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Abstract 

The generated databases (GDBs) list billions of possible molecules from systematic enumeration 

following simple rules of chemical stability and synthetic feasibility. To assess the originality of 

GDB molecules, we compared their Bemis and Murcko molecular frameworks (MFs) with those in 

public databases. MFs result from molecules by converting all atoms to carbons, all bonds to single 

bonds, and removing terminal atoms iteratively until none remain. We compared GDB-13s 

(99,394,177 molecules up to 13 atoms containing simplified functional groups, 22,130 MFs) with 

ZINC (885,905,524 screening compounds, 1,016,597 MFs), PubChem50 (100,852,694 molecules 

up to 50 atoms, 1,530,189 MFs) and COCONUT (401,624 natural products, 42,734 MFs). While 

MFs in public databases mostly contained linker bonds and 6-membered rings, GDB-13s MFs had 

diverse ring sizes and ring systems without linker bonds. Most GDB-13s MFs were exclusive to 

this database, and many were relatively simple, representing attractive targets for synthetic 

chemistry aiming at innovative molecules.  
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Introduction 

To delineate the chemical space of interest for drug discovery,1–3 we have reported several generated 

databases (GDBs) enumerating all possible small molecules up to a given number of non-hydrogen 

atoms following simple rules of chemical stability and synthetic feasibility.4,5 These databases contain 

billions of possible molecules, which are almost all novel since only a few million molecules are known 

in the size range of the GDBs (up to 17 non-hydrogen atoms).6 However, defining novelty as non-

identity in the context of drug discovery is partly misleading because many similar molecules have 

comparable properties.7 

Here we analyze GDB molecules in terms of molecular frameworks (MFs) as proposed by 

Bemis and Murcko.8 MFs are the molecular graphs obtained from the structural formula by converting 

all atoms to carbons, all bonds to single bonds, and removing terminal atoms iteratively until none 

remain. For our analysis, we considered GDB-13s, a new subset of 99 million possible molecules up to 

13 atoms of C, N, O, S and Cl derived from the full GDB-13 (977 million molecules)9 by restricting 

allowed functional groups. Although much smaller than GDB-13, GDB-13s contains the complete set of 

MFs present in GDB-13. We compared MFs of GDB-13s molecules with those derived from 885 

million commercially available screening compounds from the ZINC database,10 from 100 million 

molecules up to 50 non-hydrogen atoms (heavy atom count HAC  50) in the public database 

PubChem,11 and from 400 thousand natural products and natural product-like molecules in the 

COCONUT database.12  

MFs define molecular series by their constitutive ring systems and linker bonds compatible 

with any number of variations in substituents and heteroatoms, and lead to a more demanding definition 

of novelty.13,14 For example, our recently reported triquinazine scaffold 1, inspired from the ring system 

database GDB4c,15  represents a new heteroatom variation of the MF of the known angular triquinane 2, 

but is not a new MF per se, however the derived Janus kinase inhibitor 3 features an unprecedented MF 

4 occurring only in 7 molecules recorded in PubChem which correspond to the record of 3 and related 
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synthetic intermediate from the original publication (Figure 1).16 Drugs often derive from  highly 

populated MFs, such as molnupiravir (5) derived from MF 6 found in most pyrimidine nucleosides and 

analogs and corresponding to millions of different molecules, including 24 marketed drugs. On the other 

hand, recently approved drugs, such as the orexin inhibitor daridorexant (7), may feature more complex 

and far less common MFs such as 8, reflecting the general tendency towards larger and more complex 

drug structures observed in recent medicinal chemistry trends.13,14  

As detailed below, we find that, because of the small size of molecules in GDB-13s and the 

exhaustive enumeration approach taken to create the database, this database features only a relatively 

few MFs relative to its size compared with ZINC, PubChem and COCONUT. Nevertheless, these MFs 

are mostly exclusive MF (eMFs) occurring only in GDB-13s and none of the other three analyzed 

databases, assessing to a vast MF novelty potential in this database. Most remarkably, many eMFs are 

tricyclic frameworks that should be readily accessible by synthesis. A typical example is the tricyclic 

MF 10, for which only a single, non-referenced molecule example is found in Scifinder in form of 

epoxide 9.17 
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Figure 1. Examples of molecules (left) and their constitutive MF (right). The number of occurrences of the MFs in each 

database is indicated on the right. 

 

Results and Discussion 

Database selection and MF analysis. We chose GDB-13 for this analysis because of its manageable 

size of 977 million molecules. To further restrict the database to molecules resembling those in public 

databases, we removed functional groups rarely found in medicinal chemistry such as acetals and 

carbonates, non-aromatic carbon-nitrogen and carbon-carbon double bonds, aziridines, and non-

aromatic N-N and N-O bonds. This selection, here named GDB-13s, was reduced by 90% compared to 

the full GDB-13, further facilitating analysis. Similar to GDB-13, GDB-13s showed an exponential 

increase in the number of molecules as function of molecule size (Figure 2a). 
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For comparison, we downloaded ZINC, which features 885 million screening compounds 

available from various providers.10 Molecules from ZINC are larger than GDB molecules and peak at 

HAC = 26, which is a typical drug size, with only very few molecules larger than HAC = 36 (Figure 

2b). Furthermore, we collected 100 million molecules up to HAC = 50 from PubChem,11 here named 

PubChem50. This collection peaked at HAC = 21 but extended more evenly than ZINC up to HAC = 50 

(Figure 2c). Finally, we considered the recently reported COCONUT, which features 400 thousand 

natural products or natural product-like molecules.12 This database is highly populated at HAC = 25 – 

35 and contains a few molecules above HAC = 100, which are mostly glycolipids such as saponins, 

peptides and polyphenols (Figure 2d). 

 

Figure 2. Count of molecules (Cpd), molecular frameworks (MF), exclusive molecular frameworks (eMF) and molecular 

frameworks up to three rings (MF-3R) in GDB-13s (a), ZINC (b), PubChem50 (c) and COCONUT (d) as a function of 

heavy atom count (HAC). 
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Despite its large size, GDB-13s only contained 22,130 MFs. By contrast, ZINC and PubChem50 

both contained over one million MFs, and COCONUT contained 42,734 MFs for only 400 thousand 

molecules. However, ZINC, PubChem50 and COCONUT contained fewer MFs up to 13 atoms (MF13) 

than GDB-13s since these databases mostly contain molecules built on MFs larger than 13 atoms (Table 

1a and Figure 2a-d, green lines). The much larger number of molecules per MF in GDB-13s compared 

to databases of known molecules reflects the exhaustive enumeration approach taken to create the GDB, 

in contrast to the other three databases collecting known examples. This is also evidenced by the fact 

that GDB-13s does not contain any MF with only a single molecule example, while 14% of ZINC MFs 

and 47% of PubChem50 and COCONUT MRs are singletons. 

Table 1. Molecular framework analysis of GDB-13s, ZINC, PubChem50 and COCONUT.  
 GDB-13s ZINC PubChem50 COCONUT 

a) database size and Cpd/MF  

Cpds 99,394,177 885,905,524 100,852,694 401,624 

MFa) 22,130 1,016,597 1,530,189 42,734 

MF13b) 22,130 1,448 13,422 679 

Singletonsc) 0 141,510 717,917 20,211 

%Singletons 0 13.9% 46.9% 47.3% 

MF90d) 872 13,800 24,830 14,000 

% MF90 3.9% 1.4% 1.6% 32.8% 

Cpd/MF90 102,586 57,776 3,656 26 

b) MF types     

MF-Ring systemse) 17,816 3,841 86,379 6,181 

% MF-Ring systems 80.5% 0.4% 0.6% 14.5% 

Cpd-Ring systems 96,554,175 73,511,304 21,642,803 136,056 

% Cpd-Ring systems 97.1% 8.3% 21.5% 33.9% 

MF-5/6f) 3,610 298,901 812,006 24,038 

% MF-5/6 16.3% 29.4% 53.1% 56.3% 

Cpd-5/6 34,214,845 656,214,620 84,927,019 285,823 

% Cpd-5/6 34.4% 74.1% 84.1% 71.2% 

c) exclusive MFs     

eMFg) 16,936 691,045 1,192,517 16,503 

% eMF 76.5% 68.0% 77.9% 38.6% 

Cpd-eMF 4,975,340 45,755,635 5,771,217 44,040 

% Cpd-eMF 5.0% 5.2% 5.7% 11.0% 

d) MFs up to three rings     

MF-3Rh) 2,215 25,143 40,577 3,670 

% MF-3R 10.0% 2.5% 2.7% 8.6% 

Cpd-3R 83,472,674 642,704,648 69,406,919 169,647 

% Cpd-3R 84.0% 72.5% 68.8% 42.2% 

eMF-3R 225 7,794 21,481 317 

% eMF-3R 1.0% 0.8% 1.4% 0.7% 

Cpd-eMF-3R 209,011 1,648,939 139,368 841 

% Cpd-eMF-3R 0.2% 0.2% 0.1% 0.2% 

a) MF = molecular framework; b) MF13 = MF up to 13 atoms; c) Singletons = MF with only a single molecule 

example; d) MF90 = no. of MF covering 90% of the database; e) MF-Ring systems = MF without acyclic bonds; f) 

MF-5/6 = MF containing only 5- or 6-membered rings; g) eMF = exclusive MF, does not occur in the other three 

databases; h) MF-3R = MF up to three rings.  
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The frequency of molecules per MF followed a typical power law distribution in all four databases 

(Figure 3).  This distribution was steepest in ZINC and PubChem 50, where approximately 1.5% of all 

MFs were sufficient to cover 90% of the database, defined here as MF90 (Table 1a). GDB-13s required 

3.9% of its MFs to cover 90% of the database, however in this case the number of molecules per MF 

was higher than in ZINC or PubChem50 due to the lower total number of MF in GDB-13s. A similar 

coverage of 90% in COCONUT required 32.8% of its MFs, reflecting the large MF diversity of this 

natural product collection with an average of only 26 compounds per MF90.  

 

Figure 3. Frequency distribution of MFs in GDB-13s (a), ZINC (b), PubChem50 (c) and COCONUT (d). 

 

In terms of structural types, the majority of the MFs in GDB-13s (80.5%) were ring systems, 

which are MFs without any linker bonds, and these ring systems made up almost the entire database 

(97.1% of all molecules, Table 1b). In sharp contrast, the other databases were dominated by MFs 

containing linker bonds, such that ring systems only composed a small fraction of MFs and molecules in 

ZINC (0.4% MFs, 8.3% molecules), PubChem50 (0.6% MFs, 21.5% molecules) and COCONUT 

(14.5% MFs, 33.9% molecules). Furthermore, MFs and molecules containing only 5- or 6-membered 
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rings were a minority in GDB-13s (16.3% MFs, 34.4% molecules), but made up a much larger fraction 

of ZINC (29.4% MFs, 74.1% molecules) and dominated in PubChem (53.1% MFs, 84.1% molecules) 

and COCONUT (56.3% MFs, 71.2% molecules), probably reflecting the fact that 5- and 6-membered 

rings are easily formed and synthesized. Frequency histograms as function of the largest ring size in fact 

showed that 5-membered rings were most prevalent in GDB-13s molecules while 6-membered rings 

dominated in GDB-13s MFs as well as in both molecules and MFs for ZINC, PubChem50 and 

COCONUT (Figure 4). 

 

Figure 4. Largest ring size histogram of molecules (Cpd), molecular frameworks (MF), exclusive molecular frameworks (eMF) 

and molecular frameworks up to three rings (MF-3R) in GDB-13s (a), ZINC (b), PubChem50 (c) and COCONUT (d). 

  

The relative importance of ring sizes in each database was further illustrated by analyzing the 10 

most populated MFs in each database (11 – 35, Figure 5). The most populated MF in GDB-13s was 

cyclopentane (11) with 7.3 million molecules, followed by cyclobutane (12), cyclopropane (13) and 



9 
 

bicyclic fused ring systems (14 – 17), with cyclohexane (18) appearing in position 8 with 2.3 million 

molecules. Furthermore, six of the top-10 MFs in GDB-13s (12, 13, 15, 16, 19, 20) contained a small (3- 

or 4-membered) ring. By contrast, ZINC, PubChem50 and COCONUT all featured cyclohexane (18) as 

the most populated MF, followed by cyclopentane (11) for ZINC and PubChem50 and decalin (31) for 

COCONUT. All top-10 MFs in these databases only contained 5- and 6-membered rings, and were very 

comparable to the top-10 MFs in CMC as reported by Bemis and Murcko8 and in the CAS Registry 

Organic Subset as reported by Lipkus.18 A similar pattern appeared when considering the top-30 MFs in 

each set (Figure S1). 

 

Figure 5. Top-10 most populated MFs in various databases. MFs are numbered by order or appearance in the frequency sorted 

list across the four databases. The top-30 most populated MFs in various databases are shown in Figure S1.  
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Exclusive molecular frameworks 

To appreciate the uniqueness of each database, we next analyzed which MFs were found only in one of 

the four databases, here named exclusive MFs (eMFs, Table 1c). The much larger number of MF13 

(MFs up to 13 atoms) in GDB-13s compared to the other databases ensured that these were mostly 

eMFs. Indeed 76.5% of MFs in GDB-13s were eMFs. Nevertheless, a comparable percentage of eMFs 

were present in ZINC (68.0%) and PubChem50 (77.9%), while only 38.6% were eMFs in COCONUT. 

Note that eMFs were generally less populated, and the corresponding molecules only made up to 

approximately 5% of the database for GDB-13s, ZINC and PubChem50, and 10% for COCONUT. A 

Venn diagram analysis showed that GDB-13s mostly shared MFs with PubChem50, while the overlap 

with ZINC and COCONUT was much smaller (Figure 6a). In all four databases, the most populated 

eMFs only comprised thousands of molecules, as opposed to up to millions for MFs. eMFs were also 

generally more complex, featuring polycyclic systems with mostly four or more rings, as illustrated by 

the two most populated eMFs in each of the four databases analyzed (36 – 43, Figure 6b). A similar 

pattern was visible when surveying the top-10 most populated eMFs (Figure S2).   

Molecular frameworks up to three rings 

Because the most populated MFs from each of the four databases featured at most three rings, we 

investigated which percentage of the databases were in fact from MFs with only up to three rings, here 

named MF-3R, considering all MFs as well as eMFs for each database (Table 1d). In line with the most 

populated MFs, 84% of the molecules in GDB-13s stemmed from MF-3R, although these only made up 

10.9% of all MFs. A similar and even more extreme situation in terms of MFs occurred in ZINC (2.5% 

MF-3R result in 72.5% molecules), PubChem (2.7% MF-3R result in 68.8% molecules) and 

COCONUT (8.6% MR-3R result in 42.2% molecules). The frequency of molecules with only few rings 

most likely results from their easier synthesis compared to molecules derived from more complex MFs. 

A Venn diagram analysis showed that only very few of MF-3R were exclusive to each database 

(Figure 7a). Furthermore, only approximately 1% all MFs were eMF-3R, and only 0.1% of all 
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molecules stemmed from eMF-3R in each database (Table 1d). Due to database sizes however, this still 

left a good number of molecules from eMF-3R in each database (>200,000 for GDB-13s and 

>1,000,000 for ZINC).  

In terms of identifying original yet simple molecules, those built from eMF-3R should be the 

most interesting. To gain an overview of such frameworks, we built a tree-map (TMAP)19 of MF-3R to 

visualize their diversity across the different databases. Color-coding the TMAP by the size of the largest 

ring showed that macrocycles made up a significant fraction of MF-3R (≥12-membered ring, 18.9%), 

while MF with only small rings (3- or 4-membered) only accounted for 3.0% of MF-3R (Figure 7b). 

Furthermore, color-coding by MF-type (ring system or MF with linker bonds) showed that 14.2% of 

MF-3R were ring systems (Figure 7c).   

Although MF group molecules sharing a common structural feature, the diversity accessible 

from a single MF can be quite substantial, as illustrated by the TMAP displaying the 13,769 possible 

GDB-13s molecules sharing MF 10, which is the most populated eMF-3R in GDB-13s (Figure 7d). 

These molecules span the full range of functional groups allowed in GDB-13s and the Tanimoto 

similarities (Tan) to the parent MF calculated using the standard ECFP4 fingerprint range from almost 

identical (Tan ~1) to almost entirely dissimilar (Tan ~ 0). Among these molecules, one can readily 

identify possible analogs of well-known 3D-shaped molecules, such as memantine (44, 45), DABCO 

(46, 47), triquinazine 1 (48, 49), camphor (50, 51), patchoulol (52, 53), and tropinone (54, 55). Although 

our definition of eMFs is limited to the comparison of the four databases considered, most eMF in GDB-

13s are indeed novel upon checking for novelty in Scifinder.17 For example, MF 10 contains only a 

single entry in Scifinder in form of the epoxide 9, however without any literature reference. This 

epoxide can probably be synthesized from the parent ketone 56, which is listed in PubChem. 
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Figure 6. Exclusive molecular frameworks. (a) Venn diagram of MF in the different databases. (b) The top-2 most populated 

eMFs in the different databases. The top-10 eMFs in the different databases are shown in Figure S2.  

a)

b)
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Figure 7. Molecular framework up to three rings (MF-3R). (a) Venn diagram of MF-3R in the different databases. (b)  Tree 

map (TMAP) visualization of MF-3R in GDB-13s, ZINC, PubChem and COCONUT color-coded by MR-3R size of the 

largest ring. (c) TMAP color-coded by MF type. (d) TMAP of the 13,769 molecules derived from the most frequent eMF-3R 

in GDB-13s. An interactive version of the TMAPs with additional color-codes is accessible at https://tm.gdb.tools/map4 
(MAP4_4databases_MF3R; MAP4_GDB-13s_eMF3R_Cpd). 

 

https://tm.gdb.tools/map4/
https://tm.gdb.tools/map4/4databases_MF3R_tmap
https://tm.gdb.tools/map4/gdb13s_eMF3R_derived_cpd_tmap
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Conclusion 

The analysis above shows that, despite the large size of GDB-13s, the absolute number of different MFs 

in GDB-13s is quite low compared to collections such as ZINC, PubChem or COCONUT. In contrast to 

these collections which contain mostly MFs with 5- and 6-membered rings and including linker bonds, 

most MFs in GDB-13s feature a broader variety of ring sizes and are ring systems without any acyclic 

bonds. Most interestingly, many MFs occur only in GDB-13s (eMFs) and feature unprecedented ring 

combinations. Such eMFs might be the most relevant targets for synthetic chemistry aiming at 

innovative molecules.  

Methods 

GDB-13s Generation 

The entire GDB-13 (including all C/N/O/Cl/S molecules) dataset was downloaded from our group 

website (https://gdb.unibe.ch/downloads). 977,468,301 entries of the GDB-13 database were filtered by 

Python programming. Functional groups or substructures were identified by using the Daylight 

SMARTS language20. AlogP (Atomic logP) values using Ghose/Crippen method21 were calculated by 

using RDKit22. Five rules have been applied to the entire GDB-13 database as follows in order:  

1) C=O filtration: Only keep the molecules with a double bond as C=O in non-aromatic structures 

so as to phase out molecules with non-aromatic C=C and C=N. For aromatic rings, all types of 

double bonds are allowed. There is no restriction for the molecules without any C=O double 

bonds; 

2) AlogP filtration: AlogP is the refinement of LogP, it suits smaller molecules. If the AlogP value 

of a drug is too low, the drug molecule will hardly pass through the cell membrane. In this 

context, we use this filtration to remove all the molecules with an AlogP value less than 0;  

3) N-O, N-N in non-aromatic ring filtration: Exclude all N-O and N-N bonds from non-aromatic 

rings (both atoms are inside the aromatic ring);  

https://gdb.unibe.ch/downloads
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4) O-C-O filtration: Filter out the molecules containing O-C-O structures;  

5) N in three-member ring filtration: Eliminate the compounds containing three-member rings with 

any nitrogen atoms.  

GDB-13s can be downloaded from: https://gdb.unibe.ch/downloads. 

Data Collection 

The ZINC data used in this study is the February 2022 version (https://zinc.docking.org). The PubChem 

data with a version of October 2021, was first downloaded from the NCBI (The National Center for 

Biotechnology Information), NIH (National Institutes of Health) via FTP server 

(https://ftp.ncbi.nlm.nih.gov/pubchem/Compound/CURRENT-Full). Then the compounds with HACs 

not greater than 50 were extracted to build the PubChem50 database. The COCONUT data adopted in 

this study is the February 2021 version (https://github.com/reymond-group/Coconut-TMAP-SVM). 

SMILES strings served as inputs and RDKit package was regarded as the main tool for HAC and other 

properties calculation. 

Molecular Framework Model 

The Molecular Framework Model is written in Python 3 and is now distributed on GitHub under the 

MIT license (https://github.com/Ye-Buehler/Molecular_Framework_Model). It is dependent on several 

freely available Python packages such as Pandas23, Numpy24 and RDKit. A brief outline of the model is 

provided here: A molecule as an input will be firstly simplified by converting all its bonds into single 

bonds and converting all its atoms into carbon atoms. Then all terminal atoms of this molecule will be 

removed iteratively. The outcome will be a molecular framework as defined by Bemis and Murcko.8  

Venn Diagrams and TMAPs 

Venn diagrams were computed by using the freely available Python package Venn.25 TMAPs were 

generated by specifying standard parameters,19 and all utilized the MAP4 fingerprint (MinHashed atom-

https://gdb.unibe.ch/downloads
https://zinc.docking.org/
https://ftp.ncbi.nlm.nih.gov/pubchem/Compound/CURRENT-Full
https://github.com/reymond-group/Coconut-TMAP-SVM
https://github.com/Ye-Buehler/Molecular_Framework_Model
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pair fingerprint up to a diameter of four bonds),26 which is our lately developed fingerprint suitable for 

universal classes of molecules, especially preferable for natural product molecules. MAP4 fingerprints 

were computed with a dimension of 256.  
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Figure S1. The top-30 most populated MFs in GDB-13s, ZINC, PubChem50, COCONUT, CMC and CAS Registry-Organic 

Subset. 
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Figure S1. The top-30 most populated MFs in GDB-13s, ZINC, PubChem50, COCONUT, CMC and CAS Registry-Organic 

Subset (Continued). 
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Figure S1. The top-30 most populated MFs in GDB-13s, ZINC, PubChem50, COCONUT, CMC and CAS Registry-Organic 

Subset (Continued). 
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Figure S2. The top-10 eMFs in GDB-13s, ZINC, PubChem50 and COCONUT. 




