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Towards practical and robust DNA-based data
archiving using the yin-yang codec system

Zhi Ping©'2341 Shihong Chen®235", Guangyu Zhou®™, Xiaoluo Huang'", Sha Joe Zhué,
Haoling Zhang'234, Henry H. Lee®, Zhaojun Lan®, Jie Cui*3%, Tai Chen?35, Wenwei Zhang'?,
Huanming Yang'?3, Xun Xu®245X George M. Church3¢°™ and Yue Shen®"2342<

DNA is a promising data storage medium due to its remarkable durability and space-efficient storage. Early bit-to-base trans-
coding schemes have primarily pursued information density, at the expense of introducing biocompatibility challenges or
decoding failure. Here we propose a robust transcoding algorithm named the yin-yang codec, using two rules to encode two
binary bits into one nucleotide, to generate DNA sequences that are highly compatible with synthesis and sequencing tech-
nologies. We encoded two representative file formats and stored them in vitro as 200 nt oligo pools and in vivo as a ~54 kbps
DNA fragment in yeast cells. Sequencing results show that the yin-yang codec exhibits high robustness and reliability for a
wide variety of data types, with an average recovery rate of 99.9% above 10* molecule copies and an achieved recovery rate of
87.53% at <102 copies. Additionally, the in vivo storage demonstration achieved an experimentally measured physical density

close to the theoretical maximum.

organisms. At present, it is thought to have great potential

as an alternative storage medium because standard stor-
age media can no longer meet the exponentially increasing data
archiving demands. Compared with common information carriers,
the DNA molecule exhibits multiple advantages, including extremely
high storage density (estimated physical density of 455 EB per gram
of DNA'), extraordinary durability (half-life >500years (refs. *°))
and the capacity for cost-efficient information amplification.

Many strategies have been proposed for digital information stor-
age using organic molecules, including DNA, oligopeptides and
metabolomes’*. Since current DNA sequencing technology has
advantages in terms of both cost and throughput, storing digital
information using DNA molecules remains the most well-accepted
strategy. In this approach, the binary information from each file is
transcoded directly into DNA sequences, which are synthesized
and stored in the form of oligonucleotides or double-stranded DNA
fragments in vitro or in vivo. Then, sequencing technology is used
to retrieve the stored digital information. In addition, several differ-
ent molecular strategies have been proposed to implement selective
access to portions of the stored data, to improve the practicality and
scalability of DNA data storage’".

However, the use of basic transcoding rules (that is, converting
[00, 01, 10, 11] to [A, C, G, T]) generates some specific patterns
in DNA sequences that result in challenges regarding synthesis and
sequencing”'>"*. For example, single-nucleotide repeats (homopol-
ymers) longer than 5nt might introduce a higher error rate dur-
ing synthesis or sequencing'*'"*. Meanwhile, because of the nature
of complementary base pairing (with A pairing to T and G to C),

D NA is an ancient and efficient information carrier in living

DNA molecules may form structures such as hairpins or topologi-
cal pseudoknots (i.e., secondary structure), which can be predicted
by calculating the free energy from its sequence. It is reported that
DNA sequences with stable secondary structure can be disadvan-
tageous for sequencing or when using PCR for random access to
and backup of stored information’*"". Additionally, DNA sequences
with GC content <40% or >60% are often difficult to synthesize.
Therefore, the length of homopolymers (in nt), the secondary struc-
ture (represented by the calculated free energy in k] mol™) and the
GC content (in %) are three primary parameters for evaluating the
compatibility of coding schemes.

Previous studies on transcoding algorithm development have
attempted to improve the compatibility of the generated DNA
sequences. Early efforts, including those of Church et al. and Grass
et al,, introduced additional restrictions in the transcoding schemes
to eliminate homopolymers, but this came at the expense of reduced
information density’***'. Later studies pioneered other base con-
version rules without compromising the information density. For
example, the DNA Fountain algorithm adopted Luby transform
codes to improve the information fidelity by introducing low redun-
dancy as well as screening constraints on the length of homopoly-
mers and the GC content while maintaining an information density
of 1.57bitsnt™" (refs. “**). However, the major drawback is the risk
of unsuccessful decoding when dealing with particular binary fea-
tures due to fundamental issues with Luby transform codes. This
approach relies on the introduction of sufficient logical redun-
dancy, that is, at the coding level, for error tolerance to ensure suc-
cessful decoding. This is different from physical redundancy, which
refers to the synthesis of excess DNA molecules, that is, increasing
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Fig. 1| Principles of the YYC. a, The bit-to-base transcoding process of the YYC. N1, N2, N3 and N4 represent the nucleic acids A, T, C and G, respectively.
X;and Y, represent different binary digits O and 1. When j is an integer chosen from 1to 8, X;4+Y;=1and X;x Y;=0 (that is, eight independent sets of X and Y,
with X,/Y; being 1/0 or 0/1). Cfl means that the calculation for number of 2-combination in a set with 4 elements.b, A flowchart of the YYC encoding pipeline.

the copy number of DNA molecules for each coding sequence®*.
Reducing the logical redundancy could lead to a high probability
of decoding failure, but excessive logical redundancy will decrease
the information density and significantly increase the cost of syn-
thesis”. Furthermore, specific binary patterns using these early
algorithms may also create unsuitable DNA sequences, with either
extreme GC content or long homopolymers (Supplementary Table
1). Therefore, developing a coding algorithm that can achieve high
information density but, more importantly, perform robust and reli-
able transcoding for a wide variety of data types in a cost-effective
manner is necessary for the development of DNA-based informa-
tion storage in practical applications™~".

To achieve this goal, we propose herein the yin-yang codec
(YYC) coding algorithm, inspired from the traditional Chinese con-
cept of yin and yang, representing two different but complementary
and interdependent rules, and we demonstrate its performance by
simulation and experimental validation. The advantage of the YYC
is that the incorporation of the yin and yang rules finally leads to
1,536 coding schemes that can suit diverse data types. We dem-
onstrate that YYC can effectively eliminate the generation of long
homopolymer sequences while keeping the GC content of the gen-
erated DNA sequences within acceptable levels. Two representative
file formats (.jpg and .txt) were chosen for storage as oligo pools in
vitro and a 54kbps DNA fragment in vivo in yeast cells to evaluate
the robustness of data recovery. The results show that YYC exhibits
good performance for reliable data storage as well as physical den-
sity reaching the scale of EB per gram.

Results

The general principle and features of the YYC. In nature, DNA
usually exists in a double-stranded structure. In some organisms
such as phages, both strands encode genetic information to make
the genome more compact. Inspired by this natural phenomenon,
we used the basic theory of combinatorics and cryptography to
develop a codec algorithm on the basis of Goldman’s rotating
encoding strategy’®”. Unlike other coding schemes developed
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using fixed mapping rules, the YYC provides dynamic combinatory
coding schemes and can thus generate optimal DNA sequences to
address the DNA synthesis and sequencing difficulties found when
generating DNA sequences with long homopolymers, extreme GC
content or complex secondary structure.

The general principle of the YYC algorithm is to incorporate two
independent encoding rules, called ‘yin’ and ‘yang, into one DNA
sequence (called ‘incorporation’), thereby compressing two bits into
one nucleotide (Fig. 1a). Here, we use N1, N2, N3 and N4 to rep-
resent the four nucleic acids A, T, C and G, respectively. For one
selected combinatory coding scheme, an output DNA sequence is
generated by the incorporation of two binary segments of identical
length. In the first step, the yang rule is applied to generate six dif-
ferent coding combinations. Then, in the yin rule, N1 and N2 are
mapped to different binary digits, while N3 and N4 are also mapped
to different binary digits independent of N1 and N2, leading to a
total of 256 different coding combinations. Application of the yin
and yang rules at one position will yield one and only one consen-
sus nucleotide (Supplementary Fig. 1 and Supplementary Video 1).
Meanwhile, according to the four different options for the previous
nucleotide, the two groups (N1/N2 and N3/N4) also have indepen-
dent options for the mapping to 0 and 1. Therefore, the incorporated
yin and yang rules provide a total of 1,536 (6X256) combinations
of transcoding schemes to encode the binary sequence. More details
are described in the Supplementary information.

To demonstrate the compatibility of the YYC algorithm and
quantify its featured parameters in comparison with other early
DNA-based data storage coding schemes, the 1 GB data collection
was transcoded by using the YYC as well as other early coding
algorithms for comparison**-*2. As shown in Table 1, the flexible
screening process introduced after the incorporation of binary
segments for both the YYC and DNA Fountain algorithms pro-
vides more possibilities for obtaining DNA sequences with desired
GC content values between 40% and 60%. Like all the other coding
algorithms, the YYC also introduces constraints to set the maxi-
mum homopolymer length at 4, considering computing resources
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Table 1| Comparison of DNA-based data storage schemes

Church et al. Goldmanetal. Grassetal. Erlich et al. Chenetal. This
work
(YYC)
General attributes Error correction strategy No Repetition RS Fountain LDPC RS
Robustness against excessive Yes Yes Yes No Yes Yes
errors
Information density (bitsnt=")? 12 1.582 1.78° 1.982 1.24° 1.95
Physical density In vitro 0.001° 0.002® 0.025 0.271° N/AP 2.25
achieved In vivo N/A N/A N/A N/A 2707 432.2b
(Ebytesg™)
Biotechnical compatibility GC content (%) of sequences  2.5-100 22.5-825 12.5-100 40-60 N/A 40-60
Maximum homopolymer length 3 1 3 4 N/A 4
(nt)
Ratio (%) of sequences with 7172 25.87 90.14 65.25 N/A 100

free energy >—30kJ mol™

The schemes are presented chronologically based on publication date. The biotechnical compatibility is obtained according to in silico simulation of 1GB file collections (Methods). LDPC, low-density parity
check. ?Information based on data from ref. %, *Calculated value in the form of data coding in a DNA fragment integrated into the yeast genome. N/A means the data is not available in the corresponding studies.

as well as the technical limitations of DNA synthesis and sequenc-
ing. In addition, the YYC considers the secondary structure of
the generated DNA sequences as part of the compatibility analy-
sis, by rejecting all DNA sequences with free energy lower than
—30kcalmol™". In addition, the statistics of other features were
analysed using the data collection and several test files in various
data formats (Supplementary Figs. 2, 3 and 4 and Supplementary
Tables 2, 3 and 4), suggesting that the YYC has no specific pref-
erence regarding the data structure and maintains a relatively
high level of information density, ranging from 1.75 to 1.78 bits
per base (Methods and Supplementary Fig. 2). For some cases,
our simulation analysis suggests that a few (approximately seven)
coding schemes from the collection of 1,536 might generate DNA
sequences with identity between 80% and 91.85% (Supplementary
Fig. 3), but at very low frequency.

Given these results, YYC offers the opportunity to generate DNA
sequences that are highly amenable to both the ‘writing’ (synthesis)
and ‘reading’ (sequencing) processes while maintaining a relatively
high information density. This is crucially important for improv-
ing the practicality and robustness of DNA data storage. The DNA
Fountain and YYC algorithms are the only two known coding
schemes that combine transcoding rules and screening into a single
process to ensure that the generated DNA sequences meet the bio-
chemical constraints. The comparison hereinafter thus focuses on
the YYC and DNA Fountain algorithms because of the similarity in
their coding strategies.

In silico robustness analysis of YYC for stored data recovery. The
robustness of data storage in DNA is primarily affected by errors
introduced during ‘writing’ and ‘reading’. There are two main types
of errors: random and systematic errors. Random errors are often
introduced by synthesis or sequencing errors in a few DNA mol-
ecules and can be redressed by mutual correction using an increased
sequencing depth. Systematic errors refer to mutations observed
in all DNA molecules, including insertions, deletions and substi-
tutions, which are introduced during synthesis and PCR amplifi-
cation (referred to as common errors), or the loss of partial DNA
molecules. In contrast to substitutions (single-nucleotide variations,
SNVs), insertions and deletions (indels) change the length of the
DNA sequence encoding the data and thus introduce challenges
regarding the decoding process. In general, it is difficult to correct
systematic errors, and thus they will lead to the loss of stored binary
information to varying degrees.
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To test the robustness baseline of the YYC against systematic
errors, we randomly introduced the three most commonly seen
errors into the DNA sequences at a average rate ranging from 0.01%
to 1% and analysed the corresponding data recovery rate in compar-
ison with the most well-recognized coding scheme (DNA Fountain)
without introducing an error correction mechanism. The results
show that, in the presence of either indels (Fig. 2a) or SN'Vs (Fig. 2b),
YYC exhibits better data recovery performance in comparison with
DNA Fountain, with the data recovery rate remaining fairly steady
at a level above 98%. This difference between the DNA Fountain
and other algorithms, including YYC, occurs because uncorrectable
errors can affect the retrieval of other data packets through error
propagation when using the DNA Fountain algorithm. Although
the robustness to systematic errors can be improved by introduc-
ing error correction codes, such as the Reed-Solomon (RS) code or
low-density parity-check code”***', when the error rate exceeds the
capability of such codes, the error correction will fail to function as
designed. Furthermore, it is universally acknowledged that no effi-
cient error correction strategies have been experimentally verified
to be effective for insertions and deletions®, let alone loss of the
entire segment coding sequence. Therefore, in real applications, tra-
ditional error correction codes might play a limited role for improv-
ing robustness because of their inability to correct indels or the loss
of the entire sequence.

As the other major factor for data recovery, the loss of partial
DNA molecules can also affect the success rate of data retrieval®.
Like early coding schemes (for example, those of Church et al,
Goldman et al. and Grass et al.), the YYC is also designed like a
linear block nonerasure code, with a linear relationship between
data loss and the encoded sequence loss. Nevertheless, because of
the convolutional binary incorporation of YYC, errors that cannot
be corrected within one DNA sequence will lead to the loss of infor-
mation for two binary sequences. In contrast, the DNA Fountain
algorithm uses a different data retrieval strategy based on its grid-
like topology of data segments, and theoretically, its data recovery
cannot be guaranteed when a certain number of DNA sequences
are missing’. In this work, in silico simulation of the data recov-
ery rate in the context of a gradient of DNA sequence loss was per-
formed. The results show that the YYC exhibits linear retrieval, as
predicted. The data recovery percentage remains at 98% when the
sequence loss rate is <2%. Even with 10% sequence loss, the YYC
can recover the remaining ~90% of the data. In contrast, when the
sequence loss rate exceeds 1.7%, the data recovery rate of the DNA
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Fig. 2 | Robustness analysis for the YYC and DNA Fountain coding schemes. a,b, The binary data recovery rate of the YYC (blue) and DNA Fountain (red)
coding strategies without any error-correction algorithm for indels (a) and SNVs (b) introduced randomly with an error rate of 0.01%, 0.1%, 0.3% 0.5%,

0.8% or 1%.

Fountain algorithm becomes highly volatile and drops significantly
(Supplementary Table 5). Fountain codes function well for telecom-
munications and internet communications because the information
transfer and verification are synchronous, thus giving the informa-
tion source a chance to send more data packets for successful data
recovery. However, the information writing (synthesis) and reading
(sequencing) processes for DNA-based data storage are heteroch-
ronic, meaning that multiple, stepwise molecular manipulations
are involved during the whole process. This makes the immediate
transmission of additional data packets unrealistic for DNA-based
data storage. Thus, although rateless codes including Fountain
codes may improve the performance by adjusting their configura-
tion and parameters, such coding schemes that suffer from the risk
of uncertain decodability are not ideal for DNA-based data storage
applications.

Experimental validation of the YYC with in vitro storage. To
determine the compatibility of the YYC with current biochemi-
cal technologies, including DNA synthesis, PCR amplification and
sequencing, we encoded three digital files (two text files, one each
in English and Chinese, and an image) using the YYC and stored
the encoded file in the form of 10,103 200nt oligos in vitro. The
sequence design of the oligos generated by the YYC transcoding is
illustrated in Fig. 3.

Three oligo pools were synthesized for an experimental valida-
tion of in vitro storage. Pool 1 (P1) includes oligos with 25% logi-
cal redundancy. In comparison, two independent oligo pools (P2
and P3) of these three files, both transcoded by the DNA Fountain
algorithm, were also synthesized using previously described settings
(Fig. 3a):** Pool 2 (P2) includes 10,976 oligos encoding these three
files individually, where it has been reported previously that logical
redundancy is required for successful decoding, while pool 3 (P3)
encodes the same files in a .tar archiving compressed package. The
RS error-correction code was used in all three oligo pools.

The average molecule copy (AMC) number of the P1, P2 and P3
master pools is estimated to be ~107. A ten-fold serial dilution of P1,
P2 and P3, with estimated AMC number from 10° to 10° for each
oligo pool, was performed for sequencing to evaluate the minimal
copy number of oligos required for successful file retrieval, as well
as the robustness performance against DNA molecule loss (Fig. 3b).
The sequencing results demonstrate that ~99.9% of the correspond-
ing data from P1 can be recovered at AMC numbers above 10°
with no preference regarding the specific data format (Fig. 3b and

Supplementary Fig. 5¢). As the AMC number decreases in magni-
tude, the decoding robustness shows an increase of instability. The
average data recovery rate decreases to 71.2% at an AMC number
of 10% ranging from 65.69% to 87.53% for each stored file. It drops
further to below 10% when the AMC number is less than 10". In
general, the YYC exhibits linear retrieval trend, which is positively
correlated with the amount of data-encoding DNA molecules
retained (Fig. 3¢). For the DNA Fountain algorithm, the data recov-
ery rate at an AMC number above 10* is comparable to that of the
YYC, but it drops significantly at lower AMC numbers from 10° to
the single-copy level (Fig. 3b). Especially for P3, the data was first
.tar archived and then transcoded for storage. According to our
experimental results, a maximum of 32.83% of the data package
can be retrieved at lower levels of AMC number (Supplementary
Data 1). However, the disruption of the compressed package leads
to total loss of the original data. In addition, it has been suggested
previously that most random errors introduced during synthesis or
sequencing can be corrected by increasing the sequencing depth™.
However, we found that, although lost sequences could be retrieved
by such deep sequencing (Supplementary Fig. 6a), these sequences
are at relatively low depth and contain more errors (Supplementary
Fig. 6b). Therefore, such retrieved sequences are insufficient for
valid information recovery. The current results suggest that loss of
DNA molecules is the major factor affecting the data recovery rate,
and that even high sequencing depth cannot improve the recovery
rate if a certain amount of data-encoding DNA molecules are lost.
In general, the relationship found between the information recovery
rate and the sequence retention rate of each synthesized oligo pool
in the in vitro experiment is consistent with that found in the in
silico simulations, for the YYC and DNA Fountain algorithms.

To further investigate the compatibility of the coding schemes
for different binary patterns from various files, we examined the
performance of the YYC and DNA Fountain algorithms on test files
in various formats. It is reported that information loss and decod-
ing failure in DNA data storage can also result from original defects
in the transcoding algorithms®***~*. Therefore, increasing the logi-
cal redundancy could greatly improve the probability of successful
decoding for all the coding schemes. However, too much logical
redundancy requires the synthesis of more nucleotides and thus
reduces the information density. Therefore, it is very important to
keep the logical redundancy level in a controllable range for mas-
sive file archiving. Based on the transcoding simulations for these
files, it is suggested that, especially for nonexecutable files, the
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Fig. 3 | Experimental validation of in vitro binary data storage using the YYC and DNA Fountain coding strategies. a, The sequence design of the 200 nt
oligo generated by the YYC and DNA Fountain algorithms for in vitro data storage. b, The serial dilution experiment of the synthesized oligo pool. The
average copy number of each oligo sequence is calculated accordingly to the original oligo pool. The average data recovery rates are calculated based

on the sequencing result of the PCR products of the diluted samples (the data recovery rates of YYC samples with low molecule copy number (<10°)

is labeled with green color; the DNA molecule copy number for each sample after the PCR amplification exceeds 108). ¢, Analysis of the YYC and DNA
Fountain (abbreviated as DF) algorithms by sequencing of corresponding diluted samples and calculation of the data recovery rate of each file encoded by
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DNA Fountain algorithm exhibits variable requirements for the
level of logical redundancy, leading to a varying information den-
sity (Supplementary Table 6). In contrast, the YYC coding scheme
always requires a relatively low level of logical redundancy, resulting
in more general compatibility with a broader range of file types and
demonstrating a more stable information density.

Experimental validation of the YYC with in vivo storage. In vivo
DNA data storage has attracted attention in recent years because of
its potential to enable economical write-once encoding with stable
replication for multiple data retrievals™. However, whether and the
extent to which the robustness of a coding scheme can be main-
tained against spontaneous mutations or unexpected variations
accumulated during long-term passaging of living cells has not been
comprehensively investigated previously. Thus, we encoded a por-
tion of a text file (Shakespeare Sonnet.txt) into a 54,240bp DNA
fragment containing 113 data blocks using the YYC and evaluated
its potential data robustness for in vivo DNA data storage applica-
tions. The sequence design for each data block included a 456 bp
data payload region and a 24 nt RS code region (Fig. 4a). The gener-
ated DNA fragment was first synthesized de novo into 60 of ~1kbps
subfragments and then assembled into 20 of ~2.8kbps fragments
(Methods). Taking advantage of the high homologous recombina-
tion efficiency of yeast, these fragments were directly transformed
into yeast strain BY4741 together with the linearized low-copy
centromeric vector pRS416 to enable one-step full-length DNA
assembly in vivo. After ~1,000 generations by batch transfer of cell
culture, we evaluated the robustness of the YYC scheme by subject-
ing 15 single colonies to whole-genome sequencing (Fig. 4b). First,
in addition to indels or SN'Vs that could be introduced during con-
struction or passaging of the cells, we also observed varying degrees
of partial fragment loss from ~21.1kbps to ~51.4kbps among all 15
selected single colonies, leading to different levels of data recovery
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from 38.9% to 95.0% (Supplementary Table 7 and Fig. 4c,d). Since
the observed indels or large deletions might lead to frameshifts of
the data-encoding DNA sequence and subsequent decoding failure,
a single-winner plurality voting strategy was applied to generate a
consensus sequence from the reconstruction and alignment of mul-
tiple colonies (Fig. 4c). By doing so, we reconstructed a full sequence
with 66 SN'Vs that cannot be corrected by the RS code introduced
into the data block and fully recovered the stored data. In addition,
to test the maximum physical density achievable in this study, we
further integrated the constructed data-encoding DNA fragment
into chromosome II of the yeast BY4741 genome. Therefore, for
each resulting yeast cell, the data-encoding DNA is maintained at
one single-copy level. By doing so, we successfully demonstrated
that a physical density of ~432.2EBg™' can be achieved, suggesting
a significant increase by three orders of magnitude than that dem-
onstrated in prior work®*>*** (Table 1).

Discussion

The YYC transcoding algorithm offers several advantages. First, it
successfully balances high robustness, compatibility and a consider-
able information density for DNA data storage compared with other
early efforts. With the gradual popularization of DNA data storage,
it is crucially important that the developed coding algorithms can
perform robust and reliable transcoding for a wide variety of data
types, especially for data with specific binary patterns. Before trans-
coding, compression algorithms such as Lempel-Ziv—-Welch, Gzip
or run-length encoding can be used to make the byte frequency*
more balanced and avoid specific data patterns (Supplementary
Table 1), thus improving the compatibility of the generated DNA
sequences. However, because compression will change the original
information structure, our results show that even partial loss of the
DNA molecules will result in total failure to recover the compressed
data. Current compression algorithms are not designed for DNA
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Fig. 4 | In vivo experimental validation. a, The design of the DNA sequence generated by the YYC for in vivo data storage in the form of a ~54 kbps
data-encoding DNA fragment in the pRS416 vector. AmpR: ampicillin resistance gene; CEN: yeast centromere sequence; ARS: autonomously replicating
sequence; URA3: a selective marker gene. b, The workflow of the data recovery analysis for in vivo data storage after batch transfer of ~1,000 generations.
¢, The fate of the ~54 kbps data-coding fragment in each selected yeast strain is indicated as preserved (light blue) or deleted (white). d, The correlation
between the retention rate of the data-encoding DNA fragment and the data recovery in each selected yeast strain (dots). R? indicates the coefficient of
determination. Solid line is the fitted curve obtained using the command ggplot:geom_point (), geom_smooth (method="Im", se=FALSE).

data storage, and further refinement can be performed to compress
data appropriately for robust bit-to-base transcoding. Another
potential advantage of the YYC is the flexibility of the rule incor-
poration from its 1,536 options. Considering broader application
scenarios, the YYC offers the opportunity to incorporate multiple
coding schemes for the transcoding of a single file, thus providing
an alternative strategy for secure data archiving. Furthermore, cod-
ing schemes for DNA storage can be modularized into data trans-
coding, assignment of indices, error correction, redundancy, etc.,
thus providing more options to be combined freely be users. In
our early work, we also demonstrated an integration system called
‘Chamaeleo’ in which the YYC could be used compatibly for bit-to-
base encoding together with other modules*. Further optimization
and functionalities can be incorporated into the system as well.
Our sequencing results show that the error rate of the synthe-
sized oligo pools is ~1%, and in addition, ~1.2% of oligos are lost
when mapping with the designed oligo sequence collections. There
are two main steps in which systematic errors could be introduced:
the synthesis of data-encoded oligos and PCR amplification to
obtain a sufficient amount of DNA for sequencing. In general, ran-
dom errors introduced during sequencing can be corrected easily by
using a sufficient sequencing depth, but errors introduced during

PCR amplification can be problematic. Error-correction codes
can improve the information retrieval, but logically redundant
sequences including both inner and outer codes can play a more
important role in retrieving lost sequences and correcting errors for
reliable DNA-based data storage. The length of the DNA sequence
may also limit the pool capacity of a DNA storage system. These
issues could be addressed in the future by using DNA synthesis tech-
nology with high stepwise efficiency, throughput and fidelity, which
could yield longer DNA sequences and a high quantity of DNA and
avoid amplification. For the demonstration of in vivo DNA storage,
we find that there are random 1nt indels and deletions of varying
sizes in different data-coding regions across the selected single colo-
nies, which could cause issues with data stability and recovery after
long-term storage. Hence, it is critical that the coding strategy used
should be able to retrieve as much information as possible. In addi-
tion, we also demonstrate herein that applying a voting strategy on a
population of cells can further increase the possibility of fully recov-
ering the stored information. Nevertheless, future efforts to improve
the stability of exogenous artificial DNA in host cells is necessary
to avoid unexpected information loss during passaging. The theo-
retical information density of DNA storage of 2bits per base can-
not be attained in real applications due to the setting of indices, the
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error-correction strategy, intrinsic biochemical constraints and the
technical limitations of the DNA synthesis and sequencing proce-
dures*. The introduction of ‘pseudobinary’ segments in our study
will also reduce the information density. Nevertheless, compared
with another recent study on data storage using artificial yeast chro-
mosomes in living yeast cells, the current results indicate better per-
formance in terms of information density™.

Methods

The YYC strategy. Demonstration of the YYC transcoding principle. In the example
referred to as coding scheme no. 888 in Supplementary Fig. 1a, the yang rule states
that [A, T] represents the binary digit 0 while [G, C] represents the binary digit

1. Meanwhile, the yin rule states that the local nucleotide (the current nucleotide
to be encoded) is represented by the incorporation of the previous nucleotide

(or ‘supporting nucleotide’) and the corresponding binary digit (Supplementary
Fig. 1b). During transcoding, these two rules are applied respectively for two
independent binary segments and transcoded into one unique DNA sequence,
while decoding occurs in the reverse order. For example, given an input signal
formed of @ and ‘b of 10110011” and ‘01011101, respectively, the transcoding
scheme will start with the first nucleotide in each segment. According to the yang
rule, ‘1’ in ‘@ provides two options [C, G]. With the predefined virtual nucleotide
in position 0 as A, the yin rule and ‘0’ for ‘b’ also provide two options [A, G]
(Supplementary Fig. 1a). Therefore, the intersection of these two sets generates the
unique base [G] transcoding the first binary digit in these two segments. Similarly,
the rest of the two segments can be converted into a unique nucleotide sequence
(Supplementary Fig. 1b and Supplementary Video 1). Note that switching the
binary segments will change the transcoded result, which means that [a: Yang, b:
Yin] and [b: Yang, a: Yin] will result in the generation of completely different DNA
sequences. Generally, only one, fixed incorporated coding scheme is selected to
transcode each dataset. Nevertheless, multiple coding schemes can be used for
transcoding in encryption applications, where the corresponding information
describing the coding schemes used would be stored separately.

Incorporation of the YYC transcoding pipeline. Considering the features of the
incorporation algorithm, binary segments containing excessively imbalanced 0s
or 1s will tend to produce DNA sequences with extreme GC content or undesired
repeats. Therefore, binary segments containing a high ratio of 0 or 1 (>80%) will
be collected into a separate pool and then selected to incorporate with randomly
selected binary segments with normal 0-to-1 ratios.

Constraint settings of the YYC transcoding screening. In this study, a working scheme
named ‘YYC-screener’ is established to select valid DNA sequences. By default,

the generated DNA sequences (normally ~200nt) with a GC content >60% or
>40%, carrying >6-mer homopolymer regions or possessing a predicted secondary
structure of <—30kcalmol™ are rejected. Then, a new run of segment pairing will
be performed to repeat the screening process until the generated DNA sequence
meets all the screening criteria. Considering that DNA sequencing and synthesis
technologies continue to evolve rapidly, the constraint settings are designed as
nonfixed features to allow user customization. In this work, the constraints are set
as follows: a GC content between 40% and 60%, a maximum homopolymer length
<5 and a free energy >—30kcalmol™ (the free energy of the secondary structure is
calculated using Vienna RNA version 2.4.6).

In silico transcoding simulation. Computing and software. All encoding, decoding
and error analysis experiments were performed in an Ubuntu 16.04.7 environment
running on an i7 central processing unit with 16 GB of random-access memory
using Python 3.7.3.

Input files and parameters for simulation. The test files included 113 journal articles
(including images and text), 112 .mp3 audio files from Scientific American and the
supplementary video files from 33 journal articles.

To compare the compatibility of the different coding schemes, all the test
files were transcoded by using Churchs code, Goldman’s code, Grass’ code, DNA
Fountain and the YYC in the integrated transcoding platform ‘Chamaeleo’ that we
developed™. The segment length of the binary information was set as 32 bytes. For
Church’s code, Goldman’s code and Grass’ code, the original settings as previously
reported were used in this study. For the DNA Fountain and YYC algorithms, the
constraints were set as follows: a GC content of 40-60% and a maximum allowed
homopolymer length of 4. For the free energy constraint in the YYC algorithm, the
cutoff for probe design was set as —13 kcalmol~! for a ~20 nt DNA sequence, and
considering a length of the data-coding DNA of 160 nt, we adjusted the cutoff to
—30kcalmol~! (refs. **'*).

Additional transcoding simulation tests were performed to evaluate the
robustness and compatibility of the DNA Fountain and YYC algorithms. The DNA
Fountain source code was used to perform encoding and decoding tests on nine
different file formats and ten bitmap images with the default parameter settings
(c-dist=0.025, delta=0.001, header size =4, homopolymer =4, GC=40-60%)

240

with minimum decodable redundancy. The oligo length of both strategies was set
as 152 bases with indices or seeds for data retrieval and without error-correction
codes. To determine the minimum redundancy required for file decoding, a test
interval of minimum redundancy was set as 1%, and the maximum redundancy
allowed was 300%. In some cases, the process terminated with a system error,
which might be caused by stack overflow.

Experimental validation. File encoding using the YYC and DNA Fountain
algorithms. The binary forms of three selected files (9.26 X 10°bits, 7.95 X 10° bits
and 2.95 X 10°bits) were extracted and segmented into three independent 128 bit
segment pools. A 16bit RS code was included to allow the correction of up to two
substitution errors introduced during the experiment. Next, four 144 bit binary
segments (data payload + RS code) were used to generate a fifth redundant binary
segment to increase the logical redundancy. Then, another 16 bit index was added
into each binary segment to infer its address in the digital file and in the oligo
mixture for decoding. Coding scheme no. 888 from the YYC algorithm was applied
to convert the binary information into DNA bases. The aforementioned ‘YYC-
screener’ was used to select viable DNA sequences. Eventually, 8,087 of 160 nt DNA
sequence segments were generated. To allow random access to each file, a pair

of well-designed 20 nt flanking sequences were added at both ends of each DNA
sequence. Finally, an oligo pool containing 10,103 single-stranded 200 nt DNA
sequences was obtained.

For DNA Fountain, the recommended default settings from its original report™
(c-dist=0.1, delta=0.5, header size =4, homopolymer =4, GC=40-60%), with
the exception of redundancy, were used to generate the DNA oligo libraries. The
minimum redundancy to ensure successful decoding was determined. Therefore,
13%, 22%, 73% and 12% logical redundancy was added for a .tar archiving
compressed file, text1, text2 and image files, respectively. Finally, an oligo library
encoding a .tar archiving compressed file (9,185 sequences) and an oligo library
encoding the mixed three individual files (10,976 sequences) were obtained.

A part of one text file (~13kB), was transcoded into DNA sequences by YYC
for in vivo storage using a similar procedure, but the binary segment length was set
as 87 bytes (or 456 bits). As described in the main text, the sequence was divided
into 113 data blocks of 456 nt each. To increase the fidelity, a 24 nt RS code was
added. The total data payload region as double-stranded DNA for in vivo storage is
(456 +24) X 113 = 54,240 bp.

Synthesis and assembly. The three oligo pools were outsourced for synthesis by
Twist Biosciences and delivered in the form of DNA powder for sequencing.

For in vivo storage, the 54,240 bp DNA fragment was first segmented into
20 subfragments (2,500-2,900 bp) with overlapping regions and then further
segmented into building blocks (800-1,000 bp, hereafter referred to as blocks).
For each block, 20 of 80-nt oligos were synthesized with a commercial DNA
synthesizer (Dr. Oligo, Biolytic Lab Performance) and then assembled into
blocks by applying the polymerase cycling assembly method using Q5 High-
Fidelity DNA Polymerase (M0491L, NEB) and cloned into an accepting vector
for Sanger sequencing. Then, the sequencing-verified blocks were released from
their corresponding accepting vector by enzymatic digestion for the assembly
of subfragments by overlap extension (OE-)PCR. Gel purification (QIAquick
gel extraction kit, 28706, QTAGEN) was performed to obtain the assembled
subfragments. By transforming all 20 subfragments (300 ng each) and the low-
copy accepting vector pRS416 into BY4741 yeast using LiOAc transformation*
and taking advantage of yeast’s native homologous recombination, the full-length
~54kb DNA fragment was obtained. After 2 days of incubation on selective media
(SC-URA, 630314, Clontech) at 30°C, 16 single colonies were isolated for liquid
culturing in YPD (Y1500, Sigma) before sequencing. One of the colonies showed
very low target region coverage and was excluded from further analysis.

For the in vivo storage demonstration via genome integration, the full
assembled fragment was inserted right after gene YBR150C on chromosome II with
the LEU2 marker for selection via yeast transformation. The transformants were
recovered on SC-Leu plates (SC-LEU, 630310, Clontech). Three positive colonies
were isolated for genomic DNA extraction and sequencing.

Library preparation and sequencing. For library preparation of the synthesized
oligo pool, the DNA powder was first dissolved in double-distilled water (ddH,O)
to obtain a standard solution, with an average of 10" molecules pL~" per oligo for
each synthesized oligo pool. Then, the standard solution was serially diluted by
10-fold to create the seven working solutions (WSs) of WS6 to WSO with average
concentration of 10° to 10° DNA molecules pL™, respectively, for each oligo pool.
Then, each WS was amplified by PCR with three technical replicates to obtain the
amplified product for P2 and each of the three different files for P1 and P3. PCR
amplification was performed using 25 pL 2x Q5 High-Fidelity DNA Polymerase
master mix (M0491L, NEB), 2 uL forward and reverse primer pairs each (10 pM
each), 1 pL template DNA and 20 pL ddH,O added to a final reaction volume of
50 uL. To obtain a sufficient amount of product for later sequencing, the PCR
thermal cycler programme settings for P1 and P3 were as follows: 98 °C for

5min; 23, 27, 32, 36, 40, 44 and 48 cycles of 98 °C for 10, 62°C for 15s and 72°C
for 10s; and final extension at 72 °C for 2 min. The PCR settings for P2 were
almost the same, but the annealing temperature was 60 °C for DF-F1 (Forward
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primer 1) and 58°C for DF-F2 (Forward primer 2) and DF-F3 (Forward primer 3).
The concentrations of products were measured using gel electrophoresis and
Qubit fluorometer, and corresponding molecules per microlitre values were

also calculated (Supplementary Data 1). All amplified DNA libraries were then
sequenced using DIPSEQ-T7 sequencing'.

For in vivo storage, the methods for genomic DNA extraction and standard
library preparation of the yeast colonies were described in previous studies”. The
prepared samples were sequenced using the DNBSEQ-G400 (MGISEQ-2000) and
DNBelab sequencing platform™.

Data analysis. In total, >3 G PE-150 reads were generated for the in vitro storage
experimental validation. Sequencing data with an average depth of 100X were
randomly subsampled for information retrieval. The reads were first clustered
and assembled to complete sequences for each type of oligo. Flanking primer
regions were removed, DNA sequences were decoded to binary segments using
the reverse operation of encoding and substitution errors were corrected using
the RS code. The binary segments were reordered according to the address region.
During this process, ‘pseudobinary’ segments were removed based on the address.
The complete binary information was then converted to a digital file. The data
recovery rate was calculated using 2cesully recovered binary (Supplementary

ry segments
Data 1). For error analysis, sequencing data with average depth of 100%, 300X,
500%, 700X and 900x were randomly subsampled six times using different
random seeds.

In total, >50 M PE-100 reads were generated for in vivo storage, in which the
10% low-quality reads (Phred score <20) by SOAPnuke were filtered”. Reads of
the host genome were removed using samtools after mapping by BWA***'. Short
reads were then assembled into contigs by SOAPdenovo®™*. Blastn was used to
find the connections between contigs®. A Python script was written to merge the
contigs and obtain the assembled sequences for each strain. Multiple sequence
alignment was conducted to align the assembled sequences by clustal W2 for the
majority voting process to identify structural variations, insertions and deletions™.
Pre-added RS codes were used for error correction of substitutions. The complete
DNA sequence was decoded by reversing the operations of encoding to recover the
binary information.

The physical density was calculated as

Average information carried per nucleotide
Average mass per nucleotide X Average copy number X (1-+Redundancy percentage) ’

where

Average molecular weight per nucleotide

Average mass per nucleotide =
Avogadro constant

and

Average information carried per nucleotide

__ 2 X Number of nucleotides in data payload region
- Total length used ‘

The average molecular weight per nucleotide is 330.95gmol™, which is a
constant.

For the in vitro demonstration in this work, the average copy number for
effective data recovery is 100, the length of the data payload region is 128 nt, the
total length is 200 nt and the redundancy is ~30% including the ‘pseudobinary’
sequence. Therefore, the physical density is calculated to be 1.79 X 10" bits per
gram of DNA, which equals 2.25 X 10" bytes per gram of DNA.

For the in vivo demonstration in this work, the average copy number is 1 as the
exogenous sequence is integrated to genome, the length of the data payload region
is 51,528 bp and the total length is 54,240 bp. Therefore, the physical density is
calculated to be 3.46 X 10*' bits per gram of DNA, which equals 4.322 X 10* bytes
per gram of DNA.

For Chen et al., according to their paper”, the average copy number is 1, the
average information carried per nucleotide is 1.19 bits nt™!. Therefore, the physical
density is calculated to be 2.707 X 10% bytes per gram of DNA.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

Source data for all figures are provided with this paper. The sequencing raw data
that support the findings of this study have been deposited in the CNSA (https://
db.cngb.org/cnsa/) of the CNGBdb with accession code CNP0001650.

Code availability
The code package for the YYC is available in the GitHub repository (https://github.
com/ntpz870817/DNA-storage-YYC) and Zenodo™.

Received: 18 May 2021; Accepted: 18 March 2022;
Published online: 25 April 2022

References

1. Church, G. M., Gao, Y. & Kosuri, S. Next-generation digital information
storage in DNA. Science 337, 1628 (2012).

2. Allentoft, M. E. et al. The half-life of DNA in bone: measuring decay kinetics
in 158 dated fossils. Proc. Biol. Sci. 279, 4724-4733 (2012).

3. Bhat, W. A. Bridging data-capacity gap in big data storage. Future Gener.
Computer Syst. 87, 538-548 (2018).

4. Kennedy, E. et al. Encoding information in synthetic metabolomes. PLoS
ONE 14, 0217364 (2019).

5. Cafferty, B. J. et al. Storage of information using small organic molecules.
ACS Cent. Sci. 5, 911-916 (2019).

6. Koch, J. et al. A DNA-of-things storage architecture to create materials with
embedded memory. Nat. Biotechnol. 38, 39-43 (2020).

7. Choi, Y. et al. High information capacity DNA-based data storage with
augmented encoding characters using degenerate bases. Sci. Rep. 9, 6582
(2019).

8. Anavy, L., Vaknin, L, Atar, O., Amit, R. & Yakhini, Z. Data storage in DNA
with fewer synthesis cycles using composite DNA letters. Nat. Biotechnol. 37,
1229-1236 (2019).

9. Yazdi, S. M., Yuan, Y., Ma, J., Zhao, H. & Milenkovic, O. A rewritable,
random-access DNA-based storage system. Sci. Rep. 5, 14138 (2015).

10. Organick, L. et al. Random access in large-scale DNA data storage. Nat.
Biotechnol. 36, 242-248 (2018).

11. Tomek, K. J. et al. Driving the scalability of DNA-based information storage
systems. ACS Synth. Biol. 8, 1241-1248 (2019).

12. Kosuri, S. & Church, G. M. Large-scale de novo DNA synthesis: technologies
and applications. Nat. Methods 11, 499-507 (2014).

13. Shendure, J. et al. DNA sequencing at 40: past, present and future. Nature
550, 345-353 (2017).

14. Van der Verren, S. E. et al. A dual-constriction biological nanopore resolves
homonucleotide sequences with high fidelity. Nat. Biotechnol. 38,

1415-1420 (2020).

15. Niedringhaus, T. P,, Milanova, D., Kerby, M. B, Snyder, M. P. & Barron, A. E.
Landscape of next-generation sequencing technologies. Anal. Chem. 83,
4327-4341 (2011).

16. Kulski, J. K. in Next Generation Sequencing: Advances, Applications and

Challenges (ed. Kulski, J. K.) pp. 3-60 (IntechOpen, 2016).

. Kieleczawa, J. Fundamentals of sequencing of difficult templates—an overview.
J. Biomol. Tech. 17, 207-217 (2006).

18. Nelms, B. L. & Labosky, P. A. A predicted hairpin cluster correlates with
barriers to PCR, sequencing and possibly BAC recombineering. Sci. Rep. 1,
106 (2011).

19. Fan, H., Wang, J., Komiyama, M. & Liang, X. Effects of secondary structures
of DNA templates on the quantification of qPCR. J. Biomol. Struct. Dyn. 37,
2867-2874 (2019).

20. Goldman, N. et al. Towards practical, high-capacity, low-maintenance

information storage in synthesized DNA. Nature 494, 77-80 (2013).

. Grass, R. N., Heckel, R., Puddu, M., Paunescu, D. & Stark, W. J. Robust
chemical preservation of digital information on DNA in silica with
error-correcting codes. Angew. Chem. Int Ed. Engl. 54, 2552-2555 (2015).

22. Erlich, Y. & Zielinski, D. DNA Fountain enables a robust and efficient storage
architecture. Science 355, 950-954 (2017).

23. Organick, L. et al. Probing the physical limits of reliable DNA data retrieval.
Nat. Commun. 11, 616 (2020).

24. Dong, Y., Sun, E, Ping, Z., Ouyang, Q. & Qian, L. DNA storage: research

landscape and future prospects. Natl Sci. Rev. 7, 1092-1107 (2020).

. Heckel, R., Shomorony, I., Ramchandran, K. & Tse, D. N. C. Fundamental
limits of DNA storage systems. In 2017 IEEE International Symposium on
Information Theory. 3130-3134. (IEEE, 2017).

26. Feng, L., Foh, C. H,, Jianfei, C. & Chia, L. LT codes decoding: Design and
analysis. In 2009 IEEE International Symposium on Information Theory.
2492-2496. (IEEE, 2009).

27. Matange, K., Tuck, J. M. & Keung, A. J. DNA stability: a central design

consideration for DNA data storage systems. Nat. Commun. 12, 1358 (2021).

. Brualdi, R. A. Introductory Combinatorics (North-Holland, 1977).

. Menezes, A. J., Katz, J., van Oorschot, P. C. & Vanstone, S. A. Handbook of
Applied Cryptography (CRC Press, 1996).

30. Chen, W. et al. An artificial chromosome for data storage. Natl Sci. Rev.

https://doi.org/10.1093/nsr/nwab028 (2021).

31. Fei, P. & Wang, Z. LDPC Codes for Portable DNA Storage. In 2019 IEEE
International Symposium on Information Theory 76-80. (IEEE, 2019).

32. Lenz, A., Siegel, P. H., Wachter-Zeh, A. & Yaakobi, E. Coding cver sets for
DNA storage. IEEE Trans. Inform. Theory 66, 2331-2351 (2020).

33. Ping, Z. et al. Carbon-based archiving: current progress and future prospects
of DNA-based data storage. Gigascience https://doi.org/10.1093/gigascience/
giz075 (2019).

34. Lee, H. H., Kalhor, R., Goela, N., Bolot, J. & Church, G. M. Terminator-free
template-independent enzymatic DNA synthesis for digital information
storage. Nat Commun https://doi.org/10.1038/s41467-019-10258-1 (2019).

1

~

2

—

2

[

2
2

\© oo

NATURE COMPUTATIONAL SCIENCE | VOL 2 | APRIL 2022 | 234-242 | www.nature.com/natcomputsci 241


https://db.cngb.org/cnsa/
https://db.cngb.org/cnsa/
https://github.com/ntpz870817/DNA-storage-YYC
https://github.com/ntpz870817/DNA-storage-YYC
https://doi.org/10.1093/nsr/nwab028
https://doi.org/10.1093/gigascience/giz075
https://doi.org/10.1093/gigascience/giz075
https://doi.org/10.1038/s41467-019-10258-1
http://www.nature.com/natcomputsci

ARTICLES

NATURE COMPUTATIONAL SCIENCE

35. Huang, W, Li, H. & Dill, J. Fountain codes with message passing and
maximum likelihood decoding over erasure channels. In 2011 Wireless
Telecommunications Symposium 1-5. (IEEE, 2011).

36. Asteris, M. & Dimakis, A. G. Repairable Fountain codes. IEEE J. Sel. Areas
Commun. 32, 1037-1047 (2014).

37. Lézaro, E, Liva, G. & Bauch, G. Inactivation decoding of LT and Raptor

codes: analysis and code design. IEEE Trans. Commun. 65, 4114-4127 (2017).

38. Yang, L., et al. The Performance Analysis of LT Codes. (ed. Kim, Tai-hoonet.
al) Communication and Networking, 227-235 (Springer Berlin Heidelberg,
2012).

39. Cai, Y. et al. Intrinsic biocontainment: multiplex genome safeguards combine
transcriptional and recombinational control of essential yeast genes. Proc.
Natl Acad. Sci. USA. 112, 1803-1808 (2015).

40. Karim, A. S., Curran, K. A. & Alper, H. S. Characterization of plasmid
burden and copy number in Saccharomyces cerevisiae for optimization of
metabolic engineering applications. FEMS Yeast Res 13, 107-116 (2013).

. Wei-Jen, L., Ke, W,, Stolfo, S. J. & Herzog, B. Fileprints: identifying file types
by n-gram analysis. In Proceedings from the Sixth Annual IEEE SMC
Information Assurance Workshop. 64-71. (IEEE, 2005).

42. Ping, Z. et al. Chamaeleo: an integrated evaluation platform for DNA storage.

Synth. Biol. J. 1, 1-15 (2021).
43. Noguera, D. R., Wright, E. S., Camejo, P. & Yilmaz, L. S. Mathematical tools

4

—

to optimize the design of oligonucleotide probes and primers. Appl. Microbiol.

Biotechnol. 98, 9595-9608 (2014).

44. Yilmaz, L. S. & Noguera, D. R. Mechanistic approach to the problem of
hybridization efficiency in fluorescent in situ hybridization. Appl. Environ.
Microbiol 70, 7126-7139 (2004).

45. Annaluru, N. et al. Total synthesis of a functional designer eukaryotic
chromosome. Science 344, 55-58 (2014).

46. Zhu, L. et al. Single-cell sequencing of peripheral mononuclear cells reveals
distinct immune response landscapes of COVID-19 and influenza patients.
Immunity 53, 685-696 (2020).

47. Shen, Y. et al. Deep functional analysis of synII a 770-kilobase§ysynthetic
yeast chromosome. Science 355, 6329 (2017).

48. Korostin, D. et al. Comparative analysis of novel MGISEQ-2000 sequencing
platform vs Illumina HiSeq 2500 for whole-genome sequencing. PLoS ONE
15, €0230301 (2020).

49. Chen, Y. et al. SOAPnuke: a MapReduce acceleration-supported software for
integrated quality control and preprocessing of high-throughput sequencing
data. Gigascience 7, 1-6 (2018).

50. Li, H. & Durbin, R. Fast and accurate short read alignment with Burrows-

Wheeler transform. Bioinformatics 25, 1754-1760 (2009).
. Danecek, P. et al. Twelve years of SAMtools and BCFtools. Gigascience 10,
giab008 (2021).

52. Luo, R. et al. SOAPdenovo2: an empirically improved memory-efficient
short-read de novo assembler. Gigascience 1, 18 (2012).

53. Li, R. et al. De novo assembly of human genomes with massively parallel
short read sequencing. Genome Res. 20, 265-272 (2010).

54. Camacho, C. et al. BLAST+: architecture and applications. BMC Bioinform.
10, 421 (2009).

55. Larkin, M. A. et al. Clustal W and Clustal X version 2.0. Bioinformatics 23,
2947-2948 (2007).

56. Ping, Zhi, Zhang, Haoling & Zhu., Joe Towards practical and robust
DNA-based data archiving using ‘yin-yang codec’ System https://doi.
org/10.5281/zenodo.6326563 (2022).

5

—

Acknowledgements

This work was supported by the National Key Research and Development Program

of China (no. 2021YFF1200100, no. 2020YFA0712100), National Natural Science
Foundation of China (no. 32101182) and Guangdong Provincial Key Laboratory of
Genome Read and Write (no. 2017B030301011). We thank C. Hunter and C.-T. Wu
from Harvard University and G. Ge from Capital Normal University for constructive
discussions on the theoretical modelling. We thank the China National GeneBank
(CNGB) for support with DNA fragment synthesis and assembly for the in vivo storage
experiment.

Author contributions

Y.S., Z.P, S.C., G.Z. and X.H. designed the experiment. Z.P. and S.C. conducted
simulation and data analysis. G.Z. conducted the sequencing data analysis. S.J.Z. and
H.Z. wrote and improved the code of the software program. J.C. and T.C. conducted
the in vivo DNA fragment assembly. Z.L., H.Z. and Z.P. conducted the theoretical
justification. Z.P. and Y.S. drafted the manuscript. Z.P,, H.Z. and Y.S. prepared the
figures and tables. G.Z., S.J.Z., HH.L., G.M.C. and Y.S. revised the manuscript. H.Y,,
X.X., G.M.C. and Y.S. supervised the study. All authors read and approved the final
manuscript.

Competing interests

S.Z.is currently the founder of TAICHI AI Ltd, 20-22, Wenlock Road, London, England,
N1 7GU. This work was completed when S.Z. was working at the University of Oxford
and consulting for the BGI. G.M.C. has significant interests in Twist, Roswell, BGI, v.ht/
PHN, and vht/moVD. X.H,, S.C,, T.C,, Y.S., X.X,, and H.Y. have a patent filed with
application number 16/858,295 and publication number 20200321079. The remaining
authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s43588-022-00231-2.

Correspondence and requests for materials should be addressed to
Xun Xu, George M. Church or Yue Shen.

Peer review information Nature Computational Science thanks Manish K. Gupta and
the other, anonymous, reviewer(s) for their contribution to the peer review of this
work. Primary Handling Editor: Ananya Rastogi, in collaboration with the Nature
Computational Science team. Peer reviewer reports are available.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons

B Attribution 4.0 International License, which permits use, sharing, adap-

tation, distribution and reproduction in any medium or format, as long

as you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons license and your intended use is not permitted by statu-
tory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.
© The Author(s) 2022

242 NATURE COMPUTATIONAL SCIENCE | VOL 2 | APRIL 2022 | 234-242 | www.nature.com/natcomputsci


https://doi.org/10.5281/zenodo.6326563
https://doi.org/10.5281/zenodo.6326563
https://doi.org/10.1038/s43588-022-00231-2
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/natcomputsci

nature resea’rCh Corresponding author(s): :{é}gnr}érl\]/l. e

Last updated by author(s): Mar 16, 2022

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|Z| The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX X OO0 00O0F

|Z| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We published our custom python codes on Github and Zenodo. Source code and user manual are also available under: https://github.com/
ntpz870817/DNA-storage-YYC and https://doi.org/10.5281/zen0do0.6326563.

Data analysis All encoding, decoding, and error analyzing experiments were performed in an Ubuntu 16.04.7 environment including an i7 CPU and 16 GB of
RAM using Python 3.7.3, with our developed package "Chamaeleo" available under: https://github.com/ntpz870817/Chamaeleo.
For NGS result analysis, we used BWA v0.7.13, samtools v0.1.19-44428cd and vSOAP 2.7.7. For multiple sequence alighment, we used
clustalW2 (CLUSTAL v2.1).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The data that support the findings of this study have been deposited in the CNSA (https://db.cngb.org/cnsa/ ) of CNGBdb with accession code CNPO001650.
The figures-associated raw data is provided with the paper.
No restriction is on data availability.

=
Q
—t
-
=
()
=
D
wv
D
Q
=
(@)
o
=
D
o
¢}
=.
>
(e]
wv
e
)
Q
=
A

020¢ 1dy




Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences [ ] Behavioural & social sciences | | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size 'Sample size' was determined by technical properties of DNA synthesis and sequencing. Different kinds and formats of data were chosen for
DNA-based data storage, which is sufficient to prove the universality and robustness of this codec.

>
Q
—
C
=
(D
=
()
wn
(D
Q
=
e
o
=
(D
©
]
—
>
(e}
%)
c
=
Q
=
<

Data exclusions  Raw sequencing data was filtered under a pre-established criteria, 10% low-quality reads (Phred score < 20) by SOAPnuke were filtered.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Human research participants
Clinical data

Dual use research of concern

XX XNXNXXX 5
Ooooogod

020¢ fudy




	Towards practical and robust DNA-based data archiving using the yin–yang codec system

	Results

	The general principle and features of the YYC. 
	In silico robustness analysis of YYC for stored data recovery. 
	Experimental validation of the YYC with in vitro storage. 
	Experimental validation of the YYC with in vivo storage. 

	Discussion

	Methods

	The YYC strategy
	Demonstration of the YYC transcoding principle
	Incorporation of the YYC transcoding pipeline
	Constraint settings of the YYC transcoding screening

	In silico transcoding simulation
	Computing and software
	Input files and parameters for simulation

	Experimental validation
	File encoding using the YYC and DNA Fountain algorithms
	Synthesis and assembly
	Library preparation and sequencing
	Data analysis

	Reporting Summary

	Acknowledgements

	Fig. 1 Principles of the YYC.
	Fig. 2 Robustness analysis for the YYC and DNA Fountain coding schemes.
	Fig. 3 Experimental validation of in vitro binary data storage using the YYC and DNA Fountain coding strategies.
	Fig. 4 In vivo experimental validation.
	Table 1 Comparison of DNA-based data storage schemes.




