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Foreword

We aim to bring together academic researchers and industry partners to push the field of bio-
design automation for synthetic biology forward. The field of biology is still lagging behind the
industry when it comes to implementation and adoption of computational and digital solutions.
This is primarily because it is extremely difficult to offer a one-size-fits-all solution to engineer
biology. Some BDA solutions serve as templates for a larger problem; however, to make them
usable in a practical setting, the solutions often have to be redesigned for bespoke biological
workflows. Without understanding the requirements of the broader synthetic biology
community, it is hard to design a solution that can have a wider impact. Increasing the efficiency
of biological processes and workflows with biodesign automation is a continuous journey that
requires fresh exchange of ideas. It is crucial for the BDA community to have a forum where
they can collaborate, gather new perspectives, and understand the requirements of the broader
synthetic biology community. IWBDA provides this forum for cross-disciplinary discussion, with
the aim of seeding and fostering collaboration between the researchers from the synthetic
biology, systems biology, and design automation communities.
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1 INTRODUCTION

In this abstract, we propose the final form of our genetic
circuit design system. To design cellular behavior based on
the synthetic biology approach, the appropriate selection of
network motifs, as well as the parts in a motif, is essential.
In contrast to manual design, design based on logic program-
ming allows the extensive generation of combinations of
parts[1]. Model parameterization and numerical calculation
are also required to evaluate the cellular behavior specifica-
tions. An automation tool designed for Boolean networks
assigns biological parts to nodes within these networks and
determines those parts’ dynamic behavior to verify the de-
signs’ feasibility[2]. Tools calculating other types of net-
works are also developed[3][4], and databases for the models
or simulation results are provided[5][6].

These five years, we have developed an automation tool
for genetic circuit design by using Prolog inference engine.
Tablel shows a brief summary of the improvement history
of our system. Our IWBDA 2022 abstract referred to our pre-
vious paper, which describes a synthetic genetic circuit for
reprogramming and diversifying the gene-expression status
of living cells[7]. In the manual design procedure in the paper,
we initially combined the toggle switch and gene overexpres-
sion motifs in a cell because a manual phase-space analysis
of the toggle switch with and without the overexpression
shows bifurcation between bistability and monostability, and
both are required for the reprogramming and diversification
process. For design automation of the circuit using an infer-
ence engine, we developed a combination of Inside Prolog
and C++ codes available in Zenodo[8].

This v1.0 implements full function into one software sys-
tem. Reading the configuration files for genetic circuit design

*All authors were supported by JST, CREST Grant Number JPMJCR21N4,
Japan

Daisuke Kiga
kiga@waseda.jp
Waseda University
Tokyo, Japan

rules and the required specification, our program will enu-
merate candidates of a network design with a combination
of reaction parameters. It can produce an explanation of the
inference process by a proof tree. The numerical simulation
module equipped a cache mechanism for simulation results.
We found Prolog inference engine has enough flexibility to
connect with external numerical simulations, and also has
enough scalability to extend a program by just adding new
inference rules.

Our other modification of the toggle switch in the IWBDA
2023 code was the addition of intercellular communication,
which governs autonomous cell-type diversification on an
epigenetic landscape showing bifurcation from monostabil-
ity to bistability. The diversification of cell states on the
epigenetic landscape was the specification for an automated
design of the cell-population behavior regulated by cell-cell
communication. This diversification has been achieved by
using our synthetic circuit in living cells[9]. In the inference-
engine-based design flows for the communication-dependent
cell-type diversification, parameterized models were modi-
fied to incorporate cell-cell communication, and the modified
model was examined for the specification of cell state move-
ments on the epigenetic landscape.

This v1.1 achieves a parallel execution of inference rules
for multi cellular system with cell-cell communication. Based
on a server/client model, we added explicit parallel inference
primitives in the inference rule. Inference rules can commu-
nicate with each other by inter-thread communications. We
extended the cache function for numerical simulation results
and the pretty print function for proof trees.

In IWBDA 2024, we designed a multi-layer system consist-
ing of a receiver cell and two sender cells, each of which can
produce its unique cell-cell communication molecule. The
inner states of the two sender cells are inputs for a logic gate
in the receiver cell. After an incubation of each sender cell,
each supernatant containing the communication molecule

10
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is transferred to the other liquid culture of the receiver cell.
The two inner states of the sender cells thus become an input
pattern for the logic gate. With an adequate parameter set,
only one of the four input patterns produces GFP efficiently.
This v1.2 achieved a complete form of parallelism. We
extended parallel design rules by adding request forms to
other processes. In order to optimize parallel calculation
in given computational environment, users can specify the
group of parallel computation for each parallel execution,
and also users can specify a certain server to be assigned.
After IWBDA 2024, we achieved major version up to v2.0,
which realizes a generalization on motif representation. We
assumed a simple typical formula format for a specific chem-
ical reaction for v1s. We extended to allow reaction formula
which includes multiple productive terms in following three
types: (1) multiplicative, (2) additive and (3) enzymatic form.
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We restricted the maximum number or genes to 20, and the
maximum number of productive terms to 10. We changed the
interface specification for numerical simulation programs
according to the general representation. We also prepared
several primitive functions to improve the computational
performance for a numerical simulation. For example, users
can set the grid size for the initial value to search steady
states, and can select growth models like logistic curves
other than exponential ones assuming low cell density.

For v2.0, we have tested our system by implementing
the mutual repression toggle switch with communication
molecules, which is the test bed for v1.3, by new representa-
tion. Then we examined new design examples for logic gate
systems whose description requires this update of the de-
sign tool. Figurel shows (A) the circuit design, (B) the truth
table and (C) a schematic diagram for a typical time series
expected in numerical simulations.

2 RESULTS AND CONCLUSION

Towards v3.0, we have two plans to enhance utility and
performance of our system.

Firstly, we are developing a new local LLM specialized
for our use. We found some of publicly available generative
Als can build programs even for Prolog with complicated
compound terms like our rulebase. We also tried to extract
mathematical conditions for the functionality of a certain

First and Second, et al.

genetic circuit from related technical document data in Syn-
thetic Biology field. Surprisingly, our LLM can translate such
mathematical conditions into Prolog programs for some of
well known genetic circuits. We now investigate how we can
validate such an automatically generated rules effectively.

Secondly, we are developing APIs for Prolog logic engine
to improve total search performance. Unitl v2.0, we imple-
mented simple exhaustive grid search for genetic parameters
such as enzymatic reaction coefficients that can be modi-
fied by protein engineering technology. After an exhaustive
search, you can pickup the best combination of the genetic
parameters. Actually, we don’t need exhaustive search for
normal use. We can improve the total search performance by
examining the most plausible candidates first. Please remark
that you can expect similar results when you combine simi-
lar components. We now accumulate simmulation results to
analyze them by simple Machine Learning technology.

This project was motivated by a criticism upon black-box
Al approaches with high performance but no explanation
such as Deep Learning for genetic circuit design in Synthetic
Biology. We have achieved a white-box approach to satisfy
given specifications with logical inference and numerical
simulation. We expect that the combination of logical infer-
ence and LLMs become a breakthrough for the design issues
in Synthetic Biology.
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Table 1: A summary of the system improvement

ver ‘ date ‘ progress simulator example circ

total system starts
- network -> param set

1.0 | 2023.9 mutual repression toggle switch
- proof tree pretty pr
- cache sim results
parallelize (thread comm) S
- server/client model precision improvement
1.1 | 2023.12 - convergence test toggle switch (parallelized)

- parallel pretty print

- parallel caching - equilibria search

parallelize (process comm)
1.2 | 2024.6 |- divide process 10 elements logic circuit
- assign server

add functions
remote up/down-load

1.3 | 2024.12 ) - SingleCellTimeCourse | toggle switch (with comm chem)
- via web o
- configure initial values
select 4 formula types
expand representation - multiplicative toggle switch (rewrite)
2.0 | 2025.6 . . . L .
- new interface to simulator |- additive 10 elements logic circuit (rewrite)
- enzymatic
- Automatic rulebase programming by LLM from
50 | 20273 technical papers multilayer logic gate (alternative)

- Bestfirst genetic parameter search by Machine | genetic operation amplifier
Learning from simulation data
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Figure 1: Genetic circuits designed by the inference engine based on Prolog

(A) A multilayer genetic system composed of three sender cells and one receiver cell implementing a logic gate. Each sender
cell is capable of synthesizing its distinct cell-cell communication molecule. The internal states of the sender cells serve
as inputs to the logic gate embedded in the receiver cell. After individual incubation of the sender cells in liquid culture
for a defined period, their supernatants—potentially containing communication molecules—are transferred into the
culture medium of the receiver cell.

(B) The truth table and the ideal time course of GFP expression in the receiver cell. The implemented logic gate follows the
expression (z1 AND (NOT z2)) OR z3. Communication molecule z1 activates GFP expression, whereas z2 induces a
repressor that inhibits GFP production from a z1-regulated hybrid promoter. Molecule z3 independently drives GFP
expression from a separate promoter. Under appropriately tuned parameters, the receiver cell produces GFP levels that
exceed the threshold required for logic evaluation.
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1 ABSTRACT

Design of synthetic biological circuits often relies on model
simulations to verify whether desired properties are met.
These models typically encode guarantees on state variables,
leaving assumptions about environment and nominal con-
ditions implicit. As a result, existing approaches are lim-
ited to small-scale designs or prediction of logical behaviors.
In this paper, we consider open chemical reaction network
(CRN) models and show how monomial dominance rela-
tions in these CRNs induce polyhedral regime assumptions
in logarithmic coordinates, which yields useful polyhedral
guarantees on subsystem behavior. Further, we show how
order-of-magnitude dominance assumptions can be written
as polyhedral constraints to obtain assume-guarantee spec-
ifications for biocircuits. Therefore, these results provide a
systematic path to derive formal specifications from CRNs.

2 RELATED WORK

Current synthetic biological circuit design is partially heuris-
tic driven. Often, ODE models are simulated to validate pro-
posed hypotheses and support predictions about fixed points,
oscillations, resource competition, and inducer levels needed
for desired behavior [5]. However, this does not scale well
with the number of components. On the other hand, from
a design automation perspective [1], significant progress
has been made in designing larger systems that achieve de-
sired logical behavior. For example, Cello [4] uses high-level
descriptions of logic behavior and compiles biocircuit im-
plementations using libraries of characterized parts. Despite
this progress, achieving desired dynamic properties at scale
remain limited.

Context-dependence of each component and modularity
are major challenges that are still difficult to address with
model-by-model reasoning. Reduced models are usually de-
rived under assumptions such as excess of a species, satura-
tion, or time-scale separation [2]. These assumptions often
remain implicit in the model. As a result, a model may cor-
rectly capture a subsystem in one operating regime, but it
is difficult to use compositionally because the conditions
under which the model is valid are not written explicitly.
So, it is difficult to determine whether a composed design
of multiple subsystems will work as expected. This is the
central problem that we address in this paper.

Main contributions

We present a method for deriving formal specifications for
synthetic biological circuits from CRN descriptions. Specifi-
cally, we prove that mass-action CRNs can be translated into
formal assume-guarantee contract specifications using reac-
tion order polytopes. This enables compositional reasoning
in biocircuit designs These results provide a bridge between
two previously disparate approaches: polytope-based meth-
ods for biomolecular analysis and stability [7], and assume-
guarantee frameworks for formal specification [3].

3 PROBLEM FORMULATION

Consider a mass-action CRN

n m n
’
2t ) Bty — )
k=1 p=1 k=1

with y; = a} — aj, and reaction rate for k; > 0 r;(x,u) =
k;x%uP . In production-degradation form, for each x

5 d
xk:]‘]fp)(x,u)—fk()(x,u), k=1,...,n,

f]‘c(p)(x,u)z Z ijijaiuﬁj’ f}c(d)(x’u) = Z (_yjk)ijaiuﬁj'
P

where JI” = {j : ye > 0}, J\¥ = {j : yjx < 0}. Addi-

tionally, for brevity, we introduce the notation c; = y;rk;.
Our goal is to obtain a higher-level abstraction of the CRN
by defining the specification model. For this, we restrict our
attention to a class of formal specifications called polyhedral
assume-guarantee contracts, which are widely used in for-
mal methods and design automation. An assume-guarantee
contract C = (a,g), where g, g are the set of polyhedral
constraints describing the assumptions and guarantees, re-
spectively. Therefore, for &, the variables retained at the
abstraction level, a polyhedral assume-guarantee contract
for a subsystem X is a pair C = (4, g), where the assump-
tion set is a := {& : Az < by}, and the guarantee set is
g :={&: Ag¢ < by}, for matrices Ag, Ay and vectors by, by.

Preliminaries
LEMMA 1 (ADAPTED FROM [7]). For two monomials m; and

mj: in the CRN, if we have the dominance relation m;(x,u) >
mj (x,u), then it is equivalent to an affine inequality in the
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log variables z, :=log x and z,, :=logu,

m
Z(aﬂ — aj,t,)zx,[ + Z(ﬁjp — ﬁj/p)zu’p > logcj, —logcj,
=1 p=1
Using this, for a positive sum of monomials, g(x,u) =
2jer €jx% uPi, we can write convex polytopes, that are re-
quired by polyhedral contracts.

THEOREM 1 (FROM [7]). For the deterministic mass-action
CRN, the log-derivative vector of the positive sum of monomials,
q(x, u) satisfies
dlogq dlogq
dlogx’ dlogu

By = J= S hn@s. o
jel

ijaj uﬁj

Aj(x,u) = >0, ZAj(x,u)zl. )

v AiyPi T
ZlGIclx luﬁl jEI

Thus, H, (x, u) is a convex combination of the exponent vectors.

4 RESULTS

We present a summary of our main results that describe how
to derive polyhedral contracts from CRNs. For a determin-
istic mass-action CRN model of a subsystem X, there exists
a polyhedral assume-guarantee contract with assumptions
given by the by the affine inequalities in Lemma 1 and guar-
antees given by the convex hulls in Theorem 1. It is common
to use assumptions such as excess of a species or saturation
in reduced models. Our result makes these explicit by using
monomial dominance margin relation, modeled using 7.

THEOREM 2. Suppose that for a regime R of a deterministic
mass-action CRN there is a dominant subset D). C ]k(p) s.t.

n>1 (3)

forallj € Dy and t € ]k(p) \ Dy. Then there exists a poly-
hedral assume-guarantee contract Cg, = (ag. gr.,), where
the assumption set is obtained by conjoining the logarithmic
form of the dominance inequalities to the regime inequalities.
So, in conjunction to the inequality in Lemma 1, we also have
(aj—ae)"ze + (Bj — Pr) " zu = log n + log cie — log ck;. Simi-
lary, for the guarantees we have a nondominant-weight bound,
in conjunction to the convex hull constraints in Theorem 1,
> Ake < pr(n), with constants
Nk

T]dk + nyg

cij”‘fuﬁf >n crex®ul,

pi(n) = . de =Dl me =1\ Dyl

5 APPLICATIONS: BIOCIRCUIT DESIGN

For an enzymatic reaction system, we show how to use the
CRN description of the system to derive assume-guarantee
contracts as a set of formal specifications. The CRN is

ke ke
E+S=C—E+P, (4)
kr

Pandey

where E is an enzyme, S is the substrate, C is the enzyme-
substrate complex, and P is the product (see Figure 1a). We
define total resources as Ei; := E +C, Sior := S +C. We define
X := Stots U := Eqor, y := P. From [7], the log-derivative vector
of C with respect to (x, u) is
2 > @),

K+E+S K+E+S K+E+S

so H(x,u) € conv{(1,1),(1,0),(0,1)} (see Figure 1b): The
result gives a polyhedral description of the admissible log-
derivative behavior. However, we notice that the output rela-
tion between (zy, z,,) and zy is still nonlinear. Here, we use
our result from Theorem 2. We introduce z, :=logx, z, :=
logu, z, :=logy, and we treat x := log K, Kcat := log keat as
fixed constants for a chosen parameter instance. For the S-
dominant contract, we have the assumptions Ag := (zy—z, >
Oxu) A (zo — K = Oyk), where 6,, > 0 and S,k > 0 are
fixed margins that encode the order-of-magnitude differ-
ences. Gs := (zy + Keat = 15 < 2zy) A (2y £ zy + Keat)
ns == —log((1 — e %) /(1 + e~%K)). Similarly, we have the
enzyme-saturated contract and another for the special con-
dition that leads to the Michaelis-Menten kinetic model (see
Figure 1d). We fix the constants K and k¢, and create each
contract in the log variables (zy, z,, z,). We check contract
satisfaction and numerically verify whether the model simu-
lations lie within the guarantees when the assumption con-
ditions are met (and not met).

Compositional design: We apply this approach to reason
about a compositional design problem (see Figure 2). The full
composed contract is Cryp = Cy || Gz || Cs. Using Pacti [3],
we obtain which designs are compatible and which meet the
top-level specification (see Table 1 and Figure 2). The code is
available at [6].

H(x,u) =

(1,1) +

(1,0) +
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Polyhedral contracts in Pacti (using Theorem 2)

a. Specification n}odelmg b. Log-derivative polytope C. Assumptions Guarantees
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Figure 1: Contract specifications for the enzymatic system. (a) System illustration. (b) Structural polytope of the log-derivative
vector showing the admissible regions. (c) Demonstration of polyhedral assumptions and guarantees using Pacti for the
substrate-saturated contract. (d) Numerical verification of the reduced model simulations against the contract guarantees for
each regime: enzyme-dominant, substrate-dominant, and Michaelis-Menten.
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—_— Y Michaclis-Menten: Y 32
2 U3z = Y2 | Composed contracts
1
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1

Ctull = C1 1 €2 1 C

Desired specification for I isCspec

Figure 2: Compositional design of a cascade of three enzymatic subsystems. (left) System illustration. (right) Contract specifica-
tions for the three subsystems and the composed system.

# Comp. Agpec CAfull Geond Crull X Copee (refinement)

D1 Yes No Yes No
D2 Yes No Yes No
D3 Yes Yes Yes Yes

Table 1: Compositional design using for contract composition and refinement checking of three designs (design #1 with K3; = 1,
K3, = 1, design #2 with K3; = 0.9, K3, = 1.1, and design #3 with K3; = 1.2, K3, = 0.9). Here Geond is (Gl | Aspec) € (Gspec | Aspec)- All
parameters not shown, see code [6].
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APPENDIX

For completeness of the abstract submission, it is imperative that at least a proof sketch is provided. This appendix provides
just that. We request that reviewers consider this appendix as a part of the “figures and tables” section of the abstract.

Proof sketch for contract construction from polytopes

ProoF. We only provide a short proof sketch in this abstract. The monomial dominance inequalities are affine in (zy, z,,)
(from Lemma 1), which gives a polyhedral assumption set for a regime. The production and degradation terms are positive

sums of monomials, so Theorem 1 implies that HISP) and Hlid) lie in the convex hulls of their exponent vectors. Since these are
polytopes, the guarantees are polyhedral. ]

Proof sketch for dominance margin-based contract construction

ProoF. We present a short proof sketch. Define the sums of the dominant and nondominant monomials Sp and Sy'.

Sp = Z cijafuﬁf, SN = Z croxule.
j€Dg t’EJk(p)\Dk

Summing the dominance inequalities over dominant and nondominant terms gives diSy < 1~ 'nSp, and therefore

S n
D A= e < = — = pe().

3 _SD+SN_I7dk+nk
teJP\Dy

This yields the refined guarantee and the contract Cg,j,. ]

Finally, please find the contract derivations for the enzymatic system in the code repository [6].
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Towards interoperable modeling of toehold-mediated
strand exchange circuits across DNA nanotechnology
and engineering biology

Zoila Jurado Geoffrey Taghon’ Samuel W. Schaffter
National Institute of Standards and National Institute of Standards and National Institute of Standards and
Technology Technology Technology

Gaithersburg, MD
zoila.jurado@nist.gov

1 INTRODUCTION

A major goal of engineering biology is the ability to ratio-
nally design genetic circuits from first principles that pro-
cess molecular information in biological systems. Paramount
to this goal are mathematical models that simulate the dy-
namics of the biomolecular components that make up these
engineered systems [4, 6, 7]. Great strides have been made
in this direction, with genetic circuit modeling and design
software packages gaining broader adoption, particularly for
transcription-factor-based genetic circuits [9, 19]. Not only
are these models guiding how we design genetic circuits
to achieve a desired outcome, they are also broadening our
understanding of these systems by identifying undesigned
secondary reactions [5].

Beyond genetic circuits, i.e., circuits that rely on gene
expression to process and transduce information, nucleic
acid-only circuits that operate via toehold-mediated strand
exchange (TMSE) reactions [17, 20] (Figure 1) offer an at-
tractive medium for programming biology. TMSE circuits
rely entirely on nucleic acid base pairing interactions, mak-
ing them easy to rationally program [2, 3, 14], and versa-
tile for use across different application spaces [10]. Despite
the increasing utilization of TMSE in engineering biology, a
modeling package that supports flexible integration of TMSE
reactions with genetic circuitry is lacking. To bridge the
modeling needs that span the fields of DNA nanotechnol-
ogy and engineering biology, we develop a suite of software
tools to support the compilation and simulation of TMSE
reactions alongside genetic circuitry. This work provides a
foundational resource for the rational design of molecular
information processing systems, paving the way towards
establishing a common language — or at least establishing
interoperability — within and across DNA nanotechnology
and engineering biology models. We anticipate this work
will significantly enhance the design-build-test-learn (DBTL)
cycle for TMSE circuits in biological contexts.

* Author also is affiliated with Whiting School of Engineering, Johns Hopkins
University, Baltimore, Maryland.

Gaithersburg, MD
geoffrey.taghon@nist.gov

Gaithersburg, MD
samuel.schaffter@nist.gov

2 RESULT AND DISCUSSION

Our suite of software tools are developed for BloCRNpyer
—a Python package for generating chemical reaction net-
works (CRNs) [13]— and BioSCRAPE — a corresponding
Python package for the flexible modeling and simulation of
CRNs [12] (Figure 1). We demonstrate the utility and flex-
ibility of our TMSE modules by compiling and simulating
>10 examples from the literature. These examples include
incorporating TMSE circuits with upstream transcription
processes and downstream gene expression pathways to
showcase applications where TMSE is used across various
sub-fields of DNA nanotechnology and engineering biology.

The compiled models from BioCRNpyler are simulated us-
ing BioSCRAPE [12] or exported in Systems Biology Markup
Language (SBML) format. To enable the reuse and repurpos-
ing of existing models unavailable as in SBMI format, we
develop any2sbml — an LLM-driven translator — to trans-
late reaction descriptions from a PDF or TXT file to SBML
version 3 XML file. As part of this work, we demonstrate
the conversion of model descriptions from literature into
SBML format, using any2sbml, for simulation and modifica-
tion in BioSCRAPE. The software tools we develop, along
with the examples we present to illustrate their utility, will
help bridge modeling across DNA nanotechnology / DNA
computing and engineering biology to open up a myriad of
new applications.

The literature examples we model in Figure 2 showcase
our TMSE tool’s ability to instantiate circuits utilizing exist-
ing BioCRNpyler capabilities — such as simulating different
environments and leveraging gene regulation, TX, and TL
models. These examples include incorporating TMSE cir-
cuits with upstream transcription processes and downstream
gene expression pathways to showcase applications span-
ning DNA computing, cell-free biosensors, and bacterial and
mammalian cell engineering.

In enzyme-free conditions, DNA-based circuits that oper-
ate entirely on TMSE have been scaled up to hundreds of
components to execute digital calculations, molecular pat-
tern recognition, and supervised learning [2, 3, 14]. Thus, we
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Figure 1: Schematic overview of BioCRNpyler modeling workflow, TMSE circuits, and current modeling platforms. A high-
level depiction of the experiment, model, and simulation workflow encompassing BioCRNpyler and BioSCRAPE (top). An
illustration of compiling signal transduction circuit using TMSE circuits in BioCRNpyler (middle). The new components
for strand-exchange circuits are highlighted in yellow: component production, RNA maturation, and TMSE. The dotted box
encapsulated current TMSE circuits modeling platforms (bottom) in their respective experimental conditions. The any2sbml
tool enables cross platform integration to BioSCRAPE or other SBML simulators.

first illustrate how to use the TMSE modules we developed
to implement a DNA-based circuit that implements OR logic
in BioCRNpyler (Figure 2B(i), Figure 2C(i), and Figure 2D(i)).

A straightforward route for connecting TMSE informa-
tion processing circuits to non-nucleic acid inputs is through
introduction of allosteric transcription factors [11]. Figure
2C(ii) demonstrates how our TMSE tool and BioCRNpyler
can be used to combine transcription and DNA-based TMSE
reactions for a circuit that executes OR logic on molecules A
and B that regulate transcription (Figure 2B(ii)) with simula-
tion results depicted in Figure 2D(ii). The model we present
here differs slightly from the model described in [11], which
explicitly models transcription factor and RNA polymerase
binding and unbinding. However, our any2sbml tool can con-
vert the reactions described in the Supporting Information
of [11] into SBML format that can be simulated or expanded
to incorporate translation in BioSCRAPE (Figure 3).

A promising new direction for TMSE circuits is the devel-
opment of versions composed entirely of RNA components
that can be genetically encoded for continuous operation in
cells [1, 15, 16]. Figure 2C(iii) illustrates how our TMSE mod-
ules and BioCRNpyler can implement these RNA circuits that
regulate protein expression in cell-free-TX-TL environments
(Figure 2B(iii)).

In addition to using genetically encoded TMSE circuits
in bacteria, fixed concentrations of TMSE components have
been transfected into mammalian cells and used to process
information and regulate gene expression [8, 18]. Figure

2B(iv) shows a system in which TMSE is used to regulate the
activity of a CRISPR guide RNA, which in turn activates gene
expression. Figure 2C(iv) illustrates how our TMSE modules
and BioCRNpyler can be implemented to compile this model.

3 CONCLUSION

We anticipate that this work will significantly enhance the
DBTL cycle for TMSE circuits in biological contexts. The
TMSE modules allow for the customization of components,
mechanisms, and parameters of desired TMSE reactions. The
implementation in BioCRNpyler enables the integration of
TMSE reactions with genetic circuitry, facilitating the design,
analysis, and predictive modeling of complex biochemical
networks within and across DNA nanotechnology and en-
gineering biology. To demonstrate adaptability of the mod-
ules, we validated the modules through the reconstruction
and simulation of ten published TMSE applications in Bio-
SCRAPE. To enable interoperability of existing modeling
platforms in BioSCRAPE and other SBML simulators, we
developed a LLM-driven translator, any2sbml, to convert
models described in plain text to SBML Level 3 XML file.
By providing a common language and framework for TMSE
circuits, we envision accelerating the development of in-
novative engineering biology applications of nucleic acid
computing. Ultimately, this work provides a foundational
resource for the rational design of molecular information
processing systems — bridging DNA nanotechnology and
engineering biology.
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TMSE-BioCRNpyler Modules

A

Figure 2: Comprehensive overview of the design, components, and simulation of transcriptional machinery-based synthetic gene
expression (TMSE) circuits. (A) Illustration of primary TMSE modules, including their respective interactions and connections,
with dashed lines indicating optional pathways. Each component (upper block) is highlighted, along with the corresponding
mechanism (lower block). Additional mechanisms are displayed in the toolbox. (B) Schematics of four distinct TMSE circuit
types: (i) DNA seesaw circuits [2, 3, 14], (ii) transcription-factor-based biosensors [11], (iii) genetically encoded RNA-based
TMSE circuits [1, 15, 16], and (iv) DNA-based TMSE circuits designed to regulate gene expression in mammalian cells [18]. (C)
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# Molecule dictionary
mol_dict = {..

# Molecule dictionary
e} mol_dict_tx = {...}

mol_dict = {

# Components

tmse = TMSE(mol_dict) # Components

mols = StrandExchangeRNA(mol_dict)
mols_tx = StrandExchangeRNA(mol_dict_tx,
transcription = True)

tmse = TMSE([mols_tx.rna, mols.mol])
P_repX = ActivatablePromoter
activator =
activatable_dnaX = DNAassembly
promoter = P_rep
transcript = mols rna[X],

protein = None)

éééx, o)
(

# Mechanisms
mech_tx = SimpleTranscription()
mech_rsd = OneStepTMSE()

# Mechanisms
mech_rsd = OneStepTMSE()

# Mixture & Compile # Mixture & Compile
M = Mixture(...)

CRN = M.compile_crn() M = Mixture(...)

CRN = M.compile_crn()

mol_dict_tx = {.
mol_dict_mat = (..A}

# Components

molsl = StrandExchangeRNA(mol_dict_tx,
transcription = True)
mols2 =StrandExchangeRNA(mol_dict_mat,
transcription = True,
rna_maturation= True)

tmse = TMSE(
signal = RNAa

protein
leak = ctRSDleak(molsi.mol)

# Mechanisms

mech_tx = SimpleTranscription()

mech_rsd = OneStepTMSE()
mech_leak = GateTxLeak()

mol dict_tx = {...}

# Components
mols = StrandExchangeRNA(mol_dict_tx,
transcription = True)
D)

tmse = TMSE([mol dict, mols
P_act = ActlvatablePromoter‘(
activator = CRISPR el)

activatable_dna = DNAassembly(..
promoter = P_act,
protein = 'GFP')

# Mechanisms

mech_tx = SimpleTranscription()
mech_rsd = OneStepTMSE()
mech_tl = SimpleTranslation()

mech_tl = SimpleTranslation()

# Mixture & Compile
M = Mixture(...)
CRN = M. complle crn()

# Mixture & Compile
M = Mixture(...)
CRN = M.compile_crn()

# Add aux reactions
rxnl = Reaction.from_massaction(
['Cas9',tmse. slgnal],
-)

CRISPR
CRN.add_reactions(rxnl)
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Pseudocode outlining the modeling approach and (D) the respective simulated results for each of the four circuit types.
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INTRODUCTION

Co-transcriptional RNA strand-displacement (ctRSD) circuits
are a modular framework for programmable molecular com-
putation [1]. In these systems, an Input RNA (purple) binds
an exposed sequence on a Gate RNA (yellow), called the toe-
hold «’, initiates strand exchange, and displaces a previously
blocking strand to release a sequestered Output strand (blue),
thereby activating the circuit output (Figure 1a) [2, 3].
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Figure 1: (a) An input RNA binds a gate toehold, initiates
strand exchange, and releases a sequestered output strand.
(b) In vivo output varies non-monotonically with input s’ + u
length [2, 3].

CFP signal (MEF)
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Because ctRSD function is encoded directly in RNA se-
quence and structure, circuit behavior depends strongly on
design choices. This makes predictive modeling important
for more systematic and automatable circuit design. In par-
ticular, toehold length is often treated as a key design param-
eter because it modulates strand-displacement efficiency and
thereby influences circuit output. Here, we focus on an un-
expected toehold-length-dependent trend in cellular ctRSD
circuits. Experimentally, signal increased as input toehold
length increased, but only up to a point; beyond that, further
increased length reduced output strength (Figure 1b). This
non-monotonic behavior is inconsistent with the hypothesis
that longer toeholds should improve intended circuit interac-
tions as observed in in vitro systems [2, 3]. We therefore ask
whether endogenous host transcript interactions contribute
to the observed in vivo behavior. In this work, host-aware

refers to models and design workflows that account for unin-
tended interactions with the host transcriptome in addition
to intended circuit behavior. Simply put, this work asks why
increasing the input binding region improves circuit perfor-
mance in cell-free settings but can reduce performance in
cells, and whether endogenous RNA interactions explain this
shift.

Beyond explaining this specific trend, our results raise
a broader challenge for bio-design automation. Candidate
RNA circuit components may need to be evaluated not only
for intended circuit function, but also for interactions with
the host transcriptome.

METHODS

To investigate the discrepancy between expected and ob-
served toehold-length-dependent behavior in cellular ctRSD
circuits, we combined prior experimental measurements [2,
3], transcriptome-scale interaction analysis, and chemical
reaction network (CRN) modeling. We used cyan fluorescent
protein (CFP) output to compare ctRSD designs with different
s’ + u input lengths, where s’ + u represents the effective
input binding region, and measured how output expression
changed as input length increased.

To test whether endogenous RNAs contribute to the ob-
served trend, we analyzed predicted interactions between
input RNAs and the E. coli transcriptome using IntaRNA [4].
We then compared predicted interaction energies across in-
put lengths to assess whether longer inputs exhibited stronger
or greater number of candidate off-target interactions.

We modeled ctRSD circuit function and extended the base-
line model with interference reactions representing endoge-
nous RNAs that bind circuit components and reduce effective
circuit function. Model behavior was evaluated by simulating
the output across input designs and parameter regimes.

Because transcriptome interaction predictions provide
binding energies rather than direct kinetic parameters, we
compared different approaches for translating predicted in-
teraction strengths into effective reaction rates, including
a standard thermodynamic relationship between AG and
equilibrium behavior [5] and an alternative approximation
with a stronger dependence on binding energy [6]. To fur-
ther isolate host-context effects, we used a simplified model
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with manually defined interfering transcripts to vary inter-
ferer abundance, binding strength, and strand-displacement
kinetics and examine their effects on predicted CFP output.
RESULTS

Transcriptome-wide interaction analysis supported the hy-
pothesis that endogenous host RNAs contribute to the ob-
served non-monotonic toehold-length-dependent behavior.
Predicted interactions between the input RNAs and the E. coli
transcriptome shifted toward stronger binding energies as in-
put length increased (Figure 2). Longer inputs also exhibited
more candidate off-target interactions, consistent with the
idea that increasing the accessible binding region improves
intended circuit interactions while also increasing opportuni-
ties for unintended interactions with host transcripts. These
results provide a plausible mechanistic explanation for why
longer inputs may eventually reduce, rather than improve,
circuit output in vivo.
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Figure 2: Predicted interactions between input RNAs and the

E. coli transcriptome. Longer inputs show stronger off-target

interactions, suggesting greater endogenous interference.

Comparison of alternative energetic-to-kinetic mappings
showed that the predicted impact of host interference de-
pends strongly on how binding energies are translated into
effective reaction rates. Under a standard thermodynamic re-
lationship between AG and equilibrium behavior, changes in
interference strength had relatively modest effects over the
relevant range of predicted interaction energies. Under the
alternative approximation, stronger interactions produced a
larger shift in predicted CFP output and more pronounced
suppression of expression. This indicates that host-aware
ctRSD models are sensitive not only to which endogenous
interactions are included, but also to the assumptions used
to convert sequence-derived energetics into kinetic effects.
DISCUSSION AND FUTURE WORK
Together, these results support the hypothesis that endoge-
nous host transcript interactions contribute to the discrep-
ancy between expected and observed toehold-dependent

Hastings, et al.

ctRSD behavior in vivo. Rather than being determined solely
by intended strand-displacement design rules, cellular RNA
circuits may also be shaped by sequence-dependent interac-
tions with the host transcriptome. This suggests that host-
context effects should be treated as a design constraint in
bio-design automation, rather than as a secondary complica-
tion considered only after experimental failure.

At the same time, the predicted impact of host interference
depended strongly on how sequence-derived interaction en-
ergies were translated into effective reaction rates, indicating
that the qualitative conclusion is more robust than any sin-
gle quantitative parameterization. Future work will focus on
experimentally validating the proposed interference mech-
anism and incorporating these insights into a host-aware
workflow that screens candidate ctRSD designs for likely
endogenous transcriptome interactions before cellular imple-
mentation. These results also motivate updates to bio-design
software so that host-aware screening can be incorporated
alongside intended circuit analysis during sequence design.
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Dynamic control of metabolic flux
by RNA-based genetic circuits
designed, built, and tested through
automation

Stephen Chiu
Tae Seok Moon*

1 INTRODUCTION

Dynamic controllers in metabolic engineering enable
autonomously tuned gene expression in genetically
engineered microbes (GEMs), minimizing unnecessary gene
expression, optimizing cellular resource allocation, and
enhancing target product yields [1]. Quorum sensing and
RNA-based genetic circuits are important tools in synthetic
biology, offering autonomous and just-in-time gene
regulation in GEMs (Fig. 1). However, building such genetic
circuits is still challenging due to the required optimization
and lack of design rules even after over two decades of
advancements in synthetic biology.

2 CONTENTS OF THE ABSTRACT

In this work, we leverage standardized genetic parts well-
characterized by automation devices for culturing, liquid
handling, and measurement to build genetic circuits and
metabolic pathways (Fig. 2). As a proof of concept, we
integrate the LuxI/LuxR quorum sensing system with a
selected RNA-based genetic circuit to achieve completely
autonomous regulation in metabolic pathways. Using our
predictive model-based small RNA (sRNA) design [2], we
downregulated the E. coli pfk-1 gene and combined it with
the small transcription activating RNAs (STARs) to
construct repressor and activator modules as well as logic
circuits (Fig. 3, 4). Additionally, an autoinducer production
module was added to the system to enable the engineered
strain to autonomously rewire the metabolic flux from the
glycolytic pathway to the target production pathway. This
circuit design was first applied to optimize the heterologous
Myo-inositol production pathway, improving the titer
significantly (Fig. 5). Subsequently, the circuit was extended
to regulate the glucaric acid pathway [3], incorporating three
orthogonal STAR variants to balance metabolic flux by
controlling the expression level and further optimizing the
production. These results demonstrate that autoregulated
RNA-based circuits can effectively enhance dynamic gene

*The research was funded by the National Science Foundation (EF-
2222403, MCB-2001743, and OISE-2435184 to T.S.M.)

schiu@jcvi.org
tsmoon7@gmail.com
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expression control and improve the overall productivity of
metabolic pathways in GEMs.
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I. INTRODUCTION

Natural language processing (NLP) has expanded the scale at
which interactions can be extracted from the literature, but
extraction errors remain common and difficult to detect without
manual review. While recent advances in large language models
(LLMs) offer an additional layer of reasoning over the extracted
knowledge, these models are still prone to hallucinations. At the
same time, large scale knowledge extraction is critical for
creating comprehensive mechanistic knowledge graphs and
executable models of biological systems, and the inaccuracies
in extraction tools carry real consequences for reasoning about
these systems. For example, a single misrepresented or absent
interaction can alter predicted network dynamics and produce
misleading biological conclusions. Therefore, verification of
these networks is critical, as it confirms that individual
interactions are supported by biological evidence, a distinct
concept from validation, which compares predicted dynamics to
experimental outcomes.

Since much of the human interactome is already
documented in publicly accessible databases that can be
programmatically queried, this offers an opportunity for
scalable network verification [1-3]. Systematic assessment of
interactions extracted by NLP-based and LLM-assisted tools
requires cross-referencing each interaction against multiple
databases that differ in coverage, curation standards, and
evidence representation, a process that is both time-consuming
when done manually and difficult to apply consistently at scale.
Existing tools such as FLUTE [4] address this by downloading
information from databases for offline verification, but this
approach requires periodic data updates to remain current,
which is impractical as a long-term curation strategy.

To address this gap, we present BELL (Biomodel Evidence
and LLM-based Logic), a biocuration support tool that
automates the evidence retrieval, scoring, and explanation steps
of interaction-level verification. Recent advances in LLMs offer
an additional layer of reasoning over the retrieved evidence,
enabling automated interaction-level verification at scale. We
evaluated the use of BELL on a corpus containing interactions
extracted from published literature. Our results confirm that its
user-friendly interface substantially reduces the manual effort
required for post-extraction curation while providing the
evidence transparency needed for informed and reproducible
annotation decisions.

II.METHODS

Interaction Processing Pipeline. BELL processes ecach
interaction through a five-step pipeline (Figure 1). The first four
steps, namely entity grounding, database ranking, evidence

Natasa Miskov-Zivanov
Department of Electrical and Computer Engineering
University of Pittsburgh
Pittsburgh, PA, USA

retrieval, and scoring, are fully deterministic ensuring
transparency and reproducibility. In the fifth step, Llama 3.1 [5]
receives the pre-computed scores as read-only input and
generates a natural language chain-of-thought explanation along
with a recommended curator action (Accept, Accept with
enrichment, Flag for review, or Reject). Every step of the
evaluation is visible to the curator; the resolved entity names
and identifiers, the evidence returned by each database, the
computed scores, and the full LLM prompt and response are all
displayed in the interface alongside the interaction record.

Interaction Representation Format. For interactions, BELL
uses the BioRECIPE interaction list format (BioRECIPE-
IL)[6]. This format includes entity attributes such as name, type,
subtype, unique ID, and compartment for the regulator and
regulated entity in a directed interaction, as well as interaction
attributes, namely sign, mechanism, connection type, context
attributes cell line, cell type, tissue type, and organism, and
provenance attributes for the source of interaction such as paper
ID and statement. Detailed documentation for this
representation format is available in BioRECIPE ReadtheDocs
[7]. BioRECIPE-IL is a tabular format where each interaction is
included as a row in the table and columns are dedicated to
entity and interaction attributes.

Entity grounding. The first step in the pipeline ensures
assignment of unique identifiers to entities. When the HGNC
Symbol and the Database ID attributes are already populated for
both the regulator and regulated entities in the BioRECIPE-IL
row, BELL uses those identifiers directly for querying. For
entities without pre-existing identifiers, Gilda [8] resolves the
entity name to a canonical identifier using the source statement
for disambiguation. The canonical identifier (e.g. HGNC:3236)
and approved gene symbol (e.g. EGFR) are both displayed to
the curator in the interface, while the approved gene symbol is
also used for database queries.

Database selection and evidence retrieval. We selected seven
databases to use with BELL: INDRA [9], OmniPath [10] ,
STRING [3], SIGNOR [11], Reactome [1], BioGRID [12], and
PCnet [13]. These databases are publicly accessible, widely
used in the cell signaling community, and collectively cover the
major evidence types relevant to interaction-level verification.
Together they span manually curated causal relationships,
experimentally detected physical interactions, pathway co-
participation, and functional associations, ensuring that
evidence is retrieved from complementary sources. Importantly,
all seven databases provide free programmatic access via REST
APIs, making BELL easily deployable. For every interaction in
the input interaction lists, BELL queries all databases uniformly
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and uses the Mechanism attribute to rank them and reorder the
display, prioritizing the databases most likely to contain relevant
evidence for that mechanism type. This priority mapping is
based on the known specialization of each database: SIGNOR
is ranked first for phosphorylation and other post-translational
modifications, Reactome for transcriptional regulation, and
BioGRID and STRING for physical binding interactions.

Interaction scoring. Four scores (S1-S4) are computed
programmatically from the aggregated evidence (Table 1). S1
measures source coverage as a weighted sum of the points from
databases that found the interaction. Tier 1 databases (INDRA,
SIGNOR) contribute 3 points each as they are based on direct
manual curation from primary literature with explicit
mechanism annotations. Tier 2 databases (OmniPath,
Reactome, BioGRID) contribute 2 points each as they provide
high-quality but less specific evidence. Tier 3 databases
(STRING, PCnet) contribute 1 point each as they rely partly on
computational inference rather than direct experimental
evidence. The scores are normalized by dividing with the
maximum possible sum of 14.

S2 measures attribute match across found sources for three
interaction attributes, direction, sign and mechanism: 1.0 when
confirmed by the source, 0.5 if the database found the
interaction but does not report that attribute, and 0.0 if the
attribute is contradicted. For each database where the interaction
is found, the three attribute scores are averaged to produce a per-
database attribute score. The final S2 score is calculated as the
mean of the per-database attribute scores, considering only
databases that found the interaction; databases that returned no
result are excluded from this calculation entirely.

S3 is the INDRA aggregated belief score for retrieved
statements, reflecting probabilistic confidence derived from
literature frequency and source reliability; it is set to 0.0 if
INDRA returns no results. S3 is reported as a supplementary
metric but excluded from the confidence threshold (described
below), as a score of 0.0 reflects only that INDRA did not return
results rather than a lack of supporting evidence overall. Finally,
S4 is a contradiction flag set to 2 if at least two sources disagree
on the sign of the interaction, and 0 otherwise.

BELL outputs final confidence scores using the following
reasoning: HIGH when S1 = 0.7 and S2 = 0.5 and S4 = 0;
MEDIUM when S1 = 0.4 or S2 = 0.3; and LOW otherwise.
To direct curator’s attention to specific aspects of the evidence,
BELL also  generates three qualitative flags:
low_source coverage (S1 < 0.4); attribute_match_partial (S2 <
0.7); and mechanism_unconfirmed (no source confirms the
declared mechanism).

LLM-based Explanation. While all the previous computations
are deterministic and reproducible, in the final step BELL
generates chain-of-thought explanations using Llama 3.1. The
model receives a structured prompt (Figure 2) containing three
sections: the interaction record with source statement, per-
database evidence with direction, sign, and mechanism
annotations, and pre-computed S1-S4 scores with interpretive
labels. As shown in Figure 2, the model is instructed to reason
through six explicit steps including source coverage, attribute
match, INDRA  belief, contradictions, flags, and

recommendation, before producing its output. The model is
explicitly constrained from modifying the numeric scores and
must conclude with exactly one of four curator actions: Accept,
Accept with enrichment, Flag for review, or Reject. Figure 3
shows an example of the LLM's response suggesting to 'Accept
with enrichment'.

III. RESULTS AND DISCUSSION

In the BELL interface (Figure 4), a curator uploads a
BioRECIPE interaction list and runs BELL on each interaction.
By reviewing the confidence level and recommended action
assigned to each interaction, the interactions marked Accept or
Accept with enrichment can be approved quickly, while those
flagged for review are brought to attention for closer inspection.
The qualitative flags direct the curator to the specific aspect of
the evidence that is weak without requiring the curator to read
the full explanation for every interaction. For interactions
requiring closer inspection, the curator can expand the detail
panel to review the full evidence trail and use it to inform their
final annotation decision. The curator then annotates each
interaction independently as Accepted, Flagged, or Rejected.
The fully annotated list can be exported as a spreadsheet for
direct use in downstream model construction.
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Figure 1. BELL pipeline.
Table 1. Scoring evidence.
Score Name Definition Interpretation
Weighted sum of found sources / max possible weight (14). Tier _ . _
S1 Source coverage | 1 (INDRA, SIGNOR) = 3 pts; Tier 2 (OmniPath, Reactome, gata%(;siitzgilzbﬁzzbOmteS’ 1.0=all
BioGRID) =2 pts; Tier 3 (STRING, PCnet) = 1 pt.
Mean across found sources of (directionality + sign + mechanism Quality of evidence relative to declared
S2 Attribute match | )/ 3. Each attribute: 1.0 = confirmed by source, 0.5 = not reported | . Y. .
. interaction attributes
by source, 0.0 = contradicted by source.
$3 INDRA belicf NDRA aggregated belief score for retrieved statements; 0.0 if Probabilistic confidence derived from
INDRA returns no results. literature frequency and source reliability
4 Contradiction 0 = no sign conflict across sources; 2 = at least two sources Flags curator attention when databases
disagree on sign. disagree on activation vs. inhibition
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INTERACTION
AKT1 == PTEN | Sign: positive | Mechanism: Phosphorylation

Source statement: "Since 2011, several therapies have been Food and Drug Administration (FDA) approved for melanoma, but brain metastases are often the major cause of irealment faiure. with have a dismal ind median overall surviva
s only about 1 year from the time of diagnosis. 1 Given this grim prognosis, efiective therapeutic approaches are urgently nesded for these patients. A major challnga in developing effective treatments for melanoma brain metastases has bean the lack of ralevant preciinical models that
‘mimic metastatic pattems observed in patients. Using data obtained from human melanoma samples, which increased levels of T (P-AKT) and and TENsin homolog delsted on chromosome 10 (PTEN) in brain
metastases,2,3,4 we generaled a mouse model of melanoma with hyperactivation of AKT1 signaling thal develops lung and brain metastases similar to the human disease. We used this model 1o delineale the mechanisms by which AKT promotes metastasis and evaluated whether this
could be exploited therapautically.5*

DATABASE EVIDENCE

[FOUND] SIGNOR  score=1.00 dirsyes sign |11 SIGNOR. Effect: activily, up-reg. activity.
[FOUND] INDRA  scora=0 55 dir=yes sign=unknown mech=confirmed | Belief 0.54. 3 statements. Types: Activation, Complex, DecreaseAmount.
[FOUND] STRING  score=0.00 di | STRING 1 0.001.

[FOUND] Reactome  score=0.59 ior |3 shared

[FOUND]| BioGRID  score=0. g |2 . Systems: Affinity Cap! . FRET. 2

[FOUND] PCnet  score=0).55 dir=yes sign=pos | 1 Pathway Cq i ion(s). Types: controls of.

[NOT FOUND]: OmniPath

SCORES
51 (source coverage): 0.86 (HIGH)

52 (attribule match). 0.54 (PARTIAL)
S3(INDRA belief): 0,55 (MODERATE)
54 (contradiction): D (NONE)

Flags: attribute_match_partial

REASONING STEPS
Step 1 — Source coverage (S1): How many databases found this interaction’ Are high-tier sources (SIGNOR, INDRA) among them? Is S1 high (>=0.7), moderate (0.4-0.7), or low <0.4)?
Step 2 — Attribute match (S2): Do the found databases confirm the direction, sign, and mechanism stated in the BIGRECIPE-IL row? Are there gaps (unknown fiekds)?

Step 3 — INDRA belief (S3): Is the belie! score strong (>=0.8), moderate (0.5-0.8), or weak {<0.5)? If $3=0, note that INDRA found nothing.

Step 4 — Contradictions (S4): If $4=2, sources disagree on sign — explain the conflict. If $4=0, confirm no contradictions.

Step 5— Flags: Interpret each flag. What does it imply for curation?
Step 6 — Recommendation: Based on Steps 1-5, choose exactly one of: Accept / Acoept with enrichment | Flag for review ! Reject. Justify in one sentence.

Figure 2. Example chain-of-thought prompt sent to Llama 3.1 for the interaction AKT1— PTEN (positive, Phosphorylation).

# LLM RESPONSE

**Step 1 — Source coverage (S1)"
The interaction AKT1 - PTEN is found In multiple databases (SIGNOR, INDRA, Reactome, BIoGRID, and PCnet), including high-tier sources (SIGNOR and INDRA), $1 Is igh (0.86), ingicating good source coverage.

**Recommendation:** Accept

**Stap 2 — Altribute match (S2)"":
‘The found databases confirm the direction and mechanism stated in the BIoRECIPE-IL row, but the sign is unknown in most databases. There are gaps in the sign field, which is partially matched (0.54).

**Recommendation:* Accept with enrichment (to gather more evidence on the sign)

**Step 3 — INDRA belief (S3)
The INDRA belief score is moderate (0.55), indicating a reasonable level of confidence in the interaction,

**Recommendation:* Accept {no change)

p 4 — Conlradiclions (S4]"
There are no contradictions {§4=0), confirming that the sources agree on the interaction

**Recommendation:* Accept {na change)

4p 5 — Flags™
The atiribute_match_partisl flag implies that the sign field is not fully matched. which may indicate a need for further evidence or clarification.

**Recommendation:** Accept with enrichment (to gather more evidence on the sign)

**Stap & — Recommendation"":
Based on the analysis, the interaction AKT1 - PTEN is well-supported by multiple databases, including high-tier sources. Although there are gaps in the sign fiekd, the overall evidence is strong enaugh to accept the interaction with enrichment to gather more evidence on the sign

**Recommendation:** Accept with enrichment

Figure 3. Example of prompt response in which LLM suggests accepting with enrichment for AKT1— PTEN interaction.
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BELL

— (@) (b)

(c) (d)

Figure 4. BELL curator interface. (a) Scores tab showing S1-S4 metrics and overall confidence level for a selected interaction. (b) Evidence
tab displaying per-database query results retrieved from the seven integrated biological databases. (c) Output tab summarizing the full
interaction record, evidence, scores, and curator status. (d) Explanation tab showing the Llama 3.1 chain-of-thought reasoning and
recommended curator action. The table supports row-level curator annotation (Accept, Flag, or Reject), inline editing and deletion of
individual interactions, and batch export of all evaluated interactions as a downloadable spreadsheet.
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1 INTRODUCTION

Current approaches to updating mechanistic models’3
typically rely on manual curation or ad hoc filtering rules* >,
While database-backed verification tools can remove
unsupported interactions, they do not formally distinguish
structural corroboration from contextual disagreement, nor
do they expose alternative semantic interpretations of
mismatches®C. Conversely, literature extraction tools can
be used for generating candidate interactions but do not
provide mechanisms for evaluating those interactions
relative to a target knowledge graph or executable model*"
13 The absence of a configurable, attribute-aware
reconciliation engine limits the scalability and reproducibility
of literature-to-model workflows.

To mitigate this problem, we recently introduced VIOLIN
(Versatile Interaction Organizing to Leverage Information in
Networks)'®, a configurable, attribute-aware reconciliation
framework that compares newly extracted interaction lists
against structured baseline graphs. To facilitate the use of
VIOLIN by domain experts and enable interpretations of its
graph-based reconciliation results, we developed a web-

based user interface. The main contributions of this work are:

1) web-based integration of VIOLIN including file upload,
parameter configuration, and interactive visualization of
reconciliation results on the baseline graph; 2) two matching
metrics that address false negatives inherent to the original
exact-matching (EM) criterion; 3) user-adjustable threshold
that lets users control the precision-recall trade-off directly
from the interface. The interface of VIOLIN can be access
through (https://boheme.pitt.edu/violin)

2 VIOLIN FUNCTIONALITY

VIOLIN reconciles a baseline mechanistic knowledge graph
with an interaction graph, which is extracted or retrieved
from knowledge sources such as literature and databases.
VIOLIN is developed as a decision tree that classifies the

1 Both authors contributed equally to this research.

2 Corresponding author

interactions within the interaction graph into four
categories, relative to the baseline graph: corroboration,
contradiction, flagged, and extension. We also defined
several sub-categories considering the path, directionality,
sign, physical contact, and additional attributes such as cell
line, cell type, and entity location.

3 INTERACTIVE WEB INTERFACE

Compatibility with existing curation pipelines. VIOLIN
provides an extensible reconciliation framework as a
modular tool compatible with diverse extraction pipelines
and data formats. This modularity is enabled by the
translator interface for converting between the BioRECIPE
and other commonly used formats®® (Figure 1). The interface
converts the output from diverse data acquisition pipelines,
including large language models (LLMs) with in-context
learning, rule-based NLP systems!!, and curated knowledge
bases such as INDRA® and PathwayCommons®.

Configurability and modeling objectives. Another central
feature of the framework is its configurability. Through the
control panel (Figure 2), users can select different attributes
to be included in the comparison of interaction context,
thereby tailoring the reconciliation criteria for specific
modeling objectives. For instance, inclusion of contextual
attributes may be critical in highly specific cell-type models,
whereas broader pathway validation may rely primarily on
structural sign and direction agreement.

Visual interpretation of results. This interface features a
two-window layout: one displays the interaction list, while
the other window shows the baseline graph topology (Figure
2). The interface allows users to review the extracted
interactions, their classifications, and the mapping of
classified interactions onto the baseline graph.

Entity match confidence. Integrating results from
heterogenous resources introduce several challenges: cross-
referencing conflicts, ID misalignment, and extraction errors.
We perform entity matching based on three attributes: ID,
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type, and name. Since the accuracy and computational
speed of entity matching are often competing objectives,
the interface offers multiple metrics to calculate similarity
s, p (Table 1). Specifically, ‘Jaccard’ similarity enables faster
processing with moderate precision, whereas ‘Edit_sim’
provides more precise results at the cost of slower
processing speed. Users can also adjust the threshold to
control the matching rigor, so that the match condition
could be expressed as a function:

1,if Sup >0

Match(A, B) = {0, otherwise

A and B are entity identifiers (names, IDs, or HGNC symbols)
from the interaction graph and baseline graph, respectively.
‘1" indicates A and B are matched, while ‘0’ means they are
different. § represents a user-defined threshold between 0
and 1. A higher value for § sets stricter requirements for
string pattern similarity, ensuring higher precision in entity
matching. The overall entity matching score is calculated as
the product of metrics score for regulated and regulator
elements. For example, extension interactions are assigned
scores of zero due to complete mismatches in one or both
entity names.

Application runtime. We benchmarked the
responsiveness of the interface using public web services,
with two model files and two interactions list serving as the
inputs to test the interactions processed per second. The
results are reported in Table 2.

Implementations. VIOLIN is implemented as a Python
package with dependencies on Pandas, Numpy, and
NetworkX. The framework operates on BioRECIPE-formatted
interaction files and supports configurable classification
schemes and attribute inclusion strategies. Path search
within baseline graph is performed using NetworkX API. The
architecture of the interface is based on a client-server
model. Specifically, the frontend server is implemented with
React framework, and backend server is built with FastAPI to
serve the VIOLIN endpoints. Both frontend and backend
servers are hosted on an AWS EC2 instance for online usage.

4 CONCLUSION

VIOLIN is a configurable, attribute-aware reconciliation
framework for integrating heterogeneous, literature-
derived interaction graphs with curated baseline knowledge
graphs. We developed a user-friendly interface to enhance
accessibility for the systems and synthetic biology
community. As automated extraction technologies continue
to expand the volume of structured interaction data,
reconciliation frameworks such as VIOLIN will play a critical
role in maintaining coherence between evolving literature
and curated knowledge representations.

Luo and Arazkhani et al.
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Table 1 The metrics used to assess the matching condition.

Option Score
‘Jaccard’ = 40 Bl
S48 =AU B
D(4, B)
‘Edit_sim’ =1-—F =
~ 45 max(Ly, Lp)

Note: D(:,-) denotes the Lenvenshtein distance, while L, and Ly
represent the number of characters for A and B.

Table 2 The runtime of VIOLIN testing on real-time web service. In the “No. interactions” column, the value on the left indicates the
number of interactions in interaction list and the value on the right denotes the number of edges in the baseline graph. In the “Metric”
column, Edit_sim@0.9 and Jaccard@0.9 indicate that the threshold of 0.9 is applied to the corresponding metrics. Each test was
repeated twice, and the “Reconciliation time” column reports the average runtime for reconciliation.

Test scenarios No. interactions Metric Reconciliation time (sec) No. interactions/sec
A 5907/266 Edit_sim@0.9 >60 -
5907/266 Jaccard@0.9 46.21 127.82
5907/266 Exact Match 30.53 193.48
B 1124/70 Edit_sim@0.9 19.52 57.58
1124/70 Jaccard@0.9 4.21 266.98
1124/70 Exact Match 3.53 318.41
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1 INTRODUCTION

Single-cell microfluidic platforms, such as mother machines,
combined with per-cell optogenetic actuation now enable si-
multaneous observation and independent actuation of up to
N = 10° individual cells in real time [1, 6]. Because each cell
follows its own stochastic trajectory under an independently
chosen input, this effectively replaces sequential experimen-
tal iterations with N parallel experiments, compressing wall-
clock time. Our recent work has begun to explore this in-
silico, with reinforcement learning (RL) agents that learn
control policies for bistable gene circuits in hours rather than
weeks of simulated lab time [3], and active feedback control
used to resolve fundamental identifiability bottlenecks in the
automated characterization of multi-stable systems [4].

In developing these methods, we encountered bottlenecks
that slow progress across the field. Single-cell control, sys-
tem identification, and optimal experimental design sit at
the intersection of biology, machine learning, statistics, and
control theory, and would interest researchers in all four
communities. However, the barrier to entry is high: working
with stochastic gene circuit models requires domain-specific
knowledge, substantial boilerplate code for simulation and
experiment tracking, and no standardized benchmarks exist
at the scale of mother-machine experiments. Algorithms in
RL and control also rarely consider N ~ 10° independent
systems or treat wall-clock time rather than sample count as
the primary cost, so existing tools are not designed to exploit
GPU acceleration at this scale.

We developed Myriad!, a JAX-native platform for mas-
sively parallel stochastic simulation of single-cell experi-
ments, to lower these barriers and enable in-silico validation
of algorithms before lab deployment. Myriad provides ex-
act Gillespie SSA simulation of up to 10° parallel cells in a
single compiled GPU kernel, a layered environment abstrac-
tion that separates physics, task definition, and algorithm
implementation, and handles GPU optimization, training
loops, hyperparameter tracking, and logging out of the box
(Fig. 1). The platform grew out of our experience building
RL-based controllers for bistable gene circuits [3], where we

!https://github.com/robinhenry/myriad-jax

Harrison Steel
University of Oxford
Oxford, United Kingdom
harrison.steel@eng.ox.ac.uk

Jean-Baptiste Lugagne
University of Oxford
Oxford, United Kingdom
jean-baptiste. lugagne@eng.ox.ac.uk

initially used Gymnax [5] but found it difficult to adapt to
the specifics of stochastic biological simulations at this scale.

2 PLATFORM DESIGN

Myriad’s architecture lets algorithm developers work on
biological control and inference problems without reimple-
menting simulation infrastructure. The platform separates
the physics (stochastic dynamics of gene circuits), the task
(the objective: control the behavior of cells, infer their pa-
rameters, or learn a new model from data), and the algorithm
(classical controller, RL agent, or inference method) into in-
dependent layers. This separation means, for example, that
a new control algorithm can be tested on an existing task
with few modifications, and a new biological system can be
added without rewriting the training loop (Fig. 1b). Myriad
implements stochastic dynamics via the Gillespie algorithm,
preserving the discrete, asynchronous molecular events that
drive qualitative behavior in gene circuits such as bistable
switching and rare transitions between cell states. All simu-
lation and training code is vectorized across cells via JAX, so
that 10° independent trajectories run in a single GPU kernel
within.

At the time of writing, our flagship environment mod-
els a CcaS-CcaR optogenetic circuit in E. coli, a bistable
self-activating system controllable by green/red light input
(Fig. 1a). This circuit has been used in real mother-machine
experiments [6] and has well-characterized kinetics [3], mak-
ing it a natural starting point. We defined two tasks on the
same physics: a control task, where an agent is asked to steer
GFP expression to track a setpoint, and a system identifi-
cation task, where kinetic parameter distributions must be
inferred from observed trajectories of a heterogeneous cell
population.

3 CASE STUDIES AND ONGOING WORK

In a recent work, we validated Myriad’s control task on the
CcaS-CcaR circuit [3]. Parallelised Q-Networks (PQN) [2], a
recent RL algorithm designed for massively parallel training,
learn to track fluorescence setpoints in the bistable regime,
outperforming bang-bang, P1, and deep model-predictive con-
trollers. We showed that PQN converges in approximately 7
hours of simulated lab time with 216 parallel cells, fast enough
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Figure 1: Overview of the Myriad platform. (a) Closed-loop experimental setup: a digital micromirror device (DMD) projects
per-cell light patterns onto a mother-machine microfluidic chip containing up to 10° cells; a microscope captures fluorescence
measurements; a digital algorithm processes observations and selects the next light input for each cell. (b) Myriad’s modular
architecture: users select an agent and an environment (task + physics), and Myriad handles GPU-accelerated training, evaluation,
and logging. (c) Python API: a complete experiment requires only a few lines of code, with environments, algorithms, and

custom configuration options easily swappable.

to be practical for real-time deployment. Separately, we used
Myriad to study system identification on a genetic toggle
switch and showed that passive observation cannot identify
key parameters of multi-stable circuits regardless of popu-
lation size, because cells settle into stable states and never
visit the information transition regions between them [4].

We are now using Myriad to tackle a harder and largely
unexplored question: can active algorithms recover regula-
tory network structure, not just parameters, within a single
mother-machine experiment? Starting from the CcaS-CcaR
circuit, we are investigating a progression of inference tasks:
recovering kinetic parameters for single cells, characteriz-
ing parameter distributions across heterogeneous popula-
tions, and inferring circuit topology without assuming a fixed
model structure. Myriad’s layered architecture makes it easy
to swap inference algorithms and input-design strategies at
each stage, allowing rapid comparison of approaches.

4 OUTLOOK

We have open-sourced Myriad and continue to develop it in
public. The algorithms we validate in-silico are intended for
deployment on real mother-machine experiments in our lab,
and we hope the platform will also serve as an entry point
for researchers in RL, control, and Bayesian inference who
want to work on automated characterization and design of
biological systems. PQN is one example of an algorithm de-
signed for GPU parallelism that turns out to suit this setting
well, but the space of algorithms adapted to this regime is
largely unexplored. Standardized biological benchmarks at
experimental scale, with clear metrics tied to wall-clock time,

could catalyze the same kind of cross-disciplinary progress
that game and robotics benchmarks brought to RL.
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1 Introduction

Understanding the relationships between biological
entities such as genes, proteins, and chemicals is
fundamental to studying complex biological processes.
While natural language processing (NLP) methods have
achieved notable success in biomedical relation
extraction (RE), extracted relations frequently lack
contextual information, including cell type, cell line,
intracellular location, disease, and organism. This
contextual information is critical for interpreting the
biological significance of extracted interactions, as the
same molecular interaction can behave differently across
cellular environments [1].

CELESTA (Context Extraction through LEarning with
Semi-supervised multi-Task Architecture) was developed
to address this gap, using a fine-tuned BioBERT model
with semi-supervised multi-task learning and out-of-
distribution (OOD) detection to classify biomedical
contexts from textual evidence [1]. While CELESTA
achieves strong classification performance, it operates as
a command-line tool that requires users to prepare
structured inputs and interpret raw model outputs. This
limits its accessibility for biomedical researchers who
need to annotate interaction lists interactively.
Meanwhile, large language models (LLMs) have
demonstrated strong capabilities in biomedical entity
and relation extraction [2], but lack the domain-specific
fine-tuning that CELESTA provides for context
classification. Neither approach alone offers a complete
annotation solution.

In this work, we present CELESTA Web, an interactive
web-based tool that combines an LLM-based relation
extraction pipeline with CELESTA's fine-tuned context
classifier in a unified annotation workflow. Users can
input biomedical text or upload BioRECIPE interaction
lists [3], and the tool produces structured annotations
with entity highlights, relation arcs, and context labels, all
validated against predefined biomedical taxonomies.

2 METHODOLOGY

CELESTA Web is built as a web application with a React
frontend and a Python (FastAPIl) backend, integrated into

Natasa Miskov-Zivanov
University of Pittsburgh
nmzivanov@pitt.edu

the DySE (Dynamic System Explanation) framework [4].
The annotation pipeline operates in a hybrid mode that
leverages both an LLM and the CELESTA classifier, as
illustrated in Figure 1. The pipeline processes each
interaction statement through the following steps:

Step 1: Entity and Relation Extraction. Given a
biomedical text, the system first determines whether
entity and relation information is already available (e.g.,
from an uploaded BioRECIPE interaction list). If entities
and relations are present, the LLM refines and verifies
the existing annotations. If absent, the LLM performs full
extraction, identifying regulator and regulated entities,
their types (e.g., protein, gene, chemical), and the
interaction relation (e.g., Activation, Inhibition,
Phosphorylation).

Step 2: Context Classification with CELESTA. The text
is passed to the CELESTA backend, which runs five
context classification tasks in parallel: location, cell line,
cell type, organ, and disease. For each task, CELESTA first
applies an OOD detector based on Maximum Softmax
Probability (MSP) [5] to determine whether the text
contains an in-distribution context for that category. If
the text is classified as in-distribution, the fine-tuned
BioBERT model predicts the context label from a
predefined taxonomy.

Step 3: LLM Verification and Trigger Identification.
The LLM verifies each CELESTA prediction. For in-
distribution predictions, the LLM checks whether the
predicted label is consistent with the text and identifies
whether the context is explicit (a trigger word appears in
the text) or implicit (inferred from domain knowledge).
For OOD predictions (i.e., CELESTA reports no known
context), the LLM checks whether any trigger words in
the text suggest a context that CELESTA's taxonomy may
not cover.

Step 4: Validation and Output. All outputs are
validated against CELESTA's predefined label taxonomy.
Invalid labels (those not in the allowed list) are discarded.
The final annotation includes entity spans with types, a
relation label, and a list of context labels classified as
explicit with trigger word positions or implicit. Results are
mapped to BioRECIPE format ([3], a standardized
knowledge representation for biological interactions that
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Figure 1: Overview of the CELESTA Web annotation pipeline with color-coded components: LLM (purple), CELESTA (green), I/O (blue),

and validation (red).

captures entities, mechanisms, and contextual
attributes. Specifically, relation maps to Mechanism and
Sign, location maps to  Regulator/Regulated
Compartment, and other contexts map to their
corresponding columns.

3  User Interface

The tool provides an interface where users can upload a
BioRECIPE interaction list, view the interaction table with
editable columns, and select individual rows for
annotation. Annotation results are displayed as text
annotation cards alongside the table, using brat-style
visualization [6] with entity type tags, relation arcs, and
context annotation indicators. Users can toggle column
visibility, save changes, and export the final table in the
BioRECIPE interaction list format.

4  Results and Discussion

CELESTA Web provides an end-to-end annotation
workflow that combines the strengths of two
complementary approaches: LLMs for flexible entity and
relation extraction, and CELESTA for accurate, taxonomy-
constrained context classification. The hybrid pipeline
addresses key limitations of each approach used
independently: LLMs may generate context labels
outside predefined taxonomies, while CELESTA alone
cannot perform relation extraction or identify trigger
words for explicit contexts. Figure 2 demonstrates the
web interface applied to a set of biomedical interaction
statements. The left panel displays the BioRECIPE
interaction table with context columns automatically
populated and modified cells highlighted. The right panel
shows the corresponding text annotation cards, where
entities are highlighted with type labels, relation arcs
connect regulator and regulated entities, and context
annotations are displayed as colored indicators. Explicit
contexts, where a trigger word is identified in the text
(e.g., "nucleus" for location, "THP-1 cells" for cell line),
are shown as inline highlights with labels. Implicit

contexts inferred from domain knowledge (e.g.,
macrophage and Homo sapiens from the mention of
THP-1 cells) are displayed below the text with
parenthetical markers.

5 Future Directions

A current limitation is that context labels are constrained
to CELESTA's predefined taxonomy, which may not cover
all relevant categories. We plan to address this by
enabling interactive curation through the web interface,
where domain experts can correct predictions and
contribute new annotations. These curated annotations
can expand the training data for CELESTA's classifiers,
supporting the addition of new context types. We also
plan to further integrate CELESTA Web with other DySE
framework tools to enable end-to-end workflows from
literature mining to model construction.
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Figure 2: CELESTA Web interface. Top: Interaction table and text annotation cards after uploading a BioRECIPE interaction list before
annotation. Bottom: after running annotation, with auto-populated context columns highlighted in the table (left) and text annotation
cards (right) displaying entity highlights with type labels, relation arcs, and context indicators. Explicit contexts appear as inline
highlights, and implicit contexts are shown below the text.
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1 INTRODUCTION

Complex chemical reaction networks (CRNs) that give rise
to emergent functions are ubiquitous in nature, from bio-
logical clocks such as circadian oscillators to gene expres-
sion pathways that regulate protein expression such as the
lac operon of E. coli. Biological CRNs have inspired many
synthetically engineered emergent functions, including feed-
forward loops, bistable switches, and repressilators [3]. To
create novel functions, a reasonable CRN can be designed
and the initial conditions tuned in accordance with the de-
sired behavior. Many biomolecular circuits have internal
structures that allow the same set of components to exhibit
rich dynamics under different initial component concentra-
tions. However, there are no standard, general methods for
identifying these concentrations; related design problems
are often addressed using manual tuning or heuristic opti-
mization methods [1].

Here we present EmergeX, a computational platform for
CRN design and analysis that includes a generalized behav-
ior optimizer. The behavior optimizer identifies initial condi-
tions for CRNs specified by mass action kinetics that produce
an emergent function described by a set of target behav-
iors. These behaviors encode desired component concentra-
tion trajectories over time. EmergeX uses the Python library
JAX for rapid optimization, enabling efficient numerical in-
tegration and gradient-based optimization even for complex
CRNs with widely varying reaction rates and concentration
regimes that lead to stiff systems of ODEs. This approach
allows for simultaneous optimization over large numbers
of parameters and customizable event schedules, while sup-
porting constrained optimization over parameter domains,
including relationships between initial concentrations.

2 EXAMPLE SYSTEM AND OPTIMIZATION
PROBLEM

As a representative nonlinear CRN, we consider a T7 RNA
polymerase-driven (RNAP-driven) DNA/RNA bistable switch.

Two transcriptional states mutually inhibit one another through

RNA-mediated promoter blockade, and a transient externally
supplied RNA input, labeled as RS1 and RS5 in Figure 1A,
can induce switching from one state to the other. Figure 1B
illustrates a desired behavior, in which an externally supplied
RS5 RNA input induces a state switch.
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Figure 1: Example bistable-switch topology and intended be-
havior. (A) Two transcriptional states mutually inhibit one
another through RNA-mediated blockade of each other’s tem-
plate promoters through sequestration of a domain-specific
activator. We refer to the activator of the G1 domain as A1,
and the activator of the G5 domain as A5. (B) An example of a
transient external RNA input inducing a state switch. While
the model topology may theoretically allow for a bistable
switch-like behavior to take shape, the concentrations of
critical components to enter such a regime are unknown.

In this example, the optimizer searches experimentally
controllable quantities including RNAP concentration, RNases
H and R concentrations, template concentrations, and acti-
vator concentrations, while respecting user-defined bounds
and parameter relationships.

3 BEHAVIOR OPTIMIZATION RESULTS

Figure 2 demonstrates optimization of the reaction network’s
initial conditions to meet the desired behavior represented
by the red and green intervals, target conditions in Figure 2C.
Figure 2B shows the initial (represented by the starting lines)
and final (represented by the bar positions) parameter values
that allow for the trajectories in Figure 2C to occur. Aside
from the first low target interval, the end of each low target

54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106

40



107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159

IWBDA 2026, June 18-20, 2026, Denver

[A5:G5R1])

f

A.
@ 100 4
%]
S
10714 T T T T
0 20 40 60 80
B Iteration
104 4
103 4
]
3
g
[
3 2
@ 10“4
£
o
g 1 = 1
101 4
) I \—I ‘(\‘ A \{ ‘
» 0«} IS o 252 o 2% ?‘gP‘

Free Parameters

C. Yancey et al.

Time Course 1, f([A5:G5R1])
1.0

0.8 -

o
o
1

0.4

0.2 High Target ___
Low Target
Initial —
N Final
0.0
0 50 100 150 200 250 300 350 400

Time (min)

Figure 2: Behavior optimization for the bistable-switch model. (A) Loss is minimized over iterations. (B) Free parameters are
adjusted during optimization using the loss gradient found via auto-differentiation. (C) The normalized behavior of the species
of interest is transformed from the initial trajectory to one that more closely satisfies the repeated high and low target windows.

interval is when a fixed amount of RS5 is added to induce
G5 dominance. Conversely, at the end of each high interval,
a fixed amount of RS1 is added to re-induce G1 dominance.
Starting from an initial parameterization that does not pro-
duce the desired switching pattern even when RNA is added,
EmergeX changes free parameters spanning orders of magni-
tude, and rectifies the normalized trajectory of the species of
interest so that it more closely satisfies repeated low and high
target windows by efficiently navigating the loss landscape.
Instead of requiring manual parameter sweeps, the user spec-
ifies desired temporal behavior and allows the optimizer to
search the experimental space which the user defines as
feasible.

4 PARAMETER FITTING

EmergeX incorporates a parameter fitting module using op-
timization architecture that integrates well with behavior
optimization tools within the library. Together, these tools
support multiple steps in a model-guided design workflow:
EmergeX can propose experimental conditions predicted
to produce a desired behavior, while experimental measure-
ments can be used to refine model parameters through param-
eter fitting. This integration enables iterative improvement
of both model fidelity and CRN design toward achieving the
desired functionality.

5 AVAILABILITY

While the provided example is a specific case study of more
niche interest such as within the genetic circuit community
[2], the library is general-purpose, capable of accommodat-
ing any reaction network topology and any describable event
and behavior schedules. The library is designed to accommo-
date Python users of all experience levels, and has built-in
visualization functions that can create images and videos of
any steps in the optimization process. These tools were used
to create Figure 2.

EmergeX is available on PyPI for a quick and easy instal-
lation and on GitHub for code implementation and example
use cases.

https://pypi.org/project/emergex/

https://github.com/YanceyColin/EmergeX.
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ABSTRACT

Biological feedback mechanisms play a vital role in help-
ing organisms adapt and respond to their changing envi-
ronments [2, 10]. Changes in external conditions such as
temperature, pH, and nutrient availability can affect intracel-
lular biochemical reaction rates, hence altering a cell’s ability
to survive, adapt, and respond [2]. Feedback regulation is
used widely to buffer these changes, but how effectively it
does so remains understudied. Similarly, feedback regulation
has been used in synthetic biology to maintain homeostasis
in engineered circuits and to ensure reliable performance
under varying conditions [3, 5, 15].

In our work, we aim to design synthetic circuits that suc-
cessfully mitigate changing external conditions. We do so
by identifying the best biochemical parameter regimes. This
can be a computationally demanding task [17, 20]. Our pre-
vious work [20] analyzed how variations in biochemical
parameters affect circuits with feedback regulation and mini-
mized these variations. This was previously done using a grid
search method, which samples the biochemical parameter
space at high resolution [20]. However, as circuit complexity
increased, this brute-force approach became computation-
ally prohibitive. In this work, we evaluate how suitable sev-
eral algorithm families are for solving these problems. We
identified several algorithm families with significantly lower
runtime than grid search and high-quality solutions.

To formalize the problem of identifying circuit designs and
biochemical parameter regimes that mitigate changes in ex-
ternal conditions, we use sensitivity analysis to quantify how
changes in biochemical parameters affect a circuit’s output.
A synthetic circuit’s output is commonly the steady-state
concentration of a molecular species. This output is sensitive
to changes in the underlying biochemical parameters [6].
To characterize how variations in these parameters affect
the output, sensitivity analysis provides a quantitative mea-
sure of robustness [11, 14]. Robustness reflects the degree to
which the output remains invariant under such changes [12].
Systems with lower sensitivity are considered more robust.
Here, we seek designs whose outputs are minimally sensitive
to variation in multiple biochemical rates.

Since the concentration of a molecular species can depend
on multiple biochemical parameters, such as transcription
and degradation rates [2], this gives rise to multiple sensitiv-
ity functions, each corresponding to sensitivity with respect
to one parameter. Achieving robustness to simultaneous vari-
ation in multiple biochemical parameters therefore requires
a multi-objective optimization problem that minimizes these
sensitivities together. Trade-offs between sensitivities can
arise, meaning that if the output becomes less sensitive with
respect to one parameter, it may be more sensitive to the
others. Such trade-offs can be illustrated by a Pareto front,
which shows the set of optimal solutions that cannot be im-
proved in one sensitivity without degrading another [7]. We
aim to find the biochemical parameter values that represent
the best possible trade-off when that occurs.

When solving multi-objective optimization problems, algo-
rithms have to compromise between runtime, convergence,
complexity, etc, and we aim to find algorithms that give us
the best overall performance. Although grid search can give
the perfect Pareto front, its runtime is significant, and it in-
creases with circuit complexity. We initially tested several
existing algorithms and frameworks, including AMOSA [4],
TorchJD [16], and OpenMDAO [9], but found them unsuit-
able for our problems. AMOSA was prohibitively slow, Torch]D
did not fit our multi-objective formulation, and OpenMDAO
solves only convex problems. We therefore focused on the
three algorithm families shown in Figure 1.

We benchmark algorithms known for solving multi-objective

optimization problems from three major metaheuristic fami-
lies - Sobol multi-objective simulated annealing (Sobol MOSA)
from simulated annealing, Non-dominated Sorting Genetic
Algorithm IT (NSGA-II) from genetic algorithms, and Exact
Pareto Optimization (EPO) from gradient-based method - on
two canonical synthetic feedback architectures: negative au-
toregulation and coupled positive-negative feedback [2, 19].
We benchmark the algorithms on these two circuits because
negative autoregulation is a common regulatory motif for
synthetic and systems biology, positive-negative feedback
architectures have been built experimentally in [19], and,
importantly, our previous work in [20] has shown that both
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Figure 1: We compare the four algorithms on two circuits:
negative autoregulation and positive-negative feedback. We
rank their convergence using the inverted generational dis-
tance, which measures both how close the recovered Pareto
front is to the true Pareto front and how well solutions are
distributed along it. The grid search produces the exact Pareto
front. It has the best convergence and the longest runtime.
NSGA-II performs best among the approximate methods in
both runtime and convergence to the true front. EPO has
higher runtime and worse convergence than NSGA-II. Sobol
MOSA has high convergence but is slower than NSGA-II.

circuits exhibit nontrivial Pareto fronts rather than collaps-
ing to a single solution.

We briefly describe each of the three algorithms. Simulated
annealing acts like a high-temperature system: it bounces
around the landscape of possible solutions energetically,
which allows it to hop out of local minima. As the "tem-
perature” gradually cools, the search becomes more focused,
eventually settling into the most optimal solutions [1]. We
integrated a Sobol sequence which is a sampling method that
spreads sampling points out more evenly across the parame-
ter space [18] to ensure proper coverage of parameter space
and reproducible results. NSGA-II is a genetic algorithm, and
it maintains a diverse population of many candidate solu-
tions at once. In each generation, the algorithm identifies the
fittest individuals that best balance the trade-offs between
competing objectives, while ensuring the population remains
diverse to prevent the search from early convergence [8].
Lastly, EPO is a gradient-based approach, which functions
like navigating down a hill by always moving in the direc-
tion of steepest descent. While this allows for very rapid
convergence to a solution, it is prone to getting stuck in local
minima [13]. We illustrate the algorithms in Figure 2.

Feedback is a set of biochemical processes, including pro-
duction of output particles (involving a production rate),
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Negative Autoregulation: Pareto Front Evolution
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Figure 3: (Right): A single biochemical output under neg-
ative autoregulation. The repression mechanisms involves
cooperative binding and feedback interaction. Therefore, our
output is dependent on both feedback strength and cooper-
ative binding, which the Pareto front on the left measures.
(Left): Pareto fronts describing when our output is most ro-
bust to both feedback strength and cooperative binding. All
algorithms converge closely to the true Pareto front found
using grid search. However, Sobol MOSA and EPO still have
some points on the right that their runs need to be more
refined to remove.

binding to other particles (whose binding affinity we call
the dissociation constant) and degradation of output parti-
cles (whose rate we call the degradation rate). The "feedback
strength" is defined as the ratio of the production rate to
the degradation rate per unit of dissociation constant. We
use generational distance (GD) and inverted generational
distance (IGD) which measure the average distance from
any point in our obtained Pareto front to the closest point in
the grid search’s (true) Pareto front, and vice versa [21, 22],
correspondingly, to quantify the convergence and diversity
of solutions. Small GD and IGD values indicate better con-
vergence and diversity. In both circuits (Figure 3 and Figure
4), the three algorithms recover Pareto fronts that are closely
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Positive-Negative Feedback: Pareto Front Evolution
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Figure 4: (Right): Two biochemical outputs under positive-
negative feedback. Both outputs are dependent on feedback
strength. (Left): Pareto fronts describing when both outputs
are most robust to feedback strength. NSGA-II and Sobol
MOSA recover the true Pareto front found using grid search.
EPO still needs more evaluations though it has the same
running budget as NSGA-IIs.

aligned with the grid search method, while being up consid-
erably faster. NSGA-II is the fastest, 21 hours faster compared
to grid search method in positive-negative feedback, and also
returns the closest Pareto fronts with very small GD and IGD
values. Sobol MOSA is slightly slower than grid search in
negative autoregulation, but faster in positive-negative feed-
back. EPO, even though is 20 hours faster than grid search in
positive-negative feedback, retrieves much less Pareto points
than the other two algorithms, and their Pareto points are
not fully converged.

We also examine the impact of algorithm-specific hyper-
parameter choices on solution quality and performance to
further determine the trade-offs between runtime and ac-
curacy of each algorithm. Sobol MOSA’s convergence and
diversity improve with increasing number of runs, solutions,
and iterations. The number of solutions is the safest option
to change, followed by number of runs without considerably
increasing the runtime. NSGA-II solves both circuits with
a budget of 600 evaluations per run, with close proximity
and dense coverage across the true Pareto front in a single
run. With the same budget, we can improve EPO’s coverage
by increasing its step size. All simulations were run on a
64-bit workstation with an AMD Ryzen Threadripper 3960X
24-Core CPU, 126 GB RAM, and 48 logical cores.

Here we solve the multi-objective optimization problem
of finding the most robust synthetic circuit designs for neg-
ative autoregulation and positive-negative feedback using
three families of algorithms. All algorithms are faster and
similarly accurate compared to grid search through the pa-
rameter space of the circuits. Other optimization algorithms
have been tested, but these three stand out for their accurate

and quick convergence, while being easy-to-implement out
of the box and easy-to-finetune. In the future, we plan to
expand our case studies to synthetic circuits for metabolic
engineering, as these systems are often subject to multiple
competing demands and constraints. Moreover, mechanistic
models of metabolic circuits contain biochemical parameters
spanning many orders of magnitude, providing a valuable
testbed for evaluating the scalability of multi-objective op-
timization algorithms. Our work aims to reduce the experi-
mental trial-and-error and computational burden associated
with identifying optimal parameter sets for synthetic circuits.
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1 INTRODUCTION

Biochemical circuits require amplification mechanisms to
propagate signals and process information. At the
molecular scale, however, unintended reactions, or
“leak,” are difficult to eliminate and can generate output
even in the absence of input. As a result, leak interferes
with measurement and complicates circuit design.
[1,2,3,4]

A central challenge is to understand how amplification
depends on system parameters in the presence of leak,
in order to identify regimes of effective amplification.
This is particularly difficult due to the large number of
parameters and tunable reaction rates involved in these
systems. There is therefore a need for general
approaches and computational tools to systematically
characterize and optimize amplification in biochemical
circuits.

In this work, we present a computational approach to
this problem, illustrated with a case study of a circuit
called the seesaw element. We define amplification in a
way that explicitly accounts for leak and use it to make
predictions of optimal amplification design. This
prediction is based on a mechanistic model that has been
fit to experimental data.

2 BACKGROUND

Seesaw element

In RNA strand displacement systems, amplification can
be implemented using the seesaw element — a
biochemical feedback circuit. In the forward strand
displacement pathway (Fig. 1 green), an input RNA strand
reacts with a DNA gate to produce an output strand while
leaving behind a residual gate. In the reverse gate
regeneration pathway (Fig. 1 purple), a fuel RNA strand
recycles this residual gate to regenerate the input,
enabling repeated cycles of signal production. [3,5,6]

However, effects from thresholding and spurious
interactions between non-complementary strands can
introduce  unintended reactions. In particular,
interactions between fuel strands and gates can generate
output even in the absence of input, forming a leak
pathway. How fast this leak occurs, the rate of fuel strand
displacement, and how much fuel template is present,
therefore, affect the efficiency of this feedback loop and
thus output amplification. The key challenge is to balance
the cost of driving this loop with the amplification gain it
produces. [4,6]

o Gate (unfolded-uncleaved)
— - e
i ="
Fuel-gate complex InpuE = ==~ - 5~ - - - -Gate
Xg Xz
Strand
Gate \, exchange
regeneration \

Reporting

Fuel - Gate—\np]t complex Output e DNA reporter
% X X X
s 2 3 les| ks

Reacted reporter
Xg

Figure 1: Seesaw element. Process begins with strand
exchange (green) and restarts with gate regeneration (purple).
Reporting (blue) allows us to observe outputs.

Figure adapted from [7].

Amplification

Amplification refers to the ability of a system to generate
more output than would be expected from a single-pass,
stoichiometric reaction, typically through catalytic or
feedback-driven reuse of input species.

In the seesaw element, amplification arises from the
ability of a single input RNA strand to generate multiple
output strands through catalytic reuse, rather than one-
to-one stoichiometric conversion. This behavior is
enabled by a fuel strand, which regenerates the input
after output release and allows repeated rounds of signal
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production. Our output is observed via a fluorescent
reporter.

To distinguish contributions to the observed output, we

consider two conditions:

e ON: input template present; output is observed
through both input and leak pathways

o  OFF:input template absent; output is observed solely
through leak

We define amplification at time t and fuel template f as

the ratio of output production rates between ON and OFF

conditions:

dxg dxg

To isolate the effect of fuel on amplification, we define
the normalized amplification relative to its zero-fuel
baseline:

A(t,f) = AO(t'f) /AO(t' 0)

Values of A(t, f) > 1 indicate enhancement relative to
the zero-fuel baseline, while values below 1 indicate
suppression.

3 METHODS

Experimental data was collected from cotranscriptionally
encoded toehold-mediated strand displacement (ctRSD)
experiments, in which fluorescent reporter
concentration was measured over time under input
template concentrations of 0, 1.25, and 2.5 nM, and fuel
template concentrations of 0 and 25 nM. [7]

Using a mechanistic model of the seesaw element, we
iteratively fit the system parameters 6 to the
experimental data using nonlinear least squares
optimization by minimizing the sum of squared residuals
between experimental measurements y; and model
predictions f at matching times t;:

5©)= ) (= 1(t,0)"

We evaluated two candidate models for leak: (i) direct
interaction between fuel and active gate state, and (ii)
interaction between fuel and the inactive (unfolded-
uncleaved) gate state. The second model was found to
provide a better fit (see Figure 2).

We additionally evaluated three candidate models for
transcription rate: constant, linearly decreasing in time,
and exponentially decreasing in time. The time-
dependent transcription models did not improve fit
quality and were therefore excluded from subsequent
analysis (see Figure 3).

Using the fitted model, we then simulated amplification
profiles across varying fuel strand displacement rates and
leak rates to identify parameter regimes that yield
optimal amplification, within physically reasonable
parameter ranges. [4,8]

4 RESULTS

Figure 2 illustrates the ability of both models to predict
the experimental condition (input, fuel) = (2.5,25) nM
using parameters obtained from fitting the remaining
four experimental conditions: (1.25,0), (2.5,0), (0,25),
and (1.25,25) nM. The inactive gate model achieved both
a lower fitting error and a lower prediction error than the
active gate model. These errors are listed in Table 1.

Fitting RMSE: Prediction RMSE:
Model1 | 5.0 x 1073 (nM) 1.0 X 10% (nM)
Model 2 | 2.8 x 1073 (nM) 4.1 x 10t (nM)
Table 1: Global root mean square error (RMSE) values
for both models. Column 1 shows the RMSE for fits to

the four selected experimental conditions, while Column

2 shows the RMSE for prediction of the held-out

experimental condition.

Figure 4 presents amplification profiles across varying
fuel concentrations, fuel strand displacement rates, and
leak rates. Increasing the fuel strand displacement rate
leads to higher peak amplification, but shifts the peak to
earlier times, indicating a trade-off between
amplification magnitude and persistence of this
magnitude.

Increasing fuel concentration similarly enhances peak
amplification, with higher fuel levels producing larger but
earlier responses. This is expected, as fuel is the driver of
the feedback loop.
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In contrast, variations in leak rate have a negligible effect
on amplification profiles within the explored parameter
range.

Overall, these results reveal a design trade-off:
conditions that maximize amplification also reducing the
duration over which amplification is sustained.

5 FURTHER DIRECTIONS

This work provides experimentally testable predictions
for future seesaw circuit designs, particularly for systems
operating at input and fuel template concentrations up
to 50 nM.

More broadly, this work presents a computational
workflow for analyzing and optimizing amplification in
biochemical feedback circuits in the presence of leak. By
combining mechanistic modeling, parameter estimation,
and amplification analysis, the framework may be
extended to other architectures as seen in biosensors,
transduction circuits, molecular classifiers, and
molecular switches. [9,10,11,12,13, 14].
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Figure 2:

Comparison between predictions of models 1 and 2, by fitting four experimental timecourses and predicting the fifth. Model 2 shows
better fitting and prediction.
(Left) Plots of all four experimentally measured reacted reporter timecourses (dotted) against best fits from each model (lined).
(Right) Plots of the fifth experiment (dotted) against prediction from the corresponding model (dashed).

Comparison of transcription models.
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Figure 3: Fitting cost of different transcription rate models. Constant transcription rate was found to be the best mechanistic model.
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1 SELF-ORGANIZED CRITICALITY IN PHYSICAL
SYSTEMS

Many physical systems which operate near a bifurcation
point or phase transition tend to exhibit scale-invariant dy-
namics, long-range correlations, and spontaneous organi-
zation into critical states without fine-tuning of external
parameters. This phenomenon, called self-organized criti-
cality (SOC) [2], has been studied in avalanches [3], earth-
quakes [1, 12], and forest fires [9], among other phenomena.
Such dynamical systems exhibit power-law frequency dis-
tributions, scale-invariance, and long-range correlations, all
hallmarks of SOC.

We consider snow avalanches as a prototypical SOC sys-
tem. Avalanches occur when snowfields evolve to the neigh-
borhood of a critical point and are then perturbed, leading
to the avalanche event. The system is left in a lower en-
ergy state, from which it continues to evolve and build to
another critical state under a stochastic drive. The gradual
accumulation of snow acts as a slow input of energy, driving
the system toward a metastable configuration near a bifur-
cation point, where the system is maximally sensitive and
small perturbations can produce cascading avalanches span-
ning a wide range of sizes. Similarly, the most devastating
wildfires and earthquakes arise from perturbations after the
system has reached a critical state. This interplay between
slow energy accumulation and rapid, scale-free release gives
rise to long-range correlations and power-law frequency dis-
tributions, often observed as 1/f (pink) noise. Away from
criticality, minor disturbances do not produce avalanche-like
events, as the system is either too stable to propagate pertur-
bations or too far from the threshold required for large-scale
reorganization.

Consider as a toy model of SOC dynamics the supercritical
pitchfork bifurcation (subject to noise),

dX = (AX — X®)dt + 0dB,

and its deterministic part x = Ax — x3, which undergoes a
supercritical pitchfork bifurcation at A = 0 (Figure 1). For
A > 0 and small o, the stochastic system has two metastable
states at x* = +VA and randomly switches between them,
giving rise to a fast time scale of local fluctuations and a slow
time scale of switching (Figure 2).

Near the bifurcation point, the Jacobian J = A1—3x? satisfies
J ~ O(A) at the metastable states, so perturbations decay
extremely slowly, £(¢) =~ €(0), exhibiting critical slowing

down. This produces long-range correlations, quantified by
the autocorrelation function pxx (7),

pxx (1) ~ Ar P

and consequently the power spectral density,

Sxx(w) = F {pxx (1)} (w) ~ é

i.e., pink noise (Figure 3).

The slow time scale is governed by noise-driven tran-
sitions across an energy barrier defined by the potential
function

A

__ P = At A
U(x) = ‘/(Ax x)dx—4x X

with barrier height AU = 1?/4 (Figure 4), By Kramers’ rate

theory,
AU A2
T ~ exp F = exp ﬁ 5

sp that A% ~ 20 InT. Differentiating gives
dA 1 1

dT AT  TInT

Assuming 1 is approximately Gaussian, P(1) ~ exp(-A?%/ 20%),
we obtain L
P(A) ~T /%,

By change of variables,

dA _ 1 o?
P(T) =P() 2|~ T <1+ﬁ>_ﬁ, ==
n A

For sufficiently large T, the logarithmic correction is sub-
dominant, yielding the approximate power-law

P(T)~T % a=1+p.

This system therefore exhibits the well-known hallmarks
of SOC (long-range correlations, pink noise, scale-invariant
power laws), all of which arise from the dynamics near a
bifurcation point.

2 SELF-ORGANIZED CRITICALITY IN GENETIC
CIRCUITS

We aim to investigate the emergence of self-organized crit-
icality in gene regulatory networks using stochastic bifur-
cation theory. We will do so by designing and building a
genetic circuit which realizes self-organized criticality on
a hysteresis curve and verifying its behavior using simula-
tion techniques and in vivo fluorescence microscopy utilizing
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a microfluidic platform. Potential biomedical applications
include targeted drug delivery, where engineered bacteria
could transiently release chemotherapy agents in response to
systemic induction, enabling precise dosage control within
tumor microenvironments.

Design. To realize this kind of system as a genetic circuit,
we have a handful of design requirements. We must include
the positive autoregulation motif so that the system includes
the necessary saddle-node phase transitions and exhibits
hysteresis. We also require that the autoregulatory species
be tunably degraded, and that the species that degrades it
equilibrate slowly relative to the positive feedback loop (Fig-
ure 6) (Figure 11). We can achieve this with LuxI/AHL as the
autoreglatory species and AiiA as the degradase.

Using Hill-Langmuir kinetics, we can write a (nondimen-
sionalized) dynamical model for this system:

. _ BO+ax?)
x==0 - (y+yx
y =C(IPTG) —y

where x = [AHL] and y = [AiiA]. This model gives us the
classical hysteresis curve we’re looking for when y is at equi-
librium (Figure 7). We move on to the SDE model of the
system given by the Chemical Langevin Equation, introduc-
ing noise [7]. Simulations of this system exhibit stochastic
avalanching (Figure 8), a power law-like avalanche time dis-
tribution (Figure 9), and long-range correlations and pink
noise (Figure 10). These properties are essentially the ’goal-
posts’ for demonstrating SOC in the context of the double
saddle-node hysteresis curve, as we established in the pre-
vious subsection. We can be confident that the engineered
system exhibits self-organized criticality in silico.

Build. We selected well-characterized parts from the iGem
Registry [11] with which to implement the circuit design.
Part choices are summarized in Table 1. We selected iGem
vector pSB1A2 [8] as a backbone, which contains a pUC19-
derived pMB1 [4] origin and Carbenicillin resistance for
selection. We selected the pMB1 origin because its copy
number on the order of 10 will allow deterministic drift
terms to be much larger than noise. Additionally, we designed
a Pyyx reporter plasmid in order to measure the activity of
the lux promoter, a stand-in for the state variable [LuxI].
The reporter has origin of replication ColE1 [5] and relies
on Kanamycin resistance for selection.

We constructed the genetic circuit and reporter plasmid
using Gibson assembly [6] to achieve a scarless product
(Figure 12). We confirmed cloning products via an Oxford
Nanopore sequencing platform [10]. We constructed our
deployment strain by co-transforming both engineered plas-
mids in K12 MG1655 E. coli.

Thomas, et al.

Test. We first tested whether IPTG-induced AiiA modulation
is sufficient to place the circuit parameters in the bistable
region (Figure 7). We did so by measuring the cell density-
normalized GFP fluorescence of our deployment strain at
steady state at varying levels of IPTG induction (Figure 13).
The expected outcome of this experiment is for the cell
populations to lie along the lower branch of the hystere-
sis curve for large IPTG concentrations until a critical in-
duction concentration, below which they undergo the cusp
catastophe [13] (Sec. 3.7) and switch irreversibly to high GFP
expression. All cell trajectories should begin on the lower
hysteresis branch because AHL production is proportion to
cell density, so expression always begins low. Instead, we
see no catastrophe event.

Measuring time-series GFP per OD as the scell grow to
carrying capacity (Figure 14), we see that the catastrophe
event (quorum) occurs around OD 0.1 across a wide range
of IPTG concentrations. This suggests that LuxI expression
must be weakened and/or carrying capacity must be reduced
for the cells to exhibit bistability once the population reaches
steady state.

Learn. We are in the process of constructing an RBS-variant
library of SOC plasmid variants using the weaker Weiss RBS
sequences (B0032, B0033) in the LuxI transcrion unit [14].
Additionally, we are developing less nutrient-dense cell me-
dia to modulate carrying capacity (Figure 15). Both of these
changes are expected to move the quorum threshold of the
system closer steady-state population density.

Once we have identified parameters under which the
steady-state population density of the cells is in or near the
bistable region, we will optimize IPTG concentration of SOC
behavior by testing many concentrations in parallel using a
gradient-generating microfluidic device (Figure 16).

3 FUTURE WORK AND THERAPEUTIC
APPLICATIONS

With appropriate tuning, the circuit may be used in biomed-
ical applications where a transient behavior is desired. For
example, bacteria transformed with the circuit could cou-
ple the delivery of a chemotherapy drug to LuxI expression.
Delivering the correct concentration of IPTG, which can be
delivered systemically, to a patient would allow the cells to
evolve to the critical point, where they will deliver the drug
transiently and stop once every cell has avalanched. In a
strain that colonizes the tumor microenvironment, such as
E. coli Nissile, this would allow for precise dosage control
inside the tumor via systemic delivery of a harmless sugar.
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Supercritical Pitchfork Bifurcation
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Figure 1: Bifurcation diagram for the supercritical pitchfork normal form % = Ax — x*. At 1 = 0, a supercritical pitchfork
bifurcation occurs, where a single stable fixed point splits into two stable fixed points and an unstable fixed point. Near this
bifurcation point, the Jacobian J = 1 — 3x? becomes small at the stable states, giving rise to critical slowing down and enhanced
sensitivity to perturbations, which underlies long-range correlations in the stochastic system.

Stochastic Supercritical Pitchfork Bifurcation: A = 0.1, 0 = 0.1

Time

Figure 2: Stochastic switching in the noisy supercritical pitchfork system with A > 0 and small ¢. The system exhibits two
metastable states at x* = +VA and randomly switches between them. Fast fluctuations occur within each metastable well,
while rare noise-driven transitions produce a slow time scale. This separation of time scales is characteristic of systems near a
bifurcation point and contributes to scale-invariant dynamics.

Table 1: Table Heading

Transcription Unit Promoter RBS CDS Terminator
LuxI R0062 B0030 C0061+LAA B0010
AiiA R0010 B0034 C0160 B0010
LacI+LuxR J23102 B0032, B0034 C0012, C0062 B0015
sfGFP R0062 B0034 E0040+LAA  ECK120029600
4
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Figure 3: Autocorrelation pxx(7) and corresponding power spectral density Sxx (w) = F{pxx(7)}(w) for the stochastic pitchfork
440 system near criticality. The autocorrelation decays slowly, approximately as pxx(r) ~ r™% with f ~ 0, indicating long-range 493
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Histogram of Transition Time Delays
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Figure 5: Distribution of switching times T between metastable states. From Kramers’ rate theory, T ~ exp(1%/20?%), which
implies a heavy-tailed distribution P(T) ~ T~“ over a wide range of scales. This approximate power-law behavior reflects scale
invariance in the temporal dynamics and is another hallmark of self-organized criticality.
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Figure 6: SBOL Visual diagram of our circuit. We express LuxI on the luxI promoter with constitutive expression of LuxR.
To make degradation tunable, we express AiiA on the inducible Lac promoter; by varying the concentration of the inducer
molecule IPTG, we can vary the steady-state concentration of AiiA. We also ensure that that the AHL dynamics are faster than
the AiiA dynamics by marking LuxI for degradation with an LAA tag.
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Figure 12: Plasmid maps for the genetic circuit and reporter constructs. (Left) Circuit plasmid assembled in the pSB1A2 backbone,
containing a pMB1 origin of replication and Carbenicillin resistance cassette. The circuit comprises the selected BioBrick
parts (Table 1) arranged to implement the designed regulatory architecture. (Right) P),, reporter plasmid used to quantify
promoter activity, containing a ColE1 origin and Kanamycin resistance cassette, with a fluorescent reporter downstream of the
lux promoter.

Bistability Characterization: A Wells (A2-A12)
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Figure 13: Steady-state GFP response across IPTG induction levels. Cell density-normalized GFP (GFP/OD) at steady state
versus IPTG concentration. The design predicts a cusp catastrophe below a critical IPTG threshold, but no such transition is
observed; GFP varies smoothly instead. Cultures were grown to carrying capacity and averaged across replicates. The lack of a
discontinuity indicates the system does not reach the bistable regime.
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Bistability Characterization: Wells B2, B7, B12 Bistability Characterization: Wells B2, B7, B12 (OD 0-0.2)
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Figure 14: Time-series GFP/OD during population growth. (Left) GFP fluorescence normalized by OD as a function of time as
cultures grow to carrying capacity across a range of IPTG concentrations. All trajectories exhibit a sharp increase in GFP/OD as
the population approaches quorum. (Right) Zoomed-in view of the transition region highlighting the onset of quorum sensing
behavior, which occurs around OD ~ 0.1 across all tested IPTG concentrations.
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Figure 15: Normalized carrying capacity as a function of percent LB in media. We diluted LB in osmolarity-matched NaCl
solution and measured carrying capacity for varying LB concentrations. Osmolarity matching ensures that dilute LB solutions

do are not hypotonic. We see that carrying capcity varies linearly with LB concentration up to a threshold around 30.3% LB.

Beyond the threshold, nutrient concentration maintains a positive relationship with carrying capacity, but it is weaker. We
postulate that this change is due to cell crowding, which does not occur at lower maximum ODgo.
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Physics-Informed Inference of Gene-Expression
Kinetics Using bioCRNpyler

Zachary Hastings! and Lukas Buecherl!
! Biological Engineering, Utah State University, USA
lukas.buecherl@usu.edu

INTRODUCTION

Predictive modeling remains a major bottleneck in the design—
build—test—learn (DBTL) cycle for synthetic biology, partic-
ularly when circuit behavior depends on reaction kinetics
that are difficult to measure directly from experimental data.
In this context, reaction kinetics refer to the rates governing
processes such as transcription, translation, and molecular
dilution or degradation that shape the dynamic behavior
of synthetic gene-expression systems. Better computational
approaches for inferring these parameters could reduce ex-
perimental trial-and-error, improve model-guided design,
and support the engineering of more complex and reliable
synthetic biosystems.

Physics-informed neural networks (PINNs) [1] provide a
promising approach because they combine flexible function
approximation with mechanistic constraints by incorporat-
ing governing differential equations directly into training.
This is especially attractive in synthetic biology, where mea-
surements such as fluorescence often provide only indirect
information about the underlying kinetics.

In this work, we investigate whether physics-informed
learning can recover mechanistically meaningful kinetic pa-
rameters from simulated gene-expression data generated
in bioCRNpyler [2]. Simulated data provide an initial test
case because the ground-truth parameter values are known,
enabling direct evaluation of parameter recovery. Using an
IPTG-inducible transcriptional unit, we infer the translation
and dilution rate constants, k;; and kg ;;, from simulated ex-
pression outputs. We compare a baseline PINN with a physics-
informed autoencoder (PIAE), which uses a constrained la-
tent representation to improve parameter inference, and a
physics-informed long short-term memory network (PILSTM),
which leverages time-series structure in simulated trajecto-
ries to recover kinetic parameters. Together, these models
test whether neural networks can learn not only circuit out-
puts, but also the hidden parameters governing synthetic
gene-expression behavior.

METHODS

Simulated gene-expression data were generated in bioCRN-
pyler using an IPTG-inducible transcriptional unit composed
of a promoter, ribosome binding site, coding sequence, and
terminator. Simulations were performed across multiple IPTG

concentrations to produce final mRNA, protein, and YFP out-
puts, yielding a synthetic benchmark dataset for evaluating
physics-informed approaches to kinetic parameter inference.

The primary learning task was to infer the translation
and dilution rate constants, k;; and kg;;, from the simulated
expression outputs. For the initial PINN model, 40 simulated
conditions were randomly divided into training and test sets
using an 80/20 split. The PINN was implemented in Python
using PyTorch [3] as a feedforward neural network with
two hidden layers of 64 neurons each and trained for 10, 000
epochs. The training objective combined data fitting with a
physics-based loss term derived from the governing system
dynamics.

We next developed a PIAE to improve parameter recovery.
In this formulation, the encoder mapped simulated outputs
into a lower-dimensional latent representation, and the de-
coder reconstructed the original data while incorporating
physics constraints to encourage the latent variables to en-
code mechanistically meaningful kinetic information. For
the PIAE, simulated data with artificial noise were normal-
ized prior to training, and optimization was performed us-
ing Adam with a mean squared error loss augmented by a
physics-based loss term.

To further evaluate sequence-aware architectures for ki-
netic inference, we developed a PILSTM. Unlike the PINN and
PIAE experiments, the PILSTM was evaluated on a separate
dataset generated from a simple constitutive transcriptional
unit. This model consisted of four LSTM layers with 64 hid-
den units each and was trained using Adam optimization
with a mean squared error objective. In addition to inferring
the rate constants k;; and kg;;, the PILSTM was trained to
predict mRNA and DNA concentrations from simulated data.

Model performance was evaluated based on two criteria:
agreement between predicted and simulated YFP responses,
and accuracy of the inferred kinetic parameters relative to
the known ground-truth values from the bioCRNpyler simu-
lations.

RESULTS

The baseline PINN successfully learned the simulated IPTG-
dependent gene-expression response and produced accurate
predictions of the observable YFP output across both training
and test conditions. Training and test losses decreased sub-
stantially over the course of optimization, indicating that the
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model was able to capture the overall nonlinear input-output
behavior of the simulated transcriptional unit.

However, recovery of the underlying kinetic parameters
lagged behind improvement in output prediction. While the
PINN reproduced the YFP response relatively early in train-
ing, convergence of the inferred translation and dilution rate
constants required substantially longer optimization. The
final PINN recovered k;; to within approximately 10-20% of
the ground-truth value, suggesting that accurate prediction
of observable outputs does not necessarily imply equally
accurate recovery of the underlying mechanism. To address
this limitation, we next evaluated a PIAE.

Compared with the baseline PINN, the PIAE showed mod-
erate improvement in recovering the target kinetic parame-
ters while maintaining agreement with the simulated data. In
the noisy simulated setting, the PIAE recovered k;; and kg
with errors in the range of approximately 2-20%. As shown
in Figure 1, the PIAE maintained close agreement with the
simulated YFP response while improving recovery of mech-
anistically meaningful kinetic parameters. Together, these
results suggest that latent-space physics constraints may
improve mechanistic identifiability beyond what is achieved
by output fitting alone.

PIAE Epoch 9999

e Train YFP PR
154 o TestYFP cec*’
B
o Pred YFP oo’ ceeeec?®
o ...00'
. .
1.0 4 . .

0.5

YFP (normalized)
(=]
o

-1.51

=15 -1.0 -0.5 0.0 0.5 1.0 15
IPTG

Figure 1: Predicted and simulated normalized YFP responses
across IPTG conditions for the physics-informed autoen-
coder (PIAE). The model maintained close agreement with
the simulated dose-response data while improving recovery
of mechanistically meaningful kinetic parameters.

Preliminary results with the PILSTM further suggest that
sequence-aware architectures can capture relationships be-
tween kinetic parameters and simulated species trajectories
(Figure 2). Using 1, 000 noisy simulations with perturbations
in k;; and kg;;, the PILSTM recovered kinetic parameters and
species concentrations with good overall agreement. Models
trained without the physics-based loss also achieved strong
predictive performance, but occasionally produced nonphys-
ical outputs such as negative values, highlighting the role

Hastings, et al.
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Figure 2: Predicted and simulated kinetic rates and species
concentrations across fluorescent protein concentrations for
the physics-informed long short term memory network (PIL-
STM). The model recovered mechanistically meaningful ki-
netic parameters and accurate species concentrations.

of physics constraints in maintaining mechanistic plausibil-
ity. The PILSTM also converged in fewer training epochs
than the baseline feedforward PINN, consistent with the
suitability of recurrent architectures for time-series inputs.
DISCUSSION AND FUTURE WORK

These results suggest that physics-informed learning can
recover mechanistically meaningful kinetic parameters from
simulated gene-expression data, while also highlighting an
important limitation: accurate output prediction does not
necessarily imply accurate parameter recovery. In particular,
the baseline PINN reproduced the simulated YFP response
before converging to the ground-truth kinetic values, indi-
cating a gap between output fitting and mechanistic identifi-
ability. The improved parameter recovery observed with the
PIAE suggests that physics constraints in a structured latent
space may help address this challenge.

Future work will extend this framework to experimental
measurements. E. coli cells will be transformed with simple
transcriptional units encoding fluorescent proteins, and flu-
orescence trajectories will be collected using a plate reader.
These data will be used as inputs to the proposed models, and
inferred kinetic parameters will be evaluated by forward sim-
ulation in bioCRNpyler and related Python tools. Additional
directions include BINN [4] formulations, more complex cir-
cuit architectures, and robustness under increased biological
noise and experimental variability.
ACKNOWLEDGMENTS
Z.H. and L.B. were supported by the Department of Biological
Engineering at Utah State University.
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Codon Pair Optimization Web Tool
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1 INTRODUCTION

Synonymous codon selection is far from random, it varies sys-
tematically across organisms and tissues, exerting a measur-
able influence on translation kinetics, protein folding, mRNA
stability, and ultimately gene expression levels [7, 8, 13]. Mea-
sures such as the codon adaptation index (CAI), introduced
by Sharp and Li (1987), provided a quantitative framework
for measuring the extent to which a given gene’s codon us-
age mirrors that of highly expressed reference genes, and
it became a widely used predictor of recombinant protein
expression levels. However, codon usage bias considers each
codon position independently, ignoring the context imposed
by its neighbors.

Codon pair bias (CPB) refers to the statistically signifi-
cant over- or under-representation of specific codon pairs
in coding sequences relative to what would be predicted
from the individual frequencies of the constituent codons
alone. Initially observed in Escherichia coli by Gutman and
Hatfield (1989) [6], it was brought into focus by Coleman
et al. in 2008[3], who introduced the concept of codon pair
deoptimization (CPD) as a rational strategy for virus atten-
uation. By systematically replacing wild-type codon pairs
with synonymous but statistically under-represented pairs
— without altering the amino acid sequence or overall codon
usage — the authors generated attenuated poliovirus vari-
ants that elicited robust immune responses in animal models
while displaying dramatically reduced pathogenicity. The
approach, termed Synthetic Attenuated Virus Engineering
(SAVE), demonstrated that CPB exerts an independent and
substantial effect on translational output that cannot be at-
tributed to individual codon frequencies alone. This work
established CPD as a promising platform for live-attenuated
vaccine development and has since been applied to influenza
virus, respiratory syncytial virus, and other clinically rele-
vant pathogens [10].

Beyond vaccine design, CPB has significant implications
for recombinant protein production. Optimizing codon pair
usage in heterologous expression constructs has been re-
ported to improve protein yield, and there is growing ev-
idence that the rate and rhythm of translation elongation
— influenced by the local codon pair context — affects co-
translational protein folding and the acquisition of correct
tertiary structure [8].

Georgios Papamichail
New York College
Athens, Greece

Numerous computational tools have been developed to aid
the design of synthetic coding sequences that optimize codon
usage for a target expression host. Codon context optimiza-
tion tools are less common, and platforms for multi-objective
sequence optimization that included codon context such as
EuGene [5] and COOL [2] are now defunct. To our knowl-
edge, the field now lacks a tool that enables the optimization
of protein coding sequences for codon context preferences,
and we have created a simple web tool to address this specific
need 1.

2 METHODS

Web Tool Architecture and Accessibility. Out Codon Pair Bias
Optimization tool is implemented as an online web applica-
tion. The interface accepts a protein-coding DNA sequence
as input and returns an optimized synonymous sequence
designed to maximize codon pair bias (CPB) score for the
selected target organism. Output is displayed directly within
the browser interface, and the optimized sequence can be
downloaded in FASTA format for further processing or imme-
diate use in downstream applications such as gene synthesis
ordering or expression vector design.

Codon Pair Usage Tables. Codon pair preferences for the two
supported target organisms — Homo sapiens and Mus mus-
culus — were derived from the Consensus Coding Sequence
(CCDS) dataset [4, 12], a high-confidence, manually curated
set of protein-coding regions that are consistently annotated.
For each organism, a codon pair usage table was constructed
by exhaustively enumerating all adjacent codon pairs across
the coding sequences in the CCDS set, recording the ob-
served frequency of each of the 3,721 possible sense codon
pairs (61 x 61, excluding stop codons). From these observed
frequencies, a codon pair score (CPS) was calculated for each
codon pair following the formulation introduced by Coleman
et al [3]. This formulation isolates the codon pair preference
that is independent of amino acid composition and individual
codon usage frequency. The overall CPB score of a coding
sequence is then computed as the arithmetic mean of the
CPS values across all adjacent codon pairs in the sequence.
More information about CPB scores and their interpretation
can be found in [11].
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Codon Pair Bias Optimization Tool
Required Parameters

Input File [polio.P1.fa v| | v Refresh | (2
Upload File from Computer

Output File ?
Create Empty File

Optional Parameters

Target Organism ?
Simulated Annealing Iterations |500000 ?

STDOUT

Setting organism to default (human)
Setting simulated annealing rounds to default (500,000)

>>>INPUT INFORMATION

Sequence to be optimized:
ATGGGTGCTCAGGTTTCATCACAGAAAGTGGGCGCACATGAAAACTCAAATAGAGCGTATGGTAGTTCTACCATTAATTACACCACCATTAATTATTATA
GAGATTCAGCTAGTAACGCGGCTTCGAAACAGGACTTCTCTCAAGACCCTTCCAAGTTCACCGAGCCCATCAAGGATGTCCTGATAAAAACAGCCCCAAT
GCTAAACTCGCCAAACATAGAGGCTTGCGGGTATAGCGATAGAGTACTGCAATTAACACTGGGAAACTCCACTATAACCACACAGGAGGCGGCTAATTCA
GTAGTCGCTTATGGGCGTTGGCCTGAATATCTGAGGGACAGCGAAGCCAATCCAGTGGACCAGCCGACAGAACCAGACGTCGCTGCATGCAGGTTTTATA
CGCTAGACACCGTGTCTTGGACGAAAGAGTCGCGAGGGTGGTGGTGGAAG

Sequence length (DNA bases): 450
Sequence cpb before optimization: -0.0914270796308769

>>> OUTPUT INFORMATION
Sequence cpb after optimization: 0.234726663744111

>0Optimized Sequence —- cpb = 0.234726663744111
ATGGGGGCGCAGGTGTCGTCGCAGAAAGTTGGTGCTCATGAAAACAGCAACAGAGCTTATGGTTCTTCAACAATAAATTATACCACCATTAATTATTATC
GAGACAGTGCTTCAAATGCTGCTTCAAAACAAGATTTTTCTCAAGACCCGTCCAAGTTCACAGAGCCAATAAAAGATGTCCTAATAAAAACAGCACCCAT
GCTAAATTCTCCAAACATTGAAGCCTGCGGGTATTCAGACAGGGTCCTGCAGCTGACGCTGGGGAACAGCACCATCACCACCCAGGAGGCTGCAAATTCA
GTAGTAGCTTATGGAAGATGGCCAGAATATTTAAGAGACTCGGAGGCCAACCCTGTGGACCAGCCAACAGAGCCTGATGTGGCGGCGTGCAGGTTCTACA
CGCTGGACACTGTCTCCTGGACCAAGGAAAGTCGTGGCTGGTGGTGGAAG

Papamichail, Chiem, and Papamichail

STDERR

[ Run Unix Command and download results ] [ Run Unix Command and display results

Output Files
« output.fa

Drag to outliner or Upload
Close

Figure 1: Codon Pair Bias Optimization Tool interface

Optimization Algorithm: Simulated Annealing. Our tool uti-
lizes simulated annealing, a metaheuristic technique with
demonstrated effectiveness on large combinatorial search
problems that are Travelling Salesman Problem (TSP)-like
[1, 9]. Synonymous codons are selected randomly to be
swapped according to a probabilistic criterion governed by a
temperature parameter that decreases over the course of the
optimization. Swapping of synonymous codons guarantees
that both the amino acid encoding and codon bias of the
original input sequence are strictly preserved.

The number of simulated annealing iterations is user-
configurable via a parameter in the web interface, with a
permitted range of 50,000 to 3,000,000 iterations, limits that
accommodate a spectrum of practical input sequence lengths.

Output. Upon completion of the optimization run, the tool
displays the optimized nucleotide sequence directly in the
browser alongside the CPB score of the input sequence and
the CPB score of the optimized output, allowing the user
to assess the magnitude of improvement achieved. The op-
timized sequence is additionally available for download in
standard FASTA format.

The codon pair optimization tool can be accessed at:

https://compbio.hpc.tcnj.edu/cpb_max_tool
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1 INTRODUCTION
Throughput and miniaturisation

Large-scale single-cell datasets generated by massively par-
allelised measurements are essential to understand complex
cellular physiology, perform high throughput screens, and
increasingly, train machine-learning models. Because labora-
tory space and resources cannot scale with throughput, such
measurements must be performed in miniaturised platforms
such as microfluidic systems.

A widely used microfluidic device is the mother machine [6],
which consists of a long main channel lined with short per-
pendicular single-cell-width “trenches”. The “mother cell” is
stably positioned at the end of the trench and can be imaged
over long time frames. Multiple generations of its progeny
can also be transiently imaged as they populate the trench
before escaping into the main channel (Figure 1).

Mother machine microscopy

Mother cells are commonly imaged with phase-contrast and
fluorescence microscopy, but other setups such as confo-
cal and Raman microscopy are possible. Crucially, mother
machines produce temporally-connected data, unlike alter-
native high throughput methods such as flow cytometry
or droplet microfluidics, which yield single-time-point data.
Mother cells can be actuated in real time: chemical inputs
can be switched using valves or inlets [4]; temperature can
be regulated through dedicated setups; magnetic stimuli can
be applied externally [1]; and light can be delivered to indi-
vidual cells using a digital micromirror device (DMD) [5].

All this has made the mother machine an increasingly
attractive platform for training machine-learning models. In
2024, Lugagne et al. used a deep neural network to predict
the response of an optogenetic system in E. coli and control
it via DMD-based actuation [5]. In 2025, Hallstrom et al. used
vision transformers and convolutional neural networks for
rapid identification of clinically relevant bacteria [3].

Backport mother machine designs

Standard mother machine designs suffer three key limita-
tions. First, trench loading requires centrifugation or highly

Standard mother machine design
4 I
— Flow a
ya N\ direction >>
/ Main \
Inlet channel Outlet
Trenches

- J

Figure 1: Mother machine devices consist of a long main
channel lined with trenches. Mother cells at the dead end of
trenches can be stably imaged over time. Not to scale.

Backports

4 )

. 0 Various inlet connection
Main options for the main and

channel_7 *” ;>> back channel:

Flow
direction\L

Trenches 1. Shared inlet
4 2. Separate inlets

 eeee ®

N, aen 3. Inlet for main channel,
A\ ‘ ‘ ‘ 4— Backports back channel connected to
dead end
Back )
channel__’ >> Most often, all channels
share one common outlet

.

Figure 2: Backports enable active medium flow through
trenches by connecting them to a back channel.

concentrated cultures. Second, motile cells cannot be stably
entrapped. Third, nutrients and chemicals rely on diffusion
to reach the mother cell, resulting in a lower effective concen-
tration and delayed exposure. These limitations stem from
the dead-end geometry of trenches and can be overcome by
adding a “backport” that connects them to a “back channel”
(Figure 2). Backports are too narrow to allow cell to pass
but enable media to flow, removing dependency on diffusion
and loading and confining cells, even motile ones.

Backport designs were first published in 2017 [2], but their
adoption in academic research has been incredibly limited.
Informal discussions suggest several groups have attempted
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to fabricate such devices but abandoned them due to substan-
tial challenges in modelling, fabrication, and operation. Here,
we propose a design and implementation aimed to enable the
widespread adoption of backport mother machines, allowing
researchers to produce high-quality single-cell datasets.

2 RESULTS

We have designed, modelled, and optimised the fabrication
and operation of backport mother machines. We perform
proof-of-concept experiments to showcase the unique ad-
vantages of our designs and protocols.

Device flow modelling

Understanding the flow profile through trenches is critical,
as large variations could lead to uneven growth conditions
and confound experimental results. Computational fluid dy-
namics (CFD) is the standard approach for modelling flow in
microfluidic devices, but is poorly suited to mother machines
due to their large number of trenches. We instead leverage
their repetitive geometry to develop an analytical model. Us-
ing the Navier—Stokes equations and conservation of mass
and energy, we reduce the problem to a system of 3nyench + 4
linear equations which can be efficiently solved in Julia using
a linear solver. We find that homogeneous trench flow can
only be achieved under certain parameter constraints. Poor
choices can generate inter-trench flow variations of several
orders of magnitude. We also show that flow rates can be
adjusted through other design parameters (Figure 3).

Design 1.7.5

Back channe!
Trenches

Main channel

Design 1.7.6 E
-2
Back charnel [N 3
Trenches I——— | -33
e
Main channe! | -3
=
S
Design 1.7.7 -5
Back channc! | 6
Trenches -
-7
Main channe! __ | IEEE——
0 500 1000 1500 2000

Cell trap index

Figure 3: Flow simulations for three backport devices. Only
design 1.7.5 yields homogeneous trench flow. Design 1.7.7
parameters results in higher trench flow than 1.7.6.

Device fabrication

Mother machine devices are fabricated in PDMS from silicon
moulds, but the small width of backports makes them prone
to collapse in the PDMS replica. We developed a protocol that
reliably restores collapsed backports using isopropanol to

Vicente Trelles Fernandez and Harrison Steel

expand PDMS followed by rapid drying immediately before
bonding (Figure 4). In addition, we show that backport width
can be increased by 50% relative to that proposed in the 2017
study, making them substantially more resistant to collapse
while still reliably preventing cell passage.

Before treatment After treatment

I

5

i T

Figure 4: Recovery of collapsed backports by IPA treatment.

Device operation

Operational failures of backport devices often result from
backflow or bubbles, which can unload cells from trenches.
Through the use of pressure-based pumps, a simplified tubing
system, and a custom loading protocol, we prevent backflow
and the introduction of bubbles into our setup.

Biological applications

As a proof-of-concept, we utilise our backport mother ma-
chines to study cell differentiation in B. subtilis, a motile
bacterium with important applications in industrial biotech-
nology. We aim to use the real time data generated to predict
transitions between different cell states. Future work will
extend their application to perform large scale screens and
directed evolution of proteins.
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1. INTRODUCTION

Microfluidic systems have become valuable tools in synthetic bi-
ology because they enable precise control over the key factors
regulating biofilm development, including flow, mass transport,
and physical confinement. Rather than relying on bulk-averaged
conditions, these platforms enable the application of defined
shear stresses, controlled concentration gradients, and direct ob-
servation of structural evolution in well-characterized environ-
ments, thereby supporting the systematic design and analysis of
biofilm systems [1,2]. Existing models do not yet provide a uni-
fied, predictive framework that captures biofilm behavior under
the coupled transport and hydrodynamic constraints characteristic
of microfluidic systems.

iDynoMiCS 2.0 is widely used for biofilm modeling and cap-
tures cell-level dynamics through a combination of transport
equations (partial differential equations, PDEs), bulk processes
(ordinary differential equations, ODEs), and agent-based rules
defining growth, division, and detachment [3]. Its mechanical
framework operates under low-Reynolds-number (Re) assump-
tions, which are appropriate for microbial systems (Re < 1000).
However, from a biological modeling perspective, the tool has not
yet been designed to represent microfluidic environments with
laminar flow (Re ~0.1-100). For example, their tool lacks a Na-
vier—Stokes solver, which is required to account for channel ge-
ometry and to consider the effects of shear stress on nutrient sup-
ply and potential surface interactions [4], both of which are cen-
tral constraints on the dynamics of microfluidic systems. Namely,
shear influences detachment, velocity profiles regulate the deliv-
ery of carbon and oxygen to the biofilm, and axial transport gen-
erates spatial gradients that cannot be captured under well-mixed
assumptions [5]. Therefore, many iDynoMiCS simulations de-
pend on default or empirically adjusted parameters that are not
intrinsically connected to the underlying flow conditions. This
work explicitly links those parameters to the underlying system
physics. Continuum-scale simulation tools, such as COMSOL
Multiphysics, enable detailed characterization of fluid flow, shear
stress, and transport processes in microfluidic systems [6].

Here, we introduce a workflow that integrates COMSOL-de-
rived quantities, including shear stress, near-wall transport, and
substrate availability, and translates them into iDynoMiCS inputs
that are compatible with the model’s structure (Figure 1). This
work represents Stage 1 of a three-step roadmap toward full cou-
pling between the two modeling frameworks. Rather than esti-
mating parameters heuristically, we derive them precisely from
the fundamental physics of the microfluidic system. Next, this ap-
proach is demonstrated using an aerobic Escherichia coli K-12
biofilm model that includes both carbon and dissolved oxygen.
Bacterial parameters obtained from the literature [7].

We observed that incorporating COMSOL-derived parameters
leads to substantial differences in predicted biofilm growth com-
pared to the default configuration (Figure 2). These differences
arise from the enforcement of realistic transport and hydrody-
namic constraints characteristic of microfluidic environments.
This framework provides a step toward bridging continuum-scale

1 Both authors contributed equally to this research.

* Corresponding authors (smdoliveira@ncat.edu)

transport modeling with agent-based biofilm simulations under
experimentally relevant conditions.

2. METHODS
2.1 Microfluidic geometry and analytical framework

The system consists of a realistic straight rectangular PDMS mi-
crochannel [8] with a length of L = 10 mm, a width of w =
2 mm, and a height of A = 150 um. The flow rate is ped atQ =
5 pL/min using LB medium, approximated as water (p =~ 1000
kg.m3,u ~ 1073 Pa's). The mean velocity is calculated from
Umean = @/(Wh), yielding Uyeqn = 0.278 mm.s™ after unit
conversion. The hydraulic diameter is D, = 0.279 mm, and the
Reynolds number is Re = 0.078, confirming creeping (Stokes)
flow conditions. This supports the force-balance assumptions
used in iDynoMiCS. An analytical estimate of wall shear stress
gives 1, = 0.011 Pa; however, relevantly, all transport and de-
tachment parameters used in this work are obtained from COM-
SOL results rather than analytical approximations.

2.2 COMSOL Multiphysics simulation

The geometry was implemented in COMSOL 6.1 using the Lam-
inar Flow and Transport of Diluted Species modules. The inlet
was defined with a fully developed velocity profile, the outlet at
zero pressure, and all walls as no-slip boundaries. The bottom sur-
face (biofilm interface) was assigned a carbon consumption flux
following Michaelis—Menten kinetics, | = V., C/(K, + C). A
swept mesh with wall-refinement (minimum element size of 2
um) was used. The model was solved at steady state. Outputs ex-
ported to CSV included wall shear stress along the biofilm sur-
face, carbon concentration at the interface, and near-wall velocity.
These values were used for parameter translation (Table 1).

2.3 Parameter translation workflow

COMSOL outputs were translated into iDynoMiCS inputs, as
summarized in Table 1. Wall shear stress was converted to a de-
cay coefficient using a linear relation b = art,,, with a =
0.020 h'.Pa’!, giving b = 0.027 h™'. The carbon concentration at
the biofilm surface was used as the boundary condition (984
mg.L"). The boundary layer thickness was reduced to 8.2 pm
based on near-wall transport, and carbon diffusivity was adjusted
to 560 um?.s™' using a porosity factor of 0.75. All values were
directly implemented in the iDynoMiCS XML configuration file.

2.4 iDynoMiCS simulations

Biofilm growth was simulated for E. coli K-12 using parameters
consistent with the XML configuration: y,,,, = 0.69h™', K; =
0.00427 mg.L™", Ky, = 0.15mg.L™", mg = 0.05 h™", and density
1.105 g/mL.

Two cases were simulated: (A) default parameters and (B) COM-
SOL-constrained parameters (Table 1). The domain was 200 pm
x 100 pm (2D) with cyclic lateral boundaries. Simulations were
run for 24 hours with five replicates per condition. Carbon and
oxygen concentrations in the constrained case were 984 mg.L™!
and 6.4 mg.L ", respectively.
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3. PRELIMINARY RESULTS

To evaluate the COMSOL-iDynoMiCS coupling workflow, two
simulations were performed using the same E. coli K-12 biofilm
model, differing only in transport and detachment parameters.
Simulation A used default iDynoMiCS values, while Simulation
B used COMSOL-derived parameters obtained through the work-
flow described in the Methods (Table 1).

The translated parameters introduce several key changes. The
COMSOL-derived wall shear stress (tw = 1.35 Pa) was mapped
to a decay coefficient of b = 0.027 h™' using a linear relation b =
at,with ¢ = 0.020 h™'.Pa™'. The effective boundary layer thick-
ness decreased from 32 um to 8.2 um, reflecting enhanced near-
wall transport. The effective boundary layer thickness decreased
from 32 um to 8.2 pm, reflecting enhanced near-wall transport.
This behavior is consistent with shear-driven transport in laminar
microfluidic systems [9]. Carbon diffusivity was reduced from
700 to 560 um?*.s™' using a porosity factor of 0.75, and the effec-
tive boundary carbon concentration decreased from 1200 to 984
mg.L ™" due to axial depletion. Despite the reduction in boundary
carbon, the COMSOL-constrained simulation produced substan-
tially greater biofilm growth. As shown in Figure 2, biofilm thick-
ness reached 4.20 pm in Simulation B compared to 2.48 um in
Simulation A, corresponding to a 69% increase. The divergence
becomes noticeable after approximately 8 hours and continues to
increase over the remainder of the simulation.

The primary driver of this difference is the reduced decay rate.
Lowering b from 0.050 to 0.027 h™' reduces biomass loss due to
detachment, thereby increasing net accumulation over time. Be-
cause growth follows exponential dynamics, even a modest
change in the net growth rate ({,er = Umax — b) leading to a sig-
nificant difference in total biomass after 24 hours

A quantitative comparison of all parameters is provided in Ta-
ble 2. Together, these results indicate that incorporating hydrody-
namic constraints affects predicted biofilm development and that
the translation workflow provides a consistent method for trans-
ferring COMSOL-derived physics into iDynoMiCS simulations.

4. PLATFORM ROADMAP AND FUTURE WORK

The long-term goal is to move from a one-way parameter transla-
tion to a fully coupled simulation framework in which iDynoM-
iCS and COMSOL exchange information during runtime. This
will allow biofilm growth and fluid flow to evolve together under
consistent physical constraints. The overall roadmap is shown in
Figure 1. Stage 1, presented in this work, establishes the parame-
ter translation workflow and demonstrates that incorporating
COMSOL-derived inputs changes biofilm predictions in a meas-
urable way.

Stage 2 introduces an iterative coupling scheme. In that,
iDynoMiCS periodically exports the biofilm geometry, which is
then used to update the channel boundaries in COMSOL. The
flow and concentration fields are re-solved, and the updated
transport conditions are fed back into iDynoMiCS. This creates a
quasi-steady coupling between growth and transport without re-
quiring full runtime integration.

Stage 3 extends this approach to fully dynamic co-simulation.
Using the COMSOL LiveLink API together with a custom geom-
etry export module from iDynoMiCS, both models operate sim-
ultaneously and exchange information at each time step. This en-
ables direct coupling between biofilm morphology and the evolv-
ing hydrodynamic field.

Experimental validation will be carried out alongside all stages
using PDMS microfluidic devices [8]. Biofilm structure will be
quantified using confocal laser scanning microscopy, allowing di-
rect comparison between simulation predictions and measured
three-dimensional morphology.

5. CONCLUSION

In this work, we studied a direct link between microfluidic phys-
ics and agent-based biofilm modeling by introducing a parameter
translation workflow between COMSOL and iDynoMiCS. In-
stead of relying on default or tuned values, the model parameters
are derived from the actual flow and transport conditions in the
channel. Applied to a representative microfluidic system, our sim-
ulations demonstrated significant differences in predicted biofilm
growth, compared to the default setup (as shown in Figure 2),
from incorporating physically consistent transport and detach-
ment conditions. Finally, this work corresponds to Stage 1 of a
broader roadmap toward fully coupled biofilm—flow simulation,
which provides a practical way to make iDynoMiCS simulations
consistent with microfluidic environments. Although, in Stage 1,
the workflow is based on general transport relationships and
COMSOL outputs, other future stages have the promise to extend
the platform to support varying channel geometries and biological
systems without modifying its core modeling framework. This
makes it usable as a design tool for connecting simulation and
experiment in microfluidic biofilm studies.
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Figure 1. Multi-stage framework for integrating microfluidic physics with agent-based biofilm modeling. Three-stage roadmap for
coupling COMSOL-based microfluidic simulations with iDynoMiCS biofilm modeling and experimental validation. Stage 1 (this work)
implements a one-way, feed-forward workflow that translates hydrodynamic and transport outputs from COMSOL into iDynoMiCS param-
eters. Stage 2 introduces an iterative loop in which biofilm growth updates the channel geometry and transport conditions. Stage 3 extends
this to fully coupled co-simulation with bidirectional exchange between flow and biofilm dynamics at each time step. The lower panel
illustrates the full pipeline from microfluidic simulation and agent-based modeling to biofilm-on-chip prediction and experimental validation.
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Figure 2. In silico simulation of biofilm growth and mean biofilm thickness over 24 hours. Simulation A (default parameters, blue
solid line) vs. Simulation B (COMSOL-constrained parameters, green dashed line). At 24h: 2.48 um (A) vs. 4.20 um (B), representing a
69% increase in biofilm thickness when using COMSOL-derived transport parameters.
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Table 1. Parameter translation: COMSOL Multiphysics outputs — iDynoMiCS 2.0 protocol inputs

COMSOL Output Translation Assumption iDynoMiCS Input Value

Wall shear stress tw [Pa] b=ao-mw 0.=0.020 h™'/Pa (from COMSOL  Decay rate b [h'] 0.027
calibration)

Carbon at wall Cwall [mg/L.] CBC =Cwall Accounts for axial depletion Boundary carbon [mg/L] 984
(Péclet eftects)

Near-wall velocity uwall 6=D/km Laminar mass transfer correlation ~ Boundary layer & [pm] 8.2

[m/s]

Boundary layer 6 [um] Deff=¢ - Dw €= 0.75 (biofilm porosity) Carbon diffusivity [pm?/s] 560

Mean velocity @i, geometry Re =puDh/p Confirms creeping-flow regime Validation only Re=0.078 vV

Table 2. Quantitative comparison: default (A) vs. COMSOL-constrained (B) at 24 hours

Parameter Sim. A (Default) Sim. B (COMSOL) Change
Biofilm thickness [um] 2.48 4.20 +69%
Decay rate b [h™] 0.050 0.027 —46%
Boundary carbon 1200 984 —18%
[mg/L]

Boundary layer 6 [um] 32 8.2 —74%
Carbon diffusivity 700 560 —20%
[nm?/s]
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1 INTRODUCTION

Bacterial cellulose (BC) is a versatile and sustainable
biomaterial with high mechanical strength, chemical
stability and excellent biocompatibility. It offers several
advantages, including a nanofibrous architecture, high
water retention capacity and the ability to be readily
functionalised, making it suitable for advanced
applications [1]. BC is produced in an ultrapure form as
an extracellular matrix by cellulose-synthesising bacteria,
particularly species within the Komagataeibacter genus,
resulting in a highly crystalline material [1].

Its unique structural and physicochemical properties
have enabled applications across diverse fields, including
wound dressings, tissue scaffolds, filtration systems and
sustainable textiles. In the textile industry, BC can be
processed into bio-based leather alternatives and flexible
fabrics, offering a biodegradable and renewable
substitute for conventional materials [2].

Furthermore,  synthetic  biology  enables the
programming of cellulose-producing strains and
engineered co-cultures to generate BC materials with
tunable colours, textures and compositions. In parallel,
BC can be functionalised through both in-situ and post-
synthetic (ex-situ) strategies, including the incorporation
of antimicrobial agents, conductive nanoparticles,
polymers or other bioactive compounds. Together, these
approaches allow the development of hybrid materials
with antimicrobial, conductive and stimuli-responsive
properties, significantly expanding the potential of BC in
smart materials, sensors and wearable technologies [3].
However, its structure and properties remain highly
sensitive to culture conditions, limiting reproducibility
and scalability. While industrial production typically
relies on shallow tray cultures or agitated systems [1],
recent work has demonstrated increasingly complex and
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patterned BC materials, though largely restricted to the
lab scale. Current fabrication techniques still lack precise
spatial and temporal control, making it difficult to reliably
produce complex, patterned or functionalised materials
at scale.

In this project, we develop an automated microbial 3D
bioprinter to modulate bacterial cellulose biosynthesis in
static cultures with high spatial and temporal precision.
The system integrates programmable positioning with
multi-channel liquid handling to deliver small molecules,
proteins, media or secondary cultures at defined
locations and time points, alongside optogenetic control
using a projector to pattern light inputs. This enables in
situ patterning during growth. This platform provides an
automated reproducible approach to fabricating spatially
organised, functional living materials by combining
synthetic biology, optogenetics and robotic control.

2 3D Bioprinter

For reliable, reproducible, automated and scalable
production of complex BC pellicles, we are developing a
microbial 3D bioprinter that enables precise spatial and
temporal control over biosynthesis and pattern
formation.

Framework

The printer is housed within a temperature-controlled,
sterile chamber equipped with an integrated filtration
system that maintains positive pressure, ensuring that
only filtered air enters the enclosure and reducing the
risk of contamination. The interior surfaces are finished
with a matte black coating to minimise light reflection,
providing a controlled optical environment suitable for
optogenetic applications (Figure 1A).

The culture sits on a stabilised base that is mechanically
isolated from the main frame. This design minimises
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disturbances caused by vibrations from the printer or
nearby equipment, which is critical for maintaining
uniform pellicle formation in static cultures.

The system incorporates a programmable XYZ positioning
stage, adapted from an open-source 3D printer, allowing
precise and repeatable spatial delivery of liquids, cells or
signals to defined locations. This enables controlled
patterning and localised modulation of bacterial cellulose
growth throughout the culture (Figure 1B).

A

Figure 1. 3D Bioprinter Framework A. Enclosure B. XYZ
Positioning system

Liquid Handling System

The printer incorporates a custom liquid handling system
with a dual design, enabling the automated delivery of
both low-volume and high-volume inputs (Figure 2A).
Small-volume compounds, such as inducers, purified
proteins or other chemical modulators, can be dispensed
with high precision to defined locations. To minimise
reagent loss, these channels use air-driven delivery,
avoiding the need to prime the entire line with valuable
compounds. In parallel, the system supports larger-
volume delivery of media and cell cultures, allowing
sustained growth and dynamic modulation of the
environment.

The platform also enables the introduction of secondary
cell strains at any stage of the culture, supporting co-
culture approaches such as the incorporation of pigment-
producing bacteria or yeast. Integrated Chi.Bio
bioreactors allow these cells to be cultured and grown to
a desired phase before being precisely introduced into
the bacterial cellulose producing culture (Figure 2A).

To maintain sterility and prevent biofilm formation, the
printer includes a cleaning system, flushing channels of
the liquid handling system with 70% ethanol or bleach
followed by water, ensuring reliable and repeatable
operation for long running experiments.

Projector

The printer also incorporates a mounted projector to
enable optogenetic control for pattern formation (Figure

2B). This allows spatially defined light inputs to be
projected onto the culture, enabling precise, non-contact
modaulation of cellular behaviour. By growing co-cultures
of BC-producing bacteria with light-responsive bacteria
or yeast, pigment production can be locally induced in
response to light, enabling the formation of high-
resolution patterns during pellicle growth.

A.

Small Volume Large Volume
Inducers Media
Proteins Cell cultures
Pigments -—
Chemicals

<
s

'0
)

Bioreactors delivering
cell cultures at
desired growth stage
Figure 2. A. Liquid Handling system capable of delivering
small and large volume inputs. Secondary cultures can be
grown in Chi.Bio bioreactors and delivered during the
culture run. B. Optogenetics system projecting image on

the BC pellicle

3  Concluding Remarks

Overall, this platform shows how combining synthetic
biology and robotic control can enable the construction
of increasingly complex engineered living materials. By
introducing greater control, reproducibility and flexibility
into bacterial cellulose production, it becomes possible
to fabricate more complex and functionalised BC
structures. We see this as a step toward bridging the gap
between small-scale experimental systems and more
reliable, scalable approaches, opening up new
possibilities for translating functionalised BC-based
materials into real-world applications.

References

[1] Chunyan Zhong. 2020. Industrial-scale production and applications
of bacterial cellulose. Frontiers in Bioengineering and Biotechnology 8
(2020), 605374. https://doi.org/10.3389/fbioe.2020.605374

[2] Rajkishore Nayak, Donna Cleveland, Giang Tran, and Frances Joseph.
2024. Potential of bacterial cellulose for sustainable fashion and textile
applications: A review. Journal of Materials Science 59, 16 (2024),
6685—-6710. https://doi.org/10.1007/s10853-024-09577-6

[3] Ahmed K. Saleh, Julie Basu Ray, Mohamed H. El-Sayed, Adel I.
Alalawy, Noha Omer, Mahmoud A. Abdelaziz, and Ragab Abouzeid.
2024. Functionalization of bacterial cellulose: Exploring diverse
applications and biomedical innovations: A review. International
Journal of Biological Macromolecules 264 (2024), 130454.
https://doi.org/10.1016/j.ijbiomac.2024.130454

76


https://doi.org/10.3389/fbioe.2020.605374
https://doi.org/10.1007/s10853-024-09577-6
https://doi.org/10.1016/j.ijbiomac.2024.130454

IWBDA Poster / Talk Abstract
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Abstract

Drug transport across cellular membranes is a critical determinant of drug absorption, however
many commercial in vitro permeability assays fail to capture the structural complexities of
plasma membranes." Droplet interface bilayers (DIBs) have emerged as a powerful bottom-up
synthetic biology platform for modelling cell membranes, due to forming a phospholipid
bilayers with tuneable membrane composition separating nanolitre volume aqueous
compartments.2 While preliminary work using UV-Vis spectroscopy has been promising as a
label-free method to quantify drug permeation in DIBs, its low-throughput has significantly
limited its transferability to a commercial setting in early stage drug discovery.®

This work presents a custom, automated, high-throughput screening platform to quantify drug
permeation across arrays of DIB networks (Figure 1).The setup combines CAD design, rapid
prototyping, motorised actuators, microcontrollers and custom software with UV-Vis
absorption spectroscopy, leading to an 80-fold increase in throughput compared to previous
iterations.® In addition to screening compound libraries, the setup allows systematic exploration
of in vivo conditions that strongly influence drug diffusion, including membrane composition
and pH gradients, both of which significantly altered diffusion properties in DIBs. Additionally,
the modular design of the platform enables measurements to be extended beyond simple two
droplet networks, allowing permeant transport across sequential lipid membranes to be
modelled in extended one and two dimensions.

Through combining a high-throughput, label-free detection platform with synthetic plasma
membranes, the setup enables the production of large datasets of drug permeation across
biomimetic cell membranes, which is invaluable for use in predictive models in early-stage drug
discovery.

References
1.S. Bachler, M. Ort, S. D. Kramer and P. S. Dittrich, Anal. Chem., 2021, 93, 5137-5144.

2. H. Bayley, B. Cronin, A. Heron, M. A. Holden, W. L. Hwang, R. Syeda, J. Thompson and M.
Wallace, Mol Biosyst, 2008, 4, 1191-1208.

3. R. Strutt, F. Sheffield, N. E. Barlow, A. J. Flemming, J. D. Harling, R. V. Law, N. J. Brooks, L. M.
C. Barter and O. Ces, Lab Chip, 2022, 22, 972-985.

77



b)

Donor  Acceptor

\ UV Light

Horizontal
Source

Movement

A

Serial
Communication

. PMMA
~ .~ Well Plate
Spectral
Acqusition
oo uv
O | Spectrometer

Lipid Drug Qil Aqueous = =

Figure 1- Overview of the high-throughput drug permeability screening platform in droplet interface
bilayers (DIBs). a) Schematic of the DIB drug permeability assay. The phospholipid bilayer separating
water-in-oil droplets serves as a cell plasma membrane model. If membrane permeable, the drug will
diffuse from the donor across the lipid bilayer into the acceptor droplet. b) Cartoon schematic showing
how the custom measurement platform is used for high-throughput drug permeability screening in DIBs.
The UV detection pathway is integrated with a motorised actuator through custom 3D printed
components. The platform is then controlled using a microcontroller and custom software, enabling drug
concentration measurements in arrays of sub uL droplets in the horizontal plane.
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1 MOTIVATION

Transfecting nucleic acids into cells is a
foundational technique in mammalian synthetic
biology, enabling the construction of synthetic
genetic  circuits,  production  of  valuable
biomolecules and medicines, and as a basic
research tool as in CRISPR screens. However,
generating high throughput workflows is hindered
by between-study variability and lack of

automated protocol options.

While automated liquid handlers such as the
Opentrons OT-2 and the Labceyte Echo have been
used to partially address between-study variability
and increase throughput [1, 2], existing approaches
are time consuming to set up and lack an intuitive
graphical interface. Furthermore, no existing tool
integrates the full workflow from circuit design and
protocol generation through to circuit behavior
prediction into a single platform.

Here we report the TransfectionWizard, an
integrated open-source platform that addresses
these gaps by combining computer-aided design
(CAD), automated OT-2 protocol generation,
genetic  circuit prediction, and automated
liposome-based mammalian cell transfection into
one accessible tool suitable for both research labs

and educational settings.

2 RESULTS & DISCUSSION

2.1 TransfectionWizard overview

The TransfectionWizard is built around two
modular tabs: the Design tab and the Predict tab.
The Design tab provides a csv-based interface
through which users specify the minimal inputs
required to define a transfection experiment,

including which genetic parts they’d like to
transfect, the mass required, and the concentration
of each part. With a single click, the tool generates
OT-2 protocol instructions and a formalized
protocol capture of the OT-2 deck. The Predict tab
accepts the circuit specifications from the Design
tab as an input and outputs predicted genetic
circuit behavior using any user-specified model. An
overview of the TransfectionWizard workflow is
shown in Figure 1.

2.2 Reproducibility and comparison with
manual transfection

To validate the automated protocol, we compared
the strength of synthetic upstream open reading
frames (uORFs) from those transfected manually
to those transfected in sextuplicate using the
TransfectionWizard to assess the accuracy and
technical variance of the automated protocol.
Automated transfections were highly reproducible
and consistent with manual transfections, shown in
Figure 2, marked by low technical variance and low
mean absolute error (MAE) across technical
replicates. The synthetic uORFs with IDs ‘uORF’
and ‘wuORF’ were taken from [3].

2.3 Global distribution and classroom
deployment

To demonstrate open-source accessibility, the
TransfectionWizard was used in the global How to
Grow (Almost) Anything (HTGAA) class, where
the software was distributed to 14 HTGAA nodes
across 4 continents. Across these 14 nodes, 40
students with no prior experience in mammalian
cell transfection used the TransfectionWizard to
successfully design their own genetic circuits and
used the OT-2 for the automated transfection of
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Figure 1. Schematic overview of the TransfectionWizard automated transfection platform. (A) Genetic

circuits are designed in silico. (B) The Opentrons OT-2 liquid handling robot autonomously transfects the

circuit from user specifications. (C) Transfected circuits are assayed for function, and a learning module

integrates results to iteratively optimize designs.

their genetic circuits within the span of 2 days,
demonstrating that the tool can be deployed with
minimal onboarding across diverse environments.
Post-module interviews with students revealed

that students gained confidence in both genetic
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Figure 2. Human vs. OT-2 experimental data showing that the OT-2 is highly consistent and reproduces human-

transfected results. (A) Quantification of the strength of synthetic upstream open reading frames (uWORFs) transfected

by hand. Plotted are 27 synthetic uORFs whose strengths were assessed using a dual reporter plasmid where a synthetic
uORF was placed upstream of the mNeonGreen ORF and the strength of each uORF, the number above each bar, was

quantified by taking the ratio of mNeonGreen and mKO2 in molecules of equivalent fluorescence (MEF) units and are

relative to an inert sequence normalized to a value of one. (B) Three synthetic uORFs from panel A were selected to

assess the accuracy and technical variance of the TransfectionWizard’s automated transfection protocol. Each synthetic
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uORF was transfected in sextuplicate and its strength is shown above each bar. Above the strength score is an error
metric, the mean absolute error, for the whole group of sextuplicates relative to human data.

2.4 Discussion

The TransfectionWizard addresses a key gap in the
mammalian synthetic biology toolkit by unifying
genetic circuit design, behavior prediction, and
automated transfection in a single open-source
platform.  Compared to prior automated
approaches, the tool reduces setup time and lowers
the expertise barrier for new users. Limitations of
the current implementation include OT-2 deck
setup time (e.g., putting tubes in racks),
throughput  limitations from  OT-2  deck
constraints, and use of BSL2 organisms (e.g.,
human cell lines) that limit which labs from around
the globe can run the complete TransfectionWizard
workflow from design to FACS analysis. Future
work will focus on decreasing OT-2 deck setup time
and increasing throughput by using 96 well plates
for transfection rather than 24-slot tube racks.
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1 INTRODUCTION

The rapid advancement of biodesign tools, particularly those
leveraging artificial intelligence (AI), enables researchers to
engineer novel biological systems with unprecedented speed
and creativity. However, this progress introduces a grow-
ing tension with existing biosecurity infrastructure. Current
screening frameworks, such as those employed by the Inter-
national Gene Synthesis Consortium (IGSC), primarily rely
on comparing DNA synthesis orders against databases of
known hazardous sequences [2]. While essential for identify-
ing orders that closely resemble known pathogens or toxins,
this approach becomes increasingly inadequate for biode-
sign tools generating novel sequences that diverge substan-
tially from anything found in nature [1]. For DNA synthesis
and other service providers, assessing the risk of designs
that bear little resemblance to known organisms presents
a fundamental challenge — one that threatens to slow the
design-to-synthesis automation pipeline as providers face
growing uncertainty about the orders they receive.

2 THE BIODESIGN METADATA EXCHANGE (BMDE)

To address this gap, NTI | bio has partnered with Lattice
Automation to design and pilot the Biodesign MetaData Ex-
change (BMDE), a standard for capturing and transmitting
metadata alongside DNA and protein sequences. Rather than
relying solely on the final sequence for biosecurity eval-
uation, the BMDE captures the provenance of a design —
the series of operations, sources, and tools used throughout
the design process. These details can be used to reconstruct
the intermediate states of the design and automatically flag
particular operations that may be of concern (based on a
customizable rule set). This contextual information can sub-
stantially improve the ability of biosecurity decision-makers
- such as screeners at DNA synthesis companies — to assess
risk, and in turn, reduce friction in the design-to-synthesis
pipeline for legitimate research.

The standard defines a structured format for recording
this metadata — including design tool, operation type (e.g.,
insertion, paste, etc.), timestamps, and other details — which
accompanies the sequence when submitted to a service.

The core principle is straightforward: a sequence whose
design history is transparent and traceable presents a fun-
damentally different risk profile than an identical sequence
of unknown provenance. By making this distinction explicit,
the BMDE enables more targeted and efficient screening:
orders with complete, low-risk provenance can be processed
with greater confidence, while those with gaps or concerning
patterns can be prioritized for deeper review.

In Phase 1 of this partnership, NTI and Lattice solicited
feedback from a range of industry, academic, and govern-
ment stakeholders, holding a workshop in May of 2025. These
discussions culminated in a white paper that proposed the
basic principles of the metadata standard [3]. Now in Phase
2 of this partnership, the team is developing the software
libraries (and associated documentation/infrastructure) that
will allow design tool and service providers to implement
the standard, as well as working with partners such as Twist
Bioscience (a DNA synthesis company) and Aclid (a biose-
curity screening company) to perform the first end-to-end
tests with real tools and providers.

3 IMPLEMENTATION

The BMDE pipeline essentially consists of two complemen-
tary components:

e Metadata capture at the design tool stage
e Metadata evaluation at the service provider stage

See Figure 1 for a high level diagram outlining these steps.

For metadata capture, we have developed a software li-
brary (available in Python, TypeScript, and Java) for cap-
turing design operations, converting them to the BMDE
standard format, and exporting the metadata as a JSON file
alongside the design. As a first proof of concept, we have
integrated this library into a fork of the Open Vector Editor
(OVE) [4], an open-source sequence design tool. The integra-
tion automatically records operations as the user works —
tracking edits, pastes, imports, and other actions — without
requiring manual annotation or disrupting the designer’s
workflow. We plan to extend this integration to a broader
range of biodesign tools.
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On the evaluation side, we have used our underlying li-
braries to develop and deploy the Interpreter webapp, a tool
for parsing, visualizing, and evaluating BMDE metadata. The
Interpreter, which runs entirely in the user’s browser (i.e.
there is no backend server or database to which the data is
transferred), provides several key capabilities:

(1) It verifies the signature and checksum on the meta-
data to both authenticate the tool/user that created
it (feature still in progress) and ensure it matches the
provided design.

(2) It computes the intermediate versions/diffs of the de-
sign based on the operation details in the metadata
file. This design history is then rendered as an inter-
active provenance graph, enabling reviewers to trace
the lineage of any portion of the final sequence.

(3) A configurable rule engine automatically analyzes the
design history to flag potential concerns — for example,
identifying paste/import operations originating from
unknown or uncharacterized sources, or detecting clus-
ters of operations performed in rapid succession that
suggest Al-driven/automated design processes.

(4) Based on this evaluation (and rule configuration), the
Interpreter recommends certain flagged intermediate
sequences for additional biosecurity screening, en-
abling a targeted review process.

(5) Finally, the tool also generates a simple summary of
these evaluation results.

Together, these components establish an end-to-end pipeline:
metadata is captured transparently during design, transmit-
ted alongside the sequence, and evaluated systematically
upon receipt — augmenting, rather than replacing, existing
sequence-based screening. Because the rules are customiz-
able, service providers can tune the sensitivity of the evalua-
tion to their needs. The goal is not only increased security
but also increased efficiency, with metadata enabling greater
automation in the screening process.

4 EXAMPLE CASE

Figure 2 shows a screenshot of a portion of the Interpreter
tool. The graph displayed showcases a simple example of
sequence obfuscation: a sequence of unknown origin was di-
vided into smaller chunks, one of which was then pasted into
a destination sequence submitted for synthesis. Although
the final, submitted sequence was not flagged by standard
screening, the pasted sequence may have been pulled from
a potentially hazardous source. In this case, the customiz-
able rules are set to flag PASTE operations from external
sequences (highlighted in the graph in yellow). Other exam-
ples might include an IMPORT operation (the origin of which
may or may not be known) or an Al-driven operation (where
metadata about model/prompt used may be available).

Densmore, Krenz, Vigliecca

Flagging these operations presents a few opportunities:

o The flagged revision could be ignored. If there are few
other indicators of concern or if the customer is known
and trusted, no additional action may be needed.

e The intermediate sequence (or a precursor to it) could
be screened, potentially revealing malicious origins
that were obfuscated in the final sequence.

o If sufficient data is not available, the service provider
could request additional details from the customer.

In this way, the metadata provides an additional resource
services can use to augment their screening practices.

5 CHALLENGES AND FUTURE DIRECTIONS
A primary challenge for the BMDE is driving adoption across

afragmented ecosystem of biodesign tools and service providers.

We believe the best way to drive adoption is to ensure that
the design and implementation of the BMDE reflect the needs
of its users. Designers need clear incentives — such as ex-
pedited screening for orders accompanied by complete and
transparent metadata, or other useful features, like the ability
to share a replayable design history with a colleague or gen-
erate a methods section of a paper — while providers need
confidence that the metadata is reliable and actionable. Es-
tablishing these feedback loops will be essential to building
a self-reinforcing adoption cycle.

We are currently working with partners like Twist Bio-
science and Aclid to execute the first end-to-end pilot of the
complete BMDE pipeline, from metadata capture through
provider-side evaluation. In parallel, we are expanding the
Interpreter’s standard rule set, implementing identity valida-
tion and implementation certification systems, and adding a
variety of other features based on partner feedback. Looking
ahead, broader tool integration and provider engagement will
be critical to establishing the BMDE as a practical layer of the
biodesign-to-synthesis infrastructure — one that maintains
the pace of innovation while strengthening the biosecurity
safeguards needed to support it.
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1 INTRODUCTION

Synthetic biology projects generate diverse, interdependent
artifacts across a project life cycle (genetic designs, sequences,
models, protocols, images, and time-series measurements). In
practice, these assets are frequently scattered across spread-
sheets, tool-specific exports, and custom code, making it diffi-
cult to preserve provenance and to keep data, metadata, and
analysis code coherently linked over time—thereby limiting
reuse, automation, compliance, and scale-up. The Synthetic
Biology Open Language (SBOL) [7] directly targets this prob-
lem by providing a community-developed, ontology-backed
standard that captures biological designs in a machine acces-
sible representation. The FAIR Guiding Principles (Findable,
Accessible, Interoperable, Reusable) [12] further clarify that
the goal is not just “open data,” but machine accessible re-
search objects across data, software, and workflows. The
need of FAIR data is even more evident in the advent of data-
driven machine learning (ML) workflows. This work reports
concrete data curation advances from the SBOL community
and frames it as a community effort grounded in a published
standardized data-driven workflow framework [10].

2 RESULTS

We applied the standardized data management workflow
shown in Figure 1 to curate publication-derived synthetic
biology data into linked, machine accessible artifacts span-
ning resource, design, model, build, test, and learn stages.
Our initial community effort focuses on three representative
studies [1, 5, 6]. Together, given the significant supplemen-
tal materials provided, these publications provide rich use
cases for reconstructing biological parts, circuit structure,
sequence-level build artifacts, and associated experimental
data within an SBOL-centered workflow. The curation ef-
fort is organized through public GitHub repositories that

Georgie Hau Serensen
University of Bristol
Bristol, United Kingdom

Prashant Vaidyanathan
Oxford Biomedica
Oxford, United Kingdom

preserve version history and stage-specific artifacts, while
the broader framework maps these artifacts to interopera-
ble standards and repositories across the synthetic biology
workflow.

For the Cello case study [5], this effort began from the User
Constraint Files (UCFs) and generated an initial collection
of genetic parts and interactions. We then used SBOLCan-
vas [9] to reconstruct the reported circuit designs by select-
ing components from that curated collection and exporting
the resulting constructs as SBOL. These SBOL designs were
subsequently used in iBioSim [11] to generate executable
models and simulations, enabling direct comparison between
curated designs and expected circuit behavior. In parallel,
plasmid sequences associated with the implementation were
curated with Seqlmprove [3] and annotated against the same
part library, thereby linking design intent to physical build
artifacts. For the test stage, experimental measurements and
metadata were captured using the eXperimental Data Con-
nector (XDC) [8], which supports standardized linkage be-
tween experimental data and repository metadata. The 0xF6
workflow example illustrates this end-to-end pattern clearly,
with linked directories for designs, models, plasmids, and
resources.

For the scalable dynamic characterization of synthetic
gene circuits case study [1], this effort used Excel-to-SBOL [2]
to capture publication resources, including genetic parts,
chemicals, and chassis information, and then used SBOL-
Canvas [9] to reconstruct the corresponding designs. The
curated package already separates design and resource arti-
facts, making it a useful scaffold for progressive community
completion and refinement.

For 2-bit MD5 hash function case study [6], this effort
similarly captured resources using Excel-to-SBOL [2], recon-
structed designs in SBOLCanvas [9], and generated model
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Figure 1: Software ecosystem used for the data curation work-
flow. Resources are stored in SynBioHub using the Excel-
SBOL Converter. The selected resources can then be fetched
from SynBioHub using a design tool, such as SBOLCanvas.
Once the design is complete, it can be modeled using anal-
ysis tools, such as iBioSim, that support SBOL, SBML, and
SED-ML. Once the modeling step indicates that the design is
correct, the built plasmid can be annotated using SeqImprove.
Built plasmids and strains can be tested in the laboratory, the
metadata and protocols can be stored in SynBioHub, and the
measurement data can be stored in Flapjack using a test tool,
such as XDC. Finally, the test data can be analyzed using a
learn tool, such as Flapjack.

artifacts compatible with downstream simulation workflows.
Build-stage curation relies on SeqIlmprove [3] to annotate the
plasmid sequences provided by the publication. Examples
from this case study are shown in Figure 2. This case study
also exposed an important representational challenge for
the community: how best to encode plasmids that are later
integrated into genomic loci while preserving provenance
between plasmid intermediates and chromosomal implemen-
tations.

Discussion

Taken together, these results show that SBOL-based commu-
nity curation can transform publication supplements into
connected digital research objects that are easier to inspect,
reuse, simulate, and extend. The workflow also reinforces the
role of repositories such as SynBioHub [4] as the dissemina-
tion layer for standardized biological design information and
associated metadata. We view these curated examples not

Vidal, et al.

as finished endpoints, but as seed contributions for a grow-
ing community effort. We therefore make an open call for
others to join this work by contributing new papers, review-
ing curated artifacts, and helping define best practices for
unresolved cases such as incomplete metadata, ambiguous
construct descriptions, and genome-integration workflows.

Data availability
https://github.com/SynBioDex/SBOL-Data-Curation

https://github.com/MyersResearchGroup/SynBioWorkflowExamples
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1 INTRODUCTION

In genetic circuit design, building a structural representation
of a circuit and then modeling and simulating its behav-
ior are essential steps in the design process (see Fig. 1A).
iBioSim [13] supports structural design, modeling, and simu-
lation using the Systems Biology Markup Language (SBML) [4],
but it is a standalone Java application requiring local instal-
lation. SBOLCanvas [12] provides a web-based editor for
structural design using the Synthetic Biology Open Language
(SBOL) [8] and SBOL Visual [1], but does not support mod-
eling or simulation. SynBioSuite [10] was developed as a
web-based platform that integrates SBOLCanvas for struc-
tural design with iBioSim for simulation, converting the
SBOL designs to SBML models using iBioSim’s converter [9].
However, this conversion lacks modeling options and instead
uses predefined defaults.

We address this by adding modeling support to SBOL-
Canvas. Users can now configure modeling options, such
as kinetic constants, species initial amounts, and discrete
events to change species amounts, alongside their structural
design (see Fig. 1B). With SBOLCanvas now handling both
structural design and modeling, iBioSim is only needed as a
simulation backend, enabling a complete web-based work-
flow from design to simulation within SynBioSuite.

2 SYSTEM DESIGN
Visual Interface

The SBOLCanvas visual interface was expanded to support
modeling. Existing molecular species and interaction glyphs
now include user inputs for model elements such as initial
amounts and kinetic constants. A new Event glyph was added
to the palette so users can place and configure time-based
discrete simulation events on the design canvas (see Fig. 2,

top).

Export Architecture

The exporter takes SBOLCanvas’s internal MXGraph repre-
sentation, which now includes the user-configured model
elements, and converts it into SBML using the Java SBML
library (JSBML) [7]. The export follows a Transcriptional Unit
(TU) based approach, divided into four phases:

Phase 1 — Species Creation. The SBML exporter scans
the visual model to find all molecular species (proteins, small

Chris J. Myers
University of Colorado Boulder
Boulder, Colorado
chris.myers@colorado.edu

molecules, complexes) and maps them to SBML Species. Addi-
tionally, iBioSim "Promoter” species are created to represent
TUs. Since SBOLCanvas represents TUs visually as back-
bones with glyphs, each backbone is mapped to a separate
promoter species. Currently, each TU must be on its own
backbone; detecting multiple TUs within a single backbone
is not yet supported.

Phase 2 — Reaction Creation. Reactions are generated
based on the interaction edges in the design. Genetic Produc-
tion: all production edges from a single backbone are col-
lected into one TU-based reaction. The kinetic law varies by
regulation type (constitutive, repressed, activated, or mixed)
using Hill-function rate equations. Complex Formation: asso-
ciation nodes bind multiple reactants into a single complex
product using a reversible mass-action kinetic law. Degra-
dation: degradation arrows are converted into irreversible
mass-action reactions.

Phase 3 - Visual Layout. The SBML Layout Extension is
used to store the positions of all species and reaction glyphs.
When the exported SBML is opened in tools that support
this extension, the visual layout from the original design is
preserved.

Phase 4 — Events. Time-based discrete events, such as
adding or removing small molecules at a specified time, are
read from the new Event glyphs and exported as SBML
Events.

The mapping from SBOLCanvas visual elements to SBML
concepts is shown in Table 1.

Table 1: SBOLCanvas to SBML Mapping

SBOLCanvas Element  SBML Concept

Backbone
Molecular Species Glyph

Promoter Species (SBO:0000590)
Species (Protein, Complex, etc.)

Production Arrow Product in TU Reaction
Inhibition Arrow Modifier (Repressor)
Stimulation Arrow Modifier (Activator)

Association Node
Degradation Arrow

Complex Formation Reaction
Degradation Reaction

Kinetic Laws

The exporter computes kinetic law equations from user-
configured parameters and interactions. For constitutive and
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repressed production, the kinetic law is as follows:
P-k, K, -n, (1)
1+ Ko n + Zi(Kr,i : Ri)nc’i
where K, K, ; are binding equilibrium constants and n.; the
Hill coefficient. With no repressors, this reduces to constitu-
tive expression. For activated and mixed-regulation produc-
tion, the kinetic law is as follows:
p- (kb Ko-ny + Zj ka-Kao-np (Ka,j 'Aj)nc’j)

1+ Ko-np + Zj Kao 1y (Kgj-Aj)"es + 3 (K i Ry)e
where repressor terms in the denominator handle mixed
regulation. Degradation and complex formation use mass-
action kinetics. All formulas were validated against iBioSim’s
reaction compiler [2, 5].

@)

Data Persistence

With this data available, SBOLCanvas exports complete SBML
models. The model elements are stored as SBOL annotations
on their corresponding ComponentDefinitions, Interactions,
and GenericTopLevels, so designs with modeling data can be
saved, shared, and reopened in SBOLCanvas without losing
any of their configuration.

SynBioSuite Integration

SBOLCanvas is embedded inside SynBioSuite as an iFrame.
When the user edits a design, SBOLCanvas automatically
exports the SBML model and sends it to SynBioSuite via
a postMessage. SynBioSuite saves a companion SBML file
alongside the SBOL design file. The user can then switch
to SynBioSuite’s Model panel to find the exported model
ready for simulation, with iBioSim running the analysis as a
headless backend (see Fig. 2).

3 RESULTS

We validated the exporter using the Genetic Toggle Switch [3],
a well-known genetic circuit with two mutually repressing
TUs. The toggle switch was designed in SBOLCanvas within
SynBioSuite, with TetR repressing pTet and Lacl repressing
pLac, a reporter (GFP), and small molecule triggers (IPTG,
aTc) added via the events system.

Figure 2 shows this workflow in practice. The circuit is
designed and model elements are configured in the embedded
SBOLCanvas editor (top). Switching to SynBioSuite’s Model
panel (bottom), the exported model is immediately available
for simulation. The results show the expected toggle switch
behavior, confirming that the correct reaction equations,
parameters, and events were exported.

4 FUTURE WORK

While the core export functionality is complete and inte-
grated into SynBioSuite, several areas remain to reach full
parity with iBioSim’s modeling capabilities:

Uhrig and Myers

e Rules and Constraints: Assignment rules, rate rules,
algebraic rules, and simulation constraints.

e Functions: Named functions usable in kinetic laws,
rules, and events.

e Custom Kinetic Laws: User editing of the auto-generated

formulas.
e Expanded Events: Conditional triggers, multiple as-
signments per event, delay, and priority.

All source code is available in the SBOLCanvas [11] and
SynBioSuite [6] repositories.
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Figure 1: Workflow comparison. (A) Previously, SBOL files from SBOLCanvas lacked model elements, so users had to recreate
their design in iBioSim to build a complete SBML model. (B) SBOLCanvas now accepts model elements and directly exports
SBML, so iBioSim is only needed as a simulation backend, enabling the full workflow within SynBioSuite.

@ B@ Toggle_switch

File View Help

&3

Sequence Feature ~ Info Model Design
=
5 D lPTG Event

= ) § o

A - IPTG_High

. -»> O «O

> T @) B © o

VA% PTG ot pTet RBS Lacl_.. Ter } Delay (time)
GFP 2000

zTcth
-~ @Bo-owoilpn T T

Assignment Value

60

_i plac RBS TetR .. RBS GFP_C.. Ter
aTc_T.

Model
Current Folder:

MODELS

*2 Toggle_Switch

[ £ 5
:
- ; Completed 5
- 1,000 2,000 000 2,0C 5,000 £,000 8,000 000
Stey o000e Time
MODEL e
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embedded SBOLCanvas editor, with model elements such as kinetic constants, initial amounts, and discrete events configured
in the Model tab. Bottom (Model): the exported model is immediately available for simulation with configurable simulation
type, time, and run settings. The results show the expected toggle switch behavior.
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1 INTRODUCTION

Standards such as the Synthetic Biology Open Language
(SBOL) [2] and repositories such as SynBioHub [7] provide
a foundation for machine-readable biological design, includ-
ing API access, extensibility, and deployment in secure, local
environments with federated querying across distributed
instances. These systems enable structured storage and ex-
change of genetic designs and support the development of
downstream computational tooling. Building on this foun-
dation, the Synthetic Biology Knowledge System (SBKS) es-
tablished the feasibility of populating repositories through
automated extraction from the literature, linking sequences
to publication context at scale [5]. However, this work also
demonstrated that data quality depends strongly on input
format, with unstructured sources such as PDFs introducing
fragmentation and limiting annotation fidelity. These find-
ings motivated moving from retrospective reconstruction
toward capturing structured data at the point of design.

Subsequent work introduced SeqImprove, an author-in-
the-loop curation system that combines machine learning-
assisted annotation with ontology-grounded metadata and
direct integration with SynBioHub [6]. By enabling standard-
ized, machine-readable design records at submission time,
Seqlmprove improves interoperability while reducing the
burden of manual curation. However, despite these advances,
deposition remains decoupled from experimental execution,
requiring researchers to engage in curation as a separate and
often secondary task.

In parallel, experimental practice has increasingly shifted
toward automated execution via liquid-handling robots. Plat-
forms such as Formulatrix Mantis, Tecan Fluent, and Beck-
man Coulter Echo operate on machine-readable worklists
that encode liquid transfers and plate layouts, enabling high-
throughput combinatorial design and systematic exploration
of experimental conditions.

However, the pipeline connecting standardized design rep-
resentations to automated experimental execution remains
incomplete. This disconnect is particularly evident in se-
quence domestication, a routine but labor-intensive step in
the design-build-test-learn (DBTL) cycle. In practice, this
process is performed through a patchwork of specialized

Randi Pullen
Randy Hughes
Army Research Laboratory
Adelphi, Maryland

tools and manual intervention. Commercial platforms pro-
vide narrow functionality, such as primer design or codon
optimization, but lack flexibility for custom assembly stan-
dards or synthesis constraints [1, 3, 9]. On the other hand,
general-purpose software requires manual identification of
restriction sites, introduction of mutations, and formatting
of sequences, a process that is slow, error-prone, and diffi-
cult to scale across large design spaces. As a result, these
design steps remain disconnected from both standardized
representations and automated execution systems.

To address this, we developed a sequence domestication
tool that automates the full workflow, including restriction
site removal, addition of modular cloning (MoClo) ends, syn-
thesis ordering sheets, and robotic assembly instructions.
This workflow is directly integrated with the automated gen-
eration of structured data records, capturing sequence design
in machine-readable SBOL. By embedding data capture and
curation within the design process itself, this approach shifts
curation from a separate obligation to a byproduct of pro-
ductive work, reducing burden while improving data quality
and interoperability across the DBTL cycle.

2 RESULTS

The sequence domestication and assembly planning pipeline
(Figure 1) was developed to automate the full design-to-
execution workflow. The system accepts structured input
tables defining sequences with associated metadata, allow-
able codon substitutions, cloning templates with flanking
regions, empirical overhang-ligation fidelity data, and source
plate files and composition tables specifying reagents and
desired assemblies. Source plate files may be provided after
synthesis by commercial vendors, reflecting the physical lay-
out, concentrations, and volumes of synthesized DNA upon
delivery.

For each sequence, the pipeline performs initial cleaning
and validation, removing whitespace, enforcing uppercase
format, and rejecting sequences containing invalid bases
or lengths below six nucleotides. Then it scans for internal
restriction enzyme recognition sites from a user-defined list.
When sites are detected, the program applies codon-based
synonymous substitutions prioritized to minimize sequence
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disruption and avoid introducing new restriction sites, or
direct base complementation for non-coding sequences.
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Figure 1: The sequence domestication tool works by remov-
ing internal cut sites, adding MoClo sticky ends for a toolkit
or standard specified by the user, and then splitting sequences
based on synthesis-aware constraints.

Following domestication, standardized flanking sequences
are incorporated by substituting placeholders into user-defined
cloning templates, supporting MoClo [10], CIDAR [4], or
custom assembly syntaxes. The system then determines an
appropriate synthesis strategy based on sequence length and
user-defined thresholds, including oligo synthesis, sequence
extension, or fragmentation into synthesis blocks. Candidate
split points are selected to satisfy size constraints, preserve
unique 4-bp overlaps, and avoid reuse of overhangs, with
NEB ligation fidelity data used to reject low-specificity over-
laps [8]. Recursive splitting and extension PCR primer design
are applied as needed to meet all constraints.

The domesticated sequences are then used in assembly
planning, where composition tables are expanded into com-
binatorial reaction sets and validated against source plate
inventories. For restriction-ligation workflows, in silico di-
gestion is performed on all parts and vectors, and resulting
fragments are evaluated across all permutations to confirm
overhang compatibility and correct assembly order. Each re-
action is annotated with assembly validity, part arrangement,
and predicted sequence output.

Next, liquid-handling instructions are generated for acous-
tic dispensing, with reagent volumes computed from molar-
ity constraints and simulated dispensing from source plates.
The system outputs Echo-compatible transfer files, updated
plate maps, and reaction logs summarizing composition and
predicted sequences. SBOL records are generated at both the
sequence and assembly levels, preserving structured design
information across all stages of the pipeline.

Mante, Pullen, and Hughes

3 DISCUSSION

The pipeline produces synthesis-ready sequence designs,
SBOL design records, and liquid-handling instruction files
for automated execution. By integrating sequence domesti-
cation, synthesis planning, assembly validation, and robotic
workflows, the system bridges the gap between design and
execution. This approach reduces manual effort, improves
data standardization, and provides a scalable framework for
automated, high-throughput synthetic biology.
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