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Abstract1

Experimentation is inherently difficult because most methods require substantial re-2

finement, calibration, and validation before high-quality, reliable data can be collected.3

In most cases, experimental outcomes are impacted by multiple variables, thus requiring4

their simultaneous optimization for single and multi-objective targets. Traditional exper-5

imental approaches rely on trial-and-error methods guided by rational decision making,6

but these become increasingly inefficient and ineffective as complex interactions between7

inputs limit our ability to capture underlying trends using conventional statistical ap-8

proaches. Machine learning and active learning (ML/AL) combined with automation9

represents an approach that can bolster future laboratory productivity. However, a steep10

initial learning curve and high costs of instrumentation pose substantial barriers to adop-11

tion. To democratize access, we herein comprehensively cover both the computational12

skills and hardware implementation necessary for self-driven experimental workflows.13
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The accompanying open-source, low-cost liquid handling platforms offer practical tem-14

plates for researchers adopting self-driving lab (SDL) methodologies. Complete tutorials15

and build guides are provided at https://gormleylab.github.io/SDLGuide.16

1 Introduction17

Major goals of scientific research include advancing fundamental understanding of phenom-18

ena and developing technologies. In practice, this often involves using experimentation to19

determine how controllable input parameters (e.g., processing conditions, molecular struc-20

ture, composition) influence a complex output property of interest (e.g., material perfor-21

mance, yield, selectivity, and stability). Traditionally, researchers have selected experiments22

by leveraging their own intuition (e.g., rational experimental design) or more systematic ap-23

proaches such as classical design of experiments (DOE),1,2 which are often supplemented by24

simple statistical methods to model the relationship between experimental parameters and25

the property of interest.3 While powerful, these approaches can face limitations when the26

input parameter space is high-dimensional, the relationship between input parameters and27

output property is highly nonlinear, and experiments are time and/or resource-intensive.28

Recent advances in machine learning (ML) and automation offer new ways to overcome29

these barriers and accelerate scientific research.4–6 Specifically, supervised ML algorithms30

can provide flexible modeling frameworks to predict complex output properties from input31

parameters with unprecedented fidelity.7–9 When systematically probed and interpreted,32

supervised ML algorithms can yield insights into how input parameters and their inter-33

actions influence output properties.10–12 In addition, active learning (AL) algorithms can34

be used to strategically select the ‘next best experiment(s)’, typically to improve model fi-35

delity (thus bolstering knowledge) or to optimize output properties with respect to input36

parameters.12–16 Complementing these algorithmic advances, robotic platforms and auto-37

mated high-throughput characterization tools allow experiments to be performed rapidly,38

reproducibly, and in parallel, in effect, providing more data to resolve the connection be-39

2
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tween input parameters and output properties in a shorter period of time.17–19 Furthermore,40

data collected when applying these tools allow for greater repeatability of experimentation41

through the reduction of human error when generating samples. Thus, mitigating uncon-42

trolled variations captured by the model and when capturing experimental baselines.43

Together, the aforementioned components can be linked together in a Design-Build-Test-44

Learn (DBTL) workflow,20 as illustrated in Figure 1. In a DBTL workflow, high through-45

put / automated machinery expedite the experimental preparation (build) and characteriza-46

tion (test) of samples, supervised ML enables modeling and projection of the collected data47

(learn), and AL leverages the learned information to select new experiments (design). This48

process can be repeated towards the advancement of defined scientific objectives. If well-49

integrated, such that the process can sustain without human intervention, the assembly of50

these components in a DBTL workflow forms a self-driving lab (SDL).6,21 Distinguished by51

rapid and efficient operation, SDLs have the potential to revolutionize scientific discovery52

and otherwise influence how scientific research is conducted.53

Despite their potential, implementing automated DBTL workflows can present substan-54

tial challenges that add methodological complexity with minimal immediate gain. Cur-55

rently, the time-investment and expansive skill set required—which can span programming,56

robotics, and domain expertise—often drives researchers toward seeking commercial solu-57

tions for their bespoke objectives. Commercial turn-key systems offer reliable, out-of-the-58

box operation that alleviates these problems, which can be attractive to a user with sufficient59

capital. However, direct investment may be improbable for a researcher due to high initial60

cost. Companies, such as Opentrons, have helped lower entry barriers with more accessible61

(i.e., low-cost and open-source) turn-key instruments,22 but the investment in compatible62

devices and infrastructure still may exceed that of many research laboratories.23 This creates63

a critical gap between the promise of SDL methodologies and their practical adoption in64

typical research settings.65

To address aforementioned barriers related to skills and resources, there are growing ef-66

forts to democratize access to SDLs through open-source software and hardware.22,24 For67
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Design Build

TestLearn

Automated 
Workflow 

for SDL

1.8

Formulation: 38

Fig. 1: Schematic of a self-driving laboratory (SDL) workflow based on a closed-loop
Design-Build-Test-Learn paradigm for automated experimentation. Experiments are au-
tonomously performed using a custom and low-cost liquid handler. The collected data,
alongside design parameters, are fed into a machine learning pipeline that guides data ac-
quisition with active learning principles. This framework can be used to understand system
behavior across an input domain or to autonomously suggest and test parameter combina-
tions to yield desired functionality.

example, the Jubilee Project’s extensible multi-tool motion platform demonstrates this idea68

through community built open-source hardware for automation applications.23 Addition-69

ally, previous examples of low-cost open-source tools for prototyping SDLs (e.g., SDL-Light70

and Claude-Light) illustrate more community-driven approaches for automated experimen-71

tation.25,26 In particular, wet lab SDLs based on liquid handling devices have demonstrated72

success across diverse applications.6,27–32 Nevertheless, a significant gap remains between73

these demonstrations and the step-by-step educational resources that researchers need to74
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successfully and timely implement SDL workflows.75

Herein, we address both an educational and infrastructure gap by presenting a com-76

prehensive guide for building and implementing an open-source, low-cost liquid handling77

platform capable of SDL applications. Our approach combines hardware construction with78

software development, featuring Python-based control scripts and tutorials that researchers79

can customize for their specific needs. This provides a resource to bolster familiarity with80

AL/SDL concepts as well as a practical development tool, guiding users through the com-81

plete process from hardware assembly to crafting autonomous workflows. Additionally, we82

believe that the time investment and technical expertise gained through the utilization of83

our guides will embolden researchers to then tailor learned techniques towards their specific84

domain. This work represents the second installment for our User’s Guide Series, building85

upon the foundational ML concepts covered in our first installment;33 readers are referred86

to that installment for essential prerequisite knowledge and terminology. Through expla-87

nations of both theoretical principles and practical implementation steps, this guide aims88

to lower barriers for widespread adoption of SDL workflows across diverse research disci-89

plines.90

The rest of the document is structured as follows. Section 2 reviews essential ML/AL ter-91

minology and requisite background knowledge needed for understanding the guide. Sec-92

tion 3 provides instructional information for the creation and operation of low-cost liquid93

handlers for the purpose of automation. Section 4 provides a simple yet non-trivial demon-94

stration of an autonomous experiment optimizing an enzyme assay, incorporating the de-95

veloped liquid handling device and covered topics. Finally, Section 5 summarizes the key96

topics featured in this guide and provides perspective for future consideration. We note97

that supporting resources, including complete tutorials and build guides, are available at98

https://gormleylab.github.io/SDLGuide.99

5

Page 5 of 35 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
 2

5 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/2

6/
20

26
 2

:4
4:

20
 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 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D5DD00525F

https://gormleylab.github.io/SDLGuide
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00525f


2 Essentials of Active Learning100

2.1 Overview of Active Learning and Bayesian Optimization101

For an SDL to be self-driving, it must have the ability to autonomously propose and then102

pursue new experiments. The autonomous proposition can be accomplished using AL,103

which provides a principled framework based on ML and information theory to select ex-104

periments judiciously based on previously acquired data. In previous work, AL has been105

successfully used to develop accurate ML models with minimal training data or optimize106

outputs from a large input space using minimal evaluations.12,34–37 Thus, by implementing107

this process to function iteratively, the SDL can efficiently acquire data without human in-108

tervention.109

Applications of AL for SDLs follow a standard workflow, the components of which will110

be further described in subsequent sections. A schematic of this workflow is shown in Fig-111

ure 2. Initially, high-throughput preparation and characterization capabilities are used to112

perform a first set of measurements with conditions randomly selected or using another113

strategy. We refer to this initial data selection as data seeding. An ML model, termed the114

surrogate model, is trained on this data for target property prediction. The surrogate model115

then predicts the target property on the unmeasured portions of the input space. Then, new116

points are selected based on the predictions of the surrogate model. Specifically, an acquisi-117

tion function is defined, typically using the outputs of the surrogate model, and new points118

are selected by optimizing the acquisition function. The SDL then obtains data for the rec-119

ommended points, after which the surrogate model is retrained and the process repeats.120

This AL “loop” continues until an end criterion is met. Common criterion include exhaust-121

ing an experimental resource or time budget, the plateauing of surrogate model accuracy, or122

the identification of a set of experimental conditions that yield a target property.123

This standard AL workflow is commonly employed in two distinct contexts. First, AL124

can be used to select samples that best represent the variation of a property across the input125

space. In other words, AL is used to train a maximally accurate surrogate model for the pre-126

6
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Model Training Assessment SelectionData SeedingA B C D

Fig. 2: Schematic of active learning framework. (A) Data are initially chosen using a data
seeding method. Here, X is the range of inputs, Y are the property values, and the initial
data are plotted as yellow markers. (B) A surrogate model is trained on this data and used
to make predictions on the input space. The mean predictions of the surrogate model are
plotted as a blue line, while the blue shaded region depicts the uncertainty of the surrogate
model. (C) An acquisition function is computed from these predictions and uncertainties.
Here, the acquisition function is plotted as a red line over the input space X . (D) The point
which maximizes the acquisition function is chosen for further evaluation, as shown by the
yellow star. After evaluating the new point, the surrogate model is retrained on the new
dataset, completing the active learning loop.

diction of the target property for any possible input. In this context, the acquisition function127

may rely on the uncertainty of the surrogate model. ML models can make predictions with128

uncertainty using a variety of the methods discussed in Section 2.3. By choosing points for129

which the surrogate model is maximally uncertain, the SDL minimizes uncertainty in model130

predictions across the input space, resulting in a (hopefully) maximally accurate surrogate131

model.132

Second, AL can be used to find points in an SDL’s input space that optimize a target133

property using minimal experiments. This form of AL is often referred to as Bayesian opti-134

mization (BO). In this context, the acquisition function considers surrogate model predictions135

and uncertainties to select new points from the input space which are likely to improve over136

the current optimal input. Since SDLs are often employed for optimizing experimental con-137

ditions or discovering materials with optimal properties, BO is commonly used to guide138

autonomous data selection in SDLs. Therefore, we emphasize the use of BO in this User’s139

Guide.140

For the remainder of Section 2, we provide a more thorough discussion of the compo-141

7
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nents of AL/BO. To provide readers with a hands-on demonstration of the methods and142

workflow described here, we have created a Google Colab notebook for performing BO on a143

toy function. Specifically, we show how BO can be applied in various ways to the optimiza-144

tion of the Müller-Brown potential, a two-dimensional function from theoretical chemistry145

commonly used to benchmark optimization protocols. All code required to recreate the re-146

sults of Section 2 is available in the Google Colab.147

2.2 Data Seeding148

Choosing a set of data to initiate AL/BO is called data seeding. The initial dataset may have149

been previously collected, or it may be obtained intentionally at the outset of an AL-guided150

campaign. If the latter, it is desirable to use a diverse set of initial points that can supply151

baseline coverage across the input space. To generate such diverse initial datasets, space-152

filling algorithms can be employed;38 examples include Latin hypercube sampling (LHS)39
153

and Sobol sampling40 when variables on the domain are independent and bounded, while154

maximin41 and cluster-based42 samples can be employed for arbitrarily shaped domains.155

While many options exist, so long as the initial training set covers the input domain, most156

reasonable options should suffice, as the importance of initial training data selection is ex-157

pected to decline as more data is acquired during AL.37 Figure 3 shows examples of popular158

data seeding algorithms applied to the Müller-Brown potential, as shown in the Google Co-159

lab.160

In AL/BO workflows, it is necessary to decide what fraction of an experimental budget161

should be allocated to data seeding. There is no consensus on the best amount of data to162

use for seeding, and the ideal amount is likely problem dependent. As a result, seed dataset163

sizes are usually chosen based on data acquisition logistics. If data acquisition occurs se-164

quentially, as is often the case for manual experimentation, the seed dataset could be a single165

measurement. If data acquisition occurs in batches, as is often the case for high-throughput166

experimental equipment, then a seed dataset size can be chosen for compatibility with exper-167

8
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1 0 1
X1

0.5

0.0

0.5

1.0

1.5

2.0
X 2

A Random

1 0 1
X1

B Maximin

1 0 1
X1

C Cluster

0.5

0.0

0.5

1.0

Y

Fig. 3: Examples of space-filling algorithms. Common space-filling algorithms are applied
to the two-dimensional Müller-Brown dataset. X1 and X2 are the features of the Müller-
Brown potential, and the labels are shown using a blue color map, where darker regions
denote smaller values. The chosen sample is shown by yellow points. The results of (A)
random, (B) maximin, and (C) cluster-based sampling algorithms applied to the Müller-
Brown dataset are shown.

imental protocols (e.g., a size of 96 for experiments conducted in 96-well plates). If one has168

the capacity to choose a seed data size independent of equipment constraints, then it can be169

decided by considering the AL/BO algorithm being used. If an exploitative BO algorithm170

is employed, it may be beneficial to allocate a larger portion of one’s experimental bud-171

get to space-filling, suggesting a larger seed dataset. If a BO algorithm has an exploratory172

component, it may be beneficial to provide the algorithm more iterations for optimization,173

suggesting a smaller seed dataset. We emphasize that these are general considerations and174

that the relationship between seed data and AL/BO outcomes is not fully understood.19
175

2.3 Surrogate Model Training176

Using the initial dataset, an ML model is trained and used to make predictions across the177

entire input space. While any ML model can be used for AL/BO, some common examples178

include Gaussian processes (GPs), random forests, and neural networks. GPs are the usual179

method employed for BO. For most AL/BO workflows, surrogate models are used to make180

predictions with uncertainty (i.e., quantifying a range of possible predictions), since surro-181
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gate model uncertainty is often used to guide the selection of new experiments. Figure 4182

shows a GP’s predictions and uncertainties for the Müller-Brown dataset after being trained183

on the seed dataset shown in Figure 3A.184

1 0 1
X1

0.5

0.0

0.5

1.0

1.5

2.0

X 2

A Ground Truth

1 0 1
X1

B Predictions

1 0 1
X1

C Uncertainties

0.2

0.4

0.6

0.8

Un
ce

rta
in

ty

Fig. 4: Example of surrogate model outputs. A GP is trained on the dataset shown in
(A). The predictions of this GP on the Müller-Brown domain are shown in (B), while the
uncertainties of the GP on the Müller-Brown domain are shown in (C). The GP accurately
predicts a local minimum in the bottom right corner of the domain. The GP has minimal
uncertainty near the training data, but has high uncertainty far from the training data.

ML models differ in how they compute uncertainties, which can impact AL/BO perfor-185

mance. GPs inherently measure uncertainty by predicting distributions of labels directly,186

which encourages their use in AL/BO workflows. Random forests, being ensembles of de-187

cision trees, typically compute uncertainty by measuring the spread in predictions from188

individual decision trees. For neural networks, uncertainty is often calculated by training189

several neural networks with different initial parameters in a process called ensembling. In190

principle, all ML models are capable of uncertainty estimation using ensembling or boot-191

strap aggregation, where uncertainties are calculated using the spread of predictions from192

several models trained on different subsets of the training data. Uncertainty quantification193

for ML models of varying architectures is an active area of research, and we refer interested194

readers to more complete treatments of uncertainty estimation.43–47
195
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2.4 Acquiring New Data196

After the ML model is trained, new points in the input space are selected for evaluation197

based on the predictions and uncertainties of the ML model. A new candidate is selected if198

it maximizes an acquisition function. Acquisition functions usually depend on both predicted199

values and uncertainties of surrogate models. If researchers are interested in maximizing200

ML model accuracy across the domain, a suitable acquisition function may simply be the201

model uncertainty. In other scenarios, researchers are interested in finding the experimental202

inputs that maximize a property; numerous acquisition functions comport with this objec-203

tive, with opportunity to balance both predicted values and uncertainties when choosing204

the next candidate from the domain. Researchers may also be interested in simultaneously205

recommending several points (i.e., batch selection) rather than one point at a time (i.e., se-206

quential selection),48 and acquisition functions can be devised or adapted for either context.207

Numerous acquisition functions are used for BO. Figure 5 shows the expected improve-208

ment (EI) acquisition function calculated for the predictions and uncertainties on the Müller-209

Brown domain shown in Figure 4 and the point which maximizes it. The most common210

acquisition functions for BO include EI, probability of improvement (PI), and upper confi-211

dence bound (UCB). PI calculates the probability that a candidate will improve upon the212

best current result (sometimes referred to as the incumbent). EI extends this concept by213

also weighting probability of improvement by the magnitude of expected improvement;214

thus, the consideration evolves from asking simply whether something will be better to215

how much better it might be. UCB is calculated as a weighted sum of the prediction and216

uncertainty, thereby choosing points based on their likely maximum value. Variations on217

these acquisition functions can be formulated with a hyperparameter that modulates the218

balance of exploitation (i.e., choosing points with predicted optimal values) or exploration219

(i.e., choosing points with high uncertainty). Additional acquisition functions exist based220

on different considerations (e.g., entropy search, knowledge gradient, Thompson sampling,221

etc.).49 Likewise, ensembles of acquisition functions can be used to combine the intuitions of222
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each approach; this has proven especially useful in batch selection settings.50,51
223

1 0 1
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0.5

0.0

0.5

1.0

1.5

2.0

X 2
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1 0 1
X1

B Uncertainties

1 0 1
X1

C Acq. Func.
New Experiment

1

0

1

2

Ac
q.

 Fu
nc
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Fig. 5: Example of an acquisition function. The expected improvement acquisition function
is computed for the predictions and uncertainties of the surrogate model. (A) The scaled
predictions of the surrogate model. (B) The uncertainties of the surrogate model. (C) The
expected improvement acquisition function. The proposed point which maximizes the ac-
quisition function is shown as a red star.

High-throughput experimental equipment developed for SDLs is often capable of mak-224

ing measurements in batches. Therefore, it is useful for AL/BO algorithms to recommend225

batches of points rather than individual measurements for data acquisition. A naïve ap-226

proach to select batches of b measurements involves choosing the b measurements that opti-227

mize an acquisition function (e.g., the b points with the highest EI). However, this approach228

does not consider correlation among proposed measurements, possibly leading to redun-229

dancy in acquired data. Alternative batch selection methods attempt to choose desirable230

measurements while reducing redundancy. Some methods sequentially choose batches of231

points while discouraging selection near previously chosen points, such as local penaliza-232

tion52 and Kriging believer batch selection.48 Other methods rely on stochasticity to prevent233

similar measurement selection, like Thompson sampling and the multipoint probability of234

optimality.53 Batch selection methods can also use filters, such as clustering algorithms54
235

or diversity metrics,55 to limit redundancy in the selected batch. Batch selection in AL/BO236

workflows is still an active area of research, and no single approach has proven optimal237

across a wide array of optimization problems.238
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2.5 Closing the Loop239

After a new point is recommended, the SDL prepares the necessary experiment, measures240

the result, and the process is repeated. Specifically, the ML model is retrained on the updated241

set of measurements, predictions and uncertainties are made on the domain, and the point242

that maximizes the updated acquisition function is chosen and measured by the SDL. This243

process is repeated until a stopping criterion is reached, whether that is exhaustion of the244

SDL budget, identification of an effective input, or sufficient convergence of model accuracy245

(as suitably measured by cross-validation or a held-out test set).246

2.6 Successful Applications of AL/BO for SDLs247

The growing popularity of AL/BO for SDLs is supported by many successes. Tamasi et248

al. used BO (specifically, a GP with the EI acquisition function) to discover copolymers249

capable of successfully stabilizing three enzymes under thermal stress by measuring only250

∼0.1% of the total domain.35 Angello et al. used BO (specifically, a novel BO formulation251

called Gryffin56) to not only optimize the photostability of light-harvesting donor-acceptor252

molecules in solution sampling only 1.5% of the total domain, but they also gained chemical253

“knowledge” by identifying previously unknown molecular features correlated with their254

target property during their BO campaign.12 Szymanski et al. used an AL-driven SDL to255

explore the domain of synthetically accessible inorganic powders, integrating computation,256

theory, AL, and robotics to propose synthesis recipes and search for novel compounds.31
257

These are just a few examples of a growing effort to use AL/BO and SDLs to accelerate258

scientific discovery.57–61 We anticipate that continued research into maximally data-efficient259

AL/BO protocols will only further increase the successes of SDLs.260
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3 An Open-Source SDL Platform Build261

While Section 2 introduced readers to the essential facets of AL, the goal of this section is262

to deploy these methods in a simple, low-cost, and open-source platform for self-driving263

wet lab experimentation. Figure 6 shows how the principles of AL/BO can be incorporated264

into an automatic experimental platform to achieve this goal. We view our platform as an265

accessible and customizable alternative to commercial devices such as the Opentrons OT-2266

robot. Inspired by SDL-Light and Jubilee,23,25 we provide an SDL build guide that provides267

two lower cost and open-source alternatives to commercially available liquid handlers. By268

developing this guide, we also hope to encourage the use of automatic liquid handlers in269

experimental workflows and provide a starting point for the iterative refinement of low-270

cost, automated laboratory equipment.271

3.1 Custom-Built Liquid Handlers272

Automated liquid handlers rely on three systems: the spatial system, fluidic system, and273

control system. The spatial system includes mechanical parts capable of movement, the274

fluidic system includes equipment capable of drawing and dispensing fluid, and the con-275

trol system includes the software necessary to coordinate the spatial and fluidic systems to276

execute user-defined tasks. Based on these systems, we prototyped two liquid handling277

platforms which offer lower cost alternatives to commercial instruments. Figure 7 shows278

these platforms, referred to as the pen plotter- and pipette-driven liquid handlers, which279

differ in their spatial and fluidic systems. The platforms strike a balance between dispens-280

ing accuracy, precision, and speed, while being built for less than $1,000 (excluding the cost281

of the syringe pump, electronic pipette, and UV-Vis spectrophotometer, which are common282

in most labs).283

The pen plotter driven liquid handler was created by integrating a Fusion 200X syringe284

pump by ChemyX Inc., an AxiDraw V3 pen plotter by Evil Mad Scientist (now sold by Ban-285

tam Tools as NextDraw), various fluidic components obtained from Chrom-Tech, a supplier286
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5
4
7

Build

TestLearn

DesignDesign Parameter 
Space

Space Filling 
Algorithm

Sample Preparation Automated Sample Creation

Material Property 
Descriptors 

Add Sample
Point 

Sample Analysis

Data 
Aggregation 

Model PredictionAcquisition FunctionScientific Inquiry 

Fig. 6: Schematic overview of an SDL. Once an experimental question is generated and the
researcher designs a parameter space of relevant resources, the task is sent through the au-
tomated platform to iteratively uncover the function-property relationships in the domain.
The automated platform uses a designated space filling algorithm, prepares and analyzes
chosen samples, aggregates the data into a ML friendly format, and preforms BO by apply-
ing a chosen ML model and acquisition function to suggest the next samples.

of IDEX Health and Science fluidic components, and 3D-printed parts designed and printed287

using a Bambu Lab X1C 3D printer. The pen plotter was used as a controllable, three-axis,288

pre-built spatial system for precise movement. The Fusion 200X syringe pump was chosen289

as the basis of our fluidic system for its precision bulk withdrawal and infusion at large290

volumes. Due to the commercial availability and well documented APIs of the discussed291

devices, it is simple to build a programmable control system. The platform is designed to292

work with a SpectraMax M2 UV-Vis spectrophotometer plate reader (i.e., from Molecular293

Devices Inc.) to collect absorbance data from microplates, as can be seen in Figure S2. A294

3D printed platform is designed to fit auxiliary labware such as reagent holders, waste, and295
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cleaning solution with designated space opening and closing the plate reader drawer. This296

allows for transfer of materials from the reagent holders to the sampling plate inserted into297

the plate reader. A demonstration of this system running can be seen in Video S1.298

To provide an alternative to the pen plotter-driven liquid handler that may serve differ-299

ent needs within a laboratory environment, we provide a build guide for a pipette-driven300

liquid handler. Here, the fluidic system is comprised solely of an electronic pipette (VI-301

AFLO, Integra Biosciences) which individually withdraws and dispenses in small volumes302

with the commercially determined precision. The fluidic system is mounted on a custom303

gantry that acts as the spatial system, as shown in Figure 7. With carriages along the X/Y-304

axes and a Z-axis linear actuator, the spatial system provides ample space for greater cus-305

tomizability. However, a specific user defined task dictates the design of a robust liquid306

handler, ultimately requiring careful planning and iterative improvement. A demonstra-307

tion of the liquid handler running can be viewed in Video S2. A component breakdown308

and build guide for creating this specific handler is provided in a GitHub repository at309

https://github.com/GormleyLab/Pipette-Liquid-Handler.310

3.2 Pen Plotter Liquid Handler311

For the remainder of this User Guide, we consider the pen plotter liquid handler. In addition312

to the build guide, we provide an extended explanation of the low-level decisions related to313

its operation and production.314

The integration of a finely tuned fluidic system becomes the major focus in a liquid han-315

dler using a prebuilt spatial system. A fluidic line was developed to produce the desired316

connection between the syringe pump and pen plotter to aspirate and dispense reagents.317

The developed configuration utilizes two parallel 1 mL syringes clamped into the syringe318

pump joined by a Y-assembly to a single tubing line ending with a needle assembly. The nee-319

dle assembly is placed in a 3D printed holder on the z-axis linear actuator for withdrawal320

and dispensing by the pen plotter (Figure 7). Two 1 mL syringes were chosen to leverage321
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Pipette Driven 
Liquid Handler

Fluidic System

Storage Plate

Tip Rack/
Disposal 

Pen Plotter Driven 
Liquid Handler

XY

Z

Spatial System

Fluidic Line

Syringe Pump

Labware

Needle Holder

Z

Y
X

Fig. 7: Completed examples of compatible low-cost liquid handler platforms for an SDL.
(pen plotter driven system described in length in this paper). Includes both fluidic schemat-
ics, and spatial movement systems. The pen plotter driven liquid handler’s spatial sys-
tem is comprised of a modified pen plotter while the fluidic system is comprised of a
user-developed fluidic line driven by a controllable syringe pump. The pipette driven
liquid handler’s spatial system is comprised of a user-developed gantry while the fluidic
system is comprised of a wirelessly controlled electronic pipette. Build guides for both
liquid handlers including parts lists, CAD files, and software can be found in Github at
https://gormleylab.github.io/SDLGuide.

a smaller internal diameter to increase the reliability of dispensing at specified flow rates.322

However, larger syringes can be used for an increased storage capacity, albeit at the cost of323

lower dispensing accuracy and precision.324

3.2.1 Preliminary Setup325

Here, we review important aspects related to the setup of the pen plotter liquid handler.326

Fluidic Line Priming Before the fluidic line can be used in the fluidic system, the line must327

be prepared. This is done by filling the line and syringes with an incompressible liquid (i.e.328

water), taking care to mitigate the number of air bubbles in the system. If the fluidic line329

exceeds the amount of volume present in the syringes, it may be advantageous to fully sub-330

merge the syringe in a container of the incompressible liquid with its connecting piece to fill331
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the line without introducing unnecessary air bubbles. The loaded fluid transmits the forces332

generated by the syringe pump within the system to execute dispensing orders consistently.333

To eliminate interactions with the liquid already in the system, a deliberate air gap is formed334

to separate drawn fluids.335

Syringe Pump Fluidic Calibration. Due to inaccuracies inherent in a pressure-driven sy-336

ringe pump and variation in syringe sizes, it is necessary to scale the user-submitted vol-337

umes when dispensing. A scaling factor is determined by performing a calibration, which338

involves computing the ratio between actual and user-specified volumes for triplicate dis-339

penses. When user-specified volumes are scaled by this factor, the liquid fluidic system340

dispenses volumes more accurately.341

3.2.2 Fluidic Capabilities342

The pen plotter liquid handler was designed to maximize accuracy and precision over the343

largest range of dispensing volumes possible while satisfying cost constraints, as described344

in Figure S1. However, there is a clear lower limit for accurate volume transfers. At low345

volumes, it is measured to have higher dispensing error, likely due to start up effects of the346

syringe pump. This start up effect is present over the entire dispensing range as there is a347

consistent loss in energy due to compression at the air gap separating the incompressible348

fluid and the drawn reagent. However, this effect is remedied at higher volumes using the349

defined correcting factor.350

3.3 Program351

The software that provides programmable control of the liquid handler is key to developing352

automated workflows. The software must consider limitations of the spatial and fluidic sys-353

tems to execute experiments of interest. Our software is built to work with the AxiDraw V3354

pen plotter (now sold by Bantam Tools as NextDraw), Fusion 200X ChemyX syringe pump,355

and SpectraMax M2. The software was built using Python 3.12.0 and requires the ChemyX356
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API, AxiDraw API and Molecular Devices SDK, as well as several packages for data anal-357

ysis and interpretation like NumPy and Pandas. The program is organized into a modular358

structure to support flexibility and maintainability. At the top level, a requirements.txt359

file defines all necessary dependencies installed in a virtual environment. The application is360

launched via main.py. The core functionality resides in the src directory, which includes361

five modules. The sdlgui.py module contains all tkinter-based UI elements, including362

buttons and entry boxes used to configure experiments. The guifunctions.py mod-363

ule is responsible for processing, organizing, and manipulating user input, and contains364

the functions that execute the experimental workflow. The liquidhandler.py module365

controls the AxiDraw V3 and Fusion 200X syringe pump used for automated liquid han-366

dling. The dataprocessing.py module handles data acquisition from the SpectraMax367

M2 and implements the ML and BO algorithms that enable self-driving functionality. Fi-368

nally, sdlvariables.py stores shared global variables such as directory paths and pandas369

DataFrames that are accessed and modified across the modules. The project also includes370

a data directory for storing raw and processed experimental data and a resources directory371

that contains static assets such as logos and icons used in the user interface.372

When running the program, we provide a user interface that allows for the manual setup373

of experimental parameters. Configuring experiments begins in the ‘home’ tab, where a374

list of reagents is provided with corresponding concentrations. The order of the reagents375

determines the order of dispensing. When reagents are put into groups, the program selects376

one reagent from each group. Reagents that act as buffers must be selected as buffers in377

the dropdown menu and include a corresponding pH. Additional tabs can be added for378

different experiments. Currently, the enzyme assay tab is the only self-driven task that can be379

chosen. Under the enzyme assay tab, reagent bounds can be chosen in the format “([Lower380

Bound], [Upper Bound])”. The number of samples is the seed library size and must be381

chosen carefully to ensure the dispensing maximum is not exceeded. Finally, the desired382

enzymatic activity value is selected as the single-objective optimization target for the AL/BO383

pipeline. By providing example software, we hope to provide a starting point which users384
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can add to or modify for their own experimental procedures.”385

4 SDL Demonstration: Enzyme Assay Optimization386

In this section, we provide a representative example of our SDL in operation. Specifically,387

we apply the SDL pipeline to the optimization of an enzyme assay, a common objective in388

wet labs that can be challenging due to its dependence on many input parameters. We chose389

glucose oxidase (GOx) as the enzyme assay of interest due to its common use, colorimetric390

nature, and ability to integrate with our designed system. Within the AL framework, reagent391

concentrations are inputs, and enzymatic activity is the target property we seek to maximize.392

We discuss the development process step-by-step as a tool for improved understanding of393

the SDL pipeline.394

4.1 Design395

The GOx assay involves a two-step enzymatic reaction. The first step involves the oxida-396

tion of glucose to hydrogen peroxide, which is catalyzed by GOx. The second step involves397

the oxidation of 2,2’-azino-bis(3-ethylbenzothiazoline-6-sulfonic acid) (ABTS), which is cat-398

alyzed by horseradish peroxidase (HRP). Our target is a specified enzymatic activity of GOx,399

which can be measured by colorimetric analysis of the oxidized ABTS using a spectropho-400

tometer.401

To optimize the GOx assay, we must determine the viable space of input parameters. The402

input variables consist of concentrations of assay reagents, which includes GOx, HRP, glu-403

cose, and ABTS concentrations. Allowable ranges for these inputs must be chosen according404

to domain knowledge; for example, since our goal is to measure the enzymatic activity of405

GOx, it is necessary that HRP has a high enough concentration so that it is not the limiting406

reactant. We choose a GOx concentration range of 2.6 to 13 nM, while HRP has a concentra-407

tion of 22.7 to 114 nM. ABTS and glucose were set at concentration ranges of 168.2 to 841 µM408

and 69.4 to 347 mM, respectively. Once we determine our input variable ranges, we generate409
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a library of possible combinations of input variables. From this library, we employ the LHS410

space-filling algorithm (as discussed in Section 2.2) to generate the seed dataset. This results411

in an initial set of input parameters with a large coverage of the input space that can be used412

to initiate AL/BO.413

4.2 Build and Test414

After determining a set of reagent concentrations to measure, we use the pen plotter liq-415

uid handler to measure enzyme activity. Determining a viable and reproducible protocol416

for running the enzyme assay on the pen plotter liquid handler requires substantial effort.417

For example, to measure enzymatic activity, we require kinetic sampling of the initial rate418

of change of absorbance (∆OD) produced by the oxidation of ABTS to yield a blue-green419

product. Therefore, order of reagent addition is important; the reagent which initiates the420

reaction is added last to reduce time variance between wells. In this case, glucose drives the421

initial enzymatic event of the assay, so it is added last. Once the experimental procedure422

is determined, the program calculates and formats the dispensing protocol for the selected423

inputs, which is then executed autonomously by the pen plotter liquid handler. Leveraging424

automation minimizes human labor and reduces the potential for experimental errors.425

Enzyme activities are measured by the SDL using an absorbance read method previ-426

ously created using external Softmax software. We choose an initial seed dataset of sixteen427

reaction conditions, which was the maximum number of samples that our fluidic system428

could run in a single synthesis step. After data seeding, we acquire data in batches of six429

measurements, which was chosen as a reasonable compromise between time and resource430

consumption for our system. To provide the software enough time to collect kinetic data for431

a 96-well plate, the sampling rate is standardized for all iterations. We test samples using432

a 405 nm wavelength in fifteen-second intervals for two and a half minutes, permitting the433

measurement of (∆OD) at standard time points. By using the pen plotter liquid handler434

described in Section 3, we can directly translate generated experimental designs into fully435
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executed and characterized assays, providing high-quality data to train the surrogate model.436

4.3 Learn437

After measuring enzyme activities for the reagent concentrations chosen in the seed dataset,438

we train a surrogate model on the available data. We choose a GP model as the surrogate.439

We choose the GP kernel to be a summation of the Dot Product, RBF, and White kernels. We440

choose the Dot Product and RBF kernels due to their popularity; we choose the White kernel441

to capture noise in our data originating from formulation and testing. Kernel hyperparam-442

eters are chosen by performing a grid search, and we choose hyperparameters which maxi-443

mizes R2 calculated using five-fold cross-validation. After training our GP surrogate model,444

we compute the EI acquisition function and identify the reagent concentrations which max-445

imize EI. These reagent concentrations are identified, measured by the liquid handler, and446

the appropriate data is added to the dataset. This loop repeats until our stopping criterion447

is reached; here, we stop after four rounds of BO.448

Figure 8A provides a summary of BO performance, reporting both the distribution of449

measured enzyme activities and prediction accuracies of surrogate models for each genera-450

tion (i.e., iteration). Figure 8A shows a clear increase in the distribution of enzyme activities451

from round-to-round, with the primary increases occurring at rounds one and two. Such a452

distribution shift in the enzymatic activity of the seed data and later generations is indicative453

of a successful BO campaign; the SDL effectively biases recommendations in regions likely454

to maximize enzyme activity.455

We also consider how surrogate model accuracy varies across the five rounds of data456

acquisition. Figure 8A shows the cross-validation R2 score for the GP model for each gen-457

eration. Initially, the surrogate model has relatively high predictive power, with an R2 =458

0.65. The surrogate model experiences a decrease in accuracy after the first round of ac-459

tive learning, with an R2 = 0.33, but increases in accuracy for all subsequent generations,460

with a maximum accuracy of R2 = 0.80 by the final round. To better understand model461
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accuracy at each generation, we analyze parity plots of predicted vs. measured enzymatic462

activity at each iteration, which we show in 8C. At early generations, the model struggles to463

make accurate predictions on reagent concentrations that result in high enzymatic activity.464

As the generations continue, high-performing predictions fall closer to the parity line and465

model accuracy increases. These results suggest that at early generations, model error is466

high due to inaccurate predictions for high-performing candidates. Model accuracy initially467

decreases as more high-performing candidates are added to the training set in the first round468

of BO. As the dataset size increases, the model improves its accuracy when predicting high-469

performing candidates. The overall increase in model accuracy and increased identification470

of high-performing reagent concentrations indicates a successful BO scheme.471

An accurate surrogate model can be used to identify how changes in input parameters472

produce changes in experimental outcomes. Specifically, explainable AI (xAI) methods, such473

as Shapley Additive explanations (SHAP), provide a way to quantify the contribution of474

each reagent to model predictions of enzyme activity. In situations where the relationship475

between reagent and output is well-established, such analysis can assess whether the model476

has accurately captured the expected physical phenomena. 8B shows the results of applying477

SHAP analysis to our final surrogate model. The top two rows of 8B indicate that, accord-478

ing to the surrogate model, higher values of GOx and glucose concentrations contribute to479

increases in predicted enzymatic activity. This agrees with our physical intuition, since in-480

creasing concentrations of catalyst and substrate should increase reaction rates. The third481

row shows that higher concentrations of ABTS result in reductions in predicted enzyme ac-482

tivity; this agrees with prior work which shows that ABTS can act as an agonist at higher483

concentrations. The fourth row shows that concentrations of HRP have the least impact on484

predicted enzyme activities. Since HRP concentrations were specifically chosen to prevent485

HRP from being a limiting reactant, it is sensible that HRP concentrations would have a486

negligible impact on the resulting GOx assay. The results in 8B indicate that our model has487

accurately identified the expected physical relationship between reagent concentrations and488

enzymatic activity.489
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A B

C

Fig. 8: AL campaign performance and feature influence (A) Formulation performance with
respect to target enzymatic activity per generation overlaid with model performance per
generation. Each formulation activity value is shown on a box and whisker plot over each
iteration of the DBTL loop, with the target formulation value designated by a red dashed
line. Performance per generation is shown by the line plot (Blue) of the quantitative metric
of R2. (B) Shapley additive explanations (SHAP) analysis plot of GOx assay GPR model. The
relative impact of each feature on model output (SHAP value) is displayed across the x-axis,
and the relative magnitude of the feature value for each data point is color-coded across a
gradient (red = high value, blue = low value). Model performance displayed over each sub-
sequent generation of the DBTL loop. Each diagonal black line shows a “perfect” model’s
prediction of the target feature, with values below the line representing an underpredic-
tion of the actual enzyme activity and values above the line representing an overprediction.
Quantitative metrics of model performance (Gaussian process regressor R2 score and MAE)
are listed in the top left corner of each graph.

Due to the limitations of the device allowing for a maximum of 96 samples per exper-490

iment, it requires a manageable problem to solve before exhausting the resources of the491

system. The BO scheme was able to solve and understand the mechanisms of the assay492

within four generations of DBTL cycling after detecting sufficient convergence of model493
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performance (R2 ≥ 0.8 and no significant improvement from previous generation). The op-494

timization of GOx to achieve a certain enzymatic activity through iterative testing validates495

the SDL and BO scheme to educate and learn about SDL workflows.496

5 Summary and Perspectives497

The goal of this perspective is to provide readers with a foundational understanding of AL498

principles in the context of developing self-driving systems capable of performing itera-499

tive experimentation. Our described system provides an open-source, customizable plat-500

form for automated liquid handling, reducing costs while maintaining precision and scal-501

ability for small- to medium-scale laboratory workflows. Through a representative study,502

we validated our low-cost automated liquid handler platform, providing readers with the503

tools and hardware necessary to apply SDLs to their own areas of expertise. We believe504

that the development of tutorials describing low-level component analysis of automation505

platforms and programming tasks shows noteworthy progress in the goal of democratizing506

user-developed automation infrastructure. By focusing on increased accessibility, there is a507

greater opportunity for accelerated adoption of SDLs as technical and financial barriers to508

entry continue to fall.509
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Data Availability532

The datasets and code generated during this study, including experimental logs, build guides,533

device-control code, and Jupyter notebooks, are openly available via our GitHub repository534

(https://github.com/gormleylab/SDLGuide). A citable, archived version is avail-535

able on Zenodo (https://doi.org/10.5281/zenodo.19190906). An easy-to-navigate536

project landing page can be found at https://gormleylab.github.io/SDLGuide/.537
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The datasets and code generated during this study, including experimental logs, build 
guides, device-control code, and Jupyter notebooks, are openly available via our GitHub 
repository (https://github.com/gormleylab/SDLGuide). A citable, archived version is 
available on Zenodo (https://doi.org/10.5281/zenodo.19190906). An easy-to-navigate 
project landing page can be found at https://gormleylab.github.io/SDLGuide/. 
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