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Abstract

Being able to predict the course of arbitrary chemical ieastis essential to the theory
and applications of organic chemistry. Approaches to thetien prediction problems can be
organized around three poles corresponding to: (1) phylsiaes; (2) rule-based expert sys-
tems; and (3) inductive machine learning. Previous appremat these poles respectively are
not high-throughput, are not generalizable or scalabliabrsufficient data and structure to be
implemented. We propose a new approach to reaction prediatilizing elements from each
pole. Using a physically inspired conceptualization, weadibe single mechanistic reactions
as interactions between coarse approximations of molectbéals (MOs) and use topological
and physicochemical attributes as descriptors. Using estire rule-based system (Reaction
Explorer), we derive a restricted chemistry dataset ctngi®f 1630 full multi-step reactions
with 2358 distinct starting materials and intermediatsspaiated with 2989 productive mech-
anistic steps and.64 million unproductive mechanistic steps. And from maehigarning,
we pose identifying productive mechanistic steps as asfital ranking, information retrieval,
problem: given a set of reactants and a description of ciandit learn a ranking model over
potential filled-to-unfilled MO interactions such that tiog ranked mechanistic steps yield the

major products. The machine learning implementation ¥ala two-stage approach, in which
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we first train atom level reactivity filters to prune.98% of non-productive reactions with a
0.01% error rate. Then, we train an ensemble of ranking mode[saas of interacting MOs
to learn a relative productivity function over mechanistieps in a given system. Without the
use of explicit transformation patterns, the ensemblespdyf ranks the productive mechanism
at the top 8905% of the time, rising to 986% of the time when the top four are considered.
Furthermore, the system is generalizable, making reasomabdictions over reactants and
conditions which the rule-based expert does not handle. Binterface to the machine learn-
ing based mechanistic reaction predictor is accessibugir our chemoinformatics portal

(http://cdb.ics.uci.edu)underthe Toolkits section.

Introduction

Determining the major products of chemical reactions gihennput reactants and conditions is a
fundamental problem in organic chemistry. Reactions akedhy a complex physical interplay
of electronic and structural attributes of the reactarda@hith reaction conditions, such as tem-
perature, phase, concentration, and solvent attributesreTare a broad range of approaches to re-
action prediction falling around at least three main pofgsssical simulations of transition states
using various quantum mechanical and other approximafithsile-based expert systeris
and inductive machine learning metholts.

The very concept of a “reaction” can be ambiguous, as it spoeds to a macroscopic abstrac-
tion, hence simplification, of a very complex underlying rogcopic reality, ultimately driven by
the laws of quantum mechanics. At the lowest conceivablel lef,quantum mechanical (QM)
treatment, it remains impossible to find exact solutionhitoSchrodinger equation even for rela-
tively small systems. Thus at this level, reactions are rieablas minimum energy paths between
stable configurations on a high-dimensional potential ggnhsurface, where saddle points repre-
sent transition statex® This potential energy surface is in practice computed witiumber of
varyingly accurate approximations, ranging from ab-tnitlartree-Fock approaches or Density

Functional Theory to semi-empirical methods or mecharfwade fields? An even higher level



of approximation can be made by considering reactions asedés entities: concerted electron
movements through a single transition state, e.g., Ingaféchanism$® We denote these single
transition state, concerted electron movement, reactisrmaechanistic, or elementary, reactions.
Mechanistic reactions can be drawn as “arrow-pushing” rdiagt’ explicitly showing the con-
certed electron movements. An elementary reaction candeeiased with a single electron move-
ment (e.g. radical reactions), movement of a single paitexfteons (e.g. simple addition or bond
dissociation reactions), or the complex concerted moveéwfemany electrons (e.g. pericyclic or
E2 reactions).

In stark contrast to paths on energy surfaces or even mestltareactions, rule-based and
inductive computational approaches to reaction prediatmstly consider only overall transfor-
mations. Overall transformations are general moleculaplgrearrangements reflecting only the
net change of several successive mechanistic reactiomexample, Figure 1 shows the overall
transformation of an alkene interacting with hydrobronmeadao yield the alkyl bromide along
with the two elementary reactions which compose the transdtion.

Overall transformations obfuscate the underlying physeality of chemical reactions, while
explicitly modeling potential energy surfaces is overlymputationally demanding. A useful
middle-ground is to consider mechanistic reactions. Wiméchanistic reaction representations
are approximations quite far from the Schroédinger equatiga expect them to be closer to the
underlying reality and therefore more useful than overatisformations. Furthermore, we expect
them also to be easier to predict than overall transformatitue to their more elementary nature.
In combination, these arguments suggest that working wethhanistic steps may facilitate the
application of statistical machine learning approacheswaell as their capability to generalize.
Thus, in this work, reactions are modeled as mechanismdoaride remainder of the paper, we

consider the term “reaction” to denote a single elementzagtion.

Previous Approaches. As discussed above, there is a broad spectrum of physicailation

approaches to reaction prediction, from more or less rigo@QM treatment of paths on energy



Figure 1. Example overall transformation and correspopdiementary, mechanistic reactions.
(a) The overall transformation of an alkene with a hydrohbiatid. This is a single graph rear-
rangement representation of a multi-step reaction. (b)deteils of the two mechanistic reactions
which compose the overall transformation. The first invelaeproton transfer reaction, and the
second involves the addition of the bromide anion. Eachilddtanechanism is an example of
an “arrow-pushing” diagraff involving a single transition state, in which each arrow ates
the movement of a pair of electrons, and multiple arrows omgles diagram denote concerted
movement.

surfaces to discrete mechanistic steps. At all levels thorteaction prioritization is considered by
explicitly modeling transition state energies. As sucksthsimulations can be highly accurate and
generalizable but require careful setup for individualexkpents and are computationally expen-
sive. For example, many recent physical simulation studiesaction mechanism&22involve
in-depth exploration of manually setup variants of singlstems. Furthermore, these approaches
often provide more detailed information than needed to nugatsions regarding common chem-
ical tasks such as validating synthesis design, creatirigalilibraries, or elucidating plausible
mechanistic pathways. This branch of computational cheynmovides invaluable tools for in-
depth understanding of chemistry but is currently not slétdor high-throughput reactivity tasks
and is far from being able to recapitulate the knowledge dildyaof a human expert.

Around the second pole of the computational spectrum, baked approaches are meant to
approximate decision making rules of human chemists usbrgrles of graph rearrangement

patterns. In contrast to physics-based approaches mgdaim point geometries and electron



distribution over orbital basis sets, rule-based appresiclonceptualize overall transformation re-
actions as the making and breaking of bonds in molecularhgrepresentations, i.e., graph re-
arrangements. Furthermore, rather than using a scorirgidmnto prioritize all possible graph
rearrangements, these systems only propose the rearrantgetorresponding to the overall trans-
formation reactions yielding the major products.

An overall transformation can be decomposed into a sequehtgroductive” mechanistic
reactions. By “productive” mechanistic reactions, we armsnprevious systems broadly mean
the mechanistic steps which eventually lead to the overajbnproducts of a multi-step reaction.
In systems which work on a mechanistic level of detail, eletagy reactions which are not the
most kinetically favorable, but which eventually lead te thverall thermodynamic transformation
product may be considered “productive”. For example, agoration step in a synthesis is usually
a kinetically reversible reaction. In the next step of thetkgsis, the deprotonation on the proto-
nated product may be kinetically favorable but is neitheinégresting nor a “productive” reaction.
Therefore, rule-based systems do not predict energieep&ather they make predictions about
synthetically productive transformations. Fortunattig, the most “productive” mechanistic steps
are typically the same as the most kinetically favorablpste

Seminal work in the area of rule-based reaction predicg@ncapsulated in the CAME@nd
EROS systems. CAMEOQ is based on a complex set of heuristics divider different classes
of chemistry to predict multi-step reactions. EROS uses &monfigurable system composed
of multi-step reaction graph based rule libraries with @xtrodules to add more constraints based
on heats of formation, physicochemical properties, ortitrs@mulations. Other approaches since
CAMEO and EROS have contributed their own ideas to the probBeppé® and Sophid focus
on first identifying reactive sites before identifying réans, though both work with multi-step
reactions. ToyChefAt and Robid? build on the EROS idea of physicochemical constraints by
explicitly defining reaction energy functions. The receetBtion Explorer systetfi uses detailed
graph rewrite rules for individual mechanistic steps ratifian the common practice of a sin-

gle transformation for an overall reaction from startingtenials to final products. Furthermore,



Reaction Explorer describes these rules using an alteengliysically motivated “electron-flow”
specification allowing the visualization of the “arrow-pirsy” diagrams for each mechanistic step.

At their core however, all of the above rule-based system&aowledge-based, with human
encoding of heuristics, graph-rewrite patterns, and caimgs. Therefore, although these systems
are computationally tractable and return predictionskjyithese expert systems suffer from sev-
eral drawbacks: (1) They require the curation of large ant®ohexpert knowledge; rules and
exception handling must be explicitly encoded for manyedéht chemistries. (2) They are un-
manageable at larger scales, in that adding new rearramjgraterns often involves updating a
large proportion of existing patterns with exceptionsslhoted in the Reaction Explorer system
that adding new transformations is already a challengirertaking with 80 reagent modules al-
though several hundreds would be required to cover the tiredignodern chemistry? (3) They
lack generality. If a particular reaction pattern has narbexplicitly encoded, the system will
never be able to return the corresponding reaction.

There have been few previous approaches around the thirgutational pole of machine
learning. Sophia extracts relevant reaction centers fratalhses of multi-step overall transforma-
tions.? Rose and Gasteiger show how to inductively derive mulfséaction rules for the EROS
system using reaction centers mined from reaction datapaskough to the best of our knowl-
edge, this was not adopted in EROS moving forward. Givenavgments in machine learning
techniques over the past 15 years, one can imagine a maelimalg system that mines reaction
information to learn the grammar of chemistrin which both the conceptualization and scoring
of reactions is learned from data. One source of reacticornmdtion is the chemical literature.
Unfortunately however, chemical publishing is dominatgdclosed models, and thus literature
information is difficult to access. Furthermore, most reacinformation within manuscripts is
non-standardized and unstructured. Parsing scientifiatek extracting relevant chemical infor-
mation from text and image data is an open problem of rese4réf Other potential sources

of reaction information are reaction databases. Whileetlzge several commercially available

Ln particular, in terms of graph grammaf$.



reaction databases, such as CARReaxys?® and SPRESF? unfortunately the majority of the
reactions in these databases are unbalanced, are incelmplietm-mapped, and lack mechanistic
definition 2 This is in addition to suffering from an even more acute latlopenness as com-
pared to the chemical literature, in that reaction database often priced far beyond academic
reach or accessible only through very limited and closestiates that prevent any kind of serious
statistical data mining. As a result, and to the best of ouwkadge, effective machine learning
approaches to reaction prediction simply do not exist.

A successful reaction prediction system should emulate exentually surpass, the problem
solving abilities of human chemists, though this has yetdppgen. Human chemists possess a
remarkable ability to make reasonable predictions abcaitotliicome of reactions. These pre-
dictions are of course based on an underlying physical staleling, but they are certainly not
based on in-depth numerical calculations. Furthermoraélewhemorization of named reactions
and their patterns is paramount in chemical education, hymedictive decisions are often made
without systematic deductive reasoning, but rather usiagds and rules of thumb learned from

experience.

New Approach. These considerations motivate our new reaction predidtamework which
incorporates elements from all the three computationagpobnsidered above. We combine the
idea of orbital basis sets with molecular graph represemigtto describe physically inspired,
graph-based idealized molecular orbitals. Using thesalimk®l molecular orbitals, mechanistic
reactions are modeled as an interaction between an elefitesh(donor) and electron unfilled
(acceptor) molecular orbital. This allows the construetnumeration of all possible elementary
reactions over any set of reacting molecules. From the ReaExplorer rule-based system, we
derive a dataset of “productive” reactions to mine. Fin&lgm machine learning, we formulate
predicting the productive interacting MOs as a statistiaaking problem.

The overall framework leads to the pipeline shown in Figur@@uding two machine learning

stages outlined in red. Given input reactants and condifwe first use the idealized molecular or-



bitals to identify electron sources and sinks within thectaats. Then in the first machine learning
stage, highly sensitive predictive models, trained frortadierived from Reaction Explorer, are

used to filter out electron filled and unfilled unreactivesitaus pruning the space of reactions to
consider. The remaining electron sources and sinks arepthiezd to construct all reasonable ele-
mentary reactions over the reactants. Then in the secondingdearning stage, a ranking model,
again trained from Reaction Explorer derived data, is usearder the elementary reactions by
productivity. Finally, the output top ranked products carécursively chained as inputs to a new

instance of the pipeline, leading to multi-step reactioedgstion.
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Figure 2: Overall reaction prediction framework. (a) A usguts the reactants and conditions. (b)
We identify potential electron donors and acceptors ustagse approximations of electron filled

and electron unfilled MOs. (c) Highly sensitive reactive sitassifiers are trained and used to filter
out the vast majority of unreactive sites, pruning the sdg®tential reactions. (d) Reactions are
enumerated by pairing filled and unfilled MOs. (e) A rankingd®las trained and used to order the
reactions, where the best ranking one or few represent tigg praducts. The top ranked product

can be recursively chained to a new instance of the framefeorkulti-step reaction prediction.

The are multiple benefits resulting from this new approacly.uBing very general rules to
enumerate electron sources and sinks, and thus possibt®reawith their pairing, the approach
is not restricted to manually curated reaction patterns. dBailing individual reactions at the
mechanistic level, the system may be able to statisticadlyr efficient predictive models based on
physicochemical attributes rather than abstract ovamatisformations. And by ranking possible

reactions instead of making binary decisions, the systegnpravide results amenable to flexible



interpretation. However, the new approach also faces #egehallenges: (1) the development of
appropriate training datasets of elementary reactiongh@development of a machine learning
approach to control the combinatorial complexity resgltirom considering all possible pairs of
electron donors and acceptors among the reacting moleeaudg3) the development of machine
learning solutions to the problem of predictively rankihg possible productive mechanisms.
The remainder of the manuscript is organized as followsstFiwe describe the graph-based
idealized molecular orbital reaction model and pose theggmachine learning problem. Then
we detail the data, specifically constructing a dataset oflgetive reactions using the Reaction
Explorer system to address the first challenge. Next, weitesthe implementation and validation
of the two machine learning components. The first comporsgioriaddressing the combinatorial
complexity challenge and the second component is for adithggghe ranking challenge. We then
describe the overall reaction prediction results and aatecvith a summary and discussion of the

results.

Molecular Orbital Reaction Model

We propose a fundamental reaction unit model starting floerstructure of the reactants to enu-
merate all conceivable primary idealized molecular othiteeractions?! visualizable as “arrow-
pushing” diagrams. This approach yields elementary readieps that describe the implied tran-
sition state. Other formalisms to describe or enumeratsipleschemical reactions exist, such as
Dugundiji-Ugi22 Temkin et. al.3% and Kerber et. al®* but these all encapsulate overall transfor-
mations, or general graph rearrangements, and none awganalto such an ubiquitous chemical
idea as “arrow-pushing.”
A moleculem is modeled in the standard manner as a labeled connectea¢utaslgraph

m= Gm(Am, Bm) where the verticedy, represent labeled atoms and the edgigsepresent labeled
bonds. Then each atom in the graph is augmented with multiplls to represent approximate

electron filled and electron unfilled molecular orbitals (§)OAn electron filled MO is defined as



the quadruple

f :=(atf,n¢,Ct),

wherea is the atom being labeled, i.e., th@inatom,ts € {n, 11,0} is the orbital typen; is the
possibly nullneighboratom for a bond orbital, and; is the possibly null, recursively defined
adjacenthainedfilled orbital. Lone pairs are represented with orbital type- n, a null neighbor

n¢ = 0, and without chaining possibilityy = 0. Bonding MOs are represented withreferencing
the bond partner atom, orbital type= m for double and triple bonds, and orbital type= o

for single bonds. Each bond can have many MO labels if thexeclaaining possibilities, where
chaining possibilities are recursively found by notmgystem filled MOs centered on atoms adja-
cent tons. Enumerating chaining possibilities are necessary taucapesonance rearrangements
and certain reactions such as eliminations. Similarly, lanteon unfilled MO is defined as the
quadruple

u:= (a7 tU7 nU7 CU>7

wherea is themain or current, atomt, € {o™, i1, p} is the orbital typen, is the possibly null
neighboratom for a bond orbital, and, is the possibly null, recursively defined adjacehained
unfilled orbital. Unfilled MOs are represented in an analeymanner: Empty atomic orbitals are
represented with orbital typg = p,ns = 0, andcs = 0. Anti-bonding MOs are represented with
ny referencing the bond partner atotn = 7t* for double and triple bonds, angd= ¢* for single
bonds. Chaining possibilities for a given unfilled anti-dorg MO are constructed by notirmg
or o-system unfilled MOs on atoms adjacenintp The basic filled and unfilled orbital types are
shown in Figure 3, while an example of all the filled and undile@bitals constructed at a single
atom of a molecule are shown in Figure 4.

A reaction is then described by the interaction of a singlediand a single unfilled molecular
orbital. It is helpful to think of this as an “arrow-pushingfagram. The filled MO denotes the
source of electrons, while the unfilled MO denotes the ebaatiestination, i.e., the interaction is a

directed arrow from the filled MO to the unfilled MO. The algbrm in Appendix A shows a simple
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O KiBH
Figure 3: Molecular orbital types in the augmented molecgtaph for the core reaction model.
Unfilled molecular orbital types are on the top and filled typee on the bottom.
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Figure 4: The filled and unfilled orbitals yielded 6. Note therr bond adjacent t€4 acts as
either a filled or unfillecchainorbital.
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recursive algorithm used to alter charges and bonds and/télalsthe product of an interaction in
a molecular graph, in other words, the algorithm to actugllysh the arrows”. Examples of the
arrow pushing diagrams and corresponding filled and unfM&2i representations are shown in
Figure 5. Furthermore, as a reaction is simply a repregentaf a directed arrows of electrons
over a set of molecules, one can easily define “inverse” M@rsafgiven reaction. For a given
interaction( f,u) on reactants which yields the productg, there is a filled orbital {’) and an

unfilled orbital (/) overr’ such that the interactioff’,u’) yields the original reactants We

definef’ andu’ as the inverse filled and unfilled orbitals respectively.

no > oo > 06y no > ogc > 0¢p;

. 1
CH. 3 4 H.C—Br:s N
2_\2_/ 3 ; I;IZC/\a

*5

i (0377r7027cf) I (Ohnv@’@)

u: (04,0*,BT5,@) u (HQ,O'*,C:;,CU)

Cr - (Ol,ﬂ,@,@) Cy - (0470-*,37‘57@)
(a) Orbital Chain Enolate (b) Orbital Chain E2

Figure 5: Extended orbital chain interaction examplesEf@late reacting as a lone pairbond
chain. Chaining is necessary to capture the implicit pegtien resonance rearrangement. (b) E2
elimination where the H-@-bond chains into the C-Bo-bond. The central bond in each chain
simultaneously acts as an electron source and sink atelitf@oints in the overall flow.

Machine Learning Problems

Let Fy, be the set of all electron filled MOs in a molecular graphand similarly, letUy,, be the
set of electron unfilled MOs oven. The set of reactions over a single copy of a pair of reactants

r = (my,mp) is equivalent to the sdt of pairs of interacting filled and unfilled MOg ,u) over
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r,i.e. Iy = (Fm, UFm,) X (Un, UUm,). The actual number of reactions to consider is more than
this, because one must also consider intermolecular oeesctietween each reactant and a second
equivalent of itself. To avoid unnecessarily complicatethtion, we will continue to discuss the
number of reactions to consider ks= (Fy, UFm,) %X (Um, UUn,), though all experiments and
presented statistics correctly reflect including secondvadent reactions.

We make the assumption that for each set of reactants and@iocosdwhich we call a “query”
denoted with(r,c), there are only a small number of “productive” reactionsr &@iven query

(r,c), denote this set of productive reactionsl@a C Iy and the complementary set of “unproduc-

tive” reactions ask(r c

)= Iy — I(?C). The problem of reaction prediction is thus that of identify
the reactions im(tc) given a query(r,c).

For a given query, there are often only one or two productn®tal interactions. On the
other hand, with the number of filled orbitdls | approximately equal to 2 times the number of
symmetrically distinct bonds plus the number of lone paars] the number of unfilled orbitals
|U;| approximately equal to 2 times the number of symmetricabyimct bonds plus the number
of empty orbitals, the number of total orbital interactidis x U,| can be quite large even for
moderately sized systems. Consider a system of 20 symaétratistinct bonds with no lone
pairs or empty orbitals, and disregard chained orbitalssewbnd equivalent reactions. Such a
system would havé2 x 20)2 = 1600 potential elementary steps. Including chained debéad
second equivalent reactions leads to even larger numbeosabrbital interactions. This highly
imbalanced situation motivates identifying productivaatons given dr,c) query in two stages.
In the first stage, we train and use classifiers to filter owgdithnd unfilled MOs at the level of
atoms, similar to the reactive site identification of Bepband Sophi In the second stage, we
train and use a ranking model such that giyew) all reactions iri(tc) are ranked higher than all

reactions i”(r,c)-

Reactive site filtering. Both filled and unfilled MOs can be considered labels assediatith

particular atoms, i.e., the main atom of the MO. For a paldiconolecular grapim and conditions
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c, let the set of all filled MOs oveminvolved in a productive orbital interaction with conditi®c
be F+ = {f|(f,u) I(tc) andm € r}. For each atoma € Ap, we label the tupléa, c) as “filled
reactive” ifa is the main atom of any MO in the set of productive filled ME?}EC), and we label
the tuple(a,c) as “filled unreactive” otherwise. Similarly, we label ea@jc) tuple as “unfilled
reactive” or “unfilled unreactive” using the set of prodwuetunfilled MOs overlm,c). The end
result is two reactivity labels for each atom, one each fadiand unfilled.

One can then train separate classifiers for each of the thbsésIwith the goal of filtering
as many unreactive labeled atoms as possible while allomeng filtering errors on the reactive
labeled atoms. Any atom predicted as “filled unreactive” iy tlassifier is then not considered
when constructing the set of possible filled MOs, and sinyilor unfilled MOs. Letlf(myc) and
U(mp) be the set of filtered filled and unfilled MOs, respectivelyeiftthe set of filtered reactions
over a query i ¢) = (Fimy.c) UFmp.c) % (Uimy.c) UU(my.c))» Which can be broken up into produc-
tive and unproductive setf, o = IA(?C) + f(r o+ A successful filtering should gl\/l?L =1 and

|I(;7C)|<<|I(;7C)|.

Orbital interaction ranking. After filtering, the problem of identifying the subset of practive
reactionsl}*n 0 from IA(LC) can be construed as a ranking problem. Learning to rank idgcu
of great interest in the machine learning community, inipakar for Information Retrieval (IR)
and web-page ranking. Some methods pose ranking as ordiassior?>2® where individual
instances are regressed to an integer rank. However, makingamethods use a pairwise for-
mulation which predicts whether a pair of instances are imexd order’’~#° In this work, we
use a pairwise approach using shared weight artificial heetevorks training on ordered pairs of

productive and unproductive orbital interactidins,i~) € I}*r? o % IA(;C).
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Data

A mechanistically defined dataset of reactions to use wighpttoposed framework does not cur-
rently exist. In this section, we leverage previous work amechanistically defined rule-based
system, Reaction Exploréf,to construct the first such dataset, consisting of reactam¢cuales
with conditions and their productive orbital interactions

Details are given in (Chen and Baldi 2009)put briefly Reaction Explorer is a rule-based
expert system covering all of the basic undergraduate argdaemistry curriculum. The system
is composed of over 1500 elementary rules organized inte&@ent models encoding conditions
and allowable rules. Each rule encapsulates a single misticaeaction step via a SMIRKS
topological rearrangement pattern and an electron flowifspegeon to capture “arrow-pushing”.
An inference engine orders the elementary rules by pritwigttempt matching on given reactants.
Moreover, in order to validate the rules and to provide exasifor a chemistry tutor applicatiol,
over 4000 full multi-step “test case” syntheses are encaugdding reactants, reagents, products,
and all intermediates.

When each individual test case is input to Reaction Expladist of mechanistic steps is
output describing the orbital interactions from each presistep; starting at reactants, through
intermediates, and to final products. Each one of these metltasteps is considered to be a dis-
tinct productive elementary reaction. In addition, we gssimple reaction condition descriptions
that are shared among all reactions from a particular reagedel. Grouping all the individ-
ual favorable orbital interactions over the same reactantsconditions yields the overall set of
productive orbital interactionk’,. With these sets of labeled MO interactions over reactamis a
conditions(r, ¢) queries, we then provide each possible atom and condit@mugtuple with filled
and unfilled reactivity labels.

Reaction conditions are described with three parametenspérature, anion solvation poten-
tial, and cation solvation potential. Temperature is tste Kelvin. The solvation potentials are
unitless numbers between 0 and 1 meant to represent how aasition or anion is solvated and

thus provide a quantitative scale at which to map the quaktédeas of polar protic, polar aprotic,
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and nonpolar solvents. These parameters have been setRwagtion Explorer reagent models.
Note however, that any mechanistic interaction with saiv@explicitly captured as an elementary
reaction. As an example of some of the parameter settingts tleeReaction Explorer “Mix Reac-
tants, Polar Protic” reagent model has a temperature 29& &tj@n solvation potential of.@, and
an anion solvation potential of@, while the Reaction Explorer reagent model of “2Li, HeXane
for alkyl lithium preparation in a nonpolar solvent has a pemature 298 K, a cation solvation
potential of 00, and an anion solvation potential af0 In the middle of the solvation spectrum,
the “LDA, THF” reagent model has a temperature of 220 K, aotesolvation potential of @, and
an anion solvation potential of4. A full listing of the reaction parameters by reagent isspreed
in Supplementary Table S1.

As an initial validation of the methods and to keep the sizthefdataset manageable, we con-
sider general ionic reactions involving C, H, N, O, Li, and ttalides, coming from 1630 multi-step
test cases over 31 reagent models from Reaction Exptéidethods to include stereoselectivity
and handle pericyclic and radical reactions are discuss#teiConclusion. A complete listing of
the 31 reagents and their respective reaction conditioanpeters is presented in Supplementary
Table S1.

Inputting the 1630 test cases to Reaction Explorer yiel@®238oductive orbital interactions
over 2752 distinct reactants and reaction conditions, (ree) queries. These 2752 distinct reac-
tants and conditions consist of 1685 individual moleculed 2342 reactants (possibly pairs of
molecules). Using the core reaction unit model to enumethtemaining possible orbital inter-
actions over the reactants and conditions givésl énillion non-productive orbital interactions.
Considering all individual molecules, there are 22894 stmitally distinct atoms. However, in-
cluding reaction conditions yields 29104 reactive sites, atom and conditions tuplés c). 1262
reactive sites correspond to a productive filled MO, whil8@ correspond to a productive unfilled
MO.

The attributes and labels for the reaction ranking and reasite datasets are available via our

chemoinformatics portalht t p: // cdb. i cs. uci . edu) under the Supplementary Materials
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section and via the UCI Machine Learning Repositoriatat p: / / ar chi ve. i ¢s. uci . edu/

m .

Machine Learning Stage 1. Reactive Site Filtering

Recall that we wish to train two separate classifiers to ptele filled and unfilled reactivity labels
of an atom. The feature descriptions and machine learnipdeimentations used are exactly the
same for the two separate problems, except for the diffdadalis. As such, a general reactivity
labeled dataset will be considered as instancéa,afl), i.e. an atora, a set of conditions, and

alabell € {0,1}, wherel =1, if (a,c) is labeled “reactive”, ant= 0 otherwise.

Validation. Repeated cross-validation experiments are recommendaatdo reliable accuracy
estimates during validation of supervised learrfdg3 To assess the performance of the reactive
site filter training, we perform 10 repeats of 10-fold cressidation over all distinct tuples of
molecules and condition@n,c). This validation scheme closely mimics the real-life usswth

a system, where atoms, conditiofe c) tuples with unknown label are seen as part of entire

molecule in which all atoms are missing labels.

Feature representation.To learn a model predicting the labélfr each(a, ¢) instance, we must
define a feature representation which maps the conceptualtata numerical vector. The vector
of course includes the reaction conditions, which here anplg temperature, cation solvation
potential, and anion solvation potential, as determinetthbyinderlying Reaction Explorer reagent
model (Table S1).

Next, the vector includes features to describe the atom tanukighborhood. The following

real-valued features are included:
e formal and partigl* charges a;

¢ minimum and maximum formal and partial charges at topokgieighborhoods of distance
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1 and 2 bonds from;
e an exponentially decaying sum of atomic radiais topological neighborhood;
e molecular weight of the entire molecule; and
e the size of the smallest ring of whiehis a member.

Molecular fingerprinting techniques for chemical simitatiave been proven useful for QSAR/QSPR
and database searching applicati6n® Motivated by the success of fingerprints, we construct
neighborhood fingerprintso provide a topological depiction of the region around tha@raa.
Theseneighborhood fingerprintare composed of counts of paths and sub-trees starting @droo
at the atona. See Figure 6 for an example of paths over the nitrogen obplicgoylamide anion.

Separateeighborhood fingerprintare computed for both the standard molecular graph and
a pharmacophore point gragh.Pharmacophore point graph features are computed simtiarly
molecular graph features, except that the molecular gnaghGm(Am, Bm) is first mapped to an
isomorphic graptp = Gp(Ap, Bp), in whichAp, Bp are atoms and bonds with a small restricted set
of labels. The labeling scheme, adapted from Hahnke, &t gkoups chemical motifs with similar
reactivity. For example, all positively charged atoms ateeled the same, all negatively charged
atoms are labeled the same, and all halides are labeledrtieisahe pharmacophore point graph.
Details of the mapping and the labels are given in Suppleangfiable S2.

These representations schemes generate large but spatige feectors. To limit the dimen-
sionality, any feature that is non-zero in less than 25 daitatpis disregarded. For both the molec-
ular graph and pharmacophore point graph features, sthpd#ns and sub-trees are computed to
depth 3 and 2, respectively, while paths and sub-trees ghrausystems are both computed to
depth 6. Furthermore, sub-trees are restricted to haveenree at most 2. The number of fea-

tures for each type are listed in Table 1.

Artificial neural network training. Before training, all features are normalized@ol] using the

minimum and maximum values of the training set. Then becthes@, c) tuples labeled reactive
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Figure 6: Topological based count features. Diisopropyd@manion is pictured in a cartoon format
with all the distinct path types starting at the nitrogenb-$wees (not shown) are rooted at the atom

with out-degree at most 2.

Table 1: Reactive site features

Type Count
Real-valued 14
Molecular graph 743
Pharmacophore graph 759
Total 1516
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comprise less than 10% of the data for either filled or unfjeel oversample sites labeled reactive
to ensure approximately balanced classes.

We train artificial neural networks using sigmoidal actiwatfunctions in a single hidden layer
and a single output node. After some experimentation, anitaature of 10 hidden nodes was
chosen. Gradients on the weights of the neural network doellagéed with the standard back-
propagation algorithm and a L2 regularized cross-entrapyr édunction. The weights are opti-
mized by stochastic gradient descent with per weight adapiarning rate4® Optimization is
stopped after 100 epochs as this is observed to be suffi@ermbhvergence. The end result of
training is a neural network model which given an input feateector outputs a probability of the

(a,c) tuple being labeled “reactive”.

Decision threshold fitting. The trained neural networks provide a probabilistic prediicof an
(a,c) tuple being labeled “reactive”. However, in order to filteactions, one must be able to make
binary decisions. In our case, we strongly favor sensytigiter specificity, i.e., we will accept a
reasonably high number of false positives to ensure a lowbeuraf false negatives. Any false
negatives translate into misranking enfirec) queries. However, because the number of reactions
we filter is based on the cross-product of the negative detisites of our classifiers, modest true
negative rates still provide a sizeable amount of negatitezifig.

To fit decision thresholds providing high sensitivity, wesuisternal cross-validation. For each
training set, the same cross-validation set creation, alization, balance, and training procedures
described above are used to construct internal three-fokkevalidation predictions. Then on the
internal cross-validated predictions, we find the averagdiption over all internal folds yielding
a false negative rate of O for that fold, using this as thegiecithreshold for the external train and

test data.

Results. Important metrics are the number of unreactive labeled sitel unproductive reactions

filtered, i.e., the true negative rate (TNR), and the numibeeactive labeled sites and productive
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reactions mis-filtered, i.e., the false negative rate (ENRE predictive results of these classifiers
are shown in Table 2. We can filter 8% and 75%% of filled and unfilled non-reactive sites
respectively. This leads to being able to filter@¥% of the 614 million non-productive reactions

with 0.012% error on positives, as shown in Table 3.

Table 2: Reactive Site Prediction Results

Type | Stage| Mean TNR % (SD), Mean FNR % (SD)
Filled Test 87.7(2.0) 0.05(0.23)
Train 87.7(2.0) 8.8x 10 %(8.8x 10 °)
. Test 75.6(5.8) 0.18(0.38)
Unfilled =i 75.5(5.9) 6.2x10 4(62x 1079

Table 3: Orbital Interaction Filtering Results

Mean TNR % (SD)]| 94.0 (1.47)
Mean FNR % (SD) 0.012 (0.027)

In the next section, we describe the implementation andiaatin of the orbital interaction
ranking methods. In order to assess the ranking methodspmnaract an overall filtered set of
reactions using the best possible filled and unfilled readite classifiers. Here, filled and unfilled
site predictors are trained using all the available dataenTé decision threshold is fit for each
classifier by finding the maximum prediction such that the RBIR. The results of the filled and

unfilled site predictors as well as overall reaction filtgrare shown in Table 4.

Table 4: Overall Reaction Filtering Results. Here the erdataset is used to train the best possible
filled and unfilled reactive site predictors.

Type TNR %
Filled 921
Unfilled 85.6
Actual Reactiong 97.2

Histograms of the predictions from these overall classif@r the unreactive labeled data are

shown in Figure 7 with the predictions on the reactive latbg@eints jittered in red. One can see
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that though there are some outlier reactives on which thesigiers exhibit uncertainty, the vast

majority of the unreactive prediction density is around 0.

Machine Learning Stage 2: Orbital Interaction Ranking

Validation. As in the reactive site filtering, repeated cross-validat®oused to assess the perfor-
mance of the orbital interaction ranking machine learniagnponent. Using the filtered orbital
interaction dataset described above, we perform 10 repéa@-fold cross-validation over all re-
actants, conditionér,c) tuples. There are 2752 distingt c) queries. With the filtered dataset,

there are 108 productive reactions and &3 non-productive reactions per query on average.

Feature representation. To create feature vectors to represent an orbital intenactve again
include the reaction conditions data. Then, we includeufestto describe the reactants and the
products, constructing a difference vector by subtractivegreactants from the products. These

molecular features include counts over:

e bonds;

anions and cations;

aromatic bonds and atoms;

rings of size 3t0 9;

trans ringrr bonds;

rotatable bonds; and

e multiple, separated formal charges.

The count vector for reactants is subtracted from the coecitiov for products, and resulting zero
elements are discarded. If a difference vector elementsgipe, it means this feature was “cre-

ated” during the reaction, while if it is negative, it meahstfeature was “destroyed” during the
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Figure 7: Reactive site predictions using models trainetth ail the data. The histograms show
the distribution of prediction values on the unreactiveelald data. The red points show the pre-
diction values for individual reactive labeled data poiiitered for clarity. (a) shows the filled site
predictions, while (b) shows the same plot for the unfilldd predictions.
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reaction. This provides useful information about the reactfor example broken aromaticity,
opening of an epoxide, or charge separation.
Then we add features that represent the filled and unfilleccotdr orbitals in the forward

reaction. The orbital features include:

e the type of orbital ¢*, it*, p, n, 11, 0);

the type of chained orbital, if it exists;

actual atoms involved in the orbital;

formal and partigl* charges for each atom involved; and

an exponentially decaying sum of atomic radii for a neighibod around the orbital.

To calculate attributes describing the reversibility okagtion, we also include the same orbital
features computed on the inverse filled and unfilled orhitas the orbitals of the products whose
interaction would yield the reactants.

Finally, we include a subset of the reactive site featureddoh the filled and unfilled orbitals.
Specifically the included reactive site features are naolindant real-valued features and pharma-
cophore point graph features with path depth 3, tree depn@;t depth 4. Details about the

number and types of features are shown in Table 5.

Table 5: Orbital Interaction Features

Type Count
Molecular difference 124
Forward Filled and Unfilled 251
Inverse Filled and Unfilled 199
Reactive Site Filled and Unfilled 1103
Total 1677

Artificial neural network training. As in the reactive site prediction, all features are norpeali

to [0, 1] before training using parameters estimated from eachiigaset. For training speed and
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memory considerations, 5 sub-splits of each training setede. Each sub-split includes all pro-
ductive interactions, but training pairs are constructéti & random partition of the unproductive
interactions. Final predictions on test data are made bsagireg the predictions from 5 ranking

models trained on the individual sub-splits of pairs.

We use a pair of shared weight artificial neural networks ewitih a single sigmoidal hidden
layer and a linear output node. The output of the two netwarkdied to a sigmoidal output layer
with fixed weights of+1, —1, as shown in Figure 8. The final output of the network will hese
to 1 if the shared weight lower network outputs a higher sd¢orehe left input than the right
input, and close to 0 otherwise. Training is performed byutiameous forward propagation of
both the left and right inputs, and assessment of error dirthkeoutput layer with a L2 regularized
cross-entropy error function. Then in two separate stepgyhwgradients are calculated via back-
propagation first in the left network and then the right netwvoAfter gradient calculation, the
same weight updates are applied to both networks.

After some experimentation, an architecture of 20 hiddeslesovas chosen. Similar to the
reactive site training, weights are optimized using stetihayradient descent with the same per-
weight adaptive learning rate scheffeOptimization is stopped after 25 epochs as this is observed

to be sufficient for convergence.

Results. Next we present results on the orbital interaction ranki@. consider two metrics for
evaluating rankings, Normalized Discounted Cumulativex@&dDCG) and Percent Withim:

The Normalized Discounted Cumulative Gain (NDCG) is a comi®metric*® For a given
result list, the metric sums the usefulness, or gain, of eadividual result based on labeled
relevance and predicted rank, where the gain for a releeanttris discounted at lower ranks. The
NDCG at a levei (NDCG@) is the metric calculated only considering the taanked results.
For example, the NDCG@1 will be 1 if the highest ranked reawcis a productive reaction, and 0
otherwise. Therefore, NDCG@1 over él]c) queries denotes the percent of the queries in which

the highest ranked reaction is a productive reaction.
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Figure 8: Shared weight artificial neural network architeet Two shared weight artificial neural
networks are connected to a sigmoidal output layer with fisetghts. The output of the final
network will approach 1 if the input to the left network is sed greater than the input to the right
network, and 0 otherwise. As the lower level networks shagghts, they compute the same
scoring function.

The Percent Withim metric is simply how manyr,c) queries have at mostnon-productive
reactions in the smallest ranked list containing all prdshecreactions. For example, Percent
Within-0 measures the percent @fc) queries with perfect rank, and Percent Within-4 measures
how often all productive reactions are recovered with attmasrors. This metric allows intuitive
assessment aloseto perfect rankings.

The unproductive orbital interactions vastly outnumberghoductive interactions. On average
there are 108 productive reactions for each reactants, conditioyeg query. However, there are
62.53 unproductive reactions on average that pass the reaitivélters for each query. In spite
of this imbalance, our results show a remarkable abilitydivaet the best reactions. The cross-
validated ranking results are presented in Table 6. The ND@&®ic shows, for example, that
for 89.5% of the queries, the top ranked reaction is a productiveticga Looking at the Within-

n data, 8905% of queries show perfect ranking, while.88% of queries recover all productive

reactions by considering lists with a small amount of (at tddson-productive reactions.
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Table 6: Orbital Interaction Ranking Results. We show Ndired Discounted Cumulative Gain
(NDCG) at different levels in addition to the Percent Witmimesults. NDCG is a standard infor-
mation retrieval metric to evaluate rankings, while Petd#ithin-n is the percent of all queries in
which at mosin non-productive reactions are in the smallest ranked listaining all productive
reactions.

i | Mean NDCG@ (SD) || n | Percent Withina (SD)
1 0.895(0.016) 0 89.05(1.66)
2 0.9390.011) 1 96.84(0.98)
3 0.952(0.008) 2 98.94(0.59)
4 0.954(0.007) 3 99.52(0.39)
5 0.956(0.007) 4 99.86(0.25)

Discussion

Multi-step reactions. The strong performance of the ranking system is exhibiteisbgbility to
make accurate multi-step reaction predictions. Figured®vshan intramolecular Claisen conden-
sation reaction. To assess whether the ranking system caessiully perform multi-step reaction
prediction, we construct a special train/test split of thedoictive reactions such that the reactions
shown in Figure 9 are part of the testing set, while the remgiproductive reactions are part of
the training set. Using reactive site filters and ranking etetrained on this special training set,
the ranking method correctly predicts the given reactiothashighest ranked reaction at each of
the three steps shown. Note that the predictions are madatartttht is unseen during training.

Thus, this multi-step reaction prediction is an examplénefdystem’s inductive capability.

Ranking provides flexible results. By identifying the productive reactions through rankingr o
framework provides flexible and interpretable results. $sess this, we look at the predictions
of the ranking system on reactants and conditions in thangesets of cross-validation splits, i.e.,
the reactions shown are not seen during training. For ex@ntywb ring-forming systems over
which productive reactions are correctly ranked are showfigure 10. These are the produc-
tive reactions for the given reactants under the Reactigrideer “Mix Reactants, Polar Protic”

reagent model. In cross-validation experiments, thesalays the top ranked reactions with the
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Figure 9: Multi-Step Reaction Prediction. An example of aectly predicted multi-step reaction

from a careful validation experiment. All reactants showarevheld out in a special testing set,
while all other data in the Reaction Explorer system is used taaining set. Thus, the predictions
shown are not seen in training. The products from the topedm&action are recursively input to
a new instance of the overall pipeline to make a multi-steptien predictor. The error rate is low
enough to make the system usable for prediction of overaikfiormations.
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reaction conditions corresponding to the reagent model tHe5-member ring forming reaction
in Figure 10(a), the reaction proceeds with the oxygen gesa nucleophile, and the end product
is a heterocycle (2-methylenetetrahydrofuran). Howewetlzer reasonable, though not as favor-
able, reaction could occur with an enolate nucleophile aocgtcibpentanone product, though this
reaction is not labeled as productive by Reaction ExploFae ranking method correctly returns
this particular reaction as the second highest ranked f®s#t of reactants and conditions.
Similarly, for the 6-member ring forming reaction shown ilgére 10(b), the Reaction Ex-
plorer productive reaction proceeds via an enolate nubié®@nd results in a cyclohexanone
product. Another reasonable reaction, via an oxygen npbliés leads to the heterocycle product
(2-methylenetetrahydropyran), though this reaction islaleled as productive by Reaction Ex-
plorer. Again though, the ranking system correctly retums as the second highest ranked for
this set of reactants and conditions in the test sets of arag$ation experiments. By returning
a ranking, the end user has access to much more informatert ather reasonable mechanisms

and pathways.

H,C

(@ 5 membe(b) 6 member ring
ring product product

Figure 10: Two correctly ranked ring-forming reactions moss-validation experiments. These
two reactions are labeled productive by Reaction Explor#r the “Mix Reactants, Polar Protic”
reagent model. Without seeing these reactions duringitigiour approach inductively learns to
correctly rank these two reactions as the most productitie thie corresponding conditions. The
system also correctly returns reasonable ring-formingtieas as the second highest ranked for
both sets of reactants.

Generalization. A key goal of the new approach to reaction prediction is tddoaisystem that
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is generalizable. A generalizable system should be ableakemeasonable predictions about
reactants and reaction types with which it has only had ioitpliather than explicit, experience.
The Reaction Explorer system, as a rules-based expernsygtbout explicit rules about larger-
ring forming reactions, does not make any predictions abexen and eight carbon systems similar
to those seen in the ring-forming reactions of Figure 10. elity though, larger ring-forming
reactions are possible. Figure 11 shows the top two rankasttioms over both 7-bromohept-1-
en-2-olate and 8-bromooct-1-en-2-olate reactant setie, Mwat these reactants are not part of the
ranking system'’s training set. The ranking model returesetholate attack as the most favorable,
but also returns the lone pair nucleophilic substitutiortrees second most favorable. Thus the
ranking model, in spite of never seeing seven or eight membefforming reactions, is able to
generalize and make reasonable suggestions, while théaskd system is limited by the hard-
coded transformation patterns. First, the reactive sediptors correctly identify the terminal ene
carbon and the oxygen as filled reactive sites and the methydeomide carbon as the unfilled
site. Then the ranking model ranks the enolate substituBantions as the most productive in
both systems, and the lone pair oxygen nucleophile reaeahe second most productive. This

is an example of the system inductively learning a reas@maloldel of productive reactions.

Close rankings are reasonable.While our ranking method is very accurate, it is not perfect.
However, the vast majority of errors atl®seerrors, as exhibited by the 3% Within-4 recovery
rate. Furthermore, upon examination of theleseerrors in cross-validation experiments, they are
largely intelligible and not unreasonable predictions: &ample, Figure 12 shows two reactions
involving an oxonium compound and a bromide anion. Acroksraks-validation experiments
where the reactants are part of the testing set, our predastés these two reactions as the highest,
with the deprotonation slightly ahead of the substitutidiis is considered a within-1 ranking
because from the Reaction Explorer system, only the subsetitreaction is labeled productive.
However, the immediate precursor reaction in the sequehéteaction Explorer mechanisms

leading to these reactions is the reverse of the deprotonegaction. Hydrogen transfer reactions
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(@) 7 member product (b) 7 member heterocycle
product

.'O._ -'Br: H.C - Br.

v CH, /¥ 2
Nz ¢

(c) 8 member product (d) 8 member heterocycle
product

Figure 11: Reasonable reactions not returned by ReactigioEex, but highly ranked by our
system. The reaction conditions for both systems corredptithe standard conditions from the
“Mix Reactants, Polar Protic” Reaction Explorer reagenteio (a) and (c) are the top ranked
reactions over the 7-bromohept-1-en-2-olate and 8-br@tben-2-olate reactants respectively,
while (b) and (d) are the second ranked reactions over teepective reactants. Neither set of
reactants are included in the training set of productivetreas.
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like this are reversible, and thus the deprotonation is saable mechanism to predict and rank
highly. In this case, the deprotonation is likely the kinatly favored mechanism. It is just not
productive, in that it does not lead to the final overall prctdin a prediction system attempting to

predict multi-step syntheses, such reversals of previmpsare easily discarded.

..+ H

)\/\ P )\/\ +
o OH,
(a) Reasonable deprotonation (b) Predicted substitution

Figure 12: Within-1 ranked system with a reasonable meshaim cross-validation experiments.
The deprotonation is ranked slightly higher than the studgin, although the Reaction Explorer
system labels the substitution as productive and does raligirthe deprotonation. However,
the previous step in this test case was the protonation ddlttehol. As this hydrogen transfer
reaction is reversible, the deprotonation is kineticadlydrable, just not productive.

There are some interesting ring-forming reactions whichlaeel as mis-ranked in cross-
validation experiments. In Figure 13, the Reaction Expltabeled productive reaction over 2,7-
dimethyloct-2-ene under the "Mix Reactants, Polar Prageljent model forms a six-member ring
product (Figure 13(a)) and results in a 2’ carbocation. Plaidicular reaction is an intermediate
step in a multi-step reaction involving a subsequent meshift, stabilizing the cyclohexane prod-
uct. Another plausible mechanism over 2,7-dimethyloetr2-exists, leading to a 5-member ring
product with a 3’ carbocation as shown in Figure 13(b). Inssrealidation experiments when
the 2,7-dimethyloct-2-ene is part of the testing set, thkirg system consistently returns the
5-member ring forming reaction as more favorable, while@h@ember ring product is consis-
tently ranked as the second highest. This points to our ngnkiodel has “learned” that increasing
alkyl substitution stabilizes carbocations, but has neafhed enough” about the stabilization of
potential subsequent carbocation rearrangements. Wialstabilized cyclohexane is likely the
ultimate thermodynamic product, it is probable that botttih@gisms occur, starting from the re-
actants shown. Thus, although our metrics consider thisimgron the query as an error, it is

an intelligible and reasonable error. Again though, bymahg a ranking, a multi-step reaction
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prediction program could easily explore both of these reagiathways.

HS cn,

HyC H.C.  CH
\C(\ N\ /7 cH,

H3C\

(a) Predicted 6-member ring(b) 5-member ring product
product

Figure 13: Within-1 ranked system with a reasonable meshaim cross-validation experiments.
The top two ranked reactions with 2,7-dimethyloct-2-emeindermediate in a Reaction Explorer
multi-step reaction. Reaction Explorer labels only the &mber ring forming reaction as produc-
tive. Although this leaves a 2’ carbocation, it is considiepeoductive because of future methyl
shifts in the underlying Reaction Explorer reaction segaeen\e consistently rank the reaction
yielding a 5-member ring and 3’ carbocation higher in creaslédation experiments where 2,7-
dimethyloct-2-ene is in the test set. Although this is cdased an error, it is a reasonable one.

Effect of reaction conditions. There are no major differences in performance when corsgler
reactions at different conditions. Figure 14 shows the Withresults for all the reactions condi-
tions for differenct values af over all cross-validation experiments. The reaction comas with

the largest number of queries show greater than 90% Withiakdes. However, all conditions
show similar performance on tlmdoserankings. Whem > 2, then all reaction conditions exhibit

> 95% recovery perfomance.

Availability A public web interface to the machine learning based meshiameaction prediction
system is available under the Toolkits section of our chefoeomatics portalttt p: / / cdb.

i cs. uci . edu). The interface allows the entry of reactants and condstioatputting the filtered
reactive sites and a ranked list of the filtered reactionsdd®trained with all available data are

used in the web interface system.
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Figure 14: Withinna predicted reaction recovery for different reaction coiodis over cross-
validation experiments. The fraction of reactant systems/hich all productive reactions are
recovered is presented on the y-axis, andrtiepresented on the x-axis. Color and symbols are
used to denoted different reaction conditions. The numbagueries with the given reaction con-
ditions are presented in parentheses after the conditiame n Details of the reaction conditions
and how they map back to the Reaction Explorer reagent madelsresented in Table S1.
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Conclusion

In this work, we describe a novel approach to reaction ptestidrawing elements from the three
poles of potential approaches. Rather than knowledge eagirg a library of transformation pat-
terns commonly used in existing rule-based systems, weedafimolecular orbital based reaction
unit model to enumerate all possible reactions as flows atreles from sources to sinks. Then
using a two-stage machine learning approach, we returnianguover all possible reactions for
given reactants and conditions, such that the top ranketioea correspond to the most productive
Thus, the ordering is based on a model learned from datar ridune explicitly encoded rules.

In terms of scale, our approach is only limited by the amodmtata available. If we wish to
capture a new set of chemistry, we only need to re-train witficgent amounts of data covering
this chemistry. On the other hand, adding a new set of rulestexpert system often involves
having to revisit a large proportion of existing rules to ak@eption cases. Unfortunately, while
there are existing commercial reaction databases, nonentlyrexist with the level of cleanliness
or mechanistic detail necessary to validate our proposprbaph. However, one could manually
curate mechanistically labeled reactions, or use exigxpgrt systems to construct datasets with
the required level of detalil.

Using an existing mechanistically defined rule-based sysReaction Explorer, we create an
intitial dataset over a restricted set of chemistry. Thaskit can be expanded by manual addition
of reactions or by expanding the classes of chemistry ebetiiaicom Reaction Explorer. We note
that this process is significantly easier than the additfdreasformation rules to an expert system.
Instead of having to manually revisit abstract patterns,system unleashes powerful statistical
techniques to automatically learn the abstraction.

The features and labels for the reactive site and reacticking datasets are made available
both at our chemoinformatics portht t p: // cdb. i ¢s. uci . edu under the Supplementary
Materials section and as part of the UCI Machine LearningdRepry atht t p: / / ar chi ve.

i ¢cs. uci.edu/ m /. Aweb interface to the machine learning based mechanesition predic-

tion system is made available through our chemoinformaistal htt p: // cdb. i cs. uci .
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edu) under the Toolkits section.

Based on repeated cross-validation experiments over theti@e Explorer dataset, our ma-
chine learning approach performs well compared to the baked system, being able to recover
perfect ranking 8®@5% of the time. If we allowcloserankings, i.e., rankings with up to 4 nega-
tives ranked before the positives, then our method is highhsitive with respect to the dataset,
recovering 986% of the productive reactions.

The strong performance of the system is further exhibiteddweral observations. The high
accuracy in the perfect rankings allow multi-step reacpoediction. The highest ranked product
from one iteration of the ranking pipeline can be recurgiveput into a new instance to make
the next mechanistic reaction prediction. By allowing thxpleration of results further down
the ranked list, the ranking system provides flexible andrpretable results, providing plausible
reactions of competing favorability.

Furthermore, when the ranking system magleseerrors, the mis-ranked non-productive re-
actions are reasonable and intelligible errors. Revemsetioss of previous steps in a synthesis
are often kinetically favorable, though in a reaction siatot application, one could easily ignore
reactions which lead to no net change in a reaction mixturereldlver, as the Reaction Explorer
system is constructed to return major products leadingréogsttforward syntheses, many of the
close ranked systems actually represent other reasonauleamisms that possibly generate side
products. Noting these possible side products would be itapbin a synthesis planning or vali-
dation application.

Then, as shown by our prediction of the macrocyclization @s@ts, our method shows po-

tential to be generalizable. Intramolecular ring-formnegctions are encoded by explicit trans
formation patterns in the Reaction Explorer. Without esipipatterns for macrocyclizations, the
seven and eight membered ring-forming reactions are ndigiegl. However, the ranking system
correctly identifies reactive sites, and the top two reasti@nked in each system are reasonable
mechanisms. Even without having specific macrocyclizateactions to train on, the ranking

model correctly generalizes from smaller ring systemsstédwperienced.
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Our approach does differ from traditional reaction praditt Returning a ranking rather than
binary decisions is both an advantage and disadvantagera&pproach. To use as a direct re-
placement to an expert system, the number of reactions tsid®min the ranking must be fit as
an extra hyperparameter or chosen by hand. On the other faarkilg reactions is an advantage
because is allows more flexible use of results. There ardlysnany different reactions and use
of information about the previous and next steps is hecgsedre able to make predictions over
multi-step syntheses. In addition, one could immediatsky aur framework with training data
with more levels of labeling, i.e., instead of simply lalbglireactions as “productive” and “unpro-
ductive”, the ranking framework could just as easily userfiabels such as “most productive”,
“somewhat productive”, “unproductive”. This could potiatily increase the performance of the
system.

With this work, we have successfully produced a proof-afieapt on a core subset of chem-
istry. This lays the framework for a many possible improvateeand enhancements to extend
the power and generality of the system. Obvious areas ftndurmprovement include radicals,
pericyclic reactions, and stereochemistry. For radicattiens, we can allow molecular orbitals
to be occupied with 0, 1, or 2 electrons and annotate theabripiteraction with the number of
electrons involved. For pericyclic reactions, we can altbe/filled and unfilled molecular orbitals
to chain such that they are connected, i.e., the final unfiletbcular orbital in a chain of unfilled
molecular orbitals is the filled molecular orbital. Stereemical control mechanics are already
handled for simple cases such SN2 reactions, and are eaglgrented for reactions involving
1T systems by augmenting the molecular orbital representatioth information to define a face
orientation. Features can be extended to account for steeetstry, for example, by augmenting
tree and path features with the proper stereochemicaldalded proposed, these extensions will
both increase both the number of reactions to consider atdreedimensionality. However, the
promising results on the core proof-of-concept indicatd these difficulties can be overcome.

There are a number of potential uses of our system. The rgrskistem could be used as a

pathway prediction program, in which we wish to discoverauplble mechanistic pathway from
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a set of reactants to products. Standard depth-first seardd be used with the ranking model
prioritizing reactions to explore at each stage. One colgld ase the ranking system to construct
virtual libraries; given a database of starting materials @ grid of reasonable reaction conditions
to use, rank the orbital interactions over all pairs of moles, retaining the top ranked one or two
products from each ranking. Of course, the system would beuseful validating retro-synthetic
proposals. Not only could the system tell whether the preggsmthway is reasonable, the flexible
ranking results could be used to flag unintended side reectind otherwise troublesome reactions
in the synthesis.

Reaction prediction is a fundamental problem that has bgwnsively studied with expert
systems. However, a fresh approach is needed. The coréoreawbdel and ranking formula-
tion provides a framework to such a new approach, allowirgutilization of computing power
and machine learning to abstract chemical reactivity kedgé from data in an automatic fash-
ion. Furthermore, we present an initial machine learnirigskt, an implementation using neural
networks, a web interface to the system, and promisingtseswle hope that this work leads to a
resurgence of interest in the problem of reaction prediaiod an open environment for the further

release of chemical reactivity data.
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Appendix A - Orbital Interaction Algorithm

Algorithm 1 Orbital interaction algorithm. Describes a recursive athon move electrons from
a filled MO f to an unfilled MOu, therefore physically altering the reactants and yieldimg
product of the reaction. The algorithm consists of updatireg~or mal Char ge on atoms and
BondOr der between on bonds denoted by a pair of atomsBohdOr der of O between two
atoms denotes no bond.
procedure ORBINTER(f = (as,tf,Nns,Cs), U= (ay,ty, Ny,Cy)) > Move electrons fronf tou
if ty € {0, i} then
For mal Char ge(ns) < For mal Char ge(n¢)+1
For mal Char ge(as) < For mal Char ge(as) — 1
BondOr der (af,ns) < BondOr der (af,ns) — 1
if cf # 0then
u «— (n¢,p,0,0)
O bl nt er (ct,U)
end if
end if
if u#0 then
For mal Char ge(as) < For mal Char ge(as)+1
For mal Char ge(a,) < For mal Char ge(a,) — 1
BondOr der (af,a,) < BondOr der (af,ay) +1
if tye {o*, m} then
For mal Char ge(a,) < For mal Char ge(ay) +1
For mal Char ge(n,) < For mal Char ge(n,) —1
BondOr der (ay,ny) < BondOr der (ay,ny) — 1
if cy# 0then
f' — (ny,n,0,0)
O bl nter (f',c,)
end if
end if
end if
end procedure
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