exploring other real-world
scenarios where weight heterogeneity occurs could provide
more validation datasets for graph anomaly detection.
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