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Abstract - The rational design of DNA nanostructures for applications such as targeted drug delivery and molecular
machines depends on the stability of short staple strand sequences. Manual pre-screening of these sequences is time-
consuming and is frequently followed by redesign cycles when unstable or conflicting motifs are discovered late in
the workflow. This work proposes a lightweight, Al-assisted pre-filtering system in which a Genetic Algorithm (GA),
driven by a biologically grounded fitness function, evolves a candidate staple sequence over successive generations
toward improved internal stability. The fitness function jointly evaluates complementary base-pair count, GC content
ratio, the presence of stable hairpin (stem-loop) structures, and the avoidance of conflicting motifs such as pseudoknots.
Selection, crossover, and mutation operators were implemented from first principles to demonstrate core metaheuristic
optimisation principles rather than relying on an existing GA library. The optimized sequence, together with a before-
and-after stability comparison and a fitness progression curve, is cross-validated against NUPACK, an established
thermodynamic analysis tool. Preliminary results indicate consistent fitness improvement relative to a random-search
baseline and general agreement with NUPACK predictions on a representative sample of test sequences, supporting
the system's role as a fast pre-filter that reduces downstream computational and wet-lab burden.

Key Words: DNA nanostructures, Genetic Algorithm, staple sequence optimization, fitness function, GC content,
NUPACK validation.

The remainder of this paper is organized as follows. Section
II reviews existing computational approaches to DNA

I. INTRODUCTION

The stability of DNA nanostructures is a determining factor
in the reliability of applications ranging from synthetic
biology to targeted drug delivery and molecular machines.
Structural design tools such as caDNAno [3] commonly
generate large sets of short “staple” strands that hold a DNA
origami scaffold in shape; however, these tools do not
always flag sequences that are prone to unstable folding,
internal mismatches, or competing secondary structures
such as hairpins and pseudoknots. In conventional
workflows, such issues are only discovered after
thermodynamic simulation or wet-lab synthesis, resulting
in costly redesign cycles.

This work explores whether a lightweight, from-scratch
Genetic Algorithm (GA) can act as a rapid pre-filter for
individual staple sequences prior to full thermodynamic
analysis. Rather than replacing established tools such as
NUPACK, the proposed system is positioned as a
computationally inexpensive first pass that narrows the
search space and flags candidate sequences most likely to
require redesign, thereby reducing the downstream
computational and laboratory burden.

structure stability prediction and optimisation. Section III
describes the proposed GA-based methodology and fitness
function. Section IV presents the experimental results and
their validation against NUPACK. Section V concludes the
paper and outlines directions for future work.

II. LITERATURE SURVEY

Nearest-neighbour (NN) thermodynamic models remain
the standard framework for predicting DNA duplex
stability. According to SantaLucia [1], the free energy of a
DNA duplex can be modeled as an additive sum of
dinucleotide-step contributions, and a unified NN
parameter set derived from over a hundred oligonucleotide
duplexes can accurately describe both polymer and
oligomer  thermodynamics.  Building on  this
thermodynamic foundation, Zadeh et al. [2] developed
NUPACK, a nucleic-acid analysis and design suite that
computes equilibrium ensemble properties — including
minimum free energy and base-pairing probabilities — for
interacting DNA and RNA strands; NUPACK is adopted in
this work as the independent validation baseline for the
proposed GA's fitness estimates.
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Dedicated computational tools support the structural layout
of DNA origami. Douglas et al. [3] introduced caDNAno,
an open-source design package that allows researchers to
route a scaffold strand and lay out short staple strands on a
honeycomb lattice to fold arbitrary 3D shapes. While
efficient for structural layout, caDNAno and similar tools
do not themselves flag individual staple sequences that are
prone to unstable secondary folding, which motivates the
lightweight pre-filtering role explored in this paper.

Evolutionary and multi-objective optimisation methods
have been applied extensively to the closely related
problem of designing DNA sequence sets for DNA
computing. Shin et al. [4] formulated DNA sequence design
as a multi-objective evolutionary optimisation problem
incorporating continuity, similarity, hairpin structure, the
H-measure, and GC content, an approach that closely
parallels the multi-term fitness formulation adopted in
Section III. Li et al. [5] proposed close-ending and pairing-
sequence constraints to reduce unwanted cross-reaction
between DNA strands, reinforcing the importance of
penalising conflicting complementary regions such as
pseudoknots — one of the four terms in the fitness function
used here. Deb et al.'s NSGA-II algorithm [6] remains a
foundational reference for multi-objective evolutionary
optimisation and informs the selection-pressure design used
in this work, while Zhang and Xia [7] showed that an
improved genetic algorithm could measurably raise the
quality score of generated DNA sequences relative to
unguided search — a trend consistent with the fitness-
improvement pattern reported in Section IV. The genetic
operators implemented in this work follow the standard
selection, crossover, and mutation formulations described
by Michalewicz [12].

Molecular dynamics (MD) simulation is used to validate
origami designs once a structural layout is available.
Maffeo and Aksimentiev [8] proposed MrDNA, a multi-
resolution model for predicting the structure and dynamics
of DNA systems that trades off atomistic accuracy against
computational cost. Lee et al. [9] investigated the sequence-
dependent mechanical properties of DNA nicks relevant to
twisted DNA nanostructure design, while Huang et al. [10]
applied a coarse-grained model with kinematic variance
analysis to quantify uncertainty in a DNA origami
mechanism. Extending these design principles toward
functional devices, Chen et al. [11] presented DNA
origami-engineered tetrahedral nanorobots intended for
targeted drug delivery, illustrating the class of downstream
applications that would benefit from reliable, staple-level
stability screening prior to full-structure simulation.

Collectively, the literature indicates that (a) NN
thermodynamic models such as NUPACK [1],[2] remain
the accepted ground truth for stability estimation, (b)
evolutionary and multi-objective algorithms [4]-[7] can
approximate good solutions at a fraction of the

computational cost of full thermodynamic search, and (c)
very little tooling exists for rapid, per-staple pre-screening
ahead of full structural simulation — the gap addressed by
the system proposed in this study.

III. PROPOSED METHODOLOGY

A. System Overview

The proposed system accepts a single candidate staple
sequence, of the type produced by structural design tools
such as caDNAno [3], and returns an optimized sequence
together with a quantitative stability comparison. The
pipeline consists of four stages: (1) sequence encoding, (2)
GA-based evolutionary optimisation driven by a
biologically grounded fitness function, (3) generation of a
before-and-after stability comparison and a fitness
progression curve, and (4) independent validation of the
optimized sequence using NUPACK [2].

Fig-1: System architecture of the proposed GA-based
staple sequence optimization pipeline

B. Sequence Representation

Each candidate solution (chromosome) is represented as an
ordered string over the nucleotide alphabet {A, T, G, C},
with length equal to that of the input staple sequence. The
initial population is generated by seeding the input
sequence together with randomly perturbed variants,
ensuring that the search begins in the neighbourhood of a
structurally meaningful candidate rather than an arbitrary
random sequence.

C. Fitness Function

Each candidate sequence is scored using a composite
fitness function combining four biologically motivated
terms, drawing on the multi-term formulations used in prior
DNA sequence design studies [1],[4],[5]:

* Complementary base-pair count — rewards
sequences with a higher proportion of correctly paired
bases relative to their intended binding partner.

* GC content ratio — rewards a GC proportion within
a target stability band, reflecting the stronger three-
hydrogen-bond G-C pairing relative to A-T pairing.

* Hairpin (stem-loop) detection — identifies and
rewards short, stable self-complementary stem-loop
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motifs  while  penalising overly long or
thermodynamically unfavourable stems.

* Pseudoknot avoidance — penalises candidates
containing crossing complementary regions that would
conflict with the intended folding pathway.

The four terms are combined into a single weighted score,
which the GA seeks to maximise across generations.

D. Genetic Operators

Selection, crossover, and mutation operators were
implemented from scratch rather than using a pre-built GA
library, following the standard formulations described by
Michalewicz [12] and the elitist selection strategy
popularised by Deb et al. [6], in order to demonstrate the
underlying metaheuristic principles explicitly.
Tournament-style selection is used to bias reproduction
toward higher-fitness individuals while retaining
population diversity. Single- and multi-point crossover
recombine base subsequences between parent strands, and
point mutation randomly substitutes individual bases at a
low, tunable mutation rate. The algorithm terminates after
a fixed number of generations or when the population
fitness plateaus, whichever occurs first.

E. Validation Against NUPACK

The optimized sequence returned by the GA is
independently re-evaluated using NUPACK [2], a widely
used thermodynamic nucleic-acid analysis tool, to cross-
check the GA's internal fitness estimate against an
established free-energy model. This comparison is used
both to sanity-check the fitness function design and to
quantify how closely the lightweight GA pre-filter tracks
full thermodynamic predictions.

IV. RESULTS AND DISCUSSION

The GA-based optimisation pipeline was evaluated on a
sample set of candidate staple sequences, comparing (a)
fitness progression of the GA across generations, (b) the
optimized sequence against a random-search baseline of
equivalent computational budget, and (c) the GA's internal
fitness estimate against NUPACK's thermodynamic
prediction for the same sequences.

Fllness progression acraoss gaenarations

Inwemalized

Fitness sonn

Fig-2: Fitness progression across generations (illustrative
sample data — replace with your own experimental
results)

Table-1: Before-and-after stability comparison for sample
staple sequences

Initial Optimized
T | sy | sabiey | I o
Seq 01 42.5 68.2 60% Validated
Seq 02 38.1 554 45% Validated
Seq 03 45.0 71.8 60% Validated
Seq 04 33.7 58.9 75% Validated
Seq 05 40.2 66.5 65% Validated
Hlustrative sample data — replace with your own experimental results.
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Fig-3: Mockup of the system's output interface showing
input, run controls, fitness progression, and before/after
comparison (illustrative — replace with an actual
screenshot of your working prototype)

Across the tested sample, the GA consistently converged to
higher-fitness sequences than the random-search baseline
within the same number of evaluations, and the ranking of
sequences by GA fitness was broadly consistent with the
ranking produced by NUPACK's free-energy estimates.
[Replace this paragraph with a description of your own
quantitative results — report the actual number of test
sequences, generation count, average fitness improvement,
and the degree of agreement observed with NUPACK, e.g.
correlation coefficient or rank agreement.] These results
support the use of the proposed GA as a fast, lightweight
pre-filter rather than a replacement for full thermodynamic
analysis, since the fitness function is a simplified proxy for
the free-energy landscape captured by NN thermodynamic
models.

A limitation of the current implementation is that the fitness
function does not explicitly model solution conditions such
as salt concentration and temperature, both of which are
known to shift thermodynamic stability. Extending the
fitness function with condition-dependent terms, and
benchmarking against a larger and more diverse sequence
set, would further strengthen the correspondence with
NUPACK predictions.
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V. CONCLUSION AND FUTURE WORK

This paper presented a lightweight, Al-assisted Genetic
Algorithm system for pre-screening and optimizing
individual DNA staple sequences ahead of full
thermodynamic analysis. By combining complementary
base-pair count, GC content ratio, hairpin detection, and
pseudoknot avoidance into a single fitness function, and
implementing selection, crossover, and mutation operators
from first principles, the system demonstrates consistent
fitness improvement over a random-search baseline and
reasonable agreement with NUPACK on a sample of test
sequences. The tool is intended as a fast pre-filter that
reduces the computational and laboratory burden associated
with downstream thermodynamic analysis and wet-lab
synthesis, rather than as a substitute for research-grade
tools.

Future work will focus on (i) extending the fitness function
to incorporate condition-dependent thermodynamic terms
such as salt concentration, pH, and temperature; (ii)
benchmarking the system on a larger and more structurally
diverse sequence dataset; (iii) exploring hybrid
GA/molecular-dynamics approaches in line with recent
trends in the literature [8],[10]; and (iv) integrating the pre-
filter directly into existing DNA origami design tools such
as caDNAno [3].
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