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The growing demand for energy-efficient processes to support a sustainable future drives the need for

research to rapidly explore chemical and material space through accelerated catalyst discovery

initiatives. Recent breakthroughs in high-throughput experimental and computational methods are

transforming the catalysis field, surpassing traditional approaches to manipulating variables in catalytic

processes. Key advancements in innovation include the integration of machine learning for efficient

catalyst screening, high-throughput experimentation, data-driven methodologies employing

comprehensive databases, and in situ and in operando techniques for realistic observations. This

progress has undoubtedly been intertwined with a collaborative framework across disciplines, reshaping

catalyst discovery methods in both industry and academia. This Opinion article presents a multifaceted

perspective from coauthors with expertise spanning various stages of the Technology Readiness Level

spectrum, highlighting both opportunities and persistent challenges in integrating computational and

experimental approaches in catalysis. These challenges span from obtaining high-quality experimental

data, scaling simulations to industrially relevant materials and process conditions to navigating the

complexity and predictive accuracy of computational models.
1. Introduction

The pressing global challenges of today urge disruptive tech-
nological innovations to accelerate and broaden our exploration
of the fundamental principles governing chemical reactions. In
addressing the need for faster discovery and testing, high-
throughput (HT) methods in catalysis have revolutionized the
eld by enabling the rapid and comprehensive exploration of
vast chemical spaces previously out of reach.1 This allows an
unprecedented acceleration in discovering and optimizing new
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catalytic systems and identifying optimized reaction
conditions.2–4 High-throughput experimentation (HTE) has
emerged as a transformative approach to addressing the need
for faster discovery and testing. First adopted in 1984 in the life
sciences for creating peptide libraries via parallel synthesis on
microtiter plates,5 HTE's application in the physical sciences
came later. An early example of its application to catalysis
involved using infrared (IR) imaging thermography to screen
libraries of heterogeneous catalysts for hydrogen oxidation
activity by detecting heat release.6
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Building on the signicance of HTE, it is essential to clarify
key terminology, as some terms are oen used interchangeably
despite their nuanced differences. High-throughput synthesis
(HTS) refers to systematically exploring chemical space to
produce desired materials, utilizing tools that enable parallel
reaction setups or simultaneous characterization processes.7

On the other hand, “accelerated materials discovery,” which
includes the expanding eld of self-driving laboratories,8 builds
upon HTS by incorporating advanced data analysis tech-
niques—with simple methods such as Design of Experiments to
modern approaches such as Bayesian optimization—to create
a feedback loop that optimizes and streamlines the synthesis
and characterization processes for targeted compounds.9–11 This
distinction underscores the progression of HTE from a tool for
rapid experimentation to an integrated framework driving
innovation in material science.

Although HT techniques are becoming indispensable for
remaining competitive in academia and industry, signicant
barriers prevent both high-throughput experimentation (HTE)
and computation (HTC) in catalysis from reaching their full
potential. Key areas for improvement include (i) enhancing data
management, standardization, and integration, (ii) accelerating
characterization processes, and (iii) fostering transparent and
efficient interdisciplinary collaboration—each of these
requiring ongoing focus and innovation. The large amount of
data produced by HT methods in short periods must be
analyzed to extract useful information. This results in
a substantial manual workload, diminishing the advantages of
high-throughput methods and hindering their broader
adoption.1,12

Lately, most of the solutions on how to automate the
handling of these large datasets have come from articial
intelligence (AI) methods, which are particularly powerful in
solving this issue.1,12,13 Collaboration between chemists, mate-
rials scientists, engineers, and data scientists becomes essential
to leveraging the full potential of these technologies. It goes
without saying that maintaining depth in subject-matter
expertise is essential for success in this eld, as in any scien-
tic endeavor. A frequent bottleneck in HTE is the inherent
timescale mismatch between characterization and other critical
processes, such as formulation, reaction, and synthesis
methods. In many cases, HT characterization becomes the most
crucial and primary limiting factor in accelerating discovery
workows. In catalysis—the focus of this opinion piece—char-
acterizing key catalytic intermediates is particularly important.
However, current experimental methods are still not amenable
to HT approaches. To overcome this limitation, it is important
to complement experimental measurements with accurate and
inexpensive predictions from rst principles. Several HTC
workows have been designed to achieve these needs,14–17

allowing for the parallel acquisition of mechanistic data,
including intermediate identication. Combined with theoret-
ical predictions, such workows help bridge the gap between
detailed mechanistic understanding and scalable discovery.
This convergence of HTE and computational chemistry, driven
by advances in robotics and AI, has been further augmented
with deep learning, generative models, and machine learning
498 | Digital Discovery, 2026, 5, 497–509
potentials to help address data gaps.18 The topic has been the
subject of several recent reviews and perspectives,19–25 and some
positive examples of predictions,26 proving the potential of data
science in catalysis to optimize reaction conditions and improve
yields.27,28

This Opinion article condensed the ideas discussed in the
framework of a symposium organized at the ACS Fall of 2024 by
the Catalysis Division with a homonymous title as the present
article, where the authors, experts in the eld from academia
and industry, participated in a panel discussion to cover this
topic.29 The aim of this Opinion article is to expose the topics
explored during this event, covering the current state of high-
throughput catalysis, highlighting recent breakthroughs, and
discussing the opportunities and challenges in this rapidly
evolving eld. We specically focus on three interconnected
aspects critical to accelerating catalytic advancements: (I) high-
throughput characterization for balancing data precision with
experimental efficiency (Section 3); (II) standardization of data
and metadata to improve data sharing and reproducibility
(Section 4); and (III) integrated workows connecting experi-
mental and computational systems for autonomous discovery
(Section 5). By concentrating on these key challenges and
opportunities, this work aims to provide actionable recom-
mendations for the catalysis community.

In this paper, catalytic discovery refers to the identication
of new catalysts or reaction systems enabled by data-driven and
high-throughput methods, whereas catalytic advancement
encompasses the broader acceleration of catalyst under-
standing, optimization, and deployment. It is important to note
that homogeneous (molecular) and heterogeneous (solid-based)
catalysis differ substantially in synthesis control, reaction
environment, and characterization complexity. While the data-
driven and high-throughput strategies discussed here are
broadly applicable, their implementation requires domain-
specic adaptation to account for these intrinsic differences.
2. Current landscape and advances in
accelerated catalytic discovery

To our knowledge, the rst high-throughput study dates to
1909–1912, when Alwyn Mittash, in collaboration with Georg
Stern and Hans Wolf and under the direction of Carl Bosch, ran
thousands of systematic reactions to nd an economically
viable alternative to osmium and uranium-based catalysts for
the ammonia production.30 This resulted in the identication of
metallic iron promoted by small alumina and potassium oxide
admixtures. Nowadays, this catalyst is used with few modica-
tions for the Haber-Bosch process.30 Although this pioneering
study took place more than 100 years ago, a search on Google
Patent using (high throughput AND catalysis) as parameters
highlights that from the > 100 000 results, most are dated from
2010 onwards (see Fig. 1a).31 This graph indicates that, only
about 14 years ago, HT methods transitioned from niche
approaches to widely adopted techniques due to the automa-
tion of the process. A key factor in this transition has been the
development of robotic platforms capable of parallel synthesis
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Patents extracted from the Google Patent website31 using the keywords (high throughput AND catalysis). (a) Histogram showing the
distribution of the selected patents published between 1935 and 2024, grouped in 5-year intervals. Each bar represents the number of patents
issued within the respective 5-year period. (b) Word cloud showing the fields of application of HT methods (words counting > 190).
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and screening. Coupled with ow chemistry, these platforms
enable wider process windows and help overcome challenges
associated with traditional batch-wise screening, further accel-
erating high-throughput experimentation.32,33

Today, HT experiments and computational methods are
widely adopted in the research and development headquarters
of multinational chemical, pharmaceutical, and tech
companies.2,29,34–36 HT use has signicantly contributed to
chemical process development, oen leading to breakthrough
patents in various chemistries. This demonstrates the role of
HT methods as powerful drivers of innovation.37 Suzuki-
Miyaura cross-coupling,26,38–40 hydrogen production,41 and
olen polymerization42 are only a few examples of the various
applications of these methods (see Fig. 1b).

In academia, the high cost of fully automated HTE systems
(>$200k USD)43 remains a signicant barrier to broader adop-
tion, particularly as access to such equipment typically depends
on major funding initiatives. Unlike more exible types of
scientic instrumentation that can be readily shared across
different research groups and disciplines, HTE platforms tend
to be inherently more specialized, which can limit their cross-
disciplinary utility and reduce the feasibility of shared invest-
ment. Nowadays, HTC screening rhymes with AI and, in
particular, with machine learning (ML) methods. The rise of
autonomous HTC is generally recognized as a critical enabler in
the rapid exploration of catalytic materials, integrating atomic-
scale simulations with machine learning to minimize human
intervention.12 They allow the exploration of vast chemical
spaces in silico, which is particularly valuable for challenging
systems such as transition-metal catalysts.13 Additionally, ML
methods elucidate hidden trends and periodicities within data
that have the potential to unveil the importance of parameters
that were not considered, or complex dependence among the
data, enhancing the ability to predict molecular behaviors.44 A
comprehensive consideration of the catalysts' properties and
optimal reaction conditions that inuence the reactivity in
terms of selectivity and stability is not straightforward.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Automation has become a ubiquitous solution to this
problem.44 A recent example presented at the symposium is
Microso's AutoRXN workow.15 This automated framework
removes the human bias when analyzing large catalyst libraries
created by in silico screening, allowing the examination of
mechanistic pathways and structural modications of catalysts.
This approach was successfully applied to homogeneous catal-
ysis for the asymmetric reduction of ketones.

The application of ML methods to uncover hidden structure-
property relationships has enabled the concurrent optimization
of core performance metrics such as activity and selectivity—
hallmarks of traditional catalytic research.3 Beyond these, ML
has also opened up doors to rigorously interrogate and optimize
critical yet frequently neglected properties, such as material
stability, thereby bridging a longstanding gap in computational
studies.13,45 On the other hand, data-driven approaches also
have the potential to uncover novel chemical behaviors, such as
spin-state switching and redox activity,13 which are challenging
to predict using traditional computational methods, especially
for transition metal reactivity.46 HTC screening using density
functional theory (DFT) has traditionally been limited tomodels
containing fewer than 200 atoms.34,47,48 This represents
a signicant limitation since second or higher coordination
shells around the active site oen contribute signicantly to
catalyst reactivity.49 However, these constraints are gradually
being overcome thanks to innovations like GPU-accelerated
DFT, e.g., with TeraChem, a computational chemistry code
that replaces traditional CPU architecture with GPU-based
calculations.50 This advancement enables a twenty-fold
increase in computational speed compared to CPU-based
programs, allowing systems of thousands of atoms to be
analyzed within hours.34

While the above-mentioned advancements in HTC are highly
encouraging and have denitively earned their place alongside
HTE, key challenges remain. Real-life catalytic systems, espe-
cially those deployed in industrial environments, are oen the
product of decades of work to not only optimally develop
Digital Discovery, 2026, 5, 497–509 | 499
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a catalyst in relative isolation but also of painstaking formula-
tion, scaling, and tuning of the catalytic process. For instance,
in heterogeneous catalytic systems, carefully formulated, highly
disordered systems are oen key to sustained catalytic perfor-
mance. These systems are difficult to model with current DFT
methods because they require large scales and long simulation
times. Here, continued development of simulation methods
andmachine learningmethods to augment traditional, physical
models will be required to match HTC to HTE. In homogeneous
catalysis, similar challenges pertain, for instance, to reactions
involving ion pairs, systems with signicant conformational
exibility, and systems where the solvent actively participates in
catalysis—especially in combination with complex electronic
structures. Nonetheless, strategies that leverage qualitative
trends, like energy descriptors, for systems with complex elec-
tronic structures have successfully guided the design of new
iron-based molecular catalysts for methane oxidation.13 For
solid-state simulations in heterogeneous catalysis, the choice of
the electronic structure method is oen dictated by a trade-off
between accuracy and computational feasibility, particularly
in high-throughput or large-scale screening studies. While local
DFT functionals remain widely used due to their favorable
scaling and robustness, they are increasingly complemented by
more advanced approaches. State-of-the-art modeling now
frequently incorporates dispersion-corrected functionals, meta-
GGA formulations, hybrid functionals, or multilevel and
embedding strategies to improve accuracy and transferability.51

Hybrid functionals and beyond-DFT methods can provide
signicant improvements for systems involving localized elec-
tronic states, such as transition metal oxides, non-zero oxida-
tion states, or open-shell congurations, albeit at a substantially
higher computational cost.52 Conversely, for metallic or gapless
systems, the benets of hybrid functionals are oen limited,
and carefully validated local approaches may still yield reliable
trends. In all cases, systematic benchmarking and validation
against experimental data or higher-level calculations on
representative models are essential to ensure predictive
reliability.52

The coupling of AI tools and automation for data analysis is
also becoming more and more common in HTE, with the
development of mobile robotic chemists and self-driving labo-
ratories (SDLs), bringing signicant advantages in process
efficiency and decision-making (see Section 5).12,53,54 The high
investment necessary for HTE equipment remains an important
discussion point for its scientic and social repercussions,
limiting opportunities for innovation and development. Inte-
grating these advanced technologies with sustainable practices
and cost-effective solutions remains a critical goal. This has
brought to the development of “frugal twins” or low-cost SDLs,55

that are low-cost, functionally simplied versions of sophisti-
cated SDLs. Built using off-the-shelf components and open-
source soware, these systems require a capital investment up
to three orders of magnitude lower than their high-end coun-
terparts. Originally conceived to address the accessibility gap in
HTE technology, frugal twins enable cost-effective automation
of experimental workows. They offer a pragmatic solution for
academic labs with limited resources, supporting increased
500 | Digital Discovery, 2026, 5, 497–509
throughput and experimental reproducibility while preserving
key features such as scalability and modularity.55
3. High-throughput characterization:
balancing precision with efficiency

The panel unanimously supported the view that advancing
characterization techniques is essential to fully realize the
potential of high-throughput (HT) catalysis. Catalysis, particu-
larly in its heterogeneous form, exhibits intricate behavior due
to dynamic active sites, evolving reaction environments, and the
complex interplay between structure and function. These
features create signicant challenges for data generation,
interpretation, and modeling. In heterogeneous systems, addi-
tional factors such as multiple concurrent surface reaction
pathways and mass or energy transfer limitations further
complicate the correlation between catalyst structure, compo-
sition, and performance. AI-assisted HT approaches should
therefore aim to incorporate, or at least recognize, these
intrinsic phenomena. On the computational side, limited and
potentially biased training data, reliance on DFT-derived data-
sets, and the need for rigorous uncertainty quantication
remain key obstacles to developing robust, transferable
predictive models. To maximize learning from HT catalysis
experiments, the experimenter must have accurate knowledge
not only of the catalyst itself but also of the products and side-
products formed in the reactor. The former is oen compara-
tively trivial, e.g., when using a well-dened homogeneous
catalyst, but sometimes extraordinarily difficult, such as when
the catalyst is a product-by-process in which only the prepara-
tion process, but not the microstructure of the catalyst, is
known. In addition, real–life reactions frequently involve
complex multicomponent mixtures that pose signicant
analytical challenges. To achieve the maximum impact of HTE,
the high-throughput analytical methodology needs innovation
for HT analytical not to remain a bottleneck. The limitations of
analytical characterization methods have collateral implica-
tions for any HTC intended to accompany HTE, because
computational approaches perform poorly when required to
infer chemical outcomes in an inherently combinatorial space
under weak experimental constraints,a challenge that platforms
such as AutoRXN attempt to mitigate but ultimately cannot
resolve. To maximize the power of HTE, it is also important to
have good data integration because HTE characterization
generates oodles of data that require an inhuman effort to work
up, so ML should be used, but that can only work if the data is
fully integrated from the experimental design all the way
forward to characterization.

While HTE's parallel screening accelerates exploration
across a broader chemical and material space, its effectiveness
ultimately depends on carefully (1) selecting the initial param-
eters and (2) integrating characterization and testing tech-
niques to ensure accuracy. For instance, at the symposium,
Bozal-Ginesta et al. showed an excellent example of HT
synthesis and characterization of perovskite thin lm
libraries.56 This work characterized compositional maps using
© 2026 The Author(s). Published by the Royal Society of Chemistry
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various HT techniques, such as XRF, XRD, Raman, and EIS.
Herein, the authors stressed the importance of a sufficiently
large and consistent experimental dataset to extract relevant
oxygen reduction reaction properties alongside appropriate
data processing and analysis routines. Gagliardi and Del Ferro
also showcased at the symposium a HTE campaign, where
researchers evaluated the performance of decorated MOFs in
propylene dimerization to hexadienes.4,57 Initial exploration
utilizing Bayesian optimization techniques required over six
months and 721 experiments, unexpectedly resulting in low
yield (<5%) reactions. Consequently, the reevaluation of the
initial parameters led the authors to redesign the experiments,
increasing the H2 concentration to 40 vol%, allowing signicant
yield improvements.4,57 These improvements were attributed to
the formation of larger nanoparticles under higher H2 levels.
This example illustrates the relevance of taking a human-in-the-
loop approach, i.e., subject matter expertise to guide parameter
choices effectively, as screening all possible conditions is oen
impractical due to time and cost.4,54,57,58 Crucially, the success of
this campaign depended on careful post-hoc characterization of
the catalysts using high-angle annular dark-eld scanning
transmission electron microscopy (HAADF-STEM) and DFT
modeling, which revealed that larger copper nanoparticles
formed under high H2 conditions were responsible for the
improved catalytic activity. This underscores that high-
throughput experimentation alone is insufficient and effective
HT catalysis requires integrating detailed characterization and
mechanistic understanding to interpret results accurately and
guide subsequent experimental design.

For accelerated catalyst discovery platforms relying on
a high-throughput framework, a tight coupling between
synthesis and characterization is fundamental. For instance,
high-throughput PXRD is an invaluable tool for identifying
materials or validating synthesis processes. Patterns can be
matched against databases or analyzed directly, with parame-
ters then compared to target materials. However, relying solely
on statistical measures such as goodness-of-t for analysis is
insufficient. Poor ts may arise from untted diffraction
features or slight inaccuracies in peak shapes.59,60 Trained
experts should evaluate these results and consider alternative
models, such as structural disorder or missing elements.
Understanding the effects of disorder and defects is essential
for differentiating between genuinely novel structures and
those arising from imperfections. Incorporating these consid-
erations into material characterization can provide critical
guidance in dening exploration boundaries.

There is an essential balance between data collection speed
and quality. When structural information is paramount, prior-
itizing quality over speed is essential to avoid misinterpretation,
which could derail the discovery process. For example, in HTC,
the balance between precision and speed is achieved by
adequately selecting the computational method and limiting
the dimension of the cluster models.34 Although it is evident
that methods with prohibitive resource scaling are unsuitable
for large-scale screening, it is critical in HT catalysis to prioritize
data quality over computational speed. This ensures that the
resulting models can capture the underlying chemical
© 2026 The Author(s). Published by the Royal Society of Chemistry
complexity and preserve the integrity and predictive power of
the analysis.

Therefore, devoting HTE and HTC resources to investigate
crystalline structures plays a relevant role in exploring regions
with the potential for discovering new catalysts, even if these are
model systems that may not fully capture the complexity of
industrial-scale processes. During HT catalyst activity
screening, it is worth noting that using small-scale testing and
characterization rarely guarantees success in real-world condi-
tions. Nonetheless, HTE provides a unique advantage by
enabling the rapid pre-screening of vast experimental spaces
using minimal material and time, thereby guiding more tar-
geted optimization efforts at larger scales. While miniaturized
setups may not capture all kinetic or thermodynamic aspects
relevant for scale-up, they provide valuable early-stage insight
that accelerates and informs subsequent development.
However, relatively few studies report systematic follow-up even
at the laboratory scale, reecting both logistical constraints and
the prevailing gap between screening platforms and scale-up
infrastructure. Despite this limitation, the ability of HTE to
rapidly triage large sets of possibilities enables more efficient
use of experimental resources. Notable efforts toward bridging
this gap include the work by Ruan et al.,61 where large language
model (LLM)–powered agents were integrated with automated
synthesis and testing platforms to support a complete workow
from literature mining through kinetic analysis and optimiza-
tion to scale-up, for various catalytic processes. Such end-to-end
approaches highlight the growing potential for routine trans-
lation of HTE ndings into scalable technologies.62 To fully
realize this potential, it is essential to establish consistent
protocols for HT experiments, including characterization and
standardized data reporting (as discussed in Section 4). These
practices are crucial to enhancing reproducibility and mini-
mizing duplication of effort across multiple and diverse
research environments, signicantly advancing the pace of
catalysts discovery.63
4. Enhancing data integration and
interpretation: learning from
collaboration and failure

Most HT screening campaigns involve multiple steps, from
library design and characterization to catalytic performance
evaluation. In addition to the inherent complexity of HT design,
the vast volumes of data generated at the HT speed pose
signicant challenges for data integration. These challenges are
intensied in cross-disciplinary collaborations, where incon-
sistent data and metadata formats lead to misinterpretations,
stalling research progress.64 Consistent metadata collection in
catalysis is uniquely important, as slight variations in experi-
mental conditions can signicantly alter a catalyst's structure
and activity, adding further intricacies to data harmonization.
Moreover, the absence of data stewardship protocols for
reporting data and metadata, including critical experimental
parameters—such as particle size, material preparation,
Digital Discovery, 2026, 5, 497–509 | 501
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catalyst loading, temperature, and ow rate—hinders compar-
ative studies across different experiments and scales.

Multiple databases and repositories, such as the CatApp,65

Catalysis-hub,66 Open Catalyst,35 ioChemBD,67 and NOMAD,68

are publicly available, aiming to supplement in-house data
resources and support data management tasks. Although the
goal of these databases is to ensure that data adheres to the
FAIR principles for data management—being Findable, Acces-
sible, Interoperable, and Reusable,69 this is still not always
attainable in practice.51 This limited practical adherence is re-
ected in the persistently low dataset-to-article ratio observed in
chemistry, which remains below the scientic average and is
even lower in catalysis, where approximately one dataset is
available per one hundred articles, indicating that experimental
and computational data are still rarely shared at scale.51 One of
the root causes may be primarily linked to resistance to change
on the part of researchers and institutions, resulting in long-
standing inconsistencies in database design and repository
standards. Additionally, HTC datasets frequently omit key
experimental conditions such as reaction temperature, pH,
solvent, or chemical environment for simplicity.36,70–72 The lack
of uniformity in the database causes difficulties in applying AI
tools to advance the discovery process through complex anal-
ysis.73,74 Thus, standardized datasets cannot only improve the
training of machine learning (ML) models but also deepen our
understanding of how experimental variables inuence mate-
rial performance and catalytic activity.

In the past decades, scientic research has also shied
towards projects that rely on multi-institutional efforts. This
oen requires scientists to share and combine datasets from
multiple sources while ensuring consistency to land research
efforts into meaningful insights.75,76 However, the lack of stan-
dardized protocols across institutions and the complexity of
diverse experimental setups introduces additional challenges.
This becomes particularly complicated when data is obtained
from various equipment, and each is operated by soware
developed by different vendors, oen resulting in fragmented
and difficult-to-integrate data. Although several efforts have
been made to overcome these barriers,77,78 it is crucial to reas-
sess the data collection mechanism as a community. This
represents an essential step towards making data machine- and
human-readable to drive discovery, which also accounts for AI
agents.79 Thus, the discussion around data integration and
interpretation requires a focus on (1) technical approaches,
such as new algorithms or methodologies for combining
diverse data types, and (2) pragmatic organizational strategies
to improve workows and communication across disciplines
and equipment. To this end, interdisciplinary collaborations
involving data scientists in research teams and enhancing data
stewardship educational programs are critical in advancing
effective and collaborative data analysis.

There is no doubt that the conjunction of HTE and HTC
provides enormous opportunities to transform the eld of
catalysis. The integration of HTC with HTE offers synergistic
advantages: HTC can serve both as a pre-screening tool, guiding
the design of focused HTE campaigns, and as a post-analysis
aid, helping to rationalize trends and mechanistic insights
502 | Digital Discovery, 2026, 5, 497–509
from experimental data. At the symposium, this was exempli-
ed by Ser and Hao et al., which demonstrated the ligand-
dependence of palladium-catalyzed protodeboronation.40 The
HTE setup facilitated the parallel reaction of 27 unique phos-
phine ligands and their respective deboronation yields were
subsequently analyzed via HPLC in one workow. HTC via DFT
was used to investigate the proposed reaction mechanism
containing 23 intermediates and transition states for all 27
ligands and determining that bulkier ligands favor the forma-
tion of an unstable post-transmetalation product that subse-
quently undergoes facile protodeboronation with water,
supporting the experimental observations. This example
demonstrates how the synergy between HTE and HTC can
facilitate the elucidation of more general trends. This interplay
between simulation and experimentation is also central to the
development of autonomous, closed-loop platforms for catalytic
discovery.

HT research unies aspects of many traditionally disparate
elds, such as synthesis, analytical chemistry, statistics,
machine learning, robotics, cheminformatics, and quantum
chemistry, to name a few. Properly capitalizing on these
opportunities requires scientists who have been trained to take
advantage of them. For education, both for new generations of
scientists as well as those with long experience, it follows that
a certain amount of technical knowledge outside of one's core
competency domain is benecial. This holds true both if one is
working in comparative isolation or as part of a large, multi-
disciplinary team. For team leads, the ability to translate
between experts in different knowledge domains becomes
paramount to fostering good teamwork. Especially large orga-
nizations, such as industrial research laboratories, will need to
adjust hiring and internal upskilling efforts to facilitate cross-
disciplinary communication, particularly accounting for
a gradual shi to a more signicant share of digital skill sets.
Both research managers and researchers must adopt an open-
minded yet practical approach to the rapidly advancing elds
within the digital space. Unrealistic expectations and the
indiscriminate use of AI for the sake of following the latest trend
have the potential to undermine trust, while also leading to
a signicant waste of resources, including time, funding, and
energy, particularly in large-scale screening efforts.

Another critical point in the discussion of data integration
occurs when HT catalysis campaigns involving theory and
experiment are considered. Here, one key challenge is the lack
of knowledge of the atomistic structure of a catalyst under
catalytic conditions, which is in line with the discussion covered
in Section 3. This oen results in simplied and not necessarily
representative catalyst models.57,80–82 The successful integration
of HTC into catalysis research frequently requires multiple
iterations and feedback from experimental results to validate
further or rene existing hypotheses around the plausible active
sites and corresponding catalytic behavior. Thus, planning how
metadata should be stored in HTC campaigns is not always
straightforward, as this requires building prior knowledge and
development time from both computational models and
experiments.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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A frequently overlooked opportunity in scientic research
arises when model predictions and experimental data do not
align. Rather than discarding such results or forcing models to
t, these discrepancies should be seen as valuable opportuni-
ties for new insights. The same applies to results that do not
yield the expected material or catalytic activity; such data is
oen excluded from publications or patents as it may be
perceived as a distraction. Such results can lead to a better
understanding of what drives or inhibits a catalytic system. In
this sense, learning from ‘negative’ results is crucial to advance
scientic research. Thus, creating a culture of documenting
negative results is mandatory. To this end, journals and funding
agencies should promote and stimulate a change in the para-
digm of publication bias and incentivize proper documentation
of comprehensive datasets, avoiding selective reporting that
shapes ndings to t a preferred narrative.83 Novel publication
forms such as tutorials and articles that provide quick incre-
mental updates, such as the Commits article recently released
by Digital Discovery,84 are much-needed for the effective co-
development of soware-hardware workows.
5. Optimizing high-throughput
methods: insights from experience and
innovation

The optimization of HTmethods relies on the design of efficient
and well-integrated experimental and computational frame-
works. In this regard, HT workows should seamlessly connect
data from materials' synthesis, characterization, and catalytic
performance with a feedback loop.75 For example, a practical
HTE framework should enable the rapid screening of materials,
while an effective HTC should accurately predict materials'
properties before testing and optimizing reaction conditions.
The integration of both ideally should result in a parallel and
iterative workow where computational predictions inform the
experimental design and vice versa, which accelerates the
identication of new candidates. By systematically bridging
these frameworks, we can establish a cycle that minimizes
redundancy and maximizes discovery efficiency.

Similarly, leveraging historical data is essential to enhancing
the precision and efficacy of HT workows.76 Existing datasets,
including those from less successful or “negative” experiments,
are invaluable for elucidating material properties, optimizing
reaction conditions, and rening methodologies. The preser-
vation and conditioning of historical data and metadata can
guide researchers in identifying patterns, preventing redundant
experiments, and enhancing predictive models. Recent
advances in literature mining, particularly those leveraging
LLM agents,85 have shown that information from historical
sources can be systematically extracted and structured, offering
a cost-effective and scalable way to expand training datasets and
reveal trends that would otherwise be overlooked. Innovation in
HT research requires both adapting existing technologies and
creating novel ones. For instance, emerging techniques like AI-
driven optimization algorithms and automated synthesis plat-
forms can streamline discovery.15,86,87 Along these lines,
© 2026 The Author(s). Published by the Royal Society of Chemistry
integrating negative results is critical for diversifying AI data-
sets. As mentioned in Section 4, most databases document and
published literature predominantly report successful experi-
ments, while failed attempts or non-productive conditions are
underrepresented due to longstanding publication biases. This
lack of negative data leads to biased training sets for machine
learning models, including LLMs,88–92 which are oen ne-
tuned on scientic texts. Although these models are not
trained on nonsensical or erroneous data, their exposure is
limited to what is reported, typically positive results. This can
result in overly optimistic or incomplete suggestions when
LLMs are used in hypothesis generation or retrosynthetic
planning. Still, despite lacking ne-grained experimental
details, historical datasets offer valuable patterns and trends
that support both human and AI-driven discovery.

Adopting effective workows and datasets must go hand-in-
hand with developing new tools, such as next-gen HT spectro-
scopic techniques or reactors, which can provide more precise
data and enable new insights into molecular and material
behavior under different conditions. One should also democ-
ratize HT research by combining these principles with emerging
technologies such as AI and robotics to optimize HT research
further. This can only be accomplished by openly sharing data,
methodologies, and tools so that researchers worldwide can
easily access and build from well-funded research institutions,
bringing new perspectives and applications to the table and new
solutions. The seamless integration of new automated data
analysis and human expertise ensures that each experimental
run contributes to creating an incremental and continuous
learning feedback loop.

Finally, a crucial element in HT optimization is the
commitment to continuous, critical thinking to transition from
high-throughput to smart-throughput experimentation.93 Arti-
cial intelligence and machine learning approaches are
increasingly integral to both HTE and HTC workows. Bayesian
optimization and active learning can efficiently guide experi-
mental campaigns, ML interatomic potentials accelerate
atomistic simulations at near-DFT accuracy, and large-language
models canmine literature to reveal catalytic patterns. However,
realizing their full potential requires improving data diversity
and reliability, rening uncertainty quantication, and devel-
oping tighter integration between computational and experi-
mental pipelines. Researchers must rigorously assess and rene
experimental protocols, challenge assumptions, and embrace
new tools and methodologies for improved data interpretation.
This includes reevaluating experimental setups, adjusting
protocols, and adopting new programming skills alongside
knowledge of statistical or machine-learningmodels to enhance
data interpretation. Embracing feedback from successes and
failures allows for iterative growth in HT research, keeping in
mind that unexpected results can spark new hypotheses, ideas,
and discoveries.

6. Outlook

High-throughput catalysis stands at a transformative cross-
roads. As the demand for sustainable energy, efficient chemical
Digital Discovery, 2026, 5, 497–509 | 503
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processes, and advanced materials increases to support the
immediate and long-term changes needed, the catalysis
community must move beyond current bottlenecks, aiming for
bold innovation and strategic collaboration. This requires the
community to move beyond incremental improvements; it calls
for transformative shis in how catalytic research is envisioned,
executed, and analyzed. Through insights from our workshop
speakers and panel discussions, we have identied ve critical
focus areas for driving this transformation.

6.1. Embracing digital transformation in catalysis

The development of enhanced automated workows goes hand-
in-hand with integration platforms that combine synthesis,
characterization, and data analysis—in such platforms, experi-
mental and computational data directly inform machine
learning models and redene efficiency and precision. We
expect the eld to go smoothly beyond traditional procedures by
closing the HT catalysis loop, balancing human/computer
interventions, and removing the HT characterization time-
scale mismatch. A wilder vision of this future would expect to
achieve full autonomy on HT platforms with systems capable of
fully designing, executing, and rening experiments without
many interruptions and interventions, drastically accelerating
discovery and innovation and then focusing on incoming
challenges such as scalability and commercialization. It should
also be recognized that the study of heterogeneous catalysis is
intrinsically multiscale and inuenced by numerous interde-
pendent factors, including surface reaction networks, and mass
and energy transfer phenomena. Incorporating such complex-
ities into digital and data-driven frameworks remains a key
challenge for the eld.

6.2. Harnessing advanced data analytics for deeper insights

While high-throughput methods generate massive, complex
datasets, the real challenge will always remain the extraction of
meaningful insights. Using advanced analytics tools for data
integration and machine learning offers immense potential for
identifying hidden patterns and forecasting catalytic behaviors.
Despite the evident progress in these elds, inconsistent data
quality and limited accessibility continue to block the path to
discoveries. A clear example is that besides the advances in
natural language processing in mining scientic literature,
obstacles such as non-digitized data, paywalls, and unstruc-
tured reporting standards hinder comprehensive integration.
We encourage a shi towards open-access, machine-readable
databases with standardized data and metadata, which is crit-
ical in removing these hurdles. Nevertheless, it should be noted
that while there is widespread aspiration for open data, its
implementation raises legitimate concerns around intellectual
property, particularly in elds like catalysis, where data sharing
may conict with commercial interests and shareholder obli-
gations. This tension also extends to academia, which nds
itself at a crossroads: on one hand, promoting transparency and
collaboration; on the other, being increasingly pushed to
“valorize” its outputs. Acknowledging this dichotomy between
idealism and economic pragmatism, we believe that advancing
504 | Digital Discovery, 2026, 5, 497–509
open data initiatives will require new incentive structures, legal
frameworks, and cultural shis that make data sharing both
safe and valuable for all stakeholders. Moreover, while current
ML models prioritize incremental improvements within known
chemical spaces, their ability to uncover non-obvious, high-
performing candidates is expected to grow as datasets and
algorithms evolve, as recently discussed by Schrier et al.94 As
a result, the boundary between optimization and discovery may
increasingly blur, enhancing the potential of ML-HTE to surface
exceptional catalysts hidden in complex design landscapes. To
achieve this, the eld should move toward the development of
multimodal foundationmodels capable of learning transferable
representations from heterogeneous data—such as atomic
structures, spectra, and text—thereby bridging the gap between
in silico predictions and experimental reality.58

6.3. Promoting standardization, benchmarking, and
reproducibility

To benet from advanced data analytics, researchers must
adopt global efforts to standardize data collection methods,
experimental procedures, and characterization protocols to
address existing reproducibility challenges. For example,
detailed reporting templates should capture critical synthesis
conditions (e.g., temperature, reagent ratios, pH), catalytic
performance metrics (e.g., activity, selectivity, stability), and
catalyst/system characteristics (e.g., particle size, surface area,
reactor design). By adopting this approach, the community will
establish much-needed benchmarks for data quality, experi-
mental protocols, and characterization standards, ensuring
consistency across the eld. We invite the community to
embrace innovative publication formats, such as data journals
and platforms for negative results. These approaches will
enable new insights into material performance and enhance
transparency and scientic rigor in catalyst research.

6.4. Fostering a unied, interdisciplinary research
landscape

Groundbreaking discoveries in catalysis oen occur within
cross-disciplinary collaboration. Catalysis involves many disci-
plines, and breakthroughs will occur when chemists, engineers,
data scientists, and theorists work together to solve complex
problems. A key to successful collaboration is establishing
a shared scientic vocabulary—for instance, harmonizing
terms like “descriptor” in chemistry with “label” in computer
science enhances clarity and knowledge transfer. Thus,
fostering an interdisciplinary research landscape will require
creating and participating in interdisciplinary consortia with
shared research facilities and collaborative training initiatives
to solidify this approach.

6.5. Nurturing the next generation of catalysis researchers

As high-throughput tools become more sophisticated, it
becomes increasingly critical for training programs to equip
scientists with the necessary skills to meet this challenge.
Today, catalysis researchers are required to possess knowledge
and skills beyond traditional chemistry and materials science,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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including data science, automation, and computational
modeling. Thus, investing in educational programs and
professional development initiatives is mandatory to ensure
researchers can leverage new technologies to their fullest
potential. It is also crucial to reassure emerging scientists that
advanced technologies are not here to constrain their scientic
development or creativity. Instead, they should be regarded as
powerful tools that free them from tedious routine tasks,
enabling deeper intellectual exploration.

Beyond these overarching directions, it is important to
recognize that catalysis presents a unique set of challenges
distinct from those in broader chemistry or materials science.
Catalytic systems are inherently dynamic, operating under
nonequilibrium conditions and involving complex reaction
networks, multiscale transport phenomena, and evolving active
sites that are difficult to capture experimentally or computa-
tionally. Furthermore, bridging the gap between model and real
catalysts—across pressures, timescales, and reactor environ-
ments—remains a fundamental obstacle to predictive under-
standing. The interplay between catalyst structure, reaction
mechanism, and process conditions also introduces feedback
loops that complicate optimization efforts. Addressing these
catalysis-specic complexities will be fundamental for realizing
the transformative potential outlined above, ensuring that high-
throughput, data-driven approaches deliver meaningful
insights into real-world catalytic behavior.
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A. Aspuru-Guzik, Developing machine learning for
heterogeneous catalysis with experimental and
computational data, Nat. Rev. Chem., 2025, 9(9), 601–616,
DOI: 10.1038/s41570-025-00740-4.

20 M. Abolhasani and E. Kumacheva, The rise of self-driving
labs in chemical and materials sciences, Nat. Synth., 2023,
2(6), 483–492, DOI: 10.1038/s44160-022-00231-0.

21 G. dos Passos Gomes, R. Pollice and A. Aspuru-Guzik,
Navigating through the Maze of Homogeneous Catalyst
Design with Machine Learning, Trends Chem., 2021, 3(2),
96–110, DOI: 10.1016/j.trechm.2020.12.006.

22 M. Erdem Günay and R. Yıldırım, Recent advances in
knowledge discovery for heterogeneous catalysis using
machine learning, Catal. Rev., 2020, 63, 120–164.

23 K. McCullough, T. Williams, K. Mingle, P. Jamshidi and
J. Lauterbach, High-throughput experimentation meets
articial intelligence: a new pathway to catalyst discovery,
506 | Digital Discovery, 2026, 5, 497–509
Phys. Chem. Chem. Phys., 2020, 22(20), 11174–11196, DOI:
10.1039/D0CP00972E.

24 B. R. Goldsmith, J. Esterhuizen, J.-X. Liu, C. J. Bartel and
C. Sutton, Machine learning for heterogeneous catalyst
design and discovery, AIChE J., 2018, 64(7), 2311–2323,
DOI: 10.1002/aic.16198.

25 J. Benavides-Hernández and F. Dumeignil, From
Characterization to Discovery: Articial Intelligence,
Machine Learning and High-Throughput Experiments for
Heterogeneous Catalyst Design, ACS Catal., 2024, 14(15),
11749–11779, DOI: 10.1021/acscatal.3c06293.

26 N. H. Angello, V. Rathore, W. Beker, A. Wołos, E. R. Jira,
R. Roszak, T. C. Wu, C. M. Schroeder, A. Aspuru-Guzik,
B. A. Grzybowski, et al., Closed-loop optimization of
general reaction conditions for heteroaryl Suzuki-Miyaura
coupling, Science, 2022, 378(6618), 399–405, DOI: 10.1126/
science.adc8743.

27 C. Chen and S. P. Ong, A universal graph deep learning
interatomic potential for the periodic table, Nat. Comput.
Sci., 2022, 2(11), 718–728, DOI: 10.1038/s43588-022-00349-3.
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