ABSTRACT

MATANGE, KARISHMA RAJEEV. Driving Scalability of DNA Based Data Storage Systems.
(Under the direction of Dr. Dr. Albert J Keung).

As the global demand for data storage surges beyond the capacity of traditional media, there is
growing urgency to identify alternative storage solutions that are dense, durable, and sustainable.
DNA, as an information storage medium, offers a remarkable set of advantages: its molecular
structure allows for extremely high information density, it can remain stable for millennia under
suitable conditions, and it is naturally suited for replication via enzymatic reactions. These features
make DNA an ideal candidate for long-term archival storage. However, for DNA storage systems
to move from proof-of-concept demonstrations to practical, scalable technologies, critical
challenges must be addressed in synthesis, stability, and information retrieval.

This thesis focuses on three interrelated barriers limiting the scalability of DNA-based data storage
systems and presents new tools and strategies to overcome them. The first barrier is DNA stability.
Unlike digital storage devices, DNA is a physical molecule subject to degradation by heat,
hydrolysis, oxidation, and other environmental factors. Without robust preservation strategies, data
stored in DNA can be corrupted or lost over time. In chapter 1, we analyze how different storage
conditions and chemical contexts affect DNA integrity, drawing on literature and experimental
evidence. We identify key degradation mechanisms and evaluate the effectiveness of various
stabilization strategies including encapsulation, buffer optimization, and structural design. These
insights lead to specific design guidelines for building robust DNA storage systems capable of
withstanding realistic processing and storage conditions, thus improving long-term reliability.

The second barrier to scalability is the efficient synthesis of long, single-stranded DNA (ssDNA),
which is critical for encoding large amounts of data and enabling downstream applications like
DNA computing or data retrieval. Traditional phosphoramidite chemistry is ill-suited for this task
due to its length limitations, high cost, and poor yields—particularly for sequences longer than 200
nucleotides or those requiring site-specific modifications. In chapter 2, we present NEMO, a
template-based enzymatic platform that overcomes these limitations. NEMO uses engineered
enzymes to generate long ssDNA strands (exceeding 0.5 kilobases) with high yield and fidelity.
Crucially, it allows for precise incorporation of functional modifications such as fluorescent dyes,
biotin, and other chemical handles at specific sites, eliminating the need for post-synthesis
labeling. This platform significantly lowers the barrier to producing functional, customizable DNA
constructs, enabling higher-throughput workflows and reducing costs—two prerequisites for
scalable DNA-based systems.

The third major challenge is the prediction and design of DNA-DNA interactions, which underpins
not only accurate data retrieval but also advanced applications such as molecular computation and
networked storage architectures. Existing models are hampered by limited training data, poor
predictive accuracy, and computational inefficiency, making them unsuitable for use in large,
complex systems. In chapter 3, we introduce BINND (Binding and Interaction Neural Network
for DNA), which integrates a high-throughput wet-lab assay capable of measuring millions of
sequence interactions with a deep learning framework trained on this rich dataset. BINND achieves
83% prediction accuracy, significantly higher than thermodynamic models and generalizes across



different sequence spaces and salt conditions. Additionally, it performs predictions over 100 times
faster than traditional methods, enabling real-time design and evaluation of DNA systems at scale.

Together, the contributions of this thesis offer a comprehensive roadmap for enabling scalable
DNA-based data storage systems. By improving molecular stability, expanding the capabilities of
DNA synthesis, and providing accurate and efficient models for DNA interaction prediction, this
work addresses core limitations that have prevented DNA storage from becoming a mainstream
technology. These tools not only advance the state of the art in DNA data storage but also open
the door to broader applications in synthetic biology, nanotechnology, and molecular computing.
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CHAPTER 1: DNA stability: a central design consideration for DNA data storage systems
Karishma Matange', James M. Tuck?, Albert J. Keung'

'Department of Chemical and Biomolecular Engineering, North Carolina State University,
Raleigh, NC, USA

2Department of Electrical and Computer Engineering, North Carolina State University, Raleigh,
NC, USA

Abstract:

Data storage in DNA is a rapidly evolving technology that could be a transformative solution for
the rising energy, materials, and space needs of modern information storage. Given that the
information medium is DNA itself, its stability under different storage and processing conditions
will fundamentally impact and constrain design considerations and data system capabilities. Here
we analyze the storage conditions, molecular mechanisms, and stabilization strategies influencing
DNA stability and pose specific design configurations and scenarios for future systems that best
leverage the considerable advantages of DNA storage.

Introduction:

“My hunch is—and I’'m not alone in this—that the next decade or so will see this used technically.
The machine could be much smaller; it could carry a much larger set of data.” In 1964, just 7 years
after the discovery of the structure of DNA!, Wiener and Neiman discussed the potential density
advantage of using nucleic acids as a form of memory storage’. Over half a century later,
advancements in our understanding of the properties of DNA have confirmed its high theoretical
information density of nearly 455 billion GB of data per gram?, ~6 orders of magnitude greater
than even the most advanced magnetic tape storage systems*. DNA also provides a host of other
unique potential advantages including highly parallelized computation within the storage system
itself>®, low energy requirements’®’, rapid high capacity transportation of data'®, potentially
longer lifetimes, and stabilities of decades or centuries compared to conventional media which are
replaced every 3-5 years, as well as ease of replication!! by molecular biology approaches to ward
off degradation. While it has taken more than just the decade Wiener predicted, a large body of
knowledge in molecular biology'*!* and computer and information systems'*!°has been
developed in the intervening period that has set the foundation for the recent interest and
investment in DNA-based information storage technologies.

The nature of Wiener’s ‘machine’ will remain in constant flux and development. Indeed, multiple
types of systems may arise to address different applications, from long-term ‘write-once-read-
never’ archival storage to highly dynamic and frequently accessed data storage, potentially with
in-storage computational capabilities. It is important to imagine these possible types of DNA
information storage systems and the different unit processes that will comprise these systems, and
identify how the chemical, physical, and encoding properties of DNA will influence their design.
As DNA or an analog will be the substrate of this class of polymeric systems, its stability under
different environmental and process conditions will be a central design consideration, informing
the nature of both physical unit processes and encoding algorithms.
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An end-to-end DNA storage system is depicted in Figure 1.1 with generic unit processes. As
applications range from cold archival storage to frequently accessed or even dynamically
manipulated data, the DNA is exposed to more manipulation such as phase changes or physical
shearing through liquid handling, and to more distinct types of environmental conditions such as
buffers with different salt concentrations and pHs. These present more opportunities for
degradation as well as specific degradation mechanisms that may influence encoding strategies
and sources for data and decoding errors (Figure 1.1). Here we review what is known about the
stability of DNA under each of these conditions, organized by their relevance to systems with
different operating timescales. We then provide a quantitative analysis of the relative tradeoffs in
density, physical redundancy, and encoding strategies that must be sacrificed to achieve
increasingly sophisticated system capabilities such as increased access frequency and in-storage
computation.

It will be useful to also describe the molecular architectures common to almost all DNA storage
systems proposed to date. DNA storage systems are comprised of many files, and each file consists
of many distinct DNA strands that typically are ~150-200 nt long as that is the current limit of
phosphoramidite synthesis chemistries but could be longer with advances in technology. All
strands comprising one file share a common address sequence located on one or both ends of the
strands. These addresses can be read and retrieved using PCR or transcription. Mutations within
strands, or loss of strands due to breakage or degradation would lead to potential decoding errors
or even complete loss of information. Therefore, error correction codes are usually applied to help
compensate for errors and lost strands with the trade-off of decreasing information density.

Discussion:

Write-once-read-never archival system (access frequency once every ~10+ years)

One of the most likely first applications for DNA-based information storage will be long-term
‘cold’ storage intended for the preservation of historical or other records across decades or
centuries. This is because the current high cost of DNA synthesis and sequencing can be justified
when they are infrequent and amortized over many years'S. What is crucial for these applications
is a strong understanding of the long-term stability of DNA.

The successful recovery of DNA from fossils or microbes preserved in permafrost, some millions
of years old, is commonly used as motivating evidence for the long-term stability of DNA!7-8,
However, there are several caveats to consider. First, there are substantial concerns that some of
these results were misinterpreted due to potential contamination from contemporary bacteria or
human DNA'. Therefore, the current best estimate for the recovery of DNA from natural samples
based upon a rough agreement between theoretical calculations'® and physical measurements?’ is
roughly 400,000 years, with the major degradation mechanism in these samples thought to be
cross-linking between strands that inhibit PCR-based amplification and detection of the DNA.

Second, estimations of DNA stability from natural samples may be overly optimistic for DNA
storage applications. In the context of recovering DNA from fossils, ribosomal and mitochondrial
DNA are often used to identify different species of organisms but can be present at hundreds of
copies per cell. Yet, these are the sequences used when claiming successful isolation of DNA when
in fact genomic DNA sequences are much more difficult to recover than multi-copy mitochondrial
DNA. Thus, while some DNA can be recovered from fossilized or permafrost samples, often only
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the most abundant sequences are detectable due to substantial degradation. This is further reflected
by the estimated half-life of fossilized DNA being only ~500 years, corresponding to a per
nucleotide fragmentation rate of 5.50E—6 per year assuming an average 242-nt long mitochondrial
DNA sequence in the relatively cold temperatures of  permafrost
(5.5E—6/nt/yr = 242 nt = 500 yrs ~ 50%)'”. This is substantially lower than the estimated 400,000
years estimated to recover any DNA signal. Thus, in the context of DNA storage applications
where a substantial fraction of the data should be recoverable depending on the encoding strategy
and amount of physical redundancy, the “useful’ stability of storage systems, based upon data from
fossilized DNA, suggests stabilities of a few hundred years or less.

While there are likely substantial stability limitations of natural permafrost or fossilized samples,
and frozen aqueous samples in general, fortunately DNA storage systems can be engineered with
highly controlled materials and environmental conditions that could substantially augment its
stability. Several approaches have been tested, most involving dehydrated forms of DNA to reduce
hydrolysis of its phosphate backbone. For example, DNA has been adsorbed onto Flinders
Technology Associate (FTA) filter cards, stored in biopolymeric storage matrices such as the
commercial product DNA Stable, embedded into silk matrices, or simply stored as lyophilized
powder?*?!. In many cases, the adsorption of the DNA onto a matrix stabilized the DNA. For
example, over 40 days at 25, 37, and 45 °C, 80% of the DNA embedded in silk was recoverable
compared to 20% when unprotected®?. Silk also offered protection against UV radiation. Salts have
also been shown to offer stabilizing effects for dried DNA particularly against high ambient
humidity and can maintain high loading of DNA (>20 wt%) while keeping the DNA relatively
accessible?.

Of the many different methods tested, the current leading approach that consistently exhibits the
best stability has been encapsulation of DNA within an inorganic matrix comprised of silica, iron
oxide, or a combination of both. Multiple groups have shown that encapsulation can substantially
enhance DNA stability?*?>2627 For example, Puddu and colleagues directly compared the stability
of encapsulated DNA with unprotected DNA at 100 °C for 30 min. Eighty percent of the
encapsulated DNA was recovered while only 0.05% of the unprotected dried DNA survived. Grass
and colleagues estimated that encapsulation in silica particles could maintain DNA for 20-90 years
at room temperature®, 2000 years at 9.4 °C?*, to over 2 million years at —18 °C. These estimates
were derived from accelerated aging models applied to data obtained from DNA exposed to
elevated temperatures of 60—70 °C. In a few studies, diverse populations of DNA strands encoding
actual data were decoded after accelerated aging, providing estimates not only of half-lives, but
also evidence that complete files could be retrieved®***. In several cases, data could be retrieved
and re-embedded multiple times, although degradation was observed. ‘Break points’ in these
systems would depend on the physical redundancy as well as density overhead sacrificed to enable
degradation-tolerant encodings.

This work provides substantial evidence for the long-term stability of DNA, especially
encapsulated in silica. However, there are several potential limitations to consider. First, the
physical processes of encapsulation and retrieval take some time, suggesting this approach is best
suited for cold storage applications. Second, the encapsulation of the DNA inherently reduces the
information density of the storage system. A layer by layer design with alternating DNA and
cationic polyethylenimine with a silica final encapsulation has achieved the best storage density to
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date in such systems, ~3.4 wt% DNA?°. This is a sacrifice of 1-2 orders of magnitude in
information density; yet, while not as dense as pure DNA, given the 5-6 orders of magnitude
advantage of DNA storage over conventional storage media, sacrificing 1-2 orders of magnitude
of density would still yield a very space-efficient system.

The size of DNA strands is also an important design consideration. One hope in the DNA storage
field is to develop synthesis technologies that are able to create longer DNA strands. The benefit
of longer strands would be to reduce the percentage of overhead per strand devoted to file addresses
and indices, thereby increasing the information density of the system. However, prior work has
already suggested diminishing returns with regards to density with increasing strand length®.
Further supporting the use of shorter DNA strands, empirical evidence suggests that shorter strands
are more resilient to environmental insults. For example, exposure to 830 W/m? of sunlight
irradiation led to nearly 2 orders of magnitude greater degradation for a 113 nt compared to a 53 nt
DNA strand. While constant exposure to UV is unlikely for a DNA storage system, it may reflect
a general principle of length-dependent degradation sensitivities. Indeed, other environmental
insults exhibit similar length dependencies, with exposure to 90 °C thermal treatment leading to
nearly 3 orders of magnitude greater degradation for longer strands?®, while shorter strands were
more resilient to freeze-thaw cycles.?” As these are accelerated degradation studies, it is likely that
longer strands will be sufficiently stable for practical use; however, shorter strand lengths would
likely provide improved stability profiles.

Finally, it is important to note that while seemingly simple, accurately determining long-term DNA
stability is not trivial nor a solved problem. There are two primary challenges. First, the accelerated
aging models used in many studies that can lead to stability predictions of hundreds or even
millions of years are inherently extrapolations and could therefore deviate from actual stabilities
over long periods of time. This is especially true if there are unknown degradation mechanisms
that are important over long timescales but that do not exhibit the exponential dependency on
temperature specifically as commonly assumed by many models. Given that the accuracy of data
retrieval is paramount for cold storage systems, additional studies assessing accelerated
degradation due to other parameters other than temperature would provide increased confidence
in extrapolated stabilities. For example, a broader variety of storage conditions should be tested to
develop a more comprehensive mechanistic model of DNA stability, including models that not
only artificially accelerate aging through elevated temperature but through elevated exposure to
electromagnetic radiation and/or subatomic particles, high or low pH, hydrolysis and humidity,
and mechanical rearrangements (e.g., freeze thaws, liquid handling) at the molecular level. In
addition, DNA concentration and encapsulation conditions could have inherent effects on stability
as there could be degradation mechanisms arising from chemical interactions between DNA
molecules or between DNA and the encapsulating materials.

A second challenge of accelerated aging studies is that methods to measure degradation often are
not sensitive enough, so rely on large degradation effects or require amplification steps (e.g.,
through PCR) that could skew or bias results. These issues motivate new future gold standards to
assess long-term stability. New approaches could include a combination of deep next-generation
sequencing of short-term samples to detect very rare degradation events. In addition, it may be
advisable for the field to collaboratively initiate real time, non-accelerated, long-term studies of
DNA stability over the course of a human generation or more, and compare these results to deeply


https://www.nature.com/articles/s41467-021-21587-5#ref-CR25
https://www.nature.com/articles/s41467-021-21587-5#ref-CR3
https://www.nature.com/articles/s41467-021-21587-5#ref-CR28
https://www.nature.com/articles/s41467-021-21587-5#ref-CR29

sequenced short-term studies as well as those using different modes of accelerated degradation.
These could be performed on actual commercially active storage systems as both a way to monitor
stability and to provide insights into long-term stability. This work could be paired with studies of
different environmental insults to identify dominant degradation modes and their relative
contributions to aging. Overall, this data could be used to update and benchmark the stabilities of
any DNA storage systems that were created in the past, and to continually inform and adjust
models predicting their stability.

Working storage (~accessed multiple times per year)

While there is promise for the ability to store DNA stably over centuries or even millennia,
methods capable of this type of stability typically require fully encapsulating and sealing DNA
within a matrix, like silica. This is because encapsulation protects the DNA from exposure to
humidity, radiation, fluctuations in temperature, and other potential reactants. Furthermore, it may
be the most robust and economical storage method, requiring the least amount of specialized
storage equipment such as tightly controlled refrigeration and humidity. However, due to
substantial DNA loss associated with retrieval from encapsulated media, and the relatively
involved encapsulation and retrieval processes, this form of storage is best matched with
applications where access is infrequent or never occurs. In a generic DNA storage system,
encapsulated DNA could be used to store the ‘master’ or preservation copy of data, while
‘working’ copies are maintained using less stable but more accessible methods.

There are three semi-accessible forms of storage that might be compatible with working storage,
all of which are similar to how research labs in the biological sciences currently store DNA
samples: refrigerated in aqueous solution, frozen in aqueous solution (typically at =20 or —80 °C),
or as a dry solid. While DNA recoveries near 100% have been reported from all of these storage
forms after ~2 years®*31323 accelerated aging studies at elevated temperatures suggest storing
DNA in these forms would not be sufficient for multi-decade stability?!** especially when
compared to encapsulated storage strategies. For example, at 70 °C, substantial degradation of
dried, adsorbed, and aqueous DNA was observed at 15-70% after only 5 days?>?3333¢ while
encapsulated DNA showed no appreciable degradation after 7 days??. This may be surprising to
many working in the biological sciences where plasmid DNA preparations are stored for entire
scientific careers; however, it is important to consider that many such research samples are usually
single plasmid constructs stored at very high copy number (10'° copies/uL — 1 pg/uL) so that
recovery of the plasmid through bacterial retransformation can occur even with 99% DNA
degradation. Regardless, there is strong evidence that storage at 4 °C or below in aqueous or dried
form would provide at least a couple of years of stability, appropriate for storing working copies
of DNA-based information®'*>3, with lyophilized DNA showing better stability than aqueous
DNA solutions®’. One additional important caveat for DNA solutions appears to be the starting
concentration of DNA, with dilute solutions of ~0.02 ng/mL exhibiting substantial degradation
within weeks when stored at —20 °C>°. Inclusion of non-specific carrier RNA or DNA was able to
abrogate this degradation.

If stored for only a few years, the key concern for working copies of data then becomes the amount
of degradation that occurs each time information is accessed, e.g., freeze-thaw of solubilized DNA
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or rehydration of dried DNA. Likely due to the ability to directly measure the effect of multiple
access events within a reasonable experimental time frame rather than needing to simulate or
accelerate degradation over time, many more studies have investigated these mechanical effects
on DNA stability as opposed to the basal stability of unperturbed samples.

During the freezing and thawing process, ice crystals are formed that generate forces that could
lead to breakage of DNA polymers. There is also evidence that freezing makes DNA more
susceptible to breakage than non-frozen DNA at similar tensional forces®. Several studies have
repeatedly frozen and thawed DNA samples, generally observing exponential degradation. An
approximately 10% degradation of lambda DNA in Tris-EDTA buffer was observed after 1 freeze-
thaw, and 75% degradation was observed after 20 freeze thaws>®. An exponential fit modeled this
process relatively closely (% intact DNA = (0.9484%¢ 0.068*freeze-thaws) - A stydy of DNA stored in
water or 50% glycerol found similar degradation rates with more than 75% degradation after 16
freeze thaws, and samples in 50% glycerol performing worse than in water*’.

As with archival storage, one important consideration in assessing degradation from freeze thaws
is the size of the DNA strands. Empirical evidence suggests smaller DNA strands would be
preferable for improved stability against freeze thaws. This effect was observed comparing
genomic DNA above and under 100 kb, but also at smaller length scales of 5kb*. In addition,
increased DNA concentrations exhibited a self-protective effect. As freeze thaws cause mechanical
stresses on DNA, there is some intuition for why longer DNA strands would be more susceptible
to breakage. The effect of concentration of DNA stability may be due to less intuitive mechanisms
that should be investigated in more detail, such as altering the phase transition boundaries of the
aqueous solution*!.

Dehydration is another means of storing DNA at intermediate (~2—10 years) timescales. Vacuum
dried DNA, for example, was shown to be stable at 5 °C for at least 22 months®°. While detailed
studies of repeated rehydrations are lacking and need to be performed, a few studies have assessed
the recovery efficiency from dried DNA and the impact of prior exposure to elevated temperatures
on this recovery. For example, a library of 2042 unique sequences comprising ~20 kb of data was
dehydrated on a microfluidic “PurpleDrop” device*’. Rehydration with water was performed at
various dwell times ranging from 1 to 120 s. While increasing the dwell time generally increased
the amount of DNA recovered, just 1 s was able to recover ~77% of the DNA by mass. The
degradation rate was not directly reported but with sufficient physical redundancy (copy number)
and sequencing depth, the entire file was recovered and successfully decoded. Of note, the
consistency of the retrieval process exhibited substantial variability and suggests further work
investigating mechanisms of the dehydration process, potential irreversible denaturation of the
DNA into different helical forms (i.e., forms A or B), and molecular degradation chemistries will
be important. For example, exposure of dried DNA to elevated temperatures could irreversibly
denature the secondary helical structure of DNA, resulting in samples that are difficult to process
or sequence.

Other forms of DNA instability should also be considered for both solution and dried sample
storage methods. These include depurination (removal of adenine or guanine bases from the DNA
backbone) and oxidation (8-0x0-dG). Both in solution and in dried form, the rate of depurination
and oxidation are both higher by 1-2 orders of magnitude compared to strand breakage. Roughly
6% of strands that are 200 nt would develop a depurinated or 8-oxo0-dG nucleotide per year at room


https://www.nature.com/articles/s41467-021-21587-5#ref-CR38
https://www.nature.com/articles/s41467-021-21587-5#ref-CR39
https://www.nature.com/articles/s41467-021-21587-5#ref-CR40
https://www.nature.com/articles/s41467-021-21587-5#ref-CR29
https://www.nature.com/articles/s41467-021-21587-5#ref-CR41
https://www.nature.com/articles/s41467-021-21587-5#ref-CR36
https://www.nature.com/articles/s41467-021-21587-5#ref-CR42
https://www.nature.com/articles/s41467-021-21587-5#ref-CR35

temperature®®, with rapid increases in these rates with temperature, following an Arrehenius
dependence. These degradation mechanisms have functional impacts. Depurination would result
in missing or incorrect nucleotides during sequencing, while 8-0xo-dG can lead to cross-linking
between DNA strands which inhibits both rehydration of dried DNA as well as amplification and
sequencing of the DNA. Depending on the encoding method and physical redundancy of the
storage system, these could further reduce the estimated longevity of solution, frozen, and dried
storage methods.

Short-term storage for dynamic handling of data

The active development of DNA-based computation preceded the development of DNA storage
systems by over a decade™®***. The idea of now merging these two fields to perform in-storage
computation has intriguing implications including potentially providing the ability to directly
search® and edit*® DNA databases. In addition to computation, there is also the hope that DNA
storage systems may be capable of dramatically lower latencies of operation than the current multi-
hour to multi-day process of reading and writing information. For both of these applications,
physical manipulation of DNA will be necessary. An important factor to consider for dynamically
accessible storage is the complexity of storage methods. Most likely, DNA for these applications
will need to be stored in a soluble aqueous form with buffers compatible with molecular processes
including dynamic DNA—-DNA hybridizations, transcription or polymerization, and other enzyme-
driven reactions. Alternatives may include the use of magnetic particles as long as the
adsorption/desorption of DNA is relatively rapid. Understanding and potentially improving the
stability of DNA in these contexts will inform the operating lifetime of systems as well as dictate
the types of error-tolerant encodings that will be necessary.

Almost all manipulations performed on DNA will involve liquid handling, often through small
apertures such as pipette tips, microfluidic channels, or tubing. These manipulations impart shear
forces on DNA that can lead to strand breakage. Several studies have investigated the effect of
vortexing or the use of other shearing devices on DNA stability and showed substantial
degradation, for example nearly 70% fragmentation after 3 min****4% on a standard table-top
vortexer at maximum speed. While these types of shearing devices are unlikely to be used in DNA
storage systems, they may be useful in providing relationships between degradation rates and shear
forces or energy inputs if used in controlled settings, like rheometers. More directly relevant to
storage systems is the measurement of DNA fragmentation due to actual pipetting. With a
relatively rapid single pipetting action through a 1 mL tip, 70% of long lambda phage DNA was
fragmented. Slower and gentler pipetting still led to more than 50% of lambda DNA being
fragmented®. This is somewhat concerning given liquid handling often uses even smaller 200, 20,
and 2 pL tips that would result in higher shear forces. With automation, the pipetting actions could
be slowed significantly to be less turbulent; however, this might present a significant trade-off in
increasing the time required to perform each physical operation or manipulation. What is clear is
whatever form of liquid handling is used, careful assessment of DNA stability will be important
and processing parameters tuned to ensure DNA stability. New forms of liquid handling should
also be explored but also quantitatively assessed for their impacts on DNA stability. For example,
acoustic liquid handling of nanoliter to microliter droplets, may exhibit distinct impacts on DNA
stability through additional types of forces such as exposure to surface tensions through high
surface area to volume ratios. In addition, as in the case of freeze-thawing where smaller DNA
strands were qualitatively shown to be more resistant to fragmentation, comprehensive
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determinations of thresholds and quantitative relationships between DNA length and resiliency to
shear forces are currently lacking but would be useful for designing storage systems with low
latency or in-storage computation.

While physical manipulations will likely impart some level of unavoidable damage to DNA, the
biochemical environment of the DNA and the properties of the DNA molecules themselves could
improve stability and resilience to these processes as well as enhance stability in aqueous and
unfrozen states. For example, as was already discussed, DNA stored at 4 °C can remain relatively
stable over a few years, and maintaining a high concentration of DNA or including carrier DNA
or RNA helps slow down degradation rates. DNA degradation can occur through several
mechanisms including oxidation and hydrolysis of the phosphate backbone or the base from the
sugar (depurination). In addition to temperature which generally accelerates rates of most
degradation reactions, controlling pH is perhaps the next most obvious candidate for improving
DNA stability against these mechanisms. Both acidic and basic conditions can enhance the
hydrolysis rate of DNA by either increasing the electrophilicity of the DNA or the nucleophilicity
of water. For example, it was estimated that a change from pH 6 to 5 could increase the degradation
rate of DNA by an order of magnitude’, and even just a 90-min exposure to pH 4.0 at 65 °C led
to almost complete degradation of DNA samples®!. While these experiments were performed at
elevated temperatures that might be argued could be avoided, there are many molecular biology
manipulations that require transient exposures to elevated temperatures above at least 37 °C and
often above 70 °C where many polymerases function optimally. These include DNA in-storage
computation, in-storage editing, or even simply copying information by PCR. Furthermore, for
search-type functions that rely on DNA-DNA hybridizations, stable hybridizations for ~20nt
sequences occur at between ~50 and 60 °C. Room temperature operation would not provide
adequate energy to first melt any secondary structures that might have formed that would block
hybridization, and would also result in non-specific sequences hybridizing with each other. Shorter
DNA sequence lengths that hybridize near room temperature would be too short to confer adequate
sequence specificity amongst large, highly diverse libraries of DNA strands that will comprise
most DNA storage systems. Therefore, tightly controlling pH as well as the time exposure to
elevated temperatures will be important design considerations for storage systems. The use of
many standard buffers such as PBS and TE could help maintain pH levels at appropriate targets.
Other additives may also have protective effects including DNAstable™??, salts®®, and
trehalose?!*°,

Tradeoffs between DNA stability and information density

This review has focused on empirical measurements of DNA stability under a range of different
conditions. Together with theoretical analyses*>*-4, there is strong evidence for the utility of DNA
as a storage medium. Nevertheless, DNA has finite stabilities, and is especially labile in conditions
relevant for frequent access and dynamic processing. This does not preclude the use of DNA for
storage applications but does affect the information density of systems by requiring higher
redundancy in the number of copies of each distinct strand as well as in the encoding methods used
to achieve certain reliability. Understanding the effect of DNA stability on these tradeoffs will be
important in designing unit processes and systems for specific types of storage applications. Here
we discuss these tradeoffs through a series of analyses shown in Figure 1.2, and in particular
demonstrate how relationships between copy number, strand loss, strand length, information
density can be modeled and used to inform system design. The goal here is to show how models
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can reveal both intuitive and unintuitive relationships between parameters; it is important to note
that ranges of parameter values and observed trends shown here may change depending on the
specific details of each system.

Most DNA data storage systems use short sequences or ‘addresses’ written into strands of each
file for retrieval. These addresses typically are complementary to short DNA oligomers used to
amplify the files through PCR? or to extract them through affinity-based methods>. To function
at reasonable temperature ranges (<100 °C) the addresses are generally limited to <25 nt as longer
sequences would require higher temperatures to ‘melt’ during PCR cycling. However, addresses
cannot be much shorter without sacrificing diversity in addresses*. The addresses take up space
on each strand and do not encode data (e.g., overhead). Index sequences are also overhead and are
necessary to include to know how the different strands comprising a file should be ordered.

In addition to the address and index, error correction codes may use additional overhead. Electronic
storage systems adopt and employ many error correction mechanisms to ensure the reliability of
stored data. Similarly, to cope with frequent errors, DNA storage systems can leverage error
correction codes that are capable of detecting and correcting errors that occur as a result of strand
breakage or loss and due to substitutions, insertions, and deletions within strands. Error correction
codes work by adding enough redundancy to recompute the original data even in the presence of
errors or missing strands. Hence, to maintain the same reliability of information transfer or
recovery, error correction forces a trade-off between density of information and tolerance to errors.
The higher the likelihood of strand error or loss due to reduced DNA stability, the more overhead
must be spent on error correction.

While a variety of codes have been proposed for DNA storage, Reed-Solomon (RS) codes are
particularly popular given their configurability and tolerance to errors>*>¢>7-8 The error correction
properties of RS codes are well known, and we use them here to explore the combined effects of
strand errors, breakage, and length on the information density and reliability of DNA storage
systems. We will not focus on the details of different codes but rather use RS codes to illustrate
some general trends to consider when designing DNA storage systems. Additional details of
popular error correction approaches can be found in a few recent references'*!®, while details about
our implementation of RS codes and parameters used (shown in brackets) can be found in
the Supplemental Information. In brief, the key features of the implementation used here are (1)
that the RS code is capable of detecting and differentiating two kinds of errors, symbol errors such
as insertions, deletions, and mutations, collectively having a probability of peror, and symbol
erasures such as the breakage or loss of a DNA strand with probability pstrand erasure; (2) inner and
outer RS codes are interleaved where the inner code protects against errors within a strand and the
outer code corrects for missing or erroneous strands (Figure 1.2A); (3) an error probability can be
calculated to estimate the probability the code will not be able to account for and correct errors
given certain error and strand loss rates; (4) the amount of redundancy in the code is tunable in
order to achieve a certain error probability or system reliability; (5) the code accounts for multiple
copies of each distinct DNA strand, with strand loss or ‘erasure’ only occurring when all copies of
a distinct DNA strand are lost; and (6) the length of the DNA strands can be tuned with effects on
density due to the ‘overhead’ of addresses and indices.

Decoding error analysis
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To provide a non-exhaustive example of the potential importance of trade-off analyses, here we
focus on a major mode of DNA degradation, strand loss through hydrolysis or mechanical
breakage. First, to better understand the impact of strand loss on the probability of a decoding
error, we analytically model its effect on the decoding error probability of an outer RS[255,223,33]
code. Based upon experimental observations, we conservatively model the probability of strand
breakage as linearly dependent on strand length, and we assume that strand loss due to breakage
is equivalent to an erasure in the outer code. We further assume that multiple copies of a strand
exponentially reduce the likelihood of loss because all copies of the strand must be lost to cause
an erasure. An exact analytical formula for this probability is unknown so we estimate the
relationship as pstrand erasure(length L, copies ¢) = (L * SE—3)°. This equation is chosen so that strands
of length 1000 nt have a probability of 50% or less of erasure, a value that can be tuned depending
on the stability measured for any particular DNA storage system. We fix the peror to 1e—2 and
le—3 per nt to cover the range of typical synthesis and sequencing errors>”>-%.

Figure 1.2B shows the impact of longer strands on the decoder error probability for several system
configurations with different copy numbers of each strand and different error rates. The y-axis
shows the log decoding error probability and the x-axis is the strand length. We have chosen for
comparison a system with similar read error rates to hard drives (on the order of 10~* per bit, log
error probability of —1.5E +01)°%!. For this system that has a linearly dependent probability of
strand breakage on strand length, the trend is that longer strands increase the likelihood of strand
loss, and substantially increase the decoder’s probability of error. Other parameters matter, too.
Lower peror significantly reduces the residual likelihood of error. Also, higher numbers of copies
per strand also have a large effect since it becomes exponentially less likely that all copies of a
strand are lost. Current experimental systems tend to operate in a regime with large numbers of
copies; however, even if future systems may wish to be more lean, this analysis suggests copy
number requirements may not need to be as high as intuition may suggest particularly if strand
length designs remain in the 200-500 nt range.

Information density

To demonstrate how the relationship between strand loss and information density can be studied,
we vary the probability of strand breakage per nt from 107 to 10°® and analyze the information
density for many different strand lengths. For a given strand length, there are many different
possible designs for a RS inner-outer code. We use an algorithm to find a design with a residual
error probability <10™'* and maximum information density while keeping the outer block size at
255, and the index to 4. In Figure 1.2C, we report the density on the y-axis vs. the probability of
strand loss on the x-axis for each strand length (L) considered. We assume a single copy of each
strand to maximize information density and fully exploit the error-correcting capability of RS
codes.

In this system, shorter strands achieve superior density at high strand breakage rates. This is a
result of shorter strands being overall less likely to break, and therefore the outer code needs fewer
error correction symbols. Longer strands have a higher overall likelihood to break and need more
error correction in the outer code to compensate. However, as the overall probability of breakage
per nt decreases (to the left), all strands are less likely to break, and this gives longer strands an
advantage since they can hold a larger fraction of information per strand and the outer code can
work effectively even with a relatively small number of error correction symbols. A deeper
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analysis further shows that the magnitude of the strand breakage rate can fundamentally alter the
relationship between information density and optimal strand length (Figure 1.2D). In fact, it is not
simply that shorter strands are better for high strand loss rates but that there can be optimal lengths
that balance the overhead needed for file addresses and indices with the encoding overhead
required to account for strand loss.

This analysis is just one example of many that can be performed interrogating the effects of diverse
parameters of DNA storage systems. It underscores the need to tailor error correction and system
parameters like strand length and copy number to different settings including error rates that vary
according to environmental conditions and data storage applications. For example, long-term
archival storage will likely encapsulate the data in silica helping keep the probability of strand loss
or breakage low, allowing longer DNA strands to be used and achieving higher information
densities. In contrast, working storage or short-term dynamic storage would benefit from shorter
strand lengths to compensate for higher strand loss rates.

Future prospects

The robustness and failure rates of information storage systems are of utmost importance as the
reliability of data retrieval must be concretely reported, verifiable, and trustworthy®>63:645 While
we have some rough estimates and measurements of DNA stability in a variety of conditions, often
measurements exhibit considerable noise and variability between experimentalists and research
groups in addition to substantial noise between samples in an individual experiment. There are
likely experimental details affecting the accurate interpretation of measurements including the
manipulation of DNA itself in setting up experiments, or confounding parameters like DNA
solubility. Experiments exploring a more comprehensive set of parameters and that assess sources
of variability in results could provide more confidence in the design and utility of DNA storage
technologies. Fine-tuning exact buffer conditions, assessing changes in its composition, and
maintaining strict control and provenance records over the environmental exposures of the DNA
throughout its complete lifetime starting with DNA synthesis will be important for commercial
DNA storage products.

In addition, while many studies have quantified DNA degradation through some form of
quantitative PCR, mass measurements, or even next-generation sequencing, the definition of DNA
degradation remains unprecise and too limited despite its considerable impact on the physical
design and encoding of reliable storage systems. For example, there are many ways a DNA storage
system can be degraded. (1) The loss of DNA strands could be biased toward strands with certain
properties such as length, base content, or presence of specific sequences. (2) DNA strands may
be fragmented in different patterns and frequencies depending on base content, length, and
physical processing conditions. (3) Depurination or chemical alterations of bases may occur and
not be directly assessed by sequencing or QPCR based approaches. How each of these types of
degradation mechanisms are affected by environmental conditions is important for system design
and should be carefully assessed.

There is also the intriguing possibility that the physical stability of storage systems could be
enhanced by the use of another polymer that is chemically more stable than DNA, although
substantial work would likely be needed to replicate the synthesis, processing, and sequencing
technologies and infrastructure available for DNA®. For example, ‘locked’ nucleic acid monomers
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possess a methylene bridge between a 2’ oxygen and the 4’ carbon of the pentose ring and offer
substantial resistance to nuclease enzymes present abundantly in the ambient environment. There
are many other potential chemistries of nucleic acid polymer backbones that may offer differing
stabilities tuned for specific environmental conditions or applications, including bicyclo-DNA or
glycerol-DNA that have altered sugar backbone chemistries®’ or nuclease resistant nucleic acids®®.
In addition to altering the biopolymer substrate itself, protective additives or even active repair
systems similar to those in natural biological systems may improve storage system reliability.

There are clearly many opportunities and an important need to better understand, characterize, and
improve DNA stability. While seemingly a straightforward concept, assessing the stability of DNA
and making appropriate choices of storage methods is not trivial. DNA stability has been
experimentally measured and reported in many diverse ways, including mutational rate, breakage
rate per base, and loss of intact DNA strands. Degradation rates have also been reported in a mix
of many different environmental, temperature, buffer, and temporal conditions. Furthermore, the
functional impact of different types of degradation will depend on the nature of the storage system.
For example, mechanical degradation may affect systems that use longer DNA strands compared
to shorter strands, degradation rate may be complicated to predict depending on the density of
storage systems due to its potential nonlinear dependency on DNA concentration, and some
encoding algorithms may sacrifice information density but be more resistant to the loss of strands.
However, it is clear that even with our current nascent knowledge of DNA stability, reliable DNA
storage systems can already be created with existing technologies. In addition to developing a
better understanding of DNA stability, what will be important is the recognition that the
appropriate tradeoffs and limitations in system properties and capabilities should be made and can
be supported through models. With improving measurements, a better understanding of
degradation mechanisms, new technologies, models, and enhanced encoding algorithms, the
efficiency of these systems will continue to improve the commercial viability of DNA-based
information storage.
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Abstract

The ability to efficiently synthesize long, single-stranded DNA (ssDNA) with customizable
sequences and functional modifications is desirable for a broad range of applications. However,
the traditional chemical synthesis of ssDNA, particularly for sequences exceeding 200 nucleotides,
is both laborious and expensive. It often results in low yields, incomplete sequences, and limited
options for modification, making it inadequate for many modern applications that demand larger,
more complex DNA constructs. This has generated a need for alternative methods capable of
producing long ssDNA efficiently, with high fidelity and the ability to introduce modifications at
specific points along the sequence. In this work, we present a template-based enzymatic platform,
NEMO, for the efficient production of ssDNA. Utilizing engineered enzymes, this approach
overcomes the limitations of chemical synthesis by allowing the generation of ssDNA sequences
exceeding traditional length constraints, while also providing flexibility for modifications. We
have demonstrated synthesis of ssDNA longer than 0.5kb in length and amplification of DNA
libraries to order of picomoles. Additionally, NEMO has the flexibility to allow for the
incorporation of custom modifications. We have demonstrated incorporation of fluorescent dyes,
biotin, and other chemical groups at designated locations along the ssDNA strand. This eliminates
the need for laborious post-synthesis modification steps, simplifying the workflow and improving
product purity. The versatility of this enzymatic approach allows for the efficient and scalable
production of ssDNA, addressing a growing need in both research and industrial settings for
longer, customizable DNA sequences.

Introduction

Synthetic DNA is a foundational technology across fields ranging from biotechnology and
genomics to data storage and therapeutics!. However, current DNA synthesis technologies remain
constrained by the legacy of outdated chemistries®. The dominant approach in both academic and
industrial settings is phosphoramidite chemistry, developed in the early 1980s, which enables
stepwise synthesis of DNA strands by coupling protected deoxynucleoside phosphoramidites onto
a solid support®. Each cycle of synthesis involves multiple chemical steps, including deprotection,
coupling, capping, and oxidation. While this method allows for the synthesis of arbitrary DNA
sequences with high coupling fidelity, it is inherently limited in scalability. The average stepwise
efficiency of 98-99.5% restricts reliable synthesis to sequences no longer than ~200 nucleotides.
Furthermore, the process requires harsh organic solvents such as acetonitrile, dichloromethane,
and trichloro acetate, which pose environmental and operational hazards, particularly in large-
scale, high-throughput synthesis settings.
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Recent innovations have aimed to increase the throughput and decrease the cost of
phosphoramidite-based synthesis by parallelizing it enabling the simultaneous synthesis of tens to
hundreds of thousands of oligonucleotides on microarrays or in microwell formats*. Nonetheless,
despite advances in miniaturization and automation, the intrinsic limitations of phosphoramidite
chemistry—sequence length, reagent toxicity, and waste production—remain substantial obstacles
for scaling up to the demands of next-generation applications such as whole-genome synthesis,
synthetic cell engineering, and molecular data storage.

To overcome these challenges, enzymatic DNA synthesis has emerged as a promising alternative.
Enzyme-based methods avoid the use of hazardous solvents and can, in principle, support synthesis
in aqueous environments under mild conditions. Among these, terminal deoxynucleotidyl
transferase (TdT)-based systems have received significant attention due to TdT's natural ability to
add nucleotides to the 3' end of a DNA strand without a template. By using reversibly blocked
nucleotides and engineering TdT for improved processivity and base selectivity, several groups
have demonstrated template-independent enzymatic synthesis with single-nucleotide control>”.
Notable efforts include the development of polymerase-nucleotide conjugates'®, multiplexed
array-based synthesis''and directed evolution of TdT for increased fidelity and speed'?. These
systems have achieved synthesis of defined sequences up to 100—-120 nucleotides in length with
stepwise yields exceeding 98%.

Despite these advances, enzymatic synthesis technologies face major limitations. Each nucleotide
addition cycle typically requires multiple wash and deprotection steps, leading to reagent loss and
prolonged synthesis times. As DNA strands grow longer, cumulative errors and incomplete
couplings significantly reduce the yield of full-length products. Moreover, the current enzymatic
systems are optimized for synthesizing short oligonucleotides (<120 nt) rather than gene-length or
genome-scale DNA and attempts to extend sequence length typically rely on ligation of shorter
DNA fragments. Ligation-based assembly methods, while useful, suffer from low efficiency,
particularly when multiple fragments must be joined. The efficiency of each ligation step is rarely
greater than 90-95%, and yields drop sharply as the number of ligation junctions increases. This
severely limits the practicality of producing long, high-fidelity DNA molecules in high yield.

In response to these challenges, we present a DNA synthesis platform; NEMO: Nucleic acid
Enzymatic Modification and Oligo amplification, that leverages enzymatic amplification pathways
rather than direct nucleotide-by-nucleotide synthesis or ligation. Importantly, our approach is not
intended to replace existing synthesis platforms, but rather to augment them. By serving as a post-
synthesis amplification module, our system enables users to take chemically or enzymatically
synthesized oligonucleotides and generate high-yields suitable for downstream applications. This
plug-in architecture is compatible with existing workflows and provides a scalable solution for
enhancing oligo supply while preserving sequence integrity.

Our method exploits the strengths of enzymatic systems—high fidelity, environmental
sustainability, and cost-effectiveness—while avoiding the stepwise limitations of traditional
synthesis. Specifically, we use strand displacement polymerases and nicking enzymes to cyclically
amplify these oligonucleotides into single-stranded products. This strategy enables scalable, high-
throughput synthesis of user-defined DNA sequences with greatly reduced reagent consumption
and enhanced yields. In addition, our system supports the incorporation of chemical modifications
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and the generation of diverse DNA libraries, making it suitable for applications ranging from
diagnostics and synthetic biology to molecular computing and beyond.

Results

Optimization of NEMO for high-yield ssDNA production

To enzymatically amplify a defined single-stranded DNA (ssDNA) product, we employed a strand
displacement-based synthesis strategy using biotinylated DNA hairpin templates immobilized on
streptavidin-coated magnetic beads (Figure 2.1a). Each hairpin molecule contained a 15-
nucleotide (nt) double-stranded region harboring a nickase recognition site and a 30-nt single-
stranded 3’ overhang. Upon incubation at room temperature with a reaction mixture containing the
large Klenow fragment of DNA polymerase, the nickase Nt.Alwl, and dNTPs in CutSmart buffer,
the polymerase first extended the overhang, creating a complementary strand. Subsequent nicking
by Nt.Alwl in the double-stranded region facilitated the initiation of strand displacement synthesis,
enabling repeated extension and displacement cycles to amplify the ssDNA product.

We observed that pre-binding the biotinylated DNA hairpin to streptavidin-coated magnetic beads
prior to the amplification reaction resulted in both higher product purity and greater ssDNA yield
compared to direct addition of the hairpin into the reaction mixture. HPLC analysis showed a more
pronounced and isolated peak corresponding to the expected 60-nt ssDNA product in pre-bound
condition, suggesting more efficient and specific strand displacement synthesis. This improvement
may stem from the enhanced spatial organization and stability of the hairpin template when
immobilized on the bead surface, which could facilitate more effective access by the polymerase
and nickase enzymes. Immobilization likely minimizes intermolecular interactions or secondary
structures that can arise in solutions, thereby promoting processive synthesis and reducing off-
target amplification or premature termination. (Figure 2.1b-e)

To maximize ssDNA yield, we systematically optimize key reaction parameters of our enzymatic
synthesis platform.

1) We first evaluated polymerase choice and found that the large fragment of Klenow DNA
polymerase produced the most consistent and robust amplification. In contrast, Deep Vent
polymerase failed to generate ssDNA, likely due to the elevated incubation temperature (75 °C)
melting the hairpin structure required for initiation, thereby inhibiting polymerase activity. (Figure
2.19)

2) We next examined whether the reaction could proceed under isothermal conditions. Isothermal
incubation at room temperature yielded, on average, 55% more ssDNA compared to thermal
cycling, suggesting that Large Klenow fragment polymerase functions optimally under mild,
constant conditions. (Figure 2.1g)

3) The ratio of streptavidin-coated bead binding sites to biotinylated hairpins was also critical.
Higher bead-to-hairpin ratios consistently improved DNA yield, likely due to reduced steric
hindrance and molecular crowding at the bead surface. (Figure 2.1h)

4) Varying hairpin concentration revealed that the largest increase in ssDNA output—a 33.6%
improvement—occurred between 49.3 nM and 148 nM input, suggesting a threshold loading effect
for productive amplification. (Figure 2.11)

5) Nickase concentration was another key factor. DNA output increased steadily with enzyme
concentration, with no observable plateau until 1324.6 nM, indicating that nickase activity remains
rate-limiting at lower concentrations. (Figure 2.1j)
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6) Polymerase titration showed a 50% increase in DNA production when increasing the enzyme
concentration from 0.15 uM to 0.3 uM, after which yield declined, possibly due to nonspecific
activity or enzyme inhibition at higher concentrations. (Figure 2.1k)

7) ANTP concentrations also exhibited a biphasic trend. DNA production increased by 70.4% when
raised from 333.3 uM to 666.6 uM, but higher concentrations led to reduced output consistently
with the known inhibitory effects of excess dNTPs in polymerase reactions. (Figure 2.11)

8) Regarding reaction kinetics, most DNA synthesis occurred within 30 minutes, although
extending incubation to 1 hour yielded more consistent results across replicates, as indicated by
tighter error bars. (Figure 2.1m)

9) We further tested several reaction additives. Detergents such as Triton X-100 and Tween-20
enhanced DNA yield by 26% and 20%, respectively, and T4 gene 32 protein improved output by
14%. In contrast, betaine and DMSO reduced production by 64% and 71%, respectively. Other
common additives—such as BSA, 1,2-propanediol, ethylene glycol, and formamide—had
minimal or no effect on DNA yield. (Figure 2.1n)

Polymerase Immobilization Enhances Reusability and Reduces Cost

To reduce reagent consumption and improve scalability, we immobilized the DNA polymerase on
a solid support. We engineered a fusion version of the Large klenow fragment polymerase with an
N-terminal Avi-tag to enable specific biotinylation'* (Supplementary figure 2.1). Following
expression and purification, the fusion enzyme was immobilized on streptavidin-coated magnetic
beads via biotin—streptavidin interaction. (Figure 2.2a) This strategy allows for recovery and reuse
of the enzyme during product purification, eliminating loss of polymerase with each synthesis
cycle.

While enzyme immobilization markedly reduces yield compared to soluble enzyme reactions, it
offers advantages in workflow stability and reagent economy. Relative to a standard reaction using
unmodified Klenow polymerase (NEB), the fusion polymerase in solution yielded 69% less
product, and bead-immobilized polymerase produced 92% less (Figure 2.2b). However, this
reduction in yield was offset by the ability to reuse the polymerase—bead complex for at least seven
amplification cycles, with measurable products generated each round. (Figure 2.2¢)

Gel electrophoresis revealed that reactions using bead-bound polymerase exhibited higher purity
compared to reactions with soluble enzymes. The absence of nonspecific bands suggests fewer
off-target products and better-defined amplification. As expected, no amplification was observed
in the no-polymerase control. A faint high molecular weight band in that control lane was
confirmed via gel extraction and sequencing to be the hairpin DNA dissociating from the bead.
(Figure 2.2d)

Innovative Hairpin Architecture Enables Adapter-Free ssDNA Amplification

To further improve modularity and streamline ssDNA amplification, we designed a synthetic DNA
hairpin with an embedded Bbs-I restriction site that enables seamless integration with target
sequences. (Figure 2.2e) The hairpin contains a ligation-compatible sticky end that can anneal and
ligate to any double-stranded DNA fragment possessing a designated 5’ adapter sequence. This
configuration allows the user to convert arbitrary dsDNA sequences into amplifiable templates
without requiring specialized adapters or custom primers. During the synthesis process, the nicking
enzyme Nt.Alwl cleaves the adapter region precisely, producing scar-free single-stranded DNA
products. This design maintains the integrity of the target sequence and enables clean amplification
without residual adapter sequences in the final product. Using this system, we successfully
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amplified a 500-base pair (bp) target sequence, verified through sequencing, demonstrating the
compatibility of the modular hairpin design with longer templates (Figure 2.2f,g)). This innovation
not only improves the flexibility of the platform but also expands its applicability to a wider range
of synthetic and genomic DNA targets.

Amplification of Oligonucleotide Libraries Using Hairpin Architecture

Beyond individual sequence synthesis, NEMO supports robust amplification of complex
oligonucleotide libraries. To demonstrate this, we amplified a library of 183 distinct 200-
nucleotide sequences using the same hairpin-based architecture described earlier.

Gel electrophoresis confirmed successful amplification, showing a prominent band in the
amplified product lane that migrated slightly below the band corresponding to the input library—
consistent with the expected single-stranded nature of the product (Figure 2.3a). To assess whether
sequence diversity was preserved through amplification, we compared the relative frequency of
each sequence before and after amplification. The ratio of sequence abundances remained close to
1 across the library, indicating minimal amplification bias (Figure 2.3b). Further analysis of the
distribution characteristics revealed comparable skewness and kurtosis values between the input
and amplified libraries, supporting the conclusion that sequence representation was largely
maintained. (Figure 2.3¢,d)

To evaluate the scalability of the system, we performed consecutive 30-minute synthesis rounds
to determine how many amplification cycles could be performed from a single bead-hairpin
complex. Clear ssDNA bands were observed for up to 12 sequential reactions (Figure 2.3¢).
Beyond this point, target ssDNA was still detectable but exhibited reduced purity, likely due to
degradation or accumulation of side products over time. These results highlight the potential of
our platform for high-fidelity amplification of diverse DNA libraries with minimal sequence
distortion and sustained productivity over multiple cycles.

A suite of polymerases enables plug-and-play modified single-stranded DNA production

In addition to unmodified sequences, we demonstrate that our platform is compatible with a broad
range of chemical modifications. To evaluate the incorporation of modified nucleotides, we
substituted modified analogs for their canonical counterparts in a series of production reactions
using multiple DNA polymerases. Each reaction was assessed for successful DNA synthesis using
fragment analysis, Tapestation, or HPLC.

Of the 72 polymerase and modification combinations tested, 55 (76.4%) successfully produced
DNA products of the expected length (Table 1). Notably, certain modifications could only be
incorporated by specific polymerases. For example, Bst DNA polymerase was uniquely capable
of incorporating 8-oxo-dATP, KOD XL supported incorporation of FITC-dCTP, TxRed-dCTP,
and deaza-dGTP, and the Large Klenow Fragment enabled synthesis with aminoallyl-dUTP-DNP.
Importantly, at least one polymerase among the three tested could incorporate each of the 25
modifications evaluated, suggesting that our system can flexibly accommodate a wide range of
chemical functionalities with minimal protocol optimization.

While current protocols result in uniform substitution of a given base (e.g., all dCTPs replaced by

methyl-dCTPs), future development will focus on site-specific and patterned incorporation of
modified nucleotides. This would enable precise control over chemical functionality within a
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single DNA strand, critical for applications such as molecular barcoding, chemical cross-linking,
and synthetic epigenetics.

Looking forward, we plan to expand the suite of compatible modifications by testing at least 50
nucleotide analogs across these three and more polymerases. Additional efforts will explore
combinatorial incorporation of multiple modifications to generate complex, patterned DNA
molecules with enhanced utility in diagnostics and functional genomics. For example, we envision
producing probe libraries for multiplexed FISH imaging or chemically diverse scaffolds for
programmable nanomaterials.

Discussion

This work introduces a modular, enzymatic DNA amplification platform that directly addresses
these gaps by decoupling sequence synthesis from strand extension, thereby enabling sustainable
and high-throughput production of long ssDNA from short input oligonucleotides.

By functioning as a post-synthesis amplification module, it transforms low-yield outputs from
phosphoramidite or TdT-based systems into abundant, high-purity single-stranded products—
without the need for sequence-specific PCR or error-prone ligation. This "plug-in" amplification
strategy mitigates yield loss and dramatically improves material availability for downstream
applications. Importantly, it retains compatibility with existing manufacturing pipelines and oligo
providers, offering an immediately adoptable solution without requiring foundational changes to
synthesis workflows.

We also demonstrate the capability to produce chemically modified single-stranded DNA,
expanding the platform's applicability to areas such as biosensor development, nucleic acid-based
therapeutics, and programmable nanomaterials. Furthermore, the system's ability to amplify
diverse DNA libraries without introducing bias or compromising sequence integrity represents a
significant advancement for library-driven applications, including aptamer selection, gene circuit
screening, and molecular indexing. These features collectively contribute to a broader synthetic
biology toolkit by enabling scalable and precise access to both custom and pooled DNA products
that are otherwise difficult to obtain through direct synthesis.

Beyond methodological advancement, this work opens new directions for applied innovation. In
nucleic acid computation and nanotechnology, access to clean, custom-length ssDNA is a limiting
factor. Similarly, in genome editing and diagnostic probe development, the demand for highly
pure, defined-length ssDNA is rising. Our approach offers an attractive alternative for generating
donor templates for homology-directed repair (HDR), barcoded probes for spatial omics, or
orthogonal scaffolds for DNA origami. Additionally, the bead-based architecture readily integrates
with microfluidic platforms, suggesting potential for automation and continuous-flow production
systems.
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Figure 2.1: Enzymatic synthesis platform is optimized for high yield of ssDNA. a) Biotinylated
DNA hairpin molecules, consisting of a 15-nt double-stranded (dsDNA) region and a 30-nt single-
stranded (ssDNA) overhang, are immobilized on streptavidin-coated magnetic beads and
introduced into a reaction mixture containing DNA polymerase, nickase, deoxynucleotide
triphosphates (dNTPs), buffer, and water. During incubation at room temperature (RT), the
polymerase extends the single-stranded overhang, synthesizing the complementary strand. The
nickase then recognizes its specific recognition site within the double-stranded region and
introduces a single-strand break in the top DNA strand. This nicking event allows the polymerase
to initiate strand displacement synthesis, generating a single-stranded DNA product while
simultaneously filling in the complementary strand. The process repeats cyclically, leading to the
continuous amplification of the template strand. b)Biotinyated hairpin (4.43pmoles) was incubated
with streptavidin magnetic beads (88.8ug at RT. Biotinylated DNA hairpins (4.43 pmol) were
incubated with streptavidin-coated magnetic beads (88.4 pug) at room temperature (RT) to facilitate
binding. The bead-hairpin complex was then introduced into a reaction mixture containing large
Klenow fragment polymerase (0.3 uM), nickase Nt.Alwl (662.28 nM), deoxynucleotide
triphosphates (dANTPs, 666 uM), and 10X CutSmart buffer (3 pL), with the final reaction volume
adjusted to 30 pL. The mixture was incubated at 25°C for 1 hour, after which the bead-hairpin
complex was separated using a magnetic stand. The supernatant was collected and analyzed using
HPLC. The plot shows chromatography data and the red arrow indicates the peak corresponding
to expected ssDNA length of 60-nt. ¢ ) Biotinylated DNA hairpins (4.43pmol) were introduced
into a reaction mixture containing large Klenow fragment polymerase (0.3 uM), nickase Nt.AlwI
(662.28 nM), deoxynucleotide triphosphates (AINTPs, 666 uM), and 10X CutSmart buffer (3 pL),
with the final reaction volume adjusted to 30 pL. The mixture was incubated at 25°C for 1 hour,
after which the bead-hairpin complex was separated using a magnetic stand. The supernatant was
collected and analyzed using HPLC. The plot shows chromatography data and the red arrow
indicates the peak corresponding to expected ssDNA length of 60-nt. d) Area under curve (AUC)
was calculated (cite cremer code paper) for both peaks indicated in (b) and (c ). The purity of the
product was determined by calculating the ratio of AUC of the desired peak to the total AUC of
all detected peaks in the chromatogram. e) AUC for both peaks indicated in (b) and (c ) used to
calculate total DNA produced in reaction based on a standard curve (supplementary data).(f-g) All
experiments performed in triplicate. Dots on the bars represent data points and the error bar
indicates 95% confidence intervals. f) DNA Polymerase Selection. The biotinylated hairpin
reaction described in (b) was carried out using different DNA polymerases under their respective
recommended conditions. Phi29 DNA polymerase (10 U) was tested with a cycling protocol of
30 °C for 5 min, followed by 37 °C for 15 min, repeated for three cycles, and a final hold at 30 °C
for 5 min. Large Klenow fragment (5 U) was tested with a cycling profile of 25 °C for 5 min,
followed by 37 °C for 15 min (%3), and a final incubation at 25 °C for 5 min. Bst DNA polymerase
(8 U) was incubated at 65 °C for 5 min, followed by 37 °C for 15 min (x3), and a final step at
65 °C for 5 min. Deep Vent polymerase (2 U) was tested with a thermal profile of 75 °C for 5 min,
37 °C for 15 min (x3), and 75 °C for 5 min. All reactions were performed in 30 pL total volume
using the same buffer, dNTP, hairpin, and nickase concentrations as described in (b), unless
otherwise stated. Results analyzed using HPLC g) Temperature Optimization. Reactions were
carried out under three different thermal conditions: (1) cycling: 25 °C for 5 min, 37 °C for 15 min
(x3), followed by 25 °C for 5 min; (ii) static temperatures of 25 °C, 30 °C, or 37 °C for 1 hour. All
reactions used large Klenow polymerase (0.3 uM) with other components as described in (b).
Results analyzed using HPLC h) Streptavidin Bead-to-Hairpin Ratio Optimization.The amount of
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streptavidin-coated magnetic beads was varied while keeping the input hairpin quantity constant
(4.43 pmol) to determine the optimal bead-to-DNA ratio for immobilization. Bead volumes tested
included 8.84 ug (1:1), 17.6 ug (2:1), 44.4ug (5:1), 88.6 ug (10:1), 177.2 ug (20:1), and 444ug
(50:1). Results analyzed using HPLC.(i) Hairpin Concentration Titration. Hairpin concentrations
were varied (16.45, 49.34, 148, 444, and 1332 nM) in the standard 30 pL reaction to assess the
scalability of the amplification system. Polymerase, nickase, ANTPs, and bead amounts were held
constant as per standard reaction conditions (see panel b).Results analyzed using HPLC j) Nt.Alwl
nickase concentrations were varied across a broad range (41.39, 82.79, 162.57, 331.14, 662.29,
and 1324.58 nM) while maintaining all other reaction parameters constant to identify the
concentration range that supports efficient strand displacement. Results analyzed using HPLC. k)
DNA Polymerase Concentration Optimization. Large Klenow fragment was tested at final
concentrations of 0.15, 0.3, 0.61, 1.21, 2.43, and 4.86 uM to assess the effect of polymerase
concentration on reaction yield. Results analyzed using HPLC. 1) The reaction on nucleotide
availability, the final concentration of ANTPs was varied: 83.35, 166.67, 333.3, 666.6, and 1333.3
pM. All other reaction components and incubation parameters were held constant. Results
analyzed using HPLC. m) Time Course Analysis. Reaction progression was assessed by
incubating reactions for varying durations: 15 min, 30 min, 1 h, 2 h, and 4 h. All reactions used
148 nM hairpin, 0.3 uM large Klenow polymerase, 662.28 nM nickase, 666 uM dNTPs, and a 1:1
bead-to-DNA ratio at 25 °C. Results analyzed using HPLC. n) Additive Screening. The following
additives were individually screened underreaction conditions as used in (b): 2.2 M betaine, 0.816
M 1,2-propanediol, 0.1 mg/mL BSA, 1.075 M ethylene glycol, 10% (w/v) DMSO, 5% (w/v)
formamide, 0.1% Triton X-100, 0.1% Tween-20, and T4 gene 32 protein (4 uM). Each additive
was tested in a separate reaction, and product yield was assessed via Fragment analyzer.

26



Nickase
recognition site

(OO

Template

- .
bl e

C

Biotin-
streptavidin

7 interaction
& < ‘ v

Polymerase and . .
Nicking DNA
endonuclease nucleotides

4) Next cycle

. 1) Strand
begins extension
3) Strand displaced
by polymerase ‘\{’

O cn

2) Strand nicked after
recognition site

o

35000
30000 |
25000
20000
15000

10000

Intensity (baseline corrected)

12 13 14 15 16 17 18 19
Time (min)

-
n

Percent purity
=
k=]

On Bead

In Solution
Hairpin position

Total DNA produced (ng)

Cc
. 10000
g 8000
S
@
£ 6000
&
©
&
= 4000
@
z
g
£ 2000

[

12 13 14 15 16 17 18 19
Time (min)
On Bead In Solution

Hairpin position

27



-

Total DNA produced (ng)

Total DNA produced (ng)

160

140

120

100

80

A .

Phi29 Large Bst Deep
Klenow Vent

DNA polymerases

1000 o
800
600
400

200

Omﬂ
.\}-,{b

KRS S
S S AN
™ ? \'b ,,’“7 @h \,’,;\,

Nickase concentration (nM)

Total DNA produced (ng)

Total DNA produced (ng)

200

150

~
G
l=]

™~
=1
=]

100

50

Q25<>37’ 25 30 37

Large klenow
incubation temperature (C)

-
@
=]

-
o
1=}

w
=]

0.15 0.3 0.61 1.21 2.43 4.86

Polymerase concentration
(uM)

=

E=3
o
o

300 %

N
(=]
o

Total DNA produced (ng)
S
o

Total DNA produced (ng)

Total DNA produced (ng)

=2

- - -
N = o
o =) =]

—
o
=]

80

60

40

20

1:1 2:1 5:1 10:1 20:1 50:1
Ratio (binding sites:hairpin)

600
500
400
300

200

o il

<l ©
el ©
ot o oy
A ‘\b ”;’

o ]
hé"h >
>

dNTP concentration (uM)

Reaction additives

Total DNA produced (ng)

Total DNA produced (ng)

o
=]

IS
=]

N
=]

400

300

200

> S A o
P e 3 48
IR

Hairpin concentration (nM)

025 05 10 20 40
Incubation time (h)

28



Figure 2.2: Molecular innovation bypasses fundamental barriers to scaling.(a-d) Polymerase
immobilization and reusability a) Polymerase reusability. A variant of large klenow was
recombinantly produced to have an attached biotin molecule. It was incubated with streptavidin
magnetic beads and added to a reaction mixture of nickase, dANTPS, buffer and biotinylated DNA
hairpin to produce ssDNA copies of the hairpin template. b) RLK: recombinantly produced fusion
large klenow, NLK: NEB large klenow. 1) recombinant polymerase was bound to streptavidin
magnetic beads (44.4ug) and added to the rest of the reaction mixture as used in fig (Im) at a
concentration of 0.3uM. 2) recombinant polymerase was added in solution to reaction mixture as
used in fig (1m) at a concentration of 0.3uM 3) neb klenow was added to a reaction mixture as
used in fig (1m). All reaction mixtures were Incubated at 25°C and the supernatant after bead
separation was analyzed on HPLC. ¢) Tethered polymerase reusability: 0.3uM polymerase tethered
to 44.4ug streptavidin magnetic beads was introduced to a reaction mixture containing 4.43pmol
DNA hairpin tethered to 44.4ug magnetic beads, nickase Nt.Alwl (662.28 nM), deoxynucleotide
triphosphates (ANTPs, 666 uM), and 10X CutSmart buffer (3 pL), with the final reaction volume
adjusted to 30 pL. Mixture was incubated at 25°C for 1 hour. The magnetic beads were separated
using a magnetic stand and the supernatant was collected for analysis. The magnetic beads were
reconstituted in a new reaction mixture and incubated for the next cycle. This was repeated for 7
hours total. d) 5 ul of production samples from 2(b) and (c ) were run on an TBE-Urea gel. Lane:
ssDNA 60-mer ordered from IDT. Red arrow indicates the location of the 60-mer expected form
production reactions, Lane 2: Sul from (2b-3), Lane 3: 5ul from (2b-2), Lane 4: Sul from (2c- run
1), Lane 5: Sul from (2c¢- run 2), Lane 6: Reaction mixture similar to 1b) was incubated, this time
with no polymerase added to the reaction. e-g) Innovation in hairpin design. €) DNA hairpin was
designed to have a bbs1 cut site along with the standard Nt.Alw1 cutsite on its double stranded
region. The red arrows indicate the location of the cuts made by the bbsl enzyme. Green arrow
represents the location of nick made by Nt. Alwl. A double stranded DNA template treated with
bbs-1 can be ligated to a biotinylated DNA hairpin. Subsequently, ssDNA can be produced
repeatedly from this template leaving no scar on the produced DNA. f) Agarose gel image. Lane
1: GeneRuler 1 kb plus ladder, Lane 2: First, 4.43pmols of biotinylated DNA hairpin (HP2) were
bound to streptavidin magnetic beads (44.4 ug) in triplicate. For each replicate, the magnetic beads
were separated from the supernatant and were reconstituted in a ligation reaction mixture
containing 1ul T4 DNA ligase, 2 ul 10X ligase buffer, 4.43pmol of bbs-1 digested 500bp DNA
and made up to 20ul with water. This mixture was incubated for 1 hour at 37°C. The magnetic
beads were then separated, pooled and added to a production reaction mixture containing
polymerase (0.3uM), nickase Nt.Alwl (662.28 nM), deoxynucleotide triphosphates (ANTPs, 666
uM), and 10X CutSmart buffer (3 puL), with the final reaction volume adjusted to 30 pL. The
reaction mix was incubated at 25°C for 1h. Magnetic beads were separated, and supernatant was
run on the agarose gel. Lane 3: 500bp DNA digested with bbs-1. Lane 4: GeneRuler 1 kb plus
ladder. g) Agarose gel image. Lane 1: GeneRuler 1 kb plus ladder, Lane 2: Gel band from (f) Lane
2 was amplified using primers designed for the 500bp DNA template. PCR product was run on the
gel. The red arrow indicates the 500 bp amplified band that was extracted and sent for sequencing.
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Figure 2.3: Library amplification. a) Agarose gel image. a) Lanel: GeneRuler 1 kb plus
ladder, Lane 2: First, 4.43pmols of biotinylated DNA hairpin (HP2) was bound to streptavidin
magnetic beads (44.4 pg) in triplicate. Next, the magnetic beads were separated from the
supernatant and were reconstituted in a ligation reaction mixture containing lul T4 DNA ligase,
2 ul 10X ligase buffer, 4.43pmol of bbs-1 digested 200 bp DNA library and made up to 20 ul
with water. This mixture was incubated for 1 hour at 37°C. The magnetic beads were then
separated, pooled and added to a production reaction mixture run on the agarose gel. Lane 3:
500bp DNA digested with bbs-1. Lane 4: GeneRuler 1 kb plus ladder. b) DNA from ssDNA
band from lane 2 was extracted and amplified for 5 PCR cycles using 200 bp library primers.
The initial library sample used in the ligation reaction was also amplified using the 200 bp
library primers for 5 PCR cycles. Both samples were sent for amplicon EZ sequencing. Ratio of
percent copies of a certain sequence in the sequencing data from the produced sample to that of
the initial library sample was plotted for all 183 library sequences. ¢-d) 50,000 sequences from
the sequencing data form both the initial and produced samples were analyzed and ¢) skewness
and d) kurtosis were plotted. e) First, 4.43pmols of biotinylated DNA hairpin (HP2) were bound
to streptavidin magnetic beads (44.4 pg). Next, the magnetic beads were separated from the
supernatant and were reconstituted in a ligation reaction mixture containing 1pul T4 DNA ligase,
2ul 10X ligase buffer, 4.43pmol of bbs-1 digested 200 bp DNA library and made up to 20 ul
with water. This mixture was incubated for 1 hour at 37°C. The magnetic beads were then
separated and added to a production reaction mixture containing polymerase (0.3uM), nickase
Nt.Alwl (662.28 nM), deoxynucleotide triphosphates (ANTPs, 666 uM), and 10X CutSmart
buffer (3 uL), with the final reaction volume adjusted to 30 pL. The reaction mix was incubated
at 25°C for 30 minutes. Magnetic beads were separated and added to a new reaction mixture and
incubated for the next cycle. This was repeated for 12 rounds total.
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Table 2.1. Qualitative analysis of the amplification of modified single-strand DNA by three
polymerases.

Polymerase

. . Modified
Modification Large Klenow Bst large KOD

Base
fragment fragment XL

8-Oxo-dATP

N6-(6-Aminohexyl)-dATP

Biotin-14-dATP dATP

< =<1z

Desthiobiotin-7-dATP

FITC-dATP

5-Methyl-dCTP

5-Hydroxymethyl-dCTP

5-Propargylamino-dCTP

5-Azido-PEG4-dCTP

dCTP
C8-Alkyne-dCTP

Biotin-16-dCTP

FITC-dCTP

TxRed-dCTP

Deaza-dGTP

Mant-dGTP

dGTPaS dGTP

ol o T o Bl ol ool ool el e ol el ol e

FITC-dGTP

TexasRed-dGTP

Aminoallyl-dUTP-DNP

5-Ethynyl-dUTP (5-
EJUTP)

C8-Alkyne-dUTP

Biotin-11-dUTP dTTP

Aminoallyl-dUTP

<K< <2

FITC-dUTP
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CHAPTER 3: Deep Learning Predicts DNA-DNA Binding with High Accuracy
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Abstract:

The ability to predict the interactions between DNA molecules is broadly important. It underlies
core research methods in molecular and cell biology, drives the accuracy of disease detection and
diagnostic tools, supports high throughput bioengineering, and could unlock next generation
technologies like DNA-based data storage and computation. Yet, prediction algorithms remain far
from perfect with three primary limitations. First, experimental datasets that could inform
predictive models are very limited in scale. Second, existing models are computationally intensive,
and it is therefore intractable to determine or design binding specificities by accounting for all
potential sequence interactions in a system. Third, even state of the art thermodynamic models
yield poor accuracies below 70%. Here, we present BINND - Binding and Interaction Neural
Network for DNA. BINND comprises in part an ultra-high throughput wet lab platform to measure
millions of DNA-DNA interactions across dozens of experimental conditions. It also comprises a
new deep learning model trained on this unique dataset that attains accuracies of 83% and
generalizability across both a diverse sequence space and varied interaction environments
including ionic strength. In addition to its leading accuracy, BINND achieves speeds 2 orders of
magnitude greater than current state-of-the-art models. A complex DNA interaction network
designed using BINND demonstrates its accuracy, scalability, and engineering utility without the
need for a large computational infrastructure. This work paves the way for deeper insights into
sequence-specific DNA interactions and opens new avenues for applications in molecular biology,
genomics and biotechnology.

Introduction:

Accurately predicting the hybridization between DNA molecules is important across broad
application spaces including genomics research!, diagnostics?>, molecular computation®>, DNA
nanotechnology”, and molecular biology’. Molecular hybridization in DNA systems is typically
designed using a combination of thermodynamic models®’#, edit distance, hamming distance, GC
content and melting temperature”'®. Despite decades of research, these existing models exhibit
low accuracies (<70%), are computationally intensive, and do not scale well for practical
applications. For instance, analyzing all mutual pairwise interactions among just 109 DNA
sequences currently requires over 128 GB of memory. Both memory usage and computation time
increase rapidly, approximately proportional to the square of the number of sequences. They
therefore currently serve only as rough starting points which are then phenomenologically and
laboriously validated for each specific application.
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These limitations arise due to four major challenges: 1) Experimental datasets are small''""%. 2)
Hybridization is dependent on three-dimensional conformations, with DNA being very flexible
and able to form diverse hairpin structures; 3) Hybridization is dependent on dynamic processes
that are hard to model especially in a computationally efficient manne?; 4) Molecules with the
same DNA sequence can adopt many different conformations, and thus a solution of identical
DNA sequences will exist as a conformational ensemble. The combined challenge of the physical
complexity of DNA-DNA hybridization paired with the intractability of trying to directly model
those mechanisms computationally is well suited for a machine learning approach to develop an
accurate and fast predictive model. A key limitation is the lack of ground truth experimental data.
For example, prior work trained a convolutional neural network using in-silico data predicted using
computationally intensive thermodynamic algorithms®!. This essentially converted
thermodynamic in-silico predictions into a more efficient algorithm, but it remains unable to
improve in accuracy predicting ground truth measurements.

Here we address these experimental and computational challenges through generation of wet lab
datasets that capture the broadest, most diverse, and deepest experimental sequence space to date
by over 11 orders of magnitude. In concert, we develop a robust and generalizable machine
learning model, BINND - Binding and Interaction Neural Network for DNA, with strong
performance on both standard and custom evaluation metrics, including a high area under the ROC
curve (AUC). We comprehensively evaluate the performance characteristics of BINND including
its speed, memory usage, error rates, accuracy, and we benchmark them against the state-of-the-
art models. We further perform experiments to assess the generalizability and versatility of BINND
to varying environmental conditions. Finally, we design a complex synthetic system with highly
overlapping and multivalent yet fully defined and controlled interaction networks to challenge the
accuracy, power, and scalability of BINND.

Results:

Ultra-high throughput platform robustly enriches hybridizing sequences

Our goal is to develop an accurate and computationally tractable predictive model of DNA
hybridization. We focus here on ~20mer DNA sequences as they are commonly used in
biotechnology as probes for diagnostics, hybridization sites for PCR, and file addresses or
computational motifs in DNA-based information technologies. With a theoretical parameter space
comprising 4% distinct sequences, the first need is to develop a wet lab platform capable of
detecting a large number of specific hybridization measurements from within an even larger pool
of sequences. Conventional approaches to detect DNA hybridization like spectrophotometry,
microarrays, and melt-curves do not scale adequately, typically limited to hundreds of measurable
interactions at most. In contrast, next generation sequencing (NGS) could provide measurement
scales in the millions to trillions if two challenges can be solved: 1) NGS of experiments exploring
multiple conditions is cost-prohibitive unless the sequencing is performed in a pooled fashion; 2)
existing NGS formats cannot directly sequence short 20mer oligomers nor single stranded DNAs.
We address these challenges in our design of a platform that measures the interactions of a DNA
library consisting of all possible 20mer sequences (‘prey’) with a set of fixed 20mer sequences
(‘bait’). To enable multiplexed and pooled sequencing readouts, the prey DNA comprises a fixed
40 base-pair (bp) double stranded DNA (dsDNA) domain followed by a 20 nucleotide (nt)
randomized single stranded domain (ssDNA) (Figure 3.1A). The dsDNA domain contains an 40
bp barcode sequence that indicates which experimental condition a sequencing read is obtained
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from, while the ssDNA region is comprised of random 20mer sequences created through
phosphoramidite synthesis where all four phosphoramidites are present and could be incorporated
in every synthesis cycle. Multiple prey libraries can be generated, with all DNAs within each prey
library sharing an identical barcode sequence. The workflow is then to mix the prey library with
biotinylated 20mer ssDNA baits composed of a single sequence. The mixture is then incubated
with streptavidin magnetic beads to enrich for prey DNA that bound to the bait DNA. The enriched
prey DNA is then A-tailed to provide a universal ligation site for adaptor oligos at the 3’ end. An
extension reaction then generates a strand complementary to the template fragment. Adaptor oligos
are ligated to the 5’ end of the original strand before a PCR adds additional indexing adaptors to
both ends and amplifies the sequences. These steps extend the length of the prey DNA as well as
convert the prey DNA into fully dsSDNA compatible with NGS.

Here we first assess the robustness of this method with an experiment and traditional analyses. 26
different bait sequences labeled A-Z are computationally designed to cover a broad sequence space
and to be highly dissimilar from each other (Supplementary Figure 3.1, Supplementary Table 3.1).
Each bait is separately mixed with copies of the same prey library at equimolar amounts,
magnetically enriched, and submitted for NGS. Three results are expected if the method is robust.
First, with equimolar prey and bait, the mass of bound prey should be substantially lower than the
mass of the total prey as the majority of random 20mer sequences would be expected to be very
dissimilar and hence not bind the bait sequence. Indeed, this is what is observed experimentally,
with less than 0.2% by mass of the input prey bound by the bait (Figure 3.1B). Second, as the bait
sequences are highly dissimilar, they should share very few bound prey sequences. Indeed, only
0.07% of the bound sequences appear in more than one dataset, with most of these appearing only
in 2 bound datasets (Figure 3.1C). This suggests the assay minimizes non-specific binding.

The third expected result is the most difficult to validate; it is whether the method actually enriches
for prey sequences that should bind to each bait sequence or if the assay is dominated by non-
specific binding. As there is no existing experimental method nor model that operates at high scale
and accuracy, the closeness of the method to reflect ground truth is difficult to validate aside from
demonstrating high accuracy in its end-stage performance. However, an intermediate step using
conventional models, while imperfect, could still be used to assess if the method is generally
enriching prey sequences as expected. For example, edit distances and Gibbs free energy
differences (AG) between each prey sequence and the bait are expected to be lower for stronger
binding partners. Indeed, the edit distance and AG distributions of the bound prey sequences shift
lower as expected compared to the unbound and total distributions (Figure 3.1D-E). A similar
trend in edit distance and AG is observed when the assay is repeated on all 26 bait sequences
(Figure 3.1F,G), indicating that the assay is enriching for prey sequences with greater similarity to
the bait protein and that this is robust across a diverse sequence space.

BINND distinctly stratifies binding and non-binding sequences

The substantial overlaps between the bound and unbound edit distance and AG distributions
(Figure 3.1D-G) are direct illustrations of how conventional metrics and models are unable to
distinctly stratify binding from non-binding sequences. This underscores the complexity of DNA
interactions and highlights the need for more advanced models. Convolutional neural networks
(CNN) could learn complex patterns and trends driving DNA interactions if provided sufficient
data. Here we develop a CNN (Figure 3.2A, Supplementary Figure 3.1.1, Supplementary Table
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3.1.1) and train it on our dataset of ~130 million experimentally generated sequence pairs and
evaluate it on an independent test set of ~14.5 million sequence pairs. At a fixed classification
threshold of 0.5, the confusion matrix (Figure 3.2B) yields a false-positive rate of 2.97% and a
false-negative rate of 13.55%, corresponding to true-positive and true-negative rates of 36.45%
and 47.03%, respectively. Reassuringly, the model achieves its highest accuracies at probabilities
near 0 and 1 and its lowest accuracies around the 0.5 threshold (Figure 3.2C). As a distinct metric
of classification accuracy independent of any threshold, the area under the receiver operating
characteristic curve yields an AUC of 0.88, indicating strong overall discriminatory power (Figure
3.2D).

The discriminatory power of the CNN is further illustrated when the bound and unbound sequences
are plotted as functions of the CNN prediction probability (Figure 3.2E-F). Compared to the same
sequences plotted as functions of edit distance or AG that exhibit considerable overlap between
bound and unbound distributions (Figure 3.1D-G), the CNN generates substantially improved
discrimination between bound and unbound populations with complete non-overlapping
bifurcation of the populations for >90% of the sequences. Two additional analyses provide
confidence in the CNN model. First, the vast majority of the false predictions lie in the region of
AG overlap between bound and unbound sequences; furthermore, the false positives are shifted to
lower AG relative to the false negatives, suggesting the CNN is learning in part thermodynamic
rules that contribute to binding from only sequence information (Supplementary Figure 3.2).
Second, BINND achieved an accuracy of 100% when tested on 1 million perfectly complementary
sequence pairs of which none existed in the experimental dataset.

BINND is faster and more accurate than state-of-the-art prediction models

Current state-of-the-art nucleic acid design and analysis tools, such as NUPACK and Primer3, are
commonly used for modeling DNA hybridization but suffer from relatively low accuracies, with
more than 26% error-rates. Furthermore, they are typically used only to assess the probability of
homo- or hetero-dimerization between just two sequences; they do not scale well to predict binding
of each sequence within a set to all other sequences in that set, as the computational cost of their
thermodynamic calculations grow exponentially with set size (Figure 3.3A). Yet, this type of
comprehensive systematic analysis is important to assess the specificity of binding in any even
moderately complex synthetic or biological system.

To assess how BINND performs in speed and accuracy, we benchmark it against state-of-the-art
predictors, including edit distance and thermodynamic (AG)-based models like NUPACK and
Primer3, using an experimental dataset comprising ~14.5 million sequence pairs. BINND
outperforms all three models by at least 10% in classification accuracy (Figure 3.3, Supplementary
Figure 3.2.1). In addition, a CNN with the same architecture as BINND but trained on random
sequences achieves an accuracy of 50% as expected of a random classifier. A CNN trained on in
silico data generated by classifying sequence pairs as bound or unbound using a AG threshold
reaches an accuracy of 66%. In contrast, BINND, trained on our experimental data, obtains an
83% accuracy (Figure 3.3C).

BINND leverages GPU acceleration, unlike its AG-based counterparts, NUPACK and Primer3,

which do not support GPU execution. Owing to the inherently parallel nature of CNN
computations, BINND exhibits substantial performance gains when run on a GPU, achieving a
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54.4x speedup over NUPACK and a 7.1x speedup over Primer3. Even when run on a CPU, BINND
achieves comparable performance. Even with the increased accuracy and reduced execution time,
average and peak memory requirements remain at or below those of existing state-of-the-art
binding prediction models (Figure 3.3D-F). To further facilitate the utility of BINND in resource-
constrained settings, BINND-Lite is a more compact variant that reduces model complexity. It
trains 2.2x faster on a GPU and achieves 10x faster inference on a CPU compared to BINND.

BINND demonstrates data efficient learning and generalizes well from limited data

The size of the full sequence space of 20mer oligos is just over 1 trillion (4%°). The dataset used to
train BINND is just ~0.01% of that space, predominantly limited by sequencing costs. The
accuracy it achieves despite this data sparsity demonstrates data efficient learning. However, the
training and test data are both derived using the same bait sequences. Thus, BINND generalizes
well within the context of the bait sequences used, but it is unclear how well it generalizes to data
obtained using bait sequences distinct from the training dataset. To quantify its ability to generalize
from limited data across diverse bait sequences, multiple models, created by training on datasets
derived from incrementally increasing numbers of distinct bait sequences, (N =1...25) are tested
on the held-out datasets (Figure 3.4A). The AUC rises steeply up from ~0.55 at N =1 to a plateau
of ~0.8 beginning at N = 11. This early plateau demonstrates that BINND rapidly captures the core
features governing binding specificity, and is able to predict binding to unseen bait sequences with
high accuracy.

This analysis averages the AUC for all possible combinations of bait datasets for each value of N.
However, it is possible some bait datasets contribute to the AUC differently depending on some
unique feature of their sequence or on the quality of the data itself. To assess the impact of each
bait dataset, BINND is trained on 25 bait datasets and tested on the 26™, with this repeated for all
26 possible combinations of bait datasets. BINND achieves an AUC > 0.80 for the vast majority
of bait dataset combinations; only five are below this mark (Figure 3.4B). This uniformly high
classification performance confirms the model robustness across diverse sequence
backgrounds. The converse experiment can also be performed where single bait datasets are used
to train a model and then be used to predict binding across the remaining 25 datasets (Figure 3.4C).
In this experiment, the average AUC remains above the random-guess baseline of 0.50, indicating
that even with extremely limited training data the model learns generalizable binding rules rather
than overfitting to specific sequences (Supplementary Figure 3.4).

The parameter space of DNA-DNA interactions is larger than just the sequence
space; environmental parameters are known to alter these interactions. For example, it is generally
known that as salt concentration increases, DNA interactions become more stringent. BINND is
able to learn in distinct environmental contexts as well (Figure 3.4D). When BINND is trained on
data obtained in low ionic strength buffer, it achieves strong but uniform classification
performance for test datasets obtained in low, medium and high ionic strength conditions, with
AUC values of 0.88, 0.89 and 0.89, respectively. When trained on medium ionic strength datasets,
the AUC for low ionic strength datasets drops by 2% while the AUCs for medium and high ionic
strength datasets increase by 1% and 2%, respectively. When trained on a high ionic strength
dataset, the AUC further drops by 1% when testing on low ionic strength datasets, while medium
and high ionic strength AUCs remain the same and increase by 1%, respectively. These shifts in
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performance reflect the increasing thermodynamic stringency in higher ionic strength
environments and highlight the ability of BINND to function in diverse assay environments.

BINND can design hyperconnected and multivalent interaction networks

Hyperconnected, multivalent interaction networks are common in natural biological systems, and
if they could be engineered, they could drive new classes of technologies such as DNA-based
information storage and computation. Hyperconnected, multivalent interaction networks are
characterized by: nodes (in this case DNA molecules) binding to many other nodes, especially
through non-redundant interactions; dissimilar molecules interacting with the same target
molecule, with this pattern propagating recursively through the network; high dimensionality and
dense connections; and molecules participating in multiple diverse interactions (Figure 3.5A).
Such networks are highly efficient as they can reduce the total number of components needed to
drive complex emergent functions through diverse feedback and feedforward network motifs.
However, creating such networks is hard as it requires the design of multiple interactions that are
mutually dependent on each other while creating attractive and repulsive forces between molecules
that are in some cases similar and in other cases dissimilar from each other. BINND is accurate,
fast, and generalizes well from limited data, three characteristics precisely needed to address the
challenge of designing a hyperconnected, multivalent interaction network.

To test the ability of BINND to create a hyperconnected and multivalent network, we design a
matrix of interactions between the 26 bait sequences (A-Z) and 96 new and fully defined prey
sequences (Figure 3.5B, Supplementary Figure 3.5A, Supplementary Figure 3.5.1). The
interaction matrix can also be visualized as comprising a zigzag pattern (Figure 3.5C). This is a
highly challenging hyperconnected network to design for several reasons: it requires three
dissimilar baits to interact with the same prey, and to do so recursively through all 26 baits (this is
represented by one diagonal of the zigzag); it requires this recursive cycle to be repeated multiple
times with distinct sets of prey (the 6 diagonals of the zigzag); there are baits that need to be
designed to bind between 2 to 18 of the 96 prey; and there are substantial numbers of interactions
that must remain non-binding, meaning that the system cannot simply be highly non-specific.

This hyperconnected network, when implemented in the wet lab using each biotinylated bait to
perform separate equimolar pulldowns of the pooled 96 preys, performed remarkably well and
recapitulated much of the expected zigzag pattern (Figure 3.5C) as well as the network architecture
(Figure 3.5D). The prediction probability of each prey also correlated strongly and monotonically
with its enrichment (Figure 3.5E). As expected, compared to a randomer prey pool (Figure 3.1A),
the mass of prey pulled down from this specially designed 96-member pool was substantially
greater, ranging from 18.6% to 58.9% (Supplementary Figure 3.5B). BINND also outperformed
NUPACK by over 100% in predicting bound sequences (Figure 3.5C), a rate far greater than when
comparing their prediction accuracy for solely binary interactions (Figure 3.3B).

Discussion

This work differs from prior efforts that focused primarily on engineering orthogonal interactions
between binary sequence pairs or small sets of binding partners?>?>** Instead, BINND is designed
to operate effectively in hyperconnected systems, where numerous oligonucleotides must interact
selectively within a densely constrained network. Designing such systems introduces
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combinatorial complexity that fundamentally exceeds the demands of binary orthogonality.
BINND’s ability to handle these cases represents a shift toward scalable, network-level control of
nucleic acid hybridization.

A striking result is that BINND outperforms NUPACK by a substantially greater margin when
applied to complex systems compared to binary scenarios. This suggests that the performance of
predictive models in simple test cases may not be indicative of their utility in real applications. As
the number of interacting components increases, so too does the need for precise discrimination.
BINND’s growing advantage in these regimes highlights its potential as a more reliable tool for
high-density interaction design.

It was not initially clear whether a model trained on a narrow subset of sequence space could
generalize to the broader space of possible hybridization events. Our results show that BINND
succeeds in doing so, suggesting that the constraints governing hybridization are sufficiently
structured to be learned from limited data. This has significant implications for model
development, as it enables accurate prediction without requiring prohibitively large training
datasets.

Notably, BINND maintains high accuracy even under elevated salt concentrations, where
thermodynamic distinctions between partial and complete matches are more difficult to resolve.
This result suggests that complex systems may be designed and deployed under stringent buffer
conditions without requiring extensive empirical tuning, making the model particularly useful in
diagnostic, biosensing, and synthetic biology contexts where solution conditions are variable or
constrained. Looking ahead, BINND’s flexibility opens promising directions for future work.
Application to RNA and hybrid nucleic acid systems would broaden its relevance to gene
regulation, therapeutics, and programmable molecular devices. In parallel, incorporating
uncertainty-based experimental design could accelerate model improvement by focusing new data
collection on regions of low confidence. Together, these extensions would further enhance
BINND’s role as a generalizable and efficient tool for nucleic acid interaction design across diverse
biological and engineering applications.
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Figure 3.1: Ultra-high throughput platform robustly enriches sequences based on
conventional predictors of DNA-DNA binding. A) The initial barcoded library consists of a
fixed 40-nt dsDNA barcode region followed by a randomized 20-nt overhang sequence. The initial
library was annealed to a biotinylated oligonucleotide of known sequence at equimolar
concentration by heating the mixture to 68°C for 10 minutes and cooling at 1°C per minute until
the mixture reached 4°C. The product was then incubated with streptavidin magnetic beads at RT
for 30 minutes to ensure all library strands bound to the BP are on magnetic beads. A magnetic
stand was used to separate the beads, and the supernatant was extracted and stored as the unbound
library. The beads were reconstituted in 20ul water and heated to 68°C for 10 minutes to melt
bound library strands off the BP. The heated mixture was immediately placed on a magnetic stand,
and the supernatant was extracted and stored as the bound library. The initial, bound and unbound
libraries underwent library preparation before being sent for Next-generation sequencing. B) Mass
of bound, unbound and initial libraries was measured using a fragment analyzer. The dot plot
displays the logarithmic ratio of mass of bound or unbound libraries to mass of the initial library
for that assay. C) unique bound datasets from all 26 assays (80.3 million sequence pairs) were
analyzed to find overlaps. Percent ratio of overlapping sequences to total sequences in the bound
datasets was plotted. Most overlapping sequences were found in no more than 2 datasets. D) A
percentage of sequences at a particular edit distance to all sequences in the sequenced library was
plotted for the bound (green) and unbound (red) libraries. The same analysis was performed for all
possible 20-mer sequences (4°20) and plotted (blue). E) A percentage of sequences at a particular
AG value in the sequenced library to the total number of sequences in that library was plotted for
the bound (green) and unbound (red) libraries. 7.1 million sequence pairs were analyzed, 3.2
million from bound and 3.9 million from unbound the library. 1 million random 20-mer sequences
were analyzed for their AG values and plotted (blue). Bin size of 0.1 was set for AG values for
plotting. F) Assay was performed for 26 different biotinylated ssDNA sequences. Bound and
unbound libraries from all 26 assays were collected, sequenced and edit distance was calculated.
Heatmap shows the edit distance distribution of all sequences in the bound, unbound and initial
libraries. G) Heatmap shows the AG distribution of all sequences in the bound, unbound and initial
libraries for all 26 assays.
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Figure 3.2: BINND is a robust CNN that can better distinguish between bound and unbound
sequences. a) Architecture of an 8-layer CNN binary classifier comprising five convolutional
layers and three fully connected layers. Each convolutional layer is followed by ReLU activation,
batch normalization, and dropout. A balanced dataset of 144,598,584 sequence pairs was split into
training, validation, and test sets in an 8:1:1 ratio. Each sequence pair was one-hot encoded into a
4x40 matrix, which served as input to the model. b) Confusion matrix showing the distribution of
true positives, true negatives, false positives, and false negatives, evaluated on ~14.5 million
sequence pairs from the test set. A prediction probability threshold of 0.5 was used to classify
sequence pairs as bound or unbound. ¢) Accuracy was measured as a ratio of correctly predicted
outcomes to total predictions made. Prediction probabilities were binned (bin size=0.1) and
accuracy was calculated for each bin and plotted. d) ROC curve illustrates the trade-off between
sensitivity and specificity. An AUC of 0.88 was achieved e) For sequences obtained from the
experimental assay, BINND prediction probabilities distribution was plotted for bound and
unbound libraries form one assay (bin size=0.01). f) Distribution of prediction probabilities for all
sequenced data from 26 assays was plotted as a heatmap.
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Figure 3.3: BINND achieves high accuracy and speed

A) NUPACK was used to predict interactions in systems containing up to 15 DNA sequences,
allowing complexes (networks) of up to 10 strands. Simulations were conducted by varying both
the number of sequences and the maximum allowed complex size. To manage resource constraints,
any simulation exceeding 128 GB of memory was automatically terminated. Black lines indicate
that the model fails past that point in the graph B) 1) CNN trained and tested on a dataset of 26
million randomly generated sequence pairs, using an 8:1:1 split for training, validation, and testing,
respectively. 2) CNN trained and tested on 26 million in-silico generated sequence pairs, using an
8:1:1 split for training, validation, and testing. Binding labels (bound/unbound) were assigned
based on a AG threshold of —10.5 kcal/mol. 3) BINND: a CNN model trained and tested on an
experimentally generated dataset of size 144,598,584 sequence pairs using an 8:1:1 split for
training, validation, and testing. 4) BINND (Lite): A computationally efficient variant of BINND,
trained on 26 million experimentally generated sequence pairs using the same 8:1:1 split. Accuracy
was measured as a ratio of correctly predicted outcomes to total predictions made. C) 1) Edit
distance model with a bound-unbound threshold of 11 2) A AG model, based on NUPACK, with
a bound-unbound threshold set at -10.5kJ/mol.3) A AG model based on Primer3, with a bound-
unbound threshold set at -6.0kJ/mol 4)BINND: a CNN model trained and tested on an
experimentally generated dataset of size 144,598,584 sequence pairs using an 8:1:1 split for
training, validation, and testing. Accuracy was measured as a ratio of correctly predicted outcomes
to total predictions made. D) Average execution time was measured for each model. This was
repeated 3 times and average value was plotted. Error bars indicate 95% confidence interval. E)
Average memory usage was measured for each model. This was repeated 3 times and average
value was plotted. Error bars indicate 95% confidence interval. F) Peak memory usage (in GB)
was measured for each model. This was repeated 3 times and average value was plotted. Error bars
indicate 95% confidence interval.
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Figure 3.4: BINND is generalizable. A) BINND was trained on 2 million sequence pairs (1
million bound, 1 million unbound) from a randomly selected oligonucleotide assay (between A-
7) and was tested on the 50 million sequence pairs (bound + unbound) pooled from the remaining
25 oligonucleotides. This procedure was repeated three times with different training oligos; plotted
are the mean AUC.The error bars indicate 95% confidence interval. This process was repeated by
progressively changing the number of training datasets. B) BINND was trained on pooled bound
and unbound data from 25 oligonucleotides (50 million sequence pairs) and tested on the held-out
oligonucleotide; individual test-set AUCs are shown C) BINND was trained on one assay’s data
(2 million sequence pairs: 1million bound, 1 million unbound) and tested across the other 25
assays. Average AUC was plotted. D-F) The DNA assay was performed with oligo A under varied
salt concentrations; 1) low salt: 0.05M, 2) medium salt: 0.5M, 3) high salt: 4M. Bound and
unbound libraries sequenced from each assay were used to train 3 different CNN models. Each
model was tested on data from all 3 assays and AUC values were plotted as a heatmap. d) Trained
on a balanced low salt dataset (0.9 million bound and 0.9 million unbound sequence pairs), tested
on low salt (0.1 million sequence pairs), medium salt (2 million sequence pairs) and high salt (2
million sequence pairs). ¢) Trained on a balanced medium salt dataset (0.9 million bound and 0.9
million unbound sequence pairs), tested on low salt (2 million sequence pairs), medium salt (0.1
million sequence pairs) and high salt (2 million sequence pairs).f) Trained on a balanced high salt
dataset (0.9 million bound and 0.9 million unbound sequence pairs), tested on low salt (2 million
sequence pairs), medium salt (2 million sequence pairs) and high salt (0.1 million sequence pairs).
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Figure 3.5: For complex systems, BINND exhibits a twofold increase in accuracy compared
to NUPACK. A) 1) A bipartite plot with each outer node connecting to one inner node
representing a binary system. 2) A bipartite plot with all the outer nodes connecting to all the inner
ones representing a multivalent system. B) For each assay, a binding cutoff (Supplementary Table
3) was established to reflect the maximal number of high-confidence interactions. We then selected
the top N binding events per strand, where N corresponds to that cutoff, and visualized them as a
bipartite graph similar to part. C) Binding assays were performed in triplicate for all 26 biotinylated
oligonucleotides (A—Z) using a starting library composed of equimolar amounts of randomized
ssDNA and the defined 96-oligo library (Supplementary Table 3.2). Bound and unbound fractions
were sequenced. High CNN prediction probabilities for BINND and low calculated AG for
NUPACK were used to determine bindings the cutoff for each assay (supplementary table 3.3).
BINND and NUPACK predictions were compared to the empirical dataset and plotted as heatmaps
with true-positives as green, true-negatives as light green, false-positives as red and false negatives
as pink. Experiment was performed in triplicate (supplementary fig 3.5). D) Data from C) was
plotted as a bipartite plot with true-positives as green, false-positives as red and false negatives as
pink. E) From all 26 assays performed, a relationship between prediction probability as given by
BINND and the percent count per assay was plotted in the form of a scatter plot. Each dot
corresponds to one of the 96 library oligos in one assay.
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APPENDIX A: Supporting Information for Chapter 1

Additional details of the encoding method and analysis.

RS codes are linear codes and specified in terms of three parameters, RS[n, k, d]. n is the length
of the coded message, k is the original message length, and d is the minimum distance of any two
blocks and equals n-k+1. The distance, d, indicates the error correcting capability of the code. It is
worth noting that n is restricted to be of the form qm-1, where q is a prime number and m is an
integer greater than or equal to 1, but k or d can be chosen arbitrarily. Genomic DNA is
fundamentally a base-4 code, and hence n may be chosen to be one less than an even power of 2
in DNA storage systems.

Error correction techniques usually differentiate two kinds of errors, symbol errors and symbol
erasures. An erasure occurs when the decoder has extra knowledge that an input symbol is missing
or erroneous. For example, an erasure occurs if a strand is never sequenced and therefore is never
provided to the decoder. The decoder algorithm knows the strand is absent and can leverage that
to increase the likelihood of correct decoding. Erasure-only decoding is common in electronic file
systems where hard disks are often modeled to either succeed or fail as an entire unit.

A symbol error is what occurs in any other case when no such erasure knowledge is present. The
input symbol to the decoder differs from what was originally encoded, and the decoder is unaware
of the error and must identify that the symbol is incorrect and fix it through the decoding process.
The RS decoder is less capable of correcting symbol errors than erasures. A maximum of d erasures
can be corrected, whereas, a maximum of only (d-1)/2 symbol errors can be corrected. Any
combination of erasures and errors can be corrected such that d > 2*¢sym + €erasure , WEIe€ Cerasure 1S
the number of erasures and esym are all other errors.

An RS code can be designed to tolerate some number of errors by setting the distance parameter,
d, large enough. The probability that it fails to correct can be estimated using the decoder error
probability of an RS code’*"¢!, given by Pg([n,k,d], perror, Perasure), Which calculates the probability
that the number of errors and erasures exceeds the bound required for correct decoding, namely d
> 2%esym T €erase WOUld no longer hold given the block length, number of error correction symbols,
and the probability of errors, perror, and erasures, perasure.

Pe can be estimated by treating the number of errors and erasures as a random variable following a
binomial distribution®”’. As a reminder, the binomial probability mass function for a random variable X
is given by:
™ot n—t
ftin;p) =Pr(X =t) = (t)P (1-p)
The cumulative binomial distribution, denoted F(t; n;p) = Pr(X < t), is the summation of f(t;n;p)
over the range where X < t. Then, for an RS|[n, k, {1] code, and using the substitution t = %1:

PE( [1"1, d: k], Perror: Perasure }

t
= (1 - F(tr n, per’mr)} + Zf[:i" t; perr‘ar} X (1 - F{Z(t - l':);ﬂ; perasurs))

=0
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Simply stated, Pk is sum of the probabilities of either more than t errors or a combination of errors
and erasures such that the number of erasures plus twice the errors is greater or equal to the
distance, d, of the code.

The decoder error probability is dependent on the likelihood of symbol errors and erasures in the
message sent to a decoder. We can estimate and based on previous studies®>*%%% The probability
of a single base error in a DNA strand is a function of the combined effects of synthesis and
sequencing errors and has been measured empirically to be in the range of 10~ to 1072, For the case
of probability of strand loss or breakage, we sweep the likely error ranges predicted from empirical
measurements of DNA stability to estimate Perasure -

DNA storage systems often use a combination of both inner and outer RS codes. The inner RS
code protects against errors within a strand and the outer code corrects for missing or erroneous
strands. The block length of an inner code, ninner, and its error correcting ability, dinner, would be
limited to the number of symbols that fit in a strand of a given length and the requirement that an
index be present within each strand®®%*%®. The index must be large enough to uniquely identify
each strand of a file, and this is on the order of O(log M), where M is the desired number of strands
per file.

The outer RS code is formed as a set of nouter strands, wherein Kouter strands hold the information
and Nouter-Kouter Strands hold the additional error correction symbols required for the RS code. If a
strand is never sequenced or discarded due to too many errors by the RS inner decoder, such a
missing strand is treated as an erasure by the outer code. If fewer than douer strands are lost in a
block, the RS outer decoder may recover the block provided that no strands contain erroneous data.
If some strands are missing and some strands are erroneous, the previously stated relationship,
douter > 2%€sym T €erase, also applies to the outer code as well.

Also, DNA storage systems incorporate in each strand an index that indicates which part of a file
a strand corresponds to°>%*%, The index must be large enough to uniquely partition all of the data
for a large file across strands. The index may be considered part of the data with respect to error
correction and protected using the inner RS code. However, with respect to information density,
it is usually considered overhead. Hence, the information density, or Rate, of the code is estimated
as: (Kinner - 1)*Kouter / (Ninner * Nouter), Where 1 is the number of symbols devoted to the index. Figure
1.2A illustrates this ratio as white data units divided by all of the other symbols in the code. Figure
1.2C and 1.2D use this formula to calculate information density assuming a copy number per strand
of 1.
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APPENDIX B: Supporting Information for Chapter 2

Methods:

Recombinant fusion Klenow production and purification

Large Klenow fragment gene sequence was obtained from the PDB and DNA sequences for
Avitag, 6xHIS and a linker were appended on its N-terminal end. This sequence was cloned into
a pET28b plasmid. The cloned pET28b was co-transformed into BL21DE3 E.coli (NEB) along
with a pBirAcm plasmid ordered from Avidity LLC according to the recommended protocol. The
cells were plated on an agarose plate with Kanamycin and Chloramphenicol antibiotic. The cells
were allowed to grow overnight and 5 colonies were picked and sequence verified. A positive
colony was grown overnight in 2 ml of media containing kanamycin and chloramphenicol
antibiotics. This culture was then transferred to a 200 ml conical flask with 2XYT media
(containing both antibiotics) and left for a few hours in 37°C shaker until the OD reached 0.7. At
this point IPTG (0.5mM) and D-Biotin (20uM) were added, mixed and incubated in a 20°C shaker
overnight. The cells were pelleted, lysed and purified using FPLC (column: EconoFit Nuvia IMAC
Columns, Ni-charged, 5 x 5 ml #12009287).

Modified DNA production with Large Klenow Fragment Polymerase

Biotinylated DNA hairpins (6.64 pmol) were incubated with streptavidin-coated magnetic beads
(66.8 ng) at room temperature (RT) to facilitate binding. The bead-hairpin complex was then
introduced into a reaction mixture containing large Klenow fragment polymerase (456.75 nM),
nickase Nt.AlwI (495 nM), deoxynucleotide triphosphates (ANTPs, 450 uM), and 10X CutSmart
buffer (2 pL), with the final reaction volume adjusted to 20 pL. For reactions with modified
dNTPs, individual bases were substituted in place of their non-modified version. The mixture was
incubated at 25°C for 1 hour, after which the bead-hairpin complex was separated using a magnetic
stand. The supernatant was collected and analyzed using Fragment Analyzer and HPLC.

Modified DNA production with Bst Large Fragment Polymerase

Biotinylated DNA hairpins (3.32 pmol) were incubated with streptavidin-coated magnetic beads
(33.2 png) at room temperature (RT) to facilitate binding. The bead-hairpin complex was then
introduced into a reaction mixture containing Bst large fragment polymerase (456.75 nM), nickase
Nt.Alwl (495 nM), deoxynucleotide triphosphates (ANTPs, 1000 uM), and 10X CutSmart buffer
(2 pL), with the final reaction volume adjusted to 20 pL. For reactions with modified dNTPs,
individual bases were substituted in place of their non-modified version. The mixture was
incubated at 25°C for 1 hour, after which the bead-hairpin complex was separated using a magnetic
stand. The supernatant was collected and analyzed using Fragment Analyzer and HPLC.

Modified DNA production with KOD XL Polymerase

Biotinylated DNA hairpins (0.383 pmol) were incubated with streptavidin-coated magnetic beads
(3.85 pg) at room temperature (RT) to facilitate binding. The bead-hairpin complex was then
introduced into a reaction mixture containing KOD XL polymerase (456.75 nM), nickase Nt.Alwl
(495 nM), deoxynucleotide triphosphates (ANTPs, 200 uM), and 10X CutSmart buffer (2 pL),
with the final reaction volume adjusted to 20 puL. For reactions with modified dNTPs, individual
bases were substituted in place of their non-modified version. The mixture was incubated at 25°C
for 1 hour, after which the bead-hairpin complex was separated using a magnetic stand. The
supernatant was collected and analyzed using Fragment Analyzer and HPLC.

57



Supplementary

Restriction \ i A Restriction
—_ | Avitag>| HIStag>| Linker | Polymerase [ i —

site
Start Stop
codon codon

b c

70kDa e - o
- - o
- .——
- ——
1 bid
ﬁ?g -
B §iet
§ % 38 2 8

§ B2

5 °3

B |

4

Supplementary figure 2.1: Fusion polymerase design. a) Design of fusion polymerase
sequence. b) Structural visualization of the fusion polymerase. ¢) A SDS-PAGE gel was run with
Lane 1: Protein ladder. Lane 2: NEB Large klenow, Lane 3: Recombinantly synthesized fusion
klenow post-purification. d) Lane 4: Protein Ladder

Fusion Klenow sequence
GLNDIFEAQKIEWHEHHHHHHAEAAAKEAAAKEAAAKEAAAKEAAAKLEAAAKASY
DNYVTILDEETLKAWIAKLEKAPVFAFDTETDSLDNISANLVGLSFAIEPGVAAYIPVAH
DYLDAPDQISRERALELLKPLLEDEKALKVGQNLKYDRGILANYGIELRGIAFDTMLESY
ILNSVAGRHDMDSLAERWLKHKTITFEEIAGKGKNQLTFNQIALEEAGRYAAEDADVTL
QLHLKMWPDLQKHKGPLNVFENIEMPLVPVLSRIERNGVKIDPKVLHNHSEELTLRLAE
LEKKAHEIAGEEFNLSSTKQLQTILFEKQGIKPLKKTPGGAPSTSEEVLEELALDYPLPKVI
LEYRGLAKLKSTYTDKLPLMINPKTGRVHTSYHQAVTATGRLSSTDPNLQNIPVRNEEG
RRIRQAFIAPEDYVIVSADYSQIELRIMAHLSRDKGLLTAFAEGKDIHRATAAEVFGLPLE
TVTSEQRRSAKAINFGLIYGMSAFGLARQLNIPRKEAQKYMDLYFERYPGVLEYMERTR
AQAKEQGYVETLDGRRLYLPDIKSSNGARRAAAERAAINAPMQGTAADIIKRAMIAVD
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AWLQAEQPRVRMIMQVHDELVFEVHKDDVDAVAKQIHQLMENCTRLDVPLLVEVGSG
ENWDQAH

Hairpin-90nt
AGATGCGAGCTGTCATCTCGAGTCTACGTACGTACGTACGGAGTGCTAACTGCGTAC
CTGTCTCGATCCCTCGC[Bio-dTITGCGAGGGATCGAGA

Expected 60-mer sequence
CAGGTACGCAGTTAGCACTCCGTACGTACGTACGTAGACTCGAGATGACAGCTCGC
ATCT

HP2: pho-C GAT CCG TCT TCA TCT GAC TCG C/iBiodT/T GCG AGT CAG ATG AAG ACG
G

Expected 500-bp ssDNA
GAAGATTGTGCACCGCCGCTTTACAGGCTTCGACGCCGCTTCGTTCTACCATCGACA
CCACCACGCTGGCACCCAGTTGATCGGCGCGAGATTTAATCGCCGCGACAATTTGCG
ACGGCGCGTGCAGGGCCAGACTGGAGGTGGCAACGCCAATCAGCAACGACTGTTTG
CCCGCCAGTTGTTGTGCCACGCGGTTGGGAATGTAATTCAGCTCCGCCATCGCCGCT
TCCACTTTTTCCCGCGTTTTCGCAGAAACGTGGCTGGCCTGGTTCACCACGCGGGAA
ACGGTCTGATAAGAGACACCGGCATACTCTGCGACATCGTATAACGTTACTGGTTTC
ACATTCACCACCCTGAATTGACTCTCTTCCGGGCGCTATCATGCCATACCGCGAAAG
GTTTTGCGCCATTCGATGGTGTCCGGGATCTCGACGCTCTCCCTTATGCGACTCCTGC
ATTAGGAAGCAGCCCAGTAGTAGGTTGAGGCCGTTGAGCACCGC

Sequence ligated on to make the S00nt ssDA
GATATGGAAGACGGATCGCGAGAAGATTGTGCACCGCCGCTTTACAGGCTTCGACG
CCGCTTCGTTCTACCATCGACACCACCACGCTGGCACCCAGTTGATCGGCGCGAGAT
TTAATCGCCGCGACAATTTGCGACGGCGCGTGCAGGGCCAGACTGGAGGTGGCAAC
GCCAATCAGCAACGACTGTTTGCCCGCCAGTTGTTGTGCCACGCGGTTGGGAATGTA
ATTCAGCTCCGCCATCGCCGCTTCCACTTTTTCCCGCGTTTTCGCAGAAACGTGGCTG
GCCTGGTTCACCACGCGGGAAACGGTCTGATAAGAGACACCGGCATACTCTGCGAC
ATCGTATAACGTTACTGGTTTCACATTCACCACCCTGAATTGACTCTCTTCCGGGCGC
TATCATGCCATACCGCGAAAGGTTTTGCGCCATTCGATGGTGTCCGGGATCTCGACG
CTCTCCCTTATGCGACTCCTGCATTAGGAAGCAGCCCAGTAGTAGGTTGAGGCCGTT
GAGCACCGC

Supplementary Table 2.1: Sequences in 200 bp library

Sequences in the 200-bp library
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCGTGAGCA
CGTGAGCAACACGATGATAGCTGCCTAGACAGGTCTAGCTACACAGGTACCAGATG
CGTGAGCACGTGAGCACGTGAGCACAGACTGAGTGATCTCTCAGCACTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCACACGATG
ACGTCGTCCGTGAGCACAGTCATCGTGTATCGTGTCTGCAATAGAGGTACCACTGCA
TCAGATGATAGCTGCACACGATGCGTGAGCAGCGCGCTACATGACATTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCATAGCTGC
CGTGAGCACGTGAGCATCACATACTGTCTGCAATAGCTGCCTGTAGGTACCAAGAG
TCGACGCAACACGATGACACGATGATAGCTGCCACTACGCGTAGTATATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCATAGAGAT
TCATATCGTCTCGATGCGTATATATCGTGTCAAGTAGCGCCACAAGGTACCATATAT
CATGCATAGACTACAAGTGAGCGCTATCTGACAGCGTACATCATGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCAGTCATC
TGTGACAGCTACGAGATCAGATAGCATGCACGGTACGCTACTCAAGGTACCAGCTA
TACGTACTGAGACATCATCAGACATGTCTGCACACAGTCGACGTACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCATGCAT
ATAGCTGCAGACTACATCAGATAGACACGATGATAGAGATCAGTAGGTACCACATC
CTGTGCATATAGAGATCGTGAGATGCAGCACGCTGTACTACTGTATATTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCGACGCA
CGTATATATCGTGTCACTGTGCATAGTAGCGCCACATATAAGACAGGTACCATACA
AGTGAGCGCTATCTGATGTGACAGCTACGAGAGTGACGCGCTATCTCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCTATGTCG
CAGAGCTAGTACGCTATCGACGTGGTAGTATATACGTACTGAGAAGGTACCACATC
CACAGCGATGTCTGCAATAGCTGCCGTGAGATTGACGCTGGCGAGAGTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCACGAGTCA
GCGATGCTACACGATGTCGACGCATCGACGCATCGTGTCACACAAGGTACCACATC
ATAGCTGCATCAGATGGTCATGATCTGTAGTCCGATCACGCACTACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCACATGCG
CTCAGCTACGTGAGCACTGTGCATAGTAGCGCTCATGCATAGACAGGTACCATACA
GTCAGCTGCTATCTGACGCGATCTTGTGACAGCTATGCTAGTGAGACGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCATGTGTGC
CTACGAGACAGAGCTACATGCACGGTACGCTATCGACGTGCTCAAGGTACCAGCTA
TCTAGAGTGAGACATCCGTGAGCACGTGAGCAAGACTAGCTAGTGACATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTGTGACAG
CGTGAGCACGTGAGCACGTGAGCACGTGAGCACGTGAGCACGTGAGGTACCAAGC
ACGTGAGCACGTGAGCACGTGAGCACGTGAGCACATGTGTCATCGATATTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCATAGCA
CATATCTAAGTAGCTGATAGAGATACGTAGCAACGAGTCAGCAGAGGTACCAATCG
CGATCATCGTAGTGCAAGTAGCTGGACGACGCATCGAGCAGCAGACTCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCAGATAG
CTAGATGCGTGTAGCAGTCGATCTGCATGCTAACGACTGACTAGAGGTACCAATGC
CACAGTCGCTACTGCGGTCAGCTGCGTGATGCCGAGTATAATCGACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCACGATCTC
CGTATATAGCTCTGTCGTACGCTAACGACTGACTGTGCATCTAGAGGTACCAATGCG
TAGTACTATCGAGCAAGTAGCGCCTACTAGCGTGTATCGCAGTGCACTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCGTATATA
GTAGTATAATGAGAGTCTACTACACGACTCTGCACAGTATTCGAAGGTACCAGTAC
CGTATCTCGCTCTGCTCACAGTCGCTAGATATTCATAGTCGCTCTGCTTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCAGACTGA
AGTAGTCTCGATACGCGCTCGCATTACTGATACTACGAGAATCGAGGTACCAACAG
CTCAGCTATACGTGTCTCTAGAGTGTGAGTGCCACAGCGAATCGTGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCTCAGCTA
CGCGACAGCTCGCACTAGTAGTCTCTCGTGCGCGCGACAGATCAAGGTACCAGTCG
GTGTAGCAGTAGTGCAGTGAGACGTACTCTGAGTAGTATATCAGCGTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCTACTACA
GTGAGACGCTACTAGCGACACGCTCGACGTCTGTCTACAGTGTGAGGTACCAACAG
GTCATGATGTAGTATAGTAGTATAGCAGATGCGTGAGTCACTAGACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCATGAGAGT
CTATGCACCTGTACTACAGACTGATACGAGCTATGAGAGTTCGAAGGTACCAGTAC

CATGCACGGCAGCTCATGTCTGCATGCGAGCATCATAGTCCTGTGCATTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCACTGTGCT
GTGTATCGCTACGAGACGTATCTCGCAGCGCTCACACGTGGCAGAGGTACCAAGTG
ACTGCTCAATCATGTCCAGCTCTAGTGAGTCACGAGTATACACATGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCATATGAC
CTAGACAGCGACACTCCTATGCACATCAGCGAGTGAGTGCGCAGAGGTACCAAGTG
TAGTAGAGGTCTGCTAACGAGTGCACGTATGCGTGTATGCGCTCTGAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCGTCAGAGT
ATACATCTGCTCTCTAACGTACAGAGTAGTCTGCAGCTCACGTGAGGTACCATGCTC
GATCACGCACTACAGTACTGATAGCATGTGCGAGACTCTTCAGCGTCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCGTACGCAC
GTGAGACGATGTGACTACATGACTGTCTCTCTTCATACACTGTCAGGTACCATGATC
AGTGTCGATCGACAGACACGATGCTGTGCATATCAGACATGTGAGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCTAGACTC
CACAGTATCTACTCTCATCAGATGGAGACTCTCGATCACGTGTAAGGTACCATCTAC
AGTGATATCTCGCTACTACTAGCTACGACATATAGCGCATATAGCTATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTACGTGTC
AGTAGCTGATCGACAGCAGTGTCGCGTAGTCACTACTACACTACAGGTACCATCTC
ACGAGTCATCGATCGCCACATGTCATCGAGCAATCGACAGCAGTGTCGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCATAGAGT
CGATCACGGTGTATCGCTACTACACTAGATATGCTCTGCTGCTCAGGTACCATGTCC
GTAGTCAGAGACTCTGTGATCTCCATAGAGTATAGCTGCGCTCTGAGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCGAGTCG
GCGTAGCTCTGTGCATTAGTAGAGTGAGAGCGCATGTGTCACACAGGTACCAGAGC
TCATGCATTGTGACAGGTGAGACGGTAGTACTTACGTACTCTGTACTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCATCATGCG
TACTGATAATCATGTCGTACGCACGCGTAGCTATCATGCGGCAGAGGTACCAATATT
CTCGATGCACTACAGGTGTATCGGCGTGACTCTACTACACTGTATATTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCCGAGTGTG
CTATCTCTCTACGAGACGTGTGCTTCGACATCCACTACGCTACGAGGTACCATGTCC
TGTAGTCCTACTACACAGCGCATATCAGATGACACGAGCCTAGACTCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCGCTCTCTAT
CACTGTCCACACGTGTCGAGATGTCGACGTGTCATATCGTGACAGGTACCAGCTGAT
CATGCGTATCATCTCTATGCTAGACACGCTGAGAGATGACACGATGTCCGTAGTCAT
ATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCATCGATGCTCGTATAC
ATCAGATGGTCGCGTCCTATCTGAGTCTAGCTCTCGACTAATAGAGGTACCAAGATA
GACTAGCCTACGAGAGCTCTGAGACTGCTCAAGACTACAATCGACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTGAGCA
GTAGTACTTGAGAGCGGTAGTACTGCAGACTCCGTGAGCAAGGTACCACAGACTGA
GAGACTCTCTATGCACGCAGATCGCACACGTGCTCGCACTGTGAGTCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACACGATG
CTATGCACCGTGAGCAACACGATGATAGCTGCCGTGAGCAAGGTACCACGTGAGCA
ACACGATGCGTGAGCAACACGATGTGTATAGAGTCTGCTAGCTCTGAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATAGCTGC
CGTGAGCACGTGAGCAGTAGTACTGAGAGCACCGTGAGCAAGGTACCACTACTGCG
CGTGAGCAACACGATGACACGATGCTCGCACTCACAGCGATCATGCATTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATAGAGAT
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGACACGATGCTAGACTCACTGCACTGTAGTATATCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGTCATC
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGACACGATGTCGAGTCGGCGTGACTCACTAGCGTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCATGCAT
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT

GACACGATGACACGATGACACGATGACATGACTTCACATACCATGCACGTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGACGCA
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGACACGATGTCAGCACTTCGACGTGGCGTGATATCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTATGTCG
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGACACGATGCTACTGCGTCATGCATGCTCGCATTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACGAGTCA
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGACACGATGCTAGTGTCCTACTGACATCGATATTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACATGCG
ACACGATGACACGATGACACGATGACACGATGACACGATGAGGTACCAACACGAT
GACACGATGACACGATGGTAGTACTACGAGTGCCGTAGTCACTAGACAGTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATGTGTGC
AGACTAGCCGTGAGCACAGTCATCCGTGAGCAGCTCGCATAGGTACCAGTAGTACT
CACATATACGTGAGCATCGTATACGCAGATGCTCAGCGTCTGTATCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGTGACAG
CGTGAGCACGTGAGCACGTGAGCACAGTCATCCTATGTCGAGGTACCAACACGATG
CGTGAGCACGTGAGCACGTGAGCAATGTGTGCTCGCGCTGGCGAGAGTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCATAGCA
CGTGAGCACGTGAGCACGTGAGCACGTGAGCACGTGAGCAAGGTACCACGTGAGC
ACGTGAGCACGTGAGCACACATGCGTCTAGAGTGCAGATGCCAGAGATCTCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCAGATAG
TGTGACAGATGTGTGCCGTGAGCAATAGCTGCACACGATGAGGTACCAATAGAGAT
CAGTCATCTCATGCATTCGACGCATCATAGTCTATAGCTAGCTCTCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACGATCTC
CTATGTCGACGAGTCAGTAGTACTTCATATCGCGTGAGCAAGGTACCACTCAGCTAA
CGAGTCACGTGAGCAGCAGATGCTGCGAGATTCATGCATGCATGCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTATATA
CGTGAGCAACTGCTCAATAGAGATACACGATGTCACATACAGGTACCACGTGAGCA
ATAGCTGCCTCAGCTACGTGAGCAACATAGATCATGCACGCTATGCACTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGACTGA
ATAGAGATCTCAGCTACGTGAGCAGTAGTACTATCGATATAGGTACCACGTGAGCA
ACGAGTCAACACGATGACACGATGCGTGATGCGTGATCTCTCAGCGTCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCAGCTA
CGTGAGCACGTGAGCACGTGAGCACGTGAGCAATGTATGAAGGTACCAATCAGATG
AGACTGCGGACGACAGAGACTAGCCAGAGCTACTAGATGCTGTGAGCTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTACTACA
CAGCTCTATCATAGTCAGACTGCGGACGACAGGAGAGCACAGGTACCAACGAGTGC
ACTGTGCTAGTAGTCTCAGTGATACGAGTATACATGCTGCCACACAGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATGAGAGT
GAGAGCACAGACTGCGTGTGAGCTGCAGCGCTTCAGATAGAGGTACCACAGTGTCG
CTATGCTAGCAGATCGCATGACATTAGTGATGACGATCTCACTGTATGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACTGTGCT
CTATGCTATGCGAGATCTACTCTCTCATAGTCCTAGTGTCAGGTACCAGAGAGCACA
TAGCGCAATAGCTGCACGACTGAGTCGCGTCCATATCTATCGACGCATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACATATGAC
CTAGACAGGAGAGCACAGACTGCGCACTACGCCTGTACACAGGTACCATATCTGCT
GCTCGCATCGTAGTCAATCGAGCACATGTGTCCATGTGTCACGTATGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTCAGAGT
TCGACATCCATGTGTCGTCTCTCTGACACGCTGTCTGCTAAGGTACCAACACAGCAT
CATACACTACGAGCTCTCACTGACATATGCTTAGTGATGGCAGATCGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTACGCAC
CGAGTATATCATGCATCTGTATATTCATAGTCGTAGTACTAGGTACCATCGACGTGA
TGTATGAATCAGATGAGACTGCGTCGAGTACTATCATCTCATGCACGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTAGACTC
GACGACAGCGATCATCCGATACGCTATAGCACTCGAGATGAGGTACCATCGTATAC
CTCAGCTACACTACGCGCAGCGCTGTCTCTCTTGTCTGATCGATACGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATACGTGTC
CTATGTCGTCATATCGATACATCTGCAGAGTGGTAGTATAAGGTACCACGACGTCTC
TATGTGCACGTAGCACGTAGACGAGACTAGCCTCGCGCACTATCTGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACATAGAGT
ATGTGATACACATGATGACGACGCCAGACGCTGACGACAGAGGTACCATCAGCACT
GAGAGCACATACATCTATCAGTCGGCTCGCATCACTAGCGTCACTGTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGAGTCG
CAGATCTGGTCATGATTACTCTGATCGACGTGATAGTACAAGGTACCACAGTGTCGG
ACGACGCGTACGCACATCAGACACATGCACGCGTGATGCGTGAGACGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCATGCG
CGAGTGTGCGCGACAGCGTGAGCAGAGAGCACACGAGTGCAGGTACCAACTGTGCT
ATCGATATTCGTGCACACATGACTCACATGTCGTAGTGCAAGACTACATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGAGTGTG
CTATGTCGATCACAGATCGAGTCGTCATAGTCCATATGCTAGGTACCAGCATGCTAG
CAGATATTCGATCGCGTAGTGTGGTGTATCGCTCGCACTTGTATCTATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCTCTCTA
GTGTAGCATACTGATACAGAGCTAGCAGCTCACTACTACAAGGTACCACTCAGCTA
ATCGATATACATAGATGCAGAGCAACTGTATGTCAGTACACAGACTGATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGTATAC
AGACTGCGCGTGATGCATGTGTGCCTATGTGCACATGACTAGGTACCAATGAGAGT
CGACGATGGTAGTACTCATGTGTCTATCACGTGCGAGAGTTGTGAGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGTCTGCA
TCGACGTGGTCTACAGATAGCGTCGCATGCTAACGACTGAAGGTACCAAGTAGCTG
GCATCTGACAGTGCACTCGATCGCTCTCGATGCTATGTCGGCGCGCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTGTATCG
CTATCTGAACATAGATCTGTACACCAGCTCTAGCTCTGCTAGGTACCATGTCTGATC
TCACTGACTACTAGCCAGATCTGCAGCGCATTCTAGAGTATGTATGATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCACATAC
TGAGTAGAGACGACAGTCATACACTCGAGATGCAGCGCATAGGTACCAGCTCGCAT
ACACGATGGCGAGAGTTAGTAGCAATCATGCGTCGACGCATCATAGCATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCAGACA
TCATGCATGCGATGCTAGACTAGCATAGTACACACTACGCAGGTACCAATCAGATG
ATCATGTCGCGTGACTCTCGCGCACGTGTGCTGTAGTACTATGAGAGTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACAGCGA
TATAGCACTATGTAGATCGAGTACCTGTAGTCACACGAGCAGGTACCAGTCTACAG
ACGACTGAAGACTGCGGTCGCGTCAGTAGCGCCTAGATATACGAGTGCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTACTGAC
TGCGAGCATGAGTAGACAGTGACTACGAGTCAGTAGTACTAGGTACCACGTGAGCA
ATACATCTCAGTGACTAGTAGTCTACGATATACGTGAGATCAGTGCACTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCATGTC
ATCAGATGCGTAGTCAGTCAGCTGTCGAGTACCAGTGTCGAGGTACCAGTGAGTCA
GTGTAGCACACATGTCGCGTGACTCATGTGTCTATCTGCTTCACATCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCGTGATA
CGTATATAGTCAGAGTCACACGTGCAGATCTGTGTCTGCAAGGTACCATGTATCTAC
AGCGCATACGATATACGACTCTGCTCGTGCGATGAGCTGCTGTAGAGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACGAGTGC
CTATGTGCACGTAGCACGTAGACGATGTGATATAGTGTACAGGTACCATCAGCACT
ATAGCTGCGTAGTACTTCTAGAGTTCACATCTCGAGTATAAGTGAGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGAGATG
ACACAGCAGTCGCGTCCGACACTCTCGACGCACACTACGCAGGTACCAGCAGATAT
CACACATCTATCATCTCGTATATATCGACATCTGTCTGATCTAGACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTAGTCA
CACATGTCTCGAGTCGCACATATATCATAGTCTACGTGCAAGGTACCAGTCAGCTGC
GACTCTGAGTGAGCGCTGTGCGCGCATGCTACGACTCTGAGACTAGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATACATCT
TCGACATCCACACGTGGCAGATATGTGAGACGGTCGCGTCAGGTACCATGCGAGCA
TGAGTAGACAGTGACTTACTGATACGACGTCTTCAGTACAGCAGCTCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTGACGCG
CGTAGAGAGTCAGAGTCACACAGATGACGCTGATCATGCGAGGTACCACACACGTG
GCAGCGCTTCAGCACTCACATGTCCTATCTGAGTCTCTCTGTCAGAGTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGTCACG
GTAGTATATACTGATACGACACTCTAGTGATGGTGAGACGAGGTACCACAGCGTAC
TACGTACTCTGTAGAGCGCGACAGGCAGATGCCAGCTCTATCATACACTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCGTGCG
GCAGACTCTCGAGTACTATCTGCTTCAGATAGTCTCGCTAAGGTACCACAGACTGAG
ACGACAGTCATACACTCGAGATGAGTAGCTGCGTGAGATGTAGTGTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGAGTG
CAGCGCATGTACGCTAAGTGAGCGTACGTGCATAGTGATGAGGTACCACTCAGCTA
ACGTAGCACAGTCATCTACGTACTACGATCTCAGTGAGCGTATCACGTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCGCGCA
CGATCATCATCGAGCACTACTGCGCTGTATATTCATAGCAAGGTACCAATGAGCTGC
TGTGTACTGTATAGACTACTGACGCAGATGCCAGTCACGTCATAGTCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCACTGTC
TCGAGATGTCATGCATGCAGAGTGCAGCGCATCATGCTGCAGGTACCACTATCTGA
GTACGCACGCTCGCTGGCTCGCATTATCTGCTTGTCTGCATCTCGAGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCTCTGAG
CGAGTATATCATGCATCTGTATATCACTAGCGCACTACGCAGGTACCACTACGAGA
GTAGTACTCGTGAGCAGTAGTACTGCTCTGAGATCATGCGGTGATCTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCAGTCG
CAGATCTGGCGTGACTCGACGATGCTGTACACAGTGAGCGAGGTACCAACGTCGTC
CATATGACGAGACATCACGTAGCACTCGACTAATCAGACAGTACGCACTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCGAGCA
GTCAGAGTCTGTGTACTACGTGTCCAGTGCACGACACTGAAGGTACCACTGTACTAC
GACGATGGCAGATGCATAGCGCAATAGCTGCCACAGCGATCGACGTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATATCATCT
CGTGATGCCACATGATTACTCTGACGTGAGATCGACACTCAGGTACCAGCAGACTC
TCATACACTCGAGATGCAGCGCATGTGACGCGACTGCTCAATAGCTGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCACTGA
TGAGTAGAGCATCTGATAGTGACAGTCTCTCTGCAGAGTGAGGTACCACTATGTGCC
TATGTGCCGTATCTCCTCGCGCAACGATCTCTCGCGCTGACTGTGCTTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTGTATAT
ATGTGACTCACACGTGGTGTAGCACAGTGATATAGTGTACAGGTACCATCTCGAGC
ATCGTGCTTCTCGAGCGTGTATCGGTCATGATGTCTGCTATCATAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCGACAG
CACAGTCGTACTCTGACGTATATATGTGACAGTCATAGCAAGGTACCACTCGCGCA
CACATGATGTGTATGCCACATGCGCTCGCGCAACTGTATGGCTCGCTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCAGCGA
GCTCGCATCAGTGATATCGACATCCTGTATATCACATATAAGGTACCACATGTGTCT
CAGCGTCGCAGAGTGCTAGATGCGTAGTGTGCTAGATGCATCGATATTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACTGTATG
CACAGTATGCAGACAGCAGTGACTATCGACAGGTAGTATAAGGTACCAGTGTATCG
CGACACTCGCAGAGTGGTCATGATCACAGTCGCGATAGATGTGAGTGCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTAGTGTG
CTAGATATCAGTCACGGTACGCACCACTACAGCATGCTGCAGGTACCAACTGCACT
TACGTGCATGTCTGCACTCGCGCATATAGCTAGACACTGAGTGAGTCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTGTGCT
CGTATATAACGTCGTCACGAGTGCACTGTGCTAGTAGTCTAGGTACCACAGTGATAT
GAGAGCGTATCATCTCGACGATGCAGATCTGTATCTGCTCTAGACAGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGCGACAG
GTAGTACTCGTATCTCTCATAGTCCTCGACTACAGTGCACAGGTACCAACGTATGCA
TAGCTGCTGCGAGCAGACACGCTACGACTGACGCGATCTGAGAGATGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGATAT
ACTGTATGCATATCTACTATGCTAACGATATACGTGTGCTAGGTACCATCAGCACTA
CGAGTCACATATGACCTAGACAGGCAGCTCAATGAGCTGCGACACTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCGTACA
CATAGAGTGCAGCACGCAGTCATCACGTACAGCTCACTGAAGGTACCATCATACAC
TCGAGATGCAGCGCATTGAGTAGACGTAGACGTCGAGTACGTCGATCTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCTCGCAT
GACGACAGGTCATGATTATCATCTGAGACTCTCGTGAGCAAGGTACCAACTAGAGC
CTGTAGTCTCATACACATAGCTGCCAGTGACTGCAGATATCACACGTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTGTGCAT
TCATAGCACGTGTGCTGACGACGCTAGTGATGCGACTCTGAGGTACCACGATCATC
ATCAGATGGTCGATCTCAGCGTACATCAGTCGGCGTAGCTTACTGATATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAAGTAGCGC
TCTAGAGTCGACACTCCACACAGATGTCTGATCTGTGTACAGGTACCATGCGAGCAT
GAGTAGACAGTGACTAGACTGCGGACACGCTTGTGAGCTCTACTGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTACTGCG
TGTATAGAGTCTACAGCATAGAGTAGACTACACTAGACTCAGGTACCATACGAGCT
GTAGTACTCGTGAGCACGTGATGCTCGTATACCTCACTGATGTGAGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTCGCACT
GTAGTGCACTCGTACAACATAGATGTACGCTATGTATAGAAGGTACCAGTCGATCTC
TCGCGCAATAGCGTCCACAGCGATAGTAGCACTCGCACTCGTATCTCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCTCGCTA
TACTCTGAGTGATCTCCGTAGACGGTGAGTGCTCGACATCAGGTACCAACACACTCT
CATACACTCGAGATGCAGCGCATCACTAGCGGCAGAGCATGTATAGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTATGCAC
TGAGTAGATATAGCACACGTACAGGTAGTACTCGTGAGCAAGGTACCAGTAGTACT
TGTATCTAATGTATGAATCAGATGATCACAGAACTGCTCACAGACGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTCAGCTG
TCAGATAGATCGAGCATCGACGTGCTACTGACTCATAGTCAGGTACCAGCTCGCTGT
GTCTGATATACATCTGTCATGATTCGAGTACGTGTATCGACACGAGCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTATCTGA
GCATCTGATCTAGAGTATAGCGTCCAGCTCTACAGCTCTAAGGTACCAACGATATAG
AGAGCACACGAGTGCACTGTGCTTCATATCGGAGACTCTTCGACGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGATCG
AGTAGTCTCAGTGATAGAGAGCACAGACTGCGCGTAGAGAAGGTACCAATAGCGCA
ATCATGCGACTGCACTATCACAGATCGAGTCGGCAGATGCCACAGCGATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGAGACTCT
TCAGCACTCTATGCTAGCATGTGCCACAGCGAATCAGACAAGGTACCAAGTAGTCT
ATCAGACAGCAGATATCGTAGAGATCGACATCCTACTAGCCTAGACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACTGCACT
AGACTACAGCATGCTAGCTCGCATCAGTGATATCGACATCAGGTACCACTCACTGA
GAGAGCACAGACTGCGGCTCTGTCCTAGATGCCTAGACTCTAGTAGCATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCGATGCT
CACACGTGCGTGTGCTTACGTGCAATGTATGACGTATCTCAGGTACCATCAGATAGG
ACGACAGGAGAGCACACGAGTGCTGTCTGATCGACACTCCATGCTGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGAGTAGA
ACTGTGCTCGACGATGACGACTGAAGACTGCGCAGCGCATAGGTACCAGTAGTACT
TCAGTGCGCAGTGATAGAGAGCACCAGACGCTCTCGACTAATCGACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTAGATAT
AGACTGCGGACGACAGGAGAGCACTACGACATATAGCTGCAGGTACCACGTGAGC
ACGTGAGCACGTGAGCACGTGAGCACTCGTGCGTGTCTGCAATACATCTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTACGCTA
CGTGAGCACGTGAGCACGTGAGCACGTGAGCACGTGAGCAAGGTACCACGTGAGC
ACGTGAGCACGTGAGCACGTGAGCAATACATCTGTCTAGCTCTATGTCGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTATGCTA
CGTGAGCACGTGAGCACGTGAGCACGTGAGCACGTGAGCAAGGTACCACGTGAGC

ACGTGAGCACGTGAGCACGTGAGCATACGTGCACTATCTGAGTGAGTCATCCGTAG
TCATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTGTGCGC

GTCGATCTAGTAGCTGGCATGCTAATCGACAGTGACGCTGAGGTACCATCAGTACA

GTCAGTATACTGCTCAATGTGACTCAGTGTCGCACACAGATACTCTGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACGTATGC
TACGTGCATATCTGCTACATGACTCTAGTGTCTATCTGCTAGGTACCACTCGACTAG
TGAGACGCGTGAGATCTATGTGCTAGTAGCAATAGCGTCGAGAGATGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGACACTGA

CGATAGATCTACTACACGTATCTCTCATGCATCACAGTCGAGGTACCATCGAGTCGT
GTCTGCATATAGCACACGATCTCTCGAGTACGCAGCACGCACATATATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGATAGAT
GCAGACTCGCTCTGCTCACATGTCCAGTGATAGTCTACAGAGGTACCAGTCTGCTAC
GTATATACTCGCGCATCGAGTCGCTGTAGTCGCAGCGCTCTCGCGCATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGACACTC
CAGTGATAACATAGATCATAGAGTGCTCTGAGATAGCGCAAGGTACCAGCGATGCT
CATATCTACGATCATCGTCAGCTGGACGACAGCTAGATATCACACAGATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTAGATGC
GTCATGATGTGTATCGGTCGCGTCCAGTGTCGTAGTGACAAGGTACCAACGTATGCG
TGAGTGCGTCAGAGTGTGACGCGGCGTGACTTCAGTACACTCGCACTTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGCGCAT
GCATGCTAGCTCTGAGTCGTATACTCATACACGTCGATCTAGGTACCAATACATCTG
CGTAGCTCACACAGAATAGCGCACGTGAGATATAGCGCATCGTGCACTCCGTAGTC

ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGTGTCA
TGTCTGATACTAGAGCTCAGCGTCGCTCTCTATCGACGTGAGGTACCAGAGACATCT
ACGACATGCATCTCTGCGTAGCTCTAGATGCCAGAGATCTCATATCGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACACATC
CTAGACAGATCATGTCCTCGTGCGTAGTAGAGCTCGCACTAGGTACCAATAGCTGC
CAGACGCTATCAGATGGCTCTGTCGTCTAGCTAGACTGCGTCGTGTCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCATATCG
GACACGCTCACATGATCTGTACTACGTGAGATATCGACAGAGGTACCAGCAGATGC
ACGTCGTCGCGTAGCTTGCGAGCAGCGTAGCTGCAGAGCAACGATATATCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCAGATG
ACACACTCTATAGCTAGTCAGTATTCTAGAGTATAGCTGCAGGTACCAGTGAGTGCA
CGAGTGCTCGTGCACCAGTCACGCTATGTGCTCATACACACGATATATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACATATA
ATCGAGCATCATACACTCTAGAGTCATGCTGCTCAGCGTCAGGTACCACAGTGTCGT
ACTCTGAACACGAGCGCATGTGCCGTGAGATTGACGCTGTCATAGTCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCTCGATG
CATAGAGTGAGACTCTGCAGACAGCTATCTCTACATGACTAGGTACCATAGTAGCA
TCACATACGCTCTGAGGTGAGTCAGCGATGCTTACGAGCTTATAGCACTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTCTGCTA
CTATCTGAGCAGATGCTCTCGAGCGTGTATCGCTCGCGCAAGGTACCAGCTCTCTAT
CATAGCATACGTGTCCTGTGCATCGTAGACGGCATGCTAATCATGCGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAAGTGAGCG
TCATACACGTGTAGCAACACGAGCGCTCTGTCGCGTGACTAGGTACCAGCTCGCTG
CGATCACGATGTGACTACTAGAGCAGTAGTCTACGATATAGACGACAGTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTGAGAT
GACGACGCTATAGCACCTATGCACCGTATCTCGCAGCTCAAGGTACCAGCTCTGCTG
TAGTGTGATGTGTGCTGAGAGCGACGATCTCGCAGAGTGGACGACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGCGATCT
CACATGTCCTAGTGTCCTCGCGCAAGACTGCGACACGAGCAGGTACCACAGCTCTA
CTATCTGAGTGAGACGTCAGTGCGTAGTAGAGATGTATGAATCGTGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGAGTATA
TAGTGACACTCGACTAGACGACGCGCAGATATGTAGTGCAAGGTACCATCACATAC
CACACGTGTGTGAGCTTGTCTGCACATGTGTCTGAGTAGACGACTCTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTAGTGCA
ATGTGTGCCGTAGACGATCAGTCGGTACGCACCAGTGTCGAGGTACCATGCGAGAT
GCTCTGAGCTACTGCGTCTAGAGTGACACGCTCACATGATACTAGAGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTACGAGA
ATCGACAGCACATATAAGTAGCGCACGTACAGGCAGACAGAGGTACCATCATACAC
AGTAGCGCTCTCGAGCCTACTCTCTCATGCATTGTATCTAATCAGCGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGAGCTA
GTCAGAGTCAGTGCACCACATGTCTCAGCACTCTATGTCGAGGTACCAGTAGTATAT
CAGATAGATAGCGTCATCGTGCTGCATCTCTTCATAGTCCGTAGACGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCAGCGTC
TCTCGCTAGCATCTGACACAGCGAGTGACGCGCTATCTGAAGGTACCAATCGATAT
CTATGTCGTGTATAGATCTAGAGTCGACGTCTCACACAGACACTACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTGTAGCA
GCGTGATACACACATCCTATGTGCGTAGTATACAGCGCATAGGTACCACAGAGATC
CTCACTGATGAGTAGATGTCTGATCGTATATACTGTGCATGTACGCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGACGTG
TCGTGCACCAGTGACTATGAGCTGACGAGTCATGCGAGATAGGTACCATCATAGCA
ATGTGATATGTGAGCTATCAGTCGTATCATCTCGTAGTCATCGAGATGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACATGTGTC
TGTGACAGGTGTATCGGTGACGCGTAGTAGAGTACGTGTCAGGTACCAGCAGACTC
TCAGATAGTATCATCTATAGCGCACGTATATACAGCGCATACTGCACTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCTAGAGT
CTGTGTACACATAGATCACAGCGAGCAGACAGCAGTCATCAGGTACCATCACACGC
TCACTGTCGCAGATATCTATGTCGGCATCTGAGTCGATCTGCGTAGCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGATCTG
ATCAGACATATAGCACGTGTATGCCTGTAGTCCTCACTGAAGGTACCATATGTAGAA
TCAGACAATCATGCGCGTGTGCTCATGACATTAGTAGCACATATGCTTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGTATCTC
CTCGTGCGGCAGATATCTACTAGCCATATCTATCGAGTACAGGTACCATCTCGAGCT
CAGTACAGCAGAGCACTGTGTACCGTGATGCCAGTCATCTCGAGTCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGTATCTA
CGACACTCACTGTAGCTGTCTGCAGCTCTCTAACTAGAGCAGGTACCACATGACATC
GAGTATAATAGAGATACGACTGACTAGACAGCGATCACGCGATACGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCAGTGCG
GAGAGCACGTAGTGCATCAGTGCGAGACTGCGAGACTGCGAGGTACCACTCGCGCA
ACTGTAGCCACAGCGACACTACGCCACAGTATATCAGACACTGTAGTCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACGATATA
TCGTGCACGCGAGAGTCTACTACAGTAGTATACATGACATAGGTACCACGACACTC
TCACATCTGTCGCGTCATGTGATAGCATCTGAATAGCTGCCGAGTGTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGAGAGCG
TCTCGATGCAGACTGACATGCTGCCGTATCTCCACTACGCAGGTACCAGTCGATCTT
CAGTGCGGTGTATCGCACATGTCGACACTGAGAGAGATGCTCACTGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCATGCTA
GTGTATGCATGTGATAACGAGTGCCTATGTGCATCAGTCGAGGTACCAGCTCGCTGG
CGTGATAATGTGATAACACAGCATCGCGCTGGACGACGCCGTATATATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATCGATAT
GCTCTGAGAGTAGTCTCACAGTCGCAGCTCTACATATCTAAGGTACCAACTGTAGCG
CGATGCTGTAGTGCAATCAGATGATGTGATAACTGTGCTAGACTGCGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGAGAGCAC
CGACACTCCAGATCTGCTAGTGTCGTCAGTATTGTATCTAAGGTACCATCACATACA
CGATCTCTCGAGTACCAGAGCTAGTAGTGCATGTATAGATCGAGTCGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACTACAG
ACGAGTGCAGACTACAATCAGCGACATATGACCTGTACTAAGGTACCACAGACGCT
CTACTGACACGACTGAACTGTATGTAGTGTACGTAGTGCACTCGACTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAAGACTAGC
CTCACTGAAGTAGCTGTCAGCACTGCGATGCTTAGTGTACAGGTACCAGTCAGCTGA
CGTCGTCCGACTCTGGACACTGACTGTACTATGACGCTGCAGTCATCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGTGTCG
CGTATATACGACGTCTACTGTGCTCGATACGCGCTCTCTAAGGTACCAATAGAGATC
ACATGATTCAGCACTTCGACGCAGTAGTACTCAGACTGACACATGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAAGTAGTCT
TCATAGCATCGAGTACAGACTAGCATCAGATGGTCATGATAGGTACCACATGTGTC
GTGTATCGACACACTCTGTATAGAATCACAGACGACACTCCTCGTGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGACTC
GCGAGAGTGCATCTCTGTCGATCTATCAGATGGTAGTGTGAGGTACCACATATGCTT
CAGTACAATCAGATGCATGCACGGTAGTGTGATCACAGAATACATCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATACTCTGA
TCAGATAGCATAGAGTATCATGTCTCGAGTACCATGTGTCAGGTACCACGTGATGCG
CAGCGCTTCACACGCCAGTCATCACTGTAGCATGAGCTGCGTGAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATATGTAGA
TCACACGCCAGAGCTATCGACATCAGTAGCTGACATGACTAGGTACCAGCAGAGCA
TCACATCTTCGCGCTGTCGACGCACAGCGCATACGACTGAGCATCTCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTGTAGAG
CTACTACAATCGATATTACGAGCTCTAGTGTCATCAGTCGAGGTACCAATCAGATGC
ATATGACCTCAGCTAACACAGCACGATCATCCTCAGCTAACGATATATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACGATACGC
GTGATCTCATACATCTTATGTAGAACACGAGCCACTACAGAGGTACCACAGTGTCG
CACACATCTGCGAGATTGTCTGCAACGAGTGCCTATGTCGACTAGAGCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG

CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCGAGAGT
TCGACGCAACTGTGCTTGCGAGATGCGAGAGTGCTCGCTGAGGTACCACATATCTA
GAGAGATGGCAGACAGCAGTGCACATAGTACAGTACGCACCTAGACTCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGCGCTG
ACTAGAGCTCACTGTCTATGTAGAGTCTAGCTCACTAGCGAGGTACCATACGTACTA
TCGAGCAATAGTACATCACTGTCCGTAGAGAACGTCGTCGACGACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCACACGC
GTCAGTATCTGTAGTCGCGTAGCTTATCACGTGTCAGCTGAGGTACCAACTGCTCAA
CGTCGTCTACGTACTCTGTAGTCCTACTGCGCATAGAGTATAGTACATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATAGTGATG
CAGCGTACCGTAGTCACTAGATATGCAGAGTGCGCGATCTAGGTACCAAGTAGCTG
GCAGCTCACTGTAGTCGTGTAGCATGTGAGCTTATAGCACCACTACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACACTAGCG
TCGATCGCACGTATGCCACATGATCACATATACGCGACAGAGGTACCATAGTAGCA
ATCGACAGCACACATCACACACTCGTGTAGCATATCACGTGTGTAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACATATCTA
GCTCTCTATGTGAGCTTATCTGCTCTATGTCGCGACTCTGAGGTACCAACGTCGTCCT
ATGCTATGTCTGCATGAGTAGATCAGCACTACGTCGTCTCAGTGCGTCCGTAGTCAT
ATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCATAGTC
CTATGTCGGCATGCTACTACGAGAACACAGCAGCATGCTAAGGTACCAATCAGCGA
GCAGACAGCACATGCGCAGATCTGACGAGTCAACTGCACTATCATGTCTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTATCTCT
GCGCGCTAGCATCTGACTATGCACCATGCACGCGTAGAGAAGGTACCATACTCTGA
GTCTACAGCTGTACACATAGCTGCCACAGCGACGTATATAATCAGATGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGTGAGACG
TCGAGTCGTAGTGACATACTCTGAAGACTACACTATCTGAAGGTACCATACGACATC
TCGCACTGCGATGCTATGTGATACTGTGCGCACGTACAGGTCAGCTGTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGACGCTG
TGTCTGATTGTCTGCACTAGACAGATCGACAGCATGCACGAGGTACCAGTACGCTAT
GTCTGATACACGAGCATGTGTGCCGTGATGCGCAGAGTGGCATGCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCTCGAGC
CACAGCGACTAGACTCTATGTAGAGTGAGTCAGTCTACAGAGGTACCAACGTATGC
GTACGCTAGCTCGCATCATAGAGTTCTCGCTATATAGCTAATACATCTTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCAGCACT
TATAGCTACATGACATCACACGTGCTACTGCGTCTCGAGCAGGTACCACTACTGCGT
CACATCTCGAGTGTGACGTAGCACAGTGACTCACTACGCATGAGCTGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAATAGTACA
CTCGCACTCGATCATCGTCTAGCTATCGACAGGTCATGATAGGTACCAATCATGCGG
TCTAGCTGCAGACTCTCTCGAGCTCGACATCGCAGACTCGTGTATGCTCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAACACAGCA
CGATACGCCTATGTCGATGTGTGCATAGCGTCTAGTAGCAAGGTACCACTACTGCGC
TGTGCGCCTGTATATAGTAGCGCCTACTGCGGAGAGCACCGTGAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTACTAGC
GCAGCTCACACTACGCTCTCGATGCACATATATGTGACAGAGGTACCAACGAGTCA
TCGCGCTGACTGTATGTGTCTGATCGATAGATTGAGTAGATGAGTAGATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTAGACAG
CACAGCGATAGTAGAGATGTGATAGCGCGCTAACGACTGAAGGTACCAATGTGACT
CGTAGTCACTATGCACGCAGCGCTGTAGTGTGCACATATAACGTAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGTGCAC
GAGAGCACTCGAGTACTAGTGATGGTAGTGTGTAGTAGAGAGGTACCACGTAGAGA
CACATGTCGACACGCTATGTGTGCTCAGCGTCCTAGACTCCTGTAGTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACTAGTGTC
CTAGACAGCAGATCTGACGAGTCAATACATCTTATCATCTAGGTACCACTACTCTCC
ACATGTCCGACGATGATGAGCTGATGAGAGTGTAGTACTTGTATCTATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCGTGACT
ACTGTGCTGCATGCTAGCATCTGAGAGAGATGACGAGTCAAGGTACCACATGCTGC
GTACGCACTATAGCACCTACTAGCGTGATCTCCGAGTATAGTCTACAGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATGTGAGCT
ATCAGATGCTATGTCGTCGATCGCCAGTCATCCTGTAGAGAGGTACCAACGACTGAT
GAGAGCGGTCTAGCTATCAGCGATACTGATACTCAGCTACAGAGCTATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGCGCT
TCGTGTCACGACGATGTACGTGCACAGTGTCGGTGACGCGAGGTACCAGTAGTGCA
CGTAGAGACATATGCTAGTAGCTGTCGATCGCCAGTGACTGCGAGAGTTCCGTAGT
CATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCACAGTGACT
ACGTAGCAAGTAGCTGGTCAGCTGGTGAGTCAACGAGTCAAGGTACCACGTAGACG
TCGTGTCAGTACGCACGTCAGCTGGCAGCACGTCGTGTCATATAGCACTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCAGAGCA
TGTGACAGATCAGTCGACTGTATGGCTCTCTATCGAGTCGAGGTACCACGCGACAG
GTCTACAGTGTCTGCACGTGATGCTGTATAGATGCGAGATAGTGAGCGTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCAGCGCGCTA
GCGAGAGTCGACGATGCGACGTCTTCAGTGCGCTCGTACAAGGTACCATATCTGCT
GCTCTGCTAGACTAGCGCTCTCTACTGTGCGCTAGTGACAACACAGCATCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATCGACATC
TCGTATACATCGTGCTGCGCGCTATCATAGTCTCATGCATAGGTACCACTAGACAGT
ATCACGTGCAGCTCACGTAGAGACGTATATATCATAGTCGTGTAGCATCCGTAGTCA
TATTGCCACGCTGGTCAAGAAGAACCGAGG
CAGGAGAATGCCTTCCTAGGCAGGTACGCAGTTAGCACTCCGTGAGCATATAGCTA
ATGAGCTGCATGTGTCCAGTGTCGCGCGATCTGCGAGAGTAGGTACCAGCAGCGCT
ATCGATATATCAGATGATAGTACACACATATAACTGTGCTCACATGTCTCCGTAGTC
ATATTGCCACGCTGGTCAAGAAGAACCGAGG
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APPENDIX C: Supporting Information for Chapter 3

Methods:

Randomized DNA oligonucleotide initial library preparation

DNA oligonucleotides, both libraries and primers, were ordered from Eurofins genomics.The
initial library was prepared by combining 183 pmoles of 60-mer barcoded randomized ssDNA
library strands to 183 pmoles of barcode complementary 40-mer ssDNA strands, 1 ul 10X
annealing buffer (100mM TE 8.0, 500mM NaCl, 10mM EDTA and distilled water) and made up
to 10 ul with distilled water. This mixture was incubated in a thermocycler at 90°C for 2 minutes,
followed by a gradual cooling to 4°C at a rate of -1°C per minute.

Complex DNA system initial library preparation

Barcoded DNA 96 oligo library was ordered from Eurofins genomics. First, 91.5pmoles of 60-mer
barcoded randomized ssDNA library strands were mixed with 91.5 pmoles of 60-mer randomized
barcoded ssDNA library strands, 183 pmol 40-mer barcode complementary ssDNA strands, 1ul
10x annealing buffer and made up to 10 ul with distilled water. This mixture was incubated in a
thermocycler at 90°C for 2 minutes, followed by a gradual cooling to 4°C at a rate of -1°C per
minute.

DNA hybridization assay

Next, the annealed initial library was added to 183 pmoles of biotinylated primer, 14ul 10X
annealing buffer and the volume was adjusted to 150 ul with distilled water. This mixture was
annealed in a thermocycler by heating to 68°C for 10 minutes, then the temperature was gradually
reduced to 4°C at a rate of -1°C per minute.

Following the annealing step, this reaction mixture was incubated with 183 ul of NEB streptavidin
magnetic beads for 30 minutes at room temperature. The beads were then separated using a
magnetic stand, and the supernatant, containing the unbound library, was collected and stored. The
beads were washed once with distilled water before being reconstituted in 50 pl water.The mixture
was then incubated at 68°C for 10 minutes in a thermocycler. After incubation, the beads were
placed on a magnetic stand, and the supernatant containing the bound library was collected and
stored.

The bound, unbound and initial libraries were library prepped using the IDT xGen ssDNA & Low-
Input DNA prep kit (cat# 10009817) following the manufacturer's instructions before being sent
for sequencing. NGS was performed by Medgenome, Inc.

Model Training and Implementation Details
Dataset
The sequencing data was preprocessed by filtering for sequences of the desired length and

matching barcodes. The dataset was then balanced to include an equal number of bound and
unbound pairs, resulting in approximately 144.6 million samples. These were split into training,
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validation, and test sets in an 8:1:1 ratio using a stratified split to preserve the class distribution
across all subsets.

Data Encoding

The input sequence pairs were first one-hot encoded. Let the first sequence be S; =
[S1,1,S12,...,5120] and second sequence be S> = [S21,522,...,5220]. To preserve the assumed
proximity of nucleotides under perfect binding, the sequences were interleaved as follows:
[S1,1,52,20,51,2,52,19 ...,S120,S2,1]. The current version of BINND accepts only 20 bp sequences,
resulting in a 4x40 one-hot encoded input matrix.

Training and Evaluation

BINND was implemented using the PyTorch (v2.6) framework. The model architecture is
illustrated in Figure 2A, and it contains 4,467,969 trainable parameters. A detailed layer-wise
summary of the architecture and parameter counts is provided in Supplementary Table 1.1. The
hyperparameters were tuned using the Ray Tune implementation of the Asynchronous Successive
Halving Algorithm (ASHA)®. Training hyperparameters used:

Learning rate 0.0004

Batch size 512

Number of epochs 15

Loss function Binary Cross Entropy
Optimizer Adam

BINND was trained utilizing a GPU. The mean of aggregated training and validation losses,
computed over every 500 batches, was logged during training. These loss curves are provided in
Supplementary Figure 1.1. Early stopping with a patience of two epochs was employed to prevent
overfitting and improve training efficiency. Accuracy, AUC, precision, recall, and confusion
matrix were used to evaluate BINND’s performance.

Supplementary information:

Supplementary table 3.1: Biotinylated oligo sequences

Biotinylated oligo DNA sequence
A GGACTCTCTGCGTTGATAGA
B ATTCAACCACGTTGAGCGTA

78



‘GTCAGCTCTTAGCGTCACTC

‘AGTTCGAGATAGGACACCGG

GGAGATCTGAGGTGGCATTA

GTTCGTCAATTAGTCCAGCC

‘ACGACTTTAGCCTAACCAGT

IAGCGATCTCGCATATTCGGT

hCCGACGACTTTAATTCCGT

‘GACAGAATGTTCGTTGTTGC

IAGGTGTACACTGGTACGGTA

‘ATGCTCTAGCTGAACAGGAT

CTACGCATACGGATTACGTC

TCTCGTACTTACGTCACGAC

TGTCAGACTGATGGTTGTCG

CGGATTCGGTAAATTGCACA

‘CAGGCATTTGGAGTTCATGA

CTCCATTAGGGTAAGGCTCC

GACTGCTACAAGTCATCAGC

‘AAGGGAATGGCAAATACTGC

IAGCGATACGCCTTAACGTCT

TCGCATCTCCCTTTGTCGTA

‘CGACATGTCTCTGATGCGAG

CTGCAGCGAAACTAGTCAGT

GGTGCACTACGATTACTCGT

NI<IX|g|I<|C|H3|v|m 0|7 |OZ|Z2|IC|R|—|T|Z|Q@|™ T |T|O

CCCGACTTCAGTTGAAGCTA
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Supplementary figure 3.1: Edit distance between designed biotinylated ssDNA sequences.

A B
0.65 0.65
0.601 0.601
% 0.551 & 0.551
5 0.50 S 0.50
0.45 1 0.451
0.401 ‘ : : ‘ : 0.401 ' ' ‘ ‘ ' ‘
0 1000 2000 3000 4000 0 100 200 300 400 500
Batch index Batch index

Supplementary figure 3.1.1: A) Training loss curve and B) Validation loss curve for BINND.
The mean of the aggregated loss was computed and logged every 500 batches (batch size = 512)
during training. The curves illustrate effective convergence with no signs of overfitting.
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Layer Type |Output Channels (Neurons)|Feature Map Size|Parameters
Conv2D 1024 32 37,888
ReLU 1024 32 0
BatchNorm2D|1024 32 2,048
Dropout2D 1024 32 0
Conv1D 256 26 1,835,264
ReLU 256 26 0
BatchNorm1D|256 26 512
Dropout 256 26 0
ConvlD 512 22 655,872
ReLU 512 22 0
BatchNorm1D|512 22 1,024
Dropout 512 22 0
Conv1D 256 18 655,616
ReLU 256 18 0
BatchNorm1D|256 18 512
Dropout 256 18 0
Conv1D 256 16 196,864
ReLU 256 16 0
BatchNorm1D|256 16 512
Dropout 256 16 0

Linear 256 — 1,048,832
ReLU 256 — 0

Linear 128 — 32,896
ReLU 128 — 0
Dropout 128 — 0

Linear 1 — 129
Sigmoid 1 — 0

Supplementary table 3.1.1: Layer-wise architecture and parameter summary of BINND
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Supplementary figure 3.2.1: Accuracy, precision, and recall plotted against A) AG
(NUPACK), B) AG (Primer3), and C) edit distance thresholds to determine optimal values for
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bound and unbound classification of sequence pairs.

Supplementary table 3.2: 96 oligonucleotide library sequences

96-oligo
library
strand

Sequences

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGATAACGCTAT

GAGCGGGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGTCCTTGGAC

GCTAACTGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACCGGTGCGA

CCTAAGAATT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGGCGGTCGAT

AATCGACTG
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10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAAGAGCCAGC
TGGATAGGTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTCCGAGATA
GGCTGGATGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCGAATATTTCT
AGAGTCGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCCTACGAATTA
CCAGGTCGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGACGGAACA
AGGGACCGGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGCCGTACAAC
AAGAGCAAT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAACGGCTAGC
CGTACAGCGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGATGTTCGTAT
GAGTACAGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACAAGCATGA
CGTATACAGC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGTGCAAGGGC
AGTCAGTACA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGTGCAGTCTGA
ACTCAATAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTCTTCTACCGA
TGCCTAACC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTCTGGATGAC
CCTAGCCTC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTTGTCGCTGTT
GCCTTGCCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGCTTGTATGG
GCAGTATCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTTGGTACGATA
AGGTTTGCC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACCTCGCAAA
GGAAAGGCGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTCGCAAGGGA
AGTTTCGACG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGAGCATTC
GCTGTGATGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAGGGCTTAGT
GATCGGTGAC
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25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGTCGAGTC
GGTGTAGCTC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTACGAGACT
GTCGTTTGCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCGTTACGACG
GGCGAGCATA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACCGGCAAAG
ACAGGGCGTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAGCAGTGTGT
GGGCGATGCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAAGACGTTGT
AGCCATTGCC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGTGTTGTAGC
CTCCCTGCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGATGCCTTGT
AATATGCCA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGCTTATTACCC
GAATGCCGC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTGAACCGAA
ACCTTATTCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGACGTGTGAC
ATCAGCCGAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTATAACCGTCT
GGCGTAGGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCATGGTTCGGAC
GTAAGCATA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAAATCCCGTCC
AGCGTTTCC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGTAACAGGAC
CTGTTCTTCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTAAGTCGCCG
GTACAACGTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTTCCGAAATAT
TCGGAGGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGAGGTTGG
GAAGTCGCTC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAAGAATTGCT
GGGTCTGGCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTGGATGGCA
CTAGACGTGA
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45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTAATGCTGGCC
TGCTCGAAC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGTGACCAAG
ATGATCTCAC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGACAGGTGCG
CCTATAGTGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTTTCCCGAAA
CGCTAAGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGTCTACGCGA
GAGGTGAATT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGGTGTAAC
AAGGTTGACC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCAGTGACGGC
CTAGCTCATT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCATGCCTATCGG
CGGACGACA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGTAATGCTGGC
CTGGTAGGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCCCGAATAGG
GCGGGCTAAA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGCTGAAAGTC
GAGACTACGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTAACGAATTTC
TGTCGCTGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGCATACCGTG
GACGTCGGTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGGTTCTACCA
GGGCATTCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGTTCCGTGC
TAGAGTTAC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGTCGTTCAG
TAGTATGAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTACGACGTCTG
ACGTAGCCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCGTGACAACTT
TAGCGAGAT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCATCCTCGACAT
CCGAAGCCT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAACAATTGGC
GACCTGCCCG
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65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGAGTCCTTGTG
CCTATTTCA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGGGAACACC
AATCCACTGC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGCGAAATTCG
ACCGTAAGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGTGACGGAA
CCATACAGCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGCGTTCTTGT
AAGGTAGAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTTACGTCGTCC
TGTGTGCCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCCGTTCAGTTT
AACAACAAC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGAACTGGACA
GTCGTCCAGC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCGGAATAACA
CGATCGTTGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGGAATAGG
CACAGGCTTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGCAGATTAG
GCTGGGATCC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTATGCCACGG
GCTGGTAGGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGATGGATCC
CGAGAACGGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTATGCACCGA
GGTGACCGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACTTGGTGTAC
GCTACGGGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTTGACGCTAGA
TAGGTTGCA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCATTCGATGTAA
CGCTAAGTG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGTTTCCGACG
CTAACGTTA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAATGCCCGGT
GACGAGTGAC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGTGGAACCT
CTCTGGACGA
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85

86

87

88

89

90

91

92

93

94

95

96

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTGGCTGGTTAT
GGCACGAAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCTCAATATGCTG
GGTAGGCGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGGGATGAA
GAGTCGTAAA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCCGAAAGTGC
GTCGTTCTGG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCTGGAACAGT
CGGCACTTAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCAGCCGAACAG
CTGGCCGTTT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCCTGTGGTCCA
GTACAGCGT

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCACGTAAGATG
TTCACTACGC

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGCAACGACTG
TGTCACTAGA

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGGTAACAAGT
CGACCAGGCG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCCGGAATATGA
ACAATCGAAG

CGGTTCAGTATTCTGTTGCGTATACCCACCCCCGTTTCCCGCTAAAGTCG
AGGTACGCGA

Supplementary table 3.3: Number of bindings with the 96-oligo pool allowed per assay.

Biotinylated oligonucleotide assay Number of bindings allowed

ZE R~ DmoTmoaw»

5

10
15
15
15
15
16
17
18
18
18
16
14
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Supplementary figure 3.3: BINND was trained on all 26 assay datasets and AUC was measured
for tested data from individual assays.
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Supplementary figure 3.4: AUC when trained on 1 and tested on another assay dataset.
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Supplementary figure 3.5: A) Edit distance calculated between all sequences overhang sequences
in the 96-oligo pool. B) Percentage of sequencing reads from the 96-oligo library was calculated
from bound sequencing dataset for different assays. C) Replicates from Fig 3C, D) Replicates from
fig 3E
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Supplementary figure 3.5.1: Flowchart illustrating the step-by-step process used to select the 96
prey sequences.
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