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Abstract

Efficient and accurate prediction of macromolecule pairwise similarity is essential for developing
database search engines and is useful for machine learning based predictive tools. Existing
methods for calculating macromolecular similarity suffer from significant drawbacks. Graph edit
distance is accurate but computationally expensive, and graph kernel methods are computationally
efficient but inaccurate. This study introduces a graph neural network model, MacroSimGNN,
which significantly improves computational efficiency while maintaining high accuracy on
macromolecule pairwise similarity. Furthermore, this approach enables feature embeddings based
on macromolecular similarities to a set of landmark molecules, enhancing both unsupervised and
supervised learning tasks. This method represents a significant advancement in macromolecular
cheminformatics, paving the way for the development of advanced search engines and data-driven
design of macromolecules.

Introduction

Macromolecules are both ubiquitous and indispensable.!> 2 Biological macromolecules, such as
glycans,> 4 proteins®’ and nucleic acids,®! are essential for life, serving as catalysts for survival
and growth functions, while synthetic macromolecules find extensive use in fields such as
textiles,'! water purification,'> '3 energy,'# transportation,'> construction,'¢ and biotechnology.!”
Macromolecule similarity offers insights into quantitative structure-property relationships'® ° as
similar macromolecules are more likely to have similar properties. Similarity is also essential for
efficient search algorithms for macromolecule databases by enabling ranking of targets.?0-26
Furthermore, macromolecular similarity either forms the basis or enhances machine learning
techniques, including clustering, classification, and regression for predicting properties and
discovering new macromolecular materials.!®> "% Based on chemical intuition and experience,
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similar polymers or macromolecules are more likely to exhibit similar properties, and require
similar synthetic strategies. When experimental researchers aim to design new polymers or
estimate their physical properties, pairwise similarity searches can be useful for identifying
previously synthesized polymers that resemble the target structures. This can assist in synthesis
planning and provide a simple, rough estimate of the physical and chemical properties of the new
polymers.

43,46 can be used for similarity calculations in simple linear

While sequence matching algorithms
macromolecules, many complex macromolecules have non-linear topologies.*47->° To address this,
both atomistic and coarse-grained graph representations®!-* were developed for macromolecule
similarity calculations. However, the graph similarity calculations between atomistic graph
representations of macromolecules are computationally expensive and impractical due to the high
number of atoms compared to small molecules. Consequently, coarse-grained graph
representations*’> 3% 35 were utilized, where nodes represent monomers and edges represent
connections between monomers. Two main approaches have been used to calculate pairwise
similarity in these coarse-grained representations: graph edit distance (GED)*"3* 3% and graph
kernels.*”- 363 GED measures the minimum operation costs to transform one graph to another.%
However, GED is a nondeterministic polynomial-time hardness (NP-hard) problem. Even with
coarse-grained representations, computing the exact GED remains costly,*’> 3% 33 61. 62 Jimiting its
use in scale-up or time-sensitive applications. Graph kernel methods map graphs to a high-
dimension space and measure similarity between graphs using inner products in that space. Graph
kernels often provide an approximation of graph similarity rather than an exact measure since the
mapping processing and inner production operation can lose small but important structural
differences between graphs. Therefore, graph kernel methods offer improved efficiency but often
suffer from reduced accuracy.*’> %> Several recent advances in deep learning demonstrated that
deep neural networks have the potential to learn graph matching-related tasks, leading to state-of-

the-art matching accuracy while also benefits from the efficiency.?-%4

Bai et al.%? proposed the SINGNN framework which is a graph neural network approach designed
for rapid and accurate computation of small molecule pairwise graph similarity. In SimGNN, ¢
each small molecule is represented as a chemical compound graph, with nodes representing atoms
and embedded using one-hot encoding. Applying SimGNN to the atomistic graph representations
of macromolecules is impractical because obtaining a dataset with the exact GEDs between
atomistic graph representations of macromolecules, which have a large number of atoms within a
reasonable timeframe is unrealistic. On the other hand, in the coarse-grained graph representations
of macromolecules, nodes represent monomers or linkage groups, and one-hot encoding cannot
accurately quantify the chemical differences between these nodes nor can it handle the infinite
number of possible monomers. Therefore, the direct application of SimGNN to the coarse-grained
graph representations of macromolecules reduces the chemical resolution for macromolecule
similarity calculation.



Building on the work of SImMGNN®, this study introduces MacroSimGNN, an extension tailored
for macromolecule coarse-grained graph representation pairwise similarity predictions.
MacroSimGNN uses Morgan Fingerprints for node embeddings to handle the infinite variety of
nodes in the coarse-grained graph representations of macromolecules, accurately quantify the
differences between nodes which represent monomers or linkage groups and allow extrapolation
to unseen nodes. MacroSimGNN aims to overcome the significant drawbacks*’> 345 of existing
approaches by enhancing computational efficiency while preserving high accuracy. Furthermore,
MacroSimGNN achieves zero-shot predictions on the new macromolecule dataset with high
accuracy and performs effective transfer learning to improve predictions using only a small amount
of data from the new dataset while SImGNN is not able to do these due to the one-hot encoding
limitation. MacroSimGNN is then applied along with landmark distance embedding®> ¢ for both
unsupervised and supervised learning tasks. This work has potential applications in
macromolecule search, as well as quantitative design tools for macromolecules.

Methods
MacroSimGNN

As shown in Figure 1a, in the coarse-grained graph representations of macromolecules, each node
is a monomer or linkage group. In real-world scenarios, macromolecules are not formed directly
from atoms in a single step; instead, they are synthesized through the polymerization of monomers.
Compared to atomistic graphs, coarse-grained graphs clearly distinguish the monomers, providing
an accurate reflection of the chemical information. Additionally, the choice of coarse-grained
graphs enables the calculation of the GED between the macromolecules in a reasonable time frame,
which is not possible if a condensed atomistic graph representation®” %8 is used.®> The embedding
of each node (monomer or linkage group) is achieved via a Morgan fingerprint (radius = 3, nBits
= 128, useChirality=True).*’ This choice is the same setting in Mohapatra et al.*” Edges represent
connections between monomers or linkage groups without chemical specificity or directionality in
order to align with the frameworks of MacroSimGNN and SimGNN,®? which do not include edge-
specific information.

As illustrated in Figure 1b, the methodology of MacroSimGNN comprises four stages, mirroring
those of SImGNN but with modifications to accommodate macromolecular complexities. Stage 1
inludes graph convolutional networks (GCNs) for node-level embeddings. Nodes are initially
embedded using Morgan molecular fingerprints,*’ where ugn € RP is a 128 dimension vector for
node n of graph g; which has N nodes, differentiating this initial stage from SimGNN®? which
uses one-hot encoding. The graph convolution operation generates the node embeddings for a set
of nodes in graph g;, U; € RN*?, where the n-th row, u;,, € R” is the embedding of node n after
graph convolution operation. Stage 2 is graph-level embedding, where an embedding vector for
each graph (h;) is generated by aggregating the input node embeddings (U;). The node weights are
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dependent on the similarity matric and are learned and optimized during the training process. Stage
2 is for the neural tensor network used in Stage 3; it is not used for the pairwise node comparison
in Stage 3. Stage 3 is graph-graph interactions including the neural tensor network®> ¢ and the
pairwise node comparison.®? The neural tensor network models the relationship between two
graph-level embeddings.

) = (50 v (] ) 0

RKXZD iS

Where W] € RPXPXK ig 4 weight tensor, [] denotes the concatenation operation, V €
a weight vector, b € R¥ is a bias vector and f(-) is a ReLU activation function. K is a

hyperparameter that defines the dimension of the graph-level interaction scores p(h;, h;).

However, if only the neural tensor network was used, the node-level information such as the node
feature distribution and graph size may be lost by the graph-level embedding.%> The differences
between two graphs lie in small substructures and are usually hard to reflect in graph-level
embedding. To overcome this limitation, the pairwise node-level interaction score is obtained by
S=U; UjT, through matrix multiplication. Next, a normalized histogram feature vector g (hist (S ))
is created and concatenated with the graph-level interaction scores p(h;, h;). Stage 4 is a fully

connected neural network which predicts the similarity score, 3‘( 9,9 j) between graphs g; and g;.

§( 9i, 9 j) is compared against the ground-truth similarity score s( 9ir 9 ]-) using the following mean
squared error loss function:

Loss = %l z (§(9i'9j) - S(Qi;gj))z

(.)Es(g1.9))-

2

Where D is the set of training graph pairs.

During training, no explicit symmetry constraint is imposed on the MacroSimGNN framework.
Instead, the model learns physical symmetry from the inherently symmetric training data, where
the ground truth of s(g;, g;) and s(gj, g;) are both used for training MacroSimGNN. As a result,
the predicted values of $(g;, g;) and $(g;, g;) are very close, though slightly different due to the
regression nature of the task. For predictions on testing datasets, a symmetry-enforced prediction
strategy is implemented to ensure strictly symmetric results and improve prediction accuracy. This
symmetry strategy uses the average value (§ (gi, g j) + §(g s gl-)) /2 as the final similarity score

prediction for the graph pair (g;, g;). Detailed discussion and mathematical proof of the benefit of

using this post-processing symmetry strategy compared to not using a post-processing symmetry
strategy are provided in the Supporting Information. Furthermore, an inherently symmetric
architecture of MacroSimGNN is developed by transforming the asymmetric neural tensor
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network into a symmetric one, and a direct comparision of this post-processing symmetry strategy
with an inherently symmetric architecture is also provided in the Supporting Information. It was
found that the inherently symmetric architecture performed worse than using a post-processing
strategy. The hyperparameters of MacroSimGNN are tuned by minimizing the mean squared error
loss function on the validation dataset through a grid search. The details of the optimized
hyperparameters are included in the Supporting Information.

In summary, there are two key distinctions between MacroSimGNN and SimGNN.®? First,
MacroSimGNN uses Morgan fingerprints instead of the one-hot node encodings used in SImGNN.
This modification enables MacroSimGNN to handle an unlimited variety of possible nodes in the
coarse-grained graph representations of macromolecules, to accurately quantify differences
between nodes representing monomers, and to extrapolate to unseen nodes through zero-shot
predictions and transfer learning. Second, MacroSimGNN explicitly enforces symmetry in
similarity prediction for both improved performance and correctness. The adapted framework of
MacroSimGNN allows for efficient macromolecule similarity predictions while maintaining the
core strengths of the SimGNN approach.

(a) Glycan Coarse-Grained Graph Representation
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Figure 1: (a) Coarse-grained graph representations of glycans where the nodes represents glycan
monomers (monosaccharide). (b) Schematic representation of the MacroSimGNN methodology.
The four-stage process of MacroSimGNN, adapted from SimGNN.%? Stage 1 includes graph
convolutional networks (GCNs) for node-level embedding. Nodes represent monomers, which are
embedded using Morgan molecular fingerprints, a key modification from SimGNN. Stage 2 is



graph-level embedding with the global context-aware attention (Att) layer, which generates graph
embedding vectors by aggregating node embeddings with learned weights. Stage 2 is for the neural
tensor network used in Stage 3; it is not used for the pairwise node comparison in Stage 3. Stage 3
is graph-graph interactions which include a neural tensor network and pairwise node comparison.
Stage 4 is fully connected network layers for the prediction of similarity scores. At the end, a
symmetry strategy is employed to ensure that the order of the pairs of graphs, g; and g;, do not
matter. This adapted framework enables efficient macromolecular similarity predictions while
maintaining computational efficiency.

Landmark Distance Embedding

To demonstrate the utility of macromolecule pairwise similarity, it is used as the basis for
macromolecule embedding. For comparison, a typical workflow for macromolecule property
prediction using Al models involves first obtaining the embedding vectors for the macromolecules,
and then inputting these vectors into the models to predict properties. Pairwise similarity or
distance is a key component of many common Al algorithms, such as Gaussian processes, k-
nearest neighbors, neural networks, and generative models. For example, a Gaussian Process takes
in the features/embedding vectors and then uses those features/embedding vectors to calculate the
pairwise distance matrix using the default euclidean distance function, d (xl-, xj). This information
is then input into the kernel function k(xi, xj). For instance, in the case of the radial basis function
kernel, the kernel value depends directly and solely on the distance between x; and x;. Predictions
for a new data point are then made by determining the distances between that new data point and
all of the training data. Pairwise distance is also important for neural networks and generative Al.
For example, the reconstruction loss of variational autoencoders is a measure of the difference
between the input macromolecule and the generated macromolecule.

k(i x;) = exp (‘ d(xll—zx])Z> =f (d(xi, xj)) 3

Crafting robust and accurate embedding vectors for each macromolecule is challenging due to the
architectural complexity of the macromolecules. As an alternative, pre-computing and directly
providing the pairwise distance matrix can be a practical solution. In this study, the distances may
refer to graph edit distances (GEDs), normalized GEDs (NGEDs), or dissimilarity values
calculated as d = 1 — s where s represents similarity. However, this approach has a limitation:
directly providing a pre-computed distance matrix is only compatible with certain machine
learning algorithms. Not all algorithms can accept a distance matrix as input. For example, the
random forest algorithm does not use pre-computed distance matrices. To address this limitation,
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an additional method called landmark distance embedding has been developed, which builds upon
the idea of using pre-computed distances. Landmark distance embedding leverages pairwise
distances between entities as embedding vectors, as opposed to crafting embedding vectors for
each macromolecule. The approach has previously been used in small molecule property
predictions® %¢ and is particularly useful for macromolecules where a simple embedding may not
exist due to the architectural complexity. In this work, as illustrated in Figure 2, this method utilizes
the pairwise distances of macromolecules as their embedding vectors. Detailed discussion of using
landmark distance embeddings compared to using the Morgan Fingerprints of the whole

macromolecules is provided in the Supporting Information.

While there are certainly many valid and direct ways beyond Morgan Fingerprints to embed a
macromolecules based on their molecular structural pattern through graph neural networks>* 67> 68
70,71 and language models,?® 727 previous literature has shown that similarity-based embeddings
can be useful for various tasks.® % The focus of this paper is the calculation of macromolecular
similarities; this study simply demonstrates immunogenicity prediction with similarity

embeddings as a demonstration of the utility of the similarity scores for polymers.

Calculating exact GEDs which is NP-hard, is inefficient and impractical for all pairwise
combinations in landmark embedding. Nevertheless, the development of MacroSimGNN has
enabled the efficient and accurate computation of pairwise GEDs, NGEDs, and dissimilarity, thus
rendering the landmark distance embedding method feasible for macromolecules. Landmark
distance embeddings are utilized for unsupervised learning and supervised learning tasks. In this
work, specifically, principal component analysis (PCA)”>-7%, a linear dimensionality reduction
technique, implemented in scikit-learn” (sklearn.decomposition.PCA) with the number of
components being 2, is used for data analysis and visualization of the landmark distance

33, 8083 implemented in scikit-learn”

embeddings. Gaussian process classification®!
(sklearn.gaussian_process.GaussianProcessClassifier) with the kernel setting being a
combination of constant kernel and radial basis function kernel, is utilized to determine whether
a glycan is non-immunogenic or immunogenic. The results highlight the advantages of

macromolecular similarity rather than suggesting similarity is the optimal embedding scheme.



Figure 2: The landmark distance embedding method utilizes the pairwise distances of
macromolecules as their embedding vectors.

Dataset

Macromolecule Dataset and Dataset Preprocessing

This study utilizes two macromolecular datasets to train MacroSimGNN. The first dataset is a
glycan dataset, originally from GlycoBase®* and compiled by Mohapatra et al.*’ due to the
topological diversity, encompassing both linear and nonlinear configurations, as well as the
breadth of monomer chemistries (946 types).*’ This variety makes this dataset an ideal test case
for the robustness of MacroSimGNN. From the original dataset of 19,147 glycans,*’ 400 glycan
coarse-grained graph representations are randomly selected for this study. In the following section,
Impact of the Training Dataset Size, this sample size of 10* GEDs formed by about 100 glycan
glycan graph representations is proved to be sufficient for training MacroSimGNN. Further
increasing data size does not provide a noticeable improvement in prediction performance but does
requires larger memory capacity and longer training time. The distributions of node and edge
counts in these 400 graphs are illustrated in Figure 3a and 3b, respectively. The exact GEDs for
all 160,000 pairwise combinations of the 400 selected graphs are calculated by using the A*
algorithm® implemented in NetworkX.8¢ In the setting of the GED calculation, the cost for each
operation of deletion and insertion of nodes and edges is 1; the cost for node substitution is based
on the Tanimoto dissimilarity®’” between the two nodes;*”> > there is no edge substitution. The
distribution and matrix of pairwise exact GEDs are shown in Figure 3c and 3d. These 160,000
pairwise GEDs constitute the macromolecule GED dataset.

To preprocess the data for training MacroSimGNN, the ground truth absolute GED (g4, g,) is
transformed into a similarity score s(g;, g,) within the range 0 and 1.3% 3 2 First, the absolute
GED is normalized to be NGED,



GED(g1,92) )
(Ny + N;)/2

where N; denotes the number of nodes of the graph g;. NGED (g, g;) is 0 when graph g; and g,
are identical. NGED(g,,g,) is symmetric such that NGED(g,,9,) = NGED(g,,9,). The
distribution and matrix of pairwise NGED are shown in Figure 3e and 3f.

NGED(g4,9,) =

Then an exponential decay function is used to transform the NGED (g4, g,) to a similarity score
$(91,92),>

5(91,92) = exp(—a - NGED (g, 9,)) = exp <_

a: GED(Qsz)) 5)

(Ny + N2)/2

where « is a tunable parameter with the default value being 1. s(g;, g,) equals 1 when g, and g,
are identical and approaches 0 as dissimilarity increases. s(g;, g,) is also symmetric. The
distribution of similarity scores and the heatmap of the pairwise similarity score matrix are
illustrated in Figure 3g and 3h. This transformation ensures a one-to-one mapping between GED
and s, while scaling the values to a range between 0 and 1. While the ranges of GED and NGED
depend on the specific macromolecule datasets, the range of s is constrained strictly between 0
and 1. Therefore, s served as the target values for training the MacroSimGNN model. GED and
NGED are then calculated based from the prediction values of s using Equations 4 and 5.

This work adopts a different data splitting method than the original SimGNN by Bai et al.®? in
order to comprehensively evaluate the prediction ability and generalizability of MacroSimGNN.
Based on the distribution of the number of nodes, 200 graphs are randomly selected out of the 400
graphs and reindexed from 1 to 200, with the remaining 200 graphs reindexed from 201 to 400.
As shown in Figure 3h, the black region represents the Training dataset, which comprises graph
pairs from the first 200 graphs. This Training dataset is further randomly divided into training
(80 %) and validation (20 %) subsets to reduce overfitting. The red region represents the Testing-
1 dataset, where one graph in the graph pairs exists in the Training dataset. The orange region
represents the Testing-2 dataset, where neither graph in the graph pair exists in the Training dataset.
The separation of Testing-1 and Testing-2 datasets aims to comprehensively assess
MacroSimGNN's prediction ability and generalizability for similarity between unknown graphs.
Equal graph pairs are excluded from all datasets because there are more efficient ways to detect
equal graph pairs, and including equal graph pairs in the training hurts the model’s performance.
The rationale for this exclusion is detailed in the Supporting Information. With 400 equal graph
pairs excluded, the actual size of the Training dataset is 39,800, and the actual size of the Testing-
2 dataset is also 39,800. There are no equal graph pairs in the Testing-1 dataset; therefore, the size
of the Testing-1 dataset is 80,000.
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Figure 3: Characteristics of the macromolecular (glycan) dataset and derived graph similarity
metrics. (a) Distribution of node counts in 400 glycan coarse-grained graph representations. (b)
Distribution of edge counts in 400 glycan coarse-grained graph representations. (c¢) Distribution of
pairwise GEDs for 160,000 pairwise comparisons formed by 400 unique macromolecular graphs.
(d) Heatmap of the pairwise GED matrix. (e) Distribution of pairwise NGEDs. (f) Heatmap of the
pairwise NGED matrix. (g) Distribution of pairwise similarity scores. (h) Heatmap of the pairwise
similarity score matrix, as well as the data splitting strategy. The black square presents the Training
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dataset (randomly split 4:1 for training and validation). The red squares represent the Testing-1
dataset (pairs with one graph from the Training dataset). The orange square represents the Testing-
2 dataset (pairs with neither graph from the Training dataset). This splitting strategy enables a
comprehensive evaluation of MacroSimGNN's prediction ability and generalizability for similarity
between known and unknown graphs.

The second dataset is an anti-microbial peptide (AMP) dataset, originally from the database of
antimicrobial activity and structure of peptides (DBAASP)® and compiled by Mohapatra et al.*’
The purpose of including a second macromolecule dataset is to demonstrate the generalizability of
MacroSimGNN across different types of macromolecules with completely different chemistry, as
well as to showcase its capabilities in zero-shot prediction and transfer learning. From the original
dataset of 15,778 peptide,*” 200 AMP coarse-grained graph representations are randomly selected
for this study. The AMP dataset is then pre-processed using the same workflow as the glycan
dataset. The results of the data pre-processing for the AMP dataset are shown in Figure 4.
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The black square presents the Training dataset (randomly split 4:1 for training and validation). The
red squares represent the Testing-1 dataset (pairs with one graph from the Training dataset). The
orange square represents the Testing-2 dataset (pairs with neither graph from the Training dataset).
This splitting strategy enables a comprehensive evaluation of MacroSimGNN's prediction ability
and generalizability for similarity between known and unknown graphs.

Results and Discussions

Prediction Performance of MacroSimGNN on Glycan Dataset

As can be seen in Figure 5, MacroSimGNN effectively predicts s for both partially known
(Testing-1) and entirely unknown (Testing-2) graph pairs, showcasing its generalizability and
accuracy. Comparing the prediction performance between Testing-1 (where one graph in the pair
was seen during training) and Testing-2 (where both graphs were unseen), one finds that
MacroSimGNN achieves better predictions when one of the graphs in the pairwise comparison has
been encountered during training. This outcome is intuitive. MacroSimGNN uses s by GED as the
ground truth. In the SI, s by GED is directly compared to the graph kernel method and the binary
Morgan Fingerprint similarity directly from the whole SMILES strings of the macromolecules.
While these are three distinct methods for computing similarity, the distributions for s by GED are
broader and thus is better at discriminating between molecules. The predicted s values from
MacroSimGNN are then used to compute NGED and GED using Equations 4 and 5, and
subsequently compared with the true NGED and GED values, as illustrated in the Supporting
Information. Also, the comparison between the prediction performances with and without
considering the symmetry are shown in Table S1 in the Supporting Information, indicating that
including the symmetry of graph pairs in the predictions makes the prediction strictly symmetric
and slightly improves the prediction performance.
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Figure 6: MacroSimGNN prediction error analysis with respect to the ground truth s and N; + N,.
N; + N, is the sum of the number of graph nodesin the graph pair (g, g,). For Testing-1, (a) 4s
vs the s by GED, where 4s = § — s, the difference between the predicted s from MacroSimGNN
and the s by GED. (b) 4s vs N; + N,. (c)(d) is for Testing-2.

The prediction error can be further analyzed. The difference between the predicted s and the true
s by GED with respect to the true s by GED 1is presented in Figure 6a. For the predictions on
Testing-1, the As values are most densely distributed near zero. When the ground truth s < 0.5,
the As values tend to be greater than zero, whereas for s > 0.5, the As values tend to be less than
zero. Furthermore, predictions corresponding to large ground truth s values exhibit greater errors,
likely due to the relatively low frequency of high s values in the dataset. Additionally, as shown
in Figure 6b, As is plotted against N; + N, where N; + N, is the sum of the number of graph
nodes in the graph pair (g;, g;). The range of As remains relatively consistent across different
values of N; + N, suggesting that graph size has a small impact on accuracy. The prediction error
analysis on Testing-2 has similar features as that on Testing-1, as shown in Figure 6cd.
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Figure 7: The prediction performance of MacroSIimGNN on glycan coarse-grained graph
representation pairs across different structural architectures is shown. Panels (a) (Testing-1) and
(d) (Testing-2) depict graph pairs in which both graphs are linear. Panels (b) and (e) show graph
pairs where one graph is linear and the other is nonlinear. Panels (c) and (f) present graph pairs
where both graphs are nonlinear.

Next, the graph pairs of glycan dataset were divided into three structural groups: (1) linear-linear,
(2) linear-nonlinear, and (3) nonlinear-nonlinear. MacroSimGNN's prediction performance was
then evaluated across these three groups, as shown in Figure 7. The results indicate that the model's
performance on linear-linear graph pairs is better than on the other two groups for Testing-1 and
significantly so for Testing-2. The entire glycans dataset is composed of 167 linear graphs and 233
non-linear graphs while the training datatset is composed of 91 linear graphs and 109 non-linear
graphs. Therefore, the training dataset contains only 20.6 % of linear-linear pairs, and the reduced
performance of non-linear graphs is probably not due to the composition of the dataset.

Impact of the Training Dataset Size

The impact of the Training dataset size on MacroSimGNN model performance is examined by
randomly sampling subsets of graphs at various size ratios: 10%, 12%, 14%, 16%, 18%, 20%,
30%, 40%, 50%, 60%, 70%, 80%, and 90% of the 200 graphs which form the full Training dataset.
For example, at the 10% size ratio, 20 graphs are randomly selected from a total of 200, yielding
380 graph pairs (excluding self-pairs). These 380 graph pairs are randomly divided into a 4:1 ratio
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for training and validation during the training of MacroSimGNN. This process is repeated five
times for each size ratio to ensure statistical robustness. For a fair comparison, the same testing
datasets, Testing-1 and Testing-2, are used for the evaluation process. When the training set is
reduced, some pairs in the Testing-1 data consist of two graphs that are both unseen during training.
Under the reduced-training-size setting, these pairs should in fact be treated as Testing-2, and
Testing-1 effectively becomes a mixture of pairs with one seen and one unseen graph and pairs
with two unseen graphs. One possible remedy would be to also modify Testing-1 so that it only
contains graph pairs in which only one graph appears in the reduced training set. However, this
would change the composition of the Testing-1 dataset, and the performance comparison between
different training data sizes would no longer be consistently based on the same Testing-1 set but
would instead depend on the particular subset chosen. Therefore, the same Testing-1 data is used
for studying the impact of training data size. The most important results are those on Testing-2,
where both graphs in each pair are unseen, reflecting the model’s true prediction performance.

For both the Testing-1 dataset and Testing-2 dataset, as the Training dataset size increases, the
model’s performance improves, as evidenced by increases in R? (Figure 8) and decreases in MAE
(Figure 8) and MSE (Figure S2 in the Supporting Information) for s. Furthermore, the model’s
predictive performance stabilized when the training dataset size reached approximately 10%.
Beyond this point, increases in dataset size yielded diminishing returns in performance
improvement but increased the cost of memory capacity and computational time. This trend was
consistent across both testing datasets and all evaluation metrics.
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Figure 8: Impact of the training dataset size on the performance of MacroSimGNN predictions on
glycan dataset. The left y-axis shows R? of s predictions on Testing-1 dataset (blue circles) and
Testing-2 dataset (red circles); the right y-axis shows MAE of s predictions on Testing-1 dataset
(blue squares) and Testing-2 dataset (red squares). The error bar represents the standard deviation
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of the five randomly sampled subsets at each size. For both Testing-1 dataset and Testing-2, as the
Training dataset size increases, the model’s performance improves, as evidenced by increases in
R? and decreases in MAE for s. Furthermore, when the training dataset size reaches approximately
10*, increases in dataset size yielded diminishing returns in performance improvement of
MacroSimGNN.

Prediction Performance Comparison between MacroSimGNN with Morgan Fingerprint and
SimGNN with One-hot encoding

While one-hot encoding cannot be used on the infinite possibility of nodes in coarse-grained graph
representations of macromolecules, it still serves as a useful benchmark to demonstrate the
importance of encoding node chemistry in MacroSimGNN. In this work, for the glycan dataset,
which contains 946 distinct node types, each node is represented as a 946-dimensional one-hot
vector. SIMGNN is trained and evaluated using the same workflow of MacroSimGNN on Testing-
1 and Testing-2 (including the postprocess symmerty strategy). The performance comparison
between MacroSimGNN and SimGNN is shown in Figure 9. For both Testing-1 and Testing-2,
MacroSimGNN with Morgan fingerprints demonstrated significantly better performance than
SimGNN with one-hot encoding when the available training data was limited. When the training
dataset size exceeds 10%, the prediction performance of MacroSimGNN becomes comparable to
that of SImMGNN, with differences falling within the standard deviation.
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Figure 9: Prediction performance comparison between MacroSimGNN with Morgan Fingerprint
(MF) and SimGNN with one-hot encoding (OHE) on Testing-1 (a) and Testing-2 (b) on the glycan
dataset. For both Testing-1 and Testing-2, when the training dataset size is small, MacroSimGNN
with Morgan Fingerprints outperforms SimGNN with one-hot encoding. When the training dataset
size exceeds 10%, the prediction performance of MacroSimGNN becomes comparable to that of
SimGNN, with differences falling within the standard deviation.

Prediction Performance of MacroSimGNN on Anti-microbial Peptide (AMP) Dataset
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Another important test for MacroSimGNN is to see if the results extend to another dataset with
completely different monomer chemistry. For this reason, a second macromolecule dataset (AMP
dataset) is used to demonstrate the generalizability of MacroSimGNN across different types of
macromolecules, as well as to showcase its capabilities in zero-shot prediction and transfer
learning prediction.

As shown in Figure 10a and ¢, MacroSimGNN effectively predicts the similarity score (s) for the
AMP dataset in both partially known (Testing-1) and entirely unknown (Testing-2) graph pairs,
demonstrating its generalizability across different types of macromolecules. The R? scores on s of
AMP dataset is higher than glycan dataset. One possible reason is that AMPs are all linear in
structure, whereas glycans include both linear and nonlinear structures. MacroSimGNN appears
to perform better in predicting pairwise similarity between linear macromolecules. Figure 10b and
d further show that, for both Testing-1 and Testing-2, model performance improves with increasing
training dataset size, as indicated by higher R? scores and lower MAE values.
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performance of MacroSimGNN predictions on AMP dataset for Testing-1 (b) and Testing-2 (d).

Size of Training Dataset

Zero-shot Prediction of MacroSimGNN

In the prior subsection, MacroSimGNN was retrained on the AMP dataset. To determine the
generalizability of MacroSImGNN, the zero-shot prediction is also examined. In this case,
MacroSimGNN is trained on the gylan dataset and then tested on the AMP dataset. As shown in
Figure 11a, the prediction accuracy is good. This result demonstrates that MacroSimGNN is
capable of generalizing to completely novel monomer chemistries. The fingerprint-based encoding
provides a continuous representation, enabling interpolation to unseen node types—something that
one-hot encoding cannot achieve. Figure 11b further shows that the zero-shot prediction
performance on the s values of the Testing-2 set from the AMP dataset improves as the size of the
glycan training dataset increases, as evidenced by higher R? scores and lower MAE values. When
the glycan training dataset exceeds approximately 6,320 samples, the zero-shot prediction
accuracy on the AMP dataset begins to converge. This suggests that a pre-trained model trained
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on more than 6,320 glycan samples can achieve consistently strong prediction performance on
unseen macromolecule types.
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Figure 11: (a) Zero-shot predictions of MacroSimGNN (the pre-trained model on the glycan
dataset) on the pairwise s of the Testing-2 of AMP dataset. (b) Impact of the training dataset
(glycan) size of the pre-trained MacroSimGNN model on the zero-hot prediction performance.

Transfer Learning of MacroSimGNN

Next, the transfer learning capability of MacroSimGNN is demonstrated. MacroSimGNN employs
Morgan fingerprints for node embedding, which can accommodate a wide variety of monomer
molecules. As a result, nodes with different chemical compositions share a consistent embedding
dimension, enabling the MacroSImGNN framework to support transfer learning. In the transfer
learning (TL) procedure, the MacroSimGNN model is first trained on the glycan dataset to obtain
a pre-trained model. This model is then fine-tuned using data from the AMP dataset (Training
dataset) and then do prediction on the AMP dataset (Testing-2 dataset). The prediction
performance of TL is compared with direct learning (DL), where the MacroSimGNN model is
trained directly on the AMP dataset without pretraining. The comparison between TL and DL is
presented in Figure 12. The TL approach exhibits significantly better performance than DL,
particularly when the available training data is limited.
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Figure 12: The prediction performance of transfer learning (TL) versus direct learning (DL) of
MacroSimGNN on AMP dataset (Testing-2 dataset) with varying sizes of training data from the
AMP dataset (Training dataset).

Computational Efficiency

As illustrated in Table 1, the computing speed for graph similarity predictionof MacroSimGNN is
between the speed of the A* algorithm and that of the graph kernel. MacroSimGNN demonstrates
significantly improved computational efficiency, being over 400 times faster compared to the A*
algorithm. MacroSimGNN and A* algorithm calculate the graph pairwise similarity one-by-one,
and the details of computing time distributions are shown in Figure S1 in the Supporting
Information. The consistently low computation times of MacroSimGNN also suggest improved
stability in performance across various graph structures, addressing the high variability often
observed with exact methods like the A* algorithm. All computations were performed on a single
core of a MacBook Air M1 CPU to ensure consistent comparison.

Table 1: Computing Efficiency for A* algorithm (Exact GED), MacroSimGNN and Graph Kernel.

Method A* MacroSimGNN Graph Kernel
Average Time Per One -1 _3 s
Graph Pair/second 7.1x10 1.6 x 10 5.8x10

Landmark Distance Embedding for Unsupervised Learning and Supervised Learning

MacroSimGNN is then applied to develop a landmark distance embedding® % for both
unsupervised and supervised learning tasks, using the glycan immunogenicity dataset as an
example. The glycan immunogenicity dataset comprises 470 non-immunogenic and 549
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immunogenic glycans. MacroSimGNN is employed to obtain landmark distance embeddings®>: 6
for all glycans in this immunogenicity dataset. The indices of glycans have been reordered for
intuitive visualization: indices 0-469 are non-immunogenic, and indices 470-1018 are
immunogenic, as displayed in the pairwise dissimilarity ( d =1 —s ) matrix of size
1019 x 1019 (Figure 13a). Noticeable differences exist between the non-immunogenic and
Immunogenic regions.

Each column of the dissimilarity matrix is a landmark distance embedding, which is a 1019-
dimension vector. For unsupervised learning, PCA uses the 1019-dimension landmark distance
embedding as the input. The dimensionality reduction results from PCA are depicted in Figure
13b, showing that non-immunogenic and immunogenic glycans generally occupy distinct
locations in the PCA space. Additionally, for supervised learning, the whole glycan
immunogenicity dataset is divided into training and testing dataset with the ratio 4:1 (Specifically,
815 data for training the model and 204 data for the hold-out test dataset). Gaussian Process
Classification using landmark distance embedding as inputs, predicts immunogenicity with 96.1%
accuracy on the held-out test dataset, as shown in Figure 13c¢. The results of using NGED and GED
for landmark embedding are illustrated in the Supporting Information, respectively, which are
similar to the results of using dissimilarity. For comparison, graph kernel methods have also been
used to compute the pairwise similarity and dissimilarity matrices, which are then applied in PCA
and Gaussian Process Classification with 93.6% accuracy on the held-out test dataset. The details
of the unsupervised learning and supervised learning results built upon the distance matrix
calculated by graph kernels®” ® are demonstrated in the Supporting Information. Comparison
indicates that the matrices from MacroSimGNN yield superior distinction in PCA and higher
prediction accuracy in Gaussian Process Classification than those from graph kernel methods.
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Figure 13: MacroSimGNN is applied to develop a landmark distance embedding for both
unsupervised and supervised learning tasks for glycan immunogenicity (ImG) dataset. (a) Pairwise
dissimilarity (d = 1 — s) matrix where indices 0-469 are non-immunogenic and 470-1018 are
immunogenic. The index of glycans has been reordered for intuitive visualization. Noticeable
differences exist between the non-immunogenic and immunogenic regions. (b) Dimension
reduction results from PCA show that non-immunogenic (blue) and immunogenic (red) glycans
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generally occupy distinct locations in the PCA space. (c) Gaussian Process Classification using
landmark distance embedding predicts immunogenicity with 96.1% accuracy on the hold-out test
dataset.
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Figure 14: Feature importance analysis of landmark distance embdding. (a) Each of the 1019
dimensions was individually used to train a Gaussian Process classification model, and the
resulting prediction accuracy was recorded, where the x-axis Index in ImG Dataset is the same as
the index in the ImG Dataset in Figure 13a. (b) The distribution of prediction accuracy when using
only a single dimension of the landmark distance embedding to train a Gaussian Process
classification model, ranges from 0.505 to 0.887. (¢) The dimensions were ranked from highest to
lowest in terms of individual prediction accuracy, and the top N-ranked dimensions were
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incrementally combined to train new models, with the corresponding performance. (d) The
structures of those 4 molecules with the top feature importance.

The next step is to identify the important features of the 1019-dimensional landmark distance
embedding for immunogenicity classification. The strong separation of classes in Figure 13b
suggests that a small number of features will be sufficient. First, permutation feature importance
was performed, where each dimension in the 1019-dimensional embedding was individually set to
zero while keeping the remaining 1018 dimensions unchanged. Then the model was retrained.
However, no reduction in performance was observed. Randomly selecting 1018 dimensions
yielded the same prediction accuracy as that of the full 1019-dimensional embedding. As an
alternative, a reverse method was employed and the results are shown in Figure 14. In this approach,
each of the 1019 dimensions was individually used to train a Gaussian Process classification model,
and the resulting prediction accuracy was recorded in Figure 14a, where the index is the same as
the index in ImG dataset in Figure 13a. The prediction accuracy when using only a single
dimension ranged from 0.505 to 0.887 as shown in Figure 14b.

Based on these results, the dimensions were ranked from highest to lowest in terms of individual
prediction accuracy. Subsequently, the top N-ranked dimensions were incrementally combined to
train new models, with the corresponding performance shown in Figure 14c. For example, an x-
axis value of 10 indicates that the top 10 most predictive dimensions were used for training and
prediction. The results demonstrate that using only the top 4 dimension of the landmark distance
embedding yields a prediction accuracy of 91.7%, which is only slightly worse than that of the full
model. Since each dimension corresponds to a molecule, we show the structures of those 4
molecules in Figure 14d. Two molecules contain three nodes, while the other two contain four
nodes. These molecules differ chemically, composed of different monomer nodes. Two molecules
exhibit immunogenic properties and the remaining two are non-immunogenic.

In addition to interpretability, the method of iteratively adding features can identify more compact
models. For example, 16 dimensions of the landmark distance embedding yields a prediction
accuracy of 95.6%, which is comparable to the performance achieved using all 1019 dimensions.
This result offers a solution that can significantly reduce the computational cost and resource
consumption of generating landmark distance embeddings, while maintaining high predictive
performance. This is particularly important in scenarios involving a much larger macromolecule
library, where using all molecules as landmarks would result in extremely high-dimensional
embeddings and substantial computational overhead.
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Discussion of Limitations

The coarse-graining process in this study inevitably results in information loss to some extent, and
the degree of this loss depends on the complexity of the monomers. Bond chemistry is one of the
routes of information loss. In some cases, this bond chemistry may be inferred from the nodes. For
example, in this study, although edge types or bond chemistry are not specified, it is still able to
infer that the bonds between glycan monomers in the glycan coarse-grained graphs are O-
glycosidic, while peptide bonds connect amino acid monomers in AMP coarse-grained graphs. As
a result, in these scenarios, omitting edge features that represent bonding information does not
significantly impact the preservation of essential structural information in the context of this study.

However, for macromolecules composed of complex monomers with asymmetric chemical
structures and multiple distinct functional groups, it becomes difficult to determine the exact
bonding information solely from the chemical structures of two connected monomers. In such
cases, the same pair of monomers may form different types of chemical bonds, resulting in a loss
of structural information. These limitations may be developed by changing the way
macromolecules are embedded.

Finally, performance improvements of MacroSimGNN could be made depending on the dataset
by exploring different weighting in the loss function for macromolecules with different topology.
In particular, this could benefit non-linear macromolecules as previously detailed.

Conclusion

This study introduces MacroSimGNN, a graph neural network model designed to accelerate
pairwise graph similarity predictions between macromolecules. This model addresses the
limitations of previous graph similarity calculation methods, significantly enhancing
computational efficiency over 400 times faster than the A* method while ensuring high accuracy.
MacroSimGNN incorporates a physical symmetry strategy during prediction, ensuring strictly
symmetric outputs and improving prediction performance. Furthermore, compared to SInGNN,
MacroSimGNN demonstrated significantly better performance when training data was insufficient.
MacroSimGNN has also been shown to generalize effectively for similarity predictions involving
macromolecules with entirely new chemistries, as validated by testing on the AMP dataset.
Additionally, MacroSimGNN can perform zero-shot predictions with high accuracy and achieve
substantial improvements in transfer learning tasks, whereas SImGNN utilizing one-hot encoding
is not suitable for these scenarios. Moreover, this study develops landmark distance embeddings
derived from MacroSimGNN similarity predictions, achieving promising results in unsupervised
and supervised learning tasks, as demonstrated in a case study on glycan immunogenicity. The
successful utilization of similarity for embedding underscores the importance of macromolecule
similarity in machine learning projects for macromolecules.
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The efficient and precise approach of MacroSimGNN has important implications for large-scale
analysis and comparison of macromolecular structures, potentially enabling real-time similarity
searches in large databases and accelerating the quantitative design of macromolecules.

Code Availability

Example scripts and information necessary to run and reproduce all the examples and the
corresponding results in this article are posted at the GitHub repository:
https://github.com/olsenlabmit/MacroSimGNN.

Supporting Information

Indirect prediction of NGED and GED by MacroSimGNN; symmetry strategy for graph similarity
prediction; equal graph pairs exclusion; MacroSimGNN hyperparameter optimization; distribution
of computing times; impact of the training dataset size-R* and MAE for NGED and GED; impact
of the training dataset size-MSE; graph kernels for pairwise graph similarity calculation; binary
Morgan Fingerprint Tanimoto similarity for graph similarity calculation; landmark distance
embedding using NGED and GED from MacroSimGNN; graph kernels for landmark distance
embedding; prediction performance comparison between MacroSImGNN (post-processing
symmetric) and MacroSimGNN (architecture symmetric); Morgan Fingerprint vs landmark
distance embedding; comparisons of s by GED with the graph kernel method and the binary
Morgan Fingerprint similarity method.
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