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ABSTRACT

Graph Neural Networks (GNNs) have achieved substantial progress in graph-
structured learning, with recent innovations targeting heterophilic graphs and
attention-based designs such as Graph Transformers. These models are typically
evaluated on widely used standard benchmark datasets for node and graph classifi-
cation. In this work, we identify a critical and often overlooked issue: these widely
used benchmarks frequently suffer from significant class imbalance. Despite this
prevalence, the GNN community predominantly relies on individual aggregate
metrics namely standard accuracy and AUROC, on these datasets, often over-
looking their limitations and target utility. While convenient, the existing aggre-
gate measures could obscure class-level disparities and lead to incorrect conclu-
sions about architectural effectiveness. Our work provides empirical evidence to
demonstrate this limitation and advocate for a more robust evaluation framework
that incorporates a diverse set of metrics (including balanced accuracy, AUPRC,
and per-class metrics) to enable a transparent and reliable assessment of GNN
capabilities.

1 INTRODUCTION

Graph Neural Networks (GNNs) have emerged as a powerful paradigm for analyzing graph-
structured data, achieving state-of-the-art results across a multitude of tasks including node clas-
sification, link prediction, and graph classification (Velickovic et al., 2017; |Hamilton et al.l 2017}
Kipf, 2016). The versatility of GNNs has led to their widespread application in various fields, in-
cluding bioinformatics, social network analysis, chip design, recommendation systems, etc. (Wu
et al., [2020; |Sharma et al., [2024; |Zhang et al., 2021). This rapid advancement is largely driven by
the continuous innovation in GNN architectures, and researchers continue to propose sophisticated
GNN models to tackle challenges such as heterophily and long-range dependencies. This includes
specialized heterophily GNNs (Zhu et al., [2020; |L1 et al., 2022; Maurya et al., [2021; Zhu et al.,
2021), meticulously designed for graphs where connected nodes often belong to different classes, as
well as advanced designs like graph Transformers and other attention-based mechanisms that aim
to capture intricate long-range dependencies (Ying et al., 2021} [Velickovic et al.,|2017; Dwivedi &
Bresson, [2020; [Rampasek et al., [2022} [Shirzad et al.,2024; Kong et al., 2023).

As the field matures, evaluation protocols have standardized around widely adopted benchmark
datasets such as Questions, Squirrel-filtered, Amazon-ratings, and ogbn-arxiv (Platonov et al.,
2023b; [Hu et al.l |2020) for node classification, alongside datasets such as ogbg-molhiv (Hu et al.,
2020), COLLAB (Rossi & Ahmed, [2015)), and COX2 |Sutherland et al.| (2003)) for graph classifica-
tion. The rigorous evaluation of these cutting-edge models on a diverse and widely adopted set of
benchmark datasets is crucial for the field’s progression, as it provides a common ground for fair
comparison, quantifies the effectiveness of new approaches, highlights areas for improvement, and
ultimately fosters further innovation by setting clear targets for research and development (Platonov
et al.,|2023b; Bechler-Speicher et al.; |Luo et al., 20245 2025b)).

In our study, we first highlight a critical yet often overlooked property of several of these GNN
benchmark datasets: the presence of significant class imbalance. Although class imbalance is a
fundamental property of many real-world datasets, a key finding from our investigation is that the
vast majority of GNN research continues to use mainly accuracy and area under receiver operat-
ing characteristics(tAUROC) (Bradley, [1997) for evaluating model performance on these standard
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benchmarks, which are imbalanced. Although these metrics are standard and have their own ben-
efits, they may not be the ideal choice for all data sets. The utility of these metrics(or even other
metrics such as area under precision-recall curve-AUPRC, balanced accuracy (Ghanem et al.,2023;
Seo et al.| [2021)) is highly dependent on the specific context and the problem at hand (Josephine}
2017; |Ghanem et al., 2023} [Owusu-Adjei et al.l 2023 [Saito & Rehmsmeier, 2015} |Akosal 2017;
Krawczykl 2016; Johnson & Khoshgoftaar, 2019} |Seo et al., 2021). Crucially, in our investigation,
we found the majority of the GNN research works in which accuracy, a metric particularly insensi-
tive to class imbalance (Guesné et al.,2024; Tholke et al.,[2023)), was extensively reported even when
the underlying widely used standard benchmarks such as Amazon-ratings (Platonov et al., 2023b),
ogbn-arxiv (Hu et al.l 2020), and Squirrel-filtered (Platonov et al.l 2023b) are severely imbalanced.
Several GNN models have reported significant improvements on these standard benchmarks with
the above metrics, and consequently assert architectural superiority Luo et al.[(2024). Furthermore,
we also highlight that beyond research works involving architectural innovations, we also observe
that benchmarking studies have overlooked this while evaluating on these standard GNN bench-
mark datasets(Luo et al., [2025b; [Park et al., [2025b; |[Platonov et al., [2023a)). The current evaluation
protocols on these benchmarks may provide an incomplete understanding of a model’s true capabili-
ties (Guesné et al., 2024 |Tholke et al.,|2023)). To ensure a robust and truthful evaluation, it is crucial
to move beyond single metrics. This work aims to redirect the field toward evaluation protocols
that capture various aspects of model performance, promoting a more robust evaluation of GNNs on
widely used benchmarks.

In support of these crucial observations and the significant relevance of the above works, our work
dives into the evaluation aspect of GNNs on several standard benchmark datasets. Towards this, we
make the following contributions.

1. We demonstrate the prevalence and significant impact of class imbalance on standard GNN
benchmarks, revealing that existing literature often relies on metrics insensitive to this is-
sue.

2. We empirically show how relying solely on aggregate metrics like accuracy and AUROC
on these standard GNN benchmarks could lead to incomplete performance assessment of
several GNN models, especially for minority classes in both node classification and graph
classification.

3. We propose and advocate for a more robust and diverse evaluation framework for GNN
research. This framework also emphasizes including metrics that provide additional in-
sights into performance, including per-class metrics such as class-level F1-scores, aggre-
gate AUPRC and balanced accuracy, as these can reveal performance nuances that existing
aggregate measures alone might overlook. The motivation is to ultimately foster more
transparent and reliable progress in the field.

2 RELATED WORK

Neural Networks for Graphs: Graph Neural Networks (GNNs) have emerged as powerful class
of models for tasks such as node classification, graph classification, link predictione etc. by itera-
tively aggregating information from a node’s local neighbors, combining graph structure and fea-
tures to learn informative representations (Kipf, 2016;|Velickovi¢ et al.,[2017). Despite their success,
GNNs could face challenges such as over-smoothing, over-squashing, limited ability to handle some
types of heterophily. To address these limitations, specialized neural architectures have been pro-
posed for heterophilous graphs (Maurya et al., 2021; Zhu et al., 2021}, Pirro; [Li et al., [2022)). More
recently, Graph Transformers (GTs) have also been proposed which use self-attention to capture
global interactions between any nodes in the graph (Deng et al., 2024} |Chen et al.,[2024b; Ma et al.,
2024; Rampasek et al., [2022;|Ying et al.,|2021), with several studies demonstrating their impact on
graph-level tasks such as molecular property prediction.

Benchmarking GNNs for Graph Problems: Recently, impactful studies, including the work by
(Platonov et al., 2023bj [Luo et al., 2024) studied GNNs under heterophily. These studies demon-
strated that GNN architectures can match specialized heterophily-focused as well as Graph trans-
former models when evaluated on carefully curated, bias-free heterophilous datasets. Similarly, |[Luo
et al.| (2025b)) demonstrated that classic GNNs in many cases can match the performance of Graph
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transformers for graph classification tasks. These findings highlight the importance of rigorous
benchmarking in assessing the architectural effectiveness of different methods. Motivated by these
observations, our work further emphasizes the importance of using appropriate evaluation metrics
on standard GNN benchmarks, especially in the presence of data imbalance, to better understand
and assess GNN performance across diverse conditions.

Current evaluation practices on standard GNN benchmarks We surveyed several research
works which performed evaluation on the standard benchmarks namely Amazon-ratings, Questions,
Squirrel-filtered, ogbn-arxiv, COLLAB, COX2, and ogbg-molhiv. We observe that the vast majority
of works on graph learning which is focused on designing GNNs, use standard accuracy as metric
on multi-class datasets (e.g., Amazon-ratings, Squirrel-filtered, and COLLAB), while AUROC is
the widely used standard metric for binary tasks such as Questions, ogbg-molhiv, and COX2 [Zhao
et al.| (2023)); [Zhou et al.| (2023)); |Platonov et al.| (2023a)); Luo et al.| (2025b; [2024). A full list of
references is provided in Appendix [A.T|for space considerations.

3 INVESTIGATING ISSUES WITH CURRENT EVALUATION ON STANDARD GNN
BENCHMARK DATASETS.

To comprehensively investigate the issues with current GNN evaluation on standard GNN bench-
marks, we consider a diverse set of widely used datasets, categorized by their primary task: node
classification and graph classification. For each dataset, we first analyze its class distribution and
discuss its implications for commonly used evaluation metrics. We then analyze the performance
of various neural models on these datasets using both imbalance-aware and imbalance-insensitive
metrics.

Table 1: Statistics of Benchmark Node Classification Datasets

Amazon- Squirrel-
Statistic ratings  Questions filtered ogbn-arxiv
Nodes 24492 48921 2223 169343
Edges 93050 153540 46998 1166243
Node features 300 301 2089 128
Classes 5 2 5 40
Chg : 0.161
C()I 0.267 C()I 0.340 024 :0.131
Cy:0.367 Ch: 0.97 Ci:0.232 (s : 0.126
. . 0- V. .
Class Ratio Cy: 0.231 Ch0.03 C5:0.178
Cs:0.08 e C3:0.144  Ci5 : 0.0002
C4Z 0.04 C4Z 0.104 C35 : 0.00075
Cs1 : 0.0023

Table 2: Statistics of Graph Classification Datasets

Statistic ogbg-molhiv COX2 COLLAB
Number of Graphs 41127 1238 5000
Avg Nodes per Graph 25.5 259 74.49
Avg Edges per Graph 27.5 27.9 2457.78
Number of Classes 2 2 3
Cp: 0.52
. Cop: 0.036 Cp: 0.782

Class Ratio : : C1:0.325

C1:0.963 C1: 0.218 Cy: 0.155
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3.1 DATASETS

We analyze critical benchmarks across two domains: node classification, focusing on key het-
erophilic datasets widely used for assessing GNNs and Graph Transformers. For graph classifi-
cation, we examine several standard benchmark datasets utilized to measure the effectiveness of
different GNN architectures. The dataset statistics are present in Table[T]and [2]

Node Classification:

* Questions (Platonov et al.l [2023b): In this datasets, the classification task is to predict
which users remained active on the Yandex Q question-answering website. The dataset is
highly imbalanced; approximately 97% of users belong to the “active” (majority) class, and
3% to the “inactive” (minority) class.

* Squirrel-filtered (Platonov et al., | 2023b): A network of Wikipedia pages, where nodes are
classified into one of five categories based on monthly traffic, reflecting popularity. Despite
accuracy being the widely used metric, this dataset has significant class imbalance; for
instance, Class 0 contains 756 nodes, while Class 4 has only 233. Understanding predictive
performance across these different popularity levels is essential, as these groups reflect
meaningful, real-world differences in page usage.

¢ Amazon-ratings (Platonov et al.} [2023b): This dataset is derived from Amazon’s product
co-purchasing network. Nodes represent products (eg:- books, DVDs), and edges connect
products frequently bought together. The objective is to predict a product’s average cus-
tomer rating across five classes(1-5 stars). There is a severe class imbalance, as the largest
class represents more than 37% of the data, while the smallest accounts for less than 5%.
Given that different classes may hold varying importance in this task, the prevalent use of
accuracy could lead to misleading conclusions, particularly as minority classes (C'5 and
C}y) collectively represent a small fraction of the data.

* ogbn-arxiv (Hu et al.,2020): The ogbn-arxiv dataset is a citation network where each node
is a Computer Science arXiv paper and each edge is a citation. Every paper belongs to one
of 40 subject categories, e.g., c¢s.Al, cs.LG, cs.0S etc.. The goal is to predict which of
the categories each paper belongs to, a process that assists arXiv moderators. A critical
challenge in this dataset is the severe class imbalance: the top 4 most frequent classes are
disproportionately dominant, accounting for approximately 48% of the total samples, while
the bottom 10 least frequent classes contain less than 2.4% of the samples combined. This
imbalance makes accuracy a potentially unreliable indicator of overall model effectiveness,
especially for identifying papers in niche or relatively less-represented categories. Due to
space limitations, the detailed statistics of this dataset are present in App. [D}

Imbalance in Node Classification Benchmark Datasets: The datasets for node classification in
Table[T]clearly demonstrate class imbalance in several standard benchmark datasets. On imbalanced
datasets like Squirrel-filtered, Amazon-ratings, and ogbn-arxiv, the common use of accuracy as an
evaluation metric might not present a true picture. In an imbalanced dataset, accuracy could lean
towards the majority class; it doesn’t truly reflect how well a model performs overall, especially
when every class holds equal importance unless specified (Guesné et al.,|2024; Tholke et al.| [2023).
This can unintentionally give us an inaccurate view of a model’s or the model configuration’s real
capability, and could lead to suboptimal choices.

Graph Classification:

* ogbg-molhiv (Hu et al.,|2020): A prominent datasets from the popular Open Graph Bench-
mark (OGB) designed for molecular property prediction. This dataset presents a challeng-
ing binary graph classification task characterized by extreme class imbalance. As detailed
in Table [2] the positive class (inhibitors) represents only about 4% of the data, while the
negative class (non-inhibitors) makes up the remaining 96%. High-quality prediction for
the minority positive class is valuable for bio-scientists to decide which molecules to ad-
vance to clinical trials. Consequently, robust evaluation hinges on metrics that are highly
sensitive to the performance on this crucial minority class.

* COLLAB: (Rossi & Ahmed, 2015): The COLLAB dataset is comprised of graphs, each
representing a researcher’s ego network. In these networks, nodes signify researchers, and
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edges denote co-authorship within a specific scientific field. The primary objective is to
classify the scientific field (class) associated with a given subgraph. A notable characteristic
of this dataset, as detailed in Table E], is its significant class imbalance, where one class
constitutes a significantly lower(15%) percentage of the total samples in the three-class
classification task. The widely reported metric on this dataset is accuracy.

* COX2 (Sutherland et al.| [2003): COX2 is another widely used dataset for molecular graph
classification, focusing on a critical biological target: the cyclooxygenase-2 (COX-2) en-
zyme. The primary task is to predict if a chemical compound can inhibit this enzyme, which
is a critical target for developing anti-inflammatory drugs. The dataset shows a significant
imbalance with approximately 21% of positive samples and 79% negative samples.

Imbalance in Graph Classification Benchmark Datasets: The datasets discussed, as detailed in
their descriptions and in Table exhibit significant class imbalance. The case of ogbg-molhiv
with =~ 4% positive samples is particularly noteworthy. The widely used metric for this dataset is
AUROC (Luo et al.}|[2025b; Hu et al.| 2020), also proposed by the ogb source (Hu et al.,2020). This
contrasts with another dataset, ogbg-molpcba, from the same ogb source, which, with its more severe
imbalance of about &~ 1.4% positive samples (and multiple classes), prompts the use of Average
Precision. While a 1.4% rate in ogbg-molpcba is notably more imbalanced which is acknowledged
by the community (Hu et al., 2020), a 4% positive class rate in ogbg-molhiv is still highly skewed
and far from a balanced distribution, making the choice of evaluation metric critical.

3.2 EXPERIMENTAL SETUP
3.2.1 EVALUATION METRICS

To ensure a rigorous and comprehensive GNN performance assessment, we extend beyond the stan-
dard accuracy and AUROC. Metric selection is paramount for imbalanced classification, where ex-
isting aggregate measures, often insensitive to imbalance might not reflect the true overall picture.
Consequently, our evaluation employs both existing as well as new aggregate metrics, as well as
per-class metrics, to provide granular insights.

Aggregate Metrics: These metrics provide an overall summary of the model’s performance across
all classes. While widely used, some are more robust to class imbalance than others. For binary
classification datasets, we report both AUROC (consistent with prior literature) and AUPRC. For
multi-class classification, we utilize both standard accuracy (following existing works) and balanced
accuracy.

Per-class metrics: To gain fine-grained insights into model behavior and identify specific strengths
or weaknesses for individual classes, we report F1-score per class. The definitions of the metrics are

present in App.

4 EXPERIMENTS

This section analyzes the performance of various models on standard GNN benchmarks. We specif-
ically highlight the significant performance drop observed when using metrics that take class im-
balance into account. Our experiments further demonstrate that different configurations of a model
could yield similar results on standard (imbalance-insensitive) metrics, yet produce significantly
divergent results when evaluated with imbalance-aware metrics.

4.1 EXPERIMENTAL SETUP

Train/Val/Test Split: For the node classification datasets, we follow the standard splits from the
benchmarking paper that proposed these datasets (Platonov et al., [2023bj |Hu et al.| 2020). In graph
classification, for COX2 and COLLAB, we perform an 80/10/10 split, and for ogbg-molhiv, we
follow the standard split as per the benchmarking work of Hu et al.| (2020).

Models considered: Our evaluation includes standard GNN architectures: GCN (Kipf] [2016),
GraphSAGE (Hamilton et all 2017)), and GAT (Velickovi¢ et al., 2017), a Heterophily-Aware
GNN FSGNN(alias FSGCN) (Maurya et al. 2021), and Graph Transformers (GTs) namely
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Figure 1: Comparison of performance of different models on standard GNN benchmark datasets on
different evaluation metrics.

SGFormer (Wu et all [2023) and Nodeformer [2022) for node classification and
GraphGPS (Rampések et al., [2022)) and Subgraphormer (Bar-Shalom et al., 2024) for graph clas-
sification. Although this list is not exhaustive, our primary objective was to assess the behavior of
different models on different metrics on the standard GNN benchmarks.

System Configuration and Parameters We conduct our experiments on a 12GB NVIDIA
GeForce GTX 1080 Ti GPU with PyTorch version 2.6.0, and PyTorch-geometric version 2.6.1.
The details of hyperparameters for different models are presented in Appendix [C| The code to run
experiments is present at https://anonymous.4open.science/r/eval_graph.

4.2 RESULTS

Performance variation when taking class imbalance into consideration. In this section, we
investigate how the performance of different models varies when evaluated on metrics that take
into account the aspect of class imbalance. The model performance plots in Fig. [ reveal a critical
evaluation pitfall. On several imbalanced ogbn-arxiv node classification datasets (Fig. [I¢]), several
models achieve a standard accuracy of &~ 71%, yet the balanced accuracy metric drops sharply to
~ 50%. This disparity is starkly evident from the per-class results in Fig. [Le] where high-support
classes like Cg and Co4 show excellent performance (F1-score over ~ 85%), while low-support
classes such as Cy; and C3j5 suffer significantly, with metrics falling below 5%. We observe that
high-support classes like C1¢ and Cag show excellent performance (F1-score over 85%), while low-
support classes such as Cy1 and C35 suffer significantly, with metrics falling below 5%. This finding
highlights a crucial point: aggregate accuracy on these standard GNN benchmarks alone can present
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Figure 2: Classwise results on GNN Benchmarks for the aggregate results presented in Fig. |1} As
evident, on several datasets, class-specific performance is highly uneven, and a widely used metric
such as accuracy might mask important variations in how well the model handles different classes in
these imbalanced datasets. For each class, we also present the test class ratios rounded to 2 decimal
places.

a distorted view of performance when class imbalance is present. Therefore, using metrics such
as balanced accuracy or per-class metrics is vital for a comprehensive evaluation of a model’s true
capabilities. We observe similar conclusions in other datasets such as Squirrel-filtered and Amazon-
ratings in Fig. [Tb] [Tajand [2a] 2d] It is interesting to note that on the Squirrel-filtered dataset in
Fig[Tb] the SAGE and SGFormer models achieve similar accuracy scores, but the balanced accuracy
metric differs by a margin of ~ 5%, underscoring that accuracy alone might not provide a complete
understanding and could lead to incorrect conclusions.

Similar observations are obtained in graph classification datasets. For instance in Fig.[Tf] we observe
that on the COLLAB dataset, several models obtain a high accuracy score above ~ 84%, however,
this contrasts sharply with low balanced accuracy ~67%. The per-class metrics for COLLAB in
Figure show high-performance above ~ 85% on the majority class, however, the performance on
the non-majority classes is significantly lower.

In Fig. [Ig] for the binary classification ogbg-molhiv dataset, we observe that AUROC for different
models is generally above ~ 70% while AUPRC is below 30%. The low AUPRC indicates that
the models struggle to achieve high precision and recall on the minority class, a small but vital set
of inhibitors. For scenarios like drug development, where the cost associated with false positives
could significantly outweigh that of false negatives due to expensive clinical trials, the knowledge
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of a metric such as AUPRC is helpful in validating the high precision and recall required for making
critical, high-certainty decisions (McDermott et al.). Hence, studying an additional metric such as
AUPRC is desired when evaluating performance on this widely benchmarked dataset.
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Figure 3: Divergent metrics: Different configurations of the same model can lead to similar ac-
curacy/AUROC scores, as shown by the low percentage blue colored gain bar, but significantly
different balanced accuracy/AUPRC metrics(orange bar). This highlights how a single metric can
mask significant performance differences, especially in imbalanced datasets.

Divergent Metrics: A More Nuanced Perspective on Model Performance This section high-
lights the critical impact of evaluation metrics, particularly in scenarios where models achieve simi-
lar scores on standard measures like accuracy or AUROC but vary significantly on class-imbalance-
sensitive metrics such as balanced accuracy and AUPRC. To illustrate this, we experimented with
two model configurations(number of layers/pooling mechanism) for each model. We then analyzed
the percentage change observed for each model w.r.t accuracy and balanced accuracy for multi-class
datasets, and AUROC and AUPRC for binary classification datasets.

Figure [3| presents these results across different datasets. For each model, a pair of bars(blue and
orange) represents the two configurations. The blue bars indicate the percentage gain of the first
configuration over the second on the blue metric, while the orange bars show the gain on the orange
metric. We observed, for instance, that in the Questions dataset (Fig. [3c), two GAT models yielded
highly similar AUROC scores, yet their AUPRC differed by approximately 9%. Similarly, for ogbg-
molhiv, the percentage gain in AUROC for two GCN models was negligible, but their AUPRC
scores diverged significantly. Similar trends were found in ogbn-arxiv and COLLAB. These findings
underscore that relying solely on metrics insensitive to class imbalance risks overlooking crucial
performance differences. Therefore, a comprehensive understanding of diverse metrics is essential
for accurately assessing a model’s true capabilities and making informed selections based on the
specific requirements of a given use case. For reference, absolute numeric values for this plot and
model configurations are present in App. [E]

Optimizing for different objectives: Impact of validation metric In this section, we study the
impact of using different validation metrics for choosing the best model and validation epoch. In
fig. ] we observe that models selected based upon validation balanced-accuracy yield a higher
performance on balanced-accuracy, highlighting the choice of validation metric also plays a role
in evaluation. For example, on Squirrel-filtered, we observe a gain of ~ 2—3%, on ogbn-arxiv
~ 1.5—2%, and approximately 5—6% gain on COLLAB. Similarly, for binary datasets like Ques-
tions, validating with AUPRC led to a higher test AUPRC score. This additional study shows that,
depending on the target use case and the relevant metric under consideration, the selected validation
metric could also lead to a change in the performance.

5 DISCUSSION AND CONCLUSION

Our study highlights a critical and overlooked pitfall in GNN evaluation on several standard GNN
Benchmarks, which are commonly used to assess the performance of GNNs: the widespread reliance
on aggregate metrics like accuracy and AUROC often masks significant performance deficiencies,
particularly for minority classes in imbalanced datasets. While these single metrics offer appealing
simplicity, our findings unequivocally demonstrate that this convenience comes at a steep cost: a
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Figure 4: Model selection based upon different validation metrics. In this experiment, for ogbn-
arxiv and COLLAB, we compared performance when accuracy and balanced accuracy are selected
as validation criteria. For Questions and ogbg-molhiv, we compared with AUROC and AUPRC as
validation criteria.

hidden issue of masked performance disparities. Models often achieve high scores on traditional
metrics yet fail substantially when assessed with imbalance-aware measures such as balanced accu-
racy and per-class Fl-scores. This gap is not merely a statistical nuance; it profoundly limits our
understanding of a model’s true generalization capabilities and its reliability in real-world, high-
stakes applications like drug discovery or anomaly detection. In several cases, we also observed
that model configurations could be deemed equivalent by standard metrics, but still could exhibit
dramatically different performance on imbalance-aware measures. This means that selecting GNNs
based solely on traditional metrics risks choosing suboptimal models.

Through a detailed analysis spanning various benchmark datasets and GNN architectures, we advo-
cate for a fundamental shift in evaluation practices. We urge the community to adopt a comprehen-
sive, context-aware approach utilizing diverse metrics. By moving beyond the simplicity of existing
widely used aggregate scores on these standard benchmarks, researchers can gain a more accurate
understanding of GNN performance, fostering the development and selection of more robust, equi-
table, and impactful GNN applications.
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ments are conducted on publicly available benchmark data, posing no risk to human subjects or their
privacy.

7 REPRODUCIBILITY STATEMENT

In the anonymous repository https://anonymous.4open.science/r/eval_graph, we
attach the code to run the experiments for this work. The experimental Sec. 4] contains information
on the splits used, system configuration details, and App. [Clreports the parameters studied.


https://anonymous.4open.science/r/eval_graph

Under review as a conference paper at ICLR 2026

REFERENCES

Carlo Abate and Filippo Maria Bianchi. Maxcutpool: differentiable feature-aware maxcut for
pooling in graph neural networks. ArXiv, abs/2409.05100, 2024. URL https://api.
semanticscholar.org/CorpusID:272525135.

Sonny Achten, Zander Op de Beeck, Francesco Tonin, Volkan Cevher, and Johan A. K. Suykens.
Hencler: Node clustering in heterophilous graphs via learned asymmetric similarity. 2024. URL
https://api.semanticscholar.org/CorpusID:280151816.

Guoguo Ai, Hezhe Qiao, Hui Yan, and Guansong Pang. Semi-supervised graph anomaly detection
via robust homophily learning. arXiv preprint arXiv:2506.15448, 2025a.

Yuming Ai, Xunkai Li, Jiaqi Chao, Bowen Fan, Zhengyu Wu, Yinlin Zhu, Ronghua Li, and Guoren
Wang. Federated graph unlearning. 2025b. URL https://api.semanticscholar.org/
CorpusID:280422400.

Josephine Akosa. Predictive accuracy: A misleading performance measure for highly imbalanced
data. In Proceedings of the SAS global forum, volume 12, pp. 1-4. SAS Institute Inc. Cary, NC,
USA, 2017.

Javad Aliakbari, Johan Ostman, and Alexandre Graell i Amat. Decoupled subgraph federated
learning. In International Conference on Learning Representations, 2024. URL https:
//api.semanticscholar.orqg/CorpusID:268063846.

Fouad Alkhoury, Tamds Horvéth, Christian Bauckhage, and Stefan Wrobel. Improving graph neural
networks through feature importance learning. Machine Learning, 114(8):178, 2025.

Anonymous.  ALS: Attentive long-short-range message passing, 2025. URL https://
openreview.net/forum?id=SvzO2rryxd.

Ben Anson, Edward Milsom, and Laurence Aitchison. Flexible infinite-width graph convolu-
tional neural networks. Trans. Mach. Learn. Res., 2025, 2024a. URL https://api.
semanticscholar.org/CorpusID:267617048.

Ben Anson, Edward Milsom, and Laurence Aitchison. Flexible infinite-width graph convolutional
networks and the importance of representation learning. arXiv preprint arXiv:2402.06525, 2024b.

Hugo Attali, Davide Buscaldi, and Nathalie Pernelle. Delaunay graph: Addressing over-squashing
and over-smoothing using delaunay triangulation. In Forty-first International Conference on Ma-
chine Learning, 2024.

Jacob Bamberger, Federico Barbero, Xiaowen Dong, and Michael M Bronstein. Bundle neural
networks for message diffusion on graphs. arXiv preprint arXiv:2405.15540, 2024.

Guy Bar-Shalom, Beatrice Bevilacqua, and Haggai Maron. Subgraphormer: Unifying subgraph
gnns and graph transformers via graph products. arXiv preprint arXiv:2402.08450, 2024.

Maya Bechler-Speicher, Ben Finkelshtein, Fabrizio Frasca, Luis Miiller, Jan Tonshoff, Antoine
Siraudin, Viktor Zaverkin, Michael M Bronstein, Mathias Niepert, Bryan Perozzi, et al. Po-
sition: Graph learning will lose relevance due to poor benchmarks, 2025. URL hittps://arxiv.
org/abs/2502.14546.(Cited on page 1.).

Maya Bechler-Speicher, Amir Globerson, and Ran Gilad-Bachrach. The intelligible and effective
graph neural additive network. Advances in Neural Information Processing Systems, 37:90552—
90578, 2024.

Ali Behrouz and Farnoosh Hashemi. Graph mamba: Towards learning on graphs with state space
models. In Proceedings of the 30th ACM SIGKDD conference on knowledge discovery and data
mining, pp. 119-130, 2024.

Andrew P Bradley. The use of the area under the roc curve in the evaluation of machine learning
algorithms. Pattern recognition, 30(7):1145-1159, 1997.

10


https://api.semanticscholar.org/CorpusID:272525135
https://api.semanticscholar.org/CorpusID:272525135
https://api.semanticscholar.org/CorpusID:280151816
https://api.semanticscholar.org/CorpusID:280422409
https://api.semanticscholar.org/CorpusID:280422409
https://api.semanticscholar.org/CorpusID:268063846
https://api.semanticscholar.org/CorpusID:268063846
https://openreview.net/forum?id=SvzO2rryxq
https://openreview.net/forum?id=SvzO2rryxq
https://api.semanticscholar.org/CorpusID:267617048
https://api.semanticscholar.org/CorpusID:267617048

Under review as a conference paper at ICLR 2026

Andrea Cavallo, Claas Grohnfeldt, Michele Russo, Giulio Lovisotto, and Luca Vassio. Gcnh: A
simple method for representation learning on heterophilous graphs. In 2023 International Joint
Conference on Neural Networks (IJCNN), pp. 1-8. IEEE, 2023.

Andrea Ceni, Alessio Gravina, Claudio Gallicchio, Davide Bacciu, Carola-Bibiane Schonlieb, and
Moshe Eliasof. Message-passing state-space models: Improving graph learning with modern
sequence modeling. arXiv preprint arXiv:2505.18728, 2025.

Jingyu Chen, Runlin Lei, and Zhewei Wei. Polygcl: Graph contrastive learning via learnable spectral
polynomial filters. In The twelfth international conference on learning representations, 2024a.

Jinsong Chen, Siyu Jiang, and Kun He. Ntformer: A composite node tokenized graph transformer
for node classification. arXiv preprint arXiv:2406.19249, 2024b.

Xuanze Chen, Jiajun Zhou, Shanqing Yu, and Qi Xuan. Mixture of experts meets decoupled mes-
sage passing: Towards general and adaptive node classification. Companion Proceedings of the
ACM on Web Conference 2025, 2024c. URL https://api.semanticscholar.org/
CorpusID:274638366.

Zhikai Chen, Haitao Mao, Jingzhe Liu, Yu Song, Bingheng Li, Wei Jin, Bahare Fatemi, Anton
Tsitsulin, Bryan Perozzi, Hui Liu, et al. Text-space graph foundation models: Comprehensive
benchmarks and new insights. Advances in Neural Information Processing Systems, 37:7464—
7492, 2024d.

Jiashun Cheng, Zinan Zheng, Yang Liu, Jianheng Tang, Hongwei Wang, Yu Rong, Jia Li,
and Fugee Tsung. Graph pre-training models are strong anomaly detectors. arXiv preprint
arXiv:2410.18487, 2024.

Mustafa Cogkun, Ananth Grama, and Mehmet Koyutiirk. Generalized learning of coefficients in
spectral graph convolutional networks. In 2024 IEEE International Conference on Knowledge
Graph (ICKG), pp. 25-32. IEEE, 2024.

Siddhartha Shankar Das, Naheed Anjum Arafat, Muftiqur Rahman, S. M. Ferdous, Alex Pothen,
and Mahantesh M. Halappanavar. Sgs-gnn: A supervised graph sparsification method for graph
neural networks. ArXiv, abs/2502.10208, 2025. URL https://api.semanticscholar.
org/CorpusID:276394642,

Andreea Deac and Jian Tang. Evolving computation graphs. arXiv preprint arXiv:2306.12943,
2023.

Chenhui Deng, Zichao Yue, and Zhiru Zhang. Polynormer: Polynomial-expressive graph trans-
former in linear time. arXiv preprint arXiv:2403.01232, 2024.

Thu Uyen Do and Viet Cuong Ta. Tackling under-reaching issue in beta-wavelet filters with mixup
augmentation for graph anomaly detection. Expert Systems with Applications, 275:127033, 2025.

Mingze Dong and Yuval Kluger. Towards understanding and reducing graph structural noise for
gnns. In International Conference on Machine Learning, pp. 8202-8226. PMLR, 2023.

Yanfei Dong, Mohammed Haroon Dupty, Lambert Deng, Zhuanghua Liu, Yong Liang Goh, and
Wee Sun Lee. Differentiable cluster graph neural network. arXiv preprint arXiv:2405.16185,
2024.

Rui Duan, Mingjian Guang, Junli Wang, Chungang Yan, Hongda Qi, Wenkang Su, Can Tian, and
Haoran Yang. Unifying homophily and heterophily for spectral graph neural networks via triple
filter ensembles. Advances in Neural Information Processing Systems, 37:93540-93567, 2024.

Vijay Prakash Dwivedi and Xavier Bresson. A generalization of transformer networks to graphs.
arXiv preprint arXiv:2012.09699, 2020.

Chanakya Ekbote, Ajinkya Deshpande, Arun Iyer, Sundararajan Sellamanickam, and Ramakrishna

Bairi. Figure: Simple and efficient unsupervised node representations with filter augmentations.
Advances in Neural Information Processing Systems, 36:35403-35425, 2023.

11


https://api.semanticscholar.org/CorpusID:274638366
https://api.semanticscholar.org/CorpusID:274638366
https://api.semanticscholar.org/CorpusID:276394642
https://api.semanticscholar.org/CorpusID:276394642

Under review as a conference paper at ICLR 2026

Moshe Eliasof, Alessio Gravina, Andrea Ceni, Claudio Gallicchio, Davide Bacciu, and Carola-
Bibiane Schonlieb. Graph adaptive autoregressive moving average models. In Forty-second In-
ternational Conference on Machine Learning.

Moshe Eliasof, Alessio Gravina, Andrea Ceni, Claudio Gallicchio, Davide Bacciu, and Carola-
Bibiane Schonlieb. Grama: Adaptive graph autoregressive moving average models. arXiv preprint
arXiv:2501.12732, 2025.

Dmitry Eremeev, Gleb Bazhenov, Oleg Platonov, Artem Babenko, and Liudmila Prokhorenkova.

Turning tabular foundation models into graph foundation models. arXiv preprint
arXiv:2508.20906, 2025.

Bowen Fan, Yuming Ai, Xunkai Li, Zhilin Guo, Rong-Hua Li, and Guoren Wang. Opengu: A
comprehensive benchmark for graph unlearning. arXiv preprint arXiv:2501.02728, 2025.

Shahaf E Finder, Ron Shapira Weber, Moshe Eliasof, Oren Freifeld, and Eran Treister. Improving the
effective receptive field of message-passing neural networks. arXiv preprint arXiv:2505.23185,
2025.

Stefano Fiorini, Hakan Aktas, Iulia Duta, Stefano Coniglio, Pietro Morerio, Alessio Del Bue, and
Pietro Li0. Sheaves reloaded: A directional awakening. ArXiv, abs/2506.02842, 2025. URL
https://api.semanticscholar.org/CorpusID:279119521.

Andrea Giuseppe Di Francesco, Francesco Caso, Maria Sofia Bucarelli, and Fabrizio Silvestri.
Link prediction with physics-inspired graph neural networks. 2024. URL https://api.
semanticscholar.org/CorpusID:267782547.

Marc Ghanem, Abdul Karim Ghaith, Victor Gabriel El-Hajj, Archis Bhandarkar, Andrea De Gior-
gio, Adrian Elmi-Terander, and Mohamad Bydon. Limitations in evaluating machine learning
models for imbalanced binary outcome classification in spine surgery: a systematic review. Brain
Sciences, 13(12):1723, 2023.

Shengbo Gong, Jiajun Zhou, Chenxuan Xie, and Qi Xuan. Neighborhood homophily-based graph
convolutional network. In Proceedings of the 32nd ACM international conference on information
and knowledge management, pp. 3908-3912, 2023.

Lukas Gosch, Simon Geisler, Daniel Sturm, Bertrand Charpentier, Daniel Ziigner, and Stephan
Giinnemann. Adversarial training for graph neural networks: Pitfalls, solutions, and new direc-
tions. Advances in neural information processing systems, 36:58088-58112, 2023.

Sébastien JJ Guesné, Thierry Hanser, Stéphane Werner, Samuel Boobier, and Shaylyn Scott. Mind
your prevalence! Journal of Cheminformatics, 16(1):43, 2024.

Arman Gupta, Govind Waghmare, Gaurav Oberoi, and Nitish Srivastava. Flow matters: Di-
rectional and expressive gnns for heterophilic graphs. 2025. URL https://api.
semanticscholar.org/CorpusID:281079056.

Will Hamilton, Zhitao Ying, and Jure Leskovec. Inductive representation learning on large graphs.
Advances in neural information processing systems, 30, 2017.

Neil He, Menglin Yang, and Rex Ying. Lorentzian residual neural networks. In Proceedings of the
31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 1, pp. 436-447,
2025.

Silu He, Qinyao Luo, Xinsha Fu, Ling Zhao, Ronghua Du, and Haifeng Li. Cat: A causal graph
attention network for trimming heterophilic graphs. Information Sciences, 677:120916, 2024.

Asela Hevapathige, Asiri Wijesinghe, and Ahad N Zehmakan. Graph neural diffusion via general-
ized opinion dynamics. arXiv preprint arXiv:2508.11249, 2025.

Marcel Hoffmann, Lukas Galke, and Ansgar Scherp. Gumbel-mpnn: Graph rewiring with gumbel-
softmax. arXiv preprint arXiv:2508.17531, 2025.

12


https://api.semanticscholar.org/CorpusID:279119521
https://api.semanticscholar.org/CorpusID:267782547
https://api.semanticscholar.org/CorpusID:267782547
https://api.semanticscholar.org/CorpusID:281079056
https://api.semanticscholar.org/CorpusID:281079056

Under review as a conference paper at ICLR 2026

Guogiang Hou, Qiwen Yu, Fan Chen, and Guang Chen. Directed knowledge graph embedding using
a hybrid architecture of spatial and spectral gnns. Mathematics, 12(23):3689, 2024.

Weihua Hu, Matthias Fey, Marinka Zitnik, Yuxiao Dong, Hongyu Ren, Bowen Liu, Michele Catasta,
and Jure Leskovec. Open graph benchmark: Datasets for machine learning on graphs. Advances
in neural information processing systems, 33:22118-22133, 2020.

Saiful Islam, Md Nahid Hasan, and Pitambar Khanra. A structural feature-based approach for com-
prehensive graph classification. Journal of Computational Science, pp. 102679, 2025.

Justin M. Johnson and Taghi M. Khoshgoftaar. Survey on deep learning with class imbal-
ance. Journal of Big Data, 6:1-54, 2019. URL |https://api.semanticscholar.org/
CorpusID:102354936.

S Akosa Josephine. Predictive accuracy: a misleading performance measure for highly imbalanced
data classified negative. In SAS Global Forum, pp. 942-954, 2017.

Tugrul Hasan Karabulut and Inci M Baytas. Channel-attentive graph neural networks. In 2024 IEEE
International Conference on Data Mining (ICDM), pp. 729-734. IEEE, 2024.

Bobak Kiani, Lukas Fesser, and Melanie Weber. Unitary convolutions for learning on graphs and
groups. Advances in Neural Information Processing Systems, 37:136922-136961, 2024.

TN Kipf. Semi-supervised classification with graph convolutional networks. arXiv preprint
arXiv:1609.02907, 2016.

Matthias Kohn, Marcel Hoffmann, and Ansgar Scherp. Edge-splitting mlp: Node classification on
homophilic and heterophilic graphs without message passing. In LOG IN, 2024. URL https:
//api.semanticscholar.org/CorpusID:274638430.

Christian Koke and Daniel Cremers. Holonets: Spectral convolutions do extend to directed graphs.
arXiv preprint arXiv:2310.02232, 2023.

Kezhi Kong, Jiuhai Chen, John Kirchenbauer, Renkun Ni, C Bayan Bruss, and Tom Goldstein. Goat:
A global transformer on large-scale graphs. In International Conference on Machine Learning,
pp. 17375-17390. PMLR, 2023.

Bartosz Krawczyk. Learning from imbalanced data: open challenges and future directions. Progress
in artificial intelligence, 5(4):221-232, 2016.

Soo Yong Lee, Fanchen Bu, Jaemin Yoo, and Kijung Shin. Towards deep attention in graph neural
networks: Problems and remedies. In International conference on machine learning, pp. 18774—
18795. PMLR, 2023.

Guoming Li, Jian Yang, Shangsong Liang, and Dongsheng Luo. Spectral gnn via two-dimensional
(2-d) graph convolution. arXiv preprint arXiv:2404.04559, 2024a.

Guoming Li, Jian Yang, and Yifan Chen. Partition-wise graph filtering: A unified perspec-
tive through the lens of graph coarsening. ArXiv, abs/2505.14033, 2025a. URL https:
//api.semanticscholar.org/CorpusID:278769524.

Guoming Li, Jian Yang, and Yifan Chen. Partition-wise graph filtering: A unified perspective
through the lens of graph coarsening. In Proceedings of the 31st ACM SIGKDD Conference
on Knowledge Discovery and Data Mining V. 2, pp. 1353—-1364, 2025b.

Guoming Li, Jian Yang, and Shangsong Liang. FErgnn: Spectral graph neural network with
explicitly-optimized rational graph filters. In ICASSP 2025-2025 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP), pp. 1-5. IEEE, 2025c.

Ruikun Li, Ye Xiao, Xiaoxiao Ma, Andrey Vasnev, and Junbin Gao. Gdendrite: On heterophilous
graph contexts mining with versatile neural dendrites framework. In Proceedings of the 31st ACM
SIGKDD Conference on Knowledge Discovery and Data Mining V. 2, pp. 1505-1516, 2025d.

Wei Li, Mengcheng Lan, Jiaxing Xu, and Yiping Ke. Nocl: Node-oriented conceptualization 1lm
for graph tasks without message passing. arXiv preprint arXiv:2506.10014, 2025e.

13


https://api.semanticscholar.org/CorpusID:102354936
https://api.semanticscholar.org/CorpusID:102354936
https://api.semanticscholar.org/CorpusID:274638430
https://api.semanticscholar.org/CorpusID:274638430
https://api.semanticscholar.org/CorpusID:278769524
https://api.semanticscholar.org/CorpusID:278769524

Under review as a conference paper at ICLR 2026

Wenda Li, Kaixuan Chen, Shunyu Liu, Tongya Zheng, Wenjie Huang, and Mingli Song. Learn-
ing a mini-batch graph transformer via two-stage interaction augmentation. arXiv preprint
arXiv:2407.09904, 2024b.

Xiang Li, Renyu Zhu, Yao Cheng, Caihua Shan, Siqiang Luo, Dongsheng Li, and Weining Qian.
Finding global homophily in graph neural networks when meeting heterophily. In International
conference on machine learning, pp. 13242-13256. PMLR, 2022.

Xianxian Li, Zeming Gan, Qiyu Li, Bin Qu, Jinyan Wang, et al. Rethinking the impact of noisy
labels in graph classification: A utility and privacy perspective. Neural Networks, 182:106919,
2025f.

Xunkai Li, Zhengyu Wu, Wentao Zhang, Henan Sun, Rong-Hua Li, and Guoren Wang. Adafgl: A
new paradigm for federated node classification with topology heterogeneity. In 2024 IEEE 40th
International Conference on Data Engineering (ICDE), pp. 2517-2530. IEEE, 2024c.

Xunkai Li, Yinlin Zhu, Boyang Pang, Guochen Yan, Yeyu Yan, Zening Li, Zhengyu Wu, Wentao
Zhang, Rong-Hua Li, and Guoren Wang. Openfgl: A comprehensive benchmark for federated
graph learning. arXiv preprint arXiv:2408.16288, 2024d.

Yule Li, Yifeng Lu, Zhen Wang, Zhewei Wei, Yaliang Li, and Bolin Ding. Redisc: A reparameter-
ized masked diffusion model for scalable node classification with structured predictions. arXiv
preprint arXiv:2507.14484, 2025g.

Langzhang Liang, Sunwoo Kim, Kijung Shin, Zenglin Xu, Shirui Pan, and Yuan Qi. Sign is not a
remedy: Multiset-to-multiset message passing for learning on heterophilic graphs. arXiv preprint
arXiv:2405.20652, 2024.

Ningyi Liao, Sigiang Luo, Xiang Li, and Jieming Shi. Ld2: Scalable heterophilous graph neural
network with decoupled embeddings. Advances in neural information processing systems, 36:
10197-10209, 2023.

Ningyi Liao, Haoyu Liu, Zulun Zhu, Siqiang Luo, and Laks VS Lakshmanan. Benchmarking spec-
tral graph neural networks: A comprehensive study on effectiveness and efficiency. arXiv preprint
arXiv:2406.09675, 2024a.

Ningyi Liao, Zihao Yu, and Siqiang Luo. Dhil-gt: Scalable graph transformer with decoupled
hierarchy labeling. arXiv preprint arXiv:2412.04738, 2024b.

Brian Godwin Lim, Galvin Brice Sy Lim, Renzo Roel Tan, and Kazushi Ikeda. Contextualized
messages boost graph representations. arXiv preprint arXiv:2403.12529, 2024.

Ya-Wei Eileen Lin, Ronen Talmon, and Ron Levie. Equivariant machine learning on graphs with
nonlinear spectral filters. Advances in Neural Information Processing Systems, 37:128182—
128226, 2024.

Jonas Linkerhdgner, Cheng Shi, and Ivan Dokmani¢. Joint graph rewiring and feature denoising via
spectral resonance. arXiv preprint arXiv:2408.07191, 2024.

Jiaxin Liu, Xiaoqian Jiang, Xiang Li, Bo-Min Zhang, and Jing Zhang. Fairace: Achieving de-
gree fairness in graph neural networks via contrastive and adversarial group-balanced train-
ing. ArXiv, abs/2504.09210, 2025a. URL https://api.semanticscholar.org/
CorpusID:277780477.

Jingzhe Liu, Haitao Mao, Zhikai Chen, Tong Zhao, Neil Shah, and Jiliang Tang. Neural scaling
laws on graphs. CoRR, 2024a.

Kay Liu, Hengrui Zhang, Ziqing Hu, Fangxin Wang, and Philip S Yu. Data augmentation for
supervised graph outlier detection with latent diffusion models. arXiv preprint arXiv:2312.17679,
2023.

Tao Liu, Longlong Lin, Yunfeng Yu, Xi Ou, Youan Zhang, Zhiqiu Ye, and Tao Jia. Coata: Effective
co-augmentation of topology and attribute for graph neural networks. In Proceedings of the 2025
International Conference on Multimedia Retrieval, pp. 851-860, 2025b.

14


https://api.semanticscholar.org/CorpusID:277780477
https://api.semanticscholar.org/CorpusID:277780477

Under review as a conference paper at ICLR 2026

Yixin Liu, Shiyuan Li, Yu Zheng, Qingfeng Chen, Chengqi Zhang, and Shirui Pan. Arc: A generalist
graph anomaly detector with in-context learning. Advances in Neural Information Processing
Systems, 37:50772-50804, 2024b.

Yunhui Liu, Jiashun Cheng, Yiqing Lin, Qizhuo Xie, Jia Li, Fugee Tsung, Hongzhi Yin, Tao Zheng,
Jianhua Zhao, and Tieke He. Towards anomaly-aware pre-training and fine-tuning for graph
anomaly detection. arXiv preprint arXiv:2504.14250, 2025c.

Qincheng Lu, Jiaqi Zhu, Sitao Luan, and Xiao-Wen Chang. Flexible diffusion scopes with parame-
terized laplacian for heterophilic graph learning. arXiv preprint arXiv:2409.09888, 2024.

Sitao Luan, Chenqing Hua, Qincheng Lu, Liheng Ma, Lirong Wu, Xinyu Wang, Minkai Xu,
Xiao-Wen Chang, Doina Precup, Rex Ying, et al. The heterophilic graph learning hand-
book: Benchmarks, models, theoretical analysis, applications and challenges. arXiv preprint
arXiv:2407.09618, 2024a.

Sitao Luan, Qincheng Lu, Chenqging Hua, Xinyu Wang, Jiaqi Zhu, and Xiao-Wen Chang. Re-
evaluating the advancements of heterophilic graph learning. arXiv preprint arXiv:2409.05755,
2024b.

Haitong Luo, Suhang Wang, Weiyao Zhang, Ruiqi Meng, Xuying Meng, and Yujun Zhang. Gen-
eralize across homophily and heterophily: Hybrid spectral graph pre-training and prompt tuning.
arXiv preprint arXiv:2508.11328, 2025a.

Youzhi Luo, Michael McThrow, Wing Yee Au, Tao Komikado, Kanji Uchino, Koji Maruhashi,
and Shuiwang Ji. Automated data augmentations for graph classification. arXiv preprint
arXiv:2202.13248, 2022.

Yuankai Luo, Lei Shi, and Xiao-Ming Wu. Classic gnns are strong baselines: Reassessing gnns for
node classification. Advances in Neural Information Processing Systems, 37:97650-97669, 2024.

Yuankai Luo, Lei Shi, and Xiao-Ming Wu. Can classic gnns be strong baselines for graph-level
tasks? simple architectures meet excellence. arXiv preprint arXiv:2502.09263, 2025b.

Yuankai Luo, Lei Shi, and Xiao-Ming Wu. Unlocking the potential of classic gnns for graph-level
tasks: Simple architectures meet excellence. arXiv e-prints, pp. arXiv—2502, 2025c.

Jiahong Ma, Mingguo He, and Zhewei Wei. Polyformer: Scalable node-wise filters via polyno-
mial graph transformer. In Proceedings of the 30th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, pp. 2118-2129, 2024.

Seiji Maekawa, Yuya Sasaki, and Makoto Onizuka. A simple and scalable graph neural network for
large directed graphs. arXiv preprint arXiv:2306.08274, 2023.

Sohir Maskey, Raffaele Paolino, Aras Bacho, and Gitta Kutyniok. A fractional graph laplacian
approach to oversmoothing. Advances in Neural Information Processing Systems, 36:13022—
13063, 2023.

Sunil Kumar Maurya, Xin Liu, and Tsuyoshi Murata. Improving graph neural networks with simple
architecture design. arXiv preprint arXiv:2105.07634, 2021.

Matthew BA McDermott, LH Hansen, H Zhang, Giovanni Angelotti, and Jack Gallifant. A closer
look at auroc and auprc under class imbalance, 2025. URL https://arxiv. org/abs/2401.06091.

Harel Mendelman, Haggai Maron, and Ronen Talmon. It takes a graph to know a graph: Rewiring
for homophily with a reference graph. arXiv preprint arXiv:2505.12411, 2025.

Luis Miiller, Mikhail Galkin, Christopher Morris, and Ladislav RampaSek. Attending to graph
transformers. arXiv preprint arXiv:2302.04181, 2023.

Nimrah Mustafa and Rebekka Burkholz. Gate: How to keep out intrusive neighbors. arXiv preprint
arXiv:2406.00418, 2024.

15



Under review as a conference paper at ICLR 2026

Michael Owusu-Adjei, James Ben Hayfron-Acquah, Twum Frimpong, and Gaddafi Abdul-Salaam.
Imbalanced class distribution and performance evaluation metrics: A systematic review of predic-
tion accuracy for determining model performance in healthcare systems. PLOS Digital Health, 2
(11):e0000290, 2023.

Moon Jeong Park, Jaeseung Heo, and Dongwoo Kim. Mitigating oversmoothing through reverse
process of gnns for heterophilic graphs. In International Conference on Machine Learning, 2024.
URLhttps://api.semanticscholar.org/CorpusID:268512812.

Moon Jeong Park, Sunghyun Choi, Jaeseung Heo, Eunhyeok Park, and Dongwoo Kim. The over-
smoothing fallacy: A misguided narrative in gnn research. ArXiv, abs/2506.04653, 2025a. URL
https://api.semanticscholar.org/CorpusID:279244079.

MoonJeong Park, Sunghyun Choi, Jaeseung Heo, Eunhyeok Park, and Dongwoo Kim. The over-
smoothing fallacy: A misguided narrative in gnn research. arXiv preprint arXiv:2506.04653,
2025b.

Zhen Peng, Yunfan Wang, Qika Lin, Bin Shi, Chen Chen, Bo Dong, and Chao Shen. End-to-
end abnormal subgraph detection via subgraph-level contrastive learning. IEEE Transactions on
Neural Networks and Learning Systems, 2025a.

Zhen Peng, Yunqgi Xue, Yunfan Wang, Qika Lin, and Chao Shen. Estimating node abnormalities
from imprecise subgraph-level supervision. [EEE Transactions on Network Science and Engi-
neering, 2025b.

CHIARA PESCE. Arc+: An improved generalist graph anomaly detector. 2023.
Giuseppe Pirro. Heterophily-aware personalized pagerank for node classification.

Giuseppe Pirrd. Overlay neural networks for heterophilous graphs. In ECAI 2023, pp. 1890-1897.
IOS Press, 2023.

Oleg Platonov, Denis Kuznedelev, Artem Babenko, and Liudmila Prokhorenkova. Characterizing
graph datasets for node classification: Homophily-heterophily dichotomy and beyond. Advances
in Neural Information Processing Systems, 36:523-548, 2023a.

Oleg Platonov, Denis Kuznedelev, Michael Diskin, Artem Babenko, and Liudmila Prokhorenkova.
A critical look at the evaluation of gnns under heterophily: Are we really making progress? arXiv
preprint arXiv:2302.11640, 2023b.

Hezhe Qiao, Chaoxi Niu, Ling Chen, and Guansong Pang. Anomalygfm: Graph foundation model
for zero/few-shot anomaly detection. In Proceedings of the 31st ACM SIGKDD Conference on
Knowledge Discovery and Data Mining V. 2, pp. 23262337, 2025.

Yijian Qin, Xin Wang, Ziwei Zhang, Pengtao Xie, and Wenwu Zhu. Graph neural architecture search
under distribution shifts. In International Conference on Machine Learning, pp. 18083—18095.
PMLR, 2022.

Ladislav Rampések, Michael Galkin, Vijay Prakash Dwivedi, Anh Tuan Luu, Guy Wolf, and Do-
minique Beaini. Recipe for a general, powerful, scalable graph transformer. Advances in Neural
Information Processing Systems, 35:14501-14515, 2022.

André Ribeiro, Ana Luiza Tendrio, Juan Belieni, Amauri H Souza, and Diego Mesquita. Cooperative
sheaf neural networks. arXiv preprint arXiv:2507.00647, 2025.

Emanuele Rossi, Bertrand Charpentier, Francesco Di Giovanni, Fabrizio Frasca, Stephan
Giinnemann, and Michael M Bronstein. Edge directionality improves learning on heterophilic
graphs. In Learning on graphs conference, pp. 25-1. PMLR, 2024.

Ryan Rossi and Nesreen Ahmed. The network data repository with interactive graph analytics and
visualization. In Proceedings of the AAAI conference on artificial intelligence, volume 29, 2015.

Takaya Saito and Marc Rehmsmeier. The precision-recall plot is more informative than the roc plot
when evaluating binary classifiers on imbalanced datasets. PloS one, 10(3):e0118432, 2015.

16


https://api.semanticscholar.org/CorpusID:268512812
https://api.semanticscholar.org/CorpusID:279244079

Under review as a conference paper at ICLR 2026

Pablo Sanchez-Martin, Kinaan Aamir Khan, and Isabel Valera. Improving the interpretability of
gnn predictions through conformal-based graph sparsification. arXiv preprint arXiv:2404.12356,
2024.

Sangwoo Seo, Youngmin Kim, Hyo-Jeong Han, Woo Chan Son, Zhen-Yu Hong, Insuk Sohn, Jooy-
ong Shim, and Changha Hwang. Predicting successes and failures of clinical trials with outer
product-based convolutional neural network. Frontiers in Pharmacology, 12:670670, 2021.

Kartik Sharma, Yeon-Chang Lee, Sivagami Nambi, Aditya Salian, Shlok Shah, Sang-Wook Kim,
and Srijan Kumar. A survey of graph neural networks for social recommender systems. ACM
Computing Surveys, 56(10):1-34, 2024.

Hamed Shirzad, Honghao Lin, Balaji Venkatachalam, Ameya Velingker, David P Woodruff, and
Danica J Sutherland. Even sparser graph transformers. Advances in Neural Information Process-
ing Systems, 37:71277-71305, 2024.

Henan Sun, Xunkai Li, Zhengyu Wu, Daohan Su, Rong-Hua Li, and Guoren Wang. Breaking the
entanglement of homophily and heterophily in semi-supervised node classification. In 2024 IEEE
40th International Conference on Data Engineering (ICDE), pp. 2379-2392. IEEE, 2024a.

Qingyun Sun, Ziying Chen, Beining Yang, Cheng Ji, Xingcheng Fu, Sheng Zhou, Hao Peng, Jianxin
Li, and Philip S Yu. Ge-bench: An open and unified benchmark for graph condensation. Advances
in Neural Information Processing Systems, 37:37900-37927, 2024b.

Yundong Sun, Dongjie Zhu, Yansong Wang, Zhaoshuo Tian, Ning Cao, and Gregory O’Hared.
Spikegraphormer: A high-performance graph transformer with spiking graph attention. arXiv
preprint arXiv:2403.15480, 2024c.

Jeffrey J Sutherland, Lee A O’brien, and Donald F Weaver. Spline-fitting with a genetic algorithm:
A method for developing classification structure- activity relationships. Journal of chemical in-
formation and computer sciences, 43(6):1906-1915, 2003.

Jianheng Tang, Fengrui Hua, Ziqi Gao, Peilin Zhao, and Jia Li. Gadbench: Revisiting and bench-
marking supervised graph anomaly detection. Advances in Neural Information Processing Sys-
tems, 36:29628-29653, 2023.

Wenzhuo Tang, Haitao Mao, Danial Dervovic, Ivan Brugere, Saumitra Mishra, Yuying Xie, and
Jiliang Tang. Cross-domain graph data scaling: A showcase with diffusion models. arXiv preprint
arXiv:2406.01899, 2024.

Philipp Tholke, Yorguin-Jose Mantilla-Ramos, Hamza Abdelhedi, Charlotte Maschke, Arthur De-
hgan, Yann Harel, Anirudha Kemtur, Loubna Mekki Berrada, Myriam Sahraoui, Tammy Young,
et al. Class imbalance should not throw you off balance: Choosing the right classifiers and per-
formance metrics for brain decoding with imbalanced data. Neurolmage, 277:120253, 2023.

Astrit Tola, Funmilola Mary Taiwo, Cuneyt Gurcan Akcora, and Baris Coskunuzer. Toper: Topo-
logical embeddings in graph representation learning. arXiv preprint arXiv:2410.01778, 2024.

Domenico Tortorella and Alessio Micheli. Is rewiring actually helpful in graph neural networks?
arXiv preprint arXiv:2305.19717, 2023.

Petar Velickovié¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lio, and Yoshua
Bengio. Graph attention networks. arXiv preprint arXiv:1710.10903, 2017.

Ameya Velingker, Ali Sinop, Ira Ktena, Petar Velickovi¢, and Sreenivas Gollapudi. Affinity-aware
graph networks. Advances in Neural Information Processing Systems, 36:67847-67865, 2023.

Guancheng Wan, Yijun Tian, Wenke Huang, Nitesh V Chawla, and Mang Ye. S3gcl: Spectral, swift,
spatial graph contrastive learning. In Forty-first International Conference on Machine Learning,
2024.

Junfu Wang, Yuanfang Guo, Liang Yang, and Yunhong Wang. Understanding heterophily for graph
neural networks. arXiv preprint arXiv:2401.09125, 2024a.

17



Under review as a conference paper at ICLR 2026

Limei Wang, Kaveh Hassani, Si Zhang, Dongqi Fu, Baichuan Yuan, Weilin Cong, Zhigang Hua,
Hao Wu, Ning Yao, and Bo Long. Learning graph quantized tokenizers. arXiv preprint
arXiv:2410.13798, 2024b.

Xiang Wang, Hao Dou, and Zhenyu Meng. Heterophily learning and global-local dependencies
enhanced multi-view representation learning for graph anomaly detection. Knowledge-Based
Systems, 326:114039, 2025.

Zixiao Wang and Jicong Fan. Graph classification via reference distribution learning: theory and
practice. Advances in Neural Information Processing Systems, 37:137698—-137740, 2024.

Chunyu Wei, Haozhe Lin, Yueguo Chen, and Yunhai Wang. Anomaly detection through conditional
diffusion probability modeling on graphs.

Lanning Wei, Huan Zhao, Quanming Yao, and Zhigiang He. Pooling architecture search for graph
classification. In Proceedings of the 30th ACM International Conference on Information &
Knowledge Management, pp. 2091-2100, 2021.

Lanning Wei, Huan Zhao, Zhiqiang He, and Quanming Yao. Neural architecture search for gnn-
based graph classification. ACM Transactions on Information Systems, 42(1):1-29, 2023.

Qitian Wu, Wentao Zhao, Zenan Li, David P Wipf, and Junchi Yan. Nodeformer: A scalable graph
structure learning transformer for node classification. Advances in Neural Information Processing
Systems, 35:27387-27401, 2022.

Qitian Wu, Wentao Zhao, Chenxiao Yang, Hengrui Zhang, Fan Nie, Haitian Jiang, Yatao Bian, and
Junchi Yan. Sgformer: Simplifying and empowering transformers for large-graph representations.
Advances in Neural Information Processing Systems, 36:64753—64773, 2023.

Qitian Wu, David Wipf, and Junchi Yan. Neural message passing induced by energy-constrained
diffusion. arXiv preprint arXiv:2409.09111, 2024.

Wensen Wu and Yijun Gu. Graph anomaly detection via multi-level information alignment and
decoupling. Knowledge-Based Systems, pp. 114045, 2025.

Zonghan Wu, Shirui Pan, Fengwen Chen, Guodong Long, Chengqi Zhang, and Philip S Yu. A
comprehensive survey on graph neural networks. IEEE transactions on neural networks and
learning systems, 32(1):4-24, 2020.

Haobo Xu, Yuchen Yan, Dingsu Wang, Zhe Xu, Zhichen Zeng, Tarek F Abdelzaher, Jiawei Han,
and Hanghang Tong. Slog: An inductive spectral graph neural network beyond polynomial filter.
In Forty-first International Conference on Machine Learning, 2024a.

Zhengjia Xu, Dingyang Lyu, and Jinghui Zhang. Slicing input features to accelerate deep learning:
A case study with graph neural networks. ArXiv, abs/2408.11500, 2024b. URL https://api.
semanticscholar.org/CorpusID:271916108.

Rui Xue and Tianfu Wu. H '3 gnns: Harmonizing heterophily and homophily in gnns via joint
structural node encoding and self-supervised learning. arXiv preprint arXiv:2504.11699, 2025.

Naganand Yadati. Localformer: Mitigating over-globalising in transformers on graphs with localised
training. Transactions on Machine Learning Research, 2025.

Chenxiao Yang, Qitian Wu, David Wipf, Ruoyu Sun, and Junchi Yan. How graph neural networks
learn: Lessons from training dynamics in function space. ArXiv, abs/2310.05105, 2023. URL
https://api.semanticscholar.org/CorpusID:263829089.

Wenhan Yang and Baharan Mirzasoleiman. Graph contrastive learning under heterophily via graph
filters. arXiv preprint arXiv:2303.06344, 2023.

Yongyi Yang, Yangkun Wang, Zengfeng Huang, and David Paul Wipf. Implicit vs unfolded graph
neural networks. ArXiv, abs/2111.06592, 2021. URL https://api.semanticscholar.
org/CorpusID:244102843.

18


https://api.semanticscholar.org/CorpusID:271916108
https://api.semanticscholar.org/CorpusID:271916108
https://api.semanticscholar.org/CorpusID:263829089
https://api.semanticscholar.org/CorpusID:244102843
https://api.semanticscholar.org/CorpusID:244102843

Under review as a conference paper at ICLR 2026

Kai-Lang Yao and Wu-Jun Li. Re-quantization based binary graph neural networks. Science China
Information Sciences, 67(7):172101, 2024.

Jiawei Ye, Hongyi Li, Qinlin Xie, Sicheng Liang, Yu Liu, and Jie Wu. Hct: A hierarchical contrastive
learning framework for transferable graph anomaly detection.

Nan Yin, Li Shen, Chong Chen, Xian-sheng Hua, and Xiao Luo. Sport: A subgraph perspective on
graph classification with label noise. ACM Transactions on Knowledge Discovery from Data, 18
(9):1-20, 2024.

Chengxuan Ying, Tianle Cai, Shengjie Luo, Shuxin Zheng, Guolin Ke, Di He, Yanming Shen, and
Tie-Yan Liu. Do transformers really perform badly for graph representation? Advances in neural
information processing systems, 34:28877-28888, 2021.

Jiajun Yu, Zhihao Wu, Jinyu Cai, Adele Lu Jia, and Jicong Fan. Kernel readout for graph neural
networks. In Proceedings of the Thirty-Third International Joint Conference on Artificial Intelli-
gence, IJCAI-24, pp. 2505-2514, 2024.

Xingtong Yu, Jie Zhang, Yuan Fang, and Renhe Jiang. Non-homophilic graph pre-training and
prompt learning. In Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery
and Data Mining V. 1, pp. 1844—-1854, 2025.

Zhaoning Yu and Hongyang Gao. Molecular graph representation learning via heterogeneous motif
graph construction. 2022.

Aihu Zhang, Jiaxing Xu, Mengcheng Lan, Shili Xiang, and Yiping Ke. Directed homophily-aware
graph neural network. arXiv preprint arXiv:2505.22362, 2025a.

Xiao-Meng Zhang, Li Liang, Lin Liu, and Ming-Jing Tang. Graph neural networks and their current
applications in bioinformatics. Frontiers in genetics, 12:690049, 2021.

Yu Zhang, Xin Li, Yaoqun Xu, Xitong Xu, and Zhe Wang. A graph transformer with optimized
attention scores for node classification. Scientific Reports, 15(1):30015, 2025b.

Jianan Zhao, Zhaocheng Zhu, Mikhail Galkin, Hesham Mostafa, Michael Bronstein, and Jian Tang.
Fully-inductive node classification on arbitrary graphs. arXiv preprint arXiv:2405.20445, 2024a.

Kai Zhao, Qiyu Kang, Yang Song, Rui She, Sijie Wang, and Wee Peng Tay. Graph neural
convection-diffusion with heterophily. arXiv preprint arXiv:2305.16780, 2023.

Wentao Zhao, Qitian Wu, Chenxiao Yang, and Junchi Yan. Geomix: Towards geometry-aware data
augmentation. In Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining, pp. 4500—4511, 2024b.

Yunfeng Zhao, Yixin Liu, Shiyuan Li, Qingfeng Chen, Yu Zheng, and Shirui Pan. Free-
gad: A training-free yet effective approach for graph anomaly detection. arXiv preprint
arXiv:2508.10594, 2025.

Amber Yijia Zheng, Tong He, Yixuan Qiu, Minjie Wang, and David Wipf. Bloomgml: Graph
machine learning through the lens of bilevel optimization. arXiv preprint arXiv:2403.04763,
2024a.

Amber Yijia Zheng, Tong He, Yixuan Qiu, Minjie Wang, and David Wipf. Graph machine learning
through the lens of bilevel optimization. In International Conference on Artificial Intelligence
and Statistics, pp. 982-990. PMLR, 2024b.

Yilun Zheng, Zhuofan Zhang, Ziming Wang, Xiang Li, Sitao Luan, Xiaojiang Peng, and Lihui Chen.
Rethinking structure learning for graph neural networks. arXiv preprint arXiv:2411.07672,2024c.

Zhuonan Zheng, Yuanchen Bei, Sheng Zhou, Yao Ma, Ming Gu, Hongjia Xu, Chengyu Lai, Jiawei

Chen, and Jiajun Bu. Revisiting the message passing in heterophilous graph neural networks.
arXiv preprint arXiv:2405.17768, 2024d.

19



Under review as a conference paper at ICLR 2026

Ziyu Zheng, Yaming Yang, Ziyu Guan, Wei Zhao, and Weigang Lu. Discrepancy-aware graph mask
auto-encoder. In Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery
and Data Mining V. 2, pp. 4038-4049, 2025.

Jiajun Zhou, Xuanze Chen, Chenxuan Xie, Yu Shanqing, Qi Xuan, and Xiaoniu Yang. Rethinking
graph transformer architecture design for node classification. arXiv preprint arXiv:2410.11189,
2024a.

Jiajun Zhou, Chenxuan Xie, Shengbo Gong, Jiaxu Qian, Shanqing Yu, Qi Xuan, and Xiaoniu Yang.
Pathmlp: Smooth path towards high-order homophily. Neural Networks, 180:106650, 2024b.

Zhiyao Zhou, Sheng Zhou, Bochao Mao, Xuanyi Zhou, Jiawei Chen, Qiaoyu Tan, Daochen Zha,
Yan Feng, Chun Chen, and Can Wang. Opengsl: A comprehensive benchmark for graph structure
learning. Advances in Neural Information Processing Systems, 36:17904—17928, 2023.

Jiong Zhu, Yujun Yan, Lingxiao Zhao, Mark Heimann, Leman Akoglu, and Danai Koutra. Beyond
homophily in graph neural networks: Current limitations and effective designs. Advances in
neural information processing systems, 33:7793-7804, 2020.

Jiong Zhu, Ryan A Rossi, Anup Rao, Tung Mai, Nedim Lipka, Nesreen K Ahmed, and Danai
Koutra. Graph neural networks with heterophily. In Proceedings of the AAAI conference on
artificial intelligence, volume 35, pp. 11168-11176, 2021.

Jiaming Zhuo, Can Cui, Kun Fu, Bingxin Niu, Dongxiao He, Chuan Wang, Yuanfang Guo, Zhen
Wang, Xiaochun Cao, and Liang Yang. Graph contrastive learning reimagined: Exploring uni-
versality. In Proceedings of the ACM Web Conference 2024, pp. 641-651, 2024.

A APPENDIX

A.1 RESEARCH WORKS REPORTING ACCURACY AND AUROC ON STANDARD GNN
BENCHMARKS

With respect to evaluation metrics, most studies report Accuracy on multi-class datasets (e.g.,
Amazon-ratings, Squirrel-filtered, ognb-arxiv, COLLAB), whereas for binary classification datasets
such as Questions, ogbg-molhiv, COX2, the convention is to report ROC-AUC (Zhao et al.} 2023},
Zhou et al} 2023} [Platonov et al.,[2023a; [Behrouz & Hashemil, 2024} [Rossi et al.,[2024; Miiller et al.
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Tang| [2023; [Yang & Mirzasoleiman, [2023; [Zhang et al., 2025b Yadatlf 2025}, [Hou et al., 2024} [Liml
et al.| 2024} Mustafa & Burkholz, [2024; Tortorella & Micheli, [2023} [Eremeev et al., 2025} [Xue &
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Yang et al., 2023} |Achten et al.| 2024; [Aliakbari et al., 2024;|Anonymous, 2025} Anson et al., 2024a;
Islam et al., 2025} [Luo et al., 2022} [Yu & Gao, [2022} |Wei et al., 2023} |Qin et al., 2022; [Tola et al.
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2025b; Wei et al.l 2023} [Yin et al.l 2024} |Li1 et al., [20251; 'Wei et al.| 2021} |Sanchez-Martin et al.,
2024]).

Additionally, we would like to point out an interesting observation. In research works involving
anomaly detection on the imbalanced Questions dataset, in addition to regular AUROC, several
works report additional metrics such as Average Precision and AUPRC, highlighting the importance
of studying different metrics while studying performance of a model (Zhao et al., 2025} [Ye et al.;
Wang et al.,2025; Peng et al.,2025b; A1 et al., [2025a; Wu & Gul 2025} [Liu et al., 2025¢;|Qiao et al.,
2025; |Wei et al.; [Tang et al.l 2023} [Liu et al., 2024b; Do & Ta, 2025} |(Cheng et al., [2024; PESCE}
2023; Liu et al., [2023} |[Peng et al., [2025a; L1 et al., 2025b)).

B METRICS

B.1 AGGREGATE METRICS

Accuracy (ACC) Accuracy, defined as ACC = %, represents the proportion of cor-
rectly classified instances out of the total. Here TP, TN, FP, FN refer to True Positive, True Negative,
False Positive and False Negative respectively. It is commonly used in several GNN works, even
when datasets are imbalanced. It can be misleading in scenarios with significant class imbalance, as

a high score can be achieved by simply classifying the majority class correctly.

Balanced Accuracy Balanced Accuracy is defined as the average of recall obtained on each class

(Balanced Accuracy = Niw Zf\[:“‘i““ Recall;). Balanced Accuracy is crucial when dealing with
imbalanced datasets and no specific class is prioritized, as it prevents misleadingly high accuracy
scores achieved by models that only perform well on majority classes. By averaging the recall
of each class, it robustly reflects a model’s true effectiveness in identifying instances across all
categories, ensuring fair performance evaluation and generalizability even when class distributions

are uneven.

Area Under the Receiver Operating Characteristic Curve (AUROC) AUROC is a threshold-
independent metric that quantifies the diagnostic ability of a binary classifier by plotting the True
Positive Rate (Recall) against the False Positive Rate (FPR) across all possible thresholds. This
metric provides a robust measure of a classifier’s ability to distinguish between classes irrespective
of a specific decision boundary and offers insights into the model’s ranking capabilities.

Area Under the Precision-Recall Curve (AUPRC) AUPRC is a threshold-independent metric
that plots Precision (positive predictive value) against Recall (sensitivity) across all possible clas-
sification thresholds. It is particularly informative and reliable for tasks where the positive class
(often the minority or the class of interest) is rare. AUC-PR provides a more accurate reflection of
performance in such cases, as both precision and recall focus on the positive class, making it less
susceptible to inflation by abundant true negatives. A higher AUPRC indicates a better ability to
retrieve relevant instances without many false positives [McDermott et al.l

— PrecisionXRecall : .
F1-Score The Fl1-score, calculated as F1 = 2 x Precision - Recall* 1S the harmonic mean of Precision

and Recall, providing a single metric that balances both.

B.1.1 PER-CLASS METRICS

To gain fine-grained insights into model behavior and identify specific strengths or weaknesses for
individual classes — particularly for minority classes or those with particular significance — we
also report per-class metrics derived from the confusion matrix.

Precision (Per-Class) For each class 4, precision (Precision; = %) represents the ratio of
k2 k3

correctly predicted positive observations to the total predicted positive observations for that class.
This metric is essential for understanding the false positive rate for a specific class; a high precision
for a class indicates that when the model predicts that class, it is usually correct.
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Recall (Per-Class) For each class i, recall (Recall;, = %) is the ratio of correctly predicted
positive observations to all actual observations belonging to that class. Recall is crucial for evaluat-
ing the false negative rate for each class. A high recall indicates that the model is able to find most

of the actual instances of that class.

F1-Score (Per-Class) The Fl-score for each individual class provides a single, balanced metric
by computing the harmonic mean of its precision and recall. This offers a more complete picture of
performance for that specific class than precision or recall alone.

C PARAMETERS

Node classification: For MPNNs, namely GCN, GAT and GraphSAGE, we set hidden layer
to 128, dropout to 0.2, varied #layerse{1,3,4,5,7,10} (for ogbn-arxiv #layerse{1,3,5,7}),
#epochs to 2000, learning rate to 0.001, with batchnorm and residual connections. For FSGNN,
we varied #layerse{l,3,5} and feature-type €{all— features, homophily, heterophily}. For
Nodeformer and SGFormer, we set heads=2 and varied #layerse{1,5}.

Graph classification: For MPNNs, namely GCN, GAT and GraphSAGE, we set hidden layer to
128, dropout to 0.2, varied #layers € {1,3,4,5,7}, pooling € {mean, add} #epochs to 100 for
ogbg-molhiv and 300 for COLLAB and COX2, and learning rate to 0.001.

For Graph Transformer GraphGPS and Subgraphormer, we set hidden dimension=64, pooling €
{mean, add}, dropout=0.2, heads=4, epochs=100. For GraphGPS, we varied #layers € {1,5,10}
for ogbg-molhiv, {1,5} for COX2 and COLLAB. For Subgraphormer, we used hidden dimen-
sion=128 and layers=5 for ogbg-molhiv and COX2. On COLLAB, we got Out of Memory error
for Subgraphormer hence could not report results on it.

For each model, we choose the best configuration based upon validation metrics. By default, follow-
ing existing literature, we choose these metrics as accuracy for Amazon-ratings, Squirrel-filtered,
COLLAB and ogbn-arxiv. We choose AUROC as validation metric for Questions, COX2, and
ogbg-molhiv as per the literature. We study in Fig. 4| how changing this metric has an impact on
performance.
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D CLASS LEVEL STATISTICS OF OGBN-ARXIV

Due to space limitations in the main paper, we present here the class level statistics of ogbn-arxiv in
Table

Class Full Dataset Test Split

Co 0.0033 0.0011
Cy 0.0041 0.0038
Cs 0.0286 0.0151
Cs 0.0123 0.0135
Cy 0.0346 0.0385
Cs 0.0293 0.0256
Cs 0.0096 0.0128
Cy 0.0035 0.0028
Cs 0.0368 0.0257
Cy 0.0167 0.0071
Cho 0.0465 0.0299
Cn 0.0044 0.0049
Cia 0.0002 0.0001
Cis 0.0139 0.0129
Cha 0.0035 0.0015
Cis 0.0024 0.0018
Cis 0.1613 0.2156
Chy 0.0030 0.0042
Cis 0.0044 0.0043
Cho 0.0170 0.0086
Cao 0.0123 0.0064
Co1 0.0023 0.0010
Cao 0.0112 0.0079
Cas 0.0167 0.0166
Cay 0.1310 0.2210
Cas 0.0074 0.0098
Cas 0.0272 0.0214
Cor 0.0284 0.0425
Cos 0.1264 0.0586
Cag 0.0025 0.0025
Cso 0.0698 0.0953
Cs1 0.0167 0.0184
Cso 0.0024 0.0017
Cs3 0.0075 0.0045
Csy 0.0465 0.0291
Css 0.0007 0.0007
Cs 0.0208 0.0129
Csr 0.0140 0.0099
Csg 0.0089 0.0044
Csg 0.0120 0.0055

Table 3: Class wise statistics of ogbn-arxiv.
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E NUMERICAL VALUES FOR DIVERGENCE STUDY OF FIGURE [3]

AUROC AUROC AUPRC AUPRC
Model Cl1 Cc2 (1) (C2) (1) (C2)
GCN L=3 | L=10 | 0.7581 £0.0125 | 0.7683 £ 0.0083 | 0.2160 £ 0.0183 | 0.1924 £ 0.0196
SAGE | L=3 | L=10 | 0.7143 £0.0162 | 0.7510 £0.0155 | 0.1941 £ 0.0207 | 0.1957 &+ 0.0247
GAT L=5 | L=10 | 0.7463 +0.0141 | 0.7467 £ 0.0130 | 0.1965 £ 0.0296 | 0.1800 + 0.0182
Questions
AUROC AUROC AUPRC AUPRC
Model Cl Cc2 1) (C2) 1) (C2)
GCN L=4(A) | L=3(A) | 0.7480 £ 0.0106 | 0.7444 £ 0.0276 | 0.2281 £ 0.0224 | 0.2827 £ 0.0140
SAGE | L=5(A) | L=4(A) | 0.7610 £ 0.0116 | 0.7604 £ 0.0202 | 0.2931 £ 0.0237 | 0.2926 4+ 0.0154
GAT L=1(M) | L=3(A) | 0.7196 £ 0.0058 | 0.7192 + 0.0175 | 0.1849 £ 0.0083 | 0.2653 £+ 0.0101
ogbg-molhiv
Accuracy Accuracy Bal. Acc Bal. Acc
Model | Cl1 C2 (1) (€2) (1) (€2)
GCN L=3 | L=5 | 0.7192 £ 0.0013 | 0.7254 £ 0.0019 | 0.4967 £ 0.0057 | 0.5191 £ 0.0037
SAGE | L=5 | L=7 | 0.7236 £ 0.0024 | 0.7228 £ 0.0024 | 0.5066 + 0.0064 | 0.5129 + 0.0075
GAT L=5 | L=7 | 0.7206 + 0.0019 | 0.7200 &£ 0.0027 | 0.4976 £ 0.0060 | 0.5008 £ 0.0026
ogbn-arxiv
Accuracy Accuracy Bal. Acc Bal. Acc
Model Cl1 C2 1) (€2) 1 (€2)
SAGE | L=7(A) | L=3(M) | 0.8578 £ 0.0266 | 0.8598 £ 0.0077 | 0.6567 £ 0.0424 | 0.6706 £ 0.0091
GAT L=7(M) | L=4(A) | 0.8598 £ 0.0091 | 0.8599 4+ 0.0137 | 0.6210 % 0.0545 | 0.6680 + 0.0134
GCN L=4M) | L=7(A) | 0.8745£0.0132 | 0.8706 & 0.0120 | 0.6580 &+ 0.0441 | 0.7024 +£ 0.0470
COLLAB

(a) Numerical values for divergence study of Figure[3| (A) stands for add pool and (M) stands for mean pool.
L refers to number of layers. C1 stands for the first configuration and C2 for the second.

F LLM USAGE

We disclose that we used LLMs for improving the writing of the paper, specifically for rephrasing

sentences
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