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Abstract

Despite their broad therapeutic and biotechno-
logical potential, deoxyribozymes remain chal-
lenging to design rationally due to few consensus
sequences, context-dependent activity, target in-
accessibility, and a lack of large curated datasets
for machine learning. This work proposes a ro-
bust multi-stage computational and experimen-
tal pipeline for DNAzyme discovery to address
these limitations. The pipeline introduces domain-
grounded parametric constraints for synthetic data
generation, model training, and candidate evalua-
tion. Pre-training strategies are based on two syn-
thetic data approaches: sequences with minimal
free energy boundaries matching stable structures,
and sequences matching property distributions
that produce structures similar to real DNAzymes.
A hierarchical screening approach using machine
learning models and structural priors then selects
candidates for laboratory validation under con-
ditions that include plausible cofactors crucial
for catalytic activity. Overall, this pipeline pro-
vides a resource-efficient strategy for exploring
novel DNAzyme catalytic cores and enabling pre-
dictable DNAzyme activity.

1. INTRODUCTION

Beyond the canonical role of genetic data storage, DNA
molecules possess the capacity to function as catalysts,
which was discovered by Breaker and Joyes who syn-
thesized the first deoxyribozyme (DNAzyme) in 1994,
These catalytic DNA molecules are typically single-stranded
sequences obtained through combinatorial in vitro selec-
tion techniques®?. Similar to their RNA counterparts (ri-
bozymes), both DNA and RNA can exhibit the ability to
bind ligands with high affinity and specificity, and catalyze
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a broad spectrum of chemical reactions*. Initially con-

ceived as potential gene-silencing agents due to their ca-
pacity for the sequence-specific cleavage of target mRNA,
subsequent research has led to the isolation of numerous
DNAzymes that facilitate a diverse array of chemical trans-
formations. This functional diversity has significantly ex-
panded their scope of application, firmly establishing them
as genuine biocatalysts alongside ribozymes and proteina-
ceous enzymes>®.

The DNAzymes 8-17 and 10-23 are among the most
well-characterized catalytic DNA molecules, renowned
for their ability to mediate the sequence-specific cleav-
age of RNA”. The therapeutic applications of DNAzymes
extend to a broad range of pathologies, including viral
infections, cancer, and cardiovascular diseases®!'. Fur-
thermore, DNAzymes represent a promising strategy for
anti-inflammatory therapy. A promising avenue is anti-
inflammatory therapy, exemplified in allergic asthma by the
DNAzyme SB010, which targets GATA3 mRNA and has
been shown to attenuate asthmatic responses in patients'> 13
DNAzymes also serve as valuable research tools for probing
gene function, such as using a Twist-targeting DNAzyme
to elucidate its role in apoptotic pathways'4~'6. Despite this
promise, a central design challenge persists. While mod-
ern methods like in vitro selection and machine learning
have revolutionized the optimization of binding arms for
high-affinity, specific target recognition, the catalytic core
remains a bottleneck. Designers are largely constrained to a
limited set of known consensus sequences (e.g., from 8-17
or 10-23), whose efficacy is highly context-dependent and
unpredictable. Optimizing this core is a laborious, empiri-
cal process that offers no guarantee of success and requires
extensive resource-intensive screening. This highlights a
critical need for novel, rational approaches to design de
novo catalytic cores with high and predictable activity.

Target site inaccessibility is a common limitation for many
nucleic acid-based tools, including DNAzymes. Strategies
to overcome this face significant constraints. While reac-
tion conditions can be modified, this often lacks therapeutic
relevance. Extending binding arms can impede product re-
lease, hindering rapid diagnostics. Chemically modified
nucleotides enhance hybridization and stability'’~!° but re-
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quire laborious optimization, costly synthesis, and are diffi-
cult to generalize for long, structured RNA (IsSRNA) targets.
Computational prediction of RNA accessibility loses accu-
racy with longer transcripts®, and experimental mapping
is often too resource-intensive for rapid development?'~23.
Using antisense oligonucleotides (ASOs) to displace ob-
structive structures near the cleavage site is promising but
not a universal solution.

While machine learning (ML) holds transformative potential
for molecular design, its application to DNAzymes remains
a largely untapped frontier. Despite the introduction of foun-
dational resources like the comprehensive DNAmoreDB?,
the field still suffers from a critical scarcity of large, well-
curated, and functionally characterized datasets that are es-
sential for training robust, predictive ML models. This data
paucity is the primary bottleneck hindering the development
of sophisticated computational generative tools capable of
moving beyond exploratory analysis to true de novo design
and reliable activity prediction.

The existing landscape of tools is notably sparse. A promi-
nent exception is SequenceCraft>>, employs ML for the ex-
ploratory analysis of RNA-cleaving deoxyribozymes. How-
ever, while tools like SequenceCraft represent a crucial
first step, the field still lacks dedicated, high-throughput
platforms for the systematic generation and in silico valida-
tion of novel DNAzyme candidates. The challenge extends
beyond mere sequence generation; it requires predicting
complex structure-activity relationships, catalytic efficiency,
and specificity within a given biological context—a task for
which current datasets and algorithms are insufficient.

Generative design represents a paradigm shift in DNAzyme
discovery, potentially enabling the exploration of novel cat-
alytic centers and providing a powerful alternative to tradi-
tional SELEX procedures. However, the development of
such models for functional nucleic acids remains a signifi-
cant challenge. While pioneering frameworks for biomolec-
ular design exist such as RFdiffusion”® for protein structures
and EvoDiff for generative sequence modeling, special-
ized?” models for functional nucleic acids, and DNAzymes
in particular, are absent. The path to developing such mod-
els is fraught with obstacles. It requires the curation of large,
high-quality datasets of DNAzyme sequences with validated
catalytic activity and structural information. Furthermore,
model architecture must be capable of learning the com-
plex relationship between primary sequence, higher-order
structure, and catalytic function, which is poorly understood.
Finally, the computational cost of training such a model and
the subsequent experimental validation of its generated can-
didates present a substantial resource barrier that has yet to
be overcome.

Therefore, there is a pressing need for two parallel advance-
ments: first, the creation of expanded, high-quality gen-

erative datasets that capture a wider diversity of validated
sequences; and second, the development of next-generation
ML pipelines specifically engineered to leverage this data
for the generative design of potential DNAzyme candidates.
Our work proposes a robust methodology for DNAzyme
discovery that comprises a multi-stage computational and
experimental pipeline. The process initiates with the gener-
ation of a large-scale, general-purpose datasets for primary
pre-training, followed by the selection of optimal model
architectures for this task. Subsequent DNAzyme-specific
fine-tuning is augmented by discriminative model filtering
to select high-probability candidates. Promising sequences
are further analyzed through secondary and tertiary struc-
ture prediction to identify functionally viable motifs. To
infer catalytic potential, we employ clustering with known
DNAzymes to hypothesize cofactor requirements, which are
then evaluated via molecular docking and binding affinity
simulations. The final stage involves experimental valida-
tion of the top-ranked candidates.

2. RESULTS AND DISCUSSION

2.1. Domain-Grounded Priors for DNAzyme Candidate
Evaluation

Given the scarcity of experimentally validated DNAzyme se-
quences, we established qualitative and quantitative criteria
to guide synthetic data generation, model training, and candi-
date filtering. These domain-grounded rules—analogous to
Lipinski’s rules in drug discovery—enable systematic eval-
uation of generative model outputs and provide a structured
protocol for selecting high-fidelity DNAzyme candidates.

2.1.1. SEQUENCE CRAFT DATASET

The Sequence Craft platform enables predictive modeling
of DNAzyme activity, shifting from stochastic discovery to
bioinformatic design. Its comprehensive dataset contains
349 unique catalytic cores across 549 systems, annotated
with 71 reaction condition parameters. A predictive model
trained on this data achieved R? > 0.93 for estimating
catalytic rate constants (k,ps) prior to synthesis.

2.1.2. STRUCTURAL ANALYSIS

DNAzyme  therapeutic  function depends on
three-dimensional folding that defines the catalytic
core. Structural analysis identifies active sites, substrate
recognition mechanisms, cofactor coordination, and motifs
that enhance in vivo stability. By transitioning from primary
sequences to structural models, we derived benchmark
criteria for minimal free energy (MFE), sequence length,
GC content, and secondary structure elements (hairpins,
loops).
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MFE calculations. Catalytic efficiency is governed by
thermodynamic stability. Low MFE ensures a resilient
catalytic core and stable metal-ion binding at 37°C, while
high MFE indicates structural instability. In the Sequence
Craft dataset, mean MFE is —7.5 &+ 4.47 kcal/mol, with
Mn?2*-associated sequences showing the lowest mean
(—8.7 kcal/mol) due to Mn?*’s superior coordination ver-
satility compared to M g?*. To ensure robust catalytic con-
formations in our generative pipeline, we applied a conser-
vative MFE threshold of —10.0 kcal/mol for pre-training
data generation.

Secondary structure analysis. Using dot-bracket nota-
tion (parentheses for paired nucleotides, dots for unpaired
regions), we characterised structural features across the
dataset. Figurel presents distributions of sequence lengths,
GC composition, hairpin center positions, and hairpin
lengths.

The dataset displays a highly optimised structural pro-
file. Sequence lengths (Fig.la) cluster near 40 nu-
cleotides—sufficient for a complex catalytic core yet ef-
ficient for synthesis. GC content (Fig.1b) centres at 45-50

From these observations we derived heuristic filtering rules.
Although fully unpaired sequences and stems longer than
9nucleotides appear as rare exceptions in the reference set,
their functional reliability is uncertain. We therefore ex-
cluded candidates with: (i) no paired nucleotides (unable to
form a stable catalytic core), and (ii) stems > 9nt (excessive
rigidity may impair conformational flexibility during catal-
ysis). Additionally, the normalised hairpin start and end
positions exhibited a conserved distribution; we adopted
the 5th and 95th percentiles (0.232 and 0.831) as selection
thresholds, retaining only candidates whose hairpins fall
within this window.

2.2. Synthetic Data Generation and Curation

The scarcity of experimentally validated DNAzymes limits
the application of deep generative models to catalytic DNA
design. Although DNA foundation models perform well
in genomic annotation tasks, they are typically trained on
natural genomic sequences and therefore fail to capture
the biochemical and thermodynamic constraints underlying
artificial catalysis. To address this limitation, we generated
large-scale synthetic datasets guided by established heuristic
rules and structural priors.

2.2.1. SAMPLE PREPARATION FOR MODEL
PRE-TRAINING

Two independent synthetic corpora were generated to evalu-
ate alternative strategies for modeling functional DNAzyme
space. The first approach prioritized thermodynamic stabil-
ity by selecting sequences with low minimum free energy

(MFE), while the second reproduced the statistical charac-
teristics of experimentally derived datasets.

MFE based approach

The first strategy focused on generating structurally stable
sequences with MFE values below —10.0 kcal/mol. The
optimization process, summarized in Algorithm 1, uses a
genetic algorithm in which sequence fitness is determined
by predicted secondary-structure stability. Starting from a
random population, sequences with lower MFE values are
preferentially retained, while poorly performing individu-
als are iteratively replaced through crossover and mutation
operations. Selection pressure is gradually increased across
generations, concentrating the search on energetically favor-
able regions of sequence space. The procedure continues
until 250,000 sequences are generated.

Algorithm 1 MFE based approach

Initialize: Population P of random sequences, k < 10,
G <+ 100, Target N <+ 250,000
Compute Fitness: M FE(s) forall s € P
while Total sequences < NV and gen < G do
Sort P by M F'E (ascending: more stable first)
Identify Pyottom as the worst 90% of P
k+—kx1.1
Pparents < Select k least-fit individuals
Apply crossover (p = 0.75) and mutation (p = 0.25)
Recompute M F'E for offspring
Replace population and reduce its size
gen < gen + 1
end while Stable sequences with low MFE

Distribution based approach The second strategy aimed
to reproduce the statistical profile of the Sequence Craft
dataset. As outlined in Algorithm 2, reference sequences
were cleaned from duplicates and outliers, after which key
descriptors were extracted, including GC content, Shan-
non entropy, and mean Levenshtein distance. Synthetic
sequences were evolved to minimize the Wasserstein dis-
tance between generated and reference feature distributions
using tournament selection, crossover, and mutation, while a
hall-of-fame mechanism preserved the best candidates. This
approach produced 250,000 sequences closely matching the
compositional properties of the reference corpus.

The two strategies differ in computational complexity. The
MFE-based method requires RNA/DNA folding with com-
plexity O(N - L?), where N is the number of sequences and
L is sequence length. The distribution-based method addi-
tionally computes pairwise Levenshtein distances against a
reference set of size M, leading to O(N - M - L?) complex-
ity. For typical DNAzyme settings (L ~ 40, M ~ 1000),
this makes it roughly 25x more expensive per sequence.
Thus, the MFE-based strategy is more scalable, whereas the
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Figure 1. Structural parameters of Sequence Craft dataset.

distribution-based approachx requires heuristics or hardware
acceleration for practical use.

Algorithm 2 Distribution based approach

Load Dataset: D,..; < Sequence Craft
Extract Target Distributions: T —
{GC, Entropy, Levenshtein}
Initialize: Population P with sampled sequence lengths
while Total sequences < N and gen < 30 do
for each sequence s € P do
Compute GC(s), entropy, and mean Levenshtein
distance
Evaluate Wasserstein distance to 7'
end for
Tournament selection
Two-point crossover and shuffle-index mutation
Preserve best-performing individuals
gen < gen + 1
end while Synthetic sequences matching D, s

Classifier

The training set consisted of 161 experimentally validated
DNAzymes with RNA cleavage rates above 10~7 min—!
and 1,000 randomly generated inactive sequences. The class

imbalance was intentionally introduced to minimize false
positives and improve selection reliability.

Among all tested configurations, LightGBM with DNA-
BERT embeddings achieved the best performance. Gen-
eralization was further assessed on an independent subset
of the Sequence Craft dataset excluded from training. On
this benchmark, the model achieved a ROC-AUC of 0.935,
MCC of 0.788, Precision of 0.919, Recall of 0.845, and an
F1-score of 0.880, with only 11 false-positive predictions.
These results confirm the robustness and discriminative ca-
pability of the selected classifier.

Regressor

As an additional validation stage, generated sequences pass-
ing the classifier filter were evaluated using the regression
model introduced in the Sequence Craft study. The model
incorporated sequence information together with environ-
mental parameters, including temperature, cofactor, and
buffer composition. To ensure consistency, experimental
conditions were fixed to the most common settings observed
in the original dataset.

Clustering

To predict metal ion specificity, a k-nearest neighbors



Submission and Formatting Instructions for ICML 2026

FILTERING

LGBM Classifier

1

Sequence Craft
549 active sequences
(Fine-Tuning set)

l_l_t

WGAN
Training + Fine-Tuning
(per training variation)

| &
Statistics: L
* GC-content
Generated Sequences - Length
250,000 per variation + Shannon entropy
+ Levenshtein dist.

Active |
161 pass
sequences )

MFE/EDS Dataset
250,000 sequences

Levenshtein Q1

Random Negatives length-normalised

1,000 sequences

AlphaFold
Apo- & Holo-forms

Train: 1,000 neg + 161 pos

Dot-bracket structures

TDE Ranking
Sort by descending value

Top-10

Shortlist Clusterization
High activity and ’ The most probable and the most
moderate variety with similar DNAzyme's cofactors
preservation of the

secondary structure

Experimental conditions
Arm addition and target
selection

Figure 2. Hierarchical screening pipeline.

(KNN) classifier was trained on HyenaDNA embeddings
of Sequence Craft sequences. The dataset was divided into
449 training and 100 test samples.

The model achieved a micro-averaged F1-score, Precision,
and Recall of 0.740, indicating strong performance on dom-
inant classes. However, macro-averaged metrics were sub-
stantially lower (F1 = 0.505, Precision = 0.523, Recall =
0.504), demonstrating reduced performance on minority
classes. To compensate for this imbalance, predicted cofac-
tors were additionally compared with those of the nearest
known sequences.

Predicted metal ion labels and corresponding confidence
scores were appended to each generated sequence and ex-
ported for downstream analysis.

2.2.2. SCREENING PIPELINE

A hierarchical screening pipeline was developed to reduce
and prioritize generated DNAzyme candidates (Figure 2).
The workflow sequentially applied: (i) classification filter-
ing, (ii) Levenshtein distance stratification, (iii) secondary-
structure filtering, and (iv) Tree Distance Editing (TDE)
ranking.

The classifier served as the primary filtering stage and re-
moved the majority of low-probability candidates. The
remaining sequences were stratified by normalized Lev-
enshtein distance to experimentally validated DNAzymes.
This step balanced novelty and functional plausibility by
excluding both trivial near-duplicates and highly divergent
sequences. Candidates from the first quartile were retained
as the closest representatives of the known functional space.

Secondary-structure filtering was then applied using rules
derived from the Sequence Craft dataset. Sequences com-
posed entirely of unpaired nucleotides were excluded due to
the absence of a stable catalytic core. Candidates containing
stems longer than 9 nucleotides were also removed, since
excessive stabilization may reduce catalytic flexibility and
increase misfolding risk. In addition, normalized hairpin

coordinates were constrained to the 5"—95" percentile in-
terval (0.232-0.831), preserving the structural organization
characteristic of functional DNAzymes.

Finally, candidates were ranked using TDE. Lower TDE
scores indicate secondary structures more similar to experi-
mentally validated DNAzymes and therefore higher struc-
tural plausibility.

The multi-stage design reduces false positives associated
with any single metric and ensures that selected candi-
dates satisfy probabilistic, sequence-level, and structural
constraints simultaneously.

2.2.3. THE COMPARATIVE ANALYSIS OF APPROACHES
TO TRAINING

Five WGAN training configurations were compared to eval-
uate the effect of synthetic pre-training on DNAzyme gener-
ation. All results of the comparison are captured in Table 3.
The main objective was to determine whether pre-training
on synthetic datasets generated by either MFE optimiza-
tion or evolutionary distribution synthesis (EDS) improves
performance relative to training only on experimentally val-
idated DNAzymes. Generated sequences from each config-
uration were processed through the screening pipeline, and
the resulting statistics are summarized in Tables 1 and 2.

Among all configurations, EDS + FT showed the closest
agreement with the validated DNAzyme distribution. It
achieved the lowest Jensen—Shannon divergence (JSD) val-
ues for GC-content (0.006) and entropy (0.005), demon-
strating that statistically matched synthetic pre-training ef-
fectively captures the compositional properties of functional
DNAzymes.

Fine-tuning substantially improved both synthetic pre-
training strategies. For MFE pre-training, fine-tuning re-
duced GC-content divergence from 0.100 to 0.042. In the
EDS pipeline, fine-tuning reduced 3-mer JSD from 0.028 to
0.004, indicating improved local motif fidelity. Structural
diversity remained stable across all models, with APJD and
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Table 1. Effect of screening stages on candidate counts.

Table 2. Metrics after screening pipeline.

Method EDS MFE NS EDS MFE Sequence Setup APJD MPD JSD JSD JSD
FT FT Craft (3-mer) (GC) (Entropy)
Classifier 1462 947 520 367 343 2056 MFE+FT 0.702 0.682 0.014  0.044 0.035
Levenshtein 422 254 132 94 99 516 EDS+FT 0.701 0.670  0.017 0.016 0.059
Dot-bracket 332 220 108 79 76 412 Negative 0.718 0.717 0.007 0.034 0.015

MPD values consistently ranging between 0.70 and 0.73.

Negative samples (RS) were used as a control for screening
performance. Surprisingly, models trained only on syn-
thetic datasets without fine-tuning did not outperform ran-
dom sequences in the number of candidates passing the
screening stages. In contrast, both fine-tuned configura-
tions produced substantially more high-quality candidates,
confirming the importance of adaptation to experimentally
validated DNAzymes.

The screening pipeline reduced differences between models
by selecting structurally and compositionally conservative
candidates. After filtering, diversity metrics decreased for
all setups, although MFE + FT retained higher structural
diversity (MPD 0.682 vs 0.670 for EDS + FT).

EDS + FT maintained the best GC-content agreement (JSD
0.016), but no longer dominated all metrics after screening.
MFE + FT showed lower divergence for 3-mer distributions
and entropy, indicating a more balanced trade-off between
compositional realism and diversity.

Overall, synthetic pre-training consistently improved gener-
ation quality compared to training only on scarce experimen-
tal data. EDS + FT achieved the highest statistical fidelity
to validated DNAzymes, while MFE + FT preserved greater
structural diversity. Together, these results identify EDS +
FT and MFE + FT as the most effective and complementary
configurations for DNAzyme generation.

Visualizing the sequence space with Principal Component
Analysis (PCA) on HyenaDNA embeddings (Figure 3) pro-
vides qualitative validation of the statistical trends described
above and enables comparison between generated and natu-
ral DNAzyme distributions.

All models produced broad continuous clusters without col-
lapse into isolated regions, indicating the absence of overfit-
ting and successful learning of general DNAzyme patterns
rather than memorization of training sequences.

The EDS + FT (Fig. 3a) and MFE + FT (Fig. 3b) con-
figurations showed the strongest overlap with the natural
DNAzyme distribution. Sequences passing the screening
pipeline were concentrated within dense regions of the nat-
ural embedding space, confirming the effectiveness of the
filtering strategy.

The two leading models demonstrated complementary be-

havior. EDS + FT showed the closest agreement with the
empirical distribution, consistent with its low JSD values.
In contrast, MFE + FT displayed broader dispersion in PCA
space, reflecting higher structural diversity and wider explo-
ration of thermodynamic configurations. Negative Samples
formed sparse and disorganized clusters, highlighting the
inefficiency of random sequence generation.

3. Conclusion

The systematic comparison of WGAN training strategies
demonstrates that pre-training on large-scale synthetic
datasets decisively outperforms training solely on the scarce
collection of experimentally validated DNAzymes. Pre-
trained models achieved Jensen—Shannon divergences up
to an order of magnitude lower than the DNAzyme-only
baseline for both global sequence properties and local motif
distributions, confirming that synthetic data provide a robust
statistical prior that effectively compensates for the limited
availability of real catalytic sequences.

From an algorithmic perspective, the two pre-training strate-
gies differ meaningfully in their data-generation cost. The
MFE-based dataset is constructed using thermodynamic
folding calculations with a time complexity of O(N - L3),
which for short DNAzyme sequences (L ~ 40) is an ex-
tremely rapid operation. In contrast, the EDS pipeline re-
quires computing Levenshtein distances to all reference
sequences, scaling as O(N - M - L?) and incurring a sub-
stantially larger computational burden as the reference set
M grows. Thus, the MFE-based approach offers a com-
pelling practical advantage: it produces a large, structurally
grounded training corpus notably faster, making it the pre-
ferred option when computational efficiency and thermody-
namic stability are the primary concerns.

Despite this speed benefit, the EDS-based strategy, which ex-
plicitly matches the property distributions of the Sequence-
Craft dataset and incorporates subsequent fine-tuning, ulti-
mately yielded candidates that are statistically indistinguish-
able from natural DNAzymes across all examined metrics,
establishing EDS + FT as the method of choice for maxi-
mum biological realism. The hierarchical screening pipeline
developed in this work preserved the relative quality ranking
of the models: the superior fidelity of pre-trained variants
persisted after filtering, with EDS + FT continuing to deliver
the most realistic candidates. This confirms that the pipeline
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acts as a robust amplifier of inherent candidate quality rather
than distorting model comparisons, while simultaneously
ensuring that only the most promising sequences advance
to resource-intensive experimental validation.

In summary, the synergy between computationally ef-
ficient pre-training (MFE), high-fidelity distribution-
matching (EDS), targeted fine-tuning, and a principled
multi-metric screening workflow constitutes a versatile,
resource-efficient, and generalizable framework for the gen-
erative design of functional nucleic acids.

Accessibility

All code exits in the repository:
https://anonymous.4open.science/r/DnaZyme XHSE-
55B5/

Software and Data

All data exists in the repository:
https://anonymous.4open.science/r/DnaZymeXHSE-
55B5/
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A. Apendix
B. Additional tables

Table 3. Performance metrics of WGAN architectures.

Training  \pyy  MPD  JSD JSD JSD
setup
(3-mer) (GC) (Entropy)
RS 0717 0709 0013  0.035  0.023
Sequence 5550 0714 0013 0041 0019
Craft
MFE 0728 0706  0.028 0.100  0.019
MFE +FT 0729 0729 0015 0.042  0.016
EDS 0728 0706  0.028 0.099  0.019
EDS+FT 0709 0.705 0.004 0006  0.005
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C. Additional figures
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Figure 3. PCA projection of generated and reference DNAzyme sequences using HyenaDNA embeddings.
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