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RNase H-dependent antisense oligonucleotides (gapmer ASOs)
represent a class of nucleic acid therapeutics that bind to target
RNA to facilitate RNase H-mediated RNA cleavage, thereby
regulating the expression of disease-associated proteins. Inte-
grating artificial nucleic acids into gapmer ASOs enhances
their therapeutic efficacy. Among these, amido-bridged nucleic
acid (AmNA) stands out for its potential to confer high affinity
and stability to ASOs. However, a significant challenge in the
design of gapmer ASOs incorporating artificial nucleic acids,
such as AmNA, is the accurate prediction of their melting tem-
perature (Tm) values. The Tm is a critical parameter for
designing effective gapmer ASOs to ensure proper functioning.
However, predicting accurate Tm values for oligonucleotides
containing artificial nucleic acids remains problematic. We
developed aTm predictionmodel using a library of AmNA-con-
taining ASOs to address this issue. We measured the Tm values
of 157 oligonucleotides through differential scanning calorim-
etry, enabling the construction of an accurate prediction
model. Additionally, molecular dynamics simulations were
used to elucidate the molecular mechanisms by which AmNA
modifications elevate Tm, thereby informing the design strate-
gies of gapmer ASOs.
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INTRODUCTION
Nucleic acid medicine represents an innovative frontier, with ongoing
research and development efforts for various nucleic acid therapeutics.
Among these, RNase H-dependent antisense oligonucleotides (gapmer
ASOs) are a class of nucleic acid drugs designed to bind target RNA,
thereby recruiting RNase H for RNA cleavage to regulate the expres-
sion of proteins implicated in disease. Given that gapmer ASOs
composed solely of natural nucleotides exhibit limited stability within
the human body, introducing artificial nucleic acids has been a pivotal
advancement in enhancing their therapeutic efficacy. Specifically,
phosphorothioate and 20-O-methoxyethyl (20-MOE) nucleotides have
been incorporated into commercially available drugs (Figures 1A and
1B).1–3 Locked nucleic acid (LNA) (Figure 1C), characterized by a
bridge between the 20-O and 40-C atoms of the ribose ring, significantly
Molecular Ther
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enhances the thermodynamic stability of DNA or RNA hybrid du-
plexes byminimizing the entropy difference upon binding.4 LNA’s util-
ity spans numerous studies, including small interfering RNA (siRNA)
and microRNA detection and therapeutic applications, demonstrating
exceptional antisense potency both in vitro and in vivo.5–8 Despite these
advantages, ASOs containing LNAs face challenges, such as suboptimal
pharmacokinetics and elevated hepatotoxicity.1 Several bridged artifi-
cial nucleic acids have been developed to overcome these limitations,
including amido-bridged nucleic acid (AmNA) (Figure 1D), notable
for its high RNA-binding affinity and high stability due to nuclease
resistance.9,10 Additionally, it reduces the hepatotoxicity that is
inherent in gapmer ASOs.11 Consequently, we have developed various
AmNA-containing gapmer ASOs to leverage their enhanced properties
for therapeutic applications.12–14

The melting temperature (Tm) plays a critical role in the sequence
design of ASOs, serving as the temperature at which equal popula-
tions of the double-stranded structure and monomer exist. Higher
Tm values indicate a stronger binding affinity of the ASO to its target
RNA. The nearest-neighbor method, along with its variants, is a
widely recognized approach for predicting Tm values.15–17 While
studies have been predicting Tm values for oligonucleotides contain-
ing LNAs,18–20 no specific tools exist for predicting Tm values of
AmNA-containing nucleotides. As a workaround, we initially used
a public Tm prediction service, substituting AmNA with LNA, which
resulted in less accurate Tm predictions, often inadequate for precise
sequence design. Therefore, it was difficult to use this prediction
except to avoid synthesizing ASOs with Tm values that were too
high or too low. For these reasons, it is required to develop a reliable
Tm prediction model specific for AmNA-containing ASOs.
apy: Nucleic Acids Vol. 35 September 2024 ª 2024 The Authors.
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Figure 1. Chemical modifications used in nucleic

acid medicine

(A) Phosphorotioate. (B) 20-MOE. (C) LNA. (D) AmNA.
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For the construction of such a model, substantial Tm measurement
data would be necessary. Although the UV-visible absorption
method is commonly used, it proves inefficient for analyzing many
samples. Alternatively, differential scanning calorimetry (DSC) offers
a more viable solution capable of detecting Tm alongside crucial
thermodynamic parameters, such as enthalpy and heat capacity
changes. This method facilitates the examination of molecular dena-
turation or unfolding by heating a solution containing the mole-
cule.21 The integration of an autosampler system into DSC instru-
ments enables the automatic processing of large sample volumes
once measurement conditions are established for the measurement
to have been set.

In this study, we developed a highly accurate Tm prediction model by
using our own library of AmNA-containing ASOs. To build this
model, Tm values of more than 100 ASO oligomers were measured
by DSC with an autosampler for quality control and to avoid exper-
imental complications. In addition, we tried to clarify how mutations
to AmNA increase Tm using molecular dynamics (MD) simula-
tions.22–24 From these analyses, a guideline for the design of gapmer
ASO is also proposed.

RESULTS
Tm measurement

As a preliminary study, we identified concentration dependence,
reversibility, and symmetry checks. For the concentration depen-
dence, the Tm values tended to shift toward higher temperatures
with increasing concentration (Figure S1A). The reversibility was
then confirmed at each concentration (Figure S1B). Finally, the
symmetry results are summarized (Figure S1C). For the first
temperature-increase measurement, the symmetry tended to be
worse at higher concentrations, whereas the opposite was true for
the other sample. It also tended to be better at the first tempera-
ture-increase measurement than at the second temperature-
increase measurement. Although the symmetry is considered to
depend on the sample, the Tm values were obtained with high
reproducibility.

The Tm values for 157 AmNA-containing oligonucleotide samples
and three all-DNA oligonucleotide samples as references were ob-
2 Molecular Therapy: Nucleic Acids Vol. 35 September 2024
tained (see Table S1). Measurements for some
samples are illustrated in Figure S2. The mea-
surement lines for each sample exhibited
remarkable consistency with minimal variation.
While baseline distortion was observed in a few
cases, the Tm values were considered reliable.
The discrepancy between the two measurements
for the affected samples was comparable with
that observed in other samples, validating their
adoption. The distribution of the Tm values obtained is depicted in
Figure S3, indicating that the range of Tm values encompasses what
is typically encountered in drug discovery programs.25–27

DSC was the method used to measure Tm values in this study. Despite
the limitation of DSC in measuring only one sample at a time due to
its operational mechanism, it is possible to measure up to 288 samples
automatically with an auto-sampler once the measurement parame-
ters are established. For this study, analyzing 30 samples, including
dual detections per sample for quality assurance, required one night.
The quantity of sample necessary for DSC, slightly exceeding that for
UV-visible absorption spectroscopy—0.65 nmol (5.0 mM, 130 mL)
compared with 1.7 nM (5.0 mM, 340 mL), respectively—was to ensure
stable detection (refer to Figure S2) and consistency in values. Thus,
the sample volume for DSCmeasurements is deemed acceptable. This
underscores the utility of DSC in the rapid assessment of Tm values for
a large volume of high-quality samples.

Prediction model

A total of 171 data points were collected. Features such as the number
of neighboring nucleotide pairs and guanine or cytosine nucleobases
(nGSs) were extracted from the sequence. The response variable was
the average Tm values. As elaborated in the materials and methods
section, the LightGBM framework was used to develop prediction
models for the Tm values.28

To construct a practical prediction model for designing gapmer
ASOs, the sequence diversity for the training sets was confined to
nucleotide lengths between 15 and 20. The 50-end terminus
comprised three nucleotides of AmNA, while the 30-end consisted
of two AmNA nucleotides and one DNA nucleotide. Consequently,
the prediction model was specifically tailored for gapmer ASOs
with an approximate nucleotide length of 15.

In evaluating the model’s performance, data were randomly split into
training and test sets at 8:2. The mean squared error (MSE) and co-
efficient of determination (R2) were computed for the test set using
the prediction model derived from the training set. This process
was iterated 10 times. The outcomes are summarized in Table 1,
revealing an average MSE of 15.1 and an R2 of 0.840. The MSE and



Table 1. Models’ prediction performance

MSE R2

New method 15.1 (5.56) 0.840 (0.0465)

Public servicea 118. (17.8) �0.302 (0.283)

aProvided by QIAGEN.16

Table 2. Sequences used in MD studies

Sample ID Sequencea Tm (K)

#6
AmNA GGTaaatcagacTTc 330.5

DNA ggtaaatcagacttc 321.1

#40
AmNA TACagaaaactcTCc 330.6

DNA tacagaaaactctcc 321.6

#57
AmNA ACCatcatcaagTGa 337.8

DNA accatcatcaagtga 325.9

aLarge capital, AmNA; Small capital, DNA. All phosphate groups in all ASO oligomers
are replaced with phosphorothioate. C is 5-methyl cytosine.
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R2 obtained from the public service, calculated across all data points,
were 118 and �0.302, respectively. These findings demonstrate the
practical utility of the developed models for Tm value prediction in
the drug research of gapmer ASOs, surpassing the performance of
public services. The final model was then constructed using all data
points as the training set.

MD

MD simulations were conducted to elucidate the molecular mecha-
nisms by which mutations in AmNA elevate Tm values and to aid
in design strategies for instances where similar Tm values are pre-
dicted across multiple sequences in gapmer drug discovery studies.
These simulations involved incrementally increasing the temperature
from 300 K to 500 K to observe the collapse of the duplex structure
against six oligomers, as detailed in Table 2. Among these, three
were AmNA-containing oligomers with identical GC ratios and
similar Tm values, but varied AmNA substitution patterns. The other
three were all-DNA oligomers, with AmNA replaced by correspond-
ing DNA nucleotides in the former three. The phosphorothioate
linkage causes stereoisomers around the phosphorus atom. It was
assumed that the average duplex dissociation process of the phos-
phorothioate backbone would be similar to that of the phosphate
backbone and the phosphate backbone was adopted in the
structural models. Duplex stability was assessed by monitoring the
destruction of base-pair steps (BPSs) from the simulation trajectories.
Figures 2A–2C illustrate the average number of BPS formed, as
derived from five MD runs for each oligomer, indicating greater
stability in AmNA-containing oligomers than their all-DNA
counterparts.

The subsequent stability analysis of both ends of the oligomers is
presented. Figures 2D–2I depict the average number of BPSs for
the three nucleotides at the 50- and 30-termini, respectively. At the
50-end, replacing DNA with AmNA significantly enhanced BPS sta-
bility. Conversely, MD simulations indicated similar BPS stability at
the 30-end between AmNA-containing and all-DNA oligonucleo-
tides across three sequences. Given that the 30-terminal nucleotide
is of DNA type for synthetic reasons, substituting AmNA at the
30-terminus may not effectively reduce the mobility of the 30-end.
Figures 2J–2L juxtapose the BPS formation trends for the 30-termi-
nal nucleotide and its adjacent nucleotide (30end-1). For oligomers
where the terminal nucleobase is cytosine (#6 and #40), BPS
destruction at the 30end-1 position (thymine for #6, cytosine for
#40) followed closely after the 30-end BPS destruction. In contrast,
when the terminal nucleobase is adenine (#57), BPS destruction is
initiated at a lower temperature than cytosine at the 30-end, with
slower commencement at the 30end-1. Thus, if sequences differ
only by the 30-terminal nucleobase, the Tm value for sequences
with guanine or cytosine at the 30-terminus is significantly higher
than those with adenine or thymine.

The methods of BPS dissociation were further analyzed through MD
simulations. Figures 3 and S4 display the formation and destruction
of BPS for each nucleotide across individual MD runs, offering insight
into the duplex dissociation process. Each line within these figures
marks the presence (top positions) or absence (bottom positions)
of BPS formation relative to temperature adjustments made by the
MD software. A comparison between AmNA-containing and all-
DNA oligonucleotides reveals that mutations increasing a BPS’s sta-
bility typically enhance the stability of adjacent nucleotides, thereby
augmenting the overall stability of the duplex. Notably, BPS disrup-
tion tends to initiate at either end of the duplex, with subsequent
dissociation progressing to adjacent nucleotides. Particularly, MD
simulations for specific oligomers (#6_AmNA 4 and 5, #6_DNA 2
and 4, #40_AmNA 1–5, #40_DNA 1–5, #57_AmNA 4, #57_DNA
1, 3, and 5) showcased BPS cleavage within themolecule’s center (Fig-
ure S5), independent of the ends’ cleavage, at relatively low tempera-
tures—especially for all-DNA oligomers (as indicated by red rectan-
gles in Figures 3 or S4). While AmNA substitution did not raise the
temperature at which breaking occurred, it subtly modified the
mode of breakage. For #6_AmNA and #40_AmNA, the central
breakpoint shifted one or two nucleotides toward the 30-end. In the
case of #57_AmNA, the collapse predominantly progressed from
the ends toward the center.

The relationship between sequence composition and BPS dissociation
indicated that consecutive AT pairs were more prone to disruption
compared with mixed AT and GC pairs, given the greater stability
of GC pairs due to their three hydrogen bonds (Figure S6). Despite
identical nucleotide counts and nGCs across the three oligomer types,
#57 exhibited a marginally higher Tm than the others. Oligomers #6
and #40 contained sequences with the longest runs of consecutive AT
pairs (’taaat’ and ’aaaa’, respectively), where BPS formation proved
unstable, evidenced by fraying (highlighted by blue rectangles in Fig-
ure S4 for #6_DNA and #40). Conversely, #57 featured ’aa’ or ’at’ as
the longest consecutive AT sequences. Although BPS disruption
occurred at these sites in two runs (Figure S4 for #57_AmNA 1, 4),
Molecular Therapy: Nucleic Acids Vol. 35 September 2024 3
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Figure 2. BPS formations obtained from five MD runs

(A–C) The average number for the whole oligomer. (D–F) The average number for three nucleotides at the 50-end. (G–I) The average number for three nucleotides at the

30-end. (J–L) The average number for the 30-end nucleotide and adjacent nucleotide and the differences between the two. (A, D, G, and J) Results for #6. (B, E, H, and K)

Results for #40. (C, F, I, and L) Results for #57. The lines for the 30-end nucleotide and one adjacent to it are in blue and red, respectively. The vertical axis represents the

number of BPSs. The horizontal axis is the temperature (K) set by the MD program in the run.
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the collapse onset temperature was higher than in #6 and #40. These
observations were extrapolated across the entire dataset, revealing a
correlation between the length of AT repetition and Tm values (illus-
trated in Figure 4). Thus, the arrangement of AT and GC pairs within
an ASO significantly influences its Tm value.
4 Molecular Therapy: Nucleic Acids Vol. 35 September 2024
DISCUSSION
The nearest-neighbor method, widely used for predicting the Tm

values of oligonucleotides,15–17 informed our decision to employ
nucleotide pairs as predictive features. Despite the extensive
AmNA-containing library, the available Tm data were limited. To



Figure 3. BPS formation/destruction charts obtained

from MD runs

(A) #6_AmNA; Run No. 5. (B) #6_DNA; Run No. 2. (C)

#40_AmNA; Run No. 1. (D) #40_DNA; Run No. 2. (E)

#57_AmNA; Run No. 1. (F) #57_DNA; Run No. 1. One

analysis is displayed for each sample. All results are shown

in Figure S4. The vertical axis represents the nucleotide

from the 50- to the 30-end, with capital and small letters

representing AmNA and DNA, respectively. The letter in

red is the mutated position. The horizontal axis is the

temperature (K) set by the MD program in the run. The top

and bottom positions of each line indicate BPS formation

and non-formation, respectively. The red rectangle shows

the duplex break in the middle of the oligomer. The blue

rectangle shows the fray in the middle of the duplex.
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mitigate this scarcity of training data, the number of guanine or cyto-
sine nucleobases, represented as nGCs, was incorporated. Feature
importance was subsequently extracted from the operational model,
revealing nGCs as the paramount predictor, accounting for 14.7%
of total importance, followed by tt at 5.3% (refer to Table S2 for the
importance of all features). A significant correlation between nGCs
and Tm values was established, underscoring the predictive power
of the nGCs feature (see Figure 4).

To assess the impact of this feature on prediction models, alternative
models excluding nGCs were constructed and evaluated using perfor-
mance test sets. The models yielded an average MSE of 29.3 (7.58)
and an R2 of 0.685 (0.0814), which, although inferior to prior models,
surpassed the benchmarks set by public services. The exclusion of
nGCs, defined by the count of adjacent nucleotide pairs, suggests an im-
plicit inclusion of nGCs, representing the aggregate feature values in the
dataset. It was observed that individual predictorswithin the LightGBM
model cannot consider the cumulative feature count as a single feature,
thereby enhancing performance when nGCs are explicitly included.
Molecular The
In recent developments, the comparison of
models generated by diverse machine learning
techniques via user-friendly packages, such as
autoML,29–31 has gained attraction. Initially,
LightGBM was used to develop baseline predic-
tion models.28 However, the results demon-
strated sufficiently high performance for prac-
tical application in drug discovery, rendering
the exploration of alternative methodologies,
including random forests, support vector ma-
chines, or neural networks, unnecessary.

The conventional understanding posited that
the dissociation of DNA duplexes followed a
binary "all-or-nothing" model. However, specific
experiments and MD simulations have sug-
gested a more nuanced pathway involving an in-
termediate state characterized by terminal
nucleotide fraying.32,33 Our findings contribute
to this evolving narrative by demonstrating that the dissociation pro-
cess in both DNA- and AmNA-containing nucleotide duplexes is
indeed more intricate. Notably, we observed fraying of the terminal
nucleotide pairs in all cases, with dissociation initiating both from
the periphery inward and, intriguingly, from the interior outward—
the latter predominantly in AmNA-containing duplexes. This inter-
nal initiation of dissociation was not detectable in the DSC curves
for the three samples, which exhibited similar profiles at the onset
temperatures of dissociation. The scale of nucleotide variation in
this study surpassed that of previous reports. The rapid temperature
escalation in MD simulations might have skewed the accurate deter-
mination of the Tm, potentially leading to structural distortions and
discrepancies with earlier findings.32,33

The MD simulations further elucidated that mutations at the 50-end
tend to enhance duplex stability more significantly than mutations
at the 30-end, which do not markedly increase stability. This observa-
tion is detailed in the results section. Specifically, if GC pairs recur at
the 30-end region, it’s possible to reduce the number of substituted
rapy: Nucleic Acids Vol. 35 September 2024 5
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Figure 4. Correlation between the number of GCs

and the Tm value

The longest number of AT repetitions in each sample is

colored. The legend is listed in the table on the right, where

N is the longest number of AT repetitions. The median is

calculated from the values in the group of each number.
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AmNAs; for instance, removing a single 30-terminal nucleotide could
maintain stability. To ascertain the impact of the 30-terminal nucleo-
tide, we calculated the predicted value differences between the orig-
inal sequence (sequence Org) and its variant lacking the 30-terminal
nucleotide (sequence 30-lack) for the oligomers analyzed in this study.
The sequences of the ASOs were classified into four groups whose
two 30-terminal nucleotides were 1; -[GC]-[at]-30, 2; -[GC]-[gc]-30,
3; -[AT]-[at]-30, 4; -[AT]-[gc]-30, where [xy] means x or y, capital
and small letters represent AmNA and DNA, respectively. The 30-ter-
minal nucleotides of the four groups in sequence 30-lack are -[gc]-30

corresponding to 1 and 2 of sequence Org, and -[at]-30 corresponding
to 3 and 4 of sequenceOrg. The difference is calculated by subtracting
the predicted value of sequence Org from the predicted value of
sequence 30-lack. The results are given in Table 3. If the nucleobase
at the 30-end is guanine or cytosine, the Tm difference is much less
than that for adenine or thymine, that is, stability would be larger.
Interestingly, if the 30-terminal nucleobase is adenine or thymine
and the next one is guanine or cytosine, the prediction result shows
that deletion of the 30-terminal could increase stability.

Although the production model has not been validated with
external datasets, we will evaluate its performance and update it
in real-life drug researches or other projects using AmNA-contain-
ing oligonucleotides. Incorporating Tm values from novel oligo-
mers through active learning34 or similar methodologies under-
scores the efficacy of our predictive model, constructed from
merely 157 data points across various oligomer types, including
those containing artificial nucleic acids. It was also shown that
the method to make predictive models would be applied to oligo-
nucleotides including other types of artificial nucleotides if data on
Tm values are collected.

The model created in this study cannot be used to predict clinical ef-
ficacy or safety profile because the model only gives the Tm value of
the ASO sequence. However, in the early stage of a newASO drug dis-
covery program, Tm prediction can help to avoid inappropriate se-
quences other than those with high GC content. In this stage, the
6 Molecular Therapy: Nucleic Acids Vol. 35 September 2024
number of samples is expected to be at most
halved compared with conventional methods.

In summary, the study established a highly accu-
rate Tm predictionmodel based onDSC observa-
tions and MD insights, highlighting two critical
aspects for gapmer ASO design: the thermody-
namic stability depends on the nucleobase com-
bination at the 30-end, particularly favoring gua-
nine or cytosine, and the repetition of adenine or thymine diminishes
duplex stability. While directly correlating Tm value to ASO activity is
challenging due to the influence of mRNA’s three-dimensional
conformation on ASO-mRNA association, this research offers valu-
able tools and insights for understanding ASO thermodynamic
stability.

MATERIALS AND METHODS
Sample preparation

A collection of 157 oligonucleotides was prepared, comprising 127
selected from our laboratory’s gapmer repository and 30 that were
newly conceptualized. The criteria for generating new sequences
included a GC content ratio below 0.8 and distinct sequence homol-
ogy, ensuring minimal similarity to both previously created sequences
and those within the existing pool. These oligonucleotides were ac-
quired fromAjinomoto Bio-Pharma Services (Osaka, Japan). For syn-
thetic purposes, each monomer of all gapmer ASOs was modified
with a phosphorothioate group to enhance stability by nuclease resis-
tance. Additionally, synthetic RNA oligomers were procured from
Thermo Fisher Scientific K.K. (Tokyo, Japan) to complement the
157 gapmers to facilitate the study. All oligomers were of HPLC grade.

Tm observation

MicroCal PEAQ-DSC automated (Malvern Panalytical, Northamp-
ton, MA, USA) was used to obtain the Tm values of ASOs. All
ASOs and complementary RNAs were prepared to a respective final
concentration of 5 mM in 1 � PBS buffer. Thermal scans were con-
ducted within the temperature range of 283 K–338 K at a 120 K/h
scanning rate. Data was analyzed using the PEAQ-DSC Analysis soft-
ware fromMalvern Panalytical. The Tm value for each ASOwas estab-
lished as the mean of two separate measurements to ensure accuracy
and reproducibility.

Construction of Tm prediction models

Leveraging the widely adopted nearest-neighbor method15–17 for Tm

prediction, the adjacent nucleotide pair was designated a feature for
machine learning analysis. Given the distinct environments of the



Table 3. Effect of the deletion of 30end sequence on Tm predictions

Sequence Orga Sequence 30-lackb Averaged DTm
pred.c

-[GC]-[at]-30 -[gc]-30 1.09

-[GC]-[gc]-30 -[gc]-30 �2.55

-[AT]-[at]-30 -[at]-30 �0.447

-[AT]-[gc]-30 -[at]-30 �3.01

aSequences used for Tm observation.
bSequences in which the 30-terminal nucleotide of sequence Org is deleted.
cThe predicted value for sequence Org was subtracted from the predicted value for
sequence 30-lack.

Figure 5. Features used in machine learning

(A) Nucleotides in the oligonucleotides used in this study. Ni, nucleotide at position i.

Capital and small letters represent AmNA andDNA, respectively. (B) Representation

of features for a sample sequence. Features are 128 adjacent nucleotide pairs and

number of GC pairs (nGCs). Each value represents the frequency of the feature.

www.moleculartherapy.org
50- and 30-terminal nucleotides, compared with those nestled between
adjacent nucleotides, pair features incorporating terminal nucleotides
were separately identified. The feature count totaled 192, reflecting
the presence of eight nucleotides and three types of nucleotide pair
configurations: 50-middle, middle-middle, and middle-30, as depicted
in Figure 5A. In this research, AmNAmodifications were consistently
applied at positions 1, 2, 3, �3, and �2, with DNA monomers exclu-
sively positioned at the 30-end, leading to an equal distribution of four
nucleotides at both the 50- and 30-ends, thereby reducing the feature
count to 128. The number of each pair was set to the feature. Figure 5B
shows how to set values for the given sequence, CgagaGc, where cap-
ital and small letters represent AmNA and DNA, respectively. The
number of guanine or cytosine nucleobases (nGCs) was added to
the features. Feature selection within the training set was executed
as follows: a feature was eliminated if the correlation coefficient be-
tween any two features exceeded 0.9; a feature was removed if the
prevalence of the most frequent value over the second-most frequent
was greater than 19.0 or if the ratio of distinct values to the total sam-
ple count was less than 0.1.

The LightGBM framework was used for model development.28 Data
were divided into training and validation sets at a 9:1 ratio. The hy-
perparameters set included n_estimators at 1,000, nfold at 5, and
early_stopping_rounds at 100. Further parameter optimization
was achieved through Optuna,35 encompassing a range of values
for learning_rate; [0.001, 0.1], max_depth; [1, 100], max_bin;
[255, 500], lambda_l1; [1e�8, 10.0], lambda_l2; [1e�8, 10.0],
num_leaves; [2, 256], feature_fraction; [0.4, 1.0], bagging_fraction;
[0.4, 1.0], bagging_freq; [1, 7], min_child_samples; [5, 100], where
values in brackets indicate the explored minimum and maximum
bounds. The production model was built using all samples as the
training set.

Performance test

All samples were divided into training and test sets following an 8:2
ratio. A model was then created using the training set, with the
MSE and R2 calculated based on the test set. This process was repeated
ten times independently to ensure reliability. The performance of our
prediction models was benchmarked against the public prediction
service offered by Qiagen,18 under specified experimental conditions
for RNA; 1 mM, Na+; 115 mM, Mg2+; 0 mM.
MD

Three sequences were selected, as shown in Table 2, in which the GC
ratios were identical, the Tm values were similar, and the AmNA sub-
stitution patterns were varied. The duplex models were initially
generated using RNA monomers in the A form, substituting RNA
monomers corresponding with DNA in the ASO with DNA and
manually adjusting the sugar rings at AmNA positions. The modeling
process involved two stages of energy optimization: first, minimizing
the energy of the sugar ring and added atoms while fixing other
atoms’ coordinates, followed byminimizing the entire conformation’s
energy using Molecular Operating Environment (MOE).36

The molecular complexes were immersed in TIP3P water within an
80 Å cube. Sodium ions were added to neutralize the charge, and
both sodium and chloride ions were introduced to achieve a
100-mM concentration in each system, using the AMBER94 force field
for DNA monomers37 and compensating missing parameters with
GAFF.38,39 The atomic charges for missing AmNA monomers were
determined by the following method. First, a model molecule was pre-
pared, in which two methyl-capped phosphate groups were added to
the 50- and 30-ends of a nucleotide, respectively, and energetically opti-
mized on MOE. Second, the AM1-BCC method was performed using
antechamber from the AmberTools20 package.40,41 Third, the atomic
charges of the main chain atoms were manually modified to match
those of the RNA monomers. The atom types and charges of the
AmNA monomers used in this study are summarized in Table S3,
and the atom names of the bridged part are shown in Figure S7.

A cut-off of 12Å was used for non-bonded interactions, while the par-
ticle mesh Ewald method42 was used for electrostatic interactions.
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Except for the heavy atoms in the nucleotides, each system underwent
energetic minimization through 100 steps of steepest descent.
Subsequently, the entire system was minimized using 5,000 steps of
steepest descent. The SHAKE algorithm was implemented to restrain
hydrogen bonds. All systems experienced gradual heating from 1 K to
300 K over 90 ps at a rate of 2 fs/step, using Langevin MD. The tem-
perature increment was set at 1� every 150 steps. Upon reaching 300
K, each system was equilibrated for 100 ps at 2.5 fs/step using the
RESPA algorithm. This was followed by 300 ps of MD, with structure
sampling conducted every 100 ps to serve as the initial structures
for subsequent product runs. Five runs were conducted for each poly-
mer, each starting with a different initial structure. The process
commenced at 300 K, with the system being heated to 500 K at an in-
crease of 1 K every 200 ps at 2 fs/step using the LEAP algorithm; tra-
jectories were recorded every 40 ps. GENESIS software was used for
both energy minimization and MD simulations.43,44

BPS

A BPS is defined by the fulfillment of three criteria: (1) The mean dis-
tance between the hydrogen bond donor and acceptor atoms within
the pair (N1 and N6 for adenine; N3 and O4 for thymine or uracil;
N2, N1, and O6 for guanine; O2, N3, and N4 for cytosine)—must
be less than 4.0 Å. (2) The angle between the two planes, each formed
by the six atoms (N1, C2, N3, C4, C5, and C6) of the base rings of the
pair, should exceed 170�. (3) The separation between the base pairs, as
determined by CURVES+45 analysis, must be greater than �1. These
criteria were applied to MD simulation trajectories, wherein a step in
the trajectory was substituted with the temperature set for the
simulation.

DATA AND CODE AVAILABILITY
All nucleic acid sequences and Tm values collected for this study, as
well as atom types and atomic charges for the MD simulations, are
available in Excel files as supplemental information. Other data or co-
des are available from the first author (m-kuroda@nibiohn.go.jp) on
reasonable request.
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