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ABSTRACT
Industrial biocatalysis increasingly depends on computational prediction to shorten the path from a candidate
enzyme to an optimised, scalable process, yet the modelling toolkit available to a process chemist or biocatalysis
engineer spans methods of very different character, cost and predictive scope, from classical Michaelis-Menten
curve fitting through molecular dynamics simulation to modern machine-learning models trained on large
enzyme-substrate datasets. This perspective examines where each of these approaches currently sits on the
trade-off between mechanistic insight, predictive accuracy and computational cost, drawing on a comparative case
study we conducted across three computational strategies -- classical kinetic parameter fitting, molecular
dynamics-based transition state estimation, and a gradient-boosted machine-learning model trained on a curated
dataset of 3,412 enzyme-substrate kinetic measurements -- applied to predicting turnover number and Michaelis
constant for a panel of 22 industrially relevant hydrolase and transferase variants. The machine-learning model
achieved the best raw predictive accuracy (R2=0.71 for turnover number prediction on a held-out variant panel) at
a fraction of the computational cost of molecular dynamics simulation, but its predictions degraded sharply for
variants carrying mutations at positions absent from the training data, a failure mode that classical kinetic fitting
cannot exhibit because it does not extrapolate to unmeasured variants at all, and that molecular dynamics
simulation, while far more computationally expensive, tolerated considerably better. We argue that the most
productive near-term role for machine-learning kinetic prediction in industrial biocatalysis is not as a replacement
for mechanistic simulation or experimental characterisation but as a triage tool for prioritising which enzyme
variants merit the more expensive investment of either approach, and we outline what we consider the most
promising directions for combining these methods into integrated computational workflows over the next several
years.
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1. INTRODUCTION Enzymes have moved from a niche interest of industrial
chemistry to a mainstream tool across pharmaceutical
intermediate synthesis, detergent formulation, biofuel
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production and food processing, driven by their ability to
achieve high stereoselectivity and mild reaction
conditions that conventional chemical catalysis often
cannot match [2,9]. That adoption has, in turn, driven
demand for faster and cheaper ways to predict how a
candidate enzyme, or a specific engineered variant of
one, will perform under the operating conditions of an
industrial process, well before the substantial cost of
expression, purification and experimental kinetic
characterisation is incurred. Computational modelling of
enzyme kinetics sits squarely in this gap, and the
methods available to fill it have diversified considerably
over the past decade [5,14].
At one end of the methodological spectrum sits classical
enzyme kinetics: fitting a Michaelis-Menten or more
elaborate kinetic model directly to experimentally
measured reaction rates across a range of substrate
concentrations, yielding parameters such as the turnover
number (kcat) and Michaelis constant (Km) that
summarise catalytic efficiency in a form directly usable
for reactor design and process economics calculations.
This approach is mechanistically transparent and well
validated but is, by construction, purely descriptive of the
specific enzyme variant and substrate actually
measured; it provides no means of predicting the kinetics
of an unmeasured variant or substrate without first
generating the experimental data that classical fitting is
meant to summarise [7].
At the other end sits physics-based molecular simulation,
principally molecular dynamics and quantum
mechanics/molecular mechanics (QM/MM) methods,
which model the enzyme-substrate system at atomic
resolution and can, in principle, estimate kinetic
parameters for a variant that has never been
experimentally characterised by simulating its transition
state energetics directly. This predictive capability comes
at substantial computational cost -- a single
well-converged free-energy calculation for one enzyme
variant can require days to weeks of computation on a
modern GPU cluster -- which has historically limited
molecular simulation to a small number of carefully
selected variants rather than the large panels that
industrial variant screening increasingly demands
[11,18].
Machine-learning approaches trained on large curated
datasets of experimentally measured enzyme kinetic
parameters have emerged over roughly the past five
years as a third option, promising much of the predictive
capability of molecular simulation for unmeasured
variants at a small fraction of the computational cost,
once a trained model is available. Whether this promise
is realised in practice, and specifically how
machine-learning kinetic prediction compares against
classical fitting and molecular simulation on the same
variant panel under conditions representative of an
actual industrial biocatalysis screening campaign, is the
question this perspective sets out to examine, using a
comparative case study we conducted across all three

approaches as a concrete anchor for the broader
discussion.

2. MATERIALS AND METHODS

To ground this perspective in a concrete comparison
rather than general assertion, we conducted a case
study applying all three computational strategies to the
same enzyme variant panel.

2.1 Enzyme variant panel and reference dataset

The comparison used a panel of 22 industrially relevant
hydrolase (14 lipase and esterase variants) and
transferase (8 glycosyltransferase variants) enzymes,
selected to span a range of sequence identity to training
data used for the machine-learning model, from close
homologues of well-characterised reference enzymes to
variants carrying mutations at positions not represented
in any publicly available kinetic dataset. Experimentally
measured turnover number and Michaelis constant for all
22 variants, determined by standard spectrophotometric
or chromatographic initial-rate assays across a substrate
concentration series, served as the ground truth against
which all three computational approaches were
evaluated.

2.2 Classical kinetic parameter fitting

Where prior experimental data existed for a closely
related reference variant, classical Michaelis-Menten
parameters were taken directly from the literature or from
in-house characterisation as a baseline comparator, with
no attempt to extrapolate to the specific panel variant;
this approach could therefore only be evaluated for
variants with a sufficiently close characterised relative,
and is reported here primarily as a baseline illustrating
the ceiling on mechanistic transparency and reliability,
not as a predictive method for the full panel.

2.3 Molecular dynamics-based estimation

For all 22 variants, homology models or, where available,
experimental structures were used as starting points for
molecular dynamics simulation of the enzyme-substrate
complex, followed by free-energy perturbation
calculations to estimate the transition-state activation
barrier and, via transition state theory, an estimated
turnover number. Each variant required approximately
4-7 days of GPU compute time for a converged estimate,
using a standard simulation protocol with explicit solvent
and a force field appropriate to the enzyme class.

2.4 Machine-learning kinetic prediction

A gradient-boosted regression model was trained on a
curated dataset of 3,412 enzyme-substrate kinetic
measurements compiled from public kinetic parameter
databases and the primary literature, using
sequence-derived and substrate-derived features
(including embeddings from a pretrained protein
language model and molecular fingerprints for substrate
structure) as predictors of log-transformed turnover
number and Michaelis constant. The model was trained
and validated using a variant-level train-test split
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designed to prevent near-identical sequences from
appearing in both training and test sets, and was then
applied to predict kinetic parameters for all 22 panel
variants.

3. RESULTS

Classical kinetic parameter transfer from a characterised
reference variant was possible for 9 of the 22 panel
variants, where a sufficiently close (>90% sequence
identity) prior-characterised relative existed; for these 9
variants, using the reference variant's parameters as a
naive prediction for the panel variant achieved only
modest accuracy (R2=0.34 for turnover number),
reflecting the well-known sensitivity of enzyme kinetics to
even small sequence differences and illustrating why this
approach cannot substitute for variant-specific prediction
despite its mechanistic transparency for the variant it was
actually measured on.
Table 1. Predictive accuracy, computational cost and
applicability across the three methods compared.

Method
R2 (turnover
number)

Compute
cost
(full panel)

Extrapolation
tolerance

Classical parameter
transfer

0.34 (n=9
only)

Negligible
None
(requires close
relative)

Molecular dynamics
simulation

0.58 (n=22)
~130
GPU-days

High

Machine-learning
prediction

0.71 (n=22) <1 GPU-hour
Low (drops
sharply)

Molecular dynamics-based estimation, applied across all
22 panel variants, achieved considerably better accuracy
(R2=0.58 for turnover number) at a computational cost of
roughly 130 GPU-days total across the panel, and its
accuracy did not depend strongly on whether a given
variant's specific mutations were represented in any
external dataset, since the method estimates
transition-state energetics directly from the physical
simulation rather than by pattern-matching against
previously observed variants. Table 1 summarises
predictive accuracy, computational cost and applicability
across all three methods.

Figure 1. Predicted versus experimentally measured turnover
number for the machine-learning model, split by variant proximity
to training data, illustrating the sharp accuracy drop for
training-data-distant variants (n=22 panel variants).

The gradient-boosted machine-learning model achieved
the best overall predictive accuracy across the full

22-variant panel (R2=0.71 for turnover number, R2=0.64
for Michaelis constant) at a computational cost of under
one GPU-hour for all 22 predictions combined, several
orders of magnitude cheaper than molecular dynamics
simulation. However, this aggregate accuracy concealed
a sharp split in performance: for the 15 panel variants
carrying only mutations at positions well represented in
the training dataset, accuracy was very high (R2=0.86),
while for the 7 variants carrying mutations at positions
essentially absent from training data, accuracy dropped
substantially (R2=0.21), performing little better than the
naive classical parameter-transfer baseline for that
specific subset (Figure 1).
Table 2. Predictive accuracy (R2, turnover number) by
method and variant training-data proximity.

Variant subset n variants
Molecular
dynamics

Machine
learning

Training-data-proximal 15 0.55 0.86

Training-data-distant 7 0.61 0.21

Full panel 22 0.58 0.71

Combining methods provided additional insight beyond
what any single approach offered in isolation. For the 7
machine-learning-difficult variants, molecular dynamics
estimation substantially outperformed the
machine-learning model (R2=0.61 for this subset alone
versus 0.21), while for the 15
machine-learning-favourable variants, the
machine-learning model matched or exceeded molecular
dynamics accuracy at a fraction of the cost. Table 2
breaks down predictive accuracy by method and by
variant subset, illustrating the complementary strengths
that motivate the triage-based workflow proposed in the
discussion below.

4. DISCUSSION

The pattern that emerges from this comparison is not
that one computational method has superseded the
others, but that the three methods occupy genuinely
complementary positions on the trade-off between
predictive accuracy, computational cost and reliability
under extrapolation, and that the specific position of a
given variant relative to available training data
determines which method is likely to perform best for that
variant far more than any single method's average
performance across an entire panel would suggest. This
has a direct practical implication for how a biocatalysis
screening programme should be structured: rather than
committing to a single computational method for an
entire variant library, a triage workflow that uses the fast,
cheap machine-learning model as a first pass, flags
variants whose sequence features fall outside the
well-represented region of training data, and routes only
those flagged variants to the more expensive but more
extrapolation-tolerant molecular dynamics simulation,
would capture most of the machine-learning model's
speed advantage while avoiding its principal failure
mode.
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This triage framing is, we think, a more realistic
near-term role for machine-learning kinetic prediction in
industrial biocatalysis than the more ambitious framing
sometimes advanced in the literature, in which
machine-learning models are positioned as a wholesale
replacement for physics-based simulation or
experimental characterisation [5,14]. The sharp accuracy
drop we observed for training-data-distant variants is not
a peculiarity of our specific model or dataset; it is a
structural consequence of how supervised
machine-learning models generalise, or fail to
generalise, beyond the distribution of their training data,
and we would expect a broadly similar pattern to recur
for other kinetic prediction models trained on other
datasets, particularly given how unevenly enzyme
sequence space has historically been sampled by the
kinetic characterisation studies that populate public
databases.
Molecular dynamics simulation's relative robustness to
this extrapolation problem comes at a cost that industrial
timelines do not always accommodate: 130 GPU-days
for a 22-variant panel scales poorly to the hundreds or
thousands of variants that a modern directed-evolution or
rational-design campaign can generate, and this
remains, in our view, the central practical constraint
limiting broader adoption of physics-based simulation in
industrial biocatalysis screening, more so than any
fundamental limitation in the underlying physics or
algorithms [11,18]. Continued improvement in simulation
efficiency, whether through better sampling algorithms,
machine-learning-accelerated force fields, or GPU
hardware improvements, would directly expand the
variant-panel scale at which molecular dynamics-based
screening becomes practical, and we regard this as one
of the more consequential open engineering problems for
the field over the next several years, independent of any
further improvement in machine-learning model
architecture.
A further direction we consider promising, though not
directly tested in the case study reported here, is active
learning: rather than training a machine-learning model
once on a static dataset and deploying it unchanged, an
active-learning workflow would use model uncertainty
estimates to identify which candidate variants would be
most informative to characterise experimentally or via
molecular dynamics simulation next, iteratively
expanding the training dataset toward the regions of
variant space where the model currently performs worst.
This would directly target the extrapolation failure mode
identified in our case study, converting the triage
workflow we propose from a one-off screening filter into a
continuously improving system, and several groups in
the broader protein engineering literature have begun
exploring analogous active-learning approaches for
related prediction tasks with encouraging early results.
Finally, we would flag a methodological point that we
think is under-appreciated in comparisons of this kind:
predictive accuracy reported as a single aggregate

statistic across a variant panel, of the kind that
machine-learning kinetics papers most commonly report,
can obscure exactly the kind of performance
heterogeneity that matters most for practical
decision-making, namely whether a model's errors are
randomly distributed across variants or concentrated in a
specific, identifiable subset. We would encourage future
comparative studies of computational kinetic prediction
methods to routinely stratify accuracy by variant distance
from training data, or by an analogous measure of
extrapolation difficulty, rather than reporting only an
aggregate R2 or correlation coefficient, since the
aggregate figure alone would have substantially
understated the practical limitation our case study
identified for the machine-learning model tested here.
It is also worth acknowledging the economic dimension
of this trade-off more explicitly than is often done in
comparative modelling papers, since it is ultimately the
economic case, not predictive accuracy in the abstract,
that determines which method an industrial biocatalysis
programme actually adopts. A single molecular dynamics
estimate at several days of GPU compute time carries a
real and non-trivial cost when scaled across a large
variant library, but that cost still compares favourably
against the fully-loaded cost of experimental expression,
purification and kinetic characterisation for a variant that
a computational pre-screen incorrectly deprioritised. The
triage workflow we propose is, in this sense, as much an
economic argument as a technical one: it aims to spend
the expensive computational and experimental budget
where the cheap machine-learning pre-screen is least
trustworthy, rather than spending it uniformly across a
variant panel regardless of where the machine-learning
model's blind spots actually lie. Formalising this trade-off
as an explicit cost model -- weighing the expected cost of
a missed high-value variant against the marginal
compute or wet-lab cost of characterising it more
thoroughly -- would let a biocatalysis programme tune
the triage threshold to its own risk tolerance and budget
rather than adopting a fixed rule of thumb, and we
consider this a natural next step for translating the
qualitative workflow proposed here into a quantitative
decision-support tool.

5. CONCLUSION

A comparative case study across classical kinetic
parameter fitting, molecular dynamics-based estimation,
and machine-learning kinetic prediction, applied to a
22-variant panel of industrially relevant hydrolase and
transferase enzymes, found that each method occupies
a genuinely complementary position on the trade-off
between predictive accuracy, computational cost and
reliability under extrapolation to variants distant from
available training data. The machine-learning model
achieved the best aggregate accuracy at the lowest
computational cost but its performance degraded sharply
for training-data-distant variants, a failure mode that
molecular dynamics simulation, though far more

4
Biosynth | ISSN 2989-543X (Online) | https://trpubonline.org/index.php/Biosynth

https://doi.org/10.5281/zenodo.22687991


DOI: 10.5281/zenodo.22687991 Solberg et al. (2023) Vol 1 | Issue 2 | pp. 1–6 | 2023

computationally expensive, tolerated considerably better.
We propose that the most productive near-term use of
machine-learning kinetic prediction in industrial
biocatalysis is as a triage tool that directs the more
expensive investment of molecular dynamics simulation
or experimental characterisation toward the variants
where it is most needed, rather than as a standalone
replacement for either. We are currently developing an
active-learning extension of this triage workflow, aimed at
iteratively improving machine-learning model coverage in
exactly the regions of variant space where our case
study identified the sharpest accuracy drop, and we
intend to report on its performance in a future publication
once sufficient additional experimental and simulation
data have been generated to evaluate it properly.
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