
Digital
Discovery

PAPER
Published on 07 October 2026

Licensed under CC-BY 4.0
A unified AI-agen
Karlsruhe Institute of Technology (KIT), I

Department for Bioengineering and Biosy

Germany. E-mail: matthias.franzreb@kit.ed

Cite this: DOI: 10.1039/d6dd00418k

Received 26th June 2026
Accepted 7th October 2026

DOI: 10.1039/d6dd00418k

rsc.li/digitaldiscovery

© 2026 The Author(s). Published b
t-assisted platform for coupled
experimental and simulation-based workflows in
self-driving laboratories

Sebastian Putz, Ahmed Khalil Mama and Matthias Franzreb *

Self-driving laboratories (SDLs) promise to accelerate experimental research, yet translating scientific intent

into executable automated workflows remains a bottleneck. We present a template-based platform that

separates workflow design from execution. No-code interfaces combined with artificial intelligence (AI)

agent-assisted code generation enable domain scientists to create reusable workflow templates, that is,

parameterized specifications of a complete experiment or simulation, from device orchestration or

model definition through analysis and reporting to data storage. Templates are generated once and

thereafter executed deterministically, without large language model (LLM) involvement at run time. The

platform integrates multi-device laboratory automation, mechanistic simulation and standardized data

pipelines with electronic lab notebook (ELN) documentation. We demonstrate the approach on

a chromatographic case study comprising automated isotherm determination for two proteins on

a mixed-mode resin, mechanistic simulation of two elution strategies and experimental column

validation, implemented entirely through wizard-created templates without manual scripting.

Regenerating every artifact 20 times, one-shot and without manual correction, showed that reliability

depends on the task and on the LLM. With the LLM deployed in the case study (GPT-5.1), workflow-

structural scripts and device protocols without substantial logic were correct in 87 to 100% of

generations, whereas the most complex protocol reached 50%. In contrast, the more capable GPT-5.5

reached 100% on the same protocol. Generated templates therefore require verification, supported by

explicit review and, where necessary, version-controlled revision. By making workflow design accessible

without removing determinism from execution, the approach offers a route to laboratory automation

that is reusable, auditable and extensible beyond the domain demonstrated here.
1. Introduction

SDLs promise to transform experimental research by inte-
grating robotic automation with AI for decision-making,
enabling autonomous planning, execution and analysis of
experiments.1–4 In (bio-)chemical process development, SDLs
have been successfully integrated in diverse applications such
as microbial cultivations,5,6 protein- and genome engineering,7–9

organic synthesis,10–13 materials discovery14–18 and downstream
processing.19–21 Despite rapid advances in laboratory automa-
tion hardware, a critical bottleneck persists in translating
a scientist's experimental intent into executable, automated
workows. This still demands substantial programming
expertise, creating a barrier that limits SDL adoption to groups
with dedicated soware engineering resources.4,22 In addition,
the exibility of existing SDLs is limited as adapting them to
new processes requires substantial re-engineering, limiting the
nstitute of Functional Interfaces (IFG),

stems, 76344 Eggenstein-Leopoldshafen,
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return on investment and discouraging exploration of new
experimental workows.3,23

Recent work has begun addressing this gap through the
integration of LLM-based agents that can autonomously plan
and execute laboratory experiments on SDLs. Systems such as
Coscientist,24 ChemCrow,25 CRISPR-GPT26 and ORGANA27 use
LLMs to interpret high-level natural-language instructions into
executable low-level code for robotic application programming
interfaces (APIs), and orchestrate multi-step experimental
procedures in real time. These agent-driven approaches are
pioneering demonstrations of autonomous scientic experi-
mentation and reasoning. The mentioned systems operate
through direct, on-the-y control, i.e., the agent reasons from
scratch for each execution, generating code and decision chains
for an experiment or a set of experiments. While this approach
is powerful for exploratory tasks and requires minimal human
effort and expertise, this mode of operation may be less suited
for systematic, repeated workows such as screening
campaigns, standard operating procedures, and multi-
parameter optimization studies where reproducibility, audit-
ability, and iterative renement of a dened protocol are
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essential. For these use cases, the on-the-y workow genera-
tion through an LLM can be inefficient due to higher costs and
latency as well as unwanted variability introduced into the
generated workows arising from the non-deterministic output
of LLMs.28–31

Reproducibility and reusability are, by contrast, long-
standing concerns in laboratory automation, and machine-
executable, parameterized protocol representations are not
themselves new. Formal languages and repositories for encod-
ing an experimental procedure unambiguously and re-
executing it with different parameter values are well estab-
lished in laboratory automation and the life sciences.32–36 What
such approaches have historically required is that the workow
be implemented by experts able to program the instruments,
the analysis and the data handling, which is precisely the
barrier described above. In this study we retain the determinism
and auditability of that established approach while removing its
authoring burden. Rather than delegating both planning and
execution to an autonomous agent, our platform employs AI
agents during an interactive creation phase, in which they assist
domain scientists in translating a high-level experimental
specication into a workow template, i.e., a parameterized,
executable specication of a complete experiment, from device
orchestration through data analysis and reporting to structured
storage. The individual components a template for our platform
consists of, namely the device protocols, the orchestration
script, the analysis script and the report script, are referred to as
artifacts. Values that differ between individual runs, such as
concentrations, volumes or gradient lengths, are le as place-
holders within these artifacts, and supplying a set of values for
them instantiates the template into the executable scripts of
one specic run.

Templates are created through wizards, guided no-code
interfaces in which the scientist denes experimental steps,
selects devices and species parameters by drag-and-drop and
natural-language prompts, while the AI agents generate the
underlying code. The scientist therefore retains full control over
workow structure and methodology, while the AI handles the
technical translation layer. Reporting to an ELN and structured
storage in the application database are themselves artifacts of
the template rather than separate manual steps, so that every
execution produces documented and queryable results by
construction. The resulting template is persistent and fully
specied. It can be executed repeatedly with different parameter
settings, shared across users, versioned and systematically
varied through optimization campaigns, without requiring an
LLM in the execution loop.

We demonstrate the system on the chromatographic puri-
cation of proteins, a domain central to downstream bi-
oprocessing in which systematic evaluation of binding
isotherms, dynamic binding capacities, and elution conditions
across multiple stationary phases is essential for process
development.37 Using our platform, we show end-to-end
template creation and execution of experimental workows
conducted on two multi-device SDLs seamlessly connected to
simulative workows using mechanistic chromatography
models via the CADET-Process framework.38 Critically, we
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demonstrate how experimental and simulative templates can be
linked, enabling automated experimental parameter determi-
nation from batch experiments, transfer to computational
models to predict elution behavior and nal validation in
column experiments within an integrated campaign. We further
quantify the reliability of agent-assisted template generation by
repeating the generation of every agent-generated artifact 20
times, showing that reliability depends strongly on the logical
complexity of the artifact and on the capability of the underlying
LLM.

The demonstration presented in this work addresses the
automated workow layer, on which autonomous operation
depends. While not demonstrated here, the platform also
implements closed-loop operation for autonomous campaigns,
and the validated templates reported in this work are directly
reusable as the building blocks of such campaigns.
2. Results

First, the platform itself is described, namely its architecture
(Section 2.1), the structure of workow templates and their
execution (Section 2.2), and the wizard interfaces through
which templates are created (Section 2.3). Section 2.1 rst
outlines the architecture in general terms, independent of the
soware and hardware used, and then describes its imple-
mentation in the authors' laboratories. Implementation details
that are not required to follow the paper are given in the SI.
Section 2.4 then presents the chromatographic case study,
comprising the domain-specic conguration and the three
linked workows for isotherm determination, elution behavior
simulation and experimental validation. Section 2.5 quanties
the reliability of agent-assisted template generation.
2.1 Platform architecture

2.1.1 General architecture. The platform comprises
a central soware application and the laboratory infrastructure
it controls. The soware application is organized in four layers,
namely a user interface layer, an orchestration and logic layer,
a data and documentation layer, and a laboratory devices and
simulation layer (Fig. 1). The user interface layer provides the
wizards for template creation and the interfaces for planning
and monitoring experiments and simulations. The orchestra-
tion and logic layer manages templates and their execution and
hosts the AI agents, which are invoked during template crea-
tion. The data and documentation layer holds documentation,
structured results and all generated les, and the laboratory
devices and simulation layer connects the application to the
laboratory instruments and to the simulation engine.

Two characteristics of this architecture are relevant for the
following sections. First, instruments are addressed exclusively
through a uniform device abstraction, which exposes the
operations of each instrument independently of how it is
controlled. Orchestration scripts, and the agents that generate
them, therefore work only with the operations an instrument
offers and never with its native control interface. Second,
documentation and data storage are integral to every template
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Platform software architecture. Four-layer architecture separating user interaction (web frontend with wizard interfaces), orchestration
logic (Flask backend with AI agent delegation via n8n), data persistence (PostgreSQL database, eLabFTW ELN, shared file system), and hardware/
simulation control (FastAPI device control servers on each SDL, CADET-Process simulation engine). All services are deployed as Docker
containers on a centralized Linux server.
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rather than separate manual steps, so that each run produces
a human-readable report in an ELN and a structured, queryable
record in a database.

2.1.2 Implementation in this work. In its current deploy-
ment, the platform controls two SDLs. SDL 1 integrates, among
other instruments, a liquid handling station, a collaborative
robot arm for labware transfer, a vacuum ltration unit and
a microplate reader, and is used in this work for batch isotherm
determination. SDL 2 integrates over 20 devices, including
© 2026 The Author(s). Published by the Royal Society of Chemistry
a laboratory-scale chromatography system (ÄKTA pure 25,
Cytiva), and is used in this work for column validation experi-
ments. The instruments and their primary control interfaces are
listed in Tables S1 and S2, and the laboratories are described in
Section S1. Both laboratories were previously used for autono-
mous, closed-loop optimization campaigns on solid-phase
extraction39 and enzymatic reaction workows40 with hand-
written, purpose-built templates. The platform presented here
replaces the manual implementation of workows with
Digital Discovery
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a wizard-driven template layer, so that the same instruments are
addressed through workows created without programming.
Beyond the physical laboratories, the application also drives
mechanistic process simulations, so that experimental and
simulative workows are created, executed and documented
through the same interfaces.

The soware is deployed as Docker containers on a central
Linux server (Fig. 1). The user interface layer is a web frontend
built with Jinja2 (ref. 41) and HTMX.42 The orchestration and
logic layer is a backend implemented in Python with Flask,43

which delegates code generation during template creation to AI
agents implemented as n8n workows44 (Section S2). In the data
and documentation layer, reports, parameter masks and reus-
able resources are held in the ELN eLabFTW,45 structured
results in a PostgreSQL database, and scripts and raw data in
a shared le system. In the laboratory devices and simulation
layer, simulations run in a dedicated container using CADET-
Process38 and the CADET-Core solver,46 and instruments are
accessed through device control servers as described below.
Each layer is described in detail in Section S1.

The device abstraction is realized as one Python wrapper
class per instrument, whose methods issue authenticated
Hypertext Transfer Protocol (HTTP) requests to device control
servers implemented with FastAPI.47 These device control
servers run on the computers connected to the instruments of
each laboratory and translate every request into a call to the
native control interface of the instrument, be it a vendor library,
an API, an automation interface or a network protocol.
Orchestration scripts invoke device operations sequentially,
report every step to the backend for a complete execution trace
and, if an operation fails, record the failing step and the partial
results before terminating. Workows may also contain dened
manual interventions. In that case, the orchestration script
registers a pause with the application backend and waits until
the user conrms completion in the web interface, allowing
steps that cannot be automated to be embedded in an otherwise
automated sequence without leaving the platform.
2.2 Workow templates

All processes on the platform, whether experimental or simu-
lative, are organized around reusable workow templates that
separate workow design from execution (Fig. 2) and encapsu-
late the complete logic required to conduct, analyze, document
and store an experiment or simulation.

A workow template consists of several interdependent
components that are generated together during an interactive
creation phase in dedicated wizard interfaces (Section 2.3). For
experimental workows, these include device-specic protocols
for involved instruments, a main orchestration script that
coordinates the sequential execution of device operations,
a data analysis script, a report script that compiles results into
a structured document and uploads them to the ELN and
a database commit script that writes processed results and
corresponding metadata to the application database with
a template-specic schema. For simulative workows, the
template contains a CADET-Process simulation script dening
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the system topology, process sequence, and parameterized
model equations in place of the experimental orchestration
script but otherwise follows the same structure. All scripts
contain placeholders for parameters that vary between indi-
vidual runs, while the workow structure, device orchestration
logic, and data pipeline remain xed.

To conduct an experiment or simulation, the user instanti-
ates the template by providing values for the parameterized
elds through the ELN mask. These values replace the place-
holders in the script templates and execution then proceeds
deterministically. For experimental workows, the orchestra-
tion script coordinates the involved devices as described in
Section 2.1 and for simulative workows, the CADET-Process
script is executed directly. Upon completion, the integrated
data pipeline processes the results and produces the database
entry and the ELN report described above, so that every run
yields a complete, standardized record without manual inter-
vention. Videos S1–S3 show the planning and execution of
experiments and simulations in the application. It has to be
noted that Video S2 shows an experimental workow on SDL 1
for a magnetic particle assay, not the batch isotherm determi-
nation reported in this work.

For optimization campaigns, a Bayesian optimization engine
based on BoFire48 closes this cycle by suggesting the next
parameter set for template instantiation aer each run. This
closed-loop mode is implemented but was not used in the
present work, which focuses on no-code AI-agent supported
workow template generation and its reproducibility. All
workows reported here were executed as automated processes
with parameters dened a priori by the user.
2.3 Template creation

Template creation is performed through dedicated wizard
interfaces within the web application. Both the experimental
and the simulative wizard produce a complete, reusable work-
ow template with all associated scripts, and in both the
scientist designs the workow while the platform handles the
technical translation into executable code. They differ in how
that code is produced. The simulation wizard assembles it
deterministically from pre-validated modules, whereas the
experimental wizard delegates the generation of device proto-
cols and pipeline scripts to specialized AI agents. Only the latter
therefore carries the non-determinism inherent in LLM output,
which is quantied in Section 2.5.

2.3.1 Simulation templates. The simulation template
wizard follows a deterministic, form-based approach that does
not rely on LLM-generated code as a CADET-Process congu-
ration has a well-dened modular structure (Fig. 3a). The
system topology is graphically assembled as a ow sheet from
a palette of available unit operations as well as the connections
between them (Fig. 3b). This allows topologies ranging from
single columns to multi-column congurations with recycle
loops. The user then denes the process sequence, for example
equilibration, loading, washing, elution and regeneration, with
parameters set either as a xed value or as a placeholder for
later instantiation (Fig. 3c), and selects the analyses and plots to
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 Template-based SDL workflow sequence. A workflow template (left) is created once through an interactive wizard and comprises an ELN
template defining the parameter structure, script templates for device orchestration or simulation, data analysis, reporting and database storage.
To conduct an experiment or simulation, the user instantiates the template by providing parameter values (1), creating an ELN experiment entry.
The platform then generates experiment-specific scripts by substituting placeholders with the provided values (2) and executes the main
orchestration script (3), which coordinates either an automated laboratory experiment or a mechanistic simulation. Upon completion, raw data is
collected (4), processed by the analysis script (5), and compiled into a report that is uploaded to the ELN (6). Processed results are committed to
the application database (7). For autonomous optimization campaigns, the optimizer is updated with the observed objective values (8) and
suggests the next parameter set (9), which is used to instantiate a new run from the same template, closing the optimization loop.
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be generated. From this conguration, the wizard assembles
the parameterized simulation script from pre-validated code
modules for each unit operation and process step and generates
the ELN template automatically, so that the user does not need
to know in advance which variables a complete simulation
requires. Flow sheets and binding model parameters, such as
the isotherm coefficients of a compound–resin pair, can be
stored as reusable ELN resources, allowing experimentally
determined parameters to be reused across simulation
campaigns. A detailed walkthrough is provided in Video S4 and
Section S3.

2.3.2 Experimental templates. The experimental template
wizard combines structured graphical input with AI-assisted
code generation (Fig. 4a). The user selects the target SDL,
species whether the process is automated or autonomous,
creates the ELN template dening experimental parameters,
and assembles the workow by dragging device operations from
an interactive palette into a sequential execution order (Fig. 4b).
Additionally, the wizard provides higher-level compound steps
that encapsulate frequently used multi-device sequences into
single reusable blocks. This graphical workow denition
captures the full device orchestration logic, including multi-
device coordination such as robotic arm transfers between
instruments, without requiring the user to write any code.

Subsequently, the workow is parsed for steps requiring
individual subprotocols, which include scripts for the liquid
handling devices and analysis devices such as a plate-reader or
mass spectrometer. For subprotocols with complex degrees of
freedom, such as liquid handling protocols, the wizard dele-
gates code generation to specialized AI agents. The user
© 2026 The Author(s). Published by the Royal Society of Chemistry
provides natural-language descriptions of the protocol and
species which parameters should remain variable across runs
(Fig. 4c). Specialized AI agents with access to the device API
documentation and to tools to write, simulate and verify their
code then generate the device protocols, the main orchestration
script, and the data analysis, report and database commit
scripts (Section S2). The user can review and, if necessary,
manually edit any generated script before nalizing the
template. A detailed walkthrough is provided in Video S5. Both
simulative and experimental templates are maintained in
a template library within the web application, where users can
version, publish, share, copy and edit templates.

Templates can be revised aer creation through an agent-
assisted interface. Each template is version-controlled via
Git.49 The user describes the required change, the agent
proposes it as a set of edits against the current version, and no
change reaches a template without the user's explicit conr-
mation. Revision applies to all artifacts of a template, including
device protocols, the orchestration script and the data pipeline
scripts. Since a template is executed unchanged across arbi-
trarily many runs, revision is a deliberate, recorded event rather
than a modication during execution, and the version used for
any given run remains identiable. A walkthrough of the revi-
sion interface is provided in Section S3.
2.4 Chromatographic purication process development with
templated workows

To demonstrate the integrated experimental–simulative capa-
bilities of the platform, we performed an end-to-end
Digital Discovery



Fig. 3 No-code implementation of simulation workflow templates for CADET-Process. (a) Schematic overview of the simulation template
wizard. The nine-step process guides the user from naming and component definition (1 and 2) through graphical flow sheet assembly (3) and
process sequence definition (4) to analysis configuration (5). In steps (6–9), the platform deterministically generates all template artifacts: an ELN
template is created (6), the wizard parses the user's configuration into its constituent elements (components, flow sheet, models, sequence,
analysis) and selects the corresponding pre-validated code modules to assemble the complete simulation script (7), and report and database
scripts are generated (8 and 9). The completed template is stored across three persistence layers: the application database, the ELN (containing
flow sheet, sequence, and simulation resources), and the server file system (containing configuration, main, report, and database scripts). (b) Flow
sheet builder interface showing the drag-and-drop assembly of a chromatographic system topology with unit operations (Inlet, TubularReactor,
Column, CSTR, Outlet) connected on an interactive canvas. Preset configurations and ELN import/export functions (bottom) support reuse of
previously validated system designs. (c) Process sequence definition interface showing the specification of initial column conditions (top, green)
with per-component mobile and bound phase concentrations using parameterized placeholder fields, and a load step (bottom) with param-
eterized duration, flow rate, and component-specific concentration gradients. Fields marked with placeholder names (e.g., colum-
n_2_initial_c_0, load_duration) remain variable across template instantiations.
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chromatographic case study comprising automated isotherm
determination in batch format, mechanistic simulation of two
elution strategies, and experimental validation on a column.
The study targeted the separation of ovalbumin and transferrin
Digital Discovery
on a mixed-mode resin (Toyopearl MX-Trp-650M, Tosoh) with
salt-modulated elution.

2.4.1 Implementation for the chromatographic case study.
Three workow templates were created for the study, each
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 No code implementation of experimental workflows using AI-agents. (a) Schematic overview of the experimental template wizard. The
user selects the target laboratory and specifies the process type (automated or autonomous) (steps 1 and 2), and an ELN template is created (step
3). In (step 4), the user assembles the experimental workflow by dragging device operations into the desired execution sequence. In (steps 5–10),
specialized AI agents sequentially generate the template scripts: the device agent produces instrument-specific protocols from parameterized
prompts containing the user's natural-language protocol descriptions (step 5), followed by the orchestration agent generating the main control
script (step 6), and the analysis, report, and database agents producing the corresponding data processing, documentation, and storage scripts
(steps 7–10). A parameter insertion script handles placeholder-to-value substitution at instantiation time (step 7). All generated artifacts are
persisted across the template database, the ELN, and the server file system (workflow definition, device protocols, main orchestration, parameter
insertion, analysis, report, and database scripts). (b) Drag-and-drop workflow builder showing the device palette (top) with available instruments
and their callable methods and the assembledmulti-device workflow (bottom) defining a sequential experimental procedure including pipetting,

© 2026 The Author(s). Published by the Royal Society of Chemistry Digital Discovery
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robotic plate transfer, and absorbancemeasurement. (c) AI-assisted device protocol generation. The user prompt (top) provides the device agent
with the experimental context, labware configuration, and parameterized instructions using placeholder syntax (e.g., [[STOCK_-
CONCENTRATION]], [[REPLICATES]]). The device agent produces an executable Opentrons OT-2 protocol (bottom) in which the placeholders
are assigned as variables, ready for substitution with run-specific values during template instantiation.
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through the wizard interfaces described in Section 2.3 and
without manual scripting. The batch isotherm template was
created with the experimental wizard for SDL 1 and coordinates
a liquid handling robot, a six-axis robotic arm for plate trans-
fers, a heater-shaker module, a vacuum manifold with a pump
for ltration and a plate reader for absorbance measurements,
in a 71-step workow comprising buffer mixing, protein dilu-
tion, resin equilibration, protein incubation, multiple ltration
steps and absorbance readout (see Experimental section and
Fig. S5). The simulation template was created with the simula-
tion wizard and denes the ÄKTA pure 25 system topology, the
process sequence and the parameterized model equations. The
fast protein liquid chromatography (FPLC) templates for vali-
dation were created with the experimental wizard for SDL 2 and
control method execution on the chromatography system
together with the subsequent data pipeline. A detailed docu-
mentation of the implementation process including utilized
prompts is given in Section S3.

Of the three, the batch isotherm template posed the greatest
demands on code generation. One of its liquid handling
protocols required programmatic volume calculations, dynamic
volume tracking across sequential pipetting operations, and
conditional selection of source and target wells, logic that would
typically require considerable manual programming effort. All
templates nevertheless executed successfully on the rst
attempt without renement, and in each case the pipeline from
execution through data analysis, parameter tting and ELN
report generation proceeded without further intervention. No
use was made of the revision interface described in Section 2.3,
so that the templates reported here contain the original scripts
as generated in a single pass through the wizard. Whether this
is characteristic of agent-assisted template generation is
examined in Section 2.5.

2.4.2 Automated isotherm determination. Seven initial
protein concentrations (0.2–7.0 mg mL−1) were tested in tripli-
cate at ve NaCl concentrations (0, 100, 200, 300 and 500 mM)
for each protein with a xed amount of resin (7.7 mL) at a xed
pH of 4.0 (Fig. 5a, b and Table 1).

Both proteins exhibited Langmuir-type adsorption behavior
across all conditions where binding was resolvable, but di-
splayed qualitatively different salt responses, reecting their
different charge states at the working pH. Ovalbumin (pIz 4.5–
5.050,51), carrying only a weak net positive charge at pH 4.0
showed predominantly electrostatic binding that was readily
disrupted by salt. The effective Langmuir constant Keff

L dropped
by 68% between 0 and 100 mM NaCl and no detectable binding
remained at 500 mM. Transferrin (pI z 5.2–6.1 depending on
iron saturation state52,53) with a higher net charge, showed an
overall higher binding affinity and a more gradual decline with
ionic strength, retaining Keff

L = 6.88 mL mg−1 even at 500 mM
NaCl, implying hydrophobic contribution to its interaction with
the resin. Its maximum binding capacity did not decrease
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monotonically but passed through a maximum at 200 mM
NaCl, 1.6 times the value without added salt, indicating a salt-
promoted contribution to binding characteristic of a mixed-
mode interaction.

To model salt-dependent binding behavior for mechanistic
chromatography simulation, the effective Langmuir constants
across all salt concentrations were tted to the mobile phase
modulator (MPM) model54,55 (eqn (3), see Experimental section,
‘Batch incubation chromatography for isotherm parameter
determination’), yielding the hydrophobicity parameter g and
the ion-exchange characteristic b for each protein (Table 2). The
R2 values of 0.826 and 0.908 are bounded by the precision with
which the effective Langmuir constants themselves are deter-
mined rather than by a deciency of the t, since these
constants enter the regression as estimates but are treated as
exact observations.

2.4.3 Prediction of elution behavior. Using the MPM
parameters, mechanistic simulations were performed for two
elution strategies: a linear gradient from 0 to 2000 mM NaCl
over 20 CV, and a step elution at 650 mM for 3.5 CV and
1600 mM NaCl for 6 CV, each followed by a 2000 mM NaCl
clean-in-place (CIP) step (Fig. 5c and d). Both simulation
templates were created using the simulation wizard and
modelled the ÄKTA pure 25 system (see Experimental section
and Section S4 for details).

Under both strategies the simulations predicted that oval-
bumin elutes as a single peak while transferrin does not elute at
all. Ovalbumin was predicted at 35.5 min in the gradient, cor-
responding to 1312 mM NaCl at the peak maximum, and at
18.1 min in the two-step elution, on the 1600 mM step.

2.4.4 Experimental validation. Experimental validation was
performed on SDL 2 in triplicate for both strategies (Fig. 5e and
f). Two peaks were observed within the elution window of each
method. Under the gradient, they appeared at 21.28 ± 0.04 min
and 29.77± 0.04min, corresponding to 660± 4mM and 1182±
3 mM NaCl. Under the two-step elution, the peaks appeared at
12.20 ± 0.00 min and 17.33 ± 0.00 min, corresponding to 632 ±

0 mM and 1237 ± 3 mM NaCl. The second peak of the two-step
method thus appeared on the rising edge of the second step
rather than on its 1600 mM plateau, so that the retention times
of the simulated and measured peaks nearly coincide although
the corresponding salt concentrations differ. In both methods
the second peak dominates, and another peak appears during
the subsequent alkaline CIP step (Fig. S8).

Since detection at 280 nm is not protein-specic, the peaks
cannot be assigned experimentally. The observations are,
however, consistent with the simulated behavior if the second
and larger peak of each method is ovalbumin and the smaller
earlier peak an impurity of the protein preparations, with
transferrin released only under the alkaline conditions of the
NaOH CIP step. On this assignment, the predicted retention of
ovalbumin agrees closely under the two-step elution, 18.1 min
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 End-to-end chromatographic case study with templated workflows. Automated determination of loading isotherms for ovalbumin and
transferrin on amixed-mode resin, mechanistic simulation of two elution strategies and experimental column validation. The case study proceeds in
three stages, each implemented as a templatedworkflow via the wizard interfaces of the application. (a and b), step 1: parameter determination. Salt-
dependent loading isotherms for ovalbumin (a) and transferrin (b) determined by automated batch incubation on SDL 1 at fiveNaCl concentrations (0,
100, 200, 300, 500 mM). Solid lines represent Langmuir model fits (eqn (2) and Table 1). The fitted effective Langmuir constants were used to
parameterize the MPMmodel (eqn (3) and Table 2). All data represent the mean and standard deviation of replicated experiments (n = 3). (c and d),
step 2: prediction of the elution behaviour. Simulated chromatograms from CADET-Process using the experimentally determined MPM parameters
for a linear gradient elution over 20 column volumes (CV) (c) and a two-step elution at 650 and 1600mMNaCl (d), each followed by a clean-in-place
(CIP) step at 2000mMNaCl. Protein concentrations are given on the left axis and the NaCl concentration on the right. (e and f), step 3: experimental
validation. Corresponding FPLC experiments performed on SDL 2 for the linear gradient (e) and the two-step elution (f), shown as separate solid lines
for each replicate (n = 3). UV absorbance at 280 nm is given on the left axis and conductivity, the experimental analogue of the NaCl concentration,
on the right. In all panels, dotted vertical linesmark the process phase boundaries and the shaded regionmarks the CIP step. The time axis of (e) and (f)
is offset by the pumpwashes and equilibration preceding the load, so that all panels start at the beginning of the load; for (f) the two brief pump-wash
transitions between elution phases are excised, so that the measured and simulated timelines coincide. The subsequent alkaline CIP is outside the
domain of the MPM model, which carries no pH dependence, and is shown in full in Fig. S8.
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predicted against 17.33 min observed, and falls late under the
gradient, 35.5 min against 29.77 min.

2.4.5 Deviations between simulation and experiment. The
simulations therefore reproduced the qualitative outcome of
both elution strategies, correctly predicting that one protein
elutes within the applied salt range while the other does not,
and placing the eluting peak close to its observed position
under the two-step strategy.

The quantitative deviations reect for the most part limita-
tions of the MPM model as formulated. In the MPM model the
entire salt dependence is carried by the effective Langmuir
constant, while the maximum binding capacity enters as
a single, salt-independent value, here as qmax,0 obtained from
the batch isotherm without added NaCl. The measured capac-
ities vary considerably across the calibration range, decreasing
by a factor of 3.7 for ovalbumin between 0 and 300 mM NaCl
and passing through a maximum for transferrin at 200 mM.
Retaining the zero-salt capacity therefore overestimates the
capacity available to ovalbumin at every salt concentration
tested, and hence its retention at the concentrations at which it
elutes, which is the direction of the deviation observed under
the gradient. For transferrin the effect is not unidirectional,
since its capacity exceeds the zero-salt value across 100 to
300 mM NaCl before falling below it at 500 mM.

The functional form is moreover monotonic under the tted
parameters. The ion-exchange characteristic b is non-negative,
as required by the model implementation, and the tted
hydrophobicity parameter g is negative for both proteins, so
that both terms of eqn (3) decrease with increasing modulator
concentration and a binding maximum at intermediate salt
cannot be represented. The salt-promoted contribution evident
in the transferrin capacities resides in qmax rather than in
Keff
L and is therefore not accessible to a regression performed on

the effective Langmuir constants alone.
Two further consequences of the model structure should be

noted. Since the desorption term scales with the modulator
concentration raised to b, it vanishes in the phases containing
no added NaCl, so that binding during load and wash is irre-
versible by construction and quantitative capture is predicted
rather than computed. The single-component isotherm
parameters likewise do not account for competitive binding
Table 1 Langmuir isotherm parameters. For Ovalbumin at 500 mM
NaCl no binding was detectable and thus KeffL and qmax were set to
0 and R2 was not available

Protein cNaCl (mM) Keff
L (mL mg−1) qmax (mg mL−1) R2 (−)

Ovalbumin 0 13.44 132.18 0.891
100 4.34 96.77 0.966
200 4.06 53.34 0.933
300 1.33 36.08 0.855
500 0 0 —

Transferrin 0 33.4 95.59 0.936
100 23.05 135.73 0.983
200 20.22 154.62 0.985
300 17.17 145.16 0.985
500 6.88 70.51 0.971
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during co-adsorption. Finally, the model carries a single
modulator and no pH dependence, so the release of the
remaining protein during the alkaline CIP step lies outside its
domain entirely.

2.5 Reliability of agent-assisted template generation

The workows of the preceding case study were generated once
and used productively without renement. Since a template is
created once and thereaer executed unchanged, non-
determinism is conned to the creation phase, but it raises
the question of how reliably the agents produce a correct
workow. We therefore repeated the generation of every agent-
generated artifact of the two experimental templates 20 times
independently, using identical prompts and pinned LLM
versions, and scored each replicate automatically against
a rubric xed before the runs.

The reference for each artifact is the version created during
the original template creation and used to produce the results
reported in Section 2.4, that is, the script that actually ran on the
instruments or processed the experimental data. A replicate was
counted as correct only if it would have the same effect on the
experiment as that reference. The criteria were for device
protocols, delivering the same volumes to the same wells and
issuing the same module commands with the same speeds,
temperatures and durations; for orchestration scripts, driving
every device of the workow in the same sequence; and for the
data pipeline scripts, reproducing the published analysis
outputs, report structure and database records. Choices that do
not affect the outcome, such as pipetting order, tip handling,
report section headings and database column names, were
recorded but not counted as failures, and executability alone
was never sufficient. The full scoring criteria and additional
details on this reproducibility study are given in Section S6. The
assessment concerns the initial generation only. The agent-
assisted revision described in Section 2.3 was not used, since
the question is how reliably the agents produce a correct artifact
without user involvement.

All artifacts were generated with GPT-5.1, the LLM deployed
in the platform's agents at the time the case-study templates
were created. Reliability was high for the workow-structural
artifacts and task-dependent for the device protocols for the
Opentrons OT-2 of the batch isotherm template (Fig. 6a). For
both the batch isotherm and the FPLC gradient template, the
orchestration script was generated correctly in 20 of 20 repli-
cates, while the analysis, report and database scripts ranged
from 16 to 19 of 20. Among the ve device protocols of the
Table 2 MPM model parameters. g and b were regressed from the
effective Langmuir constants of Table 1 at 100, 200, 300 and 500 mM
NaCl, with K0

L fixed to the value measured without added NaCl. For
ovalbumin the non-binding condition at 500mMNaCl was included as
KeffL = 0

Protein K0
L (mL mg−1) b (−) G (mM−1) R2 (−)

Ovalbumin 13.44 0.1253 −0.0044 0.826
Transferrin 33.4 0.0145 −0.0024 0.908

© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 6 Reliability and cost of agent-assisted template generation. All panels report 20 independent generations per artifact, each an independent
invocation of the corresponding agent with an identical prompt and a pinned model version. (a) Fraction of replicates judged semantically
equivalent to the reference artifact, that is, to the version created during the original template creation and used to produce the results in Section
2.4. Points are the observed fraction and whiskers the Clopper–Pearson 95% confidence interval. All artifacts were generated with GPT-5.1. The
orchestration, analysis, report and database scripts are shown for both the batch isotherm and the FPLC gradient template; device protocols 1 to
5 belong to the batch isotherm workflow only. The underlying prompts correspond to the deployed specification (Section S6). (b) The most
complex device protocol, which prepares the dilution series (protocol 1), and one of the simplest, which incubates a plate (protocol 4), each
generated 20 times with four models under otherwise identical conditions. Points are the observed fraction and whiskers the Clopper–Pearson
95% confidence interval. (c) Cost of one complete generation run for the same two protocols and four models, where a run comprises the
agent's full loop including its internal validation and correction cycles. Bars are medians over the 20 replicates and whiskers the interquartile
range. Monetary cost is computed per replicate from its own input and output token counts at the list prices given in Table S16, without prompt
caching, and includes every replicate irrespective of outcome. (d) Classification of all 25 failures observedwith GPT-5.1 across both templates, by
the effect the artifact would have on an experiment. Failures of the smaller models in the model comparison of panels (b) and (c) are reported
separately in Section S6.
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isotherm workow, four reached 18 to 20 of 20, while the
protocol preparing the dilution series reached only 10 of 20
(95% condence interval 27 to 73%). This protocol carries the
volume arithmetic of the entire experiment, computing stock
and buffer volumes for every combination of salt and protein
concentration, and must additionally track the liquid remain-
ing in each reservoir well and select source wells accordingly as
they are depleted. As shown in the following section, this rate is
specic to the LLM used and a more capable LLM generates the
same protocol correctly in every replicate.

To investigate how model capability inuences the template
generation, the most complex protocol, which prepares the
dilution series (Opentrons OT-2 protocol 1) and the simplest
protocol, which only incubates a plate (Opentrons OT-2 protocol
4) from the batch isotherm workow were generated 20 times
each with GPT-5-nano, GPT-5-mini, GPT-5.1 and GPT-5.5
(Fig. 6b). On the simple protocol, GPT-5-mini, GPT-5.1 and
GPT-5.5 succeeded in all 20 replicates and are statistically
indistinguishable. Only GPT-5-nano fell to 11 of 20. On the
dilution series the same three models separate sharply. GPT-5-
mini and GPT-5.1 reached 11 and 10 of 20 against 20 of 20 for
GPT-5.5, and GPT-5-nano produced no correct protocol at all.
Model capability therefore binds only where the task carries
substantive logic. Cost per run behaves differently inmoney and
in time (Fig. 6c). Monetary cost follows model pricing, rising
monotonically from $0.04 for GPT-5-nano to $1.09 for GPT-5.5
on the dilution series at list prices without prompt caching
(Table S16). Token consumption and wall-clock time, in
contrast, are highest for the smallest model. GPT-5-nano
required 191 thousand tokens and 671 s per run on the dilu-
tion series, nearly twice the tokens and ve times the time of
GPT-5.1, while never producing a correct protocol. On the
dilution series the median tool-call count is four for GPT-5-nano
and GPT-5-mini against two for GPT-5.5, and on the simple
protocol GPT-5-nano required ve where GPT-5.5 needed three.
GPT-5-mini also consumed 157 thousand input tokens against
115 thousand for GPT-5.5 and took twice as long per run,
without reaching a comparable success rate (Table S15). The
distribution of consumption differs in kind for the smallest
model, whose completion tokens account for 44% of its total
against 13 to 16% for the others, consistent with generating
extensively without converging. Choosing a smaller model
therefore trades monetary cost against latency, and below
a threshold of capability it buys neither, since the additional
token and time consumption does not yield a correct protocol.

Relating cost to the observed success rate shows that the
appropriate model depends on the task. On the simple protocol,
where GPT-5-mini and GPT-5.5 are indistinguishable at 20 of 20,
GPT-5-mini produces an equivalent artifact for roughly one
thirteenth of the cost, $0.03 against $0.40. On the dilution series
only GPT-5.5 produces a correct artifact with high reliability at
all. Extending the agentic workows of the platform by adding
a mechanism for scoring task difficulty and routing generation
to the smallest model adequate for a given artifact would
therefore reduce cost substantially without affecting the
outcome.
Digital Discovery
The failures were classied by what the artifact would do to
an experiment rather than by which check detected them, since
a single underlying mistake can trigger several checks (Fig. 6d,
Section S6). The relevant distinction is whether a defect
announces itself. The 25 failures considered here are those of
the deployed conguration, that is, all artifacts of both
templates generated with GPT-5.1. The failures of the different
models in the model comparison are reported separately in the
(Table S13).

15 of the 25 failures raised an error before completing, either
because the protocol was rejected by the simulator or because
the script terminated during execution, and would therefore be
apparent without inspecting the output. The remaining ten
failures produce a result that appears complete. Yet, ve deliv-
ered an incorrect quantity, in that three device protocols
dispensed the wrong volume into a well, and two analysis
scripts returned tted isotherm parameters and a peak height
outside the tolerance of the reference. Four report scripts
introduced a placeholder for which no corresponding param-
eter exists, so the eld would remain unsubstituted in the
generated report. One analysis script reported success while
producing none of the required output les. These differ in how
readily a user would notice them. The missing output les and
the unsubstituted placeholders are conspicuous, since the run
produces no analysis results and the report renders with an
empty eld. An incorrect dispensing volume is not visible in the
generated code but would become apparent on execution. The
two quantitative deviations are the least detectable. The pipe-
line completes, a report is generated and a value is written to the
database, and nothing distinguishes the result from a correct
one without an independent reference. Failures that could
propagate unnoticed into the experimental record are therefore
a small minority, 2 of 25, but they are the ones that motivate
verifying a generated analysis against known data before
productive use.

These results place the template execution reported in
Section 2.4 in context. All protocols were generated once and
executed successfully at the rst attempt, but for the dilution-
series protocol the model deployed at the time produces
a correct artifact in about half of independent generations, so
that outcome reects a favorable draw as much as a dependable
process. Agent-assisted template generation is therefore reliable
for workow-structural scripts and for device protocols without
substantial arithmetic, but not certain for the most complex
artifacts. For this reason, the platform provides explicit review
of every generated artifact and version-controlled, agent-
assisted revision rather than treating generation as a single
irreversible step. The limitation tracks model capability rather
than the approach itself, as the same protocol was generated
correctly in all 20 replicates by the more capable GPT-5.5. Once
a template has been veried by the user, all subsequent execu-
tions are deterministic and no further generation occurs, so the
uncertainty is conned to the creation phase and cannot
propagate into the experimental record.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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3. Conclusion

In this work, we presented a template-based workow approach
for SDLs that separates workow design from workow execu-
tion, combining interactive no-code wizard interfaces with AI-
agent-assisted code generation to enable domain scientists to
create, execute and document complex experimental and
simulative workows without manual programming. The
approach was demonstrated through a chromatographic case
study involving automated isotherm determination, mecha-
nistic simulation of two elution strategies and experimental
column validation. All steps were executed entirely through
wizard-created templates integrating two multi-device SDLs.
Regenerating every artifact of the experimental templates 20
times with GPT-5.1, the LLM deployed in the platform's agents
at the time of the case study, showed that reliability is task-
dependent. The orchestration scripts, which encode the
sequence of device operations, were correct in all 20 replicates
for both templates, while the analysis, report and database
scripts reached 16 to 19 of 20. Among the ve device protocols,
four reached 18 to 20 of 20 and the protocol carrying the volume
arithmetic of the experiment reached 10 of 20, giving 87 of 100
pooled. Reliability further depends on the capability of the
underlying LLM, especially for complex tasks. On a simple
protocol without volume arithmetic three of four LLMs tested
succeeded in all replicates, whereas on the dilution series only
the most capable LLM, GPT-5.5, reached 20 of 20 against 10 of
20 for GPT-5.1. A generated template therefore requires veri-
cation before productive use, aer which it executes determin-
istically, and the limiting factor is one that successive LLM
generations can be expected to relax without any change to the
platform itself.

While parameterized, reusable workows are long estab-
lished in laboratory automation, the advance presented in this
study is that they are authored conversationally and graphically
rather than programmed, and that reporting and structured
data storage are artifacts of the template rather than steps
added aerwards. The contribution lies in agent-supported
end-to-end authoring combined with the deliberate restriction
of the agents to the design phase. Our approach occupies the
middle ground between fully autonomous agent-driven
systems, which generate and execute experimental logic on
the y, and conventional laboratory automation, which is
reproducible but requires programming expertise. AI agents
assist during the one-time template design phase, while
execution proceeds deterministically from the xed templates.
This separation is particularly well-suited for systematic work-
ows such as screening campaigns, standard operating proce-
dures and optimization studies, where reproducibility and
consistent data handling are essential.

A key design principle is modularity at both the hardware
and soware level. A new instrument is integrated by imple-
menting one device wrapper class and the corresponding
endpoint on the device control server. The instrument is then
registered in the device inventory so that it becomes selectable
in the wizards, and its operations and calling conventions are
© 2026 The Author(s). Published by the Royal Society of Chemistry
added to the documentation available to the device protocol
agent. The orchestration mechanism, execution logic and data
pipeline are unaffected, since they operate on the wrapper
interface rather than on instrument-specic code. On the so-
ware side, both wizards support reusable building blocks, ELN
resources for simulation congurations and compound steps
for experimental sequences, so that the platform's capabilities
grow incrementally with each new integration.

The effort required to extend the platform differs between
the experimental and the simulative side. On the experimental
side the platform encodes no domain-specic knowledge as it
holds no representation of the principles of a given eld and
does not check a planned experiment for plausibility against
such knowledge. A domain is therefore represented entirely by
its devices and their methods, so that the operation palette of
the wizard is populated from the registered devices. Extending
the platform to a new domain reduces to integrating the devices
that domain requires, together with corresponding additions to
the knowledge provided to the AI agents, whose system prompts
currently carry information about the integrated devices and
analysis of their data. Extension on the experimental side is
thus bounded by the number of devices rather than by the
number of domains, which is consistent with the platform
being in routine use for processes well outside chromatography.
A wizard for device integration and laboratory conguration is
under development, which will parse this device knowledge
automatically and supply it to the agents, further reducing the
effort required. On the simulative side the template wizard is
structured around the unit operations, ow sheets and process
sequences of CADET-Process, so extending it to a different
modelling framework would require a corresponding wizard for
that framework, and the effort scales with the number of
modelling frameworks. In both cases the generic layer transfers
unchanged, though extension currently remains a soware
development effort.

Several limitations of the proposed approach and its current
implementation should be acknowledged. While the wizard
interfaces eliminate the need for programming, creating
a workow still requires domain expertise regarding the
experimental methodology and available devices. The AI-
assisted code generation operates as a single interaction
rather than a continuous dialogue during authoring, so
a generated protocol has to be veried by the user before
productive use, in practice by executing it once on the target
instrument. Most failures observed in the replication study
surfaced as an error rather than as a plausible-looking result, so
verication does not require exhaustive inspection of the
generated code. The exceptions were quantitative deviations in
generated analysis code, which motivates checking a generated
analysis against known data. Subsequent corrections are sup-
ported through the agent-assisted, version-controlled revision
(see Section 2.3 and S2). Once created, a template has a xed
sequential structure. Conditional branching based on inter-
mediate results, e.g., skipping a wash step if a measured
concentration falls below a threshold, or dynamically adjusting
volumes mid-protocol, cannot be expressed in the current
template format. Templates are currently tied to the specic
Digital Discovery
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device conguration of the SDL they were created for, limiting
cross-laboratory portability. The simulation wizard currently
exposes only selected features of the CADET-Process framework,
and capabilities such as process optimization, fractionation
constraints, and reaction modeling are not yet accessible.
CADET itself already covers further domains including
fermentation, ultra-/dialtration, and enzymatic reactions
which could be integrated by exposing these existing features.
The platform further relies on the user prompt to specify any
data quality control, so that results are processed, documented
and stored irrespective of data quality unless such checks are
requested. Finally, the case study showed that automating
a workow does not by itself guarantee that its parameters
transfer quantitatively to a different experimental scale, as the
batch-derived isotherm parameters predicted the observed
elution behavior qualitatively but placed the eluting peak late
under the gradient strategy. Identifying and addressing such
gaps remains a scientic task for the user, which the platform
supports but does not perform.

Future development will pursue several directions to address
these limitations and extend the platform's capabilities.
Workow design could be elevated from the current device-
method level to a higher-level, device-agnostic process repre-
sentation, for example “equilibrate resin, incubate with protein,
separate phases, measure concentration”, which is then trans-
lated into concrete device operations based on the available
instruments and their exposed methods in a given laboratory.
Such an abstraction would make workows portable between
laboratories with different instrumentation, and would allow
a campaign to be specied in terms of the operations it requires
rather than of the templates that exist for a particular setup.
Independently of this, AI agents could operate at the campaign
planning level, selecting, parameterizing and sequencing vali-
dated templates from a growing library rather than generating
experimental logic anew. This maintains the core architectural
principle as the agent would propose the composition of
a campaign while each execution remains deterministic, and
the scientist would retain the decision, with the agent advising,
supervising and suggesting next steps rather than directing the
campaign itself. Expanding the simulative capabilities by inte-
grating further modelling frameworks, will broaden the scope
of accessible simulative workows and can reduce experimental
time and cost. Finally, support for alternative ELN systems
beyond eLabFTW would make the system more broadly
applicable.

In summary, restricting the AI agents to the design phase is
what allows conversational, no-code authoring and fully deter-
ministic execution to coexist in a single workow. For laboratory
automationmore generally, this separation lowers the barrier to
encoding an experimental procedure once and reusing it, since
the authoring step no longer requires programming while the
resulting workow retains the reproducibility and auditability
of conventional automation. Where such workows are to be
run in closed loop, the same separation provides the layer on
which autonomous operation rests. With validated templates in
place, an autonomous campaign requires only an optimizer that
instantiates them with successive parameter sets, which the
Digital Discovery
platform already implements. As self-driving laboratories
mature from bespoke, single-purpose systems toward exible,
multi-domain research platforms, architectures that separate
creative design from reliable execution will be essential for
scaling laboratory automation to the breadth of different
workows that modern experimental science demands.

4. Experimental
4.1 Batch incubation chromatography for isotherm
parameter determination

To determine the loading isotherm parameters of diverse
proteins to chromatography resins at varying salt concentra-
tions an automated experimental workow was implemented
for SDL 1 using the wizard of the web application. The volumes,
durations, buffers, salt concentrations, ligands, resins and
measurement wavelength can be freely adjusted when creating
an experiment from the template. The values used for the
experiments presented here are given below. A schematic of the
complete workow is shown in Fig. S5.

The workow is built around a 96-deep-well lter plate
(AcroPrep Advance, 1 mL, 0.2 mm Supor, Pall), which serves as
the reaction vessel throughout. The resin is retained by the lter
membrane at the bottom of each well, while all liquid phases
are added from above by a liquid handling robot (OT-2, Open-
trons) and removed from below by vacuum ltration. Two
dedicated devices support this arrangement, each used at
a distinct point in the procedure. A resin loader (ResiQuot,
MediaScout) is used once, before the automated workow
begins, to charge the wells with a dened resin volume. A well-
plate vacuummanifold (PerkinElmer) is used repeatedly during
the automated workow, for every liquid removal step.

Resin was loaded in a manual preparatory step. The resin
(Toyopearl MX-Trp-650M, Tosoh) was suspended in ethanol,
and the suspension was distributed over the cavities of the resin
loader and drawn through by vacuum, forming a dense packed
plug of dened volume in each cavity. Excess resin above the
cavities was scraped off level, aer which the plugs were
transferred into the wells of the lter plate. This procedure
dispenses 7.7 mL of packed resin per well with high volumetric
precision.56 The charged lter plate was stored in ethanol until
use. All quantities of bound protein are therefore expressed per
volume of packed resin.

The automated workow then proceeds with two dened
manual interventions, in which the lter plate is sealed before
and unsealed aer the incubation step to prevent evaporation
and cross-contamination during agitation. At each of these
points the orchestration script registers a pause in the web
application and waits until the user conrms completion, as
described in Section 2.1. All other steps proceed without
manual intervention. Labware transfers between the devices are
handled by a six-axis robotic arm (UR-5e, Universal Robots), and
agitation during the incubation steps by a shaker module
(Heater Shaker Module V1, Opentrons) mounted on the deck of
the liquid handling robot. Each liquid removal step is per-
formed as a ltration cycle: the robotic arm places a 96-deep-
well collection plate beneath the manifold, positions the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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manifold and places the lter plate on top, the vacuum pump
(MD 4 VARIO select, Vacuubrand) is operated at 25% of its
maximum speed for 30 s, the assembly is vented for 5 min, and
the lter plate is returned to the liquid handling robot.

The workow begins with buffer preparation. Binding and
equilibration buffers were obtained by mixing low- and high-
salt stock solutions in 12-well reservoirs. For the experiments
presented here, 20 mM sodium acetate at pH 4.0 containing 0,
100, 200, 300 or 500 mM NaCl was prepared for equilibration
(1× concentrated) and containing 0, 200, 400, 600 or 1000 mM
NaCl for the binding step (2× concentrated), mixed from 20mM
sodium acetate stock solutions at pH 4.0 with 0 and 1000 mM
NaCl. Protein solutions of ovalbumin and transferrin were
prepared at twice the desired nal concentration by dilution of
protein stock solutions (1.4 and 14.0 mg mL−1) in 20 mM
sodium acetate at pH 4.0 without NaCl, in a 96-deep-well plate,
giving initial protein concentrations of 0.2, 0.5, 1.0, 1.5, 2.0, 5.0
and 7.0 mg mL−1 for isotherm determination (Opentrons OT-2
protocol 1).

The ethanol storage solution was then removed from the
resin by a ltration cycle. The resin was equilibrated three
times, each time by adding 300 mL of equilibration buffer at the
salt concentration assigned to the respective well (Opentrons
OT-2 protocol 2), incubating for 5 min at 1300 rpm, and
removing the supernatant by a ltration cycle. Aer equilibra-
tion, 150 mL of the 2× concentrated protein solution and 150 mL
of the 2× concentrated binding buffer were added to the
equilibrated resin (Opentrons OT-2 protocol 3), yielding the
intended nal protein and salt concentrations upon mixing,
and incubated for 2 h at 1300 rpm (Opentrons OT-2 protocol 4)
aer the manual sealing step.

Aer incubation, the unbound protein solution was removed
by a nal ltration cycle into a clean collection plate and 200 mL
of the ltrate was transferred to a 96-well at-bottom UV plate
(UV-star 96 well F-bottom transparent, Greiner) for UV absorp-
tion measurements (Opentrons OT-2 protocol 5) at 280 nm
using a multi-mode plate reader (Spark, Tecan). All experiments
were performed as triplicates.

The equilibrium protein concentrations were obtained from
the raw absorbance data with a calibration curve and the
equilibrium load of the resin qe,i,cmod

(mgmL−1) with component
i at the modulator concentration cmod (mM) calculated by eqn
(1).

qe;i;cmod
¼ c0;i � ce;i;cmod

Vads

V0 (1)

Here, ce,i,cmod
(mg mL−1) is the equilibrium concentration of

component i in the mobile phase the modulator concentration
cmod, c0,i (mg mL−1) is the initial concentration of component i,
V0 is the total liquid volume during binding (300 mL) and Vads is
the volume of the resin (7.7 mL).

To describe the salt-dependent adsorption behavior of the
proteins, the MPM model was used. First, a Langmuir isotherm
model57 (eqn (2)) was tted to the experimental data of each
modulator concentration separately, to obtain the effective
Langmuir constant KL,i,cmodeff (mL mg−1) and maximal loading
capacity qmax,i,cmod

(mg mL−1) for component i at that condition.
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qe;i;cmod
¼ qmax;i;cmod

Keff
L;i;cmod

ce;i;cmod

1þ Keff
L;i;cmod

ce;i;cmod

(2)

To obtain the hydrophobicity gi and ion-exchange interac-
tion bi factors of the MPMmodel54,58 describing the inuence of
the modulator concentration cmod on binding, the determined
effective Langmuir constants Keff

L,i(cmod) at different NaCl
concentrations were tted to eqn (3).

Keff
L;i ðcmodÞ ¼ K0

L;i e
gi cmod

�
cmod

cref

��bi
(3)

Here gi (mM−1) describes the hydrophobic contribution and
bi(−) the ion-exchange characteristic. K0

L,i (mL mg−1) is a pre-
exponential constant corresponding to the ratio ka,i/kd,i of the
CADET implementation of the MPM model, and cref = 1 mM is
a reference modulator concentration introduced so that the
power-law term is dimensionless and K0

L,i carries the units of an
effective Langmuir constant. Because the power-law term
diverges as cmod / 0,eqn (3) is dened only for cmod > 0. The
regression was therefore performed over the conditions con-
taining added NaCl (100, 200, 300 and 500 mM), with K0

L,i held
xed at the effective Langmuir constant measured without
added NaCl (Table 1) and with the constraint bi $ 0 as required
by the model implementation. K0

L,i is thus an anchoring
constant and not the cmod / 0, limit of eqn (3), which does not
exist.
4.2 Column chromatography simulations

For mechanistic modelling of column chromatography experi-
ments CADET-Process (v0.11.1) was used in Python 3.11. An
ÄKTA pure 25 (Cytiva) system setup (Fig. S7) was modelled,
using a single inlet, a single tubular reactor for the system dead
volume, a column with a lumped rate with pores transport
model and a single outlet. The simulation workows were
implemented with the simulation template wizard and executed
via the web application.

The binding parameters were transferred from the batch
experiments to CADET's kinetic MPM formulation as described
in Section S4, with K0

L,i entering as the ratio ka,i/kd,i. Consistent
with the isotherm regression, cmod refers to the added NaCl
concentration only. The acetate buffer counter-ions present in
all phases were not treated as a modulator component. Because
the desorption term of the MPM model scales with cbimod is non-
negative, it vanishes at zero modulator concentration, so
binding is effectively irreversible during the simulated equili-
bration, load and wash phases, in which no NaCl is present.
Quantitative capture during these phases is therefore predicted
by construction rather than computed from the tted affinities.
The MPM model contains no pH dependence. All isotherm
parameters were determined at pH 4.0 and the simulations
describe that condition alone, so the model does not represent
the alkaline CIP step or any other change in protein net charge.

Geometric parameters were taken from the manufacturer
specication. The bed porosity was determined from blue
dextran tracer experiments and the particle porosity calculated
Digital Discovery
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from the total porosity obtained with acetone. The extra-column
volume was determined from the system dead volume
measured without an attached column. The axial dispersion
coefficient was estimated from the correlation of Chung and
Wen59 and the component-specic lm diffusion coefficients
from that of Wilson and Geankoplis,60 and the pore accessibility
factor was set to unity, i.e., no size exclusion was applied. A
detailed description of the determination and unit conversion
for all simulation parameters is given in SI Section S4 and the
utilized parameters are listed in Tables S4–S7. Additionally, the
simulation scripts are provided in the accompanying repository.

4.3 FPLC validation runs

To automate the FPLC runs, the device control server leveraged
the Orbit controller,61 a Python-based supervisory controller for
chromatography systems developed at Lund University. Orbit
supports two connection modes to the UNICORN control so-
ware of the ÄKTA system, an OPC connection through the
UNICORN OPC server and a direct API connection available
from UNICORN version 7.4 onwards. The API mode with
UNICORN 7.8 was used in this work, which requires the
UNICORN online server to be enabled through the UNICORN
Service Tool and the controlling account to be granted access to
the system in the ServerAPI access group. Since Orbit and
UNICORN cannot hold control of the system simultaneously,
control is released from UNICORN before a run. The device
control server exposes method upload, run start, run status and
result retrieval as HTTP endpoints, so that the orchestration
script controls the chromatography system through the same
device abstraction as all other instruments (Section 2.1).

Linear gradient elution and step elution experiments were
performed using buffer A (20 mM sodium acetate) and buffer B
(20 mM sodium acetate, 2.0 M NaCl). Both buffers A and B were
adjusted to pH 4.0 with glacial acetic acid. The buffers were
mixed in a 0.6 mL static mixer and passed through the injection
valve to the chromatography column. The column effluent was
monitored sequentially by the UV detector (280 nm) and the
conductivity detector, before being directed to waste. The
method started with an equilibration step with 5 CV of buffer A
to ensure that the stationary and mobile phase were in the
desired chemical state regarding pH and ionic strength prior to
sample loading. Next, the protein solution (1 mg mL−1 of each
ovalbumin and transferrin in 20 mM sodium acetate at pH 4.0)
was injected using a 500 mL manually loaded sample loop.
During injection, the ow rate was maintained at 0.2 mL min−1

and subsequently increased to 0.5 mL min−1. Aer a wash step
of 5 CV with buffer A, either a linear gradient (0 to 2000 mM
NaCl in 20 CV) or stepwise elution (3.5 CV at 650 mMNaCl, then
6 CV at 1600 mM NaCl) was carried out. Finally, a CIP step was
conducted between runs using buffer B, 0.5 M NaOH, 0.5 M
HCl, and water, applied sequentially to remove residual
contaminants and restore column performance.

4.4 Materials

Sodium acetate was purchased from Carl Roth GmbH & Co KG
(Karlsruhe, Germany). Acetone, glacial acetic acid, blue dextran,
Digital Discovery
sodium chloride, ovalbumin, transferrin, sodium hydroxide
(NaOH, 1.0 N), hydrochloric acid (HCl, 36.5–38%) were obtained
from Merck KGaA (Darmstadt, Germany). The resin Toyopearl
MX-Trp-650 M was obtained from Tosoh Bioscience (Tokyo,
Japan). All chemicals and reagents were used as received
without additional purication. Buffers were prepared in ultra-
pure water and pH was adjusted using glacial acetic acid.
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