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hexABC seeking the physical code of DNA

Federica Battistini 1,2, Miłosz Wieczór 1,21, Adam Hospital 1,21,

Marco Pasi 3,21, Juan Pablo Arcón 1,4, Israel Serrano-Chacón1, Alba Sala 1,4,

Subhamoy Deb1, Agustín García-Doñate 1, Matthew Burman5, Elliot W. Chan5,

Liwei Chang 6, Gabriela da Rosa7, Jorge R. Espinosa 8,9, Gia Linh Hoang 10,

Kazi A. Hossain 11, Michał Jurkowski11, Romain Poupon3, Rahul Sharma12,

Ran Sun13, Thomas C. Bishop 13, Paolo Carloni 10, Thomas E. Cheatham III14,

Rosana Collepardo-Guevara 8,9, Jacek Czub 11, Pablo D. Dans 7,15,

Sarah A. Harris 16,17, Charles Laughton 18, Rodrigo Galindo-Murillo 19,

John H. Maddocks12, Agnes Noy 5, Alberto Pérez 6,

Daiva Petkevičiūtė-Gerlach 20 & Modesto Orozco 1,2

We present a tour de force of atomistic molecular dynamics simulations
involving the coordinated effort of 14 research groups of the Ascona B-DNA
Consortium (ABC). This initiative provides a complete characterization of the
2080 DNA hexamers embedded in 190 carefully selected 20-mer duplexes,
each simulated in replicate for at least 10microseconds in explicit solvent. The
consortium generates 0.25 petabytes of data, capturing millisecond-scale
ensembles at the oligomer level and dynamics up to 10−1seconds at the base-
pair level. Analysis yields a comprehensive description of sequence-dependent
DNA properties, including rare events such as backbone transitions, reversible
base-pair changes, and partial unfolding. Processing these atomistic ensem-
bles reveals a hidden physical code of DNA, helping explain rules of genome
composition and evolution beyond coding regions. This community effort
delivers unprecedented, validated FAIR data to support coarse-grained and AI
models of DNA at cellular scale.

At the start of the millennium, there was already a bulk of evidence
showing that DNA is a highly polymorphic and flexible polymer whose
physical properties are defined by a complex choreography of
sequence-dependent correlated movements sampling a vast variety of
sub-states, some of them stabilized by non-canonical interactions1–13.
The sequence-dependent physical properties of DNA modulate spe-
cific and non-specific protein binding to DNA14,15, the effect of epige-
netic variants16–22, mismatches23–27, lesions5,28–36, the placement of
nucleosomes5,30–37, the binding of effector proteins14,38, and even the
compaction of chromatin21,39,40. Unfortunately, the combinatorial
explosion of possible sequences severely limits our understanding of
how sequence determines the physical properties of DNA, hampering
a genome-scale representation of DNA physics41 and the under-
standing of evolutionary pressure beyond simple maintenance of
coding information.

The first attempts to describe sequence-dependent properties of
DNA relied on the analysis of the variability in experimental structures
deposited in the ProteinData Bank (PDB)1,5,6,42 andwere focused on the
description of the equilibrium and harmonic deformability of the 10
unique base pair steps (bps). These pioneer studies delivered the
mesoscopic model of sequence-dependent physical properties of the
DNA duplex6. However, it soon became evident that an independent
BPS model was not accurate enough and at least tetramer effects
should be considered. This motivated the Ascona B-DNA Consortium
(ABC)3,8,10–12 to use atomistic molecular dynamics (MD) simulations to
characterize the physical properties of 136 unique DNA
tetramers7,8,10,12,43. Leading-edge at the time, trajectories were collected
using consensus protocols and were stored and made available,
something that was instrumental in further force-field refinement as
well as for the development of coarse-grained andmesoscopicmodels
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of DNA44–54 and chromatin37,40. However, major limitations have now
become apparent in these models, for example: poor description of
correlated movements55–57, limited knowledge on neighbour effects
beyond the tetramer58, poor representation of rare events, such as
fraying, opening, unfolding, or the formation of alternative base-
pairing schemes. Consequently, our understanding of the sequence-
dependent properties of DNA is incomplete and unable to reliably
describe and correlate DNA properties at the genome scale.

We present here an extensive simulation project, where 14
experienced groups joined efforts to describe the physical properties
of DNA at the hexamer level. Through an unprecedented simulation
tour de force, weprovide notonly the complete catalogue of harmonic
and non-harmonic deformations for the entire set of 2080uniqueDNA
double-stranded hexamers, but describepreviously unknowndynamic
features of DNA, define sequences showing anomalous behaviour, and
determine a similarity tree between DNA sequences in terms of their
structure, dynamics and interaction properties. The massive amount
of data collected here under FAIR (Findable Accessible Interoperable
and Reusable) principles59, validated by a large part of the DNA-com-
munity, and accessible through a powerful database infrastructure,
provides a set of information for training AI methods and the devel-
opment of mesoscopic and coarse-grain models of DNA.

Results
Stability and convergence of the simulations
The 190 duplexes simulated here are shown in Supplementary Infor-
mation Table S1, where the labels r01, r02, r03 and r04 refer to the
different replicas, and (*) labelled simulations extended for double
simulation times. RMSD analyses indicate that MD simulations are
sampling well the expected B-fibre geometry without any major drift
along the trajectories, as shown in RMSD distributions for the first and
last 200ns of trajectories (Supplementary Fig. S1).

The slightly larger values obtained for the 20-mer compared with
the 16-mer highlight the presence of fraying effects (see Supplemen-
tary Fig. S1). Only in a very few cases, these fraying effects affect the
central 16-mer (see below and Supplementary Fig. S1) in a stochastic
manner, appearing only in one of the replicas (see Supplementary
Fig. S1). Overall, we obtained stable trajectories in the vast majority of
simulations, and additional replicas and extension of trajectories was
required only in 3% of the cases, suggesting good convergence of
trajectories in the 10 μs range. Projection of the 190×2 average struc-
tures on the PCA map (1st and 2nd mode, PC1 and PC2) of the meta-
trajectoryobtainedby joining the individual 190 × 2 simulations for the
central 16-mer segments shows that replicas are nearly indistinguish-
able, and that the impact of sequence on the duplex dynamics is not
negligible (see Supplementary Fig. S2A-B). Among the different
sequences, the analysis shows that seq134 (GCGTCCCGAAGGCCAA-
GAGC, see Supplementary Table S1) displays most accurately the
average characteristics of a DNA duplex, while duplexes Seq047 and
Seq144 are, despite their similar composition (see Supplementary
Table S1), the ones showing the most diverse conformations. Projec-
tion of the average structures on the PCAmap of eq134 shows that the
structural variability sampled in a single trajectory is larger than that
inferred by looking at sequence dependent variability of the average
structures in the meta-trajectory (see Supplementary Fig. S2), sug-
gesting that flexibility descriptors extracted from the analysis of
structural variability in experimental databasesmay underestimate the
true flexibility.

Global conformation of the duplex
The integration of all trajectories in a global ensemble allowed us to
obtain (time and sequence averaged) helical properties of DNA
duplexes. The results (see Supplementary Table S2) fit very well
accepted fibre data60, except for a lower twist (33.9 degrees in aver-
age), which in fact agrees better with the average value obtained from

the analysis of PDB structures (33.6 degrees), and the value inferred
from the analysis of the electrophoretic behaviour of long DNA fibres
(c.a. 34degrees)61. Persistence lengths (PLs; see Supplementary Fig. S3)
computedhereusing theNoy-Golestanian formalism62 yielded average
values slightly larger than the accepted experimental estimate (around
60nm vs around 50 nm, respectively). This discrepancy may arise
from force-field errors or from limitations inherent in mapping
experimental persistence lengths onto atomistic observables. A bias
toward larger persistence lengths associated with the use of the Noy-
Golestanian algorithm cannot be neglected, as slightly lower values
were reported by Maddocks and co-workers63 using a different
persistence-length definition applied to BSC1-based coarse-grained
ensembles (45-70 nm, with an average of approximately 56nm). In any
case, even major changes are expected by considering or not terminal
base pairs in the calculations. Thus, when we repeated the same
computations considering terminal base pairs, PL values below 50nm
were obtained (Supplementary Table S3), warning against quantitative
comparisons between experimental and theoretical PLs, or even
between theoretical predictions, where not detailed description of the
calculations are provided. Furthermore, a recent study found a very
good agreement between flexibility descriptors derived from MD-
Parmbsc1 simulation and optical tweezer experiments, arguing against
a systematic overestimation of stiffness in current simulations63.
Results in Supplementary Fig. S3 show that there is a large dispersion
of PL values derived for the 190 different hexABC sequences. We defer
to the literature64 for a full explanation of this fact, which is primarily
due to the strong contribution of intrinsic bends to estimates of
(apparent) PL at short length scales. The presence of short A-tracts,
such asd(A·T)4, is known to inducehigh localized intrinsic curvatureof
the double helix nearby, which is why seq021with a single A-tract has a
rather low PL of 43 nm. In the presence ofmultiple A-tracts the phasing
between them strongly influences the overall intrinsic bend of the
oligomer, so that seq149, which has two A-tracts separated by 3 bps,
has a rather high PL of 71-72 nm, while seq077 with two A-tracts
separated by one bp has an average persistence length; see Supple-
mentary Table S1 and Supplementary Fig. S3. These data highlight the
complexity of A-tract-induced curvature, in which both the internal
A-tract sequence and the surrounding sequence context contribute
subtly to the resulting global curvature65,66. They also indicate that
persistence length alone cannot be taken as a simple proxy for DNA
flexibility.

To assess the impact of base composition on global DNA flexibility,
we grouped duplexes (16-bp central segments) into A/T-rich and G/C-rich
sequences (base pair fraction >70%) and analysed their mechanical
properties separately. Persistence length, RMSD, and force constants
associated with the four dominant deformation modes (obtained from
covariance matrix diagonalization, PC1 to PC4) show no systematic dif-
ferences between the two groups (Supplementary Figs. S4-S5). A/T-rich
duplexes exhibit a slightly larger dispersion in all metrics, whereas G/C-
rich duplexes show marginally increased flexibility along specific collec-
tive motions. Overall, base composition alone (A/T vs G/C content) does
not provide a reliable predictor of global duplex flexibility. To move
beyond a simple G/C vs A/T classification, we analysed sequence-
dependent variations in RMSD, PL, and the force constant associated
with the first principal component (PC1 in Principal Component analysis;
PCA) for the central 16bps of each sequence. Local sequence effects were
quantified using a k-mer analysis (k =4), considering tetramers present at
least once within the central region and represented by a minimum of
three sequences. Results in Supplementary Fig. S6 show an inverse cor-
relation between stiffness along PC1 and RMSD, indicating that both
metrics describe similar deformation physics. Duplexes containing tetra-
mers such as AGGG, TATA, ATAG, and CCTA display enhanced flexibility
(highRMSDand lowPC1 force constant), whereasAAAA, AATT, andAAAT
are associated with increased stiffness. In general, analysis of the most
flexible sequences reveals enrichment in C-rich motifs (CpC/GpG) and in
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TpA, CpA/TpG steps, whereas the stiffest duplexes preferentially contain
ApT, ApA/TpT and TpC/GpA motifs, typically within mixed A/T/C con-
texts. Notably, TpA steps are prevalent in flexible duplexes, while ApT
motifs dominate rigid ones, revealing a marked directional asymmetry
within A/T-rich sequences. Poly(A)-containing sequences show only
moderate PL, indicating that A-tracts alone do not confer high stiffness.
Overall, these results demonstrate that local sequence context and base-
step orientation, rather than global A/T or G/C content, govern the
mechanical response of DNA duplexes to deformation.

To understand the origin of sequence dependence on flexibility,
stacking energies (intra-strand, at the base level; and total, at the base
pair step level) were computed, explicitly accounting for hexameric
sequence context. The results, which agree reasonably well with QM
data in solution for isolate base or base pair step67 show a marked
dependence on neighbouring bases (Supplementary Fig. S7). In parti-
cular, base pair steps known to display large variability in quantum
calculations, such as CpG, also show the strongest context-dependent
modulation of stacking energies in our analysis. These findings are
further supported by melting temperature estimates obtained with
OligoCalc (https://oligocalc.eu/), where sequences with the same
number of hydrogen bonds display markedly different stabilities; for
example, (CpG)5 exhibits a Tm of 49 °C, whereas (CpC/GpG)5 melts at
33 °C, highlighting the dominant contribution of stacking interactions
to duplex stability.

Rare events in duplex dynamics
The exhaustive 10−1 s ensemble allowed us to explore rare events usually
inaccessible to standard MD simulations. Overall hydrogen bonding
(HB) in the central 16-mer duplex is verywell preserved, withmost of the
duplexes displaying a fraction Watson-Crick (WC) pairing maintained
along the simulation of 95-100% (Fig. 1A). We found that central d(G·C)
and d(A·T) pairs are in an open conformation compatible with solvent
exchange in 0.06% (d(G·C)) and 0.25% (d(A·T)) of the meta-ensemble
generated by combining the 190×2 simulations (see Fig. 1B). Opening
events are rare, short-lived (0.16ns on average for the central 16mer,
0.87 ns overall) and stochastic, often coupled to terminal fraying, the
most common distortion found in DNA (see examples in Fig. 1C, D).
Overall, terminal d(C·G) pairs are opened around 9% of the time (see
Fig. 1B), a value that agrees perfectly with opening estimates from NMR
experiments68. The simultaneous opening of both ends is rare (1.2 %),
but slightly more probable than expected (1.0%) for fully independent
events. If only long-lived (more than 10ns) events are considered, the
figures reduce to 6% opening of one end, and 0.5% for both ends (0.36%
expected for independent events). Interestingly, while most of the
fraying events are short-lived, reversible and restricted to the terminal
base pair step, a small portion last much longer (up to 5 μs for
Seq186_r01, Fig. 1C). Furthermore, in some cases openings are propa-
gated to the central d(A·T) pairs, leading to reversible partial unfolding
(up to 8 base pairs are lost in Seq152_r01 and 7 in Seq040_r01; see
Figs. 1D and 2). It is worth noting the stochastic nature of these large
fraying events (that never appear in more than one of the replicas; see
Fig. 1D and Supplementary Fig S1) and their reversibility (see Figs. 1, 2).

Fraying at terminal (loss of all the hydrogen bonds, at 5′ or 3′)
d(G·C) base pairs ([G]C/[C]G) occurs predominantly in GCG/CGC tri-
mers. The same trimer preference is observed for opening of the
second base pair at duplex ends (G[C]/C[G]), suggesting that pertur-
bations at terminal base pairs propagate to their nearest neighbours.

Opening of the third base pair in the terminal trimer GCX/CGX′ is
rare, but becomes more likely when this position is occupied by an
d(A·T) or d(T·A) base pair (Supplementary Fig. S8). The average
opening d(A·T) and d(T·A) at the third base pair (around 2%) is slightly
above the average opening of the same pairs in central position of the
duplex (see Fig. 1), suggesting a moderate next-to-nearest-neighbour
effect. Central trimers exhibit consistently reduced fraying compared
to terminal regions, confirming higher internal stability (Fig. 1), yet

show motif-specific opening predominantly in A/T-rich triads (ATA/
TATandTAA/TTA), indicatingA/T content as themaindriver of central
base-pair opening (Supplementary Fig. S9).

Opening of central d(A·T) steps leads in some cases to the for-
mation of Hoogsteen pairs (see examples in Fig. 2), instead of the
canonical Watson-Crick ones. The WC→H transitions are very rare, as
they were found in only 3 of the c.a. 400 individual simulations (more
than 500 if those used to refine the simulation protocol are con-
sidered). Furthermore, whenWC→H transitions happen in one replica,
they arenot detected in anyof theother replicas collected for the same
oligo. On average, d(A·T) base pairs predominantly adopt the Watson-
Crick (WC) pairing scheme, as defined by an apparent equilibrium
constant: Keq =

H½ �
WC½ �

� 10�6, indicating a nearly negligible role of the
Hoogsteen pairing in defining the global characteristics of the duplex.
However, WC→H transitions are not so rare in certain A/T contexts,
such as d(TAAT), where (combining all the ensembles collected in this
study) we obtain an apparent equilibrium constant Keq =0:013, very
close to the value Keq =0:010 obtained from averaging NMR estimates
on the same triads69. It is important to note that even for those
sequences the overall occurrence of Hoogsteen pairing is too low to
significantly affect global metrics. To get further support for these
theoretical results, we synthesized a short oligo containing one of the
segments where WC→H transitions appeared spontaneously in simu-
lations, and collected the 1HNMR spectrum, whichwas comparedwith
that obtained for a control duplex with the same length and A/T vs G/C
composition. Imino signals (Supplementary Fig. S10) corresponding to
the central d(A·T) segment are wider and displaced to very unusual
positions, indicative of polymorphism in the H-bonding pattern,
something that was confirmed by melting experiments (Supplemen-
tary Fig. S10). Finally, while our simulations are too short to determine
the real time-scale of WC→H transitions, as we are just collecting the
tails of the transition rate distribution70, a few conclusions can be
reached: (i) once WC→H happens the new H-bonding scheme is quite
stable71,72, generating little distortion in the B-DNA helix73,74; (ii) at least
two mechanisms for WC→H transition are possible: one following the
local paradigm suggested by Al-Hashimi and co-workers69,75, and
another, involving partial unfolding of an A/T segment (see different
cases in Fig. 2)76.

Classical simulations performed here do not allow to explore
WC→H transitions in d(G·C) pairs, as a stable Hoogsteen d(G·C)
requires the protonation of cytosine. However, mining our vast
ensemble, a few events of partial opening of a central d(G·C) pair were
found, leading to guanosine in the syn conformation and the cytosine
exposed to the solvent (Supplementary Fig. S11) ready to accept a
proton. As no protonation is possible in classical MD, the Hoogsteen
d(G·C) pairing is not stable in our simulations, the guanosinemoves to
the anti-conformation, and the WC pairing scheme is recovered (last
case in Fig. 2). However, we checked further if upon protonation the
Hoogsteen base pairing would be stable. To do so, on the open
structure, we forced the protonation of cytosine and we ran a simu-
lation. A fully stable duplex is obtained (see Supplementary Fig. S11), in
agreement with Al-Hashimi results on similar oligos69,75, proving that
once exposed to the solvent the cytosine could be protonated and
then it could form a stable Hoogsteen pairing.

The hexamer helical space
Our extensive ensembles allowed characterizing the complete hex-
americ configurational space of DNA. The central base steps of the
2080 unique hexamers sample for 97.8% canonical helical structures.
Disruptions are in most cases related to stochastic fast breathing
events breaking H-bond schemes (Fig. 1), and just in a few cases non-
helical conformations last for a significant time. Removing those
snapshots provides a slightly reduced ensemble, which can be pro-
cessed to generate helical ensembles for the 6 degrees of freedom
(translational and rotational basepair stepparameters: shift, slide, rise,

Article https://doi.org/10.1038/s41467-026-74390-5

Nature Communications | (2026) 17:8169 3

https://oligocalc.eu/?utm_source=chatgpt.com
www.nature.com/naturecommunications


tilt, roll and twist) at the central pair of the 2080 unique hexamer
environments. Analysis of the entire 6-dimensional dataset demon-
strated that simple harmonic approximations are not able to fully
describe the helical space sampled by DNA, due to its multimodality
(see Fig. 3). In fact, only around 15% of the hexamers (identical results
in both replicas) can be accurately represented by a single
6-dimensional Gaussian (a single helical state, unimodal in Fig. 3A).
Most of the hexamers are represented by 2 (bimodal, 48%) and 3 (tri-
modal, 31%) Gaussian distributions, and more than 3 clusters are
required only in a very small (quadrimodal, around 6%) number of
cases. The intrinsic multimodality of the helical space1–3,77 is already
visible in the 2D and 1D projections of the helical space (see “Methods”
for details and examples in Fig. 3B–D). The individual helical para-
meters showing higher bimodality are: twist, slide and shift (as an

example see the twist distribution in Fig. 3B–D and Supplementary
Fig S12-S14). As a general trend, bimodality is frequent inCpG, CpA and
TpA steps (twist, slide and shift respectively), but tetramer effects are
quite large (see reference examples in Supplementary
Figs. S12 and S13), confirming the need to introduce neighbour effects
to accurately describe helical space. Hexamer effects are important in
just a few cases (see Fig. 3 and Supplementary Fig. S14), and octamer
effects are expected to be negligible (see Supplementary Fig. S15).
These conclusions are a refinement of, but compatible with the con-
clusions regarding bimodality of helical space coordinates presented
previously10.

Finally, we computed the force-constant matrix associated with
the set of base pair step helical parameters9 for the complete hex-
americ helical space (available in the Supplementary Material).

Fig. 1 | Hydrogen bond patterns analyses.Hydrogen bond (Hbond) dynamics for
each sequence referred to themaxnumber of Hbond for each sequence.A Fraction
ofWatson-Crickhydrogenbond and the average timeof conservation (replica 1 and
replica 2 merged). Highlighted the sequence number of duplexes affected by
fraying along the simulation (interactive plots in Supplementary Material). B Base
opening statistics based on the analysis of theWChydrogen bonds for replica 1 and
replica 2 averaged (%of the time). For the terminal based(GpC)/d(CpG) it considers
each Hbond lost independently, while only in 6% of the time they occur simulta-
neously.C,D Examples of theHbondpattern along the simulations showing fraying

and openingwith corresponding images of the dsDNA. For each base pair along the
y axes, in yellow 3, in green 2, in light blue 1 and in dark blue 0 Watson and Crick
hydrogen bonds detected. The blue rectangles identify regions where hydrogen-
bond breaking was detected and where the depicted structure was observed.
C Sequence 186_r01 showing fraying at the bottom of the helix, with recover of the
helix after extending the dynamics for further 10 microseconds (right panel).
D Sequences 30_r01, 150_r01, 40_r01 (respectively from left to right) showing other
examples of fraying and opening along the simulation.
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Fig. 2 | Hoogsteen pairing forming along the simulations.On the left theWatson
andCrick hydrogenbondpattern, for each base pair along the y axes, in yellow 3, in
green 2, in light blue 1 and in dark blue 0. On the right images of the helix and the
detail of the pairing going from Anti to syn conformation from canonical Watson
andCrickpairing toHoogsteenpairing. From top tobottomsequences: Seq152_r01,
Seq174_r02, Seq150_r04 and Seq186_r01. Seq152_r01 shows a deep fraying of the
helix, followed by a rotation of the Adenine5 and formation of the Hoogsteen

pairing with consequential closing of the helix. Seq174_r02 shows a different
mechanism, the helixmaintains its shape andAdenine26flips out from it, turns and
goes back with the formation of the Hoogsteen pairing. Seq150_r04 shows just a
rotation around the chi angle of Adenine38 with the formation of the Hoogsteen
pairing. Seq186_r01 shows a G·C potential Hoogsteen pairing consequential of a
deep fraying. The orange arrow indicates the possible protonation site, exposed to
the solvent and deeply investigated by MD simulation (Supplementary Fig. S11).
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Fig. 3 | Multimodality at the hexamer level. A Percentage of the population of
hexamer represented by 1 (15% unimodal distribution, in blue), 2 (48%, bimodal
distribution, in orange), 3 (31%, trimodal distribution, in grey), or more than 3
clusters (4, around 6% in yellow; quadrimodal distribution, the largest number of
clusters required is 5) Gaussian distributions. B Bimodality of the base pair para-
meter twist at the tetramer level of the central base-pair (x-axis) in all possible
sequence contexts (y-axis); if the tetramer average value is within the global aver-
age ± SD (34.0 ± 2.4 degrees) are represented as a white cell, the blue ones corre-
spond to values above the average tetramer + SD, while red cells mean an average
value below the global average-SD; when bimodality exists, the cell is divided into
portions and the value refers to each one of the maxima as found by the BIC

analysis. In a green square is highlighted one case with d(CpA) central base pair
surrounded by the bases A-A (ACAA), which showed bimodality at the tetramer
level. C Representative selection of hexameric contexts from the full dataset (see
Supplementary Fig S14), highlighting the bimodality of the base pair parameter
twist at the hexamer level of some central tetramer (y-axis) across all possible
sequence contexts (top x-axis). Example of a selected tetramer ACAA in four dif-
ferent hexameric environments is highlighted in a green square. The selected cases
show both unimodality and bimodality even if the same case at tetramer level in
panel B showed only bimodality. D Density maps of slide vs. twist of the cases
highlighted in panel C showing unimodality (left panel cases) and bimodality (right
panel cases).
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Consistent with the global analyses of flexibility detailed above, hex-
amers containing A-tracts are generallymore rigid in the elastic regime
than other sequences. However, the primary determinant distin-
guishing flexible from rigid hexamers is the presence of TpA versus
ApT steps: TpA steps are associated with increased flexibility, whereas
ApT steps confer the highest rigidity. This distinction is quantitatively
captured by the product of the diagonal elements of the force-
constant matrix describing helical motions, which is systematically
lower for TpA-containing hexamers and higher for those containing
ApT steps (see Supplementary Fig. S16).

Correlation effects
Contrary to assumptions used in early mesoscopic models6, correla-
tions in thehelicalmovements betweenneighbouringbase pair steps (i
and i + 1) are far from being negligible51,52,55,56,78. In general, intra-
parameter (same base pair helical parameter) correlations between
neighbouring base pair steps i → i + 1 are negative (anti-correlations)
and in some cases quite significant, while inter-parameter correlations
are less important, and can be either positive or negative (see exam-
ples in Fig. 4A and Supplementary Fig. S17) Overall, negative correla-
tions dominate versus the positive ones (

P

k, lri!i+ 1 = � 1:5, with i
standing for a given bps and k, l for the different helical parameters)
and just a few i→i + 2 correlations, and i→i + 3 correlations are non-
negligible (|r | > 0.1; see Fig. 4A), which means that local perturbations
donotpropagate at largedistances along the helix.A significant part of
such correlation is due to the coupling between the populations of
different helical states in neighbouring bps (see Fig. 4B). Thus, simul-
taneously sampling of clusters i and j in two consecutive bps ðPi∪ jÞ is in
most cases different to that expected by a non-correlatedmodel (Pi·Pj;
where Pi is the probability of state i in one step and Pj the probability of
state j in the neighbouring bps), leading to coupling values (Cij =

Pi∪ j

Pi�Pj
)

different from 1 (the uncorrelated reference value) in 89% of the cases
(13.5% Cij <0.5 and 13% Cij> 1.5) (see Fig. 4B). Interactive plots showing
couplings between clusters of neighbouring steps along all the
sequences using Sankey’s diagrams are available in Supplementary
Material (Supplementary Material – Correlations).

Frustration in the helical space
Neighbour effects can generate frustration in the central bps, i.e. a given
bps may sample helical regions in one sequence context, which are
impeded for the same bps in a different one. This can enhance specifi-
city, in caseswhere certain neighbouring bases prevent a given bps from
adopting the bioactive conformation, which is, in contrast, the most
stable for other neighbouring contexts. This can be quantitatively
analysed using a harmonic simplification, the frustration energies
(deformation energies, see Methods) like those shown in Fig. 5, where

we estimate the energy cost required tomove the geometry of a central
bps in a given sequence environment to that which is the optimum one
for the same bps in all the other potential sequence environment.
Results in Fig. 5A illustrate that tetramer environment effects, that is,
how the same central base pair step behaves when embedded in dif-
ferent tetrameric contexts (i.e., varying the two flanking base pairs
immediately adjacent to it) are moderate on average (<0.5 kcal/mol, i.e.
around 1 kbT) but can be remarkably large in specific cases. For instance,
we detected frustration energies up to 3.5 kcal/mol, corresponding to
the energy cost required for the central CpC step of the d(TCCCAT)·-
d(ATGGGA) hexamer to adopt the equilibrium geometry of the same
bps in the d(CACCTT)·d(AAGGTG) one. Such sizable frustration energies
highlight the influence of the tetrameric environment on local DNA
mechanics and caution against using base-pair level descriptors that
neglect these context-dependent effects. In contrast, hexameric envir-
onment effects, which account for next-to-nearest neighbour interac-
tions (i.e., how the same tetrameric core behaves when embedded in
different hexameric sequences), are significantlymilder. On average, the
corresponding frustration energies are below 0.05 kcal/mol (within
thermal noise), and only rarely do hexamer-hexamer comparisons
exceed 0.3 kcal/mol. This behaviour is illustrated, for example, by the
central CpG step shown in Fig. 5B, C, where the influence of the exten-
ded hexameric environment is negligible compared to that of the tet-
rameric one.

The backbone torsion angles
MD simulations of all the double-stranded DNA hexamers lead to the
expected sampling of backbone conformations reproducing well the
expected values from experimental data (see dial plots in Supple-
mentary Fig. S18A-B). The lengths of the dynamics allow the DNA
backbone to sample nonstandard regions. Most glycosidic torsion
angles sample the traditional anti region (see χ (chi) torsion angle in
Supplementary Fig. S18C), but exploration of the syn conformations is
not rare (χ ≈0° to +90°), typically linked to terminal fraying and to the
formation of Hoogsteen pairings (see Fig. 2). For example, while
average values indicate a South puckering, dynamics allow the DNA to
sample phase angles in the entire South-East region (see Supplemen-
tary Fig. S18D) with non-negligible sampling of the C3’endo con-
formation. If a traditional two-state puckering model is used, North
states account for 18% of the total, very close to the recent estimates
obtained by the analysis of experimental DNA backbones79. The largest
and most likely relevant variability is related to the ε/ζ concerted
movement that leads to the well-known BI/BII polymorphism,
responsible for the high twist–low twist bimodality. We found little
variation in BI/BII populations with the position along the oligomer
(see Supplementary Fig. S19), and a very remarkable dependence on

Fig. 4 | Basepair parameters correlationeffects. AAverage correlation effects for
all the sequences simulatedwith a variation in correlation |r | > 0.3 (Sh, Ti, Tw, Sl and
Ro stand for the base pair parameters considered that showed correlations: Shift,
Tilt, Twist, Slide and Roll respectively). B Statistical distribution of the Ratio Value

(see Cij, formula and details in the text) showing clear coupling between states
illustrated in the difference in the probability of a combination of states detected
along the MD compared (>1) to that expected from uncorrelated-independent
movements (equal to 1).

Article https://doi.org/10.1038/s41467-026-74390-5

Nature Communications | (2026) 17:8169 7

www.nature.com/naturecommunications


the sequence. Thus, while on average 20% of the bps are in the BII
conformation (very close to average experimental estimates80) there
are dramatic sequence differences. For example, 48% of BII is expected
for the d(GpA) step, very close to 40% fromNMR estimates at the same
temperature81, while no significant BII is expected in d(YpY) steps or
some d(RpY) steps such as d(ApT) or d(GpT), again in perfect agree-
ment with accurate NMR experiments82.

Hidden physical rules in genome evolution
While the rules governing sequence prevalence, conservation and
evolution of DNA in coding regions are clear and related to main-
tenance of the sequence of proteins and/or efficiency of translation,
those governing non-coding regions are unknown. In other words, it
is easy to determine the evolutionary pressure against a single
nucleotide polymorphism (SNP) in a coding region simply by trans-
lating the SNP into an amino acid substitution. However, it is unclear
in the case of non-coding regions (extending these to the associated
regulatory segments) where the “evolutionary pressure” should be
related exclusively to the intrinsic properties of DNA and not their
genetic information. Our massive analysis allows us to compare all
the hexamers from a physical point of view, either considering strand
independent (2080) or dependent (4160) hexamers and decipher

how the need to maintain physical properties have modulated the
sequence of non-coding regions, and the evolutionary constraints
that they enforced.

Firstly, we analysed the hexamer similarities using different
descriptors, including dihedral angles, principal component analysis
(PCA), and ion distributions (see Methods), each capturing distinct
aspects of hexamer structure, flexibility, and interaction properties.
These descriptors enable more meaningful comparisons among hex-
amers than their base sequence (see Fig. 6 and Supplementary
Fig. S20). Themost informative of thesedescriptorswere derived from
the analysis of the latent coordinate derived from autoencoders and
the density of cations (K+) in the major groove (MG). Autoencoders
based on dihedral angles provide simultaneously information on
structure and flexibility of the hexamers, while major groove ion
densities (maj_ions) contain both information on direct (H-bond
donors and acceptors) and indirect (structure based) recognition of
the DNA by proteins. Interestingly, the similarity computed from the
different descriptors provides a different landscape of hexamer simi-
larities, as the global correlation between autoencoder latent variables
andMG ion distributions is negligible (r < 0.1, Supplementary Fig. S21).
Only a few hexamer pairs appear as consistently similar or different
(see Fig. 6 and Supplementary Fig. S22) in all metrics. However, the

Fig. 5 | Sequence-dependent frustration energy. A Frustration at the tetramer
level: deformation energy values (kcal/mol) calculated between hexamers sharing
the same central dimer (x-axis) (for each dimer, number of points n = 65,536).
B Example of deformation energy variations at the hexamer level (kcal/mol), cal-
culated between hexamers that share the same central tetramer (x-axis); shown
here for all tetramers containing a central d(CpG) step (for each tetramer, number
of points n = 4096). In each box plot the centre line indicates the median, the box
spans the 25th-75th percentiles, and whiskers extend to 1.5×IQR; points beyond
whiskers are outliers. C Heatmap showing deformation energy variations at the

tetramer/hexamer level for the central base-pair step CpG. The colour scale ranges
from0kcal/mol (dark blue) to 2.4 kcal/mol (dark red). Highlighted on the x-axis are
the tetramers ACGA, ACGC, ACGG, ACGT, CCGA, and CCGG, with the corre-
sponding hexamers shown on the y-axis. Red regions indicate highly sensitive
sequence contexts where changes in tetrameric or hexameric environment
strongly alter local geometry and stiffness of the d(CpG) step. Dark-blue regions
indicate contexts in which neighbouring steps have little influence on d(CpG)
geometry or flexibility.
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similarity/difference among hexamers depends on the comparison
metrics used (see Fig. 6B and Supplementary Fig. S23), revealing dif-
ferent classifications and clusteringpatterns that reflect fundamentally
different underlying properties of the data.

Clustering by structural/dynamic descriptors (dihedral-based
autoencoder classification, Fig. 6B bottom right) leads to a dendro-
gram characterized by localized clusters with similar populations. Two
clear branches appear in the similarity tree: one with hexamers dis-
playing no d(YpR) orwith d(YpR) localized at the ends of the hexamers
and another with hexamers with d(YpR) in central positions, with well-
defined and differentiated clusters in the context of repeated d(YpR)
segments. This similarity landscape agrees with the prevalence of non-
harmonic distortions observed in these dinucleotide steps in the

atomistic simulations and hexamers where the d(YpR) step is located
in the centre are very different from those where it is located in a
terminal position (either 5’ or 3’). Hexamers with a central d(YpR) step
are also the most dissimilar to those with central d(RpY), with ca. 90%
of the top 100 dissimilar pairs featuring a central d(YpR) and a central
d(RpY) step (see column 3, row 2 of thematrix when divided into a 4 ×
4 grid). Overall, global patterns are mostly determined by the purine/
pyrimidine character of bases, as evidenced by the fact that in the
consensus patterns, 56% of the sequence codes corresponds to a R or
Y,with another 28%base-agnostic (N) andnot a single strict preference
for a specific base (A/C/G/T).

The presence of the d(GpC) step seems the major determinant of
the recognition properties along the major groove (cation densities in

Fig. 6 | Hexamer dissimilarity patterns. AHeatmap of the hexamers’ dissimilarity
using autoencoders-dihedrals (bottom triangle) and major groove ion population
(upper triangle) data, highlighting the central base pair for each block of hexamers
(see SupplementaryMethods for ordering). BDendrograms illustrating similarities
in major groove ion population (left panel) and dihedral angle distributions (right
panel); logo plots indicate the statistical distribution of bases in each cluster, and
grey contours at the bottom show the distribution of the ions along the major
groove for each sequence in the cluster. Text labels indicate the consensus
sequence, the cluster centre (representative), statistical entropy, and cluster
population. C Correlation between frequency (order of 106) in the human genome
and ion (in red) and dihedrals (in blue) sensitivity mutation. To facilitate reading of
the plot poly-d(A) and poly-d(T) at the bottom right of the Figure were removed

(see Supplementary Fig S25 for the whole dataset). See Supplementary Information
and Supplementary Fig. S24 for statistical analyses on how the most populated
hexamers are enriched in the low-sensitivity regime at the population level.
D Correlation between total hexamer conservation rate (score) and major groove
ion sensitivity; the correlation is statistically significant, the association isquantified
using a two-sided Pearson correlation test (r = −0.376, p = 5.396 × 10–138, n = 4096)
and two-sided Spearman rank correlation (r = −0.383, p = 3.244× 10–143, n = 4096).
&IUPACcode isused for nucleobases: R (AorG),Y(CorT), S (GorC),W (Aor T), K (G
or T), M (A or C), B (all but A), D (all but C), H (all but G), V (all but T) and N (any
base), see Supplementary Methods. &&Note that here we consider un-symmetrized
hexamers, i.e. the sequences in both strands were considered independently.
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the major, Fig. 6B at the bottom left), in agreement with previous
studies finding that the cation populations are particular high for the
major groove on this step83. In fact, we observe a very large cluster
characterized by the lack of d(GpC) steps, where a flat ion distribution
is found along the groove, while a smaller cluster is defined by hex-
amers rich in d(GpC) steps (ex GGGCGC or GCNGCY), where sharp
bimodal distribution of ions is found (see Fig. 6B).

We then analysed the impact of physical properties in guiding
evolutionary variability in non-coding regions. To this end, we
computed the sensitivity to mutation of different hexamers (defined
as the maximum dissimilarity that can be achieved through a single
nucleotide mutation; see “Methods”) considering both structural/
dynamics (dihedral-based autoencoder) and recognition (ion den-
sities) metrics. Figure 6C plots the sensitivities for all hexamers
compared with their prevalence in a human chromosome (using as
example chromosome 10 as a representative of intermediate length)
excluding coding and regulatory regions. Clearly, the most fre-
quently occurring hexamers are among the most mutation-resilient,
exhibiting lower sensitivity across both comparison metrics. This
relationship is further supported by population-level statistical ana-
lyses, which demonstrate a significant enrichment of highly abun-
dant hexamers within the low-sensitivity regime (Supplementary
Fig. S24). Notably, an increase in A/T content appears to correlate
with reduced sensitivity. In other words, our genome seems to be
enriched in sequences that function as buffers against mutations,
preserving the physical (structural/dynamic and recognition-related)
properties of DNA.

In order to get an additional view on the relationship between
physical properties and evolution rate we computed the conservation
score (human vs 100 related species, http://genome.ucsc.edu/cgi-bin/
hgTrackUi?db=hg38&g=cons100way). Those data taken from the
phylo100 comparison analysis gave us a conservation score at base
pair level along the entire human genome. Firstly, we excluded coding
regions, then summed up the base pair level conservation rate for each
hexamer and compared their average conservation rate with hexamer
mutation sensitivity. The data is obviously noisy (see Fig. 6D and
Supplementary Figs. S25-26), however, when comparing with major-
groove ion sensitivity, a general trend emerges: higher sensitivity is
associated with lower conservation. Although the correlation is weak,
it is statistically significant, indicating that maintaining the physical
properties of DNA has been a selective constraint during evolution.

We used our physical descriptors to try to understand the pro-
miscuity of transcription factors (TF) to recognize DNA sequences,
something that contrasts with the well-defined pattern of interactions
found in experimentalDNA-TF complexes that suggest a kind of binary
recognition of DNA. Results summarized in Fig. 7 (and other examples
in Supplementary Material) show that using as discriminator the
average density of ions in the major groove along a DNA segment, we
can distinguish reasonably well good DNA binding sequences (top 50
best binding sequences) from bad binding sites (the 50 sequences
showing the poorest binding) for a variety of TF families. It is worth
noting that such predictive power stands for TFs that read exclusively
the major groove, as well as those that have accessory recognition
through the minor groove (like the Sox family). This suggests that

Fig. 7 | Transcription factors recognition and ion population correlation.

Averagemajor groove ionpopulation across 10-mers selected experimentally using
HT-SELEX for transcription factors (TFs) binding via the major or minor DNA
groove. The bar plot at the top display the distribution of p values from two-sided
Mann–Whitney U tests (test statistic U, exact P value) assessing whether high-
affinity sequences (top 50, n = 50) are statistically distinct from low-affinity
sequences (bottom50,n = 50).P valuesbelow0.001 indicate significant differences
in cation densities, suggesting that enriched 10-mers (top 50, in light blue) have
distinct ion interactions in grooves compared to the background and in particular
to the low affinity sequences (bottom 50, in light red). Statistics were computed
separately for two datasets, corresponding to TFs that preferentially bind via the

major or minor groove. Example distributions of average ion occupancy in the
major groove (average number of ions along the major groove of each k-mer) for
both high- and low-affinity sequences across selected protein families are shown
below. The TFs were selected to cover both major groove binding and minor
groove binding. Binding affinity data were pre-processed from ENA projects
PRJEB14744and PRJEB29730using the SELEXRpackage (https://bioconductor.org/
packages/release/bioc/html/SELEX.html)112. Transcription factors lacking a clearly
enriched 10-mer (≥100 counts in the 0th SELEX cycle) were excluded due to the
absence of a defined binding motif. More cases across different TFs families
available in Supplementary Material.
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evolution has benefited from the possibility to change the specific
sequence along the TF binding region but keeping the general
recognition properties of the grooves.

Finally, we quantified the intrinsic affinity of DNA for nucleosome
formation by computing the elastic energy required to deform DNA
from its naked to its nucleosomal conformation (see “Methods”)84.
This deformation energy was evaluated using sequence-dependent
equilibrium geometries and stiffness constants for each base-pair step
in its hexameric context, and subsequently converted into a nucleo-
some formation probability (affinity), providing a direct measure of
DNA-histone affinity. We applied this framework to analyze nucleo-
some formation around transcription start sites across the yeast gen-
ome. Comparison of the normalised nucleosome affinity values with
experimental MNase-seq nucleosome coverage (GEO: GSE255857)
shows good agreement, with low nucleosome formation probabilities
in nucleosome-free regions and a marked increase at well-positioned
nucleosomes (see Supplementary Fig. S27).

Discussion
The central dogmaof biology presents DNA as a regular helical structure
acting as a blind carrier of genetic information, where the role of DNA
sequence is limited to coding proteins. However, research over the last
decade has shown that the DNA sequence does much more than just
code for proteins, it also defines the physical properties of DNA and
influences its interactions with effector proteins, as well as the structure
of chromatin, which is a key element in gene regulation. In other words,
it is now clear that a secondary code exists in DNA85, a code that is much
more complex to decipher than the primary genetic code, as it is
encoded in pattern longer than the three-letter codons of the genetic
alphabet. Determining the physical properties of DNA involves in prin-
ciple solving a 4n problem (with n is the size of the chromosome), which
is far beyond the capabilities of current experimental approaches. In this
paperwe present an unprecedented community effort inwhich 14 of the
most active groups in DNA simulation joined efforts to determine the
minimum length of DNA required to accurately extrapolate the prop-
erties of long DNA segments. The resulting 4096 hexamers (reduced to
2080 through symmetry rules) were simulated using accepted com-
munity protocols, with individual trajectories at least 20 times longer
than those used in current state-of-the-art simulations, and all resulting
data were deposited in FAIR format and made openly available to the
community. The analysis of the 0.25 petabytes of data reveals the pre-
sence of non-canonical distortions, characterized in detail here (and
validated experimentally), deciphers the canonical physical properties
of DNA, and uncovers previously unknown conservation rules beyond
the coding regions. Perhaps more importantly, our large-scale simula-
tion effort, conducted over three years and involving 14 experienced
groups, provides reference data for developing a generation of meso-
scopic and coarse-grained models as well as AI methods designed to
bridge the gap between DNA simulation and chromatin structure.

Methods
Systems setup
Applying an adapted version of the Orenstein and Shamir algorithm86,
we generated an optimal sequence covering all of the 2080 unique
hexamers of DNA (of length 2145 bp). This optimal sequence was
subsequently split into 190 oligomers of 16 bp each, and GpC terminal
pairswere addedonboth ends to facilitate convergence. This choice of
oligomer length provides an optimal balance between number of
simulations and total computational effort, and is particularly com-
pact, with only 10 of the 2080 hexamers appearing exactly twice in the
dataset (the other 2070 appear exactly once). We generated 100 sets
of 190 20 bp oligomers in this way, and chose the one featuring the
least extreme GpC content per oligomer, resulting in %G/C values
ranging from 25% to 80% (excluding terminal GpCs) (see Supplemen-
tary Table 1 for the full list of sequences). Duplexes were built in the

canonical B-like conformations using Arnott’s parameters as imple-
mented in the Nucleic Acids Builder programme in AMBER suite of
programmes87. All systems were surrounded by an octahedral box of
water (at least 15 Å distance between any DNA residue and the faces of
the octahedron), each system was neutralized by adding ions and
150mM additional KCl to mimic physiological conditions. Simulation
boxes containing around 6 × 105 atoms were optimized, thermalized
and equilibrated using Roe & Brooks procedure88. After a careful pre-
analysis and benchmark (to be published) considering a variety of
recent force fields (FFs) for DNA, ion andwater parameterswedecided
touseparmbsc1 forcefield forDNA44, OPCwatermodel89 andLi-Merz90

and in particular Joung-Cheatham for TIP4P-EW for monovalent ion
parameters91.We should note that similar results are expected from
OL15 and OL21 FFs, while the use of three-point water models such as
TIP3P or SPC/E leads to slightly more rigid ensembles.

Molecular dynamics protocol
DNA structures were prepared for explicit solventmolecular dynamics
simulations using AMBER tools. Hydrogen Mass Repartitioning (HMR)
was applied to the topology files using parmed_hmassrepartition from
the AMBER suite, tripling hydrogen atom masses and scaling heavy
atoms accordingly to enable a 4 fs integration timestep. Simulations
were run using the AMBER20 suite of programmes. The systems,
comprising DNA, water, and counterions, underwent a 10-step equili-
brationprotocol adapted fromRoe&Brooks, standardized by the ABC
consortium. This protocol included progressive energy minimizations
and NVT/NPT equilibration stages with gradually reduced positional
restraints on the DNA. Initialminimizations were performedwith force
constants up to 5 kcal/mol·Å², followedbyNVTandNPTdynamicswith
decreasing restraints and increasing timesteps. The final step con-
sisted of a 1 ns unrestrained NPT simulation with a 2 fs timestep.
Equilibration ensured structural relaxation and system stability before
production simulations. Constant-pressure equilibration (10 ns) and
production (10 microseconds) were performed under periodic
boundary conditions at 1 bar using the Monte Carlo barostat92 and
Langevin dynamics to maintain the temperature at 310 K. SHAKE93

constraints were applied on bonds involving hydrogen atoms and a
10Å cutoff for non-bonded interactions. Trajectories and restart files
were written in NetCDF format at regular intervals (20 ps).

Production runs
Equilibrated systems were used as the starting point for each pro-
duction run. Based on a prior pilot study with palindromic sequences,
showing general convergence within 2–3ms, each simulation was
extended to 10ms and sampled every 20 ps (following again conclu-
sions from a careful benchmarking), the 10ms were used for analyses
of the simulation if not differently stated for some analyses. Simula-
tions were performed in two independent replicas at 310K and 1 atm.
When significant distortions were observed in one of the replicas, the
trajectory was extended to 20 microseconds and/or 2–3 additional
replicaswere launched.Overall, c.a. 4msof trajectorieswere collected,
accounting for 10–1s at the base pair level dynamics. Following FAIR
principles, all the set-up, simulation and analyses can be reproduced
using BioExcel Building Blocks technology (https://doi.org/10.48546/
workflowhub.workflow.196.6)94,95.

Molecular dynamics analyses
Canonical analyses. Trajectories were analysed at three levels: (i) the
entire 20-mer duplexes, (ii) the central 16-mer duplexes and (iii) each
one of the 2080 unique hexamers. Analyses include standard metrics
such as the RMSD, helical coordinates96, principal component analysis
(PCA), groove dimensions and persistence length (PL)97. All analyses
were performed considering the entire trajectories. The hydrogen
bonds were calculated using the programme cpptraj of Amber. The
same method was used for both terminal and internal base pairs. This
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programme considers Watson and Crick hydrogen bonds disrupted
whenever the donor-acceptor distance exceeded 3.0 Å or the donor-
hydrogen-acceptor angle dropped below 135°. In the study, to avoid
terminal effect we did not considered the terminal bases (GpC) for the
selection of the hexamers, they only consider the central 16mers, as
well as analysis at helical base-pair level were obtained by removing
those snapshots where the canonical hydrogen bonding (HB) scheme
was lost.

Persistence lengths (PL) were calculated following the Noy-
Golestanian formalism62, using its implementation in the SerraNA
programme97. In this approach, the worm-like chain (WLC) model is
adapted to atomic-resolution DNA structures, and directional decay is
evaluated between the directional vectors defined at each base pair
step. Previous studies havedemonstrated that the transition from local
to global bending regimes in PL occurs within approximately one
helical turn as DNA length increases62,97. Beyond this length, PL values
converge, indicating that a 16-mer fragment is adequate for estimating
the global persistence length.

Helical parameters analyses
The helical distributions and stiffness force constants of all bps (con-
sidering only snapshots where at least two of the Watson and Crick
hydrogen bonds were preserved) in all hexamer environments were
collected in the normalized six-dimensional helical space (rise, slide,
shift, roll, twist and tilt). The deviation of the distributions from nor-
mality were assessed using the Bayesian Information Criterion (BIC)-
Helguero analysis98, as described elsewhere3,99. Bimodality, which
refers to the existence of two sub-states for a given degree of freedom,
was determined both at tetramer and hexamer level. In the first case all
the data on duplicated tetramers were collected and the whole
ensemble was analysed. To evaluate structural diversity across hex-
amers in a 6-dimensional helical space, k-means clustering was applied
to each hexamer’s conformational ensemble. The optimal number of
clusters was determined using Gap Statistic100; pooled normalized
inertia was used as the dispersion measure within this calculation,
normalizing each cluster’s variance by its size to assess overall com-
pactness. Correlation between bps helical movements were explored
using linear or circular correlation coefficients as a function of the
sequence distance55.

Deformation/frustration energy
Frustration in the helical space at the basepair step (bps) level refers to
the energetic cost required to deform a DNA base pair step from its
preferred conformation in one sequence context to that in another. To
quantify this effect, we calculated the deformation (or “frustration”)
energy, defined as the energy needed to shift a given base pair step
(XY) from its most populated (equilibrium) structural state in one
hexamer (i) to themost populated (equilibrium) state of the same step
in another hexamer (j) within the helical parameter space. This
approach allows us to determine how the conformational preferences
of a base pair step vary as a function of sequence context, revealing
which steps aremore constrainedormoreadaptable to local structural
changes. The frustration energy is given by the following expression
(Eq. (1)):

E i, j
f rust

ðXY Þ=
1
2
K i Δ+j

i

� �2
ð1Þ

where K i is the stiffness matrix associated to the inter base pair helical
parameters of central bps XY in the hexamer i and Δ+

j
i is the distor-

tion vector, representing the difference between the equilibrium
conformation (defined by the six inter base pair helical parameters) of
the central bps (XY) in hexamer j with respect to equilibrium vector for
the same bps in hexamer i. For instance, if the central base pair step
CpG is compared between two different hexamers, for example

AGCGTT and TGCGAA, the frustration energy quantifies how much
elastic deformation energy is required for the step CpG in the hexamer
AGCGTT to adopt the equilibrium conformation of the CpG step in the
hexamer TGCGAA. In this example keeping the same central base pair
but varying the neighbouring base pairs we could evaluate the tetra-
meric effect. A larger frustration energy indicates stronger context-
dependent deformation or greater incompatibility between the local
structural preferences. We note that frustration plays a central role in
the harmonic rigid-base coarse-grain model cgDNA, as developed in
refs. 49,50,52,53.

The energetic cost (deformation energy) required to wrap a 147-
bp DNA fragment into the nucleosomal conformation was quantified
using the same an elastic energy formalism Eq.( 1). DNA conformations
were described in terms of local helical parameters. The deformation
energywas evaluated by defining the equilibrium reference state using
the sequence-dependent base pair step parameters for each base pair
in its hexameric sequence environment, together with the corre-
sponding force-constant matrices obtained from molecular the
dynamics simulations16,84. The final deformed state was defined by the
base pair parameters of DNA in the nucleosome-wrapped conforma-
tion. Substituting these quantities into the deformation energy
expression allowed a direct estimation of the energetic penalty asso-
ciated with adopting the nucleosomal geometry. To relate deforma-
tion energy to nucleosome affinity, the elastic energy was converted
into a Boltzmann-weighted probability (P = expð � E=kBT), where kB is
the Boltzmann constant, T is the temperature. This probability, here
called affinity, provides a quantitative measure of the intrinsic affinity
of a DNA sequence for nucleosome formation, with higher prob-
abilities corresponding to lower energetic penalties for nucleosomal
wrapping.

Principal component analyses (PCA)
PCAweredone in Cartesian space using standardprocedures, to check
the global flexibility of the 20-mer oligos and to determine the
importance of hexamer effects on the essential deformation mode of
the central tetramer, as well as to compare the dynamics of different
hexamers. In this latter case insteadof a heavy atom representation we
use a sequence-agnostic representation defined by all the backbone
plus N1/N9 C6/C1 atoms of the nucleobases (Pur/Pyr). The similarity
between two essential dynamics was performed using Hess
metrics101,102 with eigenvectors required to explain 90% of variance.

Interaction properties
DNA-cation interactions were estimated from the density of cations
along the major and minor grooves at each bps, which define a 10-
dimensional vector for each unique hexamer (2 grooves times 5 bps
per hexamer). Cation distributions are analysed using curvilinear
helicoidal coordinates83,103, which provide a precise picture of the
proximal environment of DNA by accounting for the coupling of ion
dynamics with the thermal fluctuations of DNA.

Variational autoencoders (VAE)104

VAE were used to compress the dynamics of the different hexamers
into a 6-dimensional deep-learned latent space. To this end a VAE
was trained with 8 dihedral angles per nucleotide (backbone α, β, γ, δ,
ε, ζ, glycosidic χ, and puckering pseudorotation angle P), converted to
sin/cos pairs to avoid discontinuities. At this point a single hexamer is
described by a vector of 2 strands × 6 residues × 8 dihedrals × 2 tri-
gonometric functions = 192 values between –1 and 1. Both the encoder
and decoder feature 5 hidden layers of dimension 4096 each, with a
ReLU nonlinearity. The training was performed for 93 epochs on the
Watson-strand hexamers (replica 1). The encodings of each hexamer
trajectory (subsampled so as to yield 50,000 frames) define a prob-
ability distribution in the 6-dimensional latent space. Thus, we use the
Hellinger distance105 between two such distributions (0 corresponding
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to identical, and 1 to fully non-overlapping distributions) as a measure
of (dis-)similarity between two hexamers. To calculate this distance,
probability density is sampled (through kernel density estimation with
optimized bandwidth) at 105 points drawn from the multivariate nor-
mal distribution, and the result is calculated as the scaled Euclidean
normof the difference of the square roots of the vectors of probability
density at the sampled points.

Dissimilarities
Dissimilarities between each hexamer were calculated and for technical
reasons, different dissimilarity metrics were applied for different data-
sets. For ion distributions, the chosenmetric was the root-mean-square
difference between the twodensity profiles, each composed of 5 points.
For PCA, the chosen metric was 1 minus the normalized overlap
between the principal axes (20 eigenvectors that explain around 90%of
the variance). Similarly, for the dihedral distributions, the chosenmetric
was 1 minus the normalized overlap between the distributions in the
low-dimensional latent space. Note that, for the above reasons, dis-
similarity metrics are normalized and constrained for PCA and dihe-
drals, but unnormalized and unconstrained for ion distributions.

Consistency of dissimilarity patterns
For each hexamer, and for each pair of features, Pearson’s correlation
coefficient was calculated between the given rows of the corre-
sponding dissimilarity matrices. The resulting product of these 6
correlation coefficients is reported as the “cross-feature consistency
score”, indicating whether for a given hexamer all features follow the
same dissimilarity pattern against all other hexamers.

Sensitivity
The sensitivities of different hexamers were calculated as the max-
imum dissimilarity that can be achieved through a single nucleotide
mutation.

Clustering methods
To identify sequence patterns that yield similar descriptors, we per-
formed clustering based on (dis-)similaritymatrices in each descriptor
space, and presented the clusters as a dendrogram. The number of
clusters was optimized for each dataset (PCA, minor groove ions,
major groove ions, dihedrals) by calculating the sums of intra-cluster
dissimilarities for cluster numbers between 2 and 20, and choosing the
number after the largest drops in this metric, indicating the identifi-
cation of large meaningful distinctions (as in the “elbow” method).
Then, cluster divisions and identities were iteratively reconstructed
starting from the smallest to the optimal number of clusters to create
the dendrogram. The reported cluster entropy was calculated as the
sum of the 6 entropies of the individual bases’ probability distribu-
tions. The affinity propagation algorithm, using the precomputed
dissimilarity matrix, was used as implemented in Python’s scikit-
learn106. We note that analogous dendrograms for tetramer sequences
have previously been presented for crystal structure data and cgDNA
coarse grain energies in ref. 107.

Dendrogram construction
Dendrograms were constructed by following consecutive cluster
splitting events in the hierarchical clustering algorithm, using the
custom (precomputed) dissimilarity matrix. Vertical position of the
split on the dendrogram was determined based on the population-
weighted average of mean inter-cluster dissimilarity. To that end, the
average dissimilarity between all pairs of samples in each cluster was
first calculated, and a population-weighted average of these per-
cluster values was then computed for increasing numbers of clusters.
These valueswere then normalized, i.e.,mapped onto the 〈0,1〉 interval
via a linear transformation. For each final cluster, the total cluster

population and sequence entropy (in bits, with a maximum of 6 ×
log2(4) = 12) are reported, along with an IUPAC-style consensus
sequence. The latter was calculated by representing the probability
distribution of the 4DNAbases at eachposition in a 3-simplex, dividing
up the 3-simplex into equal-volume regions corresponding to each
combination (A, T, C, G for 1 base; R, Y, K,M, S,W for 2 bases; B, D, H, V
for 3 bases; and N for 4 bases) and assigning the code of the region
where the probability distribution mapped to. Sequence logos were
generated using logomaker108, and cluster centres (representatives)
were chosen as the ones with the lowest mean dissimilarity to all other
members of the cluster49.

All analyses were done using standard software (AMBER analysis
suite, Curves+96, MDTraj109) as well as “in house” scripts. Analyses were
integrated in workflows using BioExcel Building Blocks infrastructure
(BioBB)94,95.

UV and NMR experiments
Unlabelled DNA oligonucleotides d(CGACTCAGCG)·d(CGCTGAGTGC)
and d(CGCATACGCG)·d(CGCGTATGCG) were purchased from IDT
with a standard desalting purification. The samples were dissolved in a
buffer containing 50mM NaCl and 25mM sodium phosphate buffer
(pH 7) and hybridized. They were then heated to 90 °C and slowly
cooled down to allow duplex formation. Melting experiments were
performed by heating from low temperature to 95 °C at 0.5 °C/min,
monitoring absorbance at 260 nm every 0.5 °C with samples at 5μM.
NMR spectra were acquired in the described buffer with 10% of D2O at
5 °C, 15 °C, 25 °C, 35 °C and 45 °C. Spectra were acquired in a Bruker
spectrometer operating at 600MHz, equipped with cryoprobe and
processed with the TOPSPIN software. Water suppression was
achieved by including an excitation sculpting module in the pulse
sequence110.

Data storage
All trajectories were stored in a non-relational database using Mon-
goDB infrastructure and MDDB protocols111. All trajectories are stored
in a FAIR format with detailed provenance. This includes the group
performing the simulation, validation, and all the individual steps fol-
lowed to launch the simulation. Overall, we have collected around0.25
PBof trajectories, which are stored inBarcelona,with a backup located
at the Centre for High Performance Computing (University of Utah,
Salt Lake City, Utah, USA).

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

Data availability
Trajectories, set upfiles,metadata and standard trajectory analyses are
available in the MDDB database: [https://mdposit.mddbr.eu/#/
collection/abc] and [https://mdposit.mddbr.eu/#/id/MD-A003ZZ/
overview]. The Source Data generated and analysed in this study
have been deposited in the repository at: [https://doi.org/10.5281/
zenodo.18361274]; including processed datasets for each figure, ana-
lysis outputs, and representative trajectory frames. Due to the large
size of the full MD trajectories, the associated raw data are available
from the corresponding author upon request.
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