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■ INTRODUCTION

Importance of Sharing Experimental Data

Science is an ever-evolving endeavor, with all new research
grounded in knowledge gained in previous studies and publi‐
cations. This applies not only at the level of theory and funda‐
mental knowledge, but also at the level of specific data. In the
context of enzyme research, that includes information on prop‐
erties such as protein production and folding, protein solubility,
stability, catalytic activity, together with specificity and stereose‐
lectivity, as well as regulatory effects as activation and inhibition,
and kinetics, which are crucial for multiple practical reasons.
In the fields of biology and biochemistry, the availability of
high-quality experimental data has already contributed to several
breakthroughs over time. One example is AlphaFold 2,1 released
in 2021, a machine learning-based tool that predicts the 3D
structures of proteins with unprecedented accuracy. Its release
represented a major breakthrough in structural biology, address‐
ing a long-standing challenge that had persisted for decades.
A key element in the success of AlphaFold was the large number
of experimental protein structures available in the Protein Data
Bank (ca. 159,000 in 2019).2 This was made possible because
the deposition of crystallographic, nuclear magnetic resonance
(NMR), and electron microscopy (cryo-EM) structures in a
uniform format into databases became the gold standard and
a strict requirement for their publication three decades before
the AlphaFold release.3,4 Thanks to the high quality and the
large volume of its data, the Protein Data Bank also enabled
the development of molecular docking and other tools. Other
examples are UniProt5 and BRENDA,6 databases that contrib‐
uted to functional prediction tools,7−9 metabolic modeling,10−12

and large-scale enzyme design efforts.13−16 Their success relies
heavily on community contributions, data quality checks, and
manual curation.

Bottleneck in Enzyme Engineering

Enzyme engineering and predictive biotechnology still face
numerous challenges.17 Predicting enzyme activity, selectivity,
stability, and solubility remains difficult, not only because of
the complexity of the underlying physical processes, but also
due to the limited availability and heterogeneity of high-quality
experimental data. The fast-evolving machine-learning techni‐
ques require training on reliable data to generate accurate predic‐
tions. Traditional low-throughput methods often offer greater
accuracy, reproducibility, and interpretability compared to cur‐
rent high-throughput techniques, and their contribution remains
highly valuable. Most research publications report experimen‐
tal results in the form of tables and figures. Naturally, these
results need to be presented in a form understandable to
humans who will read them. However, search algorithms often
miss such results, because they are either not available in a
machine-readable format or they are hidden in the Supporting
materials, which can be even harder to trace. Although several
high‑quality repositories exist, namely STRENDA DB18 and
SABIO‑RK19 for kinetic measurements, BRENDA6 for enzyme
functional annotations, and domain‑specific resources such
as FireProtDB and SoluProtMutDB for stability and solubility,
respectively, there is currently no universally mandated deposi‐
tion venue across journals and no uniform reporting practice
for stability and solubility data.20 This fragmentation leads to
heterogeneous metadata and inconsistency in unit conventions
and uncertainty reporting. Our recommendations, therefore, aim
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to articulate a coordinated, interoperable pathway that bridges
kinetic, stability, and solubility measurements under shared for‐
mats and vocabularies. This clearly represents a bottleneck in the
development of future tools devoted to engineering better bio‐
catalysts. The situation is gradually improving due to increased
community awareness of the need for open science and the
publication of data that adheres to the FAIR Data Principles
(see below). High-quality data repositories can only emerge
from community-wide agreement on how enzyme data are
reported. This entails: (i) consensus on standardized reporting
across disciplines and journals, and (ii) widespread adoption of
established author guidelines for enzymology and biocatalysis,
such as the STRENDA guidelines, now embedded in the author
instructions of 55 peer-reviewed biochemistry journals.18

Negative Data Matters

Apart from general data availability, to generate accurate predic‐
tive models, it is necessary to have balanced datasets contain‐
ing both positive and negative results. Otherwise, the models
will be biased and inaccurate. It is important to note that in
machine learning, data labelling as positive or negative is subjec‐
tive, typically based on the problem context: the positive class
usually represents the condition of interest, while the negative
class represents its absence. In what follows, we will refer to
“negative results” in the context of biocatalysis: the subset of
experimental conditions or protein variants tested that did not
lead to the desired outcome. Some examples include protein
variants that show a deleterious effect on the desired objective,
such as catalytic activity, those that have no detectable effect
within statistical limits relative to the reference (typically wild
type), or those that could not be characterized due to failed
expression or purification steps. This notion is often subjective
and experiment-specific: what is an undesirable outcome in
one experiment (e.g., compromised solubility and yield) can be
considered a success in another (e.g., formation of catalytically
active inclusion bodies to facilitate enzyme purification)21 or
change significantly in different experimental conditions (e.g.,
optimized expression). While positive data are available across
the literature, the negative or unsuccessful results are often left
unpublished.22 This type of data is highly valuable for training
robust predictive tools, thereby expanding the chemical and
structural diversity of datasets. Moreover, publicly available neg‐
ative data can prevent other researchers from repeating unsuc‐
cessful designs, thus helping to save resources and time. The
importance of publishing negative data has been acknowledged
within the scientific community.23,24 While many reputable jour‐
nals are reluctant to publish negative results, several others
explicitly encourage the dissemination thereof, including ACS
Omega, PLOS One, and the International Journal of Negative
Results. The primary objective of these journals is to reduce
publication bias, enhance scientific transparency, and provide
a venue for studies that contribute valuable insights despite
yielding non-confirmatory or null findings. Other recommended
means of publishing negative data include pre-print servers (e.g.,
bioRxiv), which enable rapid dissemination in a citable form.25

Methodological rigor and reproducibility are the primary criteria
for publishing negative data, as the absence of an effect must be
unambiguously distinguished from experimental limitations.

Central Role of Raw Data

Scientific publications typically report the experimentally meas‐
ured biophysical and biochemical parameters (primary data,

such as Tm, kcat or KM), along with the conditions under which
the measurements were performed, such as temperature, pH,
and other relevant conditions. Collectively, this contextual infor‐
mation constitutes the metadata, encompassing experimental
conditions, data processing workflows, and the statistical charac‐
terization of the processed data. However, the final values of
processed data (such as estimated parameters, errors, and corre‐
lations between parameters) are sensitively dependent on the
method of data processing and the unprocessed experimental
data itself (so-called raw data).26 In this context, the difference
between raw and primary data is that raw data are the unpro‐
cessed experimental readouts recorded by instruments, whereas
primary data are the processed and model-derived biophysical or
biochemical quantities extracted from those readouts. Without
reporting sufficient raw data, primary data, and metadata, the
published biophysical and biochemical parameters are not repro‐
ducible. Moreover, the quality and scientific value of enzymatic
data are determined primarily at the level of raw data acquisition.
Reproducibility depends on well-controlled experimental con‐
ditions and consistent performance across independent experi‐
ments, ensuring that observed effects reflect true enzymatic
behavior rather than technical variability.27,28 The selectivity of
the analytical method is essential for unambiguously attributing
the measured signal to the intended reaction, thereby minimiz‐
ing interference from side reactions, assay components, or matrix
effects. Sensitivity and error analysis of the assays define the
usable range and signal-to-noise ratio, directly affecting the accu‐
racy and precision of kinetic or thermodynamic parameters.29,30

Finally, the quality and proper characterization of enzymes, sub‐
strates, cofactors, and other reagents are critical, as impurities,
instability, or concentration errors directly propagate into the
raw data and ultimately limit the reliability and reproducibility
of the derived results.29,30 Similarly to the Protein Data Bank,
we encourage authors of scientific papers, database providers,
and dataset creators to provide the raw data in machine-readable
format, in addition to their primary data, as well as structured
and comprehensive metadata.

Importance of Standards in Experimental Data

The utility of the Protein Data Bank was fueled by imposing pro‐
tocols to which the deposited data must adhere and iteratively
improving them. In enzymology and biocatalysis, no standard
protocols are widely established, although sets of recommen‐
dations exist. Examples include the Standards for Reporting
Enzymology Data (STRENDA) guidelines,31,32 the STRENDA
Biocatalysis guidelines,33,34 or the protein purification guidelines
from the Protein Production and Purification Partnership in
Europe network (P4EU) consortium.20

FAIR Principles

In biochemistry, a wider implementation of the best practices in
data management is much needed,35 namely by publishing data
according to the FAIR (Findable, Accessible, Interoperable, and
Reusable) Data Principles.36,37 What does this mean? Findable:
data should be easy to locate using search engines and other
discovery tools. This includes using persistent identifiers (such
as Digital Object Identifier, DOI) and rich metadata that is both
human and machine-readable. Accessible: once data are found,
there should be a clear process for accessing them. This means
having clear protocols for requesting access and understanding
who can access the data. Interoperable: data should be structured
and described using shared standards to enable the integration
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of information from independent, non-cooperating resources
with minimal effort. This ensures that data can be combined,
exchanged, and automatically processed by independent com‐
munities and across diverse systems and platforms. This often
involves using standard formats and ontologies. Reusable: data
should be well annotated and have clear usage licenses so that they
can be easily reused in different contexts. In essence, the FAIR
principles promote the idea that research data should be treated
as a valuable resource that is readily available to the broader
scientific community. In practice, this translates into several
important steps: (i) documenting all experiments with standard
templates; (ii) saving raw and processed data in non-proprietary
formats, e.g., EnzymeML, SBML, CSV, ISA-Tab; (iii) annotating
them with rich metadata, e.g., STRENDA-compliant metadata
(see below); (iv) depositing data into recognized repositories,
e.g., STRENDA DB,18 SABIO-RK,19 BRENDA6 (supported by
ELIXIR; https://elixir-europe.org/), and Zenodo (https://zen‐
odo.org/); and (v) using open standards so both humans and
machines can reuse the knowledge. There are collective initiatives
formed by research, industry, archives, and policy-making entities
and communities that aim to implement the FAIR data principles,
such as GO FAIR (https://www.go-fair.org/) and the INCF
network (https://www.incf.org/).

STRENDA Guidelines

The STRENDA (https://www.beilstein-institut.de/en/
projects/strenda/) guidelines31−33 provide a set of standardized
recommendations for reporting enzyme kinetics data, aiming
to improve transparency, reproducibility, and data reusability
in enzymology and biocatalysis. These guidelines are divided
into two main levels of information, which describe the Assay
Conditions (Level 1A)38 and the Enzyme Activity Data (Level
1B),39 respectively, and can be obtained free of charge from
the respective website (https://www.beilstein-institut.de/en/
projects/strenda/guidelines/). They specify the minimum
required information that should be included when publishing
enzyme data, such as experimental conditions, enzyme infor‐
mation, substrate and product details, kinetic parameters, meth‐
ods, and data analysis. To maximize reusability, we encourage
deposition of full time‑course data (measured signal evolution
for substrate or product vs. time), not only the derived param‐
eters or initial rates. Analyses should, where feasible, employ
global fitting across multiple conditions (e.g., substrate concen‐
trations, pH, and temperature) to a shared mechanistic model.
The STRENDA guidelines are designed for rigorously reporting
kinetic and mechanistic enzymology data. In comparison, the
STRENDA Biocatalysis guidelines33,34 are tailored specifically
to biocatalysis and applied enzyme research, and they empha‐
size process-relevant performance metrics, reaction outcomes,
and scalability under industrially relevant conditions. We recom‐
mend reporting parameter correlations and profile‑likelihood
confidence intervals to address identifiability, alongside residual
diagnostics and information‑criterion comparisons for compet‐
ing rate‑law hypotheses (e.g., Michaelis-Menten). Moreover,
each data entry should record the assay readout, units, replicates,
uncertainty model (i.e., standard deviations or confidence inter‐
vals), the limit of detection of instruments, and the calibration
procedure. This enables unambiguous reuse by modelers and
meta‑analysts.

The EnzymeML project37 has been designed to fully adhere
to and promote the FAIR principles and the STRENDA guide‐
lines, within the best practices in managing enzymology data.

EnzymeML is an open, XML-based, machine-readable format
for documenting and exchanging biochemical and biocatalytic
experimental data. EnzymeML is a “container” that holds catalytic
activity and kinetic measurements, experimental conditions, and
metadata required by the STRENDA and STRENDA Biocatalysis
guidelines, and enables the seamless transfer of data between
laboratory notebooks, databases, and modeling tools.

Resources of Unexplored Experimental Data

Community’s Hidden Resources. Laboratories focused on
enzyme research routinely generate significant amounts of data
on enzyme characterization. Most such data are left unpublished
due to negative or inconclusive results. By this, we refer to failed
designs that showed poorer properties than expected and were
deemed unfit for publication. In other cases, some data are never
published because their quantity seems insufficient, the project
was terminated, or data collection protocols were poorly recorded,
among many other possible reasons. Globally, highly valuable data
remain unused, archived in laboratory notebooks, worksheets, and
internal databases, and are never released to the community.

Pan-European COZYME Community. COmputationally
assisted design of enZYMEs (COZYME, https://cozyme.eu/)
is a Pan-European collaborative network focused on the computa‐
tional design of enzymes. This network, funded under the COST
Action, started in 2022 and consists of three working groups
with the following aims: (1) computational optimization of global
enzyme properties, (2) computational optimization of catalytic
properties, and (3) experimental evaluation and characterization
of enzyme designs. The mission of COZYME is to advance
the field of enzyme engineering by developing and utilizing
cutting-edge computational tools. It brings together researchers
and industry stakeholders to collaboratively develop and imple‐
ment state‑of‑the‑art methods for computational enzyme design
and optimization at an industrial scale. It also includes the
advancement of experimental approaches to test and validate
computational predictions in the laboratory, as well as the training
of young researchers. This community was the ideal target for our
experiment, which involved collecting experimental data and is
described in the next section.

Acquisition of Experimental Data from the COZYME
Community. We have previously developed two compre‐
hensive, manually curated databases for experimental data:
FireProtDB (https://loschmidt.chemi.muni.cz/fireprotdb/)40 for
protein stability data, and SoluProtMutDB (https://losch‐
midt.chemi.muni.cz/soluprotmutdb/)41 for protein solubility
data. These databases aim to provide the community with organ‐
ized and curated information. By addressing numerous drawbacks
found in existing databases, they enable the development of
next-generation high-accuracy computational tools for predicting
mutational effects on protein stability and solubility. We have
previously launched campaigns to collect experimental data from
the community for inclusion in FireProtDB, but we have faced
limited success.

Recently, we approached the COZYME community with a
request to share high-quality positive and negative experimen‐
tal data with us. Some members expressed concerns. Under‐
standably, they were apprehensive about freely providing data,
which they had acquired with extensive funds, manpower, and
time, to publicly accessible databases. However, the general
response from the specialized enzyme- and mutagenesis-focused
COZYME community was very positive, revealing a strong
willingness to share their stability, solubility, and activity data
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(specific or total), both published and unpublished. We ini‐
tially presented our case and called for data collection at the
COZYME meeting in 2024. We created an online document
where members could freely express their interest in participating
and indicate the type and amount of data they could provide
(16 research groups responded). Because our initial interest was
to expand FireProtDB and SoluProtMutDB, we created submis‐
sion forms specifically for stability and solubility data (Supple‐
mentary Forms 1 and 2, respectively), which the contributing
members could easily use to unambiguously report their data.
To further improve participation, we also allowed submissions
in a user-customized format, given that the mandatory data
were present. Using our previous experience with publishing
experimental data in our databases, we specified the minimum
mandatory (points 1–4) and optional (point 5) information:

1. Authorship: author names, affiliation, and publica‐
tion information.

2. Reference protein of interest: protein name, amino acid or,
preferably, nucleotide sequence, etc.

3. Experimental conditions: expression system, experimental
method (i.e., the experimental technique used to obtain
the respective raw data), physical quantity, units of the
measured properties, etc.

4. Measured data points: variant name, mutations in
sequence, and measured parameters.

5. Optional fields were available for other typically repor‐
ted information, such as additional details or alternative
parameters (e.g., organism, nucleic-acid sequence, PDB ID,
UniProt ID, assay type, scan rate, Tm, ΔG, ΔΔG, Cp,
half-life, total concentration, soluble concentration, soluble
fraction, deep mutational scanning counts and enrichment
scores, etc.), but we decided to keep the overall complexity
of the forms as low as possible.

After we distributed the forms, we collected data for eight
months. During this period, we conducted quality control. In
case of ambiguity, we curated the submission in collaboration
with the contributors via e-mail communication or video calls.
The remaining steps were the deposition of the data in our
public databases, FireProtDB and SoluProtMutDB, and Zenodo. The
complete process of the data collection is illustrated in Figure 1A.

In total, data from 11 laboratories were collected, which
provided 536 data points (Figure 1B; Supplementary Table 1
and Supplementary Data 1). Here, we define a data point as the
outcome of a single independent experiment on a specific protein
variant, which provides one single quantitative value (e.g., melting
temperature Tm) or a set of inter-dependent quantities (e.g., Tm
and the Gibbs free energy difference ΔG). All the data received
concerned enzymes. Of these, 34 solubility data points were
not usable (6% of all the data), as they contained only stained
SDS-PAGE gels without an exact quantification of the soluble
fractions and a detailed protocol description, which are necessary
for accurate and reliable data reporting. The remaining data
referred to quantified information on solubility (52%), stability
(29%), and total or specific activity (13%). The stability data have
been deposited to FireProtDB and the solubility data will soon be
deposited to SoluProtMutDB. Due to our initial goals, the forms
were not prepared for reporting activity data. Nonetheless, some
of our contributors considered this a good opportunity to report
their unpublished data. These, and all the curated received data,
have been compiled and deposited in Zenodo.42

From the usable data, 13% contained information on wild-type
proteins, 22% on single-point mutants, and the majority (65%)
referred to multipoint mutants or homologues mined from
enzyme-mining campaigns. Interestingly, the stability data inclu‐
ded substantially more annotations for wild-type proteins than
the solubility data, as well as a greater number of repeated
measurements under varying experimental conditions (different
temperatures and pH values). The variant type distributions
revealed different mutational landscapes in the solubility and
stability datasets. Regarding the global diversity of unique proteins,
24 of them were wild-type (5%), 228 were mutants (51%), and
the remaining 199 (44%) were mined homologues. The reported
enzymes span four enzyme classes (EC1−EC4; Supplementary
Table 1), and the dataset is well balanced with respect to mutational
effects, encompassing both positive and negative values. Data
contributors were primarily located across Europe, with some
representation extending into Türkiye (Figure 1B).

Lessons Learned and Recommendations for Future Efforts

Call to Action. In the data collection campaign described
here, we obtained a large set of high-quality experimental data on
the solubility, stability, and activity of various enzymes and their
mutants (Supplementary Table 1 and Supplementary Data 1).
Importantly, the datasets included a balanced ratio of positive and
negative results under their respective applied experimental condi‐
tions. This would be impossible to obtain from regular literature
surveys, which tend to report predominantly positive results. For
permanent changes in this respect, a global shift in the current
culture is needed. The data collected here represents a promising
starting point, but future efforts should include more diverse
communities to enhance the generalizability of our approach.
Scientific journals and publishers must promote FAIR principles
for data sharing. While journals often require publishing data in a
supplement or as individual datasets, such data are scattered and
difficult to find. Similarly to the deposition of experimental protein
structures in the Protein Data Bank, the deposition of biochemical,
biophysical, catalytic, and kinetic data in public databases must
become a standard requirement for publication. We would like to
see the process undertaken by the Protein Data Bank during the
last decades of the past century, where deposition requirements
inspired the community to actually share their data, as we would
like to see mirrored in the biocatalysis community. In the case of the
Protein Data Bank, the International Union of Crystallography first
published their “Policy on Publication and the Deposition of Data
from Crystallographic Studies of Biological Macromolecules”,43

which was shortly after adopted by the NIH44 and the community
in the form of journal enforcement (reviewed by Berman et al.45).

Enabling Data Sharing at Scale. The first obstacle that
scientists encounter in sharing their data is the lack of suitable
deposition venues for the task. Positive results often find their way
to the wider scientific community, scattered across multiple arti‐
cles, which can subsequently be compiled into databases. However,
negative data are frequently buried in laboratory notebooks and left
unpublished, making them inaccessible to the broader community.
These high-quality laboratory data are extremely valuable for
training and testing novel predictive tools. Therefore, databases
that explicitly include negative data (supported by appropriate
repositories, metadata standards, and incentives as listed below)
are key for making this otherwise hidden treasure usable and
enabling sustainable, large-scale community data collection. Our
experience shows that even a simple standardized form (see above
and Supplementary Forms 1 and 2), and a correct incentive
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can encourage members of a small community to share their
experimental data. However, as emphasized by our contributors,
simplifying protocols and easing data-sharing requirements would
facilitate the process and promote broader participation in public
repositories. Therefore, reaching an appropriate balance between
minimal requirements and streamlined procedures is essential for
the successful and widespread adoption of data sharing.

Toward Better Predictive Tools. Increasing the accuracy
of next-generation computational tools for enzyme engineering
requires training predictive models on more extensive, diverse,
balanced, and high-quality experimental data. Learning from
the success of AlphaFold, this can be achieved with aggregated
community-sourced data. In an era where machine learning is
gaining momentum, the demand for large, reliable, diverse, and
balanced datasets is higher than ever. Only with such data will
accurate predictions be possible across diverse enzyme families.

However, reaching this point requires profound changes in how
data are made available to and by the community. The COZYME
community is dedicated to the development and validation of
computational methods for designing enzymes. Hence, members
are well aware of the need to improve state-of-the-art methods, and
this has had a positive influence on the amount of data gathered in
our current campaign (Supplementary Table 1 and Supplementary
Data 1).

Incentives to Increase Experimental Data Sharing. An
increase in the amount and quality of community-sourced positive
and negative experimental data is essential. Given the collaborative
nature of its objectives, the COZYME community is inclined
toward data sharing. However, extending such data collection ini‐
tiatives to broader scientific communities may present challenges.
We believe that a shift in the current situation towards that goal
can be attained through incentives and policy changes. Here, we

Figure 1. Community efforts to identify, curate, and deposit experimental data on mutational effects on enzyme properties. (A) Workflow of data
collection from the COZYME network. This workflow depicts the main steps of the process starting with: (1) specifying the required annotations,
(2) distributing the forms to the community, (3) receiving data submissions, (4) quality control and data curation, (5) homogenization of the
data formats per data type, and (6) deposition of the collected data into the public databases. (B) Statistical analysis on the collected data, with
its distribution by type (enzyme property), by variant (wild-type, mutants, and mined homologues), and the contributors’ locations in Europe
(Austria, Denmark, Germany, Greece, Italy, Poland, Portugal, and the UK) and Western Asia (Türkiye). (C) Possible future incentives to promote
data sharing and reciprocal contributions within the scientific community. These incentives can take several forms: (1) establishing standards for data
formats; (2) enforcement by journals and funding agencies to ensure data deposition in a standardized format; (3) community-driven initiatives, joint
publications, and competitions; and (4) implementation of a credit system for shared experimental data. The arrows in the workflow illustrate their
interdependencies, with the direction indicating which incentive promotes another.
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propose several approaches that could promote the widespread
sharing of data, which are related and interconnected (Figure 1C):

1. Standardization of published data: The data from biocata‐
lytic and enzymology experiments should be reported in a
standardized format for better processing using computers
(e.g., EnzymeML). An XML-based data exchange format,
designed to support the comprehensive documentation of
enzymatic experiments and their results, should become the
default means to publish experimental data. This data format
observes the FAIR principles and can store detailed informa‐
tion, including the reaction conditions, time-course data for
substrate and product concentrations, kinetic models, and
the resulting estimated kinetic parameters. Furthermore,
it can be easily parsed by routine programs. The standard‐
ization of published data (e.g., applying STRENDA or
STRENDA Biocatalysis guidelines) is a crucial working tool
and the first step towards widespread sharing of valuable
experimental data.

2. Policies of peer-reviewed journals: Peer-reviewed scien‐
tific journals should require the deposition of experi‐
mental data into standardized, FAIR-compliant databases
upon manuscript submission or acceptance. Editorial
boards can help by supporting policies that make full
data deposition a norm rather than an exception. For
instance, kinetic studies shall deposit raw time courses
and analysis scripts, as parameter‑only deposition is
insufficient. Authors should provide provisional acces‐
sion numbers or DOIs for each data type, and a Data
Availability Statement enumerating repositories, formats,
and licenses. Since the introduction of the STRENDA
Guidelines, sustained community efforts have already
resulted in more than 60 biochemistry journals rec‐
ommending compliance with the guidelines in their
author instructions, and more than 30 journals man‐
dating deposition of enzymatic data in the STRENDA
Database (https://www.beilstein-institut.de/en/projects/
strenda/). Negative outcomes are highly encouraged com‐
ponents of each dataset. The requirement of raw data
to facilitate alternative data processing will increase reus‐
ability and prevent fraud. An example of a successful
enforcement is the requirement for deposition of exper‐
imental protein structures in the Protein Data Bank as
a prerequisite for publication, introduced following a

community petition in 1989.43 Platforms such as Zenodo
enable this approach and can host several tens of gigabytes
of experimental data. In Table 1 the preferred formats and
deposition targets are presented for different types of data.

3. Policies of funding agencies: Funding bodies can promote
data sharing by including it as a criterion in grant evaluations
and providing necessary funding for data curation, depo‐
sition, and maintenance. Publicly funded projects, such
as COZYME, can implement analogous actions for data
collection, curation, and sharing. Such actions should be
supported and encouraged by grant providers.

4. Collaborative publications: Consortia are a privileged
means to enable the publication of joint, community-driven,
peer-reviewed articles that aggregate biochemical and
mutational data across multiple research groups. Such
crowdsourced efforts can be organized similarly to
consortium-centered studies, where contributors are credi‐
ted through co-authorship or acknowledgement. A success‐
ful example is the P4EU-led community validation of
Protein Repair One Stop Shop.46

5. Community platforms and competitions: The launching of
open data challenges, competitions, or benchmarks using
shared datasets can promote engagement from both exper‐
imentalists and developers of predictive tools. Examples
include the ongoing protein binder design proposal by
Adaptyv Bio (https://www.adaptyvbio.com/)47 and the
protein structure predictions by the Critical Assessment
of Structure Prediction (CASP).48,49 These are ways of
generating highly homogenous and balanced data through
community efforts, e.g., Adaptyv Bio expressed 400 designs
by 130 groups in 2024 (1000 designs by 650 teams in
2025), and tested them under standardized conditions. This
approach can both spotlight contributors and stimulate
methodological innovations.

6. Recognition systems: A formal credit system for data
sharing, analogous to Publons for peer review and now
integrated into Web of Science, could incentivize research‐
ers to deposit well-curated datasets in public repositories.
Contributors could earn citations, ORCID-linked metrics,
or badges reflecting their contribution to Open Science.
One example is the Data Optimization Model Evaluation
(DOME) registry (https://registry.dome-ml.org/), which
highlights top contributors who publish machine learning

Table 1. Data Types, Preferred Formats, and Deposition Targetsa

   data type preferred formats primary repository minimal datab

kinetics EnzymeML; SBML/PEtab; CSV
for raw matrices; analysis scripts

STRENDA DB; SABIO
RK; BRENDA

rate law; initial concentrations (of enzyme, substrate(s), cofactors, and
modifiers); kinetic model selection; confidence intervals; raw time
courses; analysis code and computational environment (software,
version, dependencies)

stability EnzymeML; CSV; analysis
notebook

FireProtDB, ProTherm raw measurements; stability model; calibration; assay modality; replicates;
uncertainty

solubility and
expressibility

CSV with defined readout;
ontology terms

SoluProtMutDB experimental readout (absorbance, fluorescence, activity class, etc.);
thresholds; controlled vocabulary category; host/induction

aHere, we list the preferred formats and repositories for the different types of data. Zenodo is recommended as an alternative and general repository
for metadata and raw data. bMinimal data refers to the information required to interpret, reproduce, and reuse the data; additional domain-specific
metadata may be required depending on the experimental context.

ACS Catalysis pubs.acs.org/acscatalysis Viewpoint

https://doi.org/10.1021/acscatal.5c07904
ACS Catal. 2026, 16, 8858−8868

8863

https://www.beilstein-institut.de/en/projects/strenda/
https://www.beilstein-institut.de/en/projects/strenda/
https://www.adaptyvbio.com/
https://registry.dome-ml.org/
http://pubs.acs.org/acscatalysis?ref=pdf
https://doi.org/10.1021/acscatal.5c07904


methods that follow the standardized reporting guidelines
recommended by DOME.50,51 Datasets should be assigned
DOIs, as done by repositories such as the Protein Data Bank
or Zenodo, and linked to contributors via ORCID under
permissive licenses (e.g., CC BY 4.0) to ensure recognition
and reuse. STRENDA DB is a good example of a recognition
system already in place, since: (1) it assigns a citable DOI
to each deposited dataset, (2) it certifies the compliance
of the data with the minimum reporting requirements, and
(3) more than 30 journals require authors to deposit their
data into the STRENDA DB as part of the manuscript sub‐
mission process (https://www.beilstein-institut.de/en/
projects/strenda/).18 Journals and funders should recog‐
nize dataset DOIs as first-class research outputs and
acknowledge reviewer credits for dataset curation.

7. In practice, individual laboratories may encounter difficul‐
ties in adopting the standards proposed herein, primarily
due to time and financial constraints, as well as the need to
integrate raw data collection into their routine workflows.
These challenges can be mitigated through the development
and widespread use of automated data capture tools and
standardized submission formats.

■ CONCLUSIONS

To achieve further breakthroughs in the fields of biocatalysis,
protein engineering, metabolic engineering and synthetic biol‐
ogy, enhanced reporting and standardization of high-quality
experimental data are essential to improve data availability,
comparability, and reuse. Our experience with the specialized
Pan-European COZYME community network enabled us to
gather a significant amount of data on enzyme stability, solubil‐
ity, and activity, and it taught us several valuable lessons. For
effective long-term improvements, multiple changes must be
in place. Here, we propose several actions that can promote
such a shift in the scientific culture. Some examples include the
default proceedings for publishing data in scientific papers, along
with the standardization and FAIRness of the published data.
Sustainability requires governance beyond a single project cycle
and funding models that combine modest community member‐
ship fees with competitive grants focused on interoperability. An
example of this model is ELIXIR (https://elixir-europe.org/),
an intergovernmental organization that brings together life sci‐
ence resources from across Europe, coordinating them so that
they form a single infrastructure. ELIXIR is partly funded
through state member contributions (often channeled through
member organizations) and also supported by European and
international grants. The successful implementation of some of
the changes proposed here will permanently benefit the entire
scientific community and biotechnology industries.
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◼ GLOSSARY

BRENDA BRaunschweig ENzyme Database with
biochemical and molecular information on
enzymes.

CASP Critical Assessment of Structure Prediction,
is a biennial, worldwide competition
that provides a rigorous, blind test of
computational protein structure modeling
methods.

CC BY 4.0 is a license that allows others to copy,
distribute, remix, and build upon a work, even
for commercial purposes, as long as they give
appropriate credit to the original creator and
indicate if changes were made.

COST European Cooperation in Science and
Technology, is an EU-funded initiative that
supports the creation of interdisciplinary
research networks across Europe and beyond.

COZYME COmputationally assisted design of enZYMEs,
is a Pan-European collaborative action funded
by COST that aims to develop and improve
computational tools for enzyme design and
engineering.

CSV Comma-Separated Values, is a simple,
text-based format for tabular data, where
values are separated by commas and rows are
separated by newlines.

DOI Digital Object Identifier, is a unique,
permanent, and persistent alphanumeric string
assigned to digital resources, such as scientific
articles, datasets, and books.

DOME Data Optimization Model Evaluation, is a
centralized, structured database that serves
as a repository for information on published
machine learning studies, particularly in
biology.

EnzymeML is an Extensible Markup Language
(XML)-based data exchange format that
supports the comprehensive documentation of
biocatalytic data.

FAIR Findable, Accessible, Interoperable, and
Reusable, referring to scientific data.

FireProtDB is a comprehensive, manually curated database
of protein stability data.

INCF The International Neuroinformatics
Coordinating Facility network, is a
global collaborative forum of researchers,
institutions, companies, and publishers
dedicated to advancing neuroinformatics.

ISA-Tab Investigation, Study, Assay, is a structured,
multi-file format used to describe complex
experimental metadata.

P4EU Protein Production and Purification
Partnership in Europe network.

SABIO‑RK System for the Analysis of Biochemical
Pathways − Reaction Kinetics, is a
comprehensive, manually curated public

database for biochemical reactions and their
kinetics.

SBML Systems Biology Markup Language, is
an XML-based file format designed for
representing and exchanging computational
models of biological processes.

SI International System of Units, is the modern
form of the metric system.

SoluProtMutDB is a comprehensive, manually curated database
of protein solubility data.

STRENDA Standards for Reporting Enzymology Data, is a
set of guidelines to ensure enzyme activity and
kinetic data reported in scientific publications
are complete, accurate, and reproducible.

STRENDA DB is a database that validates and stores enzyme
function data based on the STRENDA
Guidelines.

UniProt Universal Protein Resource database of protein
sequence and functional information.

Zenodo is a free, open-access repository that allows
researchers to share and preserve various
research outputs, including datasets, software,
and publications, in any file format.
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