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ABSTRACT: The selective conversion of methane to methanol
remains a major challenge in catalysis, and no earth-abundant
homogeneous catalyst has been demonstrated to carry out this
transformation with high turnover. To explore previously synthe-
sized complexes that might be amenable for this transformation,
we start from macrocyclic ligands from experimental structures in
the Cambridge Structural Database. After expanding this set of
ligands with Hammett-tuning functionalization, we construct a
design space of 21.9 million Mn and Fe catalysts. We employ active
learning using neural network surrogate models with quantified
uncertainty to efficiently identify catalysts with optimal methane-
to-methanol turnover. We do this by jointly optimizing density
3365
functional theory (DFT)-computed hydrogen atom transfer
/​68907016/​cs-2026-03365s.​pdf by gu
(HAT) and methyl radical rebound energetics. Square planar tetraaza-based macrocycles in combination with low-spin Fe(II) or
Mn(II) emerge as a privileged class of transition metal complexes within the Pareto-optimal set, with Mn(II) catalysts exhibiting bal-
anced energetic tradeoffs of the two steps. In contrast, porphyrin catalysts exhibit favorable HAT but unfavorable rebound, and seesaw
catalysts, which are not widely employed, are indeed the least favorable in our set. Full reaction coordinate analysis of representative
Pareto-optimal catalysts reveals that HAT and rebound thermodynamics no longer govern turnover, which is instead determined by
the stability of the metal−oxo intermediate and the rebound kinetic barrier. Nonetheless, the resulting energetic spans for these cat-
alysts remain competitive with known earth-abundant, methane-to-methanol catalysts, underscoring the effectiveness of active learning
for discovering previously unexplored, synthetically accessible catalysts and unraveling catalyst design principles for methane-to-
methanol reactivity.
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1. INTRODUCTION abundant metal centers can selectively activate strong C−H
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The selective direct conversion of methane to methanol
remains a long-standing challenge in catalysis.1,2 Effective cata-
lyst design requires facile activation of methane while maintain-
ing methanol selectivity and avoiding overoxidation.3−5 Despite
these challenges, heterogeneous methane-to-methanol catalysis6

has been advanced by the identification of late-transition metal
active sites7−16 and, in some cases, even earth-abundant Fe
and Cu sites incorporated within zeolites or on oxide supports
that mediate C−H activation via highly reactive metal−oxo
intermediates.17−23 For homogeneous catalysis in contrast, Pt-
based systems pioneered by Periana24 and Shilov25 are the only
well-established examples for converting methane to methanol,
and no earth-abundant homogeneous catalysts have been
reported. Iron-dependent enzymes such as P450, TauD, and
methane monooxygenase (MMO) demonstrate that earth-
bonds,26 inspiring efforts to develop synthetic earth-abundant
homogeneous catalysts. However, despite the synthesis of
numerous bioinspired Fe-based complexes26−30 capable of
forming the reactive Fe-oxo intermediate, such as Fe-
TAML,31,32 Fe(N4Py),33 and Fe(bpy),34 which demonstrate
efficient C−H activation of larger aliphatic substrates, methane
activation remains elusive.
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Figure 1. Radical rebound mechanism for the conversion of methane
to methanol. Starting from the resting state (1) with the transition
metal center (Mn or Fe) at an oxidation state of n = II/III, the cycle
proceeds clockwise to form the metal−oxo species (2) from N2O,
the metal−hydroxo species (3) via HAT from methane, and the
methanol-bound species (4) through methyl radical rebound. All cata-
lysts contain a tetradentate ligand (L1) and a monodentate ligand (L2).
The red arrows in the catalytic cycle correspond to the steps we opti-
mize simultaneously in this work. Atom color codes: N in blue, O in
red, C in gray, and H in white. In the case of seesaw ligands (not
shown), L2 is not necessarily in an axial position but will be cis to the
majority of the tetradentate ligand.
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The challenges for the design of novel, earth-abundant tran-
sition metal complexes for methane-to-methanol catalysis moti-
vate the exploration of a vast chemical space. Nevertheless,
synthesizing and validating each candidate, as well as isolating
and characterizing the fleeting metal−oxo intermediates,35−38

poses an insurmountable challenge. First-principles calculations
with density functional theory (DFT) are essential to accelerate
this exploration39,40 by identifying promising active site
motifs,41−44 assessing the feasibility of metal-oxo formation
and C−H activation,45−48 and elucidating the influence of spin
state,49−51 multistate reactivity,52,53 and metal coordination
motifs54,55 on catalytic performance. However, screening cata-
lysts at the scale of thousands of compounds, even with DFT
calculations, can become costly, especially when simulating
open-shell transition metal complexes.56,57 Scaling relations,
such as Brønsted−Evans−Polanyi (BEP) relationships58−61

and linear free-energy relationships (LFERs),62−65 that draw
correlations between catalyst thermodynamics and kinetics66−73

enable faster estimation of catalytic performance by reducing
the number of required DFT calculations. However, these
scaling relations break down when applied to diverse chemical
spaces,42 including catalysts with different metals, oxidation or
spin states,42,45,46 varied metal-local structures,47,60,74 or non-
covalent interactions.55,75 Thus, it is critical to assess the validity
of scaling relations within the chemical space under study
before relying on them to guide catalyst design.

Nonlinear machine learning (ML) methods provide a prom-
ising alternative for navigating extensive catalyst design spaces76

by directly predicting their reactivity descriptors, such as
reaction energetics,45,77,78 redox and ionization potentials,79−81

and frontier orbital energies,82 from their chemical composi-
tions. These models bypass the limitations of linear scaling
relations and can be applied to thousands of candidates, dramat-
ically accelerating the evaluation of potential catalysts compared
with first-principles calculations. However, developing reliable
ML models to predict reactive properties across diverse catalyst
chemistries requires broad sampling of chemical space,83 which
in turn demands large, high-quality labeled datasets that are par-
ticularly costly to generate for open-shell transition metal
complexes.39,84 Moreover, conventional strategies for generating
training data often rely on random sampling, treating all
points in a design space as equally informative. When labeling
requires expensive DFT calculations, this approach can waste
computational resources on redundant or low-information
candidates.85−88

The inefficiency of random sampling over large design spaces
can be addressed with active learning,89−92 a data-efficient strat-
egy for building accurate models that adaptively selects candi-
dates,93 balancing exploration of high-uncertainty regions94,95

with the identification of Pareto-optimal candidates guided
by domain-specific objectives. For methane-to-methanol con-
version, optimal catalytic performance arises from balancing
multiple energetic trade-offs along the reaction coordinate,96

motivating a multi-objective global Bayesian optimization
(MOGBO)97−100 framework that simultaneously considers
competing reaction energetics. Prior work from our group
employed this strategy, targeting the joint optimization of
hydrogen atom transfer (HAT) and methanol release energetics
in the radical rebound mechanism over an extensive design
space of mononuclear transition metal complexes containing
hypothetically assembled macrocyclic ligands to identify prom-
ising earth-abundant methane-to-methanol catalysts.96 While
B

this prior work successfully identified novel hypothetical
catalysts, there remains a need to explore experimentally-
grounded catalysts to propose synthetically realizable improve-
ments in overall methane-to-methanol turnover.
In this work, we construct a design space of approximately

21.9 million synthetically accessible five-coordinate Mn and Fe
transition metal complexes featuring a tetradentate macrocyclic
ligand and a monodentate ligand. We demonstrate that an
active learning-driven exploration of this space enables the iden-
tification of novel Mn and Fe catalysts that exhibit more bal-
anced reaction energetics along the methane-to-methanol
catalytic cycle, resulting in improved turnover. From these lead
candidates, we extract key design principles that modulate ther-
modynamics and kinetics along the reaction coordinate. These
include factors such as coordination environment, spin state,
Hammett substituents, and reaction conditions. Together, they
guide the optimal design of earth-abundant methane-to-
methanol catalysts.

2. REACTION MECHANISM

We investigate the reaction energetics for the radical
rebound101 mechanism of methane-to-methanol conversion
over mononuclear Mn and Fe transition metal complexes
(TMCs) in +2 and +3 oxidation states in the resting state.
Starting from the five-coordinate resting state structure (1),
the catalyst undergoes two-electron oxidation by N2O, which
serves as a stoichiometric oxygen donor with established exper-
imental precedent in alkane oxidation,102−104 to form a high-
valent terminal metal−oxo species (2) (Figure 1). If other
oxidants (e.g., triplet O2 or H2O2) were instead employed, this
would correspond to a rigid shift of reaction energies and
would not affect relative energetics (Supporting Information
https://doi.org/10.1021/acscatal.6c03365
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Figure 2. Workflow for constructing the TMC design space used in
active learning. Tetradentate ligands are first curated from crystallized
TMCs in the CSD and filtered to retain metal-free, charge-assignable
ligands that are unique within two metal coordination geometries (see-
saw and square planar). These filtered ligands are then combined with
monodentate aryl ligands, and when combined with variations in metal
identity, oxidation state, and spin state, they generate an initial design
space that is subsequently expanded through functionalization to yield
a complete design space of 21.9 million TMCs.
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Table S1). We compute the metal−oxo formation energy,
ΔE(oxo), as:

ΔEðoxoÞ= Eð2Þ+ EðN2Þ− Eð1Þ− EðN2OÞ

The resulting M(IV/V)=O species is highly active and facil-
itates HAT from methane, yielding a M(III/IV)-OH intermedi-
ate (3) and a methyl radical (Figure 1). The HAT reaction
energy, ΔE(HAT), is given by:

ΔEðHATÞ=Eð3Þ+ Eð·CH3Þ− Eð2Þ− EðCH4Þ

Following HAT, the methyl radical recombines with the
M(III/IV)-OH intermediate in the radical rebound step to form
the methanol-bound intermediate (4) thereby returning the
metal center to its initial M(II/III) oxidation state. The rebound
energy, ΔE(rebound), is given by:

ΔEðreboundÞ= Eð4Þ−Eð3Þ− Eð·CH3Þ

Finally, methanol dissociates from the catalyst, restoring the
original resting state structure (1) (Figure 1). The methanol
release energy, ΔE(release), is computed as:

ΔEðreleaseÞ= Eð1Þ+ EðCH3OHÞ−Eð4Þ

Each catalyst is evaluated in up to three spin states, low-spin
(LS), intermediate-spin (IS), and high-spin (HS), for a given
metal/oxidation state combination. For each selected spin state,
we require that it remains valid and conserved across all radical
rebound intermediates in the catalytic cycle. Accordingly,
Mn(II) and Fe(III) catalysts are studied only in LS doublet
and IS quartet states. For similar reasons, Mn(III) catalysts
are studied only as LS singlet and IS triplet, while Fe(II) cata-
lysts are studied in LS singlet, IS triplet, and HS quintet states.
The metal−oxo and methanol-bound intermediates have identi-
cal spin states as the resting state. During the HAT step, we
assume ferromagnetic coupling with the transferred hydrogen
atom (α-radical transfer) and antiferromagnetic coupling with
the resulting ·CH3 radical, following prior work.

46 This coupling
scheme leads to an increase of one unit in the spin state of the
metal−hydroxo intermediate relative to other species, but the
total spin of the system remains conserved (Supporting
Information, Table S2).

For each catalyst, we perform DFT calculations on all four
intermediates and compute all corresponding reaction energies.
However, for catalyst optimization, we only simultaneously tar-
get the HAT (ΔE(HAT)) and methyl radical rebound (ΔE
(rebound)) reaction energies, as detailed next.

3. DESIGN SPACE AND OPTIMIZATION APPROACH

We constructed an expansive catalyst design space of 21.9 mil-
lion square pyramidal TMCs by pairing experimentally charac-
terized tetradentate macrocyclic ligands with coordinating
monodentate ligands (Figure 2). The monodentate ligands cor-
respond to eight ligands selected from prior work48,96 that com-
prise a benzene ring bearing a donor substituent from the set of
amine, amide, hydroxyl, hydroxide, phosphine, phosphide, thiol,
or thiolate groups, coordinating to the metal through nitrogen,
phosphorus, oxygen, or sulfur atoms. The benzene ring for the
monodentate ligand was chosen to maximize the Hammett-
C

tuning effects by substituents in the para position as discussed
later. The tetradentate macrocyclic ligands were extracted from
the Cambridge Structural Database (CSD)105 by querying all
mononuclear TMCs with well-resolved crystal structures and
retaining those containing tetradentate ligands. For each
resulting complex, we removed all atoms except the metal
center and its tetradentate ligand and computed the corre-
sponding Weisfeiler−Lehman graph hash106 as implemented
in NetworkX,107 which serves as a unique connectivity-based
identifier. This enabled the retention of unique metal−ligand
combinations (Supporting Information, Table S3). We assigned
ligand geometry based on the relative positions of the two
remaining coordination sites in an idealized octahedral geome-
try. When the two sites were cis to each other, the ligand was
assigned seesaw geometry, while if the two sites were trans to
each other, the ligand was assigned a square planar geometry.
This procedure yielded 14,084 unique tetradentate macrocyclic
https://doi.org/10.1021/acscatal.6c03365
ACS Catal. XXXX, XXX, XXX–XXX

https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
http://pubs.acs.org/acscatalysis?ref=pdf
https://doi.org/10.1021/acscatal.6c03365


ACS Catalysis pubs.acs.org/acscatalysis Research Article

D
ow

nloaded from
 pubs.​acs.​org/​accacs/​article-pdf/​doi/​10.​1021/​acscatal.​6c03365/​68907016/​cs-2026-03365s.​pdf by guest on 26 O

ctober 2026
ligands (5,098 seesaw, 8,986 square planar, Figure 2 and
Supporting Information, Table S3).

From this set of tetradentate macrocycles, we first removed
any ligands identical to hypothetical macrocycles const-
ructed in prior work,96 as determined by comparison of
Weisfeiler−Lehman graph hashes computed only on the ligand
(Supporting Information, Table S3). Next, we eliminated
ligands containing metal atoms, as well as duplicate entries
within each geometry class as determined by their graph hashes.
Finally, we excluded ligands for which a net molecular charge
could not be reliably assigned by the iterative charge scheme
utilized in our recently developed dataset.108 These filtering
steps yielded a final set of 7,908 unique tetradentate macrocy-
clic ligands of which 2,735 were seesaw and 5,173 were square
planar (Figure 2 and Supporting Information, Table S3).
Combining these macrocyclic ligands with the eight aromatic
neutral and anionic monodentate ligands and nine distinct
metal/oxidation/spin-state combinations (see Section 2), we
obtained an initial design space comprising 569,376 square
pyramidal TMCs (Figure 2). This design space was further
expanded by introducing ten Hammett-type substituents on
either the tetradentate or the monodentate ligand of a given
TMC. Where applicable, we functionalized all equivalent car-
bon atoms in each aromatic ring, as well as across identical aro-
matic rings within the same ligand. For tetradentate ligands,
functionalization was limited to those containing a heuristic cut-
off of eight or fewer aromatic rings (Supporting Information,
Figure S1). This resulted in a final space of 21.9 million
TMCs (Figure 2).

To identify high-performing candidates within this large
design space, we target complexes with relatively flat methane-
to-methanol reaction energy landscapes that promote high cat-
alytic turnover. We employ MOGBO97−100 to optimize key
methane-to-methanol thermodynamic parameters towards this
goal. We use the expected hypervolume improvement (EHVI)
acquisition function100,109 to prioritize simultaneous improve-
ments to the Pareto front across multiple objectives. Our opti-
mization focuses exclusively on thermodynamic parameters,
due to their compatibility with high-throughput screening. We
aim to minimize the HAT energy, ΔE(HAT). Lowering this
energy helps identify catalysts with greater potential to activate
the strong C−H bonds in methane. We also minimize the abso-
lute methyl radical rebound energy, |ΔE(rebound)|, to favor
thermoneutral rebound. This avoids creating a thermodynamic
sink at the methanol-bound intermediate and to ensure metha-
nol release remains favorable. Jointly optimizing ΔE(HAT) and
|ΔE(rebound)| appears to capture the dominant thermody-
namic tradeoffs across the overall landscape, as evidenced by
the Pareto front for other objective spaces (Supporting
Information, Figure S2).

To guide candidate selection, we require surrogate models
that output Gaussian predictive distributions for both target
properties in the unexplored design space, enabling the evalua-
tion of the 2D-EHVI acquisition function. We use two indepen-
dent artificial neural networks (ANNs) as our surrogate models
to predict the mean values of the two targets using ligand-
centered revised autocorrelations (RACs) together with six
additional whole-complex descriptors, based on the superior
performance of these models over probabilistic alternatives such
as Gaussian process regression (GPR) models on the initial
dataset (see Section 6b and Supporting Information,
Figure S3). To estimate standard errors from our deterministic
D

ANNs, we apply the Laplace approximation,110−115 modeling
the weight posterior as a Gaussian around the learned weights,
with uncertainty derived from the loss curvature (Supporting
Information, Text S1 and Figure S4). Predictive uncertainties
are then obtained by propagating uncertainty on the weights
to the outputs116 followed by a post-hoc empirical calibration
to globally correct the uncertainty estimates (Supporting
Information, Texts S2 and S3).117 This framework provides effi-
cient uncertainty estimates without the cost of obtaining an
ensemble and yields more robust error bounds relative to
optimization-dependent alternatives, such as latent space dis-
tance methods, where the parameter estimation for converting
latent distances to uncertainty is sensitive to initialization
(Supporting Information, Text S3 and Figure S5).96,118

We initiate the active learning workflow by training the
ΔE(HAT) and ΔE(rebound) surrogate models on an initializa-
tion set from prior work (see Section 4a).96 At each active learn-
ing iteration, predictive means and Laplace-approximated
uncertainties for ΔE(HAT) and ΔE(rebound) are used to eval-
uate the 2D-EHVI across the design space, excluding candidates
with existing DFT-computed targets (Supporting Information,
Text S4). EHVI integrates over the full predictive distribution
of both objectives, explicitly incorporating both the predictive
means and the well-calibrated surrogate uncertainties rather
than ranking by predicted means alone, thereby balancing
exploitation of promising candidates against exploration of
high-uncertainty regions. From this, the top 10,000 candidates
with the highest 2D-EHVI values are identified, and k-medoids
clustering is applied to select 200 diverse candidates for subse-
quent DFT evaluation and surrogate model retraining in the
next generation.96 We performed four active learning genera-
tions (generations 1−4) on the initial design space (569,376
TMCs) and three subsequent generations (generations 5−7)
on the functionalized design space (21.9M TMCs, Supporting
Information, Table S4). In generation 2, a more stringent filter-
ing step based on Tanimoto similarity119,120 was applied to fur-
ther restrict the candidate pool in the initial design space
(Supporting Information, Text S5 and Figures S6 and S7).
4. RESULTS AND DISCUSSION

4a. Initial Design Space Exploration Outcomes

We first compare the initial catalyst design space explored in
this work to that from prior active learning studies,96 focusing
on the chemical diversity of the tetradentate ligands. In prior
work, macrocyclic ligands were constructed hypothetically from
common ligand fragments and were restricted to square planar
geometries. In this work, we instead obtain macrocyclic ligands
observed in experimentally crystallized TMCs in the CSD,105

encompassing both square planar and seesaw coordination
geometries. Comparison of the metal-local chemical structures
by evaluating the metal-agnostic tetradentate ligand substruc-
tures at a depth of two from the metal center reveals that the
five most common metal-coordinating environments in each
dataset have limited overlap, with the corresponding substruc-
ture frequencies differing markedly between the two spaces
(Figure 3). The current design space is dominated by five-
membered metallocyclic motifs and N4 metal coordination
environments, which comprise 32.1% of the tetradentate
ligands from the CSD, whereas these motifs are comparatively
infrequent in prior work (3.9%, Figure 3). In contrast,
https://doi.org/10.1021/acscatal.6c03365
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Figure 3. Relative frequency associated with the five most prevalent metal−tetradentate substructures at graph depth 2 from the metal center for
(top-left) tetradentate ligands curated from the CSD (A1−A5, red) shown alongside the corresponding substructure relative frequencies for ligands
from prior work (blue) and (top-right) tetradentate ligands from prior work (B1−B5, blue) shown alongside the corresponding substructure relative
frequencies for CSD-derived ligands (red). (bottom) Insets illustrating the five most prevalent metal−tetradentate substructures from each dataset
(A1−A5 and B1−B5). Atom color codes: dummy metal center in black, C in gray, N in blue, O in red, P in orange, S in yellow, and H in white.
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macrocyclic ligands in the prior work were generated from
exhaustive enumeration regardless of donor atom and thus fre-
quently contained donor sets such as, S4 (6.3%), O4 (6.3%), or
N2P2 (7.8%), which are rare among CSD-derived macrocyclic
ligands in this work (0.5%, 0.03%, and 1.2%, respectively,
Figure 3). Additionally, tetradentate ligands from our work
exhibit a broader range of net molecular charges, heavy atom
counts, and aromatic ring counts compared to prior work96

(Supporting Information, Figures S1 and S8). These differences
highlight the distinctions between hypothetical catalysts and
synthetically accessible complexes, and motivate a new multi-
objective search over catalysts comprised of ligands that have
been previously synthesized.

Despite differences in tetradentate ligand chemistry, the two
design spaces share key features that make prior reaction ener-
getics a reasonable basis for initializing our active learning cam-
paign. Both spaces contain square pyramidal mononuclear
TMCs with a tetradentate macrocyclic ligand and a
E

monodentate ligand, and the two sets share the same metal
identities, monodentate ligands, and oxidation/spin states. We
therefore began training of the surrogate ΔE(HAT) and
ΔE(rebound) ANN models using data from prior work.96

Specifically, unfunctionalized Mn and Fe TMCs from the first
four generations of the prior active learning campaign were
retained if they passed all geometric stability criteria, yielding
a curated set of 640 TMCs that were not part of our con-
structed TMC design space and were used solely to initialize
surrogate model training (initialization set; see Section 6a).
Starting from a design space of 569,376 unfunctionalized

TMCs, we initiated the active learning workflow by applying
the ANN models trained on our initialization set to predict
ΔE(HAT) and ΔE(rebound) values. We score all points
using 2D-EHVI and, from the top 10,000 candidates, we select
200 promising candidates for subsequent DFT evaluation from
k-medoids sampling. A high 2D-EHVI score is obtained for
highly uncertain and promising points that are likely to go
https://doi.org/10.1021/acscatal.6c03365
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the model becomes more certain and/or if points are predicted
to be less likely to pass the Pareto front. Active learning cycles
enable improvements in surrogate model performance in a
data-efficient manner while simultaneously identifying new
Pareto-optimal methane-to-methanol catalysts. To assess how
model accuracy evolves across active learning generations, we
track lookahead errors,94,96 which measure the ability of the
models trained on one generation to predict target reaction
energies for the next. Over four generations, we observe a six-
fold reduction in lookahead errors for ΔE(HAT) (from
34 kcal/mol to 6 kcal/mol) and a two-fold reduction in looka-
head errors for ΔE(rebound (from 18 kcal/mol to 8 kcal/
mol, Figure 4). Uncertainties for the lookahead predictions also
generally decrease alongside the lookahead errors, although the
uncertainty calibration is poor in generation 1. At generation 1,
the ΔE(HAT) model is overconfident while the ΔE(rebound)
model is conservative relative to the observed lookahead errors
(Supporting Information, Figure S9). Agreement between
predicted uncertainties and observed lookahead errors
improves in subsequent generations. However, because these
lookahead batches differ in composition, we also evaluated
uncertainty estimates on a fixed held-out test set. In our active
learning campaign, lookahead errors plateau beyond generation
3 (ca. 6 kcal/mol for ΔE(HAT) and ca. 9 kcal/mol for
Figure 4. (bottom-left) |ΔE(rebound)| vs ΔE(HAT) scatter plot (kcal/mol
ation 3 (green), and generation 4 (orange) of the active learning workflow. D
Pareto-optimal complexes identified across generations 1−4 are outlined in b
sentative Pareto-optimal complexes identified across generations 1−4. Atom c
in yellow, and H in white. (right) Lookahead mean absolute errors (kcal/mo
pendent surrogate ANN models across generations 1−4. As indicated in the
was trained, with errors evaluated on all subsequent generations.

F

ΔE(rebound)), with only minor fluctuations within 1 kcal/
mol in subsequent generations (Figure 4). At the same time
as errors improve, 2D-EHVI values decrease markedly with
successive generations, suggesting termination of the active
learning workflow after four cycles due to diminishing
returns in both model accuracy and Pareto front expansion
(Figure 4 and Supporting Information, Figures S10 and S11).
Interestingly, the models trained on the initialization set exhibit
higher lookahead errors on generation 1 than on subsequent
generations. This behavior arises because generation 1 intro-
duces previously unseen seesaw macrocyclic ligands in the
TMCs (i.e., absent from our initialization set curated from prior
work), pushing the model into less familiar chemical space
(Supporting Information, Table S5). By generation 2, more
new TMCs with square-planar macrocyclic ligands are intro-
duced, balancing errors across geometries and yielding lower
overall lookahead error.
We next evaluated how the Pareto front evolved with each active

learning generation. In evaluating the ΔE(HAT)−|ΔE(rebound)|
Pareto front, we exclude the initialization set because several
catalysts in the initialization set exhibit unrealistically favorable
|ΔE(rebound)| values (Supporting Information, Figure S12).
Examining the Pareto front evolution across generations 1
through 4, we find that successive active learning cycles expand
beyond the fronts of earlier generations, highlighting the
) showing TMCs from generation 1 (red), generation 2 (blue), gener-
ata points from each generation are enclosed by their convex hulls and
lack and connected by a black stair-step line. (top-left) Insets of repre-
olor codes: Fe in brown, Mn in purple, C in gray, N in blue, O in red, S
l) for (top) ΔE(HAT) and (bottom) ΔE(rebound) from the two inde-
inset legend, each bar is colored by the generation at which each ANN
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Figure 5. (top) |ΔE(rebound)| vs ΔE(HAT) scatter plot (kcal/mol)
showing all TMCs from generations 1−4 grouped by metal (Fe in cir-
cles, Mn in squares), colored by spin state (LS in red and IS in blue),
and shaded by oxidation state (M(II) solid and M(III) translucent).
Complexes whose resting state spin states are identical to the spin state
at which the reaction energetics were evaluated are outlined in black.
Complexes on the Pareto front and spin-consistent Pareto front are
connected by a black and an orange stair-step line, respectively. (bot-
tom) Insets of representative spin-consistent Pareto-optimal complexes
identified across generations 1−4. Atom color codes: Fe in brown, Mn
in purple, C in gray, N in blue, O in red, P in orange, S in yellow, and H
in white.

ACS Catalysis pubs.acs.org/acscatalysis Research Article

D
ow

nloaded from
 pubs.​acs.​org/​accacs/​article-pdf/​doi/​10.​1021/​acscatal.​6c03365/​68907016/​cs-2026-03365s.​pdf by guest on 26 O

ctober 2026
effectiveness of the workflow (Figure 4). Near-optimal
ΔE(HAT) energetics are still accessible within this experimen-
tally derived ligand space (Supporting Information,
Figure S12).

Consistent with the spin/oxidation states favored in prior
work,96 the final Pareto front over the unfunctionalized CSD
design space comprises five Fe(II) and five Mn(II) LS catalysts.
The Pareto-optimal Mn catalysts exhibit balanced
ΔE(HAT)−|ΔE(rebound)| tradeoffs relative to the Pareto-
optimal Fe catalysts, which primarily occupy HAT-favored
regions of the front. All catalysts share a common structural
motif involving a square-planar tetradentate ligand on the equa-
torial plane paired with a negatively charged monodentate
ligand (Figure 4 and Supporting Information, Figure S13 and
Table S6). While the LS state is not the resting ground spin
state for these complexes, it is readily accessible due to relatively
low spin-splitting energies (Supporting Information, Table S6).
The equatorial plane of the Pareto-optimal TMCs predomi-
nantly features N4 coordination, reflecting the composition of
the tetradentate ligand library curated from the CSD, while
the axial positions are consistently occupied by N- or O-donor
ligands (Figure 4 and Supporting Information, Figure S13).
Together, these ligands establish a weak-to-moderate overall
ligand field in the Pareto-optimal catalysts, consistent with them
having IS and HS ground states in the resting state (Supporting
Information, Table S6). Notably, 14-membered tetraaza ma-
crocycles, including functionalized derivatives bearing methyl
or hydroxyl groups, emerge as a privileged class in the Pareto-
optimal catalysts in both neutral and anionic forms
(Supporting Information, Figure S13 and Table S7). These
findings demonstrate that the active learning workflow recovers
established design principles observed in non-heme enzymes
and synthetic C−H activation catalysts,26 while simultaneously
identifying novel optimal catalysts for the conversion of meth-
ane to methanol. A review of manuscripts corresponding to
the CSD TMCs containing the tetradentate ligands in the
Pareto-optimal catalysts confirms that most of these scaffolds
have not been previously explored for catalysis. Rather, they
were primarily structurally characterized, and in some cases,
evaluated for their photochemical properties (Supporting
Information, Table S7).121−133

Given their prevalence in nature, we also assessed the per-
formance of porphyrin-moiety TMCs within our evaluated
design space, which have been widely explored for C−H
activation.134−136 Our dataset includes Fe and Mn complexes
bearing meso-substituted porphyrins (Supporting Information,
Figure S14). Within this subset, both Fe and Mn complexes
exhibit ΔE(HAT) values comparable to their respective
Pareto-optimal catalysts, indicating good propensity for C−H
activation. However, these same catalysts have |ΔE(rebound)|
values that are consistently higher by ca. 20 kcal/mol on average
with respect to the Pareto front (Supporting Information,
Figure S14).

Given that the catalysts on the Pareto front we identified
were not necessarily in their resting ground spin state, we
extended the Pareto front analysis by constructing a spin-
consistent Pareto front. To obtain this modified Pareto front,
we required that the spin state of the computed reaction ener-
getics be consistent with the TMC’s ground spin state in the
resting state. Imposing this constraint narrows the dataset to
120 of the 315 TMCs evaluated in generations 1−4, the major-
ity of which adopt the IS state in the resting state (99 IS state,
G

21 LS state, Figure 5). Under these conditions, the spin-
consistent Pareto front predominantly consists of LS Fe(II) cat-
alysts with only one LS Mn(II) catalyst (Figure 5 and
Supporting Information, Figure S15). Although N-donor
ligands remain prevalent, the spin-consistent Pareto-optimal
TMCs exhibit a higher frequency of stronger-field P- and S-
based donors across both equatorial and axial positions, consis-
tent with stabilization of LS ground states in the resting state
(Figure 5 and Supporting Information, Figure S15). Relative
to the original Pareto front, the spin-consistent Pareto front
generally exhibits ca. 10 kcal/mol higher |ΔE(rebound)| values
on average, while ΔE(HAT) values remain comparable. Several
IS Mn(III) complexes lie just above the spin-consistent front,
displaying only modest (ca. 5 kcal/mol on average) increases
in |ΔE(rebound)| and featuring weak-to-moderate N/O donor
environments in line with their IS resting ground states
(Supporting Information, Figure S16). Interestingly, these
Mn(III) TMCs adopt a seesaw tetradentate geometry,
suggesting that this coordination motif, while absent from both
https://doi.org/10.1021/acscatal.6c03365
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Figure 6. Workflow for constructing the functionalized TMC design
space, illustrating the installation of Hammett-type functional groups
ranging from electron-donating to electron-withdrawing substituents
on the CSD-derived tetradentate ligands and monodentate ligands,
followed by their combinatorial assembly with metal identity, oxidation
state, and spin state choices.
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Pareto fronts, can still support competitive reaction energetics
for Mn catalysts.

While HS Fe(II) catalysts are often pursued in synthetic
C−H activation catalysis due to their similarity to enzymatic
active sites,26,137−139 our active learning workflow consistently
favored LS Fe(II) catalysts. In the initialization set, HS Fe(II)
TMCs exhibited significantly less favorable target reaction
energetics than LS Fe(II), particularly for ΔE(HAT)
(ca. 25 kcal/mol less favorable on average) with
|ΔE(rebound)| disfavored by ca. 11 kcal/mol (Supporting
Information, Figure S17). Consequently, HS Fe(II) catalysts
were not sampled from our unfunctionalized catalyst design
space. Our workflow initially prioritized IS Fe(II) TMCs, before
converging towards LS and IS Fe and Mn TMCs at both oxida-
tion states in later generations (Supporting Information,
Table S8). Although HS Fe(II) species do not appear in gener-
ations 1−4, comparisons between LS and IS TMCs reveal that
LS species consistently occupy more favorable regions of the
ΔE(HAT)−|ΔE(rebound)| landscape across both metals and
oxidation states (Figure 5). The least favorable region of the
ΔE(HAT)−|ΔE(rebound)| landscape explored during our
optimization predominantly consists of IS Fe(II) catalysts,
which have ΔE(HAT) values that are substantially higher
than the LS counterparts (by ca. 27 kcal/mol on average,
Figure 5). These catalysts predominantly consist of seesaw tet-
radentate ligands with a relatively higher prevalence of S-donor
atoms appearing on both the equatorial and axial positions,
indicating that this combination constitutes a sub-optimal
design (Supporting Information, Figure S18). Collectively,
these trends highlight LS catalysts as readily accessible yet
underexamined, and energetically favorable compared to tradi-
tional higher-spin designs.

To assess how the Pareto-optimal catalysts perform beyond
the ΔE(HAT)−|ΔE(rebound)| optimization, we examined
trends in other key methane-to-methanol reaction energetics.
Metal−oxo formation energies are consistently favorable for
all Mn and Fe Pareto-optimal TMCs, with Mn catalysts display-
ing significantly more favorable ΔE(oxo) values than Fe (by ca.
40 kcal/mol on average), a trend that holds across the full data-
set and aligns with prior work (Supporting Information,
Table S6 and Figure S19).42,46 In contrast, Pareto-optimal
TMC release energies remain moderate (ca. 23 kcal/mol on
average) for both metals, despite the weak correlation between
ΔE(release) and ΔE(rebound) (Supporting Information,
Figure S20). These results indicate that optimizing for
ΔE(HAT) and |ΔE(rebound)| does not compromise thermo-
dynamic performance in other key steps of the radical rebound
catalytic cycle.

4b. Influence of TMC Functionalization on Reaction
Energetics

A common synthetic strategy to modulate catalyst reactivity is
through the introduction of functional groups on the ligands.
Toward that end, we investigated whether incorporating
Hammett-type substituents can further optimize target reaction
energetics and uncover new Pareto-optimal catalysts. We begin
with a targeted control study on two representative Mn and
Fe TMCs drawn from generations 1−4 to assess the sensitivity
of ΔE(HAT) and |ΔE(rebound)| to ligand functionalization
(Supporting Information, Figures S21 and S22). For each com-
plex, we independently functionalize the tetradentate and
monodentate ligands with ten Hammett-type substituents
H

spanning electron-donating (e.g., amino and methyl) to
electron-withdrawing groups (e.g., halogens, aldehyde, and
cyano) (Figure 6). Across these test systems, functionalization
yielded improvements of at most 3 kcal/mol in ΔE(HAT)
and 6 kal/mol in |ΔE(rebound)| (Supporting Information,
Figures S21 and S22). Although secondary electronic effects
obscure direct correlations between substituent properties and
reactivity, general trends are nevertheless apparent wherein
electron-withdrawing groups favorably shift ΔE(HAT) values
for both the Mn and Fe TMCs, while electron-donating groups
shift |ΔE(rebound)| favorably, particularly in the Mn TMCs
(Supporting Information, Figures S21 and S22). Applying these
maximal improvements in ΔE(HAT) and |ΔE(rebound)|
observed in these functionalized test systems to the generations
1−4 dataset would bring several dominated (i.e., not on the
Pareto front) TMCs within reach of the Pareto front,
https://doi.org/10.1021/acscatal.6c03365
ACS Catal. XXXX, XXX, XXX–XXX

https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acscatal.6c03365/suppl_file/cs6c03365_si_001.pdf
http://pubs.acs.org/acscatalysis?ref=pdf
https://doi.org/10.1021/acscatal.6c03365


ACS Catalysis pubs.acs.org/acscatalysis Research Article

D
ow

nloaded from
 pubs.​acs.​org/​accacs/​article-pdf/​doi/​10.​1021/​acscatal.​6c03365/​68907016/​cs-2026-03365s.​pdf by guest on 26 O

ctober 2026
corresponding to an approximately four-fold increase in poten-
tially accessible optimal catalyst designs (Supporting
Information, Figure S23).

Motivated by these findings, we systematically functional-
ized the initial TMC design space with the same set of
Hammett substituents. The final set of tetradentate ligands
used to construct the initial design space were functionalized
with each functional group at symmetry-equivalent aromatic
carbons and filtered for synthesizability using a heuristic syn-
thetic complexity score (SCScore) cutoff,140 yielding 217,486
functionalized variants (Figure 6 and Supporting
Information, Table S9 and Figure S24). Similarly, the mono-
dentate ligands from the initial design space were functional-
ized at the para position with each functional group,
resulting in 80 functionalized monodentate ligands, but these
were not screened for their SCScore (Figure 6). To keep the
effects of tetradentate and monodentate functionalization sep-
arable, functionalized tetradentate ligands were only paired
with unfunctionalized monodentate ligands, and vice versa,
and combined with nine metal/oxidation-/spin-state con-
figurations, producing 21,352,752 functionalized TMCs
(Figure 6). Including the original design space, the final design
space comprised 21,922,128 TMCs.

Another consideration is that our functionalization work-
flow may introduce functional groups at positions distant from
the metal center, such that the ligand-centered RACs up to
depth 4 in the original feature set may not fully capture the
influence of these functional groups (see Section 6b). To
address this, we augment the feature set with full-complex
RACs to better represent functional group effects
(Supporting Information, Table S10).79,141 Upon updating
the feature set, the ΔE(HAT) and ΔE(rebound) ANNs were
retrained with hyperparameter optimization on the initializa-
tion set and generations 1−4 using this augmented feature
set (Supporting Information, Table S11). While the retention
of invariant ligand-centered RACs in previous generations did
not affect model performance, they were removed here to
streamline the expanded feature set and retain only informa-
tive descriptors. The updated surrogate models for
ΔE(HAT) and ΔE(rebound) were then applied in three addi-
tional generations of active learning across the expanded
design space, including the new functionalized TMCs as well
as TMCs from the initial unfunctionalized design space with-
out DFT evaluations. Due to the nearly 40-fold increase in
design space, the top-2D-EHVI selection was increased to
100,000 candidates from previously 10,000, while continuing
to sample 200 cluster centers via k-medoids from these top
candidates for DFT evaluation. To check whether the final
surrogate models possess the physical resolution to capture
differences in energetics arising from functionalization, we
evaluate their predictions on representative Fe and Mn
TMCs from generation 3, along with their systematically
functionalized variants, which are unseen by the final models.
To test whether these differences are quantitatively mea-
ningful, we computed DFT ground truths for all functio-
nalized variants of the representative TMCs and compared
the functionalization-induced shifts, ΔΔE (Supporting
Information, Figure S25). Evaluation with DFT confirms
that functionalization perturbs both energetics by only a
few kcal/mol. The predicted and DFT-computed mean
ΔΔE agree to within 0.5−2.0 kcal/mol, and individual,
per-compound errors on ΔΔE of 1.8−3.6 kcal/mol are smaller
I

than the models’ absolute held-out test set errors (8.0 and
5.4 kcal/mol for ΔE(HAT) and ΔE(rebound), respectively)
because systematic errors largely cancel in the difference of
energies of functionalized derivatives. Consistent with the
DFT ground truth, the models also approximately recover the
functionalization trends discussed previously for ΔE(HAT) at
the extremes, with electron-withdrawing groups (e.g., −CF3)
having more favorable ΔE(HAT) than electron-donating
groups (e.g., −NH2) for Mn, where the DFT separation is the
largest. Nevertheless, the final models cannot reliably rank indi-
vidual functional groups for which DFT energetics differ by less
than the uncertainty in the DFT calculation (e.g., from differ-
ences in geometry optimization outcome). This is particularly
evident for ΔE(rebound), where the effects of functionalization
are predicted to lie close to each other (Supporting
Information, Figure S25). In future work, these DFT ground
truths could be used to retrospectively repeat Bayesian optimi-
zation within the functionalized variants of each representative
Fe and Mn TMC, assessing over many independent trials
whether model-guided selection consistently outperforms ran-
dom selection for the same number of candidates evaluated.
However, the current limitation on model accuracy does not
hinder the broad exploration of Bayesian optimization. As
described previously, the campaign requires only that functiona-
lization induces small shifts in energetics, which we confirm
here by DFT, rather than that the surrogates rank these shifts
a priori. The reported Pareto front comprises DFT-verified
complexes throughout.
Across these additional active learning generations, looka-

head errors continued to decrease for both ΔE(HAT) and
ΔE(rebound), from ca. 6 kcal/mol to 3 kcal/mol for
ΔE(HAT) and ca. 9 kcal/mol to 5 kcal/mol for ΔE(rebound)
from generation 4 to 7 with predicted uncertainties broadly
corresponding to the observed errors, consistent with progres-
sive improvement of the surrogate models (Supporting
Information, Figure S26 and Table S12). Evaluation on an
independent held-out test set of complexes drawn from the
expanded design space but never selected by 2D-EHVI also
showed improved predictive accuracy across successive
generations, with the ΔE(HAT) MAE decreasing from
ca. 12 kcal/mol to 8 kcal/mol and the ΔE(rebound) MAE
decreasing from ca. 18 kcal/mol to 5 kcal/mol (Supporting
Information, Figure S27 and Table S13).
Because the held-out set is fixed across generations, it also

enables a batch-independent assessment of uncertainty calibra-
tion. Normalized-residual analysis on this held-out test set
shows that predicted uncertainties for ΔE(rebound) remain
well behaved across generations (mean normalized residual ≈
0 and root-mean-square (RMS) normalized residual ≈ 1),
whereas ΔE(HAT) exhibits a persistent negative mean normal-
ized residual and RMS normalized residual greater than 1 that
is stable across generations. The concurrent held-out MAE
reductions reflect genuine gains in point-prediction accuracy
rather than drifting calibration, suggesting that 2D-EHVI-
guided active learning improves surrogate generalization across
the design space, despite challenges in uncertainty estimation
(Supporting Information, Figure S28 and Table S14).
Ligand functionalization strongly shapes the updated

Pareto front obtained after three active learning generations
on the expanded design space, with 11 of the 16 Pareto-
optimal TMCs containing functionalized ligands, highlighting
its effectiveness in enhancing ΔE(HAT)−|ΔE(rebound)|
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energetics (Figure 7). Notably, functionalization adds new
points to the Pareto front that improve the most favorable
ΔE(HAT) on the initial Pareto front by up to 2 kcal/mol. At
the same time, |ΔE(rebound)| decreases by ca. 5 kcal/mol on
average over a comparable ΔE(HAT) range (Supporting
Information, Figure S29). Examining the final Pareto-optimal
TMCs reveals that Fe(II) complexes predominantly feature
electron-withdrawing halogen substituents on ligands
occupying the equatorial plane (Figure 7 and Supporting
Information, Figure S30 and Table S15). Consistent with our
functionalization control study, these functional groups enhance
ΔE(HAT), and because Fe complexes already exhibit much
more favorable ΔE(HAT) than |ΔE(rebound)|, this functiona-
lization explains their presence on the updated Pareto front. In
contrast, Pareto-optimal Mn(II) TMCs feature Hammett sub-
stituents on both the equatorial and axial ligands, spanning
electron-donating (e.g., amino) to electron-withdrawing groups
(e.g., halogens, aldehyde, and cyano, Figure 7 and Supporting
Information, Figure S30 and Table S15). With Mn TMCs exhi-
biting more balanced trade-offs between ΔE(HAT) and
|ΔE(rebound)|, a broader variety of substituents can favorably
tune either reaction energy, as seen from the functionalization
Figure 7. (top) |ΔE(rebound)| vs ΔE(HAT) scatter plot (kcal/mol)
showing TMCs from generation 1−4 (gray), generation 5 (red), gen-
eration 6 (blue), and generation 7 (green) of the active learning work-
flow. Data points from each generation are enclosed by their convex
hulls and Pareto-optimal complexes identified across generations 1−7
are depicted as black-outlined squares and connected by a black stair-
step line. (bottom) Insets illustrating the metal−tetradentate substruc-
tures and monodentate ligands of representative functionalized Pareto-
optimal complexes, with the installed functional groups on either
ligand highlighted in orange. The green highlight on the monodentate
ligands corresponds to the metal-coordinating atoms. Atom color
codes: Fe in brown, Mn in purple, C in gray, N in blue, O in red, P
in orange, Cl in neon green, Br in dark brown, and H in white.
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control study, enabling comparatively easier access to Pareto-
optimal Mn TMCs.
On the updated Pareto front, functionalized Fe complexes

show an increased prevalence of O-coordination on the equato-
rial plane ligands relative to unfunctionalized Fe complexes
on the initial Pareto front, whereas Mn complexes remain pre-
dominantly N-coordinated, consistent with the unfunctiona-
lized active learning campaign (Figure 7 and Supporting
Information, Figure S30). Although the updated Pareto front
again exclusively comprises LS catalysts, four of the LS func-
tionalized TMCs (two Mn and two Fe) also exhibit LS ground
states in the resting state (Supporting Information, Table S15).
Nevertheless, the small spin splitting energies in these systems
indicate marginal LS stabilization, suggesting susceptibility to
spin crossover (SCO) to higher-spin states. Analogously,
TMCs on the updated front that do not have LS resting ground
states may also similarly access the LS state due to small spin
splitting energies.
We also revisited the spin-consistent Pareto front after all

active learning generations to assess its proximity to the final
Pareto front. The final spin-consistent Pareto front is domi-
nated (i.e., nine of eleven) by functionalized Mn(II) and
Fe(II) complexes in the LS state, and it has ΔE(HAT) values
comparable to the final Pareto front, as seen previously. On
the other hand, |ΔE(rebound)| values are only ca. 5 kcal/mol
higher on average, which is half of the upward shift
(ca. 10 kcal/mol) observed in the unfunctionalized case
(Supporting Information, Figures S31 and S32). This reduced
gap between the spin-consistent and final Pareto fronts indi-
cates that functionalization does not hinder access to favorable
spin state configurations in the resting state of the catalysts
while maintaining optimal target reaction energetics.

4c. Evaluation of Kinetic Trends in Pareto-Optimal Catalysts

We selected six representative catalysts from the final (i.e., not
necessarily spin-consistent) Pareto front (3, 6, 8, 9, 11, and
14) and computed their full methane-to-methanol reaction
coordinates with thermodynamic corrections (Supporting
Information, Figure S30). The catalysts were chosen to span
the ΔE(HAT)−|ΔE(rebound)| tradeoff and to have resting
state ground states that are either LS or are in low-lying alterna-
tive spin states above an LS ground state (Supporting
Information, Table S15). The resulting set comprises both
Mn(II) (9, 11, and 14) and Fe(II) (3, 6, and 8) centers and fea-
tures tetraaza-based macrocycles on the equatorial plane, except
for complex 3, which contains two O-donor atoms. The axial
ligands are negatively charged and feature P- (3 and 9), N-
(6, 8, and 11), or O-donor atoms (14). The selected Pareto-
optimal catalysts include both unfunctionalized systems (6
and 8) and complexes functionalized on the equatorial (Br on
3 and F on 9) and axial planes (Cl on 11 and SH on 14).
Due to thermodynamic accessibility of both the LS and IS states
for all selected complexes, we characterize their reaction coordi-
nates on both the LS and IS state surfaces (Figure 8 and
Supporting Information, Figure S33). We compute free energy
barriers for the metal−oxo formation, HAT, and methyl radical
rebound steps (see Section 6a). In general, the resulting
reaction coordinates reveal elementary-step thermodynamics
broadly consistent with earlier trends, with favorable oxo
formation across both metals along with metal-dependent
HAT−rebound tradeoffs. They also reveal that HAT and
rebound thermodynamics do not influence methane-to-
https://doi.org/10.1021/acscatal.6c03365
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Figure 8. Gibbs free energy landscapes in kcal/mol of representative
Pareto-optimal complexes (top) 8 and (bottom) 9 on the LS state
surface in red and the IS state surface in blue. All free energies are ref-
erenced with respect to the resting state (R) free energy in the LS state.
The catalyst structures are shown as insets. The cycle proceeds from
the reactants (R) to the products (P) though the N2O-bound interme-
diate (−ON2), the metal−oxo formation TS (TS1), the metal−oxo
intermediate (=O), the HAT TS (TS2), the metal−hydroxo interme-
diate (−OH), the radical rebound TS (TS3), and the methanol-bound
intermediate (CH3OH). The energetics spans, ΔG, for each catalyst
assuming spin crossover is allowed are shown as annotated insets.
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methanol free energy spans in these catalysts, consistent with
our optimization strategy. Consequently, turnover is instead
governed by steps left outside the optimization objectives: the
metal−oxo formation thermodynamics and rebound kinetics,
as discussed in detail next.

We first assess the extent to which the BEP relationships
hold for the selected Pareto-optimal catalysts. BEPs, which
relate activation barriers for elementary steps to readily com-
puted thermodynamic descriptors, are widely used to accelerate
catalyst discovery.47,48,58−61,96 Here, we examine the validity of
the BEPs on the electronic surface for the metal−oxo forma-
tion, HAT, and methyl radical rebound steps across both metal
identities and LS and IS states (Supporting Information,
Table S16 and Figure S34). For each step, electronic barriers
and reaction energies are referenced to the N2O-bound,
metal−oxo, and metal−hydroxo intermediates, respectively.
The BEP for the metal−oxo formation step holds moderately
(R2 = 0.78), reflecting structural variability in the oxo formation
transition state using N2O as the oxidant, particularly in the
N−N−O angle and N−O and metal−oxo bond lengths
(Supporting Information, Table S17). In contrast, we observe
a very strong BEP for HAT (R2 = 0.94) with a near-unity slope,
consistent with prior work61,96 and attributable to the highly
conserved nature of the HAT transition state geometries
K

(Supporting Information, Table S18). Notably, the rebound
step also exhibits a BEP of intermediate strength between these
two limits (R2 = 0.86), arising from the relatively high similarity
of methyl radical approach and binding motifs during the
rebound step (Supporting Information, Table S19). Thus, while
the dataset size is limited, catalyst screening for methane-to-
methanol across Mn and Fe systems primarily on thermody-
namic descriptors, as we have carried out in our optimization,
is well motivated across this set.
The free energy landscapes of the selected Pareto-optimal

catalysts reveal clear metal-dependent spin−reactivity trends.
For the Mn catalysts, both the LS and IS state surfaces remain
relevant along the entire reaction coordinate, with spin surface
energy differences lying within 5−10 kcal/mol for many inter-
mediates and transition states and none exceeding 16 kcal/
mol. In contrast, Fe catalysts largely retain energetically similar
LS and IS spin state catalytic surfaces, except during metal−oxo
formation where the IS metal−oxo becomes a thermodynamic
trap due to its strong stabilization relative to the LS metal−oxo
by ca. 27 kcal/mol for 3, 24 kcal/mol for 6, and 20 kcal/mol
for 8, respectively (Figure 8 and Supporting Information,
Figure S33). The pronounced stabilization of the metal−oxo
species in IS Fe catalysts results in unfavorable HAT energetics
that are penalized in our optimization, leading to their exclusion
from the Pareto front in favor of LS Fe catalysts. Evidenced by
the strong HAT BEP, the unfavorable HAT energetics for the
IS Fe catalysts translate to high HAT barriers (37 kcal/mol
for 3, 35 kcal/mol for 6, and 34 kcal/mol for 8) relative to LS
Fe catalysts (barrierless for 3, 4 kcal/mol for 6, and 8 kcal/mol
for 8). Notably, the barrierless HAT in the LS state observed
for complex 3, the sole system with an O-coordinating equato-
rial ligand in our selected Pareto-optimal complexes, is consis-
tent with prior work96 showing that electron-rich O-donors
promote very favorable HAT. In contrast, the Mn catalysts
studied have comparable HAT barriers at the LS and IS states
(19 vs 21 kcal/mol for 9, 21 vs 23 kcal/mol for 11, and 31 vs
21 kcal/mol for 14, Figure 8 and Supporting Information
Figure S33). Beyond HAT, the remaining elementary step
barriers display limited sensitivity to spin state for both metals.
Metal−oxo formation barriers for the evaluated Mn catalysts are
uniformly low across both spin states, spanning 1−12 kcal/mol,
with most barriers below 5 kcal/mol (e.g., LS and IS 9, IS 11,
and LS 14). The evaluated Fe catalysts show a broader range
of 3−31 kcal/mol for oxo formation barriers across both spin
states, with most barriers exceeding 15 kcal/mol (e.g., LS and
IS 3, LS 6, and IS 8). Rebound barriers differ by no more than
3.5 kcal/mol between LS and IS states for the Mn systems and
2.5 kcal/mol for the Fe systems we evaluated (Figure 8 and
Supporting Information, Figure S33).
Notably, rebound barriers in our Pareto-optimal catalysts are

uniformly high. For instance, Fe catalyst 8 has a rebound barrier
of 24 kcal/mol at both LS and IS while Mn catalyst 9 has
rebound barriers of 27 kcal/mol at LS and 30 kcal/mol at IS
(Figure 8). Even on the electronic PES (i.e., neglecting entropic
contributions), these barriers (11 kcal/mol for Fe catalyst 8 at
both LS and IS, 12 kcal/mol at LS and 16 kcal/mol at IS for
Mn catalyst 9) surpass those reported for Pareto-optimal cata-
lysts in prior studies, where rebound was barrierless or at most
4 kcal/mol for LS Fe(II) catalysts and 11 kcal/mol for an IS
Mn(II) catalyst (Supporting Information, Table S16).96 We
attribute this to increased steric congestion in the equatorial
ligand environments for our Pareto-optimal catalysts, for
https://doi.org/10.1021/acscatal.6c03365
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example from pendant hydrogen atoms that restrict methyl rad-
ical approach (Supporting Information, Figure S30). In contrast,
prior Pareto-optimal complexes featured less crowded equatorial
planes, allowing more facile rebound.96 Notably, Fe complex 3,
with a relatively less hindered equatorial plane, exhibits electronic
rebound barriers comparable to systems studied previously
(Supporting Information, Table S16). Inclusion of thermody-
namic corrections further raises the rebound barriers on the free
energy surface due to significant entropic penalties associated
with the constrained approach and binding of the methyl radical,
which are considerably larger for rebound (ca. 14 kcal/mol on
average) than for HAT (ca. 4 kcal/mol) or oxo formation (ca.
0.5 kcal/mol, Supporting Information, Table S20). We note that
the reported rebound free energy barriers were computed assum-
ing infinitely separated reactants under the conventional gas-
phase standard state (298 K, 1 bar). Since the methyl radical is
a transient intermediate whose effective concentration is expected
to be lower under methane-to-methanol catalytic conditions,
adopting lower radical concentrations would further increase
the reported rebound free energy barriers (Supporting
Information, Text S6).

To assess the catalytic efficiency of our selected Pareto-
optimal catalysts, we applied the energetic span model142 to
the computed methane-to-methanol reaction coordinates. This
allows us to identify how the optimization strategy reshapes
the turnover-determining states and to provide an indication
of the resulting approximate turnover frequencies (TOFs) for
the specific Mn and Fe complexes studied. For each catalyst,
energetic spans were evaluated on the LS and IS surfaces
individually, as well as along pathways permitting SCO between
these surfaces (Supporting Information, Table S21). For the
evaluated Mn complexes 9, 11, and 14, the turnover-
determining transition state (TDTS) is consistently the
rebound step, and the turnover-determining intermediate
(TDI) is the metal−oxo, reflecting their highly favorable oxo
formation energies. These rate-determining states remain
unchanged when SCO is allowed. In contrast, LS Fe complexes
exhibit variable rate-determining states, with either metal−oxo
(3 and 6) or rebound transition states (8) serving as the
TDTS and metal−hydroxo (8) or methanol-bound species (3
and 6) acting as the TDI. At IS, the stabilized metal−oxo exclu-
sively constitutes the TDI with the rebound transition state as
the TDTS for all complexes 3, 6, and 8, a pattern that persists
when SCO is considered. While the evaluated Mn catalysts
exhibit comparable energetic spans across LS and IS states that
are within 5 kcal/mol on average, Fe catalysts 3, 6, and 8 show
significantly lower spans at LS than IS (by ca. 13 kcal/mol on
average), reflecting the bias toward IS metal−oxo stabilization.
The strong stabilization of the IS metal−oxo in Fe catalysts con-
strains their reaction pathway through this state, making ener-
getic spans that account for SCO a more faithful measure of
their catalytic turnover. When SCO is considered, the Mn and
Fe catalysts we studied have comparable energetic spans, with
average values of ca. 33 kcal/mol for the Fe and 38 kcal/mol
for the Mn systems (Supporting Information, Table S21).

We note that the energetic spans reported here are systema-
tically higher than those reported in our prior studies on homo-
geneous48,96 and heterogeneous42 catalyst systems by ca.
10−15 kcal/mol, primarily because those prior energetic span
analyses did not account for rebound kinetics. By favoring
low-magnitude rebound energetics, our optimization also led
to Pareto-optimal catalysts with destabilized methanol-bound
L

intermediates, yielding thermoneutral rebound (e.g.,
ΔG(rebound) values of −12 and −1 kcal/mol for 8 and 9,
respectively on their ground state spin surfaces, Figure 8).
This destabilization arises primarily from steric crowding and
consequently exposes high rebound barriers that become turn-
over-determining, consistent with the observed rebound BEP.
When rebound barriers are excluded (21−29 kcal/mol) or
when entropic penalties are omitted (23−32 kcal/mol), the
resulting energetic spans fall within the ranges reported previ-
ously. This underscores that explicit treatment of rebound
kinetics on the free energy surface is essential for obtaining
more reliable insight on catalytic turnover (Supporting
Information, Tables S22 and S23). Beyond rebound kinetics,
metal−oxo formation, which was not included in the optimiza-
tion objective due to its anticipated high thermodynamic favor-
ability, also dictates the energetic span as the TDI. The oxo
formation step, however, is easily tunable through oxidant
choice (i.e., because the thermodynamics of oxo formation
includes a contribution from how good an oxo donor the oxi-
dant is and from the catalyst) and does not intrinsically limit
improvements in turnover. Notably, the energetic spans
obtained here are comparable to or better than those reported
for experimentally studied C−H activation catalysts for which
full DFT reaction coordinates are available (Supporting
Information, Table S24). In contrast, comparisons to catalysts
with TOFs derived purely from experiment show that the
experimentally measured TOFs are higher than our computed
TOF values, which likely reflects the influence of the reaction
environment and operating conditions (Supporting
Information, Table S24).
Taken together, our analysis suggests that catalytic turnover

could be further improved beyond the best-in-class designs by
tuning two key levers along the reaction coordinate. First,
metal−oxo formation thermodynamics can be tuned by selecting
oxidants that maintain downhill oxo formation while avoiding an
excessively favorable metal−oxo formation energy, raising the
TDI energy and reducing the energetic span. Second, rebound
kinetics can be improved through balanced steric tuning of the
equatorial ligand environment, which destabilizes the methanol-
bound intermediate while preserving an accessible pathway for
the methyl radical, enabling near-thermoneutral rebound without
prohibitive kinetic barriers. Achieving this likely requires the
design of novel macrocycles beyond current synthetically accessi-
ble ligands that break the kinetic-thermodynamic scaling at the
rebound step. With the EHVI acquisition function being agnostic
to the number of objectives, higher-dimensional thermodynamic
optimization that also includes oxo formation energetics or con-
straints based on computed or BEP-predicted kinetic barriers
could also aid future optimizations. Solvent effects may further
lower rebound barriers by mitigating the entropic penalty of
methyl radical capture,143,144 together helping to lower the
TDTS and improve overall energetic spans.

5. CONCLUSIONS

We employed multi-objective global Bayesian optimization to
explore a vast catalyst design space and discover novel
methane-to-methanol catalysts. The optimization targeted the
HAT and methyl radical rebound steps of the radical rebound
mechanism. This strategy was designed to promote facile
C−H activation alongside thermoneutral rebound, enabling flat-
ter methane-to-methanol reaction energy landscapes. We
https://doi.org/10.1021/acscatal.6c03365
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constructed an initial design space of over half a million synthet-
ically accessible square-pyramidal Mn and Fe mononuclear
complexes from tetradentate macrocyclic ligands obtained from
the CSD with aromatic monodentate ligands. We navigated this
design space using MOGBO with iteratively retrained ANN
surrogate models incorporating Laplace-approximated uncer-
tainty, efficiently identifying promising catalysts while progres-
sively improving surrogate model accuracy.

The Pareto front over the initial design space exclusively com-
prised LS Fe(II) and Mn(II) catalysts, with Mn(II) catalysts exhi-
biting more balanced ΔE(HAT)−|ΔE(rebound)| tradeoffs.
Tetraaza-based macrocycles emerged as a privileged equatorial
motif, paired with a negatively charged monodentate aromatic
axial ligand. Porphyrin catalysts in the evaluated space had com-
parable ΔE(HAT) values to the Pareto-optimal catalysts, as
expected, but their |ΔE(rebound)| values were considerably
higher. Expansion of the design space to 21.9 million catalysts
via Hammett-type functionalization, followed by additional active
learning generations confirmed that introducing substituents fur-
ther enhanced catalytic performance for both Mn and Fe cata-
lysts. Future work could test how efficiently active learning
selects among closely related functionalized variants compared
with random search and develop models that better capture the
small energetic differences introduced by functionalization.

Finally, we computed free energy landscapes for representa-
tive Mn and Fe Pareto-optimal catalysts on both LS and IS sur-
faces to assess catalytic turnover. Because of the optimization
strategy used to identify these catalysts, HAT and rebound ther-
modynamics no longer limited turnover, as expected. Instead,
turnover was consistently governed by metal−oxo formation
thermodynamics and rebound kinetics when spin crossover
was considered. Penalizing high-magnitude rebound energetics
during optimization favored sterically congested equatorial
environments that hindered methyl radical approach, making
rebound transition states turnover-determining. Nevertheless,
the resulting energetic spans were comparable across the Mn
and Fe systems studied and competitive with reported values
for other earth-abundant catalysts, indicating that our Pareto-
optimal candidates are already on par with the best experimen-
tally characterized catalysts. While the spans may be reduced by
tuning oxo formation thermodynamics through oxidant choice,
sterically crowded macrocyclic ligands derived from experimen-
tally realized TMCs remain limited in achieving low rebound
barriers while maintaining near-thermoneutral rebound. This
motivates the design of TMCs with novel macrocyclic ligands
that escape this thermodynamic-kinetic scaling at the rebound
step to further improve methane-to-methanol turnover.
6. COMPUTATIONAL DETAILS

6a. DFT Calculations

All gas-phase geometry optimizations and single-point energy cal-
culations were performed using DFT with a development version
of TeraChem v1.9.145,146 We employed the B3LYP147−149 global
hybrid functional with empirical D3 dispersion correction150

using Becke−Johnson damping.151 We used the LACVP* com-
posite basis set, comprising the LANL2DZ effective core poten-
tial152,153 for atoms heavier than Ar and a 6-31G* basis set154

for all lighter atoms. Solvent effects, zero-point energies, and
entropy corrections were omitted to enable computational scal-
ability, in accordance with prior work.46,48,96
M

Singlet calculations were treated using the spin-restricted for-
malism, whereas higher-spin states were computed with the unre-
stricted formalism. To aid self-consistent field (SCF)
convergence for open-shell systems, we applied a 0.25 Ha level
shift155 to both majority- and minority-spin virtual orbitals
(Supporting Information, Text S7). Geometry optimizations
used the translation-rotation internal coordinate (TRIC) opti-
mizer156 with the BFGS algorithm and default convergence cri-
teria of a maximum energy gradient of 4.5 × 10−4 Ha/bohr
and an energy difference threshold of 10−6 Ha between steps.
Catalyst structures were generated using a combination of tet-

radentate ligands extracted from mononuclear TMCs in the
CSD105 version 5.45 update 1 (March 2024), and monodentate
ligands from prior work.48,96 We positioned the reactive moiety
on the axial plane, such that square planar ligands exclusively
occupied the equatorial plane with the monodentate ligand
placed axially, while seesaw ligands had three donors on the equa-
torial plane and one on the axial plane, with the monodentate
ligand placed equatorially (see Section 3). Intermediates in the
catalytic cycle were generated sequentially, starting with the
metal−oxo species and subsequent intermediates were con-
structed only if the preceding structure’s geometry optimization
was successful. Initial metal−oxo geometries were generated
using custom scripts in molSimplify,157,158 starting from the
metal-tetradentate ligand substructures extracted from the
TMCs (see Section 3), with the metal replaced by Mn or Fe,
followed by adding one of eight monodentate ligands and placing
an oxo group at a predefined metal−oxo distance of 1.6 Å.
Following prior protocols46,96 metal-hydroxo initial geometries
were built by protonating the optimized metal−oxo structure,
and methanol-bound initial geometries by methylating the
optimized metal-hydroxo species (Supporting Information,
Figure S35). Resting state structures were obtained via single-
point calculations after removing the methanol ligand from the
methanol-bound species.
Job submission was automated using molSimplify, with each

run allocated a 24 h wall time and up to three resubmissions.
Prior to each resubmission, structures that failed any geometry
checks159 were discarded (Supporting Information Table S25).
Open-shell structures were eliminated based on established cri-
teria:45,141,159 i) if the 〈Ŝ2〉 value deviated from S(S + 1) by
>1 or ii) if the Mulliken spin density on the metal and the oxy-
gen atom for the metal−oxo species or just the metal for other
intermediates differed from the total spin by >1 μB. After opti-
mizing all intermediates, two additional structural checks were
applied to ensure geometric stability across the cycle
(Supporting Information, Table S25). Most calculation failures
arose from non-convergence or failed geometry checks, with fur-
ther attrition from the structural filters applied at the end of the
cycle (Supporting Information, Table S26).
Reaction coordinates for Mn and Fe complexes were com-

puted using ORCA v6.0.0.160,161 We compute these coordinates
through a relaxed potential energy surface (PES) scan along the
N−O bond distance for metal−oxo, the O−H bond distance
for HAT, and the C−O bond distance for rebound, followed
by a partitioned rational-function optimization (P-RFO)162 on
the highest-energy structure from the scan. For HAT and
rebound, we ensure that the transition states are associated
with an α-radical transfer with antiferromagnetic methyl cou-
pling.46,48 We employed ORCA rather than TeraChem due to
the former code’s support of analytical Hessians. All calculations
employed the B3LYP functional with D3 dispersion corrections
https://doi.org/10.1021/acscatal.6c03365
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and Becke−Johnson damping. The def2-TZVPP163 basis set was
applied to Mn and Fe atoms while the def2-SVP163 basis set was
used for all other atoms. Geometries of methane-to-methanol
intermediates previously optimized in TeraChem were used as
starting structures and subsequently reoptimized in ORCA to
ensure consistency with the change in basis set and differences
in functional implementation between the two software packages.
Analytical Hessian calculations were then performed to obtain
thermochemical corrections. Transition states were located by
first performing PES scans where the putative transition state
mode, such as a bond length, was incrementally changed while
geometry optimizing all other degrees of freedom. Highest-
energy points identified from these scans were used as initial
guesses for P-RFO162 to refine the transition state structures.
All transition states were validated via vibrational frequency anal-
ysis, confirming the presence of a single imaginary frequency cor-
responding to the expected transition state mode. Transition
states for the HAT and methyl radical rebound steps were per-
formed via broken-symmetry DFT,164 enforcing an α-radical
transfer with an antiferromagnetically coupled methyl radical,
conserving the overall spin state at these steps.46,48

6b. Featurization

Our models use geometry-free, connectivity-based RACs79,141

computed on initial metal−oxo intermediates, following their
prior success in TMC property prediction,79,94 including for
methane-to-methanol catalyst design.45,96 RACs are defined as
sums of products or differences of heuristic atomic properties
(i.e., nuclear charge, electronegativity, topology, identity, and
covalent radius) between atoms separated by a bond path of
depth d. For initial active learning generations (1−4), we only
include ligand-centered RACs up to depth 4, totaling 100 fea-
tures (Supporting Information, Table S10). Of these, 20 were
invariant but retained, as the multi-layer perceptron architecture
effectively neglects these uninformative features, as indicated by
comparable performance when those features were explicitly
removed (Supporting Information, Figure S36 and
Table S27). Full-complex RACs were excluded from the initial
feature set, and metal-centered RACs were excluded throughout
this study. Instead, metal information was captured through 6
additional full-complex features: metal identity (Mn vs Fe,
one-hot encoded), oxidation state, spin state, and the charges
of the tetradentate and monodentate ligands, yielding 106 fea-
tures total. For subsequent active learning generations (4−7),
the feature set was augmented with full-complex RACs up to
depth 4 to better capture distal ligand functionalization
effects, and invariant ligand-centered RACs were removed
(Supporting Information Table S10).

6c. ML Model Training

We trained two independent ANNs to predict the HAT energy
ΔE(HAT), and the methyl radical rebound energy
ΔE(rebound), using Keras165 with TensorFlow as the back-
end.166 Input features and target values were Z-score normalized
using training set statistics. At each active learning training itera-
tion, data were randomly split into a 70%/10%/20% training/
validation/test split. During initial training, optimal hyperpara-
meters for both models were selected via Bayesian optimization
in KerasTuner167 over 200 trials, minimizing the validation set
mean squared error (Supporting Information, Table S11). In
subsequent generations, optimized hyperparameters defining
model architectures and training settings were retained. Models
N

were initialized from previously converged weights and retrained
on the updated data with the learning rate unchanged from initial
training, since they were already sufficiently low for stable train-
ing (Supporting Information, Table S11). Both ANNs were
trained with the Adam optimizer for up to 4000 epochs, with
dropout, batch normalization, and early stopping (patience =
100) to mitigate overfitting.
GPR models were trained using scikit-learn,168 with Z-score

normalization applied to inputs and targets. We used a radial
basis function (RBF) kernel summed with a WhiteKernel com-
ponent to account for noise in the data. Kernel hyperpara-
meters, including the RBF length scale and noise level, were
optimized during training, with a fixed alpha of 0.5 to ensure
numerical stability.
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