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Abstract

Continuous exploration of the chemical space of molecules to find ligands with
high affinity and specificity for specific targets is an important topic in drug
discovery. A focus on cyclic compounds, particularly natural compounds with
diverse scaffolds, provides important insights into novel molecular structures
for drug design. However, the complexity of their ring structures has hindered
the applicability of widely accepted methods and software for the systematic
identification and classification of cyclic compounds. Herein, we successfully
developed a new method, D3Rings, to identify acyclic, monocyclic, spiro ring,
fused and bridged ring, and cage ring compounds as well as macrocyclic com-
pounds. By using D3Rings, we completed the statistics of cyclic compounds
in 3 different databases, e.g., ChEMBL, DrugBank, and COCONUT. The re-
sults demonstrated the richness of ring structures in natural products, espe-
cially spiro, macrocycles, fused and bridged rings. Based on this, three deep
generative models, namely VAE, AAE, and CharRNN, were trained and used
to construct two datasets similar to DrugBank and COCONUT but 10 times
larger than them. The enlarged datasets were then used to explore the molecu-
lar chemical space, focusing on complex ring structures, for novel drug discovery
and development. Docking experiments with the newly generated COCONUT-
like dataset against three SARS-CoV-2 target proteins revealed that an ex-
panded compound database improves molecular docking results. Cyclic struc-
tures were exhibited the best docking scores among the top-ranked docking
molecules. These results suggest the importance of exploring the chemical
space of structurally novel cyclic compounds and continuous expansion of the
library of drug-like compounds to facilitate the discovery of potent ligands with
high binding affinity to specific targets. D3Rings is now freely available at
http://www.d3pharma.com/D3Rings/.
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ABSTRACT

Continuous exploration of chemical space to identify ligands with high affinity
and specificity for specific targets remains a central challenge in drug discovery.
Cyclic compounds—particularly natural products with diverse scaffolds—offer
valuable insights for novel molecular design, yet the complexity of their ring
structures has limited the applicability of conventional identification and classi-
fication methods. Herein, we present D3Rings, a novel method that rapidly and
accurately identifies and classifies molecules as acyclic, monocyclic, spiro, fused
and bridged, cage, or macrocyclic compounds. Applying D3Rings to ChEMBL,
DrugBank, and COCONUT databases revealed the rich structural diversity of
natural products, especially in spiro, macrocyclic, fused, and bridged ring sys-
tems. Building on this analysis, we trained three deep generative models (VAE,
AAE, and CharRNN) to construct datasets tenfold larger than DrugBank and
COCONUT, specifically enriched in drug-like and natural product-like cyclic
compounds. Docking experiments with the expanded COCONUT-like dataset
against three SARS-CoV-2 target proteins demonstrated that larger compound
libraries improve molecular docking outcomes, with cyclic structures consis-
tently achieving the best docking scores among top-ranked molecules. These
results highlight the importance of exploring chemical space for structurally
novel cyclic compounds and underscore the value of continuously expanding
drug-like compound libraries to facilitate the discovery of potent target-specific
ligands. D3Rings is freely available at http://www.d3pharma.com/D3Rings/.
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INTRODUCTION

Cyclic compounds constitute a dominant class in modern pharmaceuticals.
Among the top 200 drugs by retail sales in 2021 (compiled by M. Haziq
Qureshi, University of Arizona), 113 are small-molecule drugs, of which 112
contain cyclic structures. Specifically, 76, 8, and 2 of these cyclic drugs contain
fused/bridged ring, macrocyclic, and spiro ring systems, respectively. Cyclic
compounds also feature prominently among recently approved small-molecule
COVID-19 therapeutics, including Pfizer’'s Paxlovid (a combination of the
3CLpro inhibitor Nirmatrelvir and Ritonavir), Merck/Ridgeback’s RdRp
inhibitor Molnupiravir, Shionogi’s 3CLpro inhibitor Ensitrelvir, and China’s
RdRp inhibitor VV116.[?]

Advances in computational chemistry and cheminformatics have driven the evo-
lution of molecular scaffold analysis. The foundational approach is the Mur-
cko framework, introduced by Bemis and Murcko,[?, ?] which deconstructs
molecules into ring systems, linkers, side chains, and a combined framework
of rings and linkers. Building on this, the Scaffold Tree (ST) method employs a
hierarchical tree to describe ring systems, iteratively pruning rings according to
prioritization rules until only one remains.[?] Similarly, SCONP trims terminal
side chains to obtain scaffolds, then establishes parent—child relationships to
create a classification tree.[?]

Graph theory provides a powerful framework for analyzing ring systems by
representing compounds as graphs (atoms as nodes, bonds as edges). Graph-
based techniques such as the smallest set of smallest rings (SSSR) algorithm and
ring perception methods have been instrumental in characterizing ring systems
based on topological properties, symmetry, and aromaticity.[?, ?] Herein, we
describe a novel strategy for cyclic compound analysis using the SSSR algorithm
to identify and classify molecules according to their ring connectivity.

Drug discovery demands novel structures, necessitating the generation of syn-
thetic datasets that mirror the complexity of marketed drugs or natural products
for virtual screening. Traditional fragment-based assembly methods struggle
with highly complex ring systems. In recent years, deep generative models have
emerged as powerful tools for exploring chemical space, offering advantages over
conventional methods by operating without direct reliance on structural simi-
larity.[?] These models can expand the chemical space of drug-like compounds,
enhance structural diversity, and generate large-scale libraries of novel cyclic
compounds for future drug research.[?]

In this work, we focus on drug-like and natural product-like cyclic compounds.
First, we developed D3Rings, a rapid and accurate method for ring system
identification and classification. Second, we systematically classified cyclic com-
pounds across multiple databases using D3Rings. Third, we employed three
deep generative models—VAE, AAE, and CharRNN—to construct large-scale
natural product-like and drug-like molecular datasets. Finally, through virtual
screening of millions of compounds, we demonstrated that large-scale databases
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enhance the discovery of structurally diverse, high-affinity ligands for drug—
target interactions.

MATERIALS AND METHODS
Data Collection

We utilized three molecular databases: ChEMBL30 (drug-like compounds),
DrugBank 5.1.9 (approved and investigational drugs), and COCONUT (an ex-
tensive open natural product collection).[?] These databases exhibit distinct
characteristics due to their different data sources. We extracted molecules in
SMILES format[?] from ChEMBL30, DrugBank 5.1.9, and COCONUT (Jan-
uary 2022), removing the few molecules incompatible with RDKit v.2020.09.1.

Molecular Classification Scheme
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Figure 1: Figure 1

illustrates our classification system based on ring presence and connectivity.
Molecules are categorized as: - Acyclic compounds (no ring structures) - Mono-
cyclic compounds (single ring or multiple rings without direct linkages) - Joined
ring compounds (two or more directly connected rings)

Joined ring compounds exhibit diverse connectivity patterns (Figure 1C). Spiro
rings share a single bridgehead atom with a twisted geometry.[?] Fused rings
share two adjacent atoms (common ring edges), while bridged rings share two
nonadjacent atoms with intervening atoms. Cage rings represent a special class
of hollow, three-dimensional structures.[?] Macrocyclic compounds contain rings
of 12 or more atoms (Figure 1D).[?]

Using D3Rings, we classified molecules from ChEMBL30, DrugBank 5.1.9, and
COCONUT into these categories based on structural characteristics.
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Ring Structure Classification: D3Rings

Figure 2A [FIGURE:2] outlines the D3Rings workflow. The program first iden-
tifies ring structures using the SSSR method, then checks for directly connected
rings. Subsequent classification leverages unique properties of each ring type:
spiro compounds are identified by single bridgehead atoms, macrocycles by rings
containing $ $12 atoms, and fused/bridged compounds by the maximum num-
ber of directly connected rings.

Figure 2B illustrates the calculation of the maximum number of joined rings.
Molecules are fragmented at acyclic bonds, and the ring count for each fragment
is calculated as:

Number of joined rings = Number of ring bonds — Number of ring atoms + 1

The maximum value across all fragments defines the molecule’s final classi-
fication. For molecules with multiple ring assemblies, classification is based
on the maximum number of directly connected rings. The entire process is
implemented in Python using RDKit v.2020.09.1. D3Rings is available at
http://www.d3pharma.com/D3Rings/.

Halogenated Compound Analysis

To investigate halogen distribution across databases, we analyzed all com-
pounds, spiro ring compounds, fused/bridged ring compounds, and macrocyclic
compounds from ChEMBL30, DrugBank 5.1.9, and COCONUT. We quan-
tified the proportions of halogen-containing compounds, single-halogen-type
compounds, and the distribution of halogen atom counts within each pool.

Deep Generative Models for Molecular Database Generation

Deep generative models offer powerful approaches for exploring chemical space.
We employed three architectures:

Variational Autoencoder (VAE) encodes high-dimensional input into a low-
dimensional latent space and reconstructs it through a decoder (Figure 3A

).[?, ?] The loss function combines reconstruction error and Kullback-Leibler
divergence.[?, ?] Our implementation uses a bidirectional GRU recurrent neu-
ral network with a linear output layer as the encoder and a three-layer GRU
with dropout as the decoder. VAE generates novel cyclic drug molecules with
properties similar to the training set.

Adversarial Autoencoder (AAE) replaces the KL divergence in VAE with
adversarial training for variational inference (Figure 3B).[?, ?] The encoder uses
a single-layer LSTM, the decoder a two-layer LSTM, and the discriminator a
two-layer fully connected network with exponential linear unit activation. AAE
generates molecules with desired properties aligned with training data.
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Figure 2: Figure 3

Character-Level Recurrent Neural Network (CharRNN) models char-
acter sequences by predicting the next character distribution based on observed
characters.[?, ?] We used three-layer LSTM cells with dropout and Softmax
output. Trained by maximizing log-likelihood (Figure 3C), CharRNN generates
novel cyclic drug molecules and is particularly effective when target properties
relate to sequential characteristics like functional groups.

Model Training and Dataset Generation

We split DrugBank (5.1.9) and COCONUT (January 2022) into training and val-
idation sets (9:1 ratio). The DrugBank training set contained 10,154 molecules
(1,129 validation), while COCONUT contained 366,228 molecules (40,692 vali-
dation). Trained models generated 40,000 valid molecules each for DrugBank
and 1,500,000 each for COCONUT. After merging and deduplication, we ob-
tained a DrugBank-like dataset of 119,381 molecules and a COCONUT-like
dataset of 4,185,929 molecules—each approximately tenfold larger than the
source database. SMILES strings served as input and output representations.

Evaluation of Generated Molecular Databases

We assessed generated molecules using the Molecular Sets (MOSES) metrics:[?] -
Validity: Fraction of chemically valid SMILES - Novelty: Fraction not present
in training set - Internal Diversity: Structural diversity within generated set
- Unique 10k: Uniqueness among top 10,000 valid molecules - Frag: BRICS

chinarxiv.org/items/chinaxiv-202402.00090 Machine Translation


https://chinarxiv.org/items/chinaxiv-202402.00090

ChinaRxiv [f)]

fragment similarity to training set - Scaff: Bemis—Murcko scaffold similarity -
SNN: Similarity to nearest neighbor

We also compared distributions of molecular weight (MW), LogP, quantitative
estimation of drug-likeness (QED), and synthetic accessibility (SA) between
training and generated sets. To verify compositional consistency, we applied
D3Rings to classify acyclic, monocyclic, spiro, fused/bridged, cage, and macro-
cyclic compounds in the generated databases.

Virtual Screening: Impact of Database Size

Molecular docking is a powerful tool for discovering active compounds from
chemical libraries.[?, ?, ?] To evaluate the benefits of large-scale datasets, we
performed docking against SARS-CoV-2 conserved proteins (3CLpro, RdRp,
and nspl3).[?] We created four screening libraries from the COCONUT-like
dataset (4,185,929 molecules total): subsets of 0.1%, 1%, 10%, and 100% (4,186,
41,859, 418,593, and 4,185,929 molecules, respectively). All docking calculations
used the Glide HTVS program in Schrédinger Release 2020.

RESULTS AND DISCUSSION

Molecular Classification Statistics Across Databases

After initial filtering, our final datasets contained 1,038,551 (ChEMBL30),
11,283 (DrugBank 5.1.9), and 406,920 (COCONUT January 2022) molecules.
D3Rings classification revealed striking differences among databases (Figure 4
[FIGURE:4], Table S1).

Overall Ring Distribution: - Acyclic compounds were most prevalent in
DrugBank (13.77%) compared to ChEMBL (1.08%) and COCONUT (5.14%)
- Monocyclic compounds (single ring or multiple rings without direct linkages)
comprised similar fractions in ChEMBL and DrugBank (42.85% vs. 42.15%)
but were less common in COCONUT (23.28%) - Joined ring compounds (two
or more directly linked rings) dominated COCONUT (71.58%) compared to
ChEMBL (56.07%) and DrugBank (44.08%)

In summary, cyclic compounds predominate across all datasets, with ChEMBL
showing the fewest acyclic structures, COCONUT the most cyclic structures,
and DrugBank the simplest overall ring topology (acyclic + monocyclic >55%).
COCONUT exhibits the greatest structural complexity, with joined ring com-
pounds representing over three-quarters of its cyclic molecules.

Detailed Joined Ring Analysis: The right panel of Figure 4 and Table
S2 provide deeper analysis across three classification schemes: spiro presence,
fused/bridged presence, and maximum number of fused rings.

Key findings: - Spiro compounds: COCONUT is notably enriched (5.38%)
compared to ChEMBL and DrugBank - Fused/bridged compounds: Dom-
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inant in all datasets (55.10%, 43.69%, and 71.15% for ChEMBL, DrugBank,
and COCONUT, respectively) - Ring complexity: COCONUT contains sub-
stantially more structures with $ $2 fused rings, particularly those with three
or more fused rings - Cage compounds: More abundant in COCONUT than
in drug or bioactive databases, including alkaloids, terpenoids, xanthones, and
unique marine-derived cage structures

Macrocyclic Compounds: COCONUT contains significantly more macrocy-
cles than ChEMBL or DrugBank—approximately 3.6x and 2.3x their propor-
tions, respectively (Figure 5 [FIGURE:5], Table S1).

These results demonstrate that COCONUT compounds possess greater struc-
tural complexity than those in ChEMBL and DrugBank, with characteristic
features including spiro, fused, bridged, cage, and macrocyclic systems.

Halogenated Compound Distribution

Halogenated compounds follow a consistent trend across databases: bioactive
compounds (ChEMBL) show the highest halogenation rates, followed by
DrugBank, with natural products showing the lowest (Figures 6 and S1,
Tables S3-S4). This pattern holds across all structural classes, including spiro,
fused/bridged, and macrocyclic compounds.

Despite the prevalence of halogenated compounds in drug-like libraries, fewer
halogenated drugs reach market than expected. Natural products, a key in-
spiration for drug discovery, contain relatively few halogenated structures.[?]
While the Dictionary of Natural Products documented only 10,310 halogenated
natural products as of March 2021, our COCONUT analysis identified 40,722
halogenated natural products and natural product-like molecules—a substantial
increase.[?, ?]

Fluorine- and chlorine-containing compounds dominate across all databases,
while bromine and iodine compounds remain scarce (Figures 6 and S1). This
reflects the greater stability of fluorine and chlorine compounds compared to io-
dinated analogs. Notably, most halogenated natural products contain only one
halogen atom (up to 61%), whereas halogenated drugs more frequently contain
multiple halogen atoms (nearly 50%), highlighting the importance of halogen
substitution for modulating lipophilicity, pKa, conformation, and bioavailabil-

ity.[?]

Large-Scale Molecular Dataset Generation

We trained VAE, AAE, and CharRNN models on DrugBank (10,154 molecules)
and COCONUT (366,228 molecules) training sets (hyperparameters in Ta-
ble S6). FEach model generated 40,000 valid DrugBank-like molecules and
1,500,000 COCONUT-like molecules. After merging and deduplication, we
obtained: - DrugBank-like dataset: 119,381 molecules (~10Xx expansion) -
COCONUT-like dataset: 4,185,929 molecules (~10x expansion)
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To assess the generated molecules, we randomly sampled 10,000 molecules from
each training set and generated set, then applied t-SNE dimensionality reduction
(Figure 7
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Figure 3: Figure 7

). The substantial overlap between generated and training molecules demon-
strates that our models effectively reproduce training set properties while ex-
ploring complementary chemical space beyond the original molecules. Figure
S3 showcases randomly selected valid, chemically reasonable molecules from
both datasets.

Model Performance Evaluation

Table 1 summarizes model performance on MOSES metrics. All models
achieved: - Validity: Near-perfect SMILES validity (1) - Novelty: >99%
of generated molecules absent from training sets, indicating no overfitting -
Internal Diversity: Scores of 0.888-0.902, confirming capacity for novel
structure discovery - Unique 10k: >0.98 uniqueness among top 10,000
molecules, demonstrating broad generation capability

Substructure analysis revealed that generated molecules preserved BRICS
fragment similarity to training sets. COCONUT-trained models produced
more novel Bemis—Murcko scaffolds than DrugBank-trained models, suggesting
greater scaffold innovation in natural product-like space. SNN values of 0.3-0.5,
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combined with high novelty, confirm that models explore new chemical space
without overfitting.

Figure 8 [FIGURE:8] compares property distributions (MW, LogP, QED, SA)
between training and generated sets. Deep generative models faithfully repro-
duce training set characteristics, with CharRNN showing particularly close over-
lap for QED and SA distributions.

We compared our three models against LatentGAN[?] and JT-VAE[?] using
MOSES benchmarks (Table S7, Figure S4). All models were trained on Drug-
Bank and generated 10,000 molecules for evaluation. LatentGAN and JT-VAE
performed substantially worse on internal diversity, uniqueness, and similarity
metrics. JT-VAE exhibited bias toward lighter, easily synthesizable molecules
(low SA) but with poor drug-like properties (low QED). Latent GAN generated
excessively heavy molecules (high MW) with low QED and high SA. In contrast,
VAE, AAE, and CharRNN closely matched the training data distribution.

Generated Database Composition Analysis

D3Rings analysis of the DrugBank- and COCONUT-like databases (Figure S5,
Tables S8-S9) shows that the prevalence of each structural class aligns well with
the original databases. However, the proportion of molecules with $ $3 fused
rings is lower in generated datasets, suggesting that limited training data for
highly complex cyclic structures reduces generation probability.

Halogenated compound statistics for generated databases (Figures S7—
S9, Tables S10-S12) mirror the patterns observed in source databases, with
COCONUT-like datasets showing greater halogen diversity than DrugBank-like
datasets.

Impact of Database Size on Virtual Screening

To evaluate how library size affects hit discovery, we docked COCONUT-like
subsets of varying size (0.1%, 1%, 10%, 100%) against SARS-CoV-2 3CLpro,
RdRp, and nspl3.

Key findings: - Hit rates: The number of molecules with docking scores
<—6.0 keal/mol increased proportionally with library size (Figure 9A [FIG-
URE:9], Table S13). A 1,000-fold library expansion yielded ~1,000x more high-
affinity hits - Best scores: Top docking scores improved monotonically with
library size (Figure 9B). Improvements ranged from A = —0.920 to —2.285
kcal/mol across targets - Top 100 averages: Mean scores of top 100 hits im-
proved by A = —2.227 to —2.440 kcal/mol when scaling from 0.1% to 100% of
the library (Figure 9C), with no saturation observed

Cyclic structures consistently achieved the best docking scores among
top-ranked molecules (Figure S10). Monocyclic and fused/bridged com-
pounds performed particularly well across all three targets, with monocyclic
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compounds showing optimal RdRp affinity and fused/bridged compounds
exhibiting strongest binding to 3CLpro and nspl3.

These results align with Lyu et al., who observed steady improvements in
docking scores without saturation when scaling libraries from 10° to >10°
molecules.[?] Our findings confirm that large-scale virtual screening libraries
enhance the discovery of diverse, high-affinity ligands, with cyclic structures—
particularly fused/bridged and monocyclic compounds—providing optimal tar-
get engagement.

CONCLUSION

Cyclic compounds are ubiquitous in nature and represent a crucial class for
drug discovery. We developed D3Rings, a fast and accurate method for identi-
fying and classifying acyclic, monocyclic, spiro, fused/bridged, cage, and macro-
cyclic compounds. Statistical analysis of ChEMBL, DrugBank, and COCONUT
databases revealed that COCONUT is exceptionally rich in complex cyclic ar-
chitectures, including spiro, fused, bridged, cage, and macrocyclic systems. Us-
ing three deep generative models (VAE, AAE, CharRNN), we generated ten-
fold larger drug-like and natural product-like datasets. Docking against three
anti-COVID-19 targets demonstrated that library expansion steadily improves
binding affinity for top-ranked molecules. Our findings underscore the practical
value of large-scale cyclic compound databases for future drug discovery and
highlight the transformative potential of enriched molecular datasets in advanc-
ing pharmaceutical innovation.
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