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Automation of liquid chromatography

UPSTAIRS project: Unleashing the Potential of Separation Technology to Achieve Innovation in
Research and Society

- Automated method development workflows
- Peak tracking and describing chromatography
- Alternative strategies for selectivity screening
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Automated gradient optimization
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What is an optimization algorithm

Optimization algorithms: Mathematical procedures used to find optimal solutions to
complex problems. They do this by minimizing or maximizing some type of function.
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Same Sample, Different scoring functions
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- The complexity is also influenced by the type of scoring
- The optimal method parameter may vary for each scoring function (CRF)
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The scoring function (Chromatographic response function)

n = very small

n = relatively large
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The number of compounds in the sample

* The type of sample
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Experimental input

6 Algorithms

11 Samples

4 Gradient-steps
10 CRFs

10 Starting points

Sample + Seed (10x)

f o

=~ 4000 combinations

Algorithms:
Bayesian optimization (BO)

Grid Search (Grid)

Schematic Workflow

Data processing:
Peak detection

Simulation based on
the retention
modeling framework

Genetic algorithm (GA)

Random search (Random)
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Budget
‘ Average comparative
. \ } ranking of all combinations
The chromatogram is .
scored based on the CRF

Optimization of the CRF
score and initialization of
the next attempt

# lterations

Differential evolution (DE)

Covariance matrix assisted evolutionary strategy (CMA-ES)
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Visualization of the comparison

The benefit of the comparative ranking

« Itis easily interpretable which algorithm, on average, outperforms the other algorithms
« We do not need to know the quality of the score
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AutoLC method development
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Van Henten, Boelrijk, Kattenberg, Bos, Ensing, Forré, Pirok, 2025, Journal of chromatography A, 1742, 465626
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Challenge: defining a good CRF

The success or failure of the optimization process critically depends on the CRF

So, this means taking into account:
* the complexity of the CRF
» Especially if n = high
- Composite Response Functions (combined
CRFs)

 Arbitrary weighing and transformation
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Product of resolution + Time penalty:
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Take-home message:

For automated gradient optimization workflows:
« BO highly efficient for optimizing method with limited
number of parameters

Keep the CRF simple and develop in tandem with
optimization algorithms
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