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y metric for comparing synthetic
routes†

Samuel Genheden *a and Jason D. Shields *b

Experimentally validated routes to synthetic compounds can be compared to each other by quantitative

metrics (step count, yield, atom economy), or by qualitative assessments (strategy, novelty). AI-predicted

routes are typically compared to experimental syntheses to check for an exact match among the top-

ranked predictions (top-N accuracy). This method is ideal for the evaluation of retrosynthetic algorithms

on large datasets (>106 routes), but it cannot assess a degree of similarity between routes, which would

be desirable for small datasets (<102 routes). Here, we present a simple method to calculate a similarity

score between any two synthetic routes to a given molecule. The score is based on two concepts:

which bonds are formed during the synthesis; and how the atoms of the final compound are grouped

together throughout the synthesis. As a result, the similarity score overlaps well with chemists' intuition

and provides a finer assessment of prediction accuracy.
Introduction

In the eld of organic synthesis, molecules are synthesized in
a stepwise fashion, starting with simple and commercially avail-
able building blocks and then carrying out chemical reactions to
forge the desired bonds (and break undesired bonds) until the
target molecule is in hand. The set of steps used to construct
a molecule is known as the synthetic route. Due to the immense
size of synthetically accessible chemical space (estimated to
encompass >1020 compounds for molecules with #36 heavy
atoms)1 and the large number of known chemical reactions,2

a given targetmolecule could theoretically have tens of thousands
of plausible routes. Indeed, retrosynthesis algorithms, which
predict synthetic routes by iterating backwards from the target
molecule until commercial starting materials are achieved, are
quite capable of generating >104 routes and are usually explicitly
programmed to output a more human-manageable number. In
actual practice, even the most intensively studied molecules have
on the order of a hundred reported routes.‡
raZeneca, Gothenburg, Pepparedsleden 1,

l.genheden@astrazeneca.com
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tion (ESI) available. See DOI:

cted on July 23, 2024 provided ∼600
any of which are degenerate; “taxol”
∼100. The vast majority of

ly one reported route, simply because
hypothesis and then not pursued.
en only “reported” in that it exists in

3

How does a chemist compare one route to another? If both
routes in question have been experimentally validated, then
a set of practical concerns dominate the comparison: overall
yield; cost of goods; and the safety and environmental
sustainability of the overall process are all common metrics.
This method may establish which route is the most efficient,
but it is not well suited to addressing theoretical routes. When
assessing theoretical routes, step count, complexity scores, and
feasibility predictions can provide rank ordering. This approach
is used by AI tools like AiZynthFinder and ASKCOS to present
a small set of prioritised routes to the chemist for expert
assessment.3,4 Routes can also be clustered by Tree Edit
Distance (TED), which we currently use for AiZynthFinder
output.5,6 This method is best suited to avoiding degeneracy,
which arises from the algorithm selecting different versions of
the same synthon. Another method is the Retro-BLEU score,
which was introduced to estimate the overlap of the predicted
sequences of reactions in a route with known sequences of
reactions. However, such an approach is naturally limited by the
availability of known sequences of reactions.7 Finally, when
comparing one experimental route with multiple predicted
routes, top-N accuracy is routinely used, with the experimental
route considered as ground truth.8 A relaxed version of this has
been suggested, where only the starting material overlap
between the predicted route and the experimental route is taken
into account.9

A more qualitative method of route comparison can be
found in the eld of total synthesis. Here, complex natural
products are obtained in laboratory syntheses, oen necessi-
tating numerous steps and the development of new chemistry.
When comparing routes to natural products, it is common to
consider the “key step(s)” or “strategy” of the routes: which
© 2025 The Author(s). Published by the Royal Society of Chemistry
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bond-forming step(s) generated the most complexity or
provided the most novelty?10 Cernak et al. have recently
described a graph edit distance method to visualize and select
the most direct retrosynthetic routes to target molecules;
setting up the calculation requires some manual denitions
beforehand.11

We found the methods described above to be wanting for
several desirable applications in drug discovery. In particular,
we sought a similarity metric to compare the predicted routes of
a given compound at point-of-design with its subsequent
experimental route. Monitoring this score in aggregate for
newly synthesized molecules would help to continuously assess
the performance of AiZynthFinder. Furthermore, it could be
a step on the way to “closing the loop,” on AI-proposed
syntheses, making future predictions more accurate. Finally,
it could replace our current clustering algorithm to ensure that
chemists can quickly access a diverse selection of routes for
their expert appraisal. An additional, more challenging goal was
to approximate “key step” analysis such that the output con-
corded with chemist intuition.
Results and discussion
Dening similarity

Similarity calculation. We dene the similarity of two routes
using a combination of an atom similarity metric and a bond
similarity metric. Both are based on atom-to-atom mapping
between the reactants and product for each reaction in the
route. We use the rxnmapper tool12 for mapping each reaction in
the routes, and we then ensure that the atom-mapping of the
reaction forming the target is propagated to the subsequent
reactions in the route. The atom similarity of a route is then
Fig. 1 (A) Experimental route to benzimidazole 1, using nitroaniline 2 as a
reactivity. (B) AiZynthFinder-predicted route to 1. The key cyclization ste

© 2025 The Author(s). Published by the Royal Society of Chemistry
computed by considering each molecule in the route as a set of
atom-mapping numbers that also exists in the target
compound:

mR,i = {a1, a2,.,an}

wheremR,i is the i:th molecule in route R, and a1, a2, etc. are the
atom-mapping numbers. We then dene the overlap of two
molecules in two routes X and Y as the intersection of the two
sets of atom-mapping numbers divided by the size of the
largest set:

O
�
mX ;i;mY ;j

� ¼
��mX ;iXmY ;j

��

max
���mX ;i

��;
��mY ;j

���

The atom similarity, Satom is then computed by summing the
maximum overlap for each molecule in a route, doing this for
both route X and Y, and then normalizing by the total number of
molecules (N) in both routes:

Satom ¼

P

i

maxj O
�
mX ;i;mY ;j

�þP

j

maxi O
�
mX ;i;mY ;j

�

NX þNY

It should be noted that the target compound is excluded
from these calculations as by denition we ensure that both
instances of the target compound are atom-mapped identically.

The bond similarity of a route is based on an analysis of
which bonds in the target compound are formed over the course
of the route. In particular, we dene a reaction as a set of
bonds, bij:

rR,i = {b1,2, b3,4,.,bn,m}
cheaper starting material and Boc-protected proline 4 to prevent side
p is the same and SA,B = 0.97. TEDA,B = 5.25.

Digital Discovery, 2025, 4, 46–53 | 47
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Fig. 2 Three syntheses to make hypothetical pyrimidine 11 starting from 7. (A) Buchwald–Hartwig, SNAr sequence. (B) SNAr, Buchwald–Hartwig
sequence. (C) Chan–Lam, SNAr sequence. SA,B = SB,C = 0.95; SA,C = 1.0. TEDA,B = 4.62; TEDB,C = 4.63; TEDA,C = 1.04.

§ To ensure correct atom mapping in our case studies, all results with our small
datasets were checked by eye. In four cases this led to re-mapping, typically
involving either one-atom reactants (e.g. a sulfur ylide in Kuehne's racemic
strychnine synthesis) or carbon-centered leaving groups (e.g. Woodward's
formal homologation of an acid to a vinyl acetate, which involves
a decarboxylation). The more complex the route, the more likely rxnmapper is
to misassign atoms and thus propagate errors; strychnine is an extreme
example and we do not anticipate the need for manual re-mapping outside of
natural products.
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where rR,i is the i:th reaction in route R, and the bonds are atom
tuples for which a bond exists in the target compounds between
the two atoms and this bond is formed in the i:th reaction. A
route r is then described as a set of all such bond sets and the
bond overlap between route X and Y is computed as a normal-
ized intersection:

rR = {rR,ijci}

Sbond ¼ jrXXrY j
maxðjrX j; jrY jÞ

The total similarity is then computed as the geometric mean
of the atom and bond similarity:

SX ;Y ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SatomSbond

p

Benets and limitations. One straightforward benet of our
algorithm is that it provides a score on a continuous axis from
0 to 1, thereby allowing a ner comparison of routes. For
example, consider the experimental vs. the AI-proposed
synthesis of benzimidazole 1 (Fig. 1), on which we have previ-
ously published.13 The key bond-forming strategy between the
routes is clearly the same, but the experimental route makes use
of a protecting group and a cheaper nitroaniline starting
material 2, adding two steps. Out of 20 predicted routes for this
compound provided by AiZynthFinder at point-of-design, none
48 | Digital Discovery, 2025, 4, 46–53
were an exact match to the experimental route, so this example
would fail to match “ground truth” by even a very generous top-
20 analysis. The similarity value provided by our algorithm
between these two routes is 0.97, agreeing with chemist
assessment.

The combination of bond and atom similarity is a further
advantage. Sbond is rooted in human practice, as numbering
atoms and then keeping track of which bonds are formed over
the course of a synthesis is a common exercise for students of
organic chemistry. Satom addresses step sequence, another
fundamental consideration in the practice of organic synthesis.
For example, routes A and B (Fig. 2) differ only in the order of
steps. The bond forming events are the same, but intermediates
9 and 12 have different atoms, leading to an Satom score of 0.90
and an overall SA,B of 0.95.

There are several limitations that must be considered when
using this similarity score. First, if rxnmapper fails to assign
atom numberings correctly in any given reaction, then the score
will be inaccurate.§ In the case of simple errors like failure to
recognize hydroxide as the source of oxygen in an ester
© 2025 The Author(s). Published by the Royal Society of Chemistry
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hydrolysis, this will not perturb the score greatly, but for larger
errors like incorrectly mapped rearrangement reactions the
effect is greater. Second, the Satom component is calculated
based on atom groupings but ignores connectivity. Third,
stereochemistry is ignored altogether. A more subtle limitation
is shared with other methods of comparing synthetic routes:
namely, the concept of a “step” is underdened. Multiple
reactions are oen carried out in a one-pot or telescoped
fashion. Two routes that share the same fundamental trans-
formations in the same sequence but report the individual steps
differently will return a score less than unity (see ESI† for an
example).

Beyond these “hard” limitations there are also limitations by
design. As written, the similarity algorithm does not consider
atoms that are absent in the nal product. This approach is well
suited to our specic interests in AI retrosynthesis andmedicinal
chemistry, in which synthons and overall strategy are more
important than (for example) atom economy or choice of pro-
tecting group. Thus, routes A and C in Fig. 2 return SA,C = 1,
Fig. 3 Select key steps and intermediates of the medicinal chemistry
atorvastatin 14.

© 2025 The Author(s). Published by the Royal Society of Chemistry
because the Buchwald–Hartwig and Chan–Lam couplings—
although they would have different conditions, reagents,
byproducts, and side products—form the same C–N bond at the
same point in the synthesis. Modifying the algorithm to include
atoms that are not present in the target could prove useful if
comparing many, highly similar routes. Furthermore, the
current code can only compare routes that terminate in the same
nal product; comparing routes to different nal compounds for
similarity of overall strategy will be the focus of future work.
Case studies

Atorvastatin. First, we sought to perform the similarity
analysis on a pharmaceutically relevant molecule. Atorvastatin
(14) is a natural choice as it regularly tops the annual list of most
prescribed pharmaceuticals in the United States.14 Further-
more, Warner–Lambert chemists published multiple routes
from both the original discovery syntheses and the subsequent
development campaigns; we were interested to see if the
routes (A and B), process route (C), and AiZynthFinder route (D) to

Digital Discovery, 2025, 4, 46–53 | 49
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similarity algorithm could distinguish between them.15,16 Two
medicinal chemistry routes and one patented process were
compared (Fig. 3). The medicinal chemistry routes share many
steps, including the synthesis of intermediate amino acid 16
and a decarboxylative [3 + 2] cyclization to form pyrroles 15 or
17; they differ in endgame. The process route is substantially
different, with a Paal–Knorr cyclization between 18 and 19 to
form the pyrrole and a more convergent synthesis overall. As
expected, the medicinal chemistry routes were more similar to
each other than to the process route (SA,B = 0.88; SA,C = 0.59;
SB,C = 0.62).

As a further test, we used AiZynthFinder to predict a retro-
synthesis of atorvastatin.{ The highest ranked predicted route
was compared to the three experimental routes. Simple visual
analysis of the key steps suggests high similarity to the process
chemistry route: both routes employ a Knoevenagel condensa-
tion, a Stetter reaction, and a Paal–Knorr pyrrole cyclization, all
in the same sequence (see ESI† for full routes). The similarity
algorithm concurs, with SC,D = 0.74 compared to scores less
than 0.5 between both medicinal chemistry routes and the
predicted route. It is worth noting that none of the AiZynth-
Finder results match any of the published routes exactly,
demonstrating again that top-N analysis is not t for small
datasets.

In the ESI,† we compare the route similarities to TED. There
is a good correlation for these four routes, but TED is
unbounded and therefore harder to interpret than the similarity
metric.

Strychnine. Following the successful application of the
similarity score algorithm to atorvastatin, we sought a complex
natural product to test the algorithm more rigorously. Strych-
nine (21) was selected as an ideal test case: it is highly complex
yet has relatively few heavy atoms (twenty-ve); it has numerous
published total syntheses that nevertheless intercept one of
only two penultimate intermediates (isostrychnine 22 or the
Weiland-Gumlich aldehyde 23); and it is a longstanding target
of interest and testing ground for novel synthetic strategies. We
chose to compare the ten syntheses of strychnine reviewed by
Overman in 2012: Woodward (1954), Overman (1993), Rawal
(1994), Kuehne (1998), Vollhardt (2000), Martin (2001),
Fukuyama (2004), Reissig (2010), Vanderwal (2011), and Mac-
Millan (2011).17–28 Kuehne's racemic synthesis (1993)29 and
a proposed biosynthesis of strychnine were also included,30 for
a total of twelve routes. Although some routes are racemic and
others stereoselective for either (+)- or (−)-strychnine, we
considered the nal target to be identical for all routes.k

Before running the analysis, we predicted that the routes
would split into two clusters based on their penultimate
{ Initially AiZynthFinder predicted a one-step synthesis from commercially
available atorvastatin lactone. In order to prevent AiZynth from utilizing any
commercially available late-stage intermediates, we imposed a 250 Da weight
limit on the starting materials, and restricted it to eMolecules stock.

k Some of these syntheses are “formal” syntheses; that is, they were only carried
out experimentally up to a known late-stage intermediate, typically
isostrychnine or the Wieland-Gumlich aldehyde. Because the formal syntheses
terminate in strychnine itself they are all directly comparable using our algorithm.

50 | Digital Discovery, 2025, 4, 46–53
intermediate (Fig. 4). Beyond that, it seemed likely that the two
Kuehne syntheses would give the highest similarity scores
among all pairwise comparisons, as they intercept complex
intermediate 26; and that the Woodward route, being the only
exclusively linear sequence, would have the lowest similarity to
all other routes. The Martin route is explicitly aimed at
mimicking the biosynthesis of strychnos alkaloids via a geisso-
schizine-like intermediate (29), and we predicted that it would
be most similar to the proposed biosynthetic pathway as
a result.

These predictions were largely borne out. As expected, the
Kuehne enantioselective and racemic syntheses provided the
highest pairwise similarity score (0.91). The Woodward route
was noticeably dissimilar to the others even by visual inspection
using a heat map (Fig. 5), with all SWoodward,route <0.6. The
proposed biosynthesis of strychnine was indeed most similar to
the Martin synthesis (0.74), although several other syntheses
came close. One result highlighting limitations of the similarity
algorithm is that the Vanderwal synthesis gave mostly high
scores with all other routes, presumably as a consequence of its
much lower step count than the others, as Satom is normalized
by number of molecules in both routes. Finally, our prediction
that the twelve routes would cluster into two overall groups
based on penultimate intermediate was inaccurate (see ESI†);
presumably the interception of a very late-stage common
intermediate is insignicant compared to the highly variable
earlier intermediates across a small dataset.

The TED calculations for the twelve strychnine routes return
distances that are consistently larger than 30, due to the longer
routes. The correlation between the similarity metric and TED is
also considerably weaker than in the case of atorvastatin,
especially for more dissimilar routes (see ESI†).

Benchmarking predicted routes. The case studies described
above gave us condence to apply the similarity algorithm to
large datasets. Previously, we have benchmarked retrosynthesis
models and algorithms using both success rate (proportion of
routes that terminate in commercial startingmaterials) and top-
N accuracy.31,32 Here, we extend this analysis by also computing
the maximum similarity between a set of reference routes and
the corresponding predictions from AiZynthFinder. A high
success rate is a minimal requirement for useful retrosynthesis,
but does not describe the quality of the routes. The top-N
accuracy and the maximum similarity metric introduced here
address this aspect of the evaluation. We started by comparing
three one-step retrosynthesis models using the n1-set from the
PaRoutes benchmark (Table 1; these are routes extracted from
the US Patent and Trademark (USPTO) dataset). The models
have been described previously and are derived from the USPTO
dataset32 or two internal AstraZeneca datasets, one from 2019
(AZ-2019)33 and one from 2022 (AZ-retrained).31 We can see that
the success rate of the models vary from 92 to 97% and is not
correlated with the N-accuracy. With our new, more rened
method of comparing routes, we see that on average the pre-
dicted routes with the USPTO-PaRoutes and AZ-retrained are
quite similar to the reference routes (0.91), whereas the old AZ-
2019 model generates slightly less similar routes (0.85).
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 (A) The two penultimate intermediates used to make strychnine 21, isostrychnine 22 and Wieland-Gumlich aldehyde 23. (B) Kuehne's
racemic synthesis begins with tryptamine 25 while the enantioselective synthesis begins with methyl L-tryptophanate 27. Both sequences
intercept complex intermediate 26, then diverge again. (C) Biosynthetic intermediate geissoschizine 28 and Martin's similar intermediate 29.

Fig. 5 Heatmap comparing similarity of the 12 routes to strychnine 21.
See ESI† for numerical results.

Table 1 Benchmarking of three retrosynthesis models on the
PaRoutes-n1 dataset

Model
Success
rate

Accuracya

SimilarityTop-1 Top-10

USPTO-PaRoutes32 97.2% 0.24 0.54 0.91
AZ-2019 (ref. 33) 91.6% 0.10 0.38 0.85
AZ-retrained31 97.8% 0.11 0.44 0.91

a The fraction of targets for which we nd the reference route as the rst
ranked prediction or among the top-10 ranked predictions.

Table 2 Benchmarking of three retrosynthesis model on a dataset of
4934 targets from Journal of Medicinal Chemistry

Model
Success
rate

Accuracy

SimilarityTop-1 Top-10

USPTO-PaRoutes32 68.6% 0.07 0.16 0.75
AZ-2019 (ref. 33) 72.1% 0.04 0.15 0.71
AZ-retrained31 86.1% 0.07 0.24 0.84
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We then performed a similar benchmark on 4934 routes
extracted from the Journal of Medicinal Chemistry, which is likely
a more relevant benchmark set for pharmaceutical applications
than PaRoutes. In Table 2, we show the results when employing
a stock consisting of only the starting materials in the
© 2025 The Author(s). Published by the Royal Society of Chemistry
experimental reference routes. For this benchmark set, the
success rate ranges from 69% for USPTO-PaRoutes to 86% for
AZ-retrained, although the top-N accuracies are all relatively
low. When it comes to similarity, the AZ-retrained model
Digital Discovery, 2025, 4, 46–53 | 51
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outperforms the other models with an average of 0.84, which is
signicantly higher than 0.71 for the older AZ-2019 model and
0.75 for USPTO-PaRoutes. Thus we observe a clear effect of
training a retrosynthesis model on a combination of literature,
patent, and internal data when predicting routes for medicinal
chemistry targets. Looking at the distribution of the maximum
similarity (see ESI†), we see that for a majority of the targets, the
similarity is very high, with only a few targets for which the
predictions are far from the reference routes. In the ESI† we
outline additional benchmarks of retrosynthesis predictions.

Conclusions

We have presented a simple method for pairwise comparison of
any set of routes to a given compound. For small datasets such
as might be viewed by a synthetic chemist, it provides a suitably
granular metric for route comparison. For large datasets of
importance to data scientists, it provides an additional metric
that supplements success rate and top-N accuracy. It is impor-
tant to stress that the resulting similarity score is unrelated to
feasibility, although we do speculate that if a theoretical route is
similar to a proven experimental route, it is more likely to be
feasible. Future research in this area will be to extend similarity
comparison to routes for similar compounds, e.g. compounds
that share a substructure but vary one portion of the molecule.

Data availability

Routes and processed versions of them for atorvastatin and
strychnine, Reaxys IDs for reactions in J. Med. Chem. routes, as
well as PaRoutes reference routes for targets also in J. Med.
Chem. are available as ESI.† PaRoutes data and code can be
downloaded from Github: https://github.com/MolecularAI/
paroutes. Code for the route similarity metric is available on
Github: https://github.com/MolecularAI/reaction_utils.
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