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gmented volcano plots for
homogeneous catalysis†

Matthew D. Wodrich, ‡a Alberto Fabrizio,‡ac Benjamin Meyerac

and Clemence Corminboeuf *abc

Given the computational resources available today, data-driven approaches can propel the next leap

forward in catalyst design. Using a data-driven inspired workflow consisting of data generation, statistical

analysis, and dimensionality reduction algorithms we explore trends surrounding the thermodynamics of

a model hydroformylation reaction catalyzed by group 9 metals bearing phosphine ligands. Specifically,

we introduce “augmented volcano plots” as a means to easily visualize the similarity of each catalyst's

complete catalytic cycle energy profile to that of a hypothetical ideal reference profile without relying

upon linear scaling relationships. In addition to quickly identifying catalysts that most closely match the

ideal thermodynamic catalytic cycle energy profile, these maps also enable a more refined comparison

of closely lying species in standard volcano plots. For the reaction studied here, they inherently uncover

the presence of multiple sets of scaling relationships differentiated by metal type, where iridium catalysts

follow distinct relationships from cobalt/rhodium catalysts and have profiles that more closely match the

ideal thermodynamic profile. Reconstituted molecular volcano plots confirm the findings of the

augmented volcanoes by showing that hydroformylation thermodynamics are governed by two distinct

volcano shapes, one for iridium catalysts and a second for cobalt/rhodium species.
Introduction

Identifying and exploiting relationships between molecular
structure, reactivity, and other experimental observables has
long been a central pillar of chemical research.1–3 Some of the
earliest and most celebrated examples, including the Brønsted
catalysis equation,4 the Hammett equation,5 and the Bells–
Evans–Polanyi principle6,7 are built upon simple, yet highly
predictive, linear scaling relationships. Despite their uncom-
plicated construct, such relationships are oen surprisingly
robust and continue to nd widespread use in, for example,
understanding and predicting the behavior and activity of both
heterogeneous8–12 and homogeneous13–15 catalysts. Oen, this
task is accomplished using volcano plots,16–19 which exploit the
inherent linear relationships between the free energies of
intermediates and transition states present in the catalytic cycle
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to discriminate active from non-active catalysts. In 2015 our
research group demonstrated that the concept volcano plots,
a cornerstone of computational research in heterogeneous and
electrocatalysis, also provided a means to rationalize and predict
the behavior of homogeneous species.13 Since that time, we have
rened and honed these “molecular volcano plots” for various
applications relevant to homogeneous catalysis,20 including
inclusion of kinetic information,21 developing unied pictures of
classes of reactions,22,23 direct prediction of theoretical turnover
frequencies,24 estimations of reaction regioselectivity,25 and
coupling these tools with machine-learning (ML).26–28

Traditionally, volcano plots predict the energetics associated
with a catalyst by linking the value of an easily determined
descriptor variable (such as the relative free energy of one of the
catalytic cycle intermediates) with the relative free energies of
other intermediates and transition states through linear scaling
relationships. The general volcano shape emerges by post-
processing these relationships to establish the most difficult
thermodynamic or kinetic reaction step (that appears on the
volcano's y-axis) as a function of the value of descriptor variable
(that appears on the x-axis). Prospective catalysts can then
rapidly be analyzed by computing this descriptor variable,
which returns an estimate of the largest energetic barrier that
must be overcome in the catalytic cycle when placed onto the
volcano plot. By denition, both the accuracy of the energetic
predictions and the rationalization of chemical behavior is
predicated on the existence of unambiguous linear scaling
This journal is © The Royal Society of Chemistry 2020
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Scheme 2 Catalytic cycle depicting key intermediates for olefin
hydroformylation by a transition metal catalyst.
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relationships that govern the energetics of the catalytic cycle.
Oen, these relationships are established by determining
a complete energetic picture of the catalytic cycle for a small
number of catalysts, frequently on the order of 10–50 species.
Aer identifying a suitable descriptor variable, the corre-
sponding energetic data for each individual catalytic cycle
intermediate/transition state is “t” to a single linear scaling
relationship. Normally, this procedure provides linear scaling
relationships of sufficient accuracy to distinguish energetically
“good” from “bad” catalysts and pinpoint the fundamental
chemical elements leading to more active species. Obviously,
there is an inherent risk in assuming that relationships drawn
from a small number of data points (i.e., catalysts) will continue
to be valid for a much larger and more chemical diverse set of
catalysts that will be subjected to screening. To this point, error
analysis related to linear scaling relationships and its ultimate
inuence on catalysis prediction and screening continues to be
an active research eld.29–33

An alternative approach to predicting catalytic behavior that
moves beyond linear scaling relationships would be to directly
compute the complete catalytic cycles of all prospective cata-
lysts. A volcano plot facsimile could then be established by
directly plotting the (explicitly computed) energetically most
costly catalytic cycle step for each catalyst as a function of
a descriptor variable. These “reconstituted volcano plots” would
not rely on any predened linear scaling relationships and,
particularly when coupled with larger data sets, may lead to an
alternative, more rened, understanding of catalytic cycle
energetics that would be entirely missed by using linear scaling
relationships and volcano plots constructed in the typical
fashion. While this process obviously is more computationally
burdensome, it could exploit recent ML-based workows to
increase the speed at which new data can be acquired.

Here, we invoke a big-data inspired workow (Scheme 1),
which involves the generation of signicant amounts of data
through density functional computations and supervised ML.
This data is subsequently subjected to statistical analysis and
dimensionality reduction algorithms to create similarity maps.
Specically, we introduce and demonstrate the utility of a novel
tool, the “augmented volcano plot”, that displays a one-
dimensional similarity measure of the entire catalytic cycle
free energy prole relative to a hypothetical ideal prole on the
y-axis against the value of a descriptor variable on the x-axis.
Note that these plots are a subcategory of a broader tool which
we term energy prole similarity (EPSim) maps, where the
Scheme 1 Big-data inspired workflow used to analyze the hydroformyla

This journal is © The Royal Society of Chemistry 2020
overall shape resembles that of a conventional volcano
curve.34,35 Ultimately, we come full circle by utilizing the results
drawn from unsupervised learning to reexamine molecular
volcano plots. These tasks are accomplished by studying
a prototypical homogeneous catalytic reaction, olen hydro-
formylation, an industrially important reaction that produces
millions of tons of aldehydes per year.36 Overall, our augmented
volcanoes visually demonstrate that the most similar proles
are oen dominated by the same potential determining step,
while also providing a more rened and holistic analysis of the
catalytic cycle energetic similarities of related species. Addi-
tionally, they differentiate the thermodynamics of iridium as
being distinct from cobalt and rhodium catalysts. In turn, this
led to the discovery of two separate volcano curves, one for
tion reaction.

Chem. Sci., 2020, 11, 12070–12080 | 12071
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iridium catalysts and a second for cobalt/rhodium species that
govern hydroformylation reaction thermodynamics. While this
work focuses solely on the thermodynamic aspects of the cata-
lytic cycle, the workow and tools utilized would be equally
valid when including kinetic aspects.
Results and discussion
Reaction details and free energy proles

During hydroformylation an olen reacts with H2 and CO to
form an aldehyde (eqn (1)). Historically, group 9 metals were
found to be excellent catalysts for this reaction, as rst shown by
Heck and Breslow with cobalt,37 and later with rhodium phos-
phine complexes as demonstrated by Wilkinson and
coworkers,38,39 as well as iridium by Benzoni et al.40 Indeed,
today numerous other transition metals have been shown to
capably facilitate this reaction.41 For group 9 catalysts, the
proposed catalytic cycle proceeds through a series of six
Scheme 3 Ligand structure and “R” groups used to construct the phosph
data set (23–28).

12072 | Chem. Sci., 2020, 11, 12070–12080
intermediates (I2–I7), as illustrated in Scheme 2. Here, we use
ethylene as a model olen, which eliminates any issues
surrounding the formation of different regioisomers.

(1)

We began by constructing an initial data set consisting of
1510 catalysts formed from combinations of three group 9
metal centers (Co, Rh, Ir) and two identical monodentate
phosphine ligands created by combining 23 “R” groups
(Scheme 3, 0–22) in a –P(R1)(R2)(R2) fashion. Each catalytic cycle
intermediate (I2–17) was then computed for each of the metal/
ligand combinations, which yielded the complete catalytic cycle
thermodynamics for the 1510 catalysts. To supplement this
data, a kernel based ML model was trained (see Computational
details for additional information) to predict the catalytic cycle
ine ligands comprising the initial data set (0–22) and the out-of-sample

This journal is © The Royal Society of Chemistry 2020
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thermodynamics of an additional 491 catalysts (an exemplary
number that could be increased) [the “out-of-sample” (OOS)
data set consisting of using “R” groups 23–28 as the R1

component and 0–28 as the R2 component of –P(R1)(R2)(R2)].
Following training, this model was capable of predicting the
relative free energies of catalytic cycle intermediates I3–I7
directly from the optimized geometry of I2 with a mean average
error of under 3.5 kcal mol�1.

While examining the individual thermodynamic free energy
proles of over 2000 catalysts is clearly impractical, Fig. 1
provides an overview of the magnitude to which various metal/
phosphine combinations inuence the relative free energies of
each of the catalytic cycle intermediates. Here, the reactant (I2)
and product energies are dened from the overall reaction free
energy of eqn (1) (zero for the reactant, �30.74 for the product),
while each of the other intermediates has a large range of free
energies (2s values indicated by the vertical colors bars, whole
range shown in the inset distribution plots). Interestingly,
reaction steps that involve binding of a new molecule, speci-
cally I3 (olen binding), I5 (CO binding), and I7 (H2 binding)
each have relative free energies that span a larger range than
those reaction steps that involve only a structural rearrange-
ment of existing components. Intuitively, one may consider that
the larger span may arise from the greater inuence of steric
interactions in I3, I5 and I7, as each of these intermediates has
either a ve- (trigonal bipyramidal) or six-coordinate (octahe-
dral) metal environment. Indeed, both intermediates I4 and I6
where the metal is in a four-coordinate environment with the
Fig. 1 Overview of the free energy profiles of the catalysts in the origina
horizontal colored bars represent the average value (relative to I2) for e
colored bars show 2s values (i.e., �97% of catalysts fall within this range
each intermediate (I3–I7). Note that both I2 (0.0 kcal mol�1) and the pr
represent the reactants and products of the catalytic process that are go

This journal is © The Royal Society of Chemistry 2020
various ligand/substrates arranged in a square planar environ-
ment possess narrow distributions. However, a more detailed
examination (vide infra) reveals that the electronic inuence
caused by the metal center also play a large role in dictating the
stability of the catalytic cycle intermediates (particularly I3, I5
and I7) seen in Fig. 1.

Breaking the relative energy distributions for each interme-
diate down based on the catalyst's metal center (Fig. 2) provides
a more detailed picture of which reaction steps of the catalytic
cycle may be the most difficult.42 For instance, Fig. 2a and
b shows that intermediate I3 is quite stabilized with respect to
I2 for cobalt and iridium species and less for rhodium catalysts,
while intermediate I4 is roughly equally stable for all species. As
a result, I3 / I4 will be thermodynamically costly for many
cobalt and iridium catalysts, while being facile for rhodium
species. Similarly, I5 / I6 is expected to a thermodynamically
costly step for cobalt catalysts based on the fact that interme-
diate I5 is very stable (Fig. 2d). Finally, the clear separation of
distributions based on metal type for intermediate I7 (Fig. 2e)
indicates that I6 / I7 will be energetically costly for a large
number of rhodium catalysts while the same reaction step will
be facile for iridium species.

Dimensionality reduction and similarity maps

Fig. 1 and 2 allow us to compare the relative similarity of each
catalytic cycle intermediate independently, but do not provide
a measure of similarity regarding the entirety of the catalytic
energy prole. To overcome this drawback, we created t-
l (DFT data) and out-of-sample (machine-learned data) data sets. The
ach catalytic cycle intermediate over both data sets while the vertical
of relative free energies). The insets show the distribution of values for
oduct (�30.74 kcal mol�1) have fixed numeric values, as these points
verned by the energy associated with eqn (1).

Chem. Sci., 2020, 11, 12070–12080 | 12073



Fig. 2 Distributions of DG values of intermediates (a) I3, (b) I4, (c) I5, (d) I6, and (e) I7 classified by metal center of the catalyst. DG values are
relative to DG(I2).
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distributed stochastic neighbor embedding (t-SNE) maps,
which is a dimensionality reduction technique that measures
how closely the free energy proles of the catalysts align in
multi-dimensional space. Here, the t-SNE maps depict the ve-
dimensional space associated with the thermodynamic free
energy prole (one dimension for each of the intermediate free
energies I3–I7), but the same tool could describe equally well
a kinetic free energy prole that includes intermediates and
transition states. Two points that are close to one another on the
t-SNE map, indicate similar free energy proles in ve-
dimensional space. By coloring the t-SNE maps in different
ways, various patterns emerge that relate catalyst makeup with
the associated catalytic cycle energetics.

Fig. 3a shows a t-SNE map with each of the catalysts colored
based on a key element of the catalytic cycle and molecular
volcano plots (the quantity generally displayed on the y-axis), the
potential determining step (pds), as dened by eqn (2). The pds
Fig. 3 t-Distributed stochastic neighbor embedding (t-SNE) maps that d
intermediates (I3–I7) for the set of 2001 catalysts (1510 from the initial s
obtained from machine-learning predictions) colored by (a) the potentia
reaction energies of each step can be found in the ESI, Fig. S1.†

12074 | Chem. Sci., 2020, 11, 12070–12080
represents the most energetically costly thermodynamic step of
the catalytic cycle (i.e., the step that ismost energetically uphill, or
least downhill if all reaction steps are exergonic). Since the
hydroformylation of ethylene is exergonic an “ideal” catalyst will
have a thermodynamic prole consisting of a series of equally
exergonic steps before arriving at the products (i.e., the Sabatier
ideal prole, see ESI Fig. S2† and ref. 13 for a detailed explana-
tion). In reality, this ideal picture is rarely the case, as inevitable
certain catalytic cycle intermediates will be overly stable, while
others will be less stable. The coloring of Fig. 3a allows us to
quickly visualize those catalysts having similar proles that
encounter their largest thermodynamic barriers in the same
place of the catalytic cycle (i.e., those having the same pds).

DG(pds) ¼ max[DG(2 / 3), DG(3 / 4),

DG(4 / 5), DG(5 / 6), DG(6 / 7), DG(7 / 2)] (2)
epict overall similarity of the relative energies of the five catalytic cycle
et obtained from DFT computations and 491 from out-of-sample set
l determining step and (b) type of metal atom. Similar maps using the

This journal is © The Royal Society of Chemistry 2020
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Fig. 3a shows a considerable amount of clustering based on
the nature of the pds. Here, it can quickly be seen that
a majority of catalysts having similar proles (i.e., lying close to
each other in the plot) share the same pds and are thermody-
namically controlled, specically, by one of three key reaction
steps that vary the most, H2 addition and splitting (I6 / I7,
gray), olen addition (I2/ I3, dark blue), and H-transfer and s-
complex formation (I3 / I4, orange). Each other reaction step:
CO addition (I5 / I6, red), H-transfer and product release
(I7 / I2, light blue) and particularly CO insertion into the
metal–alkyl bond (I4/ I5, green) are characterized by a smaller
number of scattered points in the map, indicating that they do
not inuence the prole similarity signicantly. These reaction
steps, at least for group 9 metal/phosphine catalysts play
a diminished role in the overall thermodynamic picture of the
catalytic cycle because they tend to be characterized by overall
exergonic free energies (see Fig. 1). The Fig. 3a t-SNE map is
complemented by t-SNEmap shown in Fig. 3b, where individual
points are colored according to the metal center of the catalyst
(Co in purple, Rh in dark orange, Ir in blue green).

It is remarkable, albeit perhaps expected to see three well
separated clusters in Fig. 3b that indicates the prole similari-
ties are essentially dictated by the metal center. The most
contiguous cluster of a single color (corresponding to a single
pds) found in Fig. 3a (upper right of map) consists of rhodium
catalysts (Fig. 3b) whose thermodynamics are governed by H2

addition/splitting (I6/ I7). The fact that I6/ I7 is the pds for
nearly all rhodium species is consistent with the instability of I7
for rhodium seen in Fig. 2e. In contrast, both the cobalt (lower
right) and iridium (lower le) clusters in Fig. 3b indicate
a greater variety of potential determining steps are present
(multiple colors for the same points in the Fig. 3a plot). Despite
the greater pds variety for cobalt and iridium, the thermody-
namics of a majority of these catalysts are governed by H-
transfer and formation of the s-bound alkyl complex from the
p-olen complex (I3 / I4, orange). For cobalt, there is also
a spattering of catalysts that are governed either by H2 addition/
splitting (I6/ I7) or by CO insertion into the metal–alkyl bond
(I5 / I6). For iridium, a handful of catalysts also have olen
addition (I2/ I3) as the most thermodynamically difficult step.
Notably, CO addition (I4 / I5) and H-transfer/product release
(I7 / I2) appear as thermodynamically limiting step only for
a very small number of catalysts, which is consistent with the
average overall energies for these steps being exergonic, as
shown in Fig. 1.
Energetic prole similarity maps and augmented volcano
plots

This brings us to a conceptually novel and powerful analytical
tool that is related to the t-SNE maps shown in Fig. 3. In ener-
getic prole similarity (EPSim) maps, we utilize an analogous
dimensionality reduction concept that measures the similarity
of the catalytic cycle energetic prole to a suitable reference on
one axis (rather than in two axes as in the t-SNE maps) while
imposing a physical meaning onto the second axis. An intuitive
This journal is © The Royal Society of Chemistry 2020
choice for the physically meaningful axis is the value of
a descriptor variable used in molecular volcano plots, which
gauges the strength of catalyst/substrate interactions present
during the catalytic cycle. The y-axis is then used to measure the
similarity of the catalytic cycle energetic prole to a reference
species. Rather than choosing an actual catalyst (e.g., the cata-
lyst found highest on the volcano plot), Sabatier's hypothetical
ideal catalyst concept (see ESI Fig. S2†) can be employed as
a reference species to which all “real” catalysts can be
compared. By analyzing the similarity of each catalyst with this
hypothetical ideal free energy prole, catalysts having the best
thermodynamic proles can quickly be identied and, ulti-
mately, a better understanding of the underlying chemical
process that govern the catalytic cycle energetics for different
species extracted. While the unmistakable volcano shape seen
here (vide infra) highlights a clear connection with molecular
volcano plots, conceptually, these EPSim maps possess several
intriguing novelties. First, EPSim maps do not rely on the
existence of linear scaling relationships within the catalytic
cycle energetics. As a result, these maps can be constructed for
any catalytic process and used to readily identify species with
the best thermodynamic prole (which will appear highest on
the plot) by comparison with the Sabatier ideal reaction prole.
Second, molecular volcano plots summarize the energetics of
the catalytic cycle in terms of a single reaction step, the pds.
However, more than one reaction step may contribute to overall
catalytic activity. EPSim maps, where all of the energies of the
catalytic cycle are explicitly considered, provide a more
complete and accurate picture of a catalyst's thermodynamics
(or kinetics). In particular, a catalyst appearing higher on the
plot than another catalyst necessarily has a better overall
prole, as the reaction steps are, globally, more similar to the
ideal reference species (i.e., the Sabatier ideal prole). In
traditional molecular volcano plots, there is no information
included to differentiate two points lying close to one another in
either the horizontal or vertical axis. In such cases, any reaction
step other than the pds could negatively affect the global
energetics of the catalyst, yet remain hidden (since the y-axis
only provides the value of the pds). Thus, EPSim maps can be
considered as an instrument both for obtaining a big picture
type analysis of a large number of catalysts and for achieving
rened comparison of candidates lying closely in conventional
volcano plots.

Fig. 4 shows the EPSim maps for the hydroformylation
reaction, where DG(I5) is used as the descriptor variable
(x-axis)21 and similarity to the Sabatier ideal reference prole43 is
illustrated on the y-axis. The most noticeable feature of the two
EPSim maps is their striking visual similarity to volcano plots,
a feature that arises in spite of the fact that no explicit infor-
mation regarding any linear scaling relationships were used
during their creation. Thus, in this instance, the EPSim maps
shown in Fig. 4 are part of a subcategory of EPSim maps which
we call “augmented volcano plots”,34,35 which differ from
traditional molecular volcanoes in both the nature of the y-axis
and the manner in which they are constructed.

Despite the distinct nature of the augmented volcano plot,
Fig. 4a clearly shows that the chemistry of these specic
Chem. Sci., 2020, 11, 12070–12080 | 12075



Fig. 4 Energetic profile similarity (EPSim) maps that depict the overall similarity of the relative energies of the six reaction steps of the catalytic
cycle (I2/ I3, I3/ I4, I4/ I5, I5/ I6, I6/ I7, I7/ I2) as a function of the descriptor variable [DG(I5)] for the set of 2001 catalysts (1510 from
the initial set obtained from DFT computations and 491 from out-of-sample set obtained frommachine-learning predictions) colored by (a) the
potential determining step and (b) type of metal atom. Note that the x-axis corresponds to the descriptor variable that would be used in
a molecular volcano plot, while the y-axis depicts the similarity of the catalytic cycle energetic profiles relative to the Sabatier ideal profile
(determined by determining the overall reaction energy by the number of steps in the catalytic cycle, depicted by a black star in the plots).
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catalysts remains strongly linked to the underlying scaling
relationships, as catalysts falling to the le and the right of the
Sabatier ideal catalyst (i.e., the reference from which the simi-
larity of the catalytic cycle of all other points is judged, shown in
black) are clearly grouped based on their pds. This fact provides
a strong indication that the pds is the key factor in the “simi-
larity”measurement (indicated by changes in the value of the y-
axis) that distinguishes the catalytic cycle energetics of different
species. A closer examination of the plots shows that for cata-
lysts with larger descriptor variables (i.e., those lying more right
on the plot), that the pds is always associated with a molecular
addition step (I2 / I3, I4 / I5, I6 / I7), while species with
more exergonic descriptor variables (i.e., those lying more le of
the plot) are governed by a structural rearrangement step
involving a reduction in coordination number of the metal
(I3 / I4, I5 / I6, I7 / I2). The presence of the different
reaction steps to the le/right of the reference catalyst (black
point) on the augmented volcano plots align closely with the
location of the scaling relationships for the same reaction steps
seen in our previous work.21 The fact that multiple potential
determining steps appear on right/le sides of the reference
catalyst in Fig. 4a (rather than a single pds for more positive and
more negative descriptor values, as would be the case in
a volcano plot) arises from the normal small deviations of
individual species from the linear scaling relationships that are
used to create volcano plots. Note that in the absence of any
linear scaling relationships the EPSimmaps would appear as an
unordered cluster of points (and thus would no longer be
considered to be augmented volcano plots), however those
catalysts with the best energetic proles would still be easily
identiable owing to their higher positions on the plot.

Fig. 4b shows the same augmented volcano as Fig. 4a, but
now colored according to the catalyst's metal center. Here, clear
denition between the behavior of the different metals appears.
Most notably, iridium species are slightly set apart from cobalt/
rhodium species and are located higher on the plot, indicating
that iridium catalysts more closely match the ideal reference
thermodynamic prole based on the similarity criterion.44 Even
for catalysts with an ideal descriptor value (i.e., those with the
12076 | Chem. Sci., 2020, 11, 12070–12080
same x-axis value as the black point), cobalt and rhodium
catalysts show larger deviations than iridium catalysts from the
ideal reference. A comparison of Fig. 4a and b reveals that
rhodium catalysts tend to have more trouble binding the
molecular components (i.e., CO/H2/olen) required to complete
the catalytic cycle, while cobalt has problems in traversing the
reaction steps that require a structural rearrangement leading
to a reduction in coordination number. Iridium is well-
balanced, lying between rhodium and cobalt.
Reconstitution of molecular volcano plots

Generally, molecular volcano plots are formed from linear
scaling relationships. In these plots, the x-axis is oen taken as
the stability of one intermediate present in the catalytic cycle
(i.e., the descriptor variable) while the y-axis depicts the energy
of the most difficult reaction step (i.e., the potential deter-
mining step) as a function of the value of the descriptor. Thus,
the volcano is oen divided into different regions based on
which reaction step is the pds. However, by directly plotting the
pds as a function of the descriptor variable a reconstituted
molecular volcano that does not explicitly depend on any
underlying linear scaling relationships can be obtained. Fig. 5a
shows the resulting volcano plot analogue, which has been
colored by the potential determining step for each catalyst. As in
the augmented volcano plot (Fig. 4a), one of the rst things that
emerges is the unmistakable presence of linear scaling rela-
tionships that dictate the energies associated with the pds (i.e.,
catalysts with the same pds have a linear relationship between
the value of descriptor variable and the quantitative value of the
pds). Importantly, it is also clear that the vast majority of cata-
lysts are governed by one of three key catalytic cycle reaction
steps mentioned earlier: olen addition (I2/ I3, dark blue), H-
transfer and s-complex formation (I3 / I4, orange), and H2

addition/splitting (I6/ I7, gray). Drawing best t lines through
those points having the same pds (see ESI Fig. S4† for correla-
tions) reveals that the eqn (1) hydroformylation reaction is not
governed by a single volcano, as would be expected, but alter-
natively by two volcanoes (Fig. 5b). A closer examination reveals
This journal is © The Royal Society of Chemistry 2020



Fig. 5 Volcano plots for the set of 2001 catalysts (1510 from the initial set obtained from DFT computations and 491 from out-of-sample set
obtained from machine-learning predictions) colored by (a and b) potential determining step or (c and d) metal center. Fig. 4b shows the
existence of two different volcanoes with different peaks within the data set. Coloring by type of metal center (c and d) shows that Co and Rh
catalysts follow one set of scaling relationships that have the best thermodynamic profiles near peak 2, while Ir catalysts follow a different set of
relationships that have their best thermodynamic profiles near peak 1.
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that while the le side of both volcanoes is governed by H-
transfer and s-complex formation (I3 / I4), the right side of
each volcano is governed by the free energy associated with
a different reaction step, either olen addition (I2 / I3) for
catalysts that follow the taller volcano (peak 1) or H2 addition/
splitting (I6 / I7) for catalysts belonging to the shorter
volcano (peak 2).

To distinguish which catalyst belongs to each of the two
volcanoes, we recolored the same data points based on the
catalyst's metal center (Fig. 5c and d), which conrmed that the
constituent metal is the key factor that differentiates which
volcano dictates the energetics of the catalytic cycle. Fig. 5
indicates that the shorter volcano (Fig. 5c) denes the thermo-
dynamics for cobalt and rhodium catalysts, while the taller
volcano (Fig. 5d) dictates the thermodynamics of iridium cata-
lysts. Importantly, these ndings provide the rationale behind
the separate clustering of iridium from cobalt/rhodium cata-
lysts in the t-SNE (Fig. 3b) and the enhanced similarity of
iridium catalysts with the Sabatier ideal prole seen in the
augmented volcano plot (Fig. 4b). The Fig. 5c and d thermody-
namic plots show that cobalt and iridium catalysts lie at the top
of their respective volcanoes, indicating that they have the best
free energy proles. On the other hand, experimentally
employed rhodium catalysts fall along the right slope of the
Fig. 5c volcano indicative of (generally) slightly worse thermo-
dynamic (but not necessarily kinetic) proles. Fig. 5d volcano
This journal is © The Royal Society of Chemistry 2020
indicates iridium catalysts generally have superior energy
thermodynamic proles relative to cobalt and rhodium
catalysts.

An examination of the underlying scaling relationships (see
ESI† for additional details) reveals the origin of the two separate
volcano peaks. In essence, intermediate I7 is far more stable for
iridium catalysts than for its cobalt and rhodium counterparts.
This enhanced stability causes moving from I6 to I7 to be facile
for iridium species, while it remains energetically costly for
cobalt and rhodium catalysts. As a result, the I6 / I7 reaction
seen in gray in Fig. 5b is shied upwards for iridium catalysts
and is no longer a pds for the iridium volcano plot (see ESI
Fig. S3†). This nding is fully consistent with experimental
observations regarding the generally enhanced stability of
iridium catalysts used in hydroformylation,45–47 as well as
additional ancillary evidence regarding the isolation of acyl
dihydro iridium intermediates48,49 (i.e., I7) during the same
process. It has been postulated that this extra stability arises
from relativistic effects that stabilize the 6s electron level rela-
tive to the 5d level thereby inducing stronger bonding in third
row relative to second row transition metals.50

Overall, it is important to reinforce the discovery of two
volcanoes that dictate the thermodynamics of a single reaction
would almost surely be missed if only a sparse amount of data
were to be analyzed. In fact, using only a handful of catalysts
with each metal center to establish volcano plots most likely
Chem. Sci., 2020, 11, 12070–12080 | 12077
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would yield a hybrid of the two volcanoes, thereby furnishing
a poorer quantitative picture of the catalytic cycle energetics and
leading to a befuddled understanding of the underlying
chemistry. Generally speaking, the incorporation of larger data
sets, the removal of data tting to preconceived models, and the
application of concepts from big data analytics provides an
alternative route to comprehending and predicting catalytic
behavior. The systematic use of these techniques, especially
augmented volcano plots/EPSim maps, provide an ameliorated
route toward understanding and rationalizing catalytic cycle
energetics that should lead to the development of novel strate-
gies for designing more active and selective catalysts. Impor-
tantly, the general concept of EPSim maps/augmented volcano
plots described here would be equally valid for studies involving
a smaller number of data points (i.e., catalysts) as well as for
examining heterogeneous and electrocatalytic processes.

Conclusions

In conclusion, we have introduced a novel conceptual tool, the
augmented volcano plot/energetic prole similarity (EPSim)
map, which compares the similarity of the entirely of a catalytic
cycle energy prole for a large number of catalysts to that of an
ideal reference species. These augmented volcano plots, similar
in spirit to molecular volcanoes, are capable of identifying
catalysts with the best energy proles and recovering informa-
tion regarding the existence of any linear scaling relationships.
Importantly, the broader category of EPSim maps can also be
used to identify the best catalysts even in the absence of linear
scaling relationships while also discerning the most energeti-
cally superior catalyst among closely clustered species in
conventional volcano plots. Application of the EPSim maps/
augmented volcano plots to a model industrially important
hydroformylation reaction indicates that iridium catalysts have
reaction proles that more closely match the ideal reference
prole than cobalt/rhodium catalysts. A reexamination of
a molecular volcano plot variant showed iridium catalysts are
governed by a separate volcano curve than cobalt and rhodium
species. Overall, the application of well-established tools, such
as the volcano plot, in tandem with newly developed tech-
niques, such as augmented volcano plots applied to larger data
sets can reveal hidden trends that govern the underlying
chemistry.

Computational details
Generation of dimensionality reduction and energy similarity
maps

The energy prole of each catalyst considered here spans either
a ve-dimensional (if the relative stability of intermediates I3–I7
are being considered) or a six-dimensional space (if the reaction
energies between intermediates are being considered), where
either the relative stability of each intermediate [i.e., DG(I3)] or
each reaction energy [i.e., DG(I2 / I3)] represents one coordi-
nate axis. Nonlinear dimensionality reduction algorithms, such
as t-distributed stochastic neighbor embedding (t-SNE),51 facil-
itate the visualization and the identication of similarity
12078 | Chem. Sci., 2020, 11, 12070–12080
patterns within the catalyst pool by embedding the six-
dimensional data in a low-dimensional space. To obtain the
two-dimensional t-SNE maps presented in this work (Fig. 3), we
apply the t-SNE algorithm as implemented in the scikit-learn
package,52 xing the perplexity value at 50 and the maximum
number of iteration for the minimization of the Kullback–Lei-
bler divergence53 at 5000. While t-SNE provides a powerful tool
to analyze the relationship between different catalysts, chemical
patterns and trends can be only established qualitatively as the
two axes of the map lack a well-dened physical meaning. The
energy prole similarity (EPSim) maps dene a two-
dimensional space where each potential catalyst is repre-
sented by a chemically and physically meaningful quantity on
the x-axis (e.g., the volcano plot descriptor variable) and a simi-
larity measure between its reaction energy prole and the
Sabatier's ideal on the y-axis. To obtain these maps, we rst
collect the reaction energies of each catalyst into a set of vectors,
which is then standardized and compared to the Sabatier's ideal
using the Euclidean norm of their difference as a metric. The
nal vertical axis is obtained by subtracting the normalized
Euclidean distances to the unity. In this way, the catalysts with
the closest energy prole to the Sabatier's ideal appear intui-
tively at the top of the map. A python code to compute the
EPSim maps, as well as a practical example taken from this
work, is available for download at https://github.com/lcmd-ep/
EPSim. All data can be found on the Materials Cloud website at
DOI: 10.24435/materialscloud:s0-yx.

Density functional computations

The initial data set of catalysts were formed from combinations
of three group 9 metals (Co, Rh, Ir) along with 23 different “R”
groups that were appended in a R1/R2/R2 fashion (0–22, see
Scheme 2) to form each of the two monodentate phosphine
ligands. Initial sets of Cartesian coordinates were obtained by
converting SMILES strings54 for each catalyst into a three-
dimensional structure using OpenBabel.55 Examination of the
geometries created by invoking this procedure revealed that
some structures contained overlapping “R” groups, which were
corrected via manual manipulation of the structures. For some
species, one of the ligands dissociated entirely from their metal
center and these catalysts were removed from the data set. This
procedure yielded a total of 1510 catalysts for which each of the
catalytic cycle intermediates (I2–I7, Scheme 2) was optimized at
PBE0 (ref. 56 and 57)-D3(BJ)58,59/def2-SVP60 level in
Gaussian16.61 Subsequent single point optimizations were
performed on the optimized gas phase geometries at the PBE0-
D3(BJ)/def-TZVP level using the SMD solvation model for
benzene. Free energy corrections (using the def2-SVP basis set)
were determined using the rigid-rotor harmonic oscillator
model62 as implemented in the GoodVibes program.63

Training of the machine-learning models and out-of-sample
predictions

Themachine-learning models were trained and employed using
the QMLCode64 quantum machine learning toolkit. Training of
the ML models used the initial database of catalysts (Scheme 2)
This journal is © The Royal Society of Chemistry 2020
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in order to predict the relative free energies of each of the
catalytic cycle intermediates. This was accomplished by
mapping these relative energies directly onto the molecular
structure of I2 through use of a molecular representation. Three
molecular representations were tested [the Coulomb Matrix
(CM),65 the Bag of Bonds (BoB),66 and the Spectrum of London
and Axilrod–Teller–Muto potential (SLATM)67] of which SLATM
was found to yield the best results (see ESI† for detailed quan-
titative description of the results as well as the training proce-
dure), consistently yielding errors smaller than 3 kcal mol�1 for
the test set (ESI, Fig. S5†). Having shown that the MLmodels are
capable of predicting to relative free energies of each of the
catalytic cycle intermediates to an accuracy near or surpassing
3 kcal mol�1, we established the accuracy of out-of-sample
(OOS) predictions for the 491 catalysts in OOS dataset. Our
model yielded a mean average error of 2.99 (I3), 3.27 (I4), 3.13
(I5), 3.44 (I6), and 2.83 kcal mol�1 (I7) for the predictions of the
relative free energies, which establishes it is a viable tool for
predicting the catalytic cycle free energies of new group 9 metal/
phosphine catalysts for the hydroformylation reaction (eqn (1)).
These free energy proles were then used to supplement the
initial 1510 catalysts in Fig. 3–5. Thus, the total data set used
here consists of 1510 catalytic cycles derived from DFT
computations and 491 catalytic cycles derived from machine-
learned proles.
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