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nthesis of drugs from
commercially available chemical building blocks
and conceivable coupling reactions

Babak Mahjour, a Felix Katzenburg, ac Emil Lammi b and Tim Cernak *ab

In this report, the pharmaceuticals listed in DrugBank were structurally mapped to a commercial catalog of

chemical feedstocks through reaction agnostic one step retrosynthetic decomposition. Enumerative

combinatorics was utilized to retrosynthesize target molecules into commercially available building

blocks, wherein only the bond formed and the minimal substructure template of each building block

class are considered. In contrast to the status quo in automated retrosynthesis, our algorithm may

suggest reactions that do not yet exist but, if they did, could enable the synthesis of drugs in just one

reaction step from commercial feedstocks. Cross-referencing synthons to commercial datasets can thus

reveal valuable reaction classes for development in addition to streamlining drug production.

Decomposed synthons were linked to target molecules by transformations that form one bond after the

elimination of each synthon's respective reactive functional handle, as indicated by their building block

class. Specific reactivities were analyzed after post hoc refinement and clustering of commercial

synthons. Maps between boronates, bromides, iodides, amines, acids, chlorides, alcohols, and various

C–H motifs to form alkyl–alkyl, alkyl–aryl, and aryl–aryl carbon–carbon, carbon–nitrogen, and carbon–

oxygen bonds are reported herein, with specific examples for each provided.
Introduction

Retrosynthesis is a central task in molecular design, and
computer-aided synthesis planning has established itself as
a valuable tool to create synthetic chemical recipes efficiently.1–8

The resurgence of automated retrosynthesis is driven by
advances in machine learning and the increasing abundance of
machine-readable reaction data. Contemporary retrosynthetic
algorithms, oen trained on large reaction datasets or relying
on reaction templates and rules, can efficiently propose plau-
sible routes to disconnect target molecules into accessible
chemical feedstocks. When the goal is, however, to explore
unknown chemical space or develop more efficient and novel
transformations, biases toward well-established chemistries
pose a disadvantage.9–13 Furthermore, medicinal chemistry
practices are largely biased towards a very limited subset of
reaction types including amide coupling, Suzuki coupling,
Buchwald–Hartwig coupling, and Boc-deprotection.14,15

Enumerative combinatorics, in contrast, can generate hypo-
thetical transformations that have yet to be discovered between
substrate classes.16,17 In reaction targeting, enumerated trans-
formations are evaluated for value and feasibility through
ersity of Michigan, Ann Arbor, MI, USA.

higan, Ann Arbor, MI, USA

Münster, Münster, Germany

the Royal Society of Chemistry
a variety of chemoinformatic means such as chemical space
access analysis, retrosynthetic value, and property or topolog-
ical distribution analysis. We have previously explored amine–
acid coupling reactions16,17 and C–H bonds with this style of
enumerative combinatorics,18 and here extend the analysis to
other groups of popular chemical feedstocks including alco-
hols, halides, amines, acids, aldehydes and boronates.

Our enumerative algorithm was designed to score value and
feasibility and is agnostic to the mechanism of hypothetical
reactions. We consider a reaction valuable if it can utilize a class
of commercial building blocks available in high diversity, and
provide access to many drug or druglike structures. Fig. 1A
shows the prevalence of building blocks within a commercial
dataset collected using SMARTS patterns that have been written
to encode functional handles commonly used in medicinal
chemistry (e.g., amines, halides, etc.). C–H bonds, alcohols and
acids are among the most prevalent functional groups, so
reactions that can leverage these as functional reaction handles
for cross-coupling are of high potential impact. To identify
concrete examples of reactivity utilizing abundant starting
materials, we employed an algorithmic one-step retrosynthetic
strategy that decomposes bonds in target molecules, enumer-
ates functional motifs at the clipped bond positions, and then
nds exact matches for each “synthon”, now converted into
a building block within the MilliporeSigma catalog. Retro-
synthetic entries are visualized in bulk via chord diagrams,
where one building block (synthon a) is arrayed along the
Digital Discovery, 2026, 5, 153–160 | 153
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Fig. 1 An enumerative combinatorics analysis of commercial building
blocks as one step synthons for reported drug structures. (A)
Enumerative combinatorics can identify target bonds between
building blocks. The bar chart shows the prevalence of building block
classes in the MilliporeSigma catalog (aryl: dark grey, alkyl: light grey,
C–H: black). In this study we focus on cross-couplings that form just
one bond after the elimination of both building block handles: 2j3Aa-

A/2j3Aa-B according to ref. 17. (B) Retrosynthesis of the target is rep-
resented as a chord diagram where a connecting line means the target
can be accessed in one-step by coupling synthon a and synthon b. The
bar chart below shows the prevalence of bond types in DrugBank
compounds. X-axis labels indicate the bond class. The alkyl–alkyl C–C
bond is the most common bond type found, followed by the alkyl–
alkyl C–N and C–O bonds and then the alkyl–aryl C–C bond. (C) An
example of the workflow finding a hit by decomposing L-DOPA (4) into
commercial starting materials 5 and 6.

154 | Digital Discovery, 2026, 5, 153–160

Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
D

ec
em

be
r 

20
25

. D
ow

nl
oa

de
d 

on
 6

/1
3/

20
26

 1
0:

16
:2

5 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
bottom-le arc, the other building block (synthon b) is arrayed
along the bottom-right arc, and target molecules are arrayed
along the top arc. A chord connecting a synthon and the target
molecule indicates that a commercial building block can be
used to form the target in one step when merged with
a compound found in the other synthon arc. (Fig. 1B).

We focus on the general class of cross-coupling reactions
that form a single bond between carbon, nitrogen, or oxygen
atoms aer the elimination of a building block handle, for
instance by coupling 1 and 2 to form structure 3 (Fig. 1B). We
also show in Fig. 1B an analysis of the frequency of single bonds
that exist within DrugBank. By extending the enumerative
combinatorics algorithm to a variety of common building block
classes such as amines, acids, alcohols, aldehydes, halides, and
boronates, which are popular functional handles in established
cross coupling chemistries, we scaffold our feasible reaction
space by limiting to coupling modes with some precedent. For
example, deaminative and decarboxylative chemistries have
been reported, but their tandem reactivity is less
established.16,17,19–23 However, by limiting the specicity of the
enumeration to functional handles, we yield a wealth of hypo-
thetical yet realistic reactivities that could maximize the utility
of available feedstocks.

Our enumerative combinatorics algorithm uses single or
parallel processing to link commercial building blocks to
synthetic targets in target databases, in this case DrugBank,24

via hypothetical cross-coupling reactions. An example sche-
matic of the workow is shown in Fig. 1C. First, each bond in L-
DOPA (4) is traversed, and each time a single bond is found, the
molecule is copied but with that single bond clipped. At the
attachment points of the deleted bond, an abstract R group
representing common functional handles is placed, as shown in
4a and 4b. Then nally, for each combination of enumerated
building blocks, a commercial catalog, in this case Aldrich®
Market Select from MilliporeSigma25 is checked for exact
matches. For instance, synthon 4a matches chloride 5 and 4b
matches serine (6). The algorithm runs quickly and scales with
the number of targets, while remaining invariant to the size of
the commercial catalog. In this study, we parallelized the
algorithm to decompose all 9082 compounds listed in Drug-
Bank–which were desalted and ltered to those with molecular
weights less than 500 g mol−1 – into synthons, which were
enumerated as building blocks and cross-referenced against the
commercial catalog. For both datasets, all duplicates were
removed. In the case where two commercial compounds could
couple to yield a drug molecule, an entry was recorded. Post hoc
renement of the dataset enables more precise analysis of
building blocks. For instance, alcohol building block hits can be
grouped into primary, secondary, tertiary, or aryl subclasses,
and C–H building blocks can be split into benzylic and non-
benzylic motifs. The results reveal a wealth of viable reactiv-
ities that can form druglike molecules in one step via cross-
coupling between two commercial substrates, some of which
have been previously reported as methodologies. Using our
analysis, a total of 2573 of the 9082 drugs (28%) within Drug-
Bank were found to be synthesizable in one step solely using
building blocks in the MilliporeSigma catalog. Indeed, all the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 (A–G) Examples of one step forward syntheses found in the
analysis. Each exemplified reaction shows a drug target from Drug-
Bank as the product and two commercially available building blocks
from the MilliporeSigma catalog as starting materials. The coupling
reaction needed to unite the building blocks to give the product may
or may not have been already developed as a reaction method. Each
example reaction corresponds to a single grey line in Fig. 4. (f) The
synthesis of bromhexine identified in this analysis was previously
validated experimentally.7

Fig. 2 Comparative analysis of common building block classes after
abstraction of functional handles from a commercial catalog. Purple
and yellow Venn regions reflect disparate core structure frequencies
of occurrence whereas the orange intersection reflects shared core
structure occurrence. Bottom left: Venn analysis of shared and
disparate core structures of commercially available sp2 compounds.
The values in the purple circles indicate the number of core structures
in the building block class above that do not exist in the building block
class on the right, and vice versa for the values in the yellow circles. The
orange overlapping intersection indicates the number of commercially
available shared structures between the two classes. Top right: Venn
analysis of shared (purple, y-tick labels; yellow, x-tick labels) versus
disparate core structures (overlapping, orange) of commercially
available sp3 compounds. Occurrence of each functional group in
a building block is counted independently.
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proposed reactions are single step cross coupling trans-
formations between purchasable compounds, manymay not yet
be reported with any current methodology but could in prin-
ciple be developed. While the development of novel reaction
methods remains a largely experimental task, but we posit that
modern articial intelligence tools for literature mining and
high throughput experimentation3,26,27 could accelerate the
process.

In identifying promising but unrealized reaction methods,
a critical metric is the diversity of available building blocks that
can undergo these transformations. Indeed, a matched pair
analysis of theMilliporeSigma catalog shows that there is in fact
little overlap in the availability of building blocks from different
families (Fig. 2). It follows that coupling reactions to generate
identical chemical linkages will access different product spaces
depending on the reactive functional groups employed – for
instance, a deaminative–decarboxylative amine–acid coupling
from anilines and benzoic acids may generate a compound that
couldn't be accessed through Suzuki coupling of commercially
available aryl halides and aryl boronates, despite forming the
same C–C bond motif.

By grouping the data by building block or bond formed, new
and desirable reactivities can be identied. Before the analysis,
it was hypothesized that the most valuable couplings would
utilize the most abundant building blocks to form the most
© 2026 The Author(s). Published by the Royal Society of Chemistry
common types of bonds found in the target dataset. Examples
of various retrosynthesis reactions, split by common building
block, are shown in Fig. 3.
Digital Discovery, 2026, 5, 153–160 | 155
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Fig. 4 One-step retrosynthesis maps between DrugBank and purchasable compounds in MilliporeSigma's catalog, trellised by synthon
a building block and bond formed. In the first column, both synthons link at an alkyl carbon. In the second column, synthon a, which is the
building block group for the row, is alkyl and the remaining synthon b is aryl. In the third column, the building block arc contains aryl synthons and
synthon b contains alkyl synthons. In the final column, both synthons are aryl. Compound numbers, in bold, refer to retrosynthetic reactions
shown in Fig. 3. An example of a one-step synthesis of bromhexine (24), which was experimentally validated,7 is shown in Fig. 3 and indicated on
the bromide aryl–alkyl C–C bond chord plot. Each grey line on the plot corresponds to a single retrosynthesis, such as those shown in Fig. 3.
Numbers in grey boxe are the number of targets and synthons, a or b, that yield one-step retrosyntheses.

156 | Digital Discovery, 2026, 5, 153–160 © 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 The top 25 reactions between building block classes identified
in the analysis. For the top hit, 2510 retrosynthetic reactions between
alkyl alcohols and alkyl amines were found. Three exemplar reactions
are shown in A–C.
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The analysis is extended to all building block classes and the
single bond formation between alkyl and aryl carbon atoms in
the trellised Fig. 4. Here, the rows are striated by the building
block of synthon b and the columns are split by the bond
formed. The length of the rightmost arcs and topmost arcs can
be directly compared to gauge the utility of various building
block classes in forming a particular bond. Most classes of
building blocks were found to have potential use in cross-
coupling transformations to form DrugBank compounds.
Notably, no aryl iodides were found to form aryl–aryl bonds in
compounds found in DrugBank, given our commercial dataset.
A complementary functional-group-centric version of Fig. 2–4
that excludes C–H bonds as coupling partners, which we have
extensively analyzed previously,18 is found in the SI. Achieving
selectivity in C–H functionalization reactions is a signicant
challenge and may thwart the ability to realize many proposed
retrosynthetic disconnections. We choose to include them in
our analysis as there have been many advancements in selective
C–H functionalization protocols, particularly in the develop-
ment of specic catalysts for C–H activation, suggesting that
a high value retrosynthesis requiring a selective C–H function-
alization could conceivably be achieved through advanced
catalyst development.

In the rst row of Fig. 4, all dehydroxygenative reactions are
considered that form a carbon–carbon bond with another
building block to yield a drug in one step. From le to right, the
chord diagrams represent the reactions that form an alkyl–alkyl
bond, alkyl–aryl bond, and aryl–aryl bond, respectively. 6989
alkyl–alkyl reactions were found to form 865 drugs via 469
commercial alcohols (synthon a) and 1552 commercial building
blocks (synthon b). An example is shown in Fig. 3A, where
DMSO (7) can react with commercial alkyl alcohol 8 to form the
drug 9 by a dehydrating C−H functionalization. In the alkyl–aryl
chord diagram, 1690 reactions were found to form 332 drugs
from 136 commercial alcohols and 654 commercial building
blocks. Finally, the aryl–aryl chord diagram reveals 568 reac-
tions that form 109 drugs from 81 commercial alcohols and 332
other commercial building blocks.

In the second row, boronates are considered as building
blocks. 2426 alkyl–alkyl reactions were found to form 466 drugs
between 41 alkyl boronates and 996 other substrates. As well,
376 alkyl–aryl reactions can form 85 drugs between 14 boro-
nates and 295 other building blocks. Meanwhile, 471 aryl–aryl
reactions were found to form 103 drugs using 62 aryl boronates
and 313 other aryl compounds, such as the hypothetical Suzuki
reaction to form 27 from 25 and 26.

In the alkyl–alkyl carboxylic acid analysis, 9973 reactions
were identied to form 1191 drugs through the coupling of 636
commercial acids and 2218 other building blocks. Likewise in
the alkyl–aryl regime, 2321 reactions form 463 drugs between
160 acids and 846 other commercial substrates, as shown by the
formation of drug 15 via the coupling of phenol 13 and alkyl
acid 14. Finally, 638 aryl–aryl reactions were found to form 117
drugs between 87 aryl acids and 390 aryl building blocks.

Deaminative cross-couplings are identied in the fourth row.
6827 deaminative alkyl–alkyl reactions were found to form 896
drugs when reacting 409 alkyl amines with 1623 other alkyl
© 2026 The Author(s). Published by the Royal Society of Chemistry
building blocks. 1827 alkyl–aryl reactions form 363 drugs with
143 amines and 727 building blocks. Lastly, 673 reactions were
found to form 121 drugs between 104 aryl amines and 377 aryl
building blocks, such as the formation of drug 18 from phenol
16 and aryl amine 17.

In the deiodinative row, only alkyl–alkyl and alkyl–aryl
reactions were found. 2225 alkyl–alkyl reactions can form 476
drugs using 36 iodides and 1025 other substrates, such as the
formation of 21 from 19 and 20. 495 alkyl–aryl reactions were
also found, forming 109 drugs between 17 iodides and 349
other building blocks.

Bromides prove to be a versatile building block, with 4397
alkyl–alkyl reactions forming 648 drugs between 173 bromides
and 1287 synthon a building blocks. Likewise, 771 alkyl–aryl
reactions were identied to form 167 drugs using 53 bromides
and 440 other compounds. An example of an aryl–alkyl carbon–
carbon bond formed found in this analysis that directly forms
Digital Discovery, 2026, 5, 153–160 | 157
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Fig. 6 Natural products from the Coconut Lichen Natural Product
database were assessed for one-step retrosynthetic accessibility and
to demonstrate the algorithm's runtime and performance. Notably,
this analysis exhaustively cross-references a commercial dataset of
399 350 compounds. All hits were found in less than 1 second, and
only for the largest molecules over 1000 Da did the runtime exceed
∼1–2 seconds, despite the exhaustiveness of the enumeration, which
guarantees all solutions to be found. Examples of retrosynthetic hits
are shown below. Grey dots are experiments ran with no hits found.
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a drug in one step is shown as the previously reported coupling
of 22 and 23 to form bromhexine (24).7 Finally, 488 aryl–aryl
reactions using 58 bromides and 341 other substrates were
identied to form 99 drugs.

In the nal row, chloride building blocks are analyzed. In all
four instances the chloride-based building blocks can access
more target drugs than corresponding iodide and bromide-
based building blocks. In the alkyl–alkyl analysis, 5126 dech-
lorinative reactions were found to form 757 drugs in one step
158 | Digital Discovery, 2026, 5, 153–160
using 281 commercial chlorides and 1394 commercial building
blocks. In the alkyl–aryl analysis, 1037 reactions form 223 drugs
using 79 chlorides and 521 other building blocks. Finally, the
aryl–aryl chord diagram reveals 681 reactions to form 121 drugs
using 93 aryl chlorides and 425 other aryl building blocks, such
as the reaction to form 12 from furan 10 and chloride 11.

Retrosynthetic reactions were clustered by building block
classes of both synthon a and synthon b to gauge the most
valuable reactivities based on transformation occurrence in
one-step retrosynthesis of drug targets, and the resulting
histogram is shown in Fig. 5. Example retrosynthetic reactions
for 3 of the top 25 scoring building block classes include the
coupling of alkyl amine 28 with alkyl alcohol 29 to form 30, the
deaminative and decarboxylative coupling of 31 and 32 to form
33, and the double decarboxylative coupling of 34 and 35 to
form phenethylamine 36. This latter reaction class, C, coupling
two alkyl carboxylic acids, corresponds to the Kolbe coupling
reaction, a classic reaction that has recently seen updating to
enable mild electrochemical28,29 and metalphotoredox-cata-
lyzed30 transformations for complex molecule diversication.
Meanwhile, amine–acid couplings to make C–C bonds, class B,
have been a focus of our lab.19–21

As a nal case study to showcase the algorithm's perfor-
mance in natural product chemical space, we prole the
outcome and runtime when running the algorithm against all
1501 natural products collected in the Coconut Lichen Natural
Product database.31 In this case study, the full non-ltered
commercial catalog of about 400 000 compounds was used.
The result of this analysis is shown in Fig. 6.

When assessing the time to completion for each of the 1501
natural products, no analysis took over ∼10 seconds, and the
vast majority of compounds and all hits were found in under
one second. To identify reactions that synthesize products that
cannot be formed with known chemistry, each product with
a hit was assessed with two complementary retrosynthesis
machine learning models.32,33 Products that could be formed in
a single step using known chemistry were then ltered out.
Since we only allow a one-step retrosynthesis, few targets with
a molecular weight >500 g mol−1 led to viable disconnections
into commercially available building blocks, although many
targets smaller than 400 g mol−1 were successfully discon-
nected. Three example disconnections are shown below the plot
of Fig. 6. While products 37, 40, and 43 are not known to be
synthesizable with a single reaction, our workow reveals that
they can be formed from commercial compounds should the
highlighted transformation be developed. A deaminative
coupling to form 37 from sulfonamide 38 and C–H substrate 39
was found in 0.46 seconds. A transamidation to form 40 from 41
and 42 can be approached from deamination of either
substrate, as both purchasable compounds have a primary
amine at the desired reactive site. Notably the carboxylic acid
congener of 41 that one would use with 42 to reach the desired
amide bond was not commercially available in the vendor
catalog we used. Finally, a C–H amination between 44 and 45
forms 43, which was identied in 0.43 seconds.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Conclusion

A method to rapidly form single-bond cross coupling maps
between target molecules and commercial catalogs is reported
and showcased via an analysis of compounds in DrugBank or
the Coconut Lichen Natural Product database and the
commercial catalog provided by MilliporeSigma. Coupling
maps are grouped and ltered to reveal various perspectives of
reaction targeting. Several reactivities that have been previously
reported were showcased as transformations found in the
analysis, and examples of prospective chemistries are shared.
Mining maps of coupling transformations will continue to
reveal valuable reactions to target for synthetic chemistry
method development, and additional heuristics to organize the
results by estimated cost, scalability, and proposed reaction
conditions will continue to rene and strengthen such work-
ows. While many of the reactivities highlighted here may be
currently unfeasible or cannot be achieved with acceptable
regioselectivity using modern methods, many of the most
popular reactionmethods in use today did not exist two decades
ago. Future advances in synthetic chemistry and catalysis will
continue to push the boundaries of what is possible, and the
reaction targeting method disclosed here is one method to
guide the hunt for new reactivities and synthesis strategies.
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