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Abstract

Representing molecules as graphs is a natural approach for capturing their struc-
tural information, with atoms depicted as nodes and bonds as edges. Although graph-
based similarity calculation approaches, such as the graph edit distance, have been
proposed for calculating molecular similarity, these approaches are nondeterminis-
tic polynomial (NP)-hard and thus computationally infeasible for routine use, unlike
fingerprint-based methods. To address this limitation, we developed GESim, an ultra-
fast graph-based method for calculating molecular similarity on the basis of von Neu-

mann graph entropy. GESim enables molecular similarity calculations by considering
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entire molecular graphs, and evaluations using two benchmarks for molecular similarity
suggest that GESim has characteristics intermediate between those of atom-pair fin-
gerprints and extended-connectivity fingerprints. GESim is provided as an open-source

package on GitHub at https://github.com/LazyShion/GESim.

Scientific Contribution

We developed GESim, an ultrafast graph-based method for calculating molecular sim-
ilarity on the basis of von Neumann graph entropy. We extended von Neumann graph
entropy, a traditional graph-based measure of structural complexity, to perform efficient
molecular similarity calculations without sacrificing its strong capability to distinguish
structurally different molecules. While graph-based similarity calculation approaches
are typically computationally demanding, GESim enables similarity calculations to be

performed at a cost comparable to that of fingerprint-based approaches.

Introduction

Molecular similarity is a fundamental technique in chemoinformatics and medicinal chemistry
and is widely used in applications ranging from database searches to virtual screening.!'™
To quantify molecular similarity, molecular fingerprints are used as standard molecular rep-
resentations, encoding structural features either as bits in a bit string or as counts in a
vector,%7 and are employed in conjunction with similarity and distance metrics, such as
the Tanimoto index and cosine coefficient.® Two-dimensional (2D) fingerprints are com-
monly used for molecular similarity calculations because of their efficiency and simplicity
and can be categorized as dictionary-based, topological- or path-based, circular-based, or
pharmacophore-based fingerprints; notable examples include molecular access system keys
(MACCS),? atom-pair fingerprints (APFP),!° topological-torsion fingerprints (TTFP),!!
extended-connectivity fingerprints (ECFP),'? and feature-connectivity fingerprints (FCFP), 12

respectively. String representations, molecular graph representations, and three-dimensional
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(3D) molecular representations have also been utilized as other types of molecular repre-
sentations. %1315 Although certain combinations of molecular representations and similarity
metrics, such as ECFP combined with the Tanimoto index, perform better in various tasks
related to molecular similarity, each combination excels in certain tasks and underperforms
in others, indicating that no single combination is universally optimal. 617

Molecular graph representations have gained significant attention in recent years, par-
ticularly with the advancement of deep learning techniques.'®!® The approach of treating
a molecule as a graph, where atoms are nodes and bonds are edges, captures the intricate
topological and overall structural features of molecules that are not fully considered by con-
ventional methods, such as fingerprint-based methods. Graph neural networks have achieved
excellent performance in various tasks, such as molecular property prediction, retrosynthetic
reaction prediction, and molecule structure generation, benefiting from the rich information
encoded in graph structures.??* These methods not only improve the prediction perfor-
mance but also provide predictions with better interpretability. Graph representations have
also demonstrated promising performance in molecular similarity calculations.?>2" In par-
ticular, in chemoinformatics and medical chemistry, the graph edit distance (GED) has been
proposed as a graph-based method for calculating molecular similarity. For example, GED-
based similarity search has demonstrated promising performance in virtual screening tasks.
Although GED is effective for evaluating molecular similarity, the calculation of GED is com-
putationally demanding because it is performed in O(n?) time, where n is the number of
atoms in a molecule. To address this computational challenge, filter-and-verification ap-
proaches have been developed for GED in recent years.?® 32 However, as reported by Naoi et
al.,?? the search efficiency of this approach is much less than that of fingerprint-based meth-
ods. Thus, there is a strong need to find an effective graph-based similarity method that
achieves efficient and accurate search performance simultaneously.

Given this situation, we propose GESim, an ultrafast graph-based method for calculat-

ing molecular similarity that is based on von Neumann graph entropy (vNGE). vNGE is
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a traditional graph-based measure that quantifies the structural complexity of a graph and
can be used to distinguish between two graphs that are similar but structurally distinct.3
Owing to its effectiveness, VNGE has recently been used in many applications in graph

6 and

structure analysis and pattern recognition, such as anomaly detection,®’ link analysis,
others. 3738 Although the exact computation of vNGE is computationally expensive, GESim
achieves high efficiency by employing structural information,®® which provides a good ap-
proximation of vYNGE within a short computation time.*’ Thus, GESim enables graph-based
molecular similarity calculations at a computational speed comparable to that of fingerprint-
based methods, overcoming the impractically high computational cost that hinders the use of
graph-based methods in applications such as database searches and virtual screening tasks.
Additionally, by using vNGE, GESim enables molecular similarity calculations to be per-
formed by considering entire molecular graphs. To evaluate the characteristics of GESim, a
structural similarity benchmark!” and a virtual screening benchmark were used, %4 and the
results suggested that GESim has characteristics intermediate between those of ECFP1? and
APFP.'0 Additionally, GESim provides a visualization function for atom-pair matching in

a molecule pair, improving user understanding of the GESim calculation results. The open-

source GESim package is available on GitHub at https://github.com/LazyShion/GESim.

Methods

Overview of GESim

GESim measures the graph-based similarity between two molecules via vNGE.3* vNGE is
a traditional graph-based measure that quantifies the structural complexity of a graph by
extracting the spectral features of the graph. Since the spectral features effectively represent
connectivity among nodes,*? vNGE is a promising tool for understanding how a graph is
structured. In summary, vNGE effectively distinguishes two graphs that are similar but

somewhat different in structure.

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

GESim extends vNGE to measure the structural differences between two molecules. Fig-
ure 1 (a) illustrates the whole process of GESim. As shown in the figure, GESim starts its
calculation by converting input molecules into labeled graphs, G; and G5. Then, GESim
quantifies their similarity on the basis of VNGE by using Quantum Jensen-Shannon (QJS)
divergence,”® which is a method of measuring the similarity between two entropies (i.e.,
vNGEs of graphs.) QJS divergence requires three graphs to compute the similarity between
G and G5.%° One is a merged graph CAJLQ, which integrates G; and G3. The other two

are the graphs Gl and GQ, which are projections of G; and G5 onto CAT’LQ. To facilitate
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Figure 1: Overview of GESim. (a) GESim consists of three modules: Graph Aligner, Pro-
jection, and Similarity Calculator. The Graph Aligner module performs subgraph matching
between two molecules: (G; and Go; the Projection module builds the merged graph GLQ and
obtains él and ég by projecting G; and G5 onto CA¥1,2; and the Similarity Calculator module
calculates the QJS distance via G’l, ég, and CAT’LQ. (b) The figure shows the workflow of the

Python program for calculating molecular similarity and visualizing subgraph matching via
GESim.
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the computation of QJS divergence, GESim employs the following three steps, as shown in
Fig. 1 (a): First, in the Graph Aligner module, GESim explores the largest common sub-
graph between GG; and Go by computing atom-level matches on the basis of fingerprints and
subgraph matches. In the Projection module, GESim generates CAJLQ by merging GG; and G,
on the basis of the common subgraph and projects GG; and G35 onto CAT‘LQ to construct Gl and
G, respectively. Next, in the Similarity Calculator module, GESim calculates the vNGEs
of @1,2, G1, and Go and finally compares them via QJS divergence to quantify the similarity
between (G; and G5. In the next subsection, we present detailed definitions of vNGE and
QJS divergence, followed by a concrete description of each step.

As previously noted, we have published the open-source GESim package on GitHub,
which provides RDKit-compatible Python functions, including similarity calculations and
visualizations. Figure 1 (b) illustrates a specific use case of our package. Given molecules
in a standard format such as SMILES or SDF, GESim receives Mol objects converted from
the molecules via RDKit. For these inputs, m; and my, GESim provides the following two
basic functions: The first is gesim.graph entropy_similarity(ms, ms), which evaluates
the similarity between molecules m; and ms on the basis of vNGE. This function returns
a similarity value ranging between 0 and 1, with values closer to 1 indicating that m; and
me are structurally similar. The second is gesim.get _matched mapping numbers(m, ms),
which indicates the atom-pair matching between m; and ms extracted by the Graph Aligner
module. As shown in Fig. 1 (a), the Graph Aligner module explores the largest common
subgraph between m; and ms to facilitate QJS divergence. This function enables users to see
the internal behavior of GESim during a similarity calculation, which can help them better
understand the results. More specifically, this function reveals how GESim regards the two

molecules as structurally similar.
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Molecular similarity calculation in GESim

GESim calculates the structural similarity between two molecules via QJS divergence, which
compares the vNGEs of the molecules. In this section, we first introduce the basic nota-
tion and definitions used in GESim, followed by a step-by-step description of the similarity

calculation process of GESim.

Basic notation and definitions

A molecule is modeled as a labeled graph G = (V, E,¢), where a node set V' and an edge
set ¥ correspond to atoms and chemical bonds, respectively. £ is a label function that maps
nodes and edges to corresponding chemical elements and bond types, respectively. In this
study, ¢ is based on an atom code function used in APFP. ' and bond types are obtained via
RDKit.* For simplicity, we omit this label function ¢, and we denote n = |V| and m = |E|
if their meanings are clear from the context. A € R"*" represents the symmetric matrix of
G, where A;; = 1 if an edge (v;,v;) € E; otherwise, A;; = 0. We define the degree of v; € V
in Gasd; = Z?Zl A;;. Additionally, we introduce the Laplacian matrix of G as L = D — A,
where D is a diagonal matrix such that D = diag(dy,ds, ..., d,).

vNGE?* is a spectral-based entropy measure that distinguishes the complexity of the
structures of different graphs. For a given graph G and its Laplacian matrix L, the vNGE
of GG is the Shannon entropy of the rescaled spectrum derived from L. Formally, vNGE is

given by the following definition:

Definition 1 (von Neumann Graph Entropy (VNGE)) Given a graph G = (V, E) and
its Laplacian matriz L, the vNGE of G, denoted as H.,,(G), is defined as

- Z?:l vo;\iG 10g2 vo?iG (UOZ(G) > O)’
an<G) = © ( ( )> (1)

0 (otherwise),

where \y > Xy > ..., > N\, =0 are the eigenvalues of L and vol(G) = 31" | \i.
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On the basis of the spectra of the Laplacian matrix, vNGE effectively distinguishes different
graph structures since the spectra are well-known to contain rich information about the
inherent structural complexity of graphs, such as the connectivity and degree distribution of
nodes. For example, vVNGE is maximal if G is a complete graph, whereas it is minimal for
G composed of only a single edge. If G forms a ring graph, vNGE yields intermediate scores
between a complete graph and a single edge.

However, despite the strong capability to measure the structural complexity of graphs,
vNGE has high computational costs, since computing the Laplacian spectra incurs O(n?)
time. To reduce this computational overhead, GESim employs one-dimensional structural
information (SI),3 denoted by H;(G) for a graph G, instead of using Definition 1 directly.
As reported by Liu et al.,? SI effectively approximates vNGE by replacing the spectra of L

in Definition 1 with the degrees of nodes. Specifically, SI is defined as follows:

Definition 2 (One-dimensional structural information (SI)) Given a graph G, the

SI of G, denoted as H1(G), is defined as

=3 og, (4 vol(G) > 0),
Hl(G) _ Z =1 vol(G) 2 (vol(G)) ( ( ) ) (2)

0 (otherwise),
where vol(G) = >"7_ | d,.

Since the Laplacian spectra and degree are closely related in a graph G, the approxima-
tion error between SI and vNGE is tightly bounded in any unweighted graph.® Unlike the
spectrum of the Laplacian matrix in Definition 1, the degree can be obtained in O(1) time.
Hence, SI efficiently quantifies the structural complexity of a graph without sacrificing the

strong graph discrimination capability of vVNGE.
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Similarity calculation process in GESim

Here, we present the similarity calculation process shown in Figure 1 (a). On the basis of
Definition 2, GESim measures the similarity between two molecules. As previously noted,
GESim takes two graph-represented molecules, G; and G5, as inputs; GESim then calculates
their similarity via QJS divergence,?® which is a method of measuring the similarity between

two entropies. In more detail, GESim calculates the similarity in the following three steps.

(Step 1) Finding the largest subgraph matching: To determine the QJS divergence
between G7 and G5, in the Graph Aligner module, GESim extracts the largest subgraph
matching between the two graphs: the nodes that are common between them. Traditionally,
the maximum common structure (MCS)?® approach is a natural choice for this purpose.
However, this approach cannot be used to compute the similarity efficiently because MCS
has intractable computational complexity. For this reason, GESim uses an approximate
approach based on an atom fingerprint to extract the subgraph matching between two graphs.
Specifically, GESim outputs the subgraph matching between two graphs by extracting all
possible matching nodes as follows:

First, GESim calculates an individual atom fingerprint for every node in GG; and Gb.
Given a specific node v and a user-specified parameter r, the atom fingerprint f, is defined
as a 1024-bit vector in which a set of unique edge paths rooted at the node has been hashed.
To elaborate, GESim first enumerates unique paths of length 0 (node label) to r rooted at the
node in the graph. Subsequently, GESim clusters these paths into sets of paths of identical
length and hashes each of them into a bit. As a result, r 4+ 1 bits are placed throughout f,.
Unless otherwise stated, GESim employs the above atom fingerprint with » = 4 as a default
setting, but other types of atom fingerprints can be applied to GESim. For convenience, we
denote the bit count of the result of a logical AND operation between two atom fingerprints,
for and fo;, as | fo, O fo,l.

Next, GESim extracts all node matches between GGy and G, via the atom fingerprint
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according to the definition below.

Definition 3 (Node matching) Let u € N be a user-specified parameter, and let V, be
a subset of nodes in Vo that have not been matched with any node in Vi. Given two
graphs G1(Vi, E3) and Ga(Va, E), v; € Vi is a match with v; € Vs if and only if v; =
arg Mag,egy, v,)| fo; N fol, where O(vy, Vo) = {v € Vo | | fu, N fo] =7 —u}. If v; matches v;,

this node match is denoted as v; <+ v;.

Definition 3 indicates that node v; in G; matches node v; in Gy if f,, and f,, satisty the
following two conditions: (1) |f,, N f,,| is greater than or equal to r — u, and (2) f,, and
fs; have the largest | f,, N f,,| in V2. Note that the node matching is symmetric; that is, if
v; <> v;, then v; <> v; holds as well. As shown in Fig. 1 (b), this node matching result can

be visualized via a GESim function, gesim.get matched mapping numbers(my, ms).

(Step 2) Generating merged and projected graphs: In this step, GESim performs the
projection to generate three special graphs on the basis of the subgraph matching obtained
in Step 1. As mentioned above, QJS divergence requires three input graphs to compare the
vNGEs of the two given graphs, G and G5. The first is a merged graph CA¥1,2 obtained by
integrating (G; and G, into a single graph. The other two are graphs G, and Gy, which are
projections of G; and G5 onto C;’Lg. Specifically, the merged graph G172 of G; and Gy is

obtained as follows:

Definition 4 (Merged graph) Given two graphs G1(Vi, Ey) and Gy(Va, Es), the merged
graph of Gy and Gg is defined as CAT’LQ(V, E), where V.=V, UVy and E = E, U Ey. In the

merged graph G, vi € Vi has an updated degree cii, which s defined as

d;+d;
A 2

(Fv; € Vo s.t. v <> v;),

d; (otherwise).

10
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In the merged graph G, the degree of v; € Va, denoted by dj, 18 also updated as

. @ (Fu; € V1 s.t. vj < v;),

dj = (4)

d; (otherwise).

From Definition 4, the projected graphs G; and G are derived as Gl(V,El N E) and
ég(f/, Esn E), respectively. In these projected graphs, the degree of every node is iden-

tical to that in the original graphs, G; and Gs.

(Step 3) Computing the QJS divergence between G; and G5: In this step, GESim
computes the QJS divergence in the Similarity Calculator module, and it outputs a similarity
between G; and G5. By using the merged and projected graphs obtained in Step 2, the QJS

divergence is derived as follows:

Definition 5 (Quantum Jensen-Shannon (QJS) divergence) Given graphs Gi and G,

their QJS divergence DQJS(GALQ, Gh, @2) is computed by

~

- A Hi(Gh) + Hi (G
Dgys(Gia,G1,G2) = Hi(Gh2) — i 1)2 i 2). (5)

QJS divergence takes a value between 0 and 1. Definition 5 indicates that QJS divergence
measures how much the entropy increases by merging the two graphs GG; and Gy into a
single graph CAJLZ. If G; and G5 are isomorphic, C;’l,g is also isomorphic to G; and G from
Definition 4, meaning that their QJS divergence as 0. In contrast, their QJS divergence is 1
if G; and G4 are completely different, i.e., if the graphs have no common subgraphs.
Finally, as shown in Fig. 1 (a), GESim outputs the similarity between GG; and G5 on the
basis of the QJS divergence. Specifically, the similarity is computed by subtracting the QJS

divergence from 1. That is, GESim outputs a similarity close to 1 for similar compounds.

11

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

Evaluation on Two Benchmarks for Similarity Measures

To evaluate the characteristics of GESim as a molecular similarity measure, two benchmark
datasets that evaluate molecular similarity from different perspectives were used.®!” On the
basis of the algorithms of the representative fingerprints for similarity measures,'° five finger-
prints were evaluated for comparison: ECFP,'2 FCFP,!2 APFP,'° TTFP,'* and MACCS.?
A diameter of four and a fixed length of 2048 bits were applied for ECFP and FCFP. The Tan-
imoto coefficient® was used to measure the molecular similarity of the five fingerprints. All
fingerprints were calculated via RDKit 2023.9.1.#* The Python scripts needed to reproduce

the benchmark results are available at https://github.com/ycu-iil/gesim_experiment.

Structural Similarity Benchmark

The structural similarity benchmark consists of single-assay and multi-assay datasets, which
test the ability of similarity measures to rank very close analogs and diverse molecular
structures, respectively.!” The two datasets were created on the basis of the assumption
that molecules with similar properties are structurally similar, which is related to the similar
property principle. 46 In the datasets, a property refers to a biological activity against a target
protein. The single-assay and multi-assay datasets contained 1000 repetitions of 4563 and
3629 series, respectively. A series consists of five molecules, with the most active one set as
the reference and the others arranged in descending order of activity. Using the ChEMBL
20 database,” a series of single-assay and multi-assay datasets were extracted from one and
four medicinal chemistry papers, respectively. The Spearman’s rank correlation coefficient
was used to compare the ranking performances of the six similarity measures. Detailed

descriptions of the method of preparing the benchmark can be found in the original paper.'”

Ligand-Based Virtual Screening Benchmark

16,41

The benchmark for ligand-based virtual screening consists of 118 target lists of actives

and decoys from three databases: 21 targets from the directory of useful decoys (DUD),*7
12
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17 from the maximum unbiased validation (MUV),* and 80 from ChEMBL.*® The target
lists of DUD, MUV, and ChEMBL contained 31-365 actives and 1,344-15,560 decoys; 30
actives and 15,000 decoys; and 100 actives and 10,000 decoys, respectively. Virtual screening
experiments were performed with 50 repetitions, each using five randomly sampled query
actives. In the experiments, the remaining actives and decoys were ranked by their max-
imum similarity to the query actives, a method known as MAX fusion.?® In this study,
performance was evaluated via Boltzmann-enhanced discrimination of the receiver operating
characteristic (BEDROC), the enrichment factor (EF), and the area under the curve (AUC),
which are recommended methods for evaluating virtual screening performance.!® Following
the previous study, BEDROC at a = 20 and 100, and EF at 1% and 5% were used. Detailed

descriptions for preparing the benchmark can be found in the original paper. !

Calculation Time Comparison

To demonstrate that GESim can compute molecular similarity on a practical timescale, its
computation speed was compared with those of ECFP, a representative fingerprint-based
method, and GED, a graph-based method. The implementation of the vanilla GED was
based on a script provided by Jensen on GitHub Gist,®! which utilizes RDKit and Net-
workX. A dataset of 1,000 molecules was obtained from the ZINC database to measure the
computation time. The first molecule was used as the reference molecule, and the compu-
tation time for similarity calculations against the 1,000 molecules, including the reference
molecule, was measured. The measurement was repeated ten times; the timeout for a single
similarity calculation was set to 0.1 seconds as a threshold for the practical computation
time; and the mean and standard deviation were calculated to compare the three meth-
ods. Since the GED implementation does not support bulk similarity calculations, RDKit
and GESim were evaluated under the same conditions by computing the similarity values
for each molecule individually, without using their bulk calculation functionalities, to en-

sure a fair assessment. A Python script for reproducing the comparison is available at

13
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https://github.com/ycu-iil/gesim_experiment.

Results and discussion

Evaluation on a Literature-Based Structural Similarity Benchmark

To assess the ability of GESim to order molecules by structural similarity, two benchmark
datasets, single-assay and multi-assay benchmarks, were used.!” Figure 2 shows the perfor-
mance of GESim and five representative molecular similarity measures in reproducing the
benchmark series orders for single-assay (4,563 series) and multi-assay (3,629 series) bench-
marks in 1,000 different repetitions. The Spearman’s rank correlation coefficients from each
repetition were grouped into bins with a width of 0.2 and were averaged to facilitate the

comparison of performance across the six measures.

a) Ability to rank very similar molecular structures b) Ability to rank diverse molecular structures
1400 Method 1400 Method
—e— GESim —e— GESim
1200 ECFP 1200 ECFP
FCFP FCFP
—e— APFP —— APFP
1000 —e— MACCS 1000 —e— MACCS
+ —e— TTFP = —e— TTFP
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> >
o o
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Spearman's rank correlation coefficient Spearman's rank correlation coefficient

Figure 2: Performance of six molecular similarity measures on two structural similarity
benchmarks: single-assay and multi-assay benchmarks. The Spearman’s rank correlation
coefficient was calculated to estimate the ability to reproduce the benchmark series orders.
The correlation coefficients were grouped into bins with a width of 0.2 and were averaged to
facilitate the comparison of performance across the measures. The circular symbols denote
the mean values for each method across 1,000 different repetitions, and the standard devia-
tions are also shown. GESim, ECFP, FCFP, APFP, MACCS, and TTFP are shown in blue,
orange, green, red, purple, and brown, respectively.

As reported in a previous study,!” APFP showed the best performance on the single-
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assay benchmark and reproduced or almost reproduced an average of 626 original series
orders with a coefficient of 0.8 or higher in this evaluation. GESim demonstrated comparable
performance to that of APFP, reproducing or almost reproducing an average of 618 original
series orders. On the other hand, ECFP achieved the best performance on the multi-assay
benchmark and reproduced or almost reproduced an average of 1,061 original series orders
with a coefficient of 0.8 or higher, as reported in a previous study.!” GESim demonstrated
intermediate performance among the six measures, reproducing and almost reproducing an
average of 1,018 original series orders. Its performance surpassed that of APFP, which
obtained 974 original series orders. These results suggest that GESim has intermediate
characteristics between those of APFP and ECFP.

To visually confirm how GESim identifies atom-pair matches and nonmatches between
the reference molecule and those of a series of four molecules during the similarity calculation,
subgraph matching visualizations (described for the Graph Aligner module in Fig. 1) were
performed and are shown in Fig. 3. In the top series in Fig. 3, the second to fourth molecules
have the same atom-pair matching with the reference molecule, but their similarity values
with respect to the reference molecule differ, successfully reproducing the order of the original
series. This ability to reflect such subtle differences in similarity values can be attributed to
the vNGE algorithm, which considers the degrees of the atoms in a molecule. As previously
noted, vNGE sensitively captures differences in the inherent structural complexity of graphs,
especially the degree distributions of nodes; if a molecule has a degree distribution close to
that of the reference molecule, GESim tends to consider it more similar than other molecules.
This is why GESim can distinguish two molecules even if they have the same atom-pair
matching. Additionally, the visualizations provide insights into potential improvements to
the GESim algorithm, such as subgraph matching. By examining the matched atom pairs
in the five series, some cases can be observed in which atoms that are intuitively expected to
match are instead identified as nonmatches. This may be because the Graph Aligner module

uses atom-fingerprint-based subgraph matching. However, we believe that this problem can
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Figure 3: Visualization of atom-pair matching performed by the Graph Aligner module.
The red-highlighted atoms within each molecule represent those that match atoms in the
reference molecule. Five molecules in a series from the structural similarity benchmark are
positioned horizontally, where the first molecule serves as the reference and the next four are
ordered on the basis of their similarity to this reference. The values labeled “G” and “E”
below each molecule denote the similarity scores calculated by GESim and the Tanimoto
similarity using ECFP, respectively, in relation to the reference molecule.
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be solved by using other methods or by combining several methods to achieve subgraph
matching that is closer to expert-level intuition. In addition, it is possible to improve the
quality of subgraph matching by using node embedding methods such as CONE,5? albeit at

the cost of some additional computation time.

Evaluation with a Ligand-Based Virtual Screening Benchmark

The average performance of GESim on a ligand-based virtual screening benchmark created
by Landrum and Riniker!® was tested in comparison with those of the five molecular simi-

larity measures, as shown in Fig. 4. As previously reported, MACCS served as the baseline,

a) .
— 0.8
o
o
8 0.6
2
o 0.4
0
0.2
Method
00 —— GESim
—— ECFP
b) FCFP
10 —— APFP
— MACCS
08 —— TTFP
O 0.6
-
<

0.4

0.2

Target dataset ID

Figure 4: Average performance of six molecular similarity measures with (a) AUC and
(b) BEDROC(a = 20) on the ligand-based virtual screening benchmark. GESim, ECFP,
FCFP, APFP, MACCS, and TTFP are shown in blue, orange, green, red, purple, and brown,
respectively. The plot of BEDROC(« = 100) is provided in Fig. S1. The raw values used in
the plots are available as CSV files in the Supporting Information.

exhibiting the lowest virtual screening performance, whereas the other methods displayed
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roughly similar performance, each showing certain advantages depending on the target. A
visual inspection shows that GESim outperformed the other methods for certain targets
(MUV 466, ChEMBL 10475, and ChEMBL 11265), although for other targets, GESim had
an average performance. With respect to AUC performance, GESim did not demonstrate
outstanding performance for any particular target and yielded average results overall. The
plot of BEDROC(a = 100) is provided in Fig. S1; the plots of EF(1%) and EF(5%) are not
depicted because the maximum EF values vary for each target, and comparisons between
targets are difficult. To further examine these results, we analyzed the average rank perfor-
mance for each evaluation metric and the highest performance count across 118 targets for

each metric, as illustrated in Fig. 5. Consistent with the previous study, FCFP and TTFP

a) 1
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=3 —— ECFP
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> — MACCS
< s \/\/ — TTFP
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Figure 5: Statistical analysis of the ligand-based virtual screening benchmark. (a) Average
rank performance of six molecular similarity measures across 118 targets. GESim, ECFP,
FCFP, APFP, MACCS, and TTFP are shown in blue, orange, green, red, purple, and brown,
respectively. (b) The highest BEDROC(«r = 20) count and (c) the highest AUC count across
118 targets are shown as bar plots. The bar plots of BEDROC(« = 20), EF(1%), and EF (5%)
are shown in Fig. S2.
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performed well, whereas MACCS had the lowest performance. For both the average rank
performance and the number of top-performing results, GESim consistently ranked in the
middle for all the evaluation metrics, indicating that GESim did not exhibit outstanding per-
formance on this virtual screening benchmark. The bar plots of BEDROC(« = 20), EF(1%),
and EF(5%) are shown in Fig. S2. Regarding ECFP and APFP, ECFP outperformed its
counterparts according to BEDROC(20), whereas APFP outperformed the other methods
in terms of AUC. Since GESim’s performance is between those of these two methods, as is
also indicated by the structural similarity benchmark, these findings imply that GESim may

possess characteristics intermediate between those of APFP and ECFP.

Calculation Time Comparison

The average computation times for calculating 1,000 molecular similarities via three methods—
GESim, ECFP, and GED—are shown in Fig. 6. GESim computes the 1,000 molecule similar-
ities in a mean time of 1.148 s, which is only approximately 10 times slower than ECFP (0.154
s). Conversely, GED required 0.1 seconds—the threshold time set for each calculation—for
almost all similarity calculations; thus, there is no guarantee that the optimal GED values
were obtained. These results, along with the fact that GESim completed the two benchmark
computations as well as did the other methods, indicate that GESim can be used in practi-
cal cases as a graph-based molecular similarity calculation method. Note that the observed
computation times may be significantly affected by the processing speeds of the program-
ming languages used rather than by the inherent differences in the algorithms themselves.
The algorithms of GESim and ECFP were implemented in C++4-, whereas that of GED was
implemented in Python. Although GED with extended reduced graphs as a molecular repre-
sentation, as reported in a previous study,?® would be appropriate for practical application,

this implementation is not publicly available.
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Figure 6: Calculation time comparison between GESim, ECFP with Tanimoto similarity,
and GED. The bar plots show the mean computation time with the standard deviation
for each method across 10 trials. The vertical axis represents the logarithm of the total
computation time in milliseconds. The dotted line represents the logarithm of the timeout
limit.

Conclusion

In this study, we introduced GESim, an ultrafast graph-based method for calculating molec-
ular similarity, and demonstrated its applicability in structural similarity assessments and
ligand-based virtual screenings, where fingerprint-based methods have traditionally been em-
ployed. By using vNGE, GESim enables graph-based molecular similarity calculations at a
computational speed comparable to those of fingerprint-based methods and considers entire
molecular graphs. From the two benchmark results, GESim appears to have characteristics
intermediate between those of APFP and ECFP. While our evaluation did not demonstrate a
pronounced advantage over other methods, GESim outperformed them on tasks with certain
targets and series. On the basis of these findings, GESim may pave the way for graph-based

similarity calculation methods in tasks, such as virtual screenings and database searches.
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Availability and requirements
e Project name: GESim
e Project home page: https://github.com/LazyShion/GESim
e Operating system(s): Tested on Linux OS
e Programming language(s): Python 3 and C++11

e Other requirements: Dependencies are described in the README file on the project

home page.
e License: MIT

e Restrictions on use by non-academics: None

Availability of data and materials

The GESim package is publicly available on GitHub at https://github.com/LazyShion/
GESim under the MIT License. The README file in the GitHub repository provides infor-
mation about how to install and use the package. The Python scripts needed to reproduce

the benchmark results are available at https://github.com/ycu-iil/gesim_experiment.
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(d) highest EF(1%) count, and (e) highest AUC count across 118 targets, shown as bar plots
(Fig. S2). The raw values used in Fig. 4 and Fig. S1 are available as CSV files.

References

(1) Bajorath, J. Methods in Molecular Biology; Springer New York, 2016; pp 231-245.

(2) Irwin, J. J.; Tang, K. G.; Young, J.; Dandarchuluun, C.; Wong, B. R.; Khurelbaatar, M.;
Moroz, Y. S.; Mayfield, J.; Sayle, R. A. ZINC20—A Free Ultralarge-Scale Chemical
Database for Ligand Discovery. Journal of Chemical Information and Modeling 2020,
60, 6065-6073.

(3) Kim, S. Exploring Chemical Information in PubChem. Current Protocols 2021, 1.

(4) Burley, S. K. et al. RCSB Protein Data Bank (RCSB.org): delivery of experimentally-
determined PDB structures alongside one million computed structure models of pro-

teins from artificial intelligence/machine learning. Nucleic Acids Research 2022, 51,

D488-D508.

(5) Zdrazil, B. et al. The ChEMBL Database in 2023: a drug discovery platform spanning
multiple bioactivity data types and time periods. Nucleic Acids Research 2023, 52,
D1180-D1192.

(6) Warr, W. A. Representation of chemical structures. WIREs Computational Molecular
Science 2011, 1, 557-579.

(7) Stumpfe, D.; Bajorath, J. Similarity searching. WIREs Computational Molecular Sci-

ence 2011, 1, 260-282.

(8) Bajusz, D.; Racz, A.; Héberger, K. Why is Tanimoto index an appropriate choice for

fingerprint-based similarity calculations? Journal of Cheminformatics 2015, 7.

23

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

(9) MACCS structural keys. 2011; Accelrys, San Diego, CA.

(10) Carhart, R. E.; Smith, D. H.; Venkataraghavan, R. Atom pairs as molecular features in
structure-activity studies: definition and applications. Journal of Chemical Information

and Computer Sciences 1985, 25, 64-73.

(11) Nilakantan, R.; Bauman, N.; Dixon, J. S.; Venkataraghavan, R. Topological torsion:
a new molecular descriptor for SAR applications. Comparison with other descriptors.

Journal of Chemical Information and Computer Sciences 1987, 27, 82-85.

(12) Rogers, D.; Hahn, M. Extended-Connectivity Fingerprints. Journal of Chemical Infor-

mation and Modeling 2010, 50, T42-754.

(13) Hawkins, P. C. D.; Skillman, A. G.; Nicholls, A. Comparison of Shape-Matching and

Docking as Virtual Screening Tools. Journal of Medicinal Chemistry 2006, 50, 74-82.

(14) Oztiirk, H.; Ozkirimli, E.; Ozgiir, A. A comparative study of SMILES-based compound
similarity functions for drug-target interaction prediction. BMC' Bioinformatics 2016,

17.

(15) Bolcato, G.; Heid, E.; Bostréom, J. On the Value of Using 3D Shape and Electrostatic
Similarities in Deep Generative Methods. Journal of Chemical Information and Mod-

eling 2022, 62, 1388-1398.

(16) Riniker, S.; Landrum, G. A. Open-source platform to benchmark fingerprints for ligand-

based virtual screening. Journal of Cheminformatics 2013, 5.

(17) O’Boyle, N. M.; Sayle, R. A. Comparing structural fingerprints using a literature-based

similarity benchmark. Journal of Cheminformatics 2016, §8.

(18) David, L.; Thakkar, A.; Mercado, R.; Engkvist, O. Molecular representations in Al-
driven drug discovery: a review and practical guide. Journal of Cheminformatics 2020,

12.

24

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

(19) Wigh, D. S.; Goodman, J. M.; Lapkin, A. A. A review of molecular representation in

the age of machine learning. WIRFEs Computational Molecular Science 2022, 12.

(20) Ramsundar, B.; Eastman, P.; Walters, P.; Pande, V.; Leswing, K.; Wu, Z. Deep
Learning for the Life Sciences; O’Reilly Media, 2019; https://www.amazon.com/

Deep-Learning-Life-Sciences-Microscopy/dp/1492039837.

(21) Ishida, S.; Terayama, K.; Kojima, R.; Takasu, K.; Okuno, Y. Prediction and Inter-
pretable Visualization of Retrosynthetic Reactions Using Graph Convolutional Net-
works. Journal of Chemical Information and Modeling 2019, 59, 5026-5033.

(22) You, J.; Liu, B.; Ying, Z.; Pande, V.; Leskovec, J. Graph Convolutional Policy Net-
work for Goal-Directed Molecular Graph Generation. Advances in Neural Information

Processing Systems. 2018.

(23) Dong, J.; Zhao, M.; Liu, Y.; Su, Y.; Zeng, X. Deep learning in retrosynthesis planning:

datasets, models and tools. Briefings in Bioinformatics 2021, 23.

(24) Reiser, P.; Neubert, M.; Eberhard, A.; Torresi, L.; Zhou, C.; Shao, C.; Metni, H.;
van Hoesel, C.; Schopmans, H.; Sommer, T.; Friederich, P. Graph neural networks for

materials science and chemistry. Communications Materials 2022, 3.

(25) Garcia-Hernandez, C.; Ferndndez, A.; Serratosa, F. Ligand-Based Virtual Screening
Using Graph Edit Distance as Molecular Similarity Measure. Journal of Chemical In-
formation and Modeling 2019, 59, 1410-1421.

(26) Coupry, D. E.; Pogédny, P. Application of deep metric learning to molecular graph

similarity. Journal of Cheminformatics 2022, 1.

(27) Shiokawa, H.; Naoi, Y.; Matsugu, S. Efficient Correlated Subgraph Searches for Al-
powered Drug Discovery. Proceedings of the Thirty-Third International Joint Confer-

ence on Artificial Intelligence. 2024; p 2351-2361.

25

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

(28) Wang, X.; Ding, X.; Tung, A. K.; Ying, S.; Jin, H. An Efficient Graph Indexing Method.

2012 TEEE 28th International Conference on Data Engineering. 2012; p 210-221.

(29) Zhao, X.; Xiao, C.; Lin, X.; Wang, W.; Ishikawa, Y. Efficient processing of graph

similarity queries with edit distance constraints. The VLDB Journal 2013, 22, 7T27-752.

(30) Zhao, X.; Xiao, C.; Lin, X.; Zhang, W.; Wang, Y. Efficient structure similarity searches:
a partition-based approach. The VLDB Journal 2017, 27, 53-78.

(31) Liang, Y.; Zhao, P. Similarity Search in Graph Databases: A Multi-Layered Indexing
Approach. 2017 IEEE 33rd International Conference on Data Engineering (ICDE).
2017.

(32) Chang, L.; Feng, X.; Yao, K.; Qin, L.; Zhang, W. Accelerating Graph Similarity Search
via Efficient GED Computation. IEEE Transactions on Knowledge and Data Engineer-

g 2022, 1-1.

(33) Naoi, Y.; Shiokawa, H. Boosting Similar Compounds Searches via Correlated Subgraph

Analysis. Information Integration and Web Intelligence. 2023; p 464-477.

(34) Braunstein, S. L.; Ghosh, S.; Severini, S. The Laplacian of a Graph as a Density
Matrix: A Basic Combinatorial Approach to Separability of Mixed States. Annals of

Combinatorics 2006, 10, 291-317.

(35) Chen, P.-Y.; Wu, L.; Liu, S.; Rajapakse, I. Fast Incremental von Neumann Graph
Entropy Computation: Theory, Algorithm, and Applications. Proceedings of the 36th

International Conference on Machine Learning. 2019; pp 1091-1101.

(36) Lockhart, J.; Minello, G.; Rossi, L.; Severini, S.; Torsello, A. Edge Centrality via
the Holevo Quantity. Proceedings of the Structural, Syntactic, and Statistical Pattern
Recognition. 2016; p 143-152.

26

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

(37) De Domenico, M.; Nicosia, V.; Arenas, A.; Latora, V. Structural reducibility of multi-

layer networks. Nature Communications 2015, 6.

(38) Minello, G.; Rossi, L.; Torsello, A. On the von Neumann entropy of graphs. Journal of
Complex Networks 2018, 7, 491-514.

(39) Li, A.; Pan, Y. Structural Information and Dynamical Complexity of Networks. [EEE

Transactions on Information Theory 2016, 62, 3290-33309.

(40) Liu, X.; Fu, L.; Wang, X. Bridging the Gap between von Neumann Graph Entropy and
Structural Information: Theory and Applications. Proceedings of the Web Conference

2021. 2021; p 3699-3710.

(41) Riniker, S.; Fechner, N.; Landrum, G. A. Heterogeneous Classifier Fusion for Ligand-
Based Virtual Screening: Or, How Decision Making by Committee Can Be a Good
Thing. Journal of Chemical Information and Modeling 2013, 53, 2829-2836.

(42) Chung, F. Spectral Graph Theory; American Mathematical Society, 1996.

(43) Briét, J.; Harremoés, P. Properties of classical and quantum Jensen-Shannon diver-

gence. Physical Review A 2009, 79.

(44) Landrum, G. RDKit: Open-Source Cheminformatics Software. 2016; https://github.

com/rdkit/rdkit.

(45) Cao, Y.; Jiang, T.; Girke, T. A maximum common substructure-based algorithm for

searching and predicting drug-like compounds. Bioinformatics 2008, 24, i366-i374.

(46) Johnson, M. A., Maggiora, G. M., Eds. Concepts and applications of molecular simi-
larity; John Wiley & Sons: Nashville, TN, 1990.

(47) Irwin, J. J. Community benchmarks for virtual screening. Journal of Computer-Aided

Molecular Design 2008, 22, 193-199.

27

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

(48) Rohrer, S. G.; Baumann, K. Maximum Unbiased Validation (MUV) Data Sets for Vir-
tual Screening Based on PubChem Bioactivity Data. Journal of Chemical Information

and Modeling 2009, 49, 169-184.

(49) Gaulton, A.; Bellis, L. J.; Bento, A. P.; Chambers, J.; Davies, M.; Hersey, A.; Light, Y_;
McGlinchey, S.; Michalovich, D.; Al-Lazikani, B.; Overington, J. P. ChEMBL: a

large-scale bioactivity database for drug discovery. Nucleic Acids Research 2011, 40,
D1100-D1107.

(50) Ginn, C. M.; Willett, P.; Bradshaw, J. Combination of molecular similarity measures

using data fusion. Perspectives in Drug Discovery and Design 2000, 20, 1-16.

(51) Jensen, J. Compute graph edit distance between two molecules us-
ing RDKit and Networkx. 2020; https://gist.github.com/jhjensen2/

6450138cda3ab796a30850610843cfff.

(52) Chen, X.; Heimann, M.; Vahedian, F.; Koutra, D. CONE-Align: Consistent Network
Alignment with Proximity-Preserving Node Embedding. Proceedings of the 29th ACM

International Conference on Information & Knowledge Management. 2020.

28

https://doi.org/10.26434/chemrxiv-2025-gm6vk ORCID: https://orcid.org/0000-0002-5638-3579 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2025-gm6vk
https://orcid.org/0000-0002-5638-3579
https://creativecommons.org/licenses/by-nc-nd/4.0/

