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Recent innovations have brought pharmacophore-driven methods for navigating virtual chemical

spaces, the size of which can reach into the billions of molecules, to the fingertips of every chemist. There

has been a paradigm shift in the underlying computational chemistry that drives chemical space search

applications, incorporating intelligent reaction knowledge into their core so that they can readily

deliver commercially available molecules as nearest neighbor hits from within giant virtual spaces.

These vast resources enable medicinal chemists to execute rapid scaffold-hopping experiments, rapid hit

expansion, and structure–activity relationship (SAR) exploitation in largely intellectual property

(IP)-free territory and at unparalleled low cost.
Introduction
For a long time, computational chemists have attempted to

propose new ideas for lead molecules by tapping into novel IP

spaces using techniques such as hit expansion, SAR exploitation,

and scaffold hopping, yet the past 25 years have shown us that

current computational algorithms and methods simply might

not be capable of identifying highly innovative nearest neighbor

molecules with much success. However, novel computational

approaches now make it possible to identify new molecules that

gain wide acceptance from medicinal chemists. Past experience

has shown that it is decisive to incorporate synthetic knowledge

into pharmacophore-based similarity searches in huge virtual

chemistry spaces. This has been done using elegant computation-

al algorithms that are extremely fast and easy to use, and that can

take pharmacophore-based information into consideration. It

has proved equally important to involve medicinal chemists

during the generation of results in silico. The best currently

available methods can search spaces close to the 4 billion mole-

cule mark, and offer guaranteed delivery of successfully synthe-

sized, tangible compounds, making rapid biological

characterization from such enormous virtual chemistry spaces

a realistic possibility [1].
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Lead optimization projects in drug discovery often reach a dead

end and result in failure. These projects not only try to exploit

hitherto undiscovered modes of action, but may also examine the

possibility of larger molecules as acting agents, such as peptides,

macrocycles, biologics, and their conjugates. However, many re-

search programs simply suffer from a lack of fast access to novel

chemical classes that may display highly potent and selective phar-

macological effects. On the one hand, access to larger molecular

spaces is required to increase the likelihood of finding something

‘interesting’, whereas, on the other, methods for searching these

spaces must be quicker, more efficient, and easy to use. Current

chemical spaces range in size from a few thousand to 105molecules

offered by specialized suppliers offer (‘small’), up to 108 (‘large’) for

supplier pools, such as Molport, Chemspace, eMolecules, and

others. Sizes considerably beyond 108 molecules (‘giant’) [2–4]

can be considered as not practically tractable with traditional meth-

ods for various reasons that we discuss further below.

The pressure to be grand: novelty and IP
Beyond the obvious therapeutic focus, novelty is equally important.

Only new IP can be patented and, thus, generate profit to finance

further research in the search of new therapeutics. The solution to

the search space size problem is to expand the realms of possibility

using virtual molecules. One of the most prominent examples is the
. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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generic database (GDB) approach by Jean-Louis Reymond’s group in

Berne, Switzerland. His lab computationally generated all possible

organic molecules under boundary constraints and applied various

filters to avoid the creation of unwanted chemistry, such as multiple

annealed small rings and instable element combinations. Particu-

larly noteworthy are the graphical representations of chemical

spaces in the respective publications (e.g., [5]).

Although rule-based generation (e.g., as conducted in [6] for

macrolide scaffolds) is one approach to create an increasing num-

ber of molecular ideas, artificial intelligence (AI) methods have

also recently gained attention for creating more novel IP in virtual

molecular matter from a starting point [7]. Irrespective of the

general approach to increasing the size of libraries by applying

in silico techniques, researchers are now ready to create hundreds

of millions (108) virtual compounds ([8,9] and references therein).

However, mere size causes several challenges for the way in which

these compound numbers are processed or searched. Data-handling

issues already arise during computer processing and in file or data-

base storage; file sizes easily surpass the terabyte mark, searches, even

in cloud-based environments, foreseeably take too much time: a

2012 publication by the Reymond group invested 100 000 central

processing unit (CPU) hours on 360 processors in parallel to enu-

merate molecules with up to 17 heavy atoms [10], documenting the

enormous efforts needed with such large compound pools. To give

an example, a comparably small, 1-million compound subset of the

GDB-13 [10] in uncompressed 3D SD format requires almost 1 GB

hard disk space; Ruddigkeit et al. [11] stated that the GDB-17 mole-

cules (1.66 � 1011 molecules) require �400 GB disk space in zipped

format. Thus, 1020molecules would require �2 � 108GB or 200 000

TB in compressed format; van Hilten et al. supplied more estimated

storage sizes in their recent review [12]. In addition, such large

numbers of enumerated virtual molecules have considerable effects

on the time needed to search through the molecular contents of the

space. State-of-the-art research, using computer code that is opti-

mizedfor the hardwareandincorporates numerous advanced speed-

up strategies has shown that the timings for one substructure search

in a few hundred million virtual compounds can be reduced to a few

seconds [13]. However, considering the linear scaling behavior of

this type of search, even these optimized approaches can no longer

be used for the larger space sizes of 1012 or 1020 compounds [2] that

are emerging now.

Experience has shown that the principle of enumeration can also

cause patentability concerns because of the finite nature of classical

compound collections: the limits of the collection define the limits

of the IP content. To be awarded a patent, it is legally required to

demonstrate novelty, utility, and nonobviousness. Therefore, using

publically disclosed, finite, enumerated sets, such as the GDB data-

bases, can reduce the chances of obtaining a patent. However, even

usingnonenumerated chemicalspacesdoesnotholdany guarantees

because the process of patent awarding requires the patent counsel,

and decisions are always made on a case-by-case basis [14].

Using combinatorics to go beyond enumeration:
solving the synthesizability problem
Another concern with many in silico proposed compounds is the

synthetic accessibility of the results. This can be entirely unclear and

often prohibitive [9]. Machine-learning techniques are currently

being used to help in this area: one recent method developed by
Waller et al. [15] examines synthetic accessibility by retrosynthetic

considerations and uses this information to train a proposal engine.

The authors trained AI algorithms with millions of reactions from

Elsevier’s Reaxys database to predict promising synthetic pathways.

The routes that the machine proposes were said to be ‘on par with

[previously] reported routes’. Yet, the IP-related concerns remain,

and any algorithm that relies on enumeration (i.e., processing

individual molecules; Fig. 1c) will suffer from prohibitively long

runtimes for very large numbers of molecules.

One modern approach in the synthetic organic chemistry lab that

avoids enumeration utilizes combinatorial expansion instead in the

form of DNA-encoded libraries (DELs).Theunderlyingtechnique for

library creation can cover very large numbers of molecules [16,17].

Here, millions (or more) of combinatorially generated, putative

small molecule binders are tagged with a ‘signature’ combination

of DNA snippets, where the DNA acts like a barcode and, thus, is an

unambiguous identifier. When screening against an immobilized

protein target, those ligands that bind will stay bound and all others

can bewashed off.SubsequentPCR amplification and read-out ofthe

barcodes of the binders enables scientists to identify active small

molecules. Nevertheless, using computers as proposal engines

remains of interest to save time and resources before investing into

real wet lab time.

Combining fragments: a reborn approach?
Retrosynthetically motivated reassembly of fragments in silico has

emerged as a method to overcome the computational challenges

described earlier. The idea is as simple as it is striking, especially if

one sees the analogy between virtual fragments in the computer

and building blocks in the wet laboratory: taking only 1000

fragments that are allowed to combine via two reactions to form

(‘de novo’) molecules, an impressive number of 1 billion

(1000 � 1000 � 1000 or 109) virtual possibilities are already creat-

ed. Adding more fragments and reactions cause an explosion in

the size of the search space.

One of the first to pursue this idea was Xiao Lewell and co-

workers with their popular RECAP approach [18]. After it was

published, it was quickly implemented in various computer pro-

grams. The initial idea was to break down existing molecules by

applying retrosynthetic shredding by the computer and then to

reassemble novel compounds in a Lego-like fashion. Later on,

more elaborate approaches that took existing knowledge about

synthetic pathways into account were conceived [19–21], and the

associated spaces made available to the general public. For exam-

ple, in 2005, Nikitin et al. [22] published an approach that used

catalog/vendor building blocks in a combinatorial de novo design

computer program; the authors demonstrated their success by

deriving micromolar HIV integrase inhibitors. However, because

the synthetic tractability of results proposed by these methods

remained an issue, the entire idea of exploiting combinatorics

combinatorially was wrongfully condemned [23] and fell out of

favor, until now, where the approach of combining fragments is

experiencing a come back in this age of ‘Big Data’.

The key to success: robust synthetic chemistry,
knowledge assembled in the lab
Fragment-based approaches have regained new popularity in chemi-

cal space research and deliver compounds that are synthetically
www.drugdiscoverytoday.com 1149
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FIGURE 1

Combinatorial vs. enumerated chemical space navigation. (a) Navigation through reaction-driven combinatorial spaces (schematically): Starting from a ‘seed’
fragment (a building block, such as the spiro-compound in the lower left), novel compounds are created along a directed navigation path through a
multidimensional hypercube. The (orange) path describes the sequence of formed virtual reactions, here an amide forming followed by a ring coupling; the dark
circles denote more instances of the building blocks. Thus, resulting molecules (on boxes) are built from connecting virtual building blocks (‘fragments’) and
searched at the same time. Enumeration can be omitted (i.e., it becomes unnecessary to ‘visit’ every virtual compound that can in principle be built) and,
therefore, larger virtual spaces can be created and mined in less time. Computational strategies typically do not operate on the actual chemical structures but on
so-called descriptors that encode physicochemical properties. This principle idea is, for example, implemented in the REAL Space Navigator using Feature Trees
[36,37], or reaction driven in the DOGS approach [20]. (b) Extrapolation from (a). Creation while navigating through a combinatorial chemical space along a path
(orange): certain regions in this search space are not visited because the necessary reactions are very unlikely to occur; in addition, estimated or properties that
could be computed in look-ahead strategies are unwanted (e.g., a predicted surpassing of requested molecular weight, metabolic instability, an impossibility to
comply with a pharmacophore, or unlikely solubility when adding certain building blocks). (c) Schematic display of storage and searches in enumerated
chemical spaces that are physically kept on a hard disk in the computer: in contrast to combinatorial space navigation as in (a) and (b), searching large numbers
of stored molecules involves individual processing of every molecule, for example along the (orange) path. The storage capacity is limited by both handling
times and storage spaces. As stated in [11], the generation of the GDB-17 database [10] required 400 GB of storage capacity in compressed SMILES format of
molecules. Today’s limit for processing enumerated numbers of compounds is �109 molecules.
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accessiblebydesign.Thekeytorenderingthecombinatorialapproach

useful is as simple as it is elegant: Instead of looking backwards,

applying generalized schemes of historic chemistry knowledge to

the assembly of novel IP, an increasing number of organizations

are looking forward. These approaches extrapolate from robust and

well-tracked in-house synthetic chemistry knowledge towards creat-
1150 www.drugdiscoverytoday.com
ing those virtual molecules that are tangible with high likelihood of

syntheticaccess inthelab (seeFig.2fora comparisonof largechemical

spaces and their evolution over time and Table 1 for more details

including references). The ‘paradigm shift’ alluded to earlier lies in

acknowledging the necessity for synthetic accessibility and imple-

mentingitasanintegralpartofthecomputeralgorithmsthatnavigate
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FIGURE 2

Classification and (rounded) orders of magnitude of sizes for selected chemical spaces compared with the number of approved drugs (lower right) in DrugBank
on November 13, 2018 [40]. The radii of the circles reflect logarithmic representations of compound numbers. To clarify the fast historic progress, the numbers
within or next to the circles denote the order of magnitude of the space contents at the time of the respective first available publication (it is likely that the spaces
have grown further over time; e.g., Pfizer’s PGVL included 1018 compounds by 2012 [41]). The displayed ‘academic’ spaces have been entirely, or in parts, made
available to the general public. For more information, origin details, references, and abbreviations, see Table 2 in the main text. Abbreviations: BBs, building
blocks; BICLAIM, Boehringer Ingelheim Comprehensive Library of Accessible Innovative Molecules; Boehr.-Ing., Boehringer-Ingelheim; CHIPMUNK, CHemically
feasible In silico Public Molecular UNiverse Knowledge base; GDB-17, Generic Database (of molecules with up to 17 heavy atoms); LPC, Lilly Proximal Collection;
MASSIV, Merck AcceSSIble InVentory; PVGL, Pfizer Global Virtual Library; SAVI, Synthetically Accessible Virtual Inventory; SCUBIDOO, Screenable Chemical
Universe Based on Intuitive Data OrganizatiOn.
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through a multidimensional hypercube (Fig. 1a,b). What used to be

completely decoupled from one another, namely the search descrip-

tor and compound synthesis, are now closely interlinked and, as a

result, the approach has now gained broad acceptance: The general

idea was first published by a team at Pfizer [24], who created a reaction-

driven chemical space of 1016 virtual compounds (‘PGVL’); they

documented several examples of active compounds that they were

successfully able to mine from it. This first publication was quickly

followed by a similar approach from Boehringer-Ingelheim [4,25],

who reported on active compound generation with novel IP; the hits

found were rapidlyoptimized intolead compounds against GPR119, a

challenging novel GPCR target involved in insulin secretion. The

largest in-house chemical search space to date was recently been

presented by Merck KGaA during the celebration conference on its

350th anniversary [2,3]. The so-called MASSIV space, if one could ever

enumerate it, offers a striking 1020 molecular possibilities, and the
authors reported on the successful design of active compounds creat-

ed using the encoded corporate in-house synthetic procedures. It

could reassuringly be demonstrated that the results were synthetically

accessible and the compounds were delivered in vials within a short

period of time. As an example, one fragment hit was rapidly trans-

formed into a single digit micromolar compound for one hitherto

undisclosed target; a respective publication is currently being pre-

pared [26]. It must be stressed that the robustness of the reactions and/

or transformations is a pivotal element in this procedure, and that the

quality and diversity and/or coverage of such chemical spaces will

increase with the creativity and novelty of the chemistry behind them

(see [27,28] for recent overviews on chemical reactions in medicinal

chemistry). Understandably, only a few organizations publish details

on the reactions that they work with, and, what is even more relevant,

the yields and potential variations in experimental conditions. There-

fore, the ultimate measure of quality for a ‘large’/‘giant’ chemical
www.drugdiscoverytoday.com 1151
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TABLE 1

Examples of large virtual and tangible/accessible chemistry spacesa

Organization Name Number of compounds Hits purchasable from creatorb Refs

Merck KGaA MASSIV 1020 [2]
AstraZeneca AZ Space with Enamine BBsc 1017 [44]
Evotec EVOspace 1.6 � 1016 (Yes)d [45]
Pfizer PGVL 3 � 1012 [24,41]
Boehringer-Ingelheim BICLAIM 5 � 1011 [4,25]
Lilly Lilly LPC 2 � 1011 [46]
University of Berne GDB-17 2 � 1011 [10]
NCI SAVI 3 � 108 [47]
UCSF ZINC15 2 � 108 [48]
University of Dortmund CHIPMUNK 1 � 108 [49]
Enamine REAL ‘Space’ 4 � 109 Yes [30]
University of Marburg SCUBIDOO 2.1 � 107 [50]
Enamine REAL ‘Database’ 6.8 � 108 Yes [1]
WuXi Apptec WuXi Virtual 1 � 108 Yes [51]
NCBI PubChem Compounds 9.6 � 107 [52]
Aldrich Market Select Sigma Aldrich ‘in-stock’ 1.4 � 107 Yes [53]
eMolecules eMolecules Plus 5.9 � 106 Yes [54]
WuXi WuXi Chemistry Services 3 � 106 Yes [55]
a The number of molecules in large chemical spaces today ranges from a few million that are commercially available or have proven to be accessible, across billions of tangible/
purchasable compounds to huge, largely undisclosed in-house corporate spaces. The selection of chemical spaces is based on publicly available information.
b Those spaces from which compounds can be obtained commercially are annotated with ‘yes’, all others imply a ‘no’.
c Abbreviation: BBs, building blocks.
d EVOspace searches are a CRO service offered by Evotec.
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space is how much of the relevant chemical space it covers (which is

related to its space size) and the percentage of compounds that can be

synthesized from it. Affinity is both query and target dependent and

not an inherent property of the space, unless it is a small or focused

space that has been created for a certain target class, for example.

Returning to the practical aspects of obtaining novel molecules

from chemical spaces, it is obvious how these methods can work

with in-house data. However, how much more desirable would it

be to be able to simply purchase molecules on demand from

commercial suppliers, who, in fact, operate on vast virtual chem-

ical spaces based on established synthetic procedures? This re-

cently became possible (see Fig. 3 for an overview of current

chemical spaces that comprise purchasable or highly tangible

compounds). The Ukrainian company Enamine, a compound

provider and contract research organization, recently perfected

this approach. Its REAL Space concept [1] (not to be confused

with the much smaller REAL Database) uses existing building

blocks and reactions taken directly from their synthetic proce-

dures for which they have quality control records that reach back

several years. The creation of such a space is taken care of using a

software named CoLibri [29]. Using a conservative quality thresh-

old, the company guarantees a delivery success rate of >80%

within approximately 3 weeks. The combinatorial nature of their

chemistry creates an enormous space that is largely accessible in

reality. Researchers can order directly from the supplier and,

upon ordering, obtain ownership of the associated IP. If enumer-

ated, the REAL Space would comprise more than 3.8 billion

compounds. Even at 80%, this still translates to more than 3

billion compounds being deliverable in theory. An associated

chemical space search software from Germany’s BioSolveIT, the

REAL Space Navigator [30], can be downloaded for free and can

navigate through these billions of possibilities within 2–3 min,

delivering 1000 compounds per run.
1152 www.drugdiscoverytoday.com
A priori, the mere size of a chemical space does not guarantee

relevance for a specific target or a certain amount of diversity; not

even usefulness is ensured. However, probing the quality of the

REAL Space by conducting a brief building-block analysis and

applying the boundary condition that only one or two-step syn-

thetic routes are used, molecules displaying typical ranges for

drug-like properties emerge (Fig. 4). Furthermore, to obtain rele-

vant hit molecules, pharmacophore-like features (see later) can be

used as guidance during navigation of the REAL Space. Result

molecules are generated together with their similarity score with

respect to the query. Finally, subsequent filtering for PAINS and

aggregators [31–33], or further visual and computational assess-

ment can be conducted easily on thousands of resulting molecules

using traditional methods. However, before selected compounds

are ordered, quality control and expert analyses of results should

be carried out by medicinal chemists [34,35].

The ultimate problem to address is not necessarily to create a

virtual space that covers all possibilities, but rather to find in, or to

mine from, a virtual space neighboring compounds that are most

relevant based on pharmacophores. The computational challenge

lies in navigating chemical spaces efficiently and delivering attrac-

tive, molecular proposals that are relevant for a research project.

Algorithms are needed that go beyond traditional substructure

searches. A few, extremely fast computer programs are now available

(see Table2 for an overview of some of the fastest available methods).

The approaches of both Merck and Enamine use modern variants of

fuzzy pharmacophore-like descriptors, so-called ‘Feature Trees’ [36].

This strategy, an idea developed by Matthias Rarey, which later

further evolved in a collaboration with Roche [37], uses a tree-based

description of molecules, in combination with so-called ‘dynamic

programming techniques’. The latter are well known from protein

alignment strategies, are extremely fast, and, by design, will find the

best possible alignment, a measure for ‘spatial’ molecular similarity.
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FIGURE 3

Illustration of chemical spaces of commercially available or tangible compounds. Compounds from highly accessible chemical spaces exceed the PubChem
collection of compounds by orders of magnitude. The REAL Space concept is a hybrid method, with 80% accessible compounds from a virtual space and covers
approximately the doubled size of the number of estimated stars in the Milky Way [42]. The size of the entire relevant chemical universe is estimated to be 1063

compounds [43].
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Wherein lie the limitations of the approach? Navigation within

the space requires an in silico description of what a molecule is, a

so-called ‘descriptor’. Search results will be subject to the limita-

tions of a descriptor. In the case of Feature Trees [36], it is the

inability to distinguish ring substitution patterns and stereochem-

istry. Therefore, several users have reported (e.g., [4]) orthogonal

post-processing of results with 3D methods, such as 3D superposi-

tion, for enhancement. Another current drawback with large,

combinatorial chemical spaces is their current inaccessibility with
respect to full substructure searches and comprehensive analyses

of typically relevant parameters. Questions such as: ‘What is the

distribution of logP, or the number of acceptors/donors, across the

whole space?’ cannot be answered. However, this also holds true

for large enumerated spaces. Lucas et al. [38] conducted a careful

analysis on the purchasable chemical space that, at that time,

comprised �68 million (6.8 � 107) molecules. However, several

current, combinatorially generated spaces surpass the 107-mole-

cule mark by a factor of ten or more orders of magnitude (Fig. 2)
www.drugdiscoverytoday.com 1153
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FIGURE 4

Distribution of physicochemical properties of the building blocks in the REAL Space [1]. (a) The molecular weight (MW) ranges from small fragment-like building
blocks to 500 Da and averages at �250 Da; with one or two-step reactions, drug-like molecular weights are reached. (b) The logP values show a peak slightly
below 2, backing the assumption of relevance in small-molecule research; the distribution of the acceptor (c) and donor (d) counts range between 0–7 and 0–4,
respectively.

TABLE 2

Examples of search technologies for chemistry spacesa

Tool name Supplier Rationale behind Refs

DOGS/CATS Schneider Group Reaction-driven space generation/fuzzy 2D biophore similarities [20,56]
MadFast ChemAxon 2D similarity [57]
Arthor NextMove Software Hardware-optimized similarity/substructure [13]
FastROCS OpenEye Scientific Gaussian descriptions of 3D shape and property alignment of molecules on GPUsb [58,59]
REAL Space Navigator
(FTrees/-FS & CoLibri)

BioSolveIT Validated reactions plus building blocks and combinatorics, fuzzy pharmacophores [29,30,37]

a The selection of software tools is based on publicly available information.
b Abbreviation: GPU, graphics processing unit.
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TABLE 3

Early feedback after the REAL Space Navigator launch in March 2018 from anonymous pharmaceutical companies and Enaminea

Big Pharma 1 Big Pharma 2 Big Pharma 3 Enamine Total

Number of requested compounds 20–80 100 < n < 1000 n/a 2016

Average number of compounds ordered n/a n/a n/a 25

Average number of days from order to delivery n/a n/a n/a 27

Average success rate 84% >90% 91% 87%
a The reported figures refer to the early timeframe between March 2018, when the REAL Space Navigator was first launched, and November 2018 (�8 months). The average success rate
(ratio between ordered versus delivered molecules, in percent) consistently lies >80%. Not all companies that were contacted agreed to disclose all details, and several did not supply
figures at all; others were planning to order, or they did not record such statistics. The values reported by Enamine refer to March to September 2018. Several pharma companies verbally
confirmed the delivery times to the authors.
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and, therefore, remain inaccessible to such (or similar [39]) analy-

sis. As an alternative it is possible, for example, to compute a few

thousand results using diverse drugs or drug-like query com-

pounds and analyze the results to arrive at a more quantitative

assessment of the properties of a space. Filtering giant spaces for

pKa ranges, metabolic instability, and comparable parameters

currently remains a postprocessing task on the results of the search

before making the final compound order.

Purchasing the compounds from compound suppliers can be

realized in a user-friendly way, similar to Google’s image search:

synthetic chemists can copy and paste a 2D molecular drawing

into the REAL Space Navigator, run the search securely behind

their corporate firewall on their own desktop, and assess the results

immediately, avoiding delays from processes that involve multiple

groups and departments that often take place sequentially. Table 3

lists some early statistics that were reported by both pharma

companies and Enamine. To date, the REAL Space concept is

the world leader in terms of readily purchasable molecules, both

with respect to the number of molecules that can be ordered as

well as computing times, with no preprocessing necessary.

Concluding remarks and outlook
We are convinced that the described approach has the potential to

lead to a paradigm shift in drug discovery and molecular design of

small-molecule therapeutics if it were applied extensively
throughout both industry and academia. The successful combina-

tion of pharmacophore-based similarity searches in huge virtual

chemistry spaces and the incorporation of synthetic knowledge in

elegant computational algorithms enables medicinal chemists to

execute rapid hit expansion, powerful exploitation of SAR knowl-

edge, and innovative scaffold hopping. The approach is a demon-

stration of a long-awaited step change, documenting how the

scientific application of medicinal chemistry and molecular design

is now maturing from a traditional science into a more agile core

discipline of drug discovery. This is just the beginning of a new era

for drug discovery, because large virtual, purchasable, and tangible

molecular compound spaces will continue to grow in size. The first

iteration of the REAL Space exhibited 640 million compounds.

Within less than 6 months, the space grew up to 3.8 billion

molecules: the future is closer than we think.
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