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Abstract

Graph neural networks (GNNs) have shown prominent performance in predicting molecule properties.
One aspect that is often overlooked in GNNs is the presence of patterns, such as functional groups,
which are contained in substructures of molecules. There exist trivial patterns in molecules which
can introduce an implicit bias, leading to false predictions. This can prevent models from properly
learning the critical patterns that truly determine the properties of molecules. Therefore, we propose
a hierarchical substructure-level method named Hypergraph-based Structure-aware Causal Graph
Learning (HSCGL) to emphasize the causality between ground-truth labels and critical information
including critical patterns and critical relationships from molecules, and to neglect trivial information
including trivial patterns and trivial relationships from molecules by casual intervention strategy. In
addition, to discover the cluster characteristics of patterns, we propose a structure-aware hypergraph
learning to capture the structural information within each pattern. Extensive experiments and ablation
study on real-world and synthetic datasets demonstrate the effectiveness of our HSCGL.

Keywords: molecule property prediction; hypergraph learning; causal learning

1. Introduction
Predicting molecule properties is a prominent research area in drug discovery that has garnered

significant attention in recent years [1,2]. The success of molecular graph representation learning with
machine-learning based methods is evident in predicting molecule properties for graph classification
tasks, including the evaluation of the therapeutic potential of drug candidates [3,4]. Molecular property
prediction greatly benefits from nmigraph representation learning because molecular structures can
be naturally modelled as graphs, where atoms are represented as nodes, and chemical bonds are
represented as edges. Existing molecular graph representation learning methods, such as kernel-based
methods [5,6] and pooling-based methods [7,8], are devoted to encoding graph information by
conventional machine learning for graph representations. To alleviate the issue of lacking the ability to
capture structural information in conventional methods, graph neural networks (GNNs) have been
used in molecule property predictions. nmiHowever, existing GNN-based methods still suffer from
the following limitations:

(1) Inadequate attention is given to patterns for cluster characteristics. GNNs take a node as
an individual unit in their processing of graph data. Actually, nodes (i.e., atoms) can have explicit
effects on molecular property prediction when they are jointly connected to a pattern as a cluster.
Extensive research and empirical evidence have established that the properties of molecules are usually
determined by patterns, which are contained in substructures of molecules, such as functional groups,
retrosynthetically feasible chemical substructures, Bemis-Murcko scaffolds and valid connections [9,10].
Existing GNNs are unable to capture such a cluster characteristic from molecular graphs, where the
patterns not only frequently exist but also tremendously affect the properties of molecules. Though
recent research begins to exploit patterns, they still suffer from potential concerns of not considering
the pattern as an entirety in modelling molecules [11].
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(2) Lack of consideration of causality. Previous works [12,13] show that GNNs struggle to exploit
the causality, which refers to causal information for capturing critical information from molecular
graphs that truly determinates molecule property. Existing GNN-based methods usually capture
trivial patterns (unhelpful for predictions) which frequently co-occur with critical patterns (helpful for
predictions) in a graph, while neglecting to learn the critical patterns themselves. This phenomenon
can be attributed to the implicit bias and noise by trivial patterns because of the frequent co-occurrence
of trivial patterns alongside critical ones. Therefore, without causal intervention designs, GNNs are
easily disturbed by spurious relations between input data and labels [14–16]. In other words, models
mistakenly treat trivial patterns as the key to making predictions. For example, when classifying the
mutagenic property, GNNs are expected to latch on critical patterns (e.g., nitrogen dioxides (NO2)),
rather than irrelevant trivial patterns (e.g., carbon rings) which frequently coexist with NO2 groups in
real-world molecules. Existing models tend to perceive "carbon rings" as indicators of the "mutagenic"
class simply because the majority of molecules with NO2 groups labelled as "mutagenic" are in the
"carbon rings" context. Therefore, it is important to recognize the trivial patterns and take measures to
ignore them to ensure more reliable predictions and improve model performance.

(3) Lack of consideration of 2-order relationships in molecules. Existing GNN-based meth-
ods [13,17,18] can not work well in real-world datasets because, in most cases, graphs own 1-order
indiscernibility. This implies that the properties of graphs are strongly determined by patterns. Es-
pecially, molecules are governed by 2-order laws between patterns [19,20]. The 2-order relationship
of a molecular graph refers to the relationships among the patterns, including critical relationships
and trivial relationships. The frequent co-occurrence of critical and trivial relationships can also result
in models mistakenly interpreting trivial relationships as critical ones. This misinterpretation can
significantly impact model’s ability to generalize accurately. However, existing methods pay less
attention to distinguishing critical relationships and trivial relationships, resulting in these methods
being easily disturbed by a backdoor path between trivial relationships and ground-truth labels.

For example, the existence of NO2 group is a sufficient but non-necessary condition to judge
whether a compound possesses mutagenicity because compounds with Azooxy or NO2 group both
arise the property of mutagenicity [? ? ]. Moreover, it is also possible that the mutual sharpness/passi-
vation between different functional groups may lead to advantageous/disadvantageous influences on
the properties of molecular compounds. This type of data is ubiquitous in the real world. However,
existing methods can not explicitly solve this problem well.

To further illustrate the 2-order relationship, we exemplify it with the compound 1 in Figure 3a.
Both the presence of nitro, amino, and quinone functional groups significantly contribute to deter-
mining the toxicity of the molecule. For illustration purposes, we use a 2-dim one-hot vector R2 to
represent the molecular graph, e.g., the “nitro-only”, “quinone-only” and “nitro-quinone” represent
[1, 0], [0, 1] and [1, 1], respectively. We need to learn an OR-gate-like classifier to classify [1, 0], [0, 1] and
[1, 1] into a class and classify [0, 0] into another one. And the connection between the nitro and quinone
groups also has a positive impact on the overall toxicity of the molecule. In more complex cases, it
is possible that the occurrence of two sub-critical patterns will lead to the property passivation. For
example, the activity of conjugate unsaturated property will be decreased after double-bonded carbon
groups (C = C) connect with Cl atoms, resulting in that we need to learn a XOR-gate-like classifier to
classify [1, 0] and [0, 1] to a class and classify [0, 0] and [1, 1] to another one. Therefore, a high-order
neural network is preferable to learn high-order structures among patterns from molecules.

To tackle these aforementioned limitations, we propose a novel hierarchical substructure-level
method, which incorporates cluster characteristics, causal information and 2-order relationships. Our
method, termed as Hypergraph-based Structure-aware Causal Graph Learning (HSCGL), aims to
construct better graph embeddings for molecules by aggregating embeddings from critical information
and eliminating the impact of embeddings from trivial information.

To solve the first limitation, our HSCGL leverages a hypergraph neural network (HNN) [11,21–24]
to capture the cluster characteristics and pay more attention to explore the role of each pattern in the
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whole molecule. Our HSCGL clusters multiple nodes as a hyperedge which represents as a pattern to
reconstruct a hypergraph. HNN is well-recognized as an ingenious tool in modelling a hypergraph for
discovering the clustering characteristic among multiple connected nodes. However, it cannot exploit
the structural information within each pattern. In molecules, different functional groups with exactly
the same node set (also called functional group isomers, such as Monoolefins and cycloalkanes [25])
exhibit different molecular characteristics due to different structures. To solve this issue, our HSCGL
proposes the structure-aware mechanism of hyperedges in molecular graphs to capture structural
information within each pattern. In addition, the global-local mutual information mechanism is also
considered to acquire discriminative embeddings by maximizing mutual information between the
hyperedge embeddings and the whole-graph embeddings.

To solve the second limitation, HSCGL exploits the causal intervention strategy by causal learning
to capture critical patterns while avoiding trivial patterns. Causal learning eliminates the model’s
reliance on trivial patterns, thereby avoiding erroneous learning. This enhances the model’s robustness
against distribution shifts of trivial patterns. We reveal that the trivial patterns open a backdoor path
and serve as confounders in graph learning. We leverage the backdoor adjustments from causal theory
to establish combinations between critical patterns and a range of trivial patterns from other molecules.
By doing so, we promote stable predictions that are insensitive to variations in the distribution of
trivial patterns. Our HSCGL emphasizes consistent relationships between critical patterns and ground-
truth labels, regardless of changes in the distribution of trivial patterns. This allows us to mitigate
the adverse effects of biased data and enhance the model’s ability to maintain reliable and robust
predictions.

To solve the third limitation, our HSCGL captures 2-order critical relationships between patterns
and eliminates 2-order trivial relationships by causal learning, where 2-order relationships refer to
relationships between different patterns. We establish combinations between critical relationships and
a series of trivial relationships from other molecules to support consistent predictions that remain
robust to changes in the distribution of trivial relationships. Our approach emphasizes the enduring
relationships between critical relationships and ground-truth labels, regardless of variations in the
distribution of trivial relationships. Since HSCGL considers the patterns and 2-order relationships
among these patterns, it is an extension of the 1-order method. It is noteworthy that our experiments
have shown that 2-order relationships can effectively improve the expressive ability in our HSCGL.

Moreover, exploiting cluster characteristics for graph representations is a non-trivial solution to
assist models in addressing the problem of the lack of interpretability of critical information. Our
HSCGL distinguishes critical and trivial patterns of molecules and emerges respective attentions of
different clusters or nodes by attention scores to show our interpretability and superiority over existing
methods for molecule property prediction.

Our contributions are summarized as follows:

• We employ hypergraph neural networks to learn the molecular graph representations at the
pattern level.

• We propose a structure-aware mechanism to capture the structural information within each
pattern in hypergraph neural networks and introduce a self-supervised global-local mutual
information mechanism by leveraging a well-designed discriminator to obtain more distinctive
embeddings of graphs.

• We effectively capture critical patterns and critical relationships by utilizing the backdoor adjust-
ment of causal learning, improving the generalization ability and performance of models.

• Our proposed HSCGL also facilitates the visualization of vital patterns for drug discovery, aiding
researchers in identifying key components for effective drug design and development. Extensive
experiments and ablation study on real-world and synthetic datasets demonstrate the effectiveness
of our HSCGL.
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2. Related Work
2.1. Causality in Graph Learning

Causal learning [26] is a widely recognized method for exploring the causal models from data.
Causal learning encourages models to concentrate on critical features such as zebra colours and textures
which are significant in zebra classification, while disregarding trivial ones like the image background
which might be shortcut features in zebra prediction tasks, ultimately enhancing the model’s ro-
bustness against distribution shifts of trivial features. Unlike computer vision domains [27–32] and
natural language domains [33–38], the applications of causal learning from causal theory in the graph
representation learning community are still in their infancy. A few existing research studies have
begun to emerge in graph learning by leveraging causal learning to balance the distribution shift and
eliminate the adverse impacts of trivial features of graph data. For example, Zhao et al. [39] propose to
generate approximate samples of different classes from a sample as counterfactual samples for graph
learning to balance the distribution shift and improve the link prediction ability of graph-based models.
Besides, Ma et al. [9] focus on estimating individual treatment effect (ITE) with consideration of group
interaction on multiple nodes in a social group, and leverage causal intervention to construct coun-
terfactual data for eliminating the adverse impacts of trivial features by causal learning in COVID-19
infection prediction. A causal attention method named CAL [40] considers splitting the whole graph
into the causal and non-causal graphs at the node level, and can eliminate non-causal features as well
as leverage causal features in the classification task by causal learning from causal theory in graph
learning. Different from these existing models, our novel hierarchical substructure-level HSCGL first
leverages causal learning in molecule graph learning, identifies cluster characteristics of patterns, and
considers 2-order causal relationships between patterns.

2.2. Hypergraph in Improving Expressive Ability

While the conventional pairwise graph modelling in molecules effectively addresses a vast num-
ber of graph classification tasks, it falls short in capturing the comprehensive information of cluster
interactions, which typically involve more than two nodes within each cluster. The hypergraph struc-
ture has been employed to model cluster characteristics among data. Hypergraph learning is first
introduced by Zhou et al. [41] as a message propagation method on the hypergraph structure. In
order to enhance the hypergraph learning performance, recent research has focused on incorporating a
convolution operation and learning the weights of hyperedges. These approaches have possessed a
significant impact on the modelling of data correlations. For example, Feng et al. [11] propose hyper-
graph neural networks (HNN, HNNP) to model beyond-pairwise complex correlations. They consider
a convolution of hypergraph to capture the cluster characteristics for graph representation learning.
In addition, Bai et al. [42] and Fan et al. [43] both introduce hypergraph attention neural network
for homogeneous and heterogeneous hypergraph, respectively. However, the structural information
within each hyperedge of the molecular graphs are hardly considered, and the aggregation of all the
hyperedge embeddings for graph embeddings in existing works can potentially lead to over-smoothing
issues. Therefore, we utilize hypergraph neural networks to learn cluster characteristics and structural
information within each pattern, and introduce a self-supervised global-local mutual information
mechanism by leveraging a well-designed discriminator to obtain more distinctive embeddings of
molecular graphs.

3. Methods
To address the limitations of existing methods, we propose a hierarchical substructure-level

method named Hypergraph-based Structure-aware Causal Graph Learning (HSCGL) for molecule
property prediction. The overview of HSCGL is shown in Figure 1.
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Figure 1. The overview of our proposed Hypergraph-based Structure-aware Causal Graph Learning
(HSCGL) model.

3.1. Notations

In this paper, scalars are denoted by normal alphabets, e.g., the total number of nodes, N; sets
are denoted by calligraphy typeface alphabets, e.g., set of nodes, V ; matrices are denoted by boldface
uppercase alphabets, e.g., an adjacency matrix A. We denote a graph by G = {V , E} with the node
set V and edge set E , where N = |V| and M = |E |. Let X ∈ RN×F be the node embedding matrix
of G, where xi = X[i, :] is the F-dimensional attribute vector of node vi ∈ V . We use the adjacency
matrix A ∈ RN×N to denote the graph structure, where A[i, j] = 1 if edge

(
vi, vj

)
∈ E , otherwise

A[i, j] = 0. Different from traditional graphs, a hypergraph consists of nodes and hyperedges, where
each hyperedge could link multiple nodes. Given a hypergraph G ′ = {V ′, E ′} with N′ = |V ′| and
M′ = |E ′|. Herein, each hyperedge e of the hyperedge set E ′ is formed by connecting multiple
nodes. H denotes an N′ ×M′ incidence matrix of the hypergraph G ′, and its values are defined as
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H(v, e) =

{
1, if v ∈ e
0, otherwise

. Each column of H denotes a hyperedge, with a value of 1 indicating

the presence of the respective node within that hyperedge.

3.2. Overview of HSCGL

Our proposed HSCGL consists of the following main steps: (1) Step I: Hypergraph Sketching. To
represent patterns within molecules as well as capture cluster characteristics, our proposed HSCGL
firstly performs hypergraph sketching, which includes three sub-steps: Step I-a: hyperedge construction
for clustering multiple nodes as a hyperedge from the original input graph G to reconstruct a newly
hypergraph; Step I-b: hyperedge connection for building a newly sketched graph to acquire the association
between hyperedges; Step I-c: embedding learning for effectively learning hyperedge embeddings by
our structure-aware mechanism and global-local mutual information mechanism; (2) Step II: Causal
Learning. To capture the critical patterns and critical relationships, our HSCGL splits all the statistical
messages of the sketched graph, which is generated from the hypergraph sketching step, up into the
critical and trivial message flows in both 1-order and 2-order paradigms. Our HSCGL proposes a
causal intervention strategy that shields models from confounders of trivial information; (3) Step III:
Predictions. Once the graph embeddings have been obtained, our HSCGL can predict the categories
of molecules.

3.3. Step I: Hypergraph Sketching

In this subsection, we detail the three substeps of Step I: hyperedge construction, hyperedge
connection and embedding learning, that aim at representing patterns by hyperedges as well as
capturing the 2-order relationships between patterns.

3.3.1. Step I-a: Hyperedge Construction

Patterns are represented by hyperedges. Our HSCGL follows the well-known depth-first-search(dfs)-
based and k-hop neighbourhood-based clustering methods [41] to construct hyperedges from an input
molecular graph G to form a hypergraph G ′. These clustering methods generate a hyperedge to
represent a pattern, e.g. valid connection or implicit functional group. Each hyperedge is built by
linking every node itself and m nodes along the dfs-m path or their k-hop neighbours according to the
adjacency matrix of the graph G. After constructing the hyperedges, we can obtain M′ hyperedges
and the corresponding incidence matrix H ∈ RN′×M′ . Then, hypergraph neural networks (HNNs) are
considered to capture the respective embeddings of patterns.

3.3.2. Step I-b: Hyperedge Connection

In order to reveal the relationships among patterns, our HSCGL constructs the connections of
hyperedges and reconstructs a new sketched graph to view hyperedges and their connections as a
new graph’s nodes and relations. We gather the hyperedges, which define distinct clusters, and use
them to reconstruct this new sketched graph that captures the intrinsic relationships among patterns.
Accordingly, we reconstruct the sketched graph as Gske = {V ske, E ske} from the hypergraph G ′ by
utilizing the hyperedges produced in step I-a, where V ske and E ske denote the supernode set and
superedge set as the hyperedges and their relationships. The sketched graph forms superedges, i.e., the
connectivity between supernodes, by taking into account the number of common nodes between two
hyperedges Gi and Gj. The sketched graph contains a superedge ei,j when the number of intersection
nodes in Gi and Gj meets or exceeds a predetermined threshold bthre. Thus,

V ske = {Gi,Gi ⊆ G}, ∀i ∈ {1, ..., M′},

E ske =
{

ei,j
}

, ∀
∣∣V(Gi) ∩ V

(
Gj
)∣∣ > bthre.

(1)

Alternatively, we can also define a weighted superedges by using the proportion of common nodes of
Gi and Gj as weights to construct edge weights between supernodes. After constructing the sketched
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graph Gske, we learn the hyperedge embedding zG from the relationships between patterns by graph
neural networks, e.g., GCN and GAT.

3.3.3. Step I-c: Embedding Learning

In this subsection, our HSCGL applies the structure-aware mechanism within hyperedges and
introduces the global-local mutual information mechanism between hyperedges and the whole graphs
that is described in the following to learn refined node and pattern embeddings.

Structure-aware Mechanism. Despite HNNs being effective in capturing cluster characteristics,
it is still ineffective in capturing the local geometric structures within hyperedges. To address this
issue, we propose a structure-aware mechanism that is composed of a GNN method to better capture
hyperedge structure.

In a hypergraph from G ′, the original structure is observed and the definition of a hyperedge is:

Gi = {Vi, Ei}|XGi ⊆ X, (2)

where XGi = [x1, ..., x|Vi |]
T, Gi represents a hyperedge, Vi and Ei denote the set of nodes and edges

within the hyperedge, respectively.
Specifically, to capture the structural information from neighbourhoods in a hyperedge, our

structure-aware mechanism follows an iterative aggregation (message passing) scheme to update node
embeddings. For an L-layer GNN, the update function at the l-th layer is represented as:

b(l)
i = AGGREGATION

({
h(l−1)

j : j ∈ Ne(i)
})

,

h(l)
i = COMBINE

(
h(l−1)

i , b(l)
i

)
,

(3)

where h(l)
i is the embedding of node vi at the l-th layer with h(0)

i = xi, Ne(i) is a set of adjacent nodes
to vi, and AGGREGATION(·) and COMBINE(·) are both basal component functions of GNN. Our
HSCGL introduces the node updating function g(·) using an L-layer graph neural network (defined
in Equation (3)). By doing so, we aim to capture the local geometric structural information within
hyperedges, which could enhance the representational ability of HNN. In particular, given a node
embedding vector xi, the node updating function g(xi) can be expressed as

g(xi) = φ

(
WGi ·∑

j
Pijxj

)
, (4)

where P denotes the normalized adjacency matrix, WGi denotes the parameter of GNN, and φ denotes
an activation function.

Considering the graph convolution operation, our mechanism can be written in followings:

YGi = D̃−1/2
Gi

ÃiD̃
−1/2
Gi

WGi XGi , (5)

where Equation (5) is the convolution version of Equation (4), D̃Gi and Ãi denote a degree matrix and
a self-loop adjacency matrix in Gi, respectively, YGi and WGi denote the inter-hyperedge convolution
node embedding outputs and the parameter of convolution, respectively. D̃−1/2

Gi
ÃiD̃

−1/2
Gi

denotes the
local convolution for aggregating neighbour node embeddings. Referring to [11], our mechanism
applied in HNNs can be written in the following form:

H′ = CONCATGi⊆G(D̃
−1/2
Gi

ÃiD̃
−1/2
Gi

)⊙H,

Y = D−1/2
v H′D−1

e H′⊤D−1/2
v XW′,

(6)
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where H′ denotes our newly structure-aware incidence matrix, ⊙ denotes Hadamard product, and
CONCAT operation means to combine each incidence matrix of all hyperedges. The parameter W′

combines the parameters of W of HNNs and WGi of convolution, where i ∈ {1, ..., M′}. Dv ∈ RN′×N′

denotes the diagonal matrix of node degrees, De ∈ RM′×M′ denotes the diagonal matrix of hyperedge
degrees. Then, the node and hyperedge embeddings Y can directly learn from HNNs.

Global-local Mutual Information Mechanism. To obtain more distinctive embeddings of the
hyperedges, we propose a global-local mutual information (MI) mechanism, a self-supervised method
with positive/negative pairs in our HSCGL. The global-local MI mechanism aims to enhance the
hyperedge embeddings. This mechanism maximizes the mutual information between local and global
pairs, i.e., hyperedges embeddings and the whole-graph embeddings.

First, we follow [11] for the hyperedge embedding ri in HNNs:

ri = AVERAGE
({

xj
}|Vi |

j=1

)
. (7)

Second, the whole-graph embeddings R can be obtained by a READOUT function as follows:

R = READOUT
(
{ri}M′

i=1

)
. (8)

After obtaining a hyperedge embedding ri and a whole-graph embedding R, we use the discrimi-
nator as shown below to determine whether ri and R are related.

D(ri, R) = σ
(
{ri ⊕R}TWMI

)
, (9)

where σ denotes an activation function, ⊕ represents the concat operation and WMI denotes the
learnable parameter. Finally, our global-local MI objective can be defined as a standard binary cross-
entropy (BCE) loss:

LGMI =
1

M′+nneg

(
∑M′
Gi∈G Epos[log(D(ri, R))]+ ∑

nneg

G̃ Eneg
[
log
(
1−D

(
ri, R̃

))])
, (10)

where nneg denotes the number of negative samples and R̃ is a molecular graph embedding of G̃
that does not belong to the class of G whose graph embedding is R. By maximizing the mutual
information between ri and R, the BCE loss LGMI measures the Jensen-Shannon divergence between
the joint distribution (positive samples) and the product of marginals (negative samples) as to enhance
hyperedge embeddings [44,45].

3.4. Step II: Causal Learning

After obtaining the hyperedge embeddings, which represent pattern embeddings, our HSCGL
utilizes these embeddings to differentiate between critical and trivial patterns. In the following
subsections, we provide a detailed explanation of how our HSCGL effectively minimizes the impact of
irrelevant trivial patterns that could potentially mislead the final predictions.

3.4.1. Structural Causality in HNNs

To illustrate the causality in a molecule, we construct a Structural Causal Model (SCM) as shown
in Figure 2. It presents the causalities among variables: graph data G, overall critical information
C, overall trivial information T, critical pattern {Ci, i = 0, 1, ..., m}, trivial pattern {Ti, i = 0, 1, ..., n},
critical relationships Cr, trivial relationships Tr, overall relationships Or, graph representation R, and
prediction Y, where the link between variables signifies a cause-effect relationship in which the cause
influences the effect: cause→ effect. We list the specific explanations of all relationships for SCM as
follows:

• C ← G → T. A molecule graph G possesses both C and T, which affect the prediction of G
differently. The variable C denotes the overall critical information, including critical patterns and
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critical relationships, that truly reflect the intrinsic property of the graph data. While T represents
the overall trivial information that usually disturb to false predictions.

• Ci → C ← Cr, and Ti → T ← Tr. The overall critical information C are composed of critical
patterns Ci, i ∈ 1, ..., m, which are represented by hyperedges, and critical relationships Cr. The
same to the overall trivial information T which are composed of trivial patterns Ti, i ∈ 1, ..., n, and
trivial relationships Tr.

• Ci ↔ (Cj, Tk). This link indicates the 2-order relationship between critical patterns and between
critical patterns and trivial patterns. So as Ti ↔ (Cj, Tk).

• Cr ← Or → Tr. The variable Or captures overall relationships, encompassing those between
critical patterns, between trivial patterns, and between critical patterns and trivial patterns. Here,
Or includes not only the 2-order trivial relationships Tr, but the 2-order critical relationships Cr,
which guide predictions.

• C→ R← T. The variable R is the embedding made of C and T in graph learning methods.
• R→ Y. The classifier will make prediction Y based on the graph representation R of the input

graph G.

C

T

C

C

C

T

T

R Y

…
…

₁

₁

₂

₂

ₘ

Tₙ

Cᵢ :  sub-critical pattern
Tᵢ :  sub-trivial pattern

: input graph
C :  critical pattern
T :  trivial pattern
R :  representation
Y :  prediction

Cᵢ :  critical pattern
Tᵢ :  trivial pattern

: input graph data
C :  overall critical information
T :  overall trivial information
Or : overall relationships
Cr : critical relationships
Tr : trivial relationships
R :  representation
Y :  prediction

2-order

1-order

Cr

Tr

Or

Figure 2. Structural causal model in HSCGL, herein, overall relationships represent all relationships between
patterns in a molecule.

3.4.2. Backdoor Adjustment

It is obvious that shielding HNNs from the confounder T is the key to improve the expressive
ability of graph learning in molecule graph classification. As the dotted lines shown in Figure 2,
eliminating backdoor paths by causal intervention helps avoid disturbations from trivial information.
Because the distribution P(Y | C) is disturbed by trivial information, we instead model the target
distribution Pe(Y | C), where e denotes a new embedding space. We need to achieve the graph
embedding learning by eliminating the backdoor paths Y← R← T← G → C and Y← R← T←
Tr ← Or → Cr → C. The backdoor path between critical information C and prediction Y passes
through trivial information T and it leads to an incorrect causal effect in the model prediction from
trivial information. In fact, we can exploit the do-calculus intervention from causal theory [46,47]
on the variable C to remove the backdoor paths by estimating Pe(Y | C) = P(Y | do(C)). In order to
calculate the distribution P(Y | do(C)), we first make the following basical conclusions from the SCM:

• The marginal probability P(T) is not affected by the intervention. Thus, Pe(T) is equivalent to the
vanilla probability P(T). Similarly, the conditional probability P(Y | C, T) is not affected by the
intervention on C so that Pe(Y | C, T) is equivalent to the vanilla probability P(Y | C, T).

• Due to the intervention on C, resulting in the independence of C and T, the conditional probability
Pe(T | C) is equivalent to the probability Pe(T).

• By refining C and T into the patterns Ci and Tj and the 2-order relationships Cr and Tr, we
conclude that Pe(Y | Ci, Tj) = P(Y | Ci, Tj), Pe(Tj) = P(Tj) and Pe(Tj | Ci) = Pe(Tj), Pe(Y |
Cr, Tr) = P(Y | Cr, Tr), Pe(Tr) = P(Tr) and Pe(Tr | Cr) = Pe(Tr).
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Therefore, the backdoor adjustment can be described as:

P(Y | do(C)) = P(Y | do({Cm,r})) = Pe(Y | {Cm,r})
= ∑
{Tn,r}∈T

Pe(Y | {Cm,r}, {Tn,r})Pe({Tn,r} | {Cm,r})

= ∑
{Tn,r}∈T

Pe(Y | {Cm,r}, {Tn,r})Pe({Tn,r})

= ∑
{Tn,r}∈T

P(Y | {Cm,r}, {Tn,r})P({Tn,r}), (11)

where T denotes the confounder set including trivial patterns and trivial relationships from other
molecules. For the sake of discussion, we use Cm and Tn to represent C1,...,m and T1,...,n, respectively.
Also, we use {Cm,r} and {Tn,r} to represent the critical set {Cm, Cr} and the trivial set {Tn, Tr},
respectively. Equation (11) is called backdoor adjustment [46], which truly eliminates the confounding
effect on both trivial patterns and trivial relationships by generating counterfactual graphs to combine
critical information in a molecule with different trivial information from other molecules. The process
of causal intervention occurs in the same embedding space, and it ensures the invariance of other
information when intervention, e.g. graph structure. In order to achieve interventions, we manipulate
the graph data and consider an effective method to get rid of the restrictions when the confounder
is commonly unobservable and hard to obtain. Therefore, we propose a 2-order causal intervention
method in followings. Such a method can leverage not only 1-order but 2-order causal interventions of
patterns and relationships.

3.4.3. Causal Intervention Strategy

Concretely, as the trivial information is not expected to affect our final predictions, we further add
a constraint to better shield the prediction from the trivial information, and rewrite it as follows:

maxΘ ED,t[log PΘ(Y | {Ci, Cr}, T = t)]

s.t. ED [Dt[PΘ(Y | T = t)]] ≤ ϵ, i = 1, 2, . . . , m,
(12)

whereD is the dataset, t belongs to the confounder set including trivial patterns and trivial relationships
from other molecules, and D is the variance of a probability distribution, Θ denotes the overall model
parameters and ϵ is a small positive constant.

Hence, we define the critical loss and trivial loss to achieve prediction by critical information and
neglect the trivial information of a molecule G from Equation (12) as:

Lcri = − 1
|D| ∑G∈D y⊤G log(zGc),

Ltri =
1
|D| ∑G∈D KL(yunif , zGt),

(13)

where zGc and zGt denote critical information embedding and trivial information embedding of G, yG
denotes the label of G in dataset D, and yunif denotes the uniform distribution.

As shown in Equation (11), to alleviate the issue of the impossibility of intervening on the data
level, e.g., changing a graph’s trivial part to generate counterfactual graphs, we follow [40] to make
an implicit intervention on the embedding level in the 2-order paradigm. Inspired by their work, our
newly backdoor adjustment is beneficial to alleviate the confounding effect. We not only consider the
1-order intervention but also consider the 2-order intervention to pair multiple critical information
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from a molecule with multiple trivial ones from other molecules to compose the "intervened graphs"
with the implicit intervention method by the following loss:

z(1)G̃ = Φ
(

hGc + hĠt′

)
, Ġ = D \ G,

z(2)G̃ = Φ

(
∑Gci∈G

hGci
+ ∑Ġt′j

∈Ġ hĠt′j

)
+ Φ

(
∑ei∈G hei + ∑ėj′∈Ġ

hėj′

)
,

zG̃ = z(1)G̃ ⊕ z(2)G̃ ,

Lcaus = − 1
|D|·|T |·|C| ∑G∈D ∑t′∈T ∑c∈C y⊤G log

(
zG̃
)
,

(14)

where G denotes a molecule and Ġ denotes another molecule fromD, zG̃ is the predictive logits from an

activation function Φ on "implicit intervened graph" G̃ with 1-order (z(1)G̃ ) and 2-order information (z(2)G̃ );
hGc is the sum embedding c of all critical nodes embeddings from G, but hĠt′

is the sum embedding t′ of

all trivial nodes from Ġ; hGci
is the embedding of critical pattern Gci from G, but hĠt′j

is the embedding

of trivial pattern Ġt′j
from Ġ; ei and ėj′ are critical and trivial relationships between patterns from

G and Ġ, respectively. T is the estimated hierarchical set of the overall trivial information, which
collects the appearing trivial patterns and relationships from training data. Likewise, C is the estimated
hierarchical set of the overall critical information from training data. Equation (14) is defined as the
causal intervention loss, which ensures that the prediction of the intervention graph remains constant
and stable across trivial information. This guarantees a steady prediction that remains unaffected by
variations in the distribution of trivial patterns and trivial relationships.

3.5. Step III: Predictions

Finally, our HSCGL combines the critical and trivial loss Lcri and Ltri in Equation (13), the causal
intervention loss Lcaus in Equation (14), and the global-local MI loss LGMI in Equation (10) to form the
final loss function L for molecule property predictions. The final loss function L of HSCGL is then
defined as follows:

L = Lcri + αLtri + βLcaus + η ∑
Gi∈G
LGi

MI , (15)

where α, β and η control the contributions of the trivial graph information, the causal intervention and
the global-local MI enhancement, respectively. Hence, HSCGL is trained to predict molecular graph
properties while keeping discriminative pattern embeddings aware of 2-order structures.

4. Results
In this section, we aim to verify the performance of HSCGL in predicting molecule properties.

We evaluate our proposed HSCGL for outperforming competitive molecular graph learning models
by leveraging cluster characteristics, causal information, and 2-order relationships. Besides, our
proposed HSCGL considers 2-order critical relationships and can achieve higher performance than
those methods that only incorporate 1-order critical information. Specially, HSCGL can capture the
critical patterns with significant information and insightful interpretations.

4.1. Datasets

We conduct extensive experiments on 7 real-world datasets, including MUTAG [48], NCI1 [49],
PROTEINS [50], PTC (FR, FM, MM) [51], Mutagenicity [52] from TUDataset [53], and we also conduct
experiments on 4 synthetic datasets, one publicly available original synthetic dataset and our three
newly synthetic datasets designed from the original synthetic dataset, as in Figure ??(i, ii, iii, iv) to
verify our generalization and expressive abilities in capturing critical patterns and critical relationships.
These four synthetic datasets contain 2,000 samples per class with 4 classes, 6 classes, 2 classes and 2
classes, respectively. The publicly available original synthetic dataset as shown in Figure ??(i) is used
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Table 1. Mean test accuracy (%) of graph classification methods. The best scores per dataset are marked in boldface
and the second best scores are underlined. Statistically significant differences between HSCGL and DiffWire,
between HSCGL and CAL, which are marked in the upper right-hand corner of HSCGL’s score and the lower
right-hand corner of HSCGL’s score, respectively, are tested using a one-sided paired t-test and are denoted using
• for α = .01 and ◦ for α = .05.

Models MUTAG NCI1 PROTEINS PTC-FR PTC-FM PTC-MM Mutagenicity
sGIN 85.73 64.33 66.48 66.38 64.76 68.68 68.53

MinCutNet 88.83 72.31 76.73 67.51 65.44 67.56 78.33
mewispool 78.65 73.40 73.40 65.82 61.32 62.50 80.51
dropGNN 89.97 79.12 71.79 68.37 66.17 67.84 81.25

CTNet 89.36 72.17 77.10 66.67 63.88 68.10 73.74
GAPNetlap 88.86 70.19 76.83 67.11 63.31 67.20 73.30

GAPNetnorm 88.30 70.54 76.64 67.81 63.61 68.11 73.53
DiffWire 88.27• 71.36• 76.64◦ 67.46• 63.33• 68.42◦ 73.55•

CAL 89.83• 81.90• 76.65◦ 68.39• 66.45• 67.65• 83.05•
HSCGL 91.52•• 83.58•• 77.23◦◦ 69.41•• 68.47•• 68.70◦• 84.58••

for identifying four patterns (i.e., House, Cycle, Grid and Diamond) [54,55], and they are accompanied
by different bias rates b or 1− b of trivial patterns, i.e., Tree or BA structure (as the same as the setting
in [40]). The value b indicates the proportion of the trivial pattern (e.g. Tree structure) of the molecules
of a class to all the molecules of that class, and 1− b indicates the proportion of the other trivial pattern
(e.g. BA structure). This dataset is used to test that our HSCGL avoids performance perturbations
caused by trivial patterns; The synthetic compounded dataset groups the molecules with every two of
four critical patterns to a class, resulting in 6 different classes; The synthetic separated dataset differs
significantly from the synthetic compounded dataset as it divides the four patterns into two distinct
groups. Each group is assigned a specific class based on the presence of either one or both of the
two patterns within it. The synthetic biased separated dataset unbalances two critical patterns by
a bias rate b′ based on the synthetic separated dataset, e.g., b′ = 0.8 in Figure ??iv, where b′ denotes
the quantity proportion of different critical patterns with a same trivial pattern in a class. These three
synthetic datasets collectively assess the model’s capability to mitigate diverse influences on trivial
relationships. The task is to analyse different impacts of critical information and trivial information,
and verify the ability to distinguish the trivial information.

4.2. Experimental Settings

In our HSCGL, we perform 10-fold cross-validations with 10 random seeds on TUDatasets.
Besides, we use GCN and GAT as GNN encoders with 128 hidden units on synthetic datasets. As for
training parameters, we train the models for 100 epochs with a batch size of 128. For the proposed
HSCGL, we search all the hyperparameters (α, β and η as in Equation (15)) in [0.1, 1.0) with a step size
of 0.1 and report the results with the best settings. We optimize all models with the Adam optimizer.
All experiments are conducted on a server with NVIDIA 2080 Ti (11GB GPU).

4.3. Research Questions

The following research questions guide the remainder of the paper: (RQ1) Does our proposed
HSCGL outperform competitive molecular graph learning baselines by leveraging causal information?
(RQ2) Can the proposed HSCGL of 2-order form achieve enhanced performance than those methods
that only incorporate 1-order information? (RQ3) How do those introduced components affect the
performance of HSCGL? (RQ4) Does HSCGL capture the critical information with significant patterns
and insightful interpretations?
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4.4. RQ1: Evaluation for Causality

We conduct experiments to evaluate our proposed HSCGL for outperforming competitive molec-
ular graph learning models by leveraging causal information.
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Figure 3. Examples to showcase the importance of different patterns in four compounds. Our HSCGL can
effectively distinguish between critical and trivial information at the 2-order level, enabling a more comprehensive
understanding of the molecular structure and its properties.

In Table 1, we report the results of existing models and our HSCGL to show that our HSCGL
help achieve superior performance on real-world datasets. Since these datasets involve implicit
or unobserved irregular critical patterns, we can conclude that HSCGL can leverage the critical
information and eliminate backdoor paths between ground-truth labels and trivial information. In
Table 2i, we present the results of GCN, GAT, the variant enhanced by a causal method, i.e., CAL,
and the variant enhanced by considering cluster characteristics and 2-order critical relationships, i.e.,
our HSCGL, on the original synthetic datasets with a different bias rate b. We aim to examine the
model’s ability to mine critical patterns and avoid trivial patterns. As shown in Table 2i, our proposed
HSCGL can achieve enhanced effectiveness in modelling biased dataset by leveraging the “Tree”/“BA”
trivial patterns [54,55] of different rates in a class as the confounder compared with all other baselines.
Specifically, our HSCGL is designed to pay more attention to critical patterns, which can model the
dataset distribution well regardless of the distribution of trivial patterns, especially in the extreme bias
conditions, i.e., the bias rate b = 0.1 or 0.9. Therefore, our HSCGL can achieve better generalization.

We visualize the attention weights of patterns in the molecular graphs from the four compounds
in Figure 3. An attribution value close to 1 indicates that the corresponding pattern plays a critical
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role in the prediction, while an attribution value close to 0 suggests that the pattern has minimal
influence on the prediction. As shown in Figure 3a, we investigate the causal relationship of HSCGL in
the toxicity analysis, which is of significant concern in drug development due to its potential harm
to human health. A molecule may contain multiple toxic groups, such as compound 1 with three
toxic groups: aromatic nitro group, aromatic amino group, and quinone group. However, current
methods often attribute the phenyl ring as the primary toxic group due to its frequent co-occurrence
with the nitro group. Conversely, these models consider the amino group to be less significant in
terms of toxicity, as they finish the prediction through other signature toxic groups for simplicity.
This phenomenon leads models to overlook the presence of amino groups in the prediction process.
These lead to the misconception that the phenyl ring is predominantly toxic, while the amino groups
are not. Based on our results, as illustrated in Figure 3a, the nitro, amino, and quinone groups
positively contribute to enhancing toxicity prediction. Similarly, the carboxyl groups also aid in
enhancing detoxification prediction. This aligns with existing research indicating that aromatic nitro,
aromatic amino, and quinone groups are identified as toxic, while the carboxyl group is associated
with detoxification. The underlying issue lies in the fact that not only do these individual toxic groups
impact the toxicity prediction of the entire molecule, but the 2-order relationships in molecules play a
crucial role. Additionally, the attention scores for the relationships between these groups indicate that
the relationship between quinone and amino groups is particularly instrumental in molecule property
prediction.

Similarly, in the three remaining compounds 2, 3 and 4 depicted in Figure 3, our proposed HSCGL
effectively captures critical information that greatly enhances the model’s performance. (b) The
compound 2 is composed of nitro, carbon-nitrogen, piperidine-like and azooxy patterns. Our proposed
HSCGL learns to make a causal view of 2-order relationships, including the relationships between
azooxy and piperidine-like groups that confounds the predictions of the mutagenic property. (c) During
the Hyperedge Construction phase, the compound 3 utilizes both 1-hop and 2-hop neighbourhood-
based clustering methods to construct hyperedges from an input molecular graph. (d) The compound
4 employs a depth-first-search(dfs)-based clustering method to construct hyperedges from an input
molecular graph. As a result, HSCGL can effectively discern between critical and trivial information,
leading to improved performance in molecule prediction.

It needs to be explained that, when comparing the artificial construction of supernodes in Fig-
ure 3a-b, where each supernode is expertly designed, it becomes clear that this method incurs signifi-
cant labour costs and is not cost-effective, particularly in large-scale datasets. To address this limitation,
we proposed HSCGL can automate the construction of supernodes. Our approach has the potential to
reveal implicit patterns, including those that may currently remain undiscovered but play a crucial role
in predicting molecular properties. As illustrated in Figure 3c-d, during the Hyperedge Construction
phase, our HSCGL is capable of learning these underlying patterns without the need for manual
labelling. Additionally, HSCGL excels at distinguishing between critical and trivial patterns, offering a
more efficient and effective solution while reducing the need for human labour.
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Table 2. Mean test accuracy (%) of graph classification on the original synthetic dataset and three newly designed
synthetic datasets. Our methods are highlighted with a gray background and the numbers in brackets represent
performance degradation than an unbiased dataset.

nmi(i) Graph classification on original synthetic dataset with different bias rates b (SYN-b)
SYN-0.1 SYN-0.3 Unbiased SYN-0.7 SYN-0.9

GCN 95.44(↓2.61%) 97.62(↓0.39%) 98.00 96.50(↓1.53%) 94.75(↓3.32%)
CALGCN 94.69(↓3.26%) 96.81(↓1.10%) 97.88 97.12(↓0.78%) 96.75(↓1.15%)

HSCGLGCN 96.12(↓2.36%) 98.19(↓0.25%) 98.44 97.50(↓0.95%) 97.50(↓0.95%)
GAT 90.31(↓5.81%) 96.69(↑0.84%) 95.88 94.62(↓1.31%) 89.56(↓6.59%)

CALGAT 90.94(↓3.89%) 95.88(↑1.33%) 94.62 94.12(↓0.53%) 88.62(↓6.34%)
HSCGLGAT 92.69(↓3.51%) 97.06(↑1.04%) 96.06 95.38(↓0.71%) 92.44(↓3.77%)
nmi(ii) Graph classification on synthetic compounded dataset with different bias rates b (SYN-b)

SYN-0.1 SYN-0.3 Unbiased SYN-0.7 SYN-0.9
GCN 92.21(↓5.02%) 95.62(↓1.50%) 97.08 97.33(↑0.26%) 96.21(↓0.90%)

CALGCN 90.00(↓7.85%) 96.75(↓0.94%) 97.67 97.46(↓0.22%) 96.25(↓1.45%)
HSCGLGCN 96.42(↓1.61%) 98.17(↑0.17%) 98.00 98.38(↑0.39%) 97.12(↓0.90%)

GAT 83.75(↓12.4%) 92.62(↓3.14%) 95.62 95.54(↓0.08%) 86.04(↓10.0%)
CALGAT 92.29(↓3.86%) 96.08(↑0.08%) 96.00 95.42(↓0.60%) 91.62(↓4.56%)

HSCGLGAT 94.04(↓3.72%) 96.38(↓1.32%) 97.67 96.21(↓1.49%) 95.62(↓1.09%)
nmi(iii) Graph classification on synthetic separated dataset with different bias rates b (SYN-b)

SYN-0.1 SYN-0.3 Unbiased SYN-0.7 SYN-0.9
GCN 86.25(↓7.38%) 91.50(↓1.74%) 93.12 91.88(↓1.33%) 83.00(↓10.9%)

CALGCN 86.12(↓7.89%) 90.50(↓3.21%) 93.50 92.25(↓1.34%) 84.25(↓9.89%)
HSCGLGCN 90.25(↓5.97%) 97.12(↑0.90%) 96.25 95.50(↓0.78%) 89.88(↓6.62%)

GAT 87.62(↓5.02%) 90.88(↓1.49%) 92.25 93.00(↑0.81%) 84.75 (↓8.13%)
CALGAT 88.00(↓8.45%) 94.50(↓1.69%) 96.12 94.75(↓1.43%) 83.75(↓12.9%)

HSCGLGAT 89.88(↓6.86%) 95.62(↓1.02%) 96.50 95.88(↓0.64%) 85.25(↓11.7%)
nmi(iv) Graph classification on synthetic biased separated dataset with a fixed rate b = 0.1

nmiand different bias rates b
′

(SYN-b
′
)

SYN-0.1 SYN-0.3 Unbiased SYN-0.7 SYN-0.9
GCN 81.82(↑0.63%) 72.73(↓10.6%) 81.31 78.48(↓3.48%) 82.42(↑1.37%)

CALGCN 75.76(↓5.96%) 82.11(↑1.92%) 80.56 79.39(↓1.45%) 81.21(↑0.81%)
HSCGLGCN 83.33(↓4.62%) 83.82(↓4.06%) 87.37 83.03(↓4.97%) 83.64(↓4.23%)

GAT 79.70(↓5.49%) 83.87(↓0.55%) 84.33 82.85(↓1.76%) 77.88(↓7.65%)
CALGAT 79.39(↓5.61%) 80.06(↓4.82%) 84.11 83.64(↓0.56%) 82.97(↓1.36%)

HSCGLGAT 81.52(↓4.49%) 84.75(↓0.70%) 85.35 84.85(↓0.59%) 85.15(↓0.12%)

4.5. RQ2: Evaluation on 2-order Form

To explain that our proposed HSCGL of 2-order form can identify critical relationships among
patterns and achieve enhanced performance than those methods that only incorporate 1-order infor-
mation, we create three new synthetic datasets: synthetic compounded dataset, synthetic separated
dataset and synthetic biased separated dataset. By conducting experiments on these synthetic datasets,
we aim to evaluate how our HSCGL obtains 2-order critical relationships among patterns to achieve
better performance than other methods. (1) In Table 2ii, models need to perform as an AND-gate-like
function to classify a molecule to a class when the molecule includes every two of four critical patterns,
e.g., "House" and "Grid" both connect with "Tree" in this molecule, otherwise to classify to another class.
However, CAL [40] does not perform well because it only captures the 1-order information. Instead,
our proposed HSCGL is well qualified for this situation. (2) In Table 2iii, we conduct experiments on the
synthetic separated dataset. Models need to perform as an OR-gate-like function to classify a molecule
to a class when the presence of either one or both of the two patterns within the molecule, otherwise to
classify to another class. As a result, our HSCGL also shows better performance. (3) In Table 2iv, we
conduct experiments on the synthetic biased separated dataset with b′ to prove the performance of our
HSCGL. Our HSCGL consistently produces enhanced performances, ensures the generalization under
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a 2-order paradigm, and effectively eliminates the backdoor paths between ground-truth labels and
trivial patterns. Therefore, experiments on the three synthetic datasets demonstrate that our HSCGL
can capture the 2-order critical information of data and obtain superior improvement of performance.

It is worth noting that the performance of a biased dataset (e.g., b = 0.3) may seldom be better
than that of the unbiased dataset (b = 0.5) in Table 2 due to the strong similarity between two critical
patterns, i.e., the "House" pattern is actually a substructure of the "Diamond" one.

4.6. RQ3: Ablation Study

We conduct the following experiments in this subsection to explore the impacts of causality, HNN,
different construction methods and different components of our HSCGL.

Table 3. Ablation study without Causality and without Hypergraph Neural Network (HNN) on three real datasets
and one synthetic dataset. "SYN-sep" indicates SYN-0.1 (biased) on synthetic separated datasets.

w/o Causality MUTAG PTC-FR PTC-FM SYN-sep
hop1 88.97−2.55 66.21−3.20 67.19−1.28 86.30−3.95
hop2 89.47−2.05 67.63−1.78 65.44−3.03 88.27−1.98

w/o HNN MUTAG PTC-FR PTC-FM SYN-sep
hop1 89.91−1.61 68.95−0.46 67.88−0.59 87.15−3.10
hop2 89.39−2.13 68.77−0.64 67.91−0.56 88.01−2.25

OURS 91.52 69.41 68.47 90.25
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Figure 4. (a) The performance comparison of different construction methods of superedges in HSCGL; (b) The
performance comparison of different components in HSCGL. Dashed lines indicate our HSCGL performance.

(a) BA-(Circle) (b) BA-(House) (c) BA-(Circle-House)

(d) Tree-(Circle) (e) Tree-(House) (f) Tree-(Circle-House)

Figure 5. The visualizations of HSCGL on synthetic separated dataset.

Effectiveness of causality and HNN. The experiments of both hypergraph learning which is in
the absence of causal steps and causality which is in the absence of HNN but preserving supernode
construction in our HSCGL are shown in Table 3. (1) Our experiments clearly indicate a significant
decline in performance when the causal step is removed. We conclude that causality truly improves
performance in real datasets (e.g. +1.78% on PTC-FR) and synthetic datasets (e.g. +1.98% on synthetic
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separated datasets). (2) In the absence of HNN, we still conduct supernodes using existing construc-
tion methods (hop1 or hop2) and we approximate each supernode embedding as the mean of the
embeddings of nodes. Without HNN, this is a rough estimation method with a loss in accuracy. The
experimental results demonstrate that 2-order group characteristics by HNN indeed work.

Different construction methods of superedges. Different construction methods of superedge
determine the connection relationships between supernodes. We test our HSCGL with different
thresholds bthre of 1, 3, 5 as well as weighted superedges. bthre denotes the minimal number of common
nodes when existing a link between two hyperedges. From Figure 4a, we observe that the threshold
value bthre itself has a marginal effect on the final performance. Noticeably, on both datasets, our
HSCGL benefits from a lower threshold value, i.e., bthre=1 or 3. This is because both MUTAG and
PROTEINS are relatively small datasets, which means a higher threshold might lead to too sparse
superedge connections. Such a sparsely connected hypergraph may suffer from the undertraining
issue. Additionally, when bthre=1, it results in excessively dense superedge connections and may occur
over-smoothing issue. Therefore, we can conclude that a lower threshold is more favourable on small
datasets and when bthre=3, our HSCGL reach better results.

Different components. We explore the effectiveness of each component as shown in Figure 4b,
including the structure-aware and global-local MI mechanisms, 1-order and 2-order causal information.
We have verified several different hyperedge construction methods (dfs5, dfs10, hop1 and hop2) for
evaluating performance of different components. Among them, we find that 1-order and 2-order
causal information provide relatively more important support for the improvement of performance on
molecular graph classification.

4.7. RQ4: Visual Interpretations

To additionally explain that HSCGL can capture critical patterns for insightful interpretations, we
also visualize critical and trivial patterns in synthetic separated datasets to show the effectiveness of
our HSCGL. We plot hyperedge attention areas by attention scores of HSCGL in Figure 5. In synthetic
separated datasets, our HSCGL can well distinguish the critical patterns (i.e., Circle and House) with
an attention score close to 1, while discarding the unimportant trivial patterns (i.e., Tree and BA) with
an attention score close to 0.

5. Discussions
We propose Hypergraph-based Structure-aware Causal Graph Learning to distinguish between

critical and trivial patterns and learn to accurately predict molecule properties. Our HSCGL offers
explanations that align with the understanding of chemists, thereby avoiding misleading inferences
arising from trivial patterns in the prediction of molecule properties. Consequently, we are confident
that HSCGL empowers chemists to impartially identify critical patterns and extract vital information
from molecules.

Our HSCGL leverages cluster characteristics, causal information, and 2-order relationships to
enhance graph embeddings for molecules. By integrating embeddings from critical patterns, our
method implicitly learns critical information including critical patterns and critical relationships. While
HSCGL has shown promising performance, it may still have some limitations. Firstly, capturing 2-order
critical relationships between patterns which are remotely linked in a molecule poses challenges. While
our HSCGL excels in distinguishing critical information at both the 1-order and 2-order levels, it may
not work well when dealing with complex molecules. Our HSCGL can indeed capture long-distance
dependencies between patterns, but it is not yet optimal for capturing relationships between distant
patterns. Efforts can be considered in the future to improve the model’s ability to capture long-distance
patterns and enhance its overall performance in these scenarios. Secondly, we acknowledge that there
exist unsupervised estimations in constructing hyperedges as patterns. Adjusting these patterns in
combination with existing knowledge has the potential to further improve the model’s performance.
Nevertheless, it is important to note that incorporating existing knowledge can be a complex and
costly endeavour. This aspect also opens up avenues for future research, such as incorporating expert
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knowledge or exploring the use of pre-training methods to introduce additional domain-specific
information. These approaches can be beneficial for drug discovery and they have the potential to
further enhance the model’s performance by leveraging external knowledge sources.

6. Conclusions
In the field of molecule property prediction, patterns such as Bemis-Murcko scaffolds and func-

tional groups play a crucial role in determining molecular properties. Additionally, there exist critical
patterns and critical relationships between patterns which truly determine molecule property. Con-
versely, the presence of trivial patterns and trivial relationships between patterns which lead to an
implicit bias, ultimately having a detrimental impact on molecule property prediction. In our research,
we address the aforementioned challenges by leveraging cluster characteristics, causal information, and
2-order relationships in molecule property prediction. We propose Hypergraph-based Structure-aware
Causal Graph Learning (HSCGL) for molecular graph representation learning. We first employ a hy-
pergraph neural network to learn the molecular graph representation at the pattern level. Additionally,
we propose a structure-aware mechanism to capture the structural information within each pattern.
We effectively capture critical patterns and critical relationships by utilizing the backdoor adjustment
of causal learning, improving the generalization ability and performance of models. Furthermore,
our proposed HSCGL also facilitates the visualization of vital patterns for drug discovery, aiding
researchers in identifying key components for effective drug design and development. Extensive
experiments and ablation study on real-world and synthetic datasets demonstrate the effectiveness of
our HSCGL.
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