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Journal Name

Database Utility for Cyclovoltammetry Knowledge
(DUCK): unified platform for electrochemical data

Diego Garay-Ruiz,a Sergio Pablo-García,b Han Haob and Marisol Martín-Gonzáleza,∗

Cyclic voltammetry (CV) is a valuable tool for electrochemistry, providing qualitative and quanti-
tative information about redox processes taking place in solution. Despite its ubiquity, the lack of
standardized reporting and sharing protocols significantly hinders data reusability and reproducibil-
ity. Here, we present DUCK (Database Utility for Cyclovoltammetry Knowledge), a comprehensive
platform for organizing, analyzing and exploring CV data through ontology-based knowledge graphs.
The system comprises three components: (1) CVOnto, a formal ontology for electrochemical CV
measurement data, (2) DUCK-KG, an automated tool for the generation of knowledge graphs from
experimental metadata, and (3) DUCK-Viz, an interactive web interface for visualization and analysis
of CV data. We demonstrate applicability across two distinct domains: 130 CV experiments from
electrodeposition studies in traditional laboratories, and 79 automated measurements from metal-
ligand complexes in self-driving laboratories, performing Bayesian optimization workflows. The ap-
plication to these two paradigms demonstrates DUCK’s potential as a unified platform implementing
FAIR data principles for the electrochemistry community.

1 Introduction
One of the most important characterization techniques in electro-
chemistry is, undoubtedly, cyclic voltammetry (CV), which pro-
vides insights into key aspects such as reaction kinetics, electron
transfer processes and their coupled chemical steps, among other
relevant features1–4. CV is based on the application of a sweeping
potential (V), at a given scan rate, on a three-electrode cell setup
containing a given set of electrolytes. The intensity (I) response of
the setup is measured across the potential scan, registering peaks
as the different species in the solution get reduced or oxidized at
the working electrode at a given potential. Figure 1 showcases
a simple example of the I vs E plots obtained after the measure-
ment.

The analysis of a single CV characterization does already pro-
vide a large amount of important qualitative (plot shape) and
quantitative (potential and intensity of the peak, inter-peak sep-
aration) information about the target system. Moreover, further
details can be obtained by modifying the conditions of the elec-
trochemical setup, such as reactant concentrations or scan rates,
to produce additional measurements.

Therefore, CV has become a routine characterization technique
for almost any electrochemical application. As an example of this,
we may highlight electrodeposition processes, in which differ-

a Instituto de Micro y Nanotecnología, IMN-CNM, CSIC (CEI UAM+CSIC), Isaac New-
ton, 8, 28760, Tres Cantos, Madrid, Spain
b Acceleration Consortium, 700 University Ave, M7A 2S4, Toronto, Canada

Fig. 1 Example of a reversible CV intensity vs potential plot, identifying
the oxidation (right) and reduction (left) peaks for a simple X++e− → X
redox process.

ent kinds of materials are applied as coatings over a given sur-
face through the application of external current5. The setup of
this widely-used, cost-effective approach for the development of
layered materials and devices is founded on prior CV measure-
ments6,7 that enable the identification of the ideal conditions,
like the target potential for the process.

As a consequence, electrochemical laboratories produce large
amounts of CV data, which unfortunately is often undervalued
and not properly shared. Despite the ubiquity of CVs in electro-
chemistry, there does not seem to be a universally adopted stan-
dard to store, share and reutilize this information in a reliable
and trustworthy way, especially considering the complex nature
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of electrochemistry experiments. The organization and accessibil-
ity of experimental data is increasingly critical for scientific pro-
cesses, particularly as laboratories transition towards automated,
data-intensive operations. Therefore, there is a growing need for
suitable strategies to apply the FAIR (Findable, Accessible, Inter-
operable and Reusable) principles8 to cyclovoltammetric data.
Among previous efforts on the topic, we can remark the initia-
tive from the NFDI4Chem consortium9, developing open-source
tools and schemes for the production of FAIR Data from Electronic
Lab Notebooks (ELNs) such as Chemotion10. This procedure ex-
tracts and standardizes the information in the ELN, generating
a hierarchy of files that can then be hosted in general-purpose
repositories like RADAR11 or Zenodo.

The development of FAIR data management schemes for CV
data becomes even more important when taking into account the
growing development of self-driving laboratories (SDLs)12–16.
The automation of electrochemistry in SDLs directly implies the
production of large amounts of high-throughput data, includ-
ing, of course, the performance of many CV characterizations17.
In this context, standardization protocols could be coupled to
the output of these SDLs, immediately producing well-organized
databases to enhance the reutilization of the data and the over-
all reproducibility of the experiments. Moreover, such a protocol
would simplify the connection of automated and traditional elec-
trochemical experiments, which should not be disregarded. De-
spite the enormous potential and increasing relevance of SDLs for
current chemistry, "traditional" laboratories (TLs) are still a funda-
mental part of science and will coexist with SDLs for the foresee-
able future. Thus, making the results from both paradigms inter-
operable through a common schema would contribute to bridge
the gap between them.

As in most fields of science, Artificial Intelligence (AI) tools
have had a big impact in electrochemistry. Problems that have
been tackled by means of AI range from circuit modelling via
statistical machine learning18, or, in the context of CVs, the au-
tomated identification of electron transfer mechanisms from CV
curves19,20. In light of this and regarding the huge impact of AI in
modern science, the relevance of well-organized electrochemical
databases to streamline the utilization of datasets is evident.

Looking at the bigger picture, it is clear that CV is only an in-
dividual part of electrochemical setups, where many more tech-
niques should be taken into account to tackle a fully digitalized
and FAIR approach to electrochemistry. Nonetheless, their impor-
tance and relative simplicity provide an ideal starting point for the
development of this kind of standardization schemes, as also pro-
posed by Herrmann et al.9, paving the way for further extensions
until the completion of the puzzle.

One of the leading approaches for the management of under-
standable and transferrable data is the Semantic Data framework,
based on the definition of ontologies, where a taxonomy for a
given field of interest is built defining the key elements of the
field (classes) and their relationships (properties)21–23. Then,
data can be transformed to a knowledge graph (KG), a machine-
readable structure that emphasizes the interconnection between
related elements and enables the exploration of data by means
of SPARQL(SPARQL Protocol and RDF Query Language) queries.

The relevance of ontologies in science has been growing along the
last years, with multiple efforts arising in diverse fields such as
biosciences24,25, chemistry26–29 or Materials Science30–34. KGs
have also been combined with Large Language Models (LLMs)
for literature mining, facilitating the ETL (extraction, transforma-
tion and load) pipeline required to process information and build-
ing foundations for AI applications, as applied to aspects such as
catalysis35 or electrochemistry36. KG-based Retrieval Augmented
Generation (RAG)37 has also been introduced as a way to im-
prove LLM responses by addressing hallucination issues. In line
with this, ontologies and knowledge graphs are an ideal com-
panion to self-driving laboratories, ensuring the FAIRness of the
acquired data right from the source38,39.

In this work, we propose an ontology-based scheme to handle
CV data, in connection with data sourced from both traditional
and self-driving laboratories, remarking the potential of seman-
tic data schemes for cross-institutional data integration. This ap-
proach is fully in line with current European projects, such as
the NFDI4Chem consortium, whose current roadmap40, explicitly
proposes the establishment of KGs for cross-institutional chemical
data management as a core guideline. Apart from the data struc-
ture itself, we provide a complete toolkit tackling the generation
of the knowledge graph from the corresponding data and meta-
data, as well as a visualization tool to leverage the data organiza-
tion scheme. With these tools, DUCK conforms not only a relevant
data standard in alignment with current research trends, but also
a practical tool of immediate use for electrochemical laboratories.

2 Structure of the program
The Database Utility for Cyclovoltammetry Knowledge (DUCK),
outlined in Figure 2, is a platform that manages the whole data
pipeline from the collection of experimental CV results to their
visualization and exploration.

Fig. 2 Schematic depiction of the proposed data pipeline for DUCK.

The structure of DUCK is based on three main components:

• CVOnto: ontology, based on the Elementary Multiperspec-
tive Materials Ontology (EMMO)41,42 to structure the data.

• DUCK-KG: automated script to build a knowledge graph,
based on CVOnto, from the metadata associated with each
CV measurement.
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• DUCK-Viz: browser-based application for the visualization
and exploration of the data contained in the knowledge
graph.

As depicted in Figure 2, our platform has been designed to
manage data from both traditional laboratories (TLs) and self-
driving laboratories (SDLs). In this way, it becomes possible to
seamlessly integrate information coming from any of these two
paradigms, highlighting their complementarity. On one hand, the
connection with SDLs enables the direct treatment of the very
large amounts of data produced by automated high-throughput
setups. On the other hand, traditional setups are still an essential
source of electrochemical information, both in terms of perform-
ing novel experiments and reutilizing existing data by adapting it
to a common, interoperable standard.

Because of this duality, a major goal of this scheme is to remain
simple enough to minimize the possible user frictions when pro-
viding metadata. Given that in many cases this information will
not be fully digitalized but instead only available in laboratory
notebooks, we decided to base CVOnto on a small subset of data
to simplify the adoption of the protocol for TLs. In this way, DUCK
does only require very simple metadata, provided as a spread-
sheet with individual records for each CV measurement. This is
a main difference with the ELN-based strategy mentioned previ-
ously9, where laboratories are already expected to work with a
digital lab notebook. As the learning curve for the use of ELNs
can be quite steep for non-experienced users, a simpler approach
such as ours can be helpful to increase the engagement of the
general community.

2.1 Ontology development: CVOnto

Fig. 3 Schematic depiction of the proposed data structure for CV infor-
mation. Rounded rectangles correspond to main classes, and circles to
data properties. Colors correspond to hierarchy levels: CV measurement
(orange), electrochemical cell (blue), electrodes and solution in the cell
(pink), components of the solution (green) and chemical species (yellow).

We considered ECHO (Electrochemistry Domain Ontology), the
electrochemical extension43 of the Elementary Multiperspective
Materials Ontology (EMMO)41,42 as the main source of terms
for our description of CV data. EMMO has emerged as the
standard foundation for ontologies in Materials Science, with

domain-specific conventions providing robust community con-
ventions: in our case, electrochemistry. Following the strategy
used by the Battery Testing Ontology (BTO)34, we circumvented
the non-readability of EMMO terms, whose identifiers (Universal
Resource Identifier, URI) do not include the name of the term,
by redefining them with new URIs made equivalent to the orig-
inal EMMO terms, strongly increasing the readability of future
SPARQL queries.

The basic structure of our proposal contains five main levels,
depicted in different colors in Figure 3. First, a specific CV exper-
iment is defined and associated to a table containing the actual
current vs. voltage data from the measurement, as well as to
its voltage scan rate. For simplicity, this raw data is stored in a
SQLite database mapping experiment IDs to the CSV-formatted
table, which will be referenced from the KG through the corre-
sponding URI. Then, the second level corresponds to the elec-
trochemical cell set up for the experiment, which is related to
the four elements in the third level: three electrodes (working,
counter and reference) and the electrolyte solution. Regarding
the electrolyte solution, we may define multiple data properties
(pH, conductivity and temperature) associated to the measure-
ment, together with the individual chemical components of this
solution (fourth level). Here we find the solvent, and the N pos-
sible solutes dissolved in it. For each solute, we must define a
concentration, and the corresponding chemical compound, as the
final level of the data structure. The compound could then be
linked to any other chemical ontology if a more expressive de-
scription of its behavior and properties was desired. In this con-
text, any connections or extensions over the framework would
require direct modifications on the CVOnto ontology. However,
the flexible nature of semantic graphs streamlines the application
of this kind of updates, enabling an iterative development. From
this structure and considering a set of multiple CV experiments,
such as an historic of measurements collected in a given labo-
ratory, we can build a knowledge graph, for which a simplified
depiction is presented in Figure 4.

This strongly simplified representation aims to highlight the
connections between experiments that arise upon the generation
of the graph. In this case, CVs (in orange) become connected at
the fourth level of the hierarchy (in green), due to their solutions
having common solvents and/or solutes. The existence of these
paths between related experiments is the foundation of SPARQL
queries, a fundamental tool for the further utilization of KGs for
filtering and processing tasks. The power of using KGs, in com-
parison with alternative approaches for FAIR CV data focused on
repositories9, lies in bringing together these related experiments
in a single entity, enhancing the detection of patterns throughout
the dataset. For instance, independent KGs generated from two
different laboratories could be easily interconnected, exploring
them altogether to find new connections.

2.2 Automated KG generation: DUCK-KG

The DUCK-KG component is a Python tool that generates knowl-
edge graphs based on the CVOnto ontology from user-supplied
metadata. This metadata is passed as a single CSV file contain-

Journal Name, [year], [vol.],1–10 | 3

Page 3 of 11 Digital Discovery

D
ig

ita
lD

is
co

ve
ry

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/1

4/
20

26
 1

1:
18

:1
0 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6DD00019C

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6dd00019c


Fig. 4 Schematic depiction of a knowledge graph based on CVOnto.
Colors correspond to the levels outlined in Figure 3: CV measurement
(orange), electrochemical cell (blue), electrodes and solution in the cell
(pink), components of the solution (green) and chemical compounds
(yellow). Hatched green squares correspond to solvents, empty green
squares to solutes.

ing one record for each CV experiment, containing: name, elec-
trolytes and their concentrations, solvent, electrode composition
(working, counter and reference), temperature, pH, solution con-
ductivity, and the timestamp of the measurement. Optionally, an-
other file might be passed, specifying the ions coming from elec-
trolyte dissociation (e.g., AgNO3 → Ag++NO−

3 ). In general, we
recommend to follow standard naming conventions (e.g. IUPAC)
— nonetheless, DUCK does not enforce any specific criterion, en-
suring total flexibility. Details on the format of these files are
available in the Supporting Information.

Apart from the metadata, the actual CV measurements (I vs.
E curves) should also be regarded. For simplicity, this is done
through a minimal SQLite database, which contains a single table
where the CV experiment IDs are mapped to the raw content of a
CSV file with columns for current and voltage.

Once the KG is constructed through this component, it is pos-
sible to apply SPARQL queries to the dataset, enabling users to
easily extract relevant information. While it is possible to directly
write custom SPARQL code against the KG, DUCK also provides
tools to simplify the generation of common queries via Python
(see Supporting Information). This semantic querying show-
cases the main advantage of DUCK against "traditional" data shar-
ing based on unstandardized data deposition on general-purpose
repositories, leveraging data structure to enhance the discover-
ability of the information in the dataset.

Furthermore, additional properties beyond the basic metadata
scheme, such as externally defined peak positions or further de-
tails about the cell setup (interelectrode distance, electrode con-
ditioning, inert atmosphere, electrode geometry, number of cycles
per voltammogram...) can be incorporated to the KG to enrich the
final description.

2.3 Visualization of CV data: DUCK-Viz

Apart from the mere standardization of data, DUCK leverages
the produced knowledge graph to enable the user to interactively
explore all the experiments in the collection, via the browser-
based dashboards generated by the DUCK-Viz component.

Figure 5 showcases the main features of the component. On the
top side of the dashboard, the full metadata table can be directly
consulted, while at the bottom an interactive plot containing all
CV measurements is presented. Over this plot, it is possible to
zoom, pan, or hide/show requested traces. The side panel en-
ables the most important functionality of DUCK-Viz, which is the
possibility of filtering the results by the presence of specific com-
pounds, the author of the measurement, the solvent, or combi-
nations of all these factors. When these filters are toggled, the
table and the plots are automatically updated, only showcasing
the entries fulfilling the requested conditions. Moreover, regard-
ing the plots, it is also possible to group the selected voltamme-
tries by their composition, obtaining individual panels for all the
measurements sharing the same species and concentrations, to
explore variations associated to temperature, pH or even detect
outliers, where very similar conditions lead to very different I vs.
E profiles. It is worth mentioning that, while in principle voltam-
mograms are displayed just as stored, DUCK-Viz can scale the po-
tential of each measurement to a common scale (Standard Hydro-
gen Electrode — SHE), with the potential of the reference being
included in the KG upon generation if the name of the reference
electrode material matches an internal database. This ensures
the comparability of CV profiles coming from different sources
with inconsistent reference electrodes. Going beyond these ex-
ploratory features, DUCK-Viz does also enable a more thorough
interpretation of the data in the KG. The analysis mode allows to
choose between the individual CV measurements in a given se-
lection, automatically locating the peaks across the profiles. We
employ the algorithm implemented in the SciPy package44, with
two main control parameters: the minimum inter-peak distance,
which can be directly modified by the user in the DUCK-Viz inter-
face, and the relative prominence of the peak. For the latter, we
apply an adaptive criterion based on the largest absolute intensi-
ties in each CV on the positive and negative directions. Through
this approach, we obtained a reasonable peak identification for all
the measurements in the TL dataset (Section 3.1). However, lim-
itations might arise for situations such as overlapping peaks, high
background current, or irreversible electron transfer processes.
To address this, apart from planning improvements for the algo-
rithm, it is also possible to detect peaks with external procedures
or manual annotation, and then include this information in the
KG via DUCK-KG to be visualized in the dashboard. As we will
discuss in the Applications section, this flexibility is essential to
properly couple DUCK with automated closed-loop optimization
workflows requiring performance indicators, such as Bayesian op-
timization campaigns maximizing peak potential.

DUCK can also be employed to explore the electrochemical re-
actions happening across a voltammogram. To obtain the nec-
essary information, an additional component (DUCK-MP) con-
nects to the Materials Project API to query the phase stability
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Fig. 5 Main interface of DUCK-Viz exploration dashboard.

information (stoichiometries and energies) for all the unique el-
ement combinations across the KG, which is then stored as a
JSON file. From this phase information, DUCK-Viz can retrieve
the stable phases for a given voltammogram, using element com-
position, concentrations and the pH value of the measurement
to determine the corresponding regions across the Pourbaix dia-
gram. Then, this information is added to the voltammogram in
the analysis mode, highlighting regions with different phases in
different colors to determine the reactions that happen along each
of the peaks. The complete Pourbaix diagram around the target
pH can be plotted below the CV, completing the description of
the system (see Figure 8 in the Applications section and Figure
S1 in the Supporting Information). However, we emphasize that
this Pourbaix-based phase identification should be interpreted as
a mostly qualitative guide to the possible reactions happening in
solution; these diagrams represent thermodynamic equilibrium
conditions, which are not often achieved under common CV scan
rates (10 - 500 mV/s) due to kinetic phenomena such as overpo-
tential or mass transport limitations. In this way, the potentials
observed in the cell may differ from the standard ones. Thus, we
recommend users to combine the interpretation of DUCK analysis
results with complementary techniques (e.g. spectroelectrochem-
istry) for definitive mechanistic interpretation.

2.4 Implementation and future design
The knowledge graphs generated and employed by DUCK are
serialized in the RDF/Turtle (RDF — Resource Description Lan-
guage format). The current approach regards a fully local setup,
directly employing Python tools for the establishment of the triple
store used for KG querying. Nonetheless, in the near future we

aim to directly integrate DUCK with graph database servers (e.g.
Blazegraph, Neo4J, etc), setting up a community resource to host
CV data from multiple sources and developing an API for pro-
grammatic data access. A main goal for this future community-
wide database is to be robust data source for the development
of ML/AI models based on cyclic voltammetry. While as afore-
mentioned previous studies have already employed CVs for ML-
based studies4,19,20, ontology-structured data will enable more
systematic and reproducible ML workflows to be developed, so
complex problems like electrodeposition mechanisms can be ad-
dressed. For instance, although out of the scope of this commu-
nication, DUCK-generated KGs might be employed to apply RAG
methods37 for higher-quality LLM interaction.

3 Applications
As a proof of concept for our methodology, we constructed two
datasets from different sources and employed them for the gen-
eration of knowledge graphs based on CVOnto.

• TL dataset: collection of 130 CV experiments from the
FINDER group, corresponding to the characterization of sys-
tems used as target for electrodeposition experiments.

• SDL dataset: collection of 79 experiments performed in-situ
in a SDL setup, considering metal ions and ligands in solu-
tion following previous works17.

We then created KGs for each of the individual datasets, via
DUCK-KG, and explored different aspects of the corresponding
graphs and their associated CV plots.

Journal Name, [year], [vol.],1–10 | 5
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3.1 TL dataset

This dataset focuses on electrochemical measurements for solu-
tions employed for electrodeposition processes, targeting mate-
rials like bismuth telluride45–50, zinc oxide51,52, copper-nickel
alloys53, PEDOT54 and copper and silver selenides55,56. Here,
CVs provide essential insights on the behavior of the solution,
determining the peak potentials at which deposition should take
place — we refer the reader to the publications cited in the pre-
vious paragraph for further details about the specific setups and
applications of each system. Thus, the dataset comprises multiple
metals (Ag, Cu, Ni, Zn, Fe) and semimetals (Bi, Se, Te), at varying
concentrations and pH values.

Fig. 6 Representation of the complete KG for the TL dataset, colored
by the source ontology of each node: green for CVOnto (including the
individuals for the dataset), blue for EMMO, orange for echo, red for
CHEM (Chemical Substance Domain Ontology), and purple for other
terms (including data properties and general definitions outside the main
namespaces).

The corresponding KG (Figure 6) contains 3312 nodes and
10865 edges. While this view clarifies the deep interconnection
of the underlying structure, it is of course quite hard to parse.
Nonetheless, this structure can be exploited through queries to
retrieve specific node types, following the scheme in Figure 3,
and thus determine more chemically meaningful connections. To
illustrate this, we considered a random selection of 50 of the CVs
in the dataset, and extracted only two core elements: the CV it-
self, and the chemical compounds associated to its corresponding
solution (Figure 7)

This representation shows the connection between voltamme-
tries in the dataset sharing common electrolytes, that get orga-
nized in six distinct subgraphs. The largest clusters correspond
to Bi/Te solutions (25 CVs, middle left) and to Ag/Se and Cu/Se
solutions (13 CVs, middle right), which are brought together due
to sharing H2SeO3 as one of the electrolytes. Smaller subsets can

Fig. 7 Example subset of a knowledge graph based on CVOnto, rep-
resenting CV measurements (orange) and chemical compounds (yellow)
for 50 randomly selected voltammograms from the TL dataset.

be identified for LiClO4 (6 CVs, bottom left), Ni/Fe (4, bottom
right), and finally for two distinct Zn salts, chloride and nitrate,
with one CV each (top). Thus, we get an immediate glance into
the underlying structure of the data, revealing the presence of
completely distinct sets of voltammetries at the chemical level in
the TL dataset (as separate clusters), as well as the amount of
measurements available for each of them. In this way, we high-
light how the complex, highly connected KG structure (Figure 6)
can be further simplified to provide more readable subgraphs con-
taining relevant pieces of information. While this might seem
trivial, we believe that it confirms the interest of employing graph
databases (KGs) to store and process this kind of data. Beyond
the mere visualization, these subgraphs aim to illustrate possi-
ble query patterns that might reveal important trends throughout
large datasets.

Furthermore, taking into account that the measurements of this
dataset were made with electrodeposition in mind, the analy-
sis mode of DUCK-Viz strongly simplifies the assessment of the
phases associated to each peak in the CV profile, streamlining the
selection of the most adequate potentials. This is illustrated in
Figure 8, which summarizes the main plots generated in the anal-
ysis mode for a example CV in the dataset, corresponding to a
Bi/Te system57.

Following the previously described procedure (Section 2.3),
DUCK-Viz automatically identifies two well-defined peaks in the
CV, at -0.07 V and 0.55 V. Then, the stable phases at the target
pH (1.0) throughout the whole potential range are identified by
means of the Pourbaix diagram (lower part of Figure 8), and then
compared with the located intensity peaks. From the phase infor-
mation, DUCK-Viz matches the peak at -0.07 V with the formation
of a solid phase of bismuth telluride, with the one at 0.55 V in-
volving two aqueous anions ([BiO]+ and [Te(OH)3]

+). Thus, our
strategy enables a direct identification of the actual electrodepo-
sition peak at -0.07 V, where a net reduction of tellurium happens
going from Te(IV) to Te(-II) to form solid Bi2Te3 that will then
be deposited. While this application might seem trivial, involving
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a well-studied electrodepositing system (bismuth telluride) and a
very simple CV, it showcases the potential of DUCK as an analysis
tool for the exploration of new systems, especially when coupled
to the data acquisition phase to directly load new experiments.

Fig. 8 Results of the DUCK-Viz analysis dashboard, showcasing bis-
muth(III)/tellurium speciation for a example voltammogram in the TL
dataset.

3.2 SDL dataset

There are two main advantages associated to using DUCK as a
tool for the management of SDL-produced cyclic voltammetries.
On the one hand, the ontology is employed as a database scheme
to properly organize the results generated by the laboratory, pro-
viding the data backend. On the other, the visualization frontend
of DUCK-Viz enables the easy supervision of the generated results
(human-in-the-loop), which is an essential asset for the actual
applicability of SDLs. To demonstrate this, we have developed a
proof of concept in which we have directly integrated DUCK with
the MEDUSA platform17 for the automated synthesis and elec-
trochemical characterization of metal - ligand complexes. Under
this framework, we have developed a simple Bayesian optimiza-
tion strategy, starting from the basic parameters of the Honegumi
framework58, to showcase the optimization of the maximum
peak potential15,59 across a set of different metal centers (V,
Ni and Cu), ligands (en — ethylenediamine) and pH conditions
(buffers centered at pH 6 — MES — and 7 — HEPES: see Methods
section for more details). Following the same core principles as
for digitalizing TL results (flexibility and simple adaptation to ex-
isting frameworks), we implemented a simple interface between
MEDUSA and DUCK, working in batches. Thus, the optimization
and laboratory control operations are carried out independently
via MEDUSA, with results being loaded into a KG periodically.
Then, DUCK-Viz is used to follow optimization results, deciding

whether to continue the campaign or to modify it if any issues are
observed.

We carried out three different optimization campaigns, labelled
as #1, #2 and #3.

Fig. 9 Optimization campaign #1. Above, largest peak potential for
each experiment against time, colored by the nature of the involved
compounds. Below, maximum accumulated peak potential across the
campaign. Dashed lines separate the initial exploration region (crosses)
from the optimized points (circles).

In the first campaign (Figure 9), we showcase a moderate im-
provement from the initial region, without altering the nature of
the mixture (CuSO4 + en (@HEPES), green points), up until a to-
tal time of around 40 hours, when the optimal buffer switches to
MES, at a more acidic pH (purple points), with a larger increment
of the potential. However, careful inspection of these voltammo-
grams reveals limitations of the peak detection algorithm, which
identifies an ill-defined peak for the largest accumulated poten-
tial (Supporting Information, Figure S3). Far from a drawback,
this reveals the strengths of DUCK as a platform to enhance the
setup of automated experiments, enabling the easy identification
of mistakes to plan correcting actions. From there, we carried
two further campaigns, increasing the number of CV cycles per
measurement from 2 (as in campaign #1) to 5. This improves
peak shape, ensuring a more consistent detection of the target po-
tential, although it also accelerates electrode degradation, which
occurs after a smaller number of optimization steps (and marks
the end of the campaign). Results for these campaigns are shown
in the Supporting Information (Figure S4). #2 can be considered
as a failed campaign, where the potential could not be optimized
from the stochastically selected initial exploration. In contrast,
#3 shows the desired behavior of a BO procedure, showcasing a
clean optimization of the target property, although the overall po-
tential increase is limited by the reduced number of experiments
in the campaign. This behavior could be improved by designing
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longer campaigns with longer-lasting electrodes: nonetheless, we
should recall that the goal of this proof of concept is not to achieve
a perfect optimization, but instead to showcase the capabilities of
DUCK as an integrated platform to manage and follow this kind
of procedures in the context of SDLs. In this way, the tool al-
lows the scientist to monitor the adequacy of the optimization
and seamlessly access all produced data. As a final note, DUCK
does also enhance data sharing and, consequently, the reuse of
the collected results, contributing to the openness and FAIRness
of modern SDLs.

Conclusions and outlook
In this work we introduce DUCK, a toolkit to manage CV data
that relies on the generation of knowledge graphs to organize CV
datasets. On one hand, we introduce CVOnto, an ontology based
on the Elementary Multiperspective Materials Ontology (EMMO)
which defines the fundamental classes and relationships required
to organize this kind of information. Together with the ontol-
ogy, the DUCK-KG utility enables a straightforward generation
of KGs from CSV files specifying the metadata associated with
each CV measurement in the dataset. This tool has been tested
against two dataset from two different sources: traditional labs
and self-driving laboratories. In this way, DUCK provides a simple
way to standardize information and unify these two co-existing
paradigms.

On the other hand, we also introduce DUCK-Viz, an interac-
tive browser-based visualization tool that enables the direct ex-
ploration and analysis of CV data in the form of a knowledge
graph. DUCK-Viz provides a simple interface between the user
and the KG, lifting barriers to the adoption of the standardization
scheme, as well as relevant tools to simplify, for instance, the de-
termination of the electrochemical processes occurring along the
full CV profile. For SDLs, this tool offers an easy-to-use frontend
to monitor the results produced by the automated setup, as we
demonstrate with a set of Bayesian optimization campaigns.

By combining all the aforementioned aspects, DUCK becomes
a unified platform to handle the complete data pipeline for the
management of CVs under the FAIR principles. Although the cur-
rent installment is limited to local laboratory-wide databases, fu-
ture developments aim to deploy a global server collecting data
from multiple sources, effectively implementing a community-
wide CV database. While the current work is presented as a proof
of concept, the flexibility of ontologies ensures the scalability and
adaptability of the overall framework to iteratively develop the
database schema and capture more complex, nuanced processes.
In parallel to this schema extension, we also intend to expand the
DUCK ecosystem by building new tools beyond the actual com-
ponents, incorporating new functionalities of interest for general
data analysis in electrochemistry, such as for instance a more spe-
cialized component for voltammogram peak characterization.

Methods
SDL Experimental The experimental setup was modified from
previously published electrochemistry SDL based on the MEDUSA
framework17,60. In the context of this work, a simplified version
with one syringe pump and one electrochemistry cell and one po-

tentiostat was used, and all the syntheses and measurements were
performed on a single platform automatically without human in-
tervention except for refilling the stock solution and changing the
electrodes.

The following connections were made the 12 ports of the sy-
ringe pump, namely 1) deionized water, 2) 3 mol/L NaCl, 3)
0.1 mmol/L CuSO4, 4) 0.1 mol/L NiSO4, 5) 0.1 mol/L VOSO4,
6) 0.3 mol/L ethylenediamine (en), 7) air (for pressure bal-
ancing), 8) 1 mol/L 2-[4-(2-hydroxyethyl)piperazin-1-yl]ethane-
1-sulfonic acid (HEPES) buffer, 9) 1 mol/L 2-morpholin-4-
ylethanesulfonic acid (MES) buffer, 10) reaction vial, 11) elec-
trochemistry cell, 12) waste.

Complexation reactions were performed in the following steps
in the reaction vessel: 0) clean up the reaction vial and electro-
chemical cell by washing with 1 mL water for 3 times each, 1)
add Vbu f f er mL 1 mol/L buffer solution, 2) add 0.4 mL 3 mol/L
NaCl solution, 3) add Vligand mL 0.3 mol/L en ligand solution, 4)
add Vmetal mL 0.1 mol/L metal solution, 5) add (0.8 - Vbu f f er -
Vligand - Vmetal) mL water, 6) purge 1.0 mL N2 through the reac-
tion mixture and then draw and dispense 1 mL of the reaction
mixture; this step is repeated 3 times to ensure a good mix. After
the complexation is finished, the reaction mixture is transferred
to the electrochemistry flow cell for CV measurement, starting at
open circuit potential (ocp), in the range of -1.2 to 1.2 V for 2
(first campaign) or 5 (second and third campaign) cycles at 500
mV/s. Considering the short distance between electrodes and the
relatively high conductivity of NaCl aqueous electrolyte solution,
the iR drop in our measurement is expected to be low and was
not considered.

Bayesian optimization campaigns were performed using
the ax-platform package, employing a Sobol generator
model with 6 trials. Peak detection for maximum po-
tential optimization was performed with the code in the
following repository: https://github.com/aurelienblanc2/
Potentiostat-datapipeline. The amount ranges for the buffer,
ligand, and metal complex solutions, in mL of the reference solu-
tions detailed above, are 0.05 to 0.20 mL (metal and ligand) and
0.20 to 0.40 mL (buffer).

TL Experimental Measurements from this dataset were col-
lected from experiments in the FINDER group from 2010 to 2025.
While no specific details on the individual setups will be provided,
some general guidelines are:

• iR drops are not negligible in general, in opposition to the
SDL dataset. Consequently, current densities are larger in
the TL dataset.

• Scan rates range from 5 to 200 mV/s.

• All measurements start at open circuit potential (ocp) with
pristine working electrodes.

Conflicts of interest
There are no conflicts to declare.

Data availability
The DUCK package, including all the modules discussed in the
text, is available at GitLab https://gitlab.com/dgarayr/duck.
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The TL and SDL datasets are available in Zenodo 10.5281/
zenodo.18015308.

The peak-picking module employed for the SDL experiments
is available at GitHub https://github.com/aurelienblanc2/
Potentiostat-datapipeline.
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Data availability

The DUCK package, including all the modules discussed in the

text, is available at GitLab https://gitlab.com/dgarayr/duck. 

The TL and SDL datasets are available in Zenodo 10.5281/

zenodo.18015308.

The peak-picking module employed for the SDL experiments

is available at GitHub https://github.com/aurelienblanc2/

Potentiostat-datapipeline.
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