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High-throughput DNA melt measurements
enable improved models of DNA folding
thermodynamics

Yuxi Ke 1, Eesha Sharma2, Hannah K. Wayment-Steele3, Winston R. Becker 4,
Anthony Ho2, Emil Marklund2,5 & William J. Greenleaf 2,6

DNA folding thermodynamics are central to many biological processes and
biotechnological applications involving base-pairing. Current methods for
predicting stability from DNA sequence use nearest-neighbor models that
struggle to accurately capture the diverse sequence dependence of secondary
structural motifs beyond Watson-Crick base pairs, likely due to insufficient
experimental data. In this work, we introduce a massively parallel method,
Array Melt, that uses fluorescence-based quenching signals to measure the
equilibrium stability of millions of DNA hairpins simultaneously on a repur-
posed Illumina sequencing flow cell. By leveraging this dataset of 27,732
sequences with two-state melting behaviors, we derive a NUPACK-compatible
model (dna24), a rich parameter model that exhibits higher accuracy, and a
graph neural network (GNN) model that identifies relevant interactions within
DNA beyond nearest neighbors. All models show improved accuracy in pre-
dicting DNA folding thermodynamics, enabling more effective in silico design
of qPCR primers, oligo hybridization probes, and DNA origami.

The thermodynamics of DNA secondary structure formation is fun-
damental to understanding diverse biological processes, such as DNA
replication1 and repair2. It also underlies many biotechnological
applications, including PCR primer design3, in-situ hybridization (ISH)
probe engineering4, guide sequence design for genome editing tools5,
and DNA nanotechnology6,7. Numerous algorithms have been devel-
oped to predict DNA secondary structure thermodynamics, many of
which rely on nearest-neighbor models8–10.

In brief, nearest-neighbor models assume that the total folding
energy of DNA can be calculated by summing up the energies of each
two neighboring base pairs. With this assumption, the “folded state”
can be defined as the minimum free energy (MFE) base pairing con-
figuration, identified using dynamic programming11. Additionally, by
using Boltzmann factors and the partition function, it is possible to
calculate the probabilities of DNA folding into alternative base pairing

states. The predicted probability of each state is determined based on
its computed free energy. These energies contribute to Boltzmann
factors that are normalized by the partition function, the sum of the
Boltzmann-weighted contributions of all possible states. Thus, nearest-
neighbor models form the foundation of both static secondary struc-
ture predictions and dynamic ensemble folding predictions. However,
nearest-neighbor models often struggle to accurately capture the
sheer diversity and complexity of DNA secondary structural motifs,
including hairpin loops, mismatches, and bulges. One reason for this
limitation is the lack of experimental data spanning those structural
motifs upon which these models are built, leading to inaccuracies in
prediction. For example, the most widely used parameter set from
SantaLucia et al. 2004 used data from 108 sequences to derive 12
parameters for Watson-Crick (WC) base pairs, and 174 sequences to
derive 44 parameters for internal single mismatches8.
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This data bottleneck has been due to the laborious nature of UV
melting12 and differential scanning calorimetry13 experiments, tradi-
tionally considered the gold standards of DNA secondary structural
thermodynamics. Several groups have attempted to overcome this
bottleneck, usually with fluorescent melting in bulk solutions in well
plates14–17, reaching a throughput on the scale of thousands. Still, due
to the extremely large combinatorial DNA sequence space, these
works are limited to a specific type of DNA structural motif in a fixed
sequence scaffold.

To address this data generation bottleneck, we developed a
method for systematic, accurate, high-throughput measurements of
nucleic acid secondary-structure motif thermal stability, enabling
large-scale, quantitative measurements of the thermodynamics of
nucleic acid secondary structure. We demonstrate that nearest-
neighbor thermodynamic parameters inferred from these data are
nearly identical to those observed from bulk thermal melting experi-
ments for WC base pairs but improved for mismatch, bulge, and
hairpin loop structural motifs. The improved parameter set is capable
of accurately predicting DNA duplex folding energy on fully inde-
pendent datasets collected using different measurement methods.
Furthermore, by deploying advanced computational methods includ-
ing deep learning to model DNA thermodynamics, we develop a state-
of-the-art thermodynamic model for DNA hairpin folding with accu-
racy comparable to measurement uncertainties.

Results
Array melt: A high-throughput technique for quantifying the
melting behavior of nucleic acids
We developed the Array Melt technique, a method that allows for the
rapid and comprehensive quantification of DNA folding thermo-
dynamics in high throughput. This technique is based on an Illumina
MiSeq chip repurposed for high-throughput measurements18,19. We
first designed a DNA library of 41,171 hairpin sequences, referred to as
“variants” in 6 major categories, referred to as “classes”. This library
was synthesized as an oligo pool, amplified with sequencing adapter
sequences, and loaded onto a MiSeq chip for sequencing (Methods).
During Illumina sequencing, single DNA molecules on the flow cell
surface were amplified into groups of approximately 1000 copies of
the same sequence, which we refer to as “clusters”. We mapped each
cluster to a sequence variant in the library using the physical locations
in sequencing data. The variable region of a variant consists of a DNA
hairpin flanked by two “AA” linkers and two oligo binding sites. We
engineered a common region for annealing a 3’-fluorophore-labeled
oligonucleotide to the 5’-end of the hairpin to be investigated and
another for a 5’-quencher-labeled oligonucleotide to the 3’-end
(Fig. 1a). During an imaging experiment, we annealed Cy3-labeled and
Black Hole Quencher (BHQ)-labeled oligonucleotides to these
respective binding sites to assay the melting behavior of the hairpins.
These annealed oligos have predicted melting temperatures of 74 °C,
much higher than the highest temperature in our experiments (Sup-
plementary Table 1). At room temperature, this fluorophore-quencher
pair results in low levels of fluorescence in each cluster, as the bulk of
our hairpin library is folded at room temperature. As the sequence-
variable hairpin regions are exposed to increasing temperatures
between 20 °C to 60 °C, the distance between Cy3 and BHQ increases,
leading to brighter fluorescence signals (Fig. 1a, b). Using this mea-
surement scheme, we synthesized a comprehensive library of 41,171
hairpin variants for measurement (Fig. 1c). These variants were
designed by integrating diverse “structural motifs” into multiple con-
stant hairpin “scaffolds”. The secondary structural motifs include
Watson-Crick pairs, mismatches, bulges, hairpin loops of various
lengths, and other control sequences such as super-stable stems,
polynucleotide repeats, and single-strand fluorescence controls (see
Fig. 1c and Methods). We inserted each structural element into multi-
ple hairpin scaffolds with varying energetic stabilities to increase the

likelihood that at least one variant would fall within the dynamic range
of our measuring system. It is important to note that some variants
share identical sequences. For example, 16 variants in the “tetraloop”
and the “Watson Crick” classes have identical sequences, despite ori-
ginating from different combinatorial enumerations series. The 16
“tetraloop” variants were generated by enumerating the hairpin loop
sequence and the two base pairs adjacent to the loop, and the 16
“Watson-Crick” variants by enumerating the hairpin stem while keep-
ing the loop sequence constant. In the library design, we still counted
them as separate variants to preserve the completeness of enumera-
tions; in the dataset, we merged variants with identical sequences to
remove duplicated data for analysis. In total, there are 40,130 unique
sequences in this library of 41,171 variants.

We performed thorough quality control on the dataset by
requiring clusters and variants to accurately fit a two-state model, and
to melt within our temperature measurement range. The two-state
model assumes that a given sequence variant exists either in an
“unfolded” or a fully “folded” state. This assumption contrasts with an
ensemblemodel, where a variant ismodeled to occupy an ensemble of
base pairing states, including the unfolded, fully folded, and multiple
alternatively folded states, with the probability of each secondary
structure state determined by its corresponding free energy. The two-
state model is the foundation of nearest-neighbor parameter deriva-
tion and serves as the focus of this study. For each variant, we used a
two-state model to fit the melt curves to determine ΔH and Tm, then
calculated ΔG37 and ΔS from ΔH and Tm (Eqs. (2)–(4), Methods). First,
we normalizedmelt curves of single clusters to the initial fluorescence
after Cy3 hybridization to account for cluster size variations and
sequence-dependent effects. We further normalized data using con-
trol variants to account for temperature dependency and photo-
bleaching (“Fluorescence normalization”, Methods). Next, we fitted
the signals to Eq. (2) and estimated the probability distributions of
maximum and minimum fluorescence (fmax and fmin) (“Single cluster
fitting”, Methods). Then, we refined the fit by bootstrapping single
clusters at the variant level, using information from the distribution of
fmax or fmin to aid the variants not fully reaching fmax or fmin (“Fit
refinement”, Methods). Finally, we combined results from multiple
replicates, removing variants not showing enoughmelting behavior or
having high errors (“Filtering and combining replicates”, Methods) and
filtering out non-two-state variants (“ΔG line fitting and two-state
heuristics”, Methods). Data that met these quality control criteria
comprised 6,393,050 individual melt curves of single clusters
(including multiple technical replicates), spanning 27,732 sequence
variants used in subsequent analysis with a standard two-state melt
model (Supplementary Fig. 1a).

Sensitivity and precision of the Array Melt method
To calibrate the amount of fluorescence observed as a function of the
distance between Cy3 and BHQ, we evaluated the fluorescence signals
of a series of repeat sequencevariants. These variantsweredesigned to
systematically increase the distance between the fluorophore and
quencher by incorporating increasing numbers of mono-, di- or tri-
nucleotide repeats. Thefluorescent signals, aggregatedover repeats of
the same length, showed a nearly linear response to distance variations
up to approximately 8 nucleotides (Fig. 1d). Our observed length-
fluorescence curve closely aligns with a theoretical static quenching
curve (Eq. [1], Methods). We normalized the fluorescent signals using
unfolded and folded controls designed within the library (Supple-
mentary Fig. 1b). The three example melt curves in Fig. 1f demon-
strated increasing observed melting temperatures corresponding to
increasing GC content of the variable region. For variants that showed
complete melting behavior, such as the variant on the left, we directly
inferred themaximum andminimum fluorescence (fmax and fmin) from
the melting curves; for variants that did not fully reach fmax or fmin,
such as the middle variant, we estimated the distributions of fmax or
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fmin from an initial round of fitting to aid the refine fit process (Sup-
plementary Fig. 1c; Methods); for variants without enough melting
behavior, such as the one on the right, we excluded them from
downstream analysis. Technical replicate measurements from Array
Melt data showed high correlation, with R >0.94 (Supplementary
Fig. 1d). Melt curves were also highly correlated with anneal curves

(R =0.964), confirming that the DNA molecules were measured at
equilibrium (Fig. 1e). Upon analyzing our measurement precision
(Methods), we found that variants with ΔG37 values between −1.5 and
0.5 kcal/mol have tight uncertainty levels around 0.1 kcal/mol (Fig. 1g).
Additionally, nearly 90% of tested variants have ΔG37 uncertainties
within 0.3 kcal/mol, equivalent to approximately 0.5 kBT (Fig. 1h).
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Overall, these data demonstrate that the equilibrium, aggregate
fluorescence signals obtained from the Array Melt method provide
highly accurate melting information and can serve as a “molecular
ruler” capable of resolving single nucleotide distance variations.

UV melting validation
To further validate our method, we compared the results from the Array
Melt method to those obtained using conventional UV melting methods
on a cloud lab platform. We selected random representative variants
from each class within the Array Melt library and sent the synthesized
oligonucleotides to Emerald Cloud Lab (ECL) for analysis. Using the
variant information and UV melting experiment parameters as input,
scripts written in Symbolic Lab Language (SLL) automatically generated
experiments as ECL protocol objects. These protocols were then queued
for remote execution in a physical laboratory. Raw melting curve data

from ECL were automatically analyzed by custom Python code, and
samples that failed to pass quality control were resubmitted to ECL for
re-measurement (Fig. 2a, b; Methods). We synthesized the variable
region of randomly sampled Array Melt variants and measured UV
melting curves in the same buffer as in Array Melt experiments (25mM
NaCl, 50mM HEPES pH8.0). We aimed to ensure good correlations
between UV melting and Array Melt, and to correct for any systematic
errors in the Array Melt system. As expected, the melting temperature
was found to be independent of DNA oligo concentration (Supplemen-
tary Fig. 2a), suggesting intramolecular folding. In total, we measured 85
unique sequences, including 66 from the Array Melt library and 19 de
novo hairpins designed independently of the Array Melt library. 24 of
these sequences had a single peak on HPLC, including 12 from the Array
Melt library and 12 de novo hairpins. UV melting data showed slightly
worse reproducibility across experimental days than Array Melt

Fig. 1 | High-Throughput thermodynamic measurement of DNA secondary
structures using a fluorophore–quencher system. a Schematic representation of
DNA molecules in a folded (quenched) and an unfolded (fluorescent) state.
b Images of fluorescent DNA clusters immobilized on the sequencing chip surface.
Top: Image with only fluorophore-conjugated oligo (Cy3), and with both fluor-
ophore- and quencher-conjugated oligo at increasing temperatures. Bottom:
Schematics of DNA molecules in each image. All images are normalized to super-
stable stem and repeat control variants for temperature-dependent effects on
fluorescence and quenching during the experiment, as shown in Supplementary
Fig. 1b. cDesign of library variants between the constant-sequencebinding sites for
fluorophore- and quencher-conjugated oligonucleotides. Red represents scaffold
nucleotides, which are constant within each type, and blue represents the struc-
tural motif nucleotides, or variable nucleotides systematically permuted (‘N’).
Numbers under each class indicate the number of variants in each class.
d Fluorescence measurement of control constructs where the single-strand dis-
tance between the fluorophore and the quencher increases in single nucleotide

steps. The orange line shows the theoretical fit. Fluorescence is measured in arbi-
trary units (a.u.). e Correlation of ΔG37 derived from library variants under
increasing temperatures (melt curve, x-axis) and decreasing temperatures
(annealing curve, y-axis). f Representative examples of melt curves for constructs
that vary in GC content.Melt curves are calculated from fittedparameters based on
data collected from individual clusters (n = 88, 126, and 90 for the three constructs,
respectively). Shaded regions represent 95% confidence intervals derived from
bootstrapped parameter estimates. Fluorescence is normalized and reported in
arbitrary units (a.u.).g Standard error ofΔG37 for various construct classes, colored
by ΔG37 values. Standard errors are derived from bootstrapped errors combined
across replicates (Methods). Box plots show the median (center line), interquartile
range (box bounds: 25th to 75th percentiles), and full range excluding outliers
(whiskers extend to themost extremenon-outliers; outliers arehidden).Only series
withmore than 1000 variants are drawn. h Percentage of variants in each class that
fall in different ΔG37 standard error bins. Unless otherwise noted, box plots show
the median, 25th–75th percentiles, and range excluding outliers.
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correction with a single offset parameter. d Direct comparison of measured ΔG37,
ΔH,andTmbetweenArrayMelt andUVmeltingdata. Eachdatapoint represents one
hairpin variant. Error bars indicate Array Melt bootstrapped standard errors (y-
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correlation coefficient (R) between UV melting data and either Array Melt data or
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model predictions and UV melting data.
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Fig. 3 | Decomposition of sources of variances inmeasured energies. a Example
of mismatch type definitions and ΔΔG calculation for single mismatches. b Com-
parison of single mismatch ΔΔG between the dna04 model prediction and Array
Melt measurements. Each variant is colored by the identity of the mismatch (left),
and the T >C mismatches are zoomed in on the right. c Variances in data (techni-
cal and biological) and variances explained or added by the dna04model, for each
group of mismatches and combined. Green bars, variance explained by the dna04
model; red bars, additional variance introduced. d Nucleotide importance scores
for each individual nucleotide in mismatch constructs, grouped by secondary
structure. The importance score is calculated as the sum of squares introduced by

varying the given nucleotide position. e Nucleotide importance scores for tetra-
loops and triloops. f Nucleotide importance scores for bulges. g Pairwise interac-
tion scores for each pair of nucleotide locations for Watson-Crick and single
mismatch variants. A yellow star indicates the reference position in each subplot,
and the color of each position indicates the strength of the interaction with that
reference position. The interaction score is calculated as the R2 of a linear model
given all combinations of the pair as features, subtracted by that of the two indi-
vidual nucleotides. h Percentage contribution of single nucleotides, nearest
neighbors, and longer-range interactions to the total variance in ΔΔG37 for single
mismatches. i Pairwise interaction scores for tetraloops and triloops.
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(Supplementary Fig. 2b, c). A comparison of the melting profiles of
measured library variants showed good agreement between the two
methods (Fig. 2c–e, R=0.85 for ΔG37, or R2 =0.62 after the linear
adjustment described later). Notably, we observed a systematic offset
between the UV measurements and our Array Melt results, which could
be due to the presence of the hairpins on a flow-cell surface, interaction
between the fluorophore and the quencher, or the additional sequence
elements and double-stranded areas included to facilitate our
quenching-based readout. To account for these systematic differences,
we applied a single offset to the melting points observed in our dataset
and used the corrected results for subsequent analysis (Methods; on
average, a correction of 9.35 °C in Tm or ~0.7 kcal/mol in ΔG37 was
applied). Compared to baseline nearest-neighbor model predictions
implemented in theNUPACK4 (NUPACK v4.0.0.27) software (“the dna04
model”, an abbreviation for “the model implemented in NUPACK4 using
the dna04 parameter set”), the measured values showed moderate
improvement for ΔG and Tm, and considerable improvement for ΔH
(Fig. 2e, Supplementary Fig. 2d). This UV melting validation demon-
strated the ability of the Array Melt method to accurately measure the
folding energies of DNA and generalize to in-solution systems.

Quantifying performance of the dna04 nearest-neighbor model
on non-WC hairpins
After validation of our experimental system, we aimed to examine the
performance of the baseline model, the dna04 nearest-neighbor
model, on hairpins whose stems are not perfect Watson-Crick pairs.
The dna04 model, implemented with NUPACK4, uses widely used
nearest-neighbor parameters from the SantaLucia 2004 paper8 and
incorporated additional parameters for coaxial and dangle stacking.
When predicting folding free energies associated with different single
mismatch types (Fig. 3a), the dna04model had predictions with an R2

of 0.61 with ArrayMelt data on the average free energy for each of the
types (implying it can explain 61% of the observed experimental var-
iance), or R2 =0:31 on all individual variants. However, this model was
unable to consistently predict significant variances in folding energies
that arise from the same mismatch type with differing flanking
sequences (R2 = � 0:61 for T >C mismatches, as shown on the right
side panel, R2 =0:09 for A >G, R2 = � 0:48 for C > T, and R2 = � 1:66
for G >A) (Fig. 3b, Supplementary Fig. 3a). Indeed, for three out of the
four mismatches we analyzed, the dna04 model introduced extra
variance (i.e., negative R2 value) compared to the class-average pre-
diction, implying that the variance in the dna04 model’s prediction
residual was greater than the actual variance present in the data
(Fig. 3c, Supplementary Fig. 3b). This limitationof thedna04model led
us to conclude that significant variances in folding energy are not
accounted for by the dna04 model, likely due to limitations in its
parameterization.

Influence of sequences on energy across different secondary
structures
We hypothesized that some of the observed variance in melting beha-
vior not explained by the dna04 model may be due to the influence of
next-nearest neighbors of mismatches. To assess this possibility, we
calculated the impact of each nucleotide position on folding energy.We
first determined a nucleotide importance score at each nucleotide
position in different sequence groups with the same target secondary
structures by calculating the variance in either ΔG37 or ΔΔG37 values for
the four different identities of the nucleotide at the target position
(Methods). The importance scores were calculated for every variable
nucleotide position but not for the constant ones, such as the bottom
base pair and the constant hairpin loop sequence. While it is possible
that variants might adopt alternative secondary structures yet maintain
two-state behavior, our analysis still provides valuable insights into how
sequences affect folding energy. For single mismatches, we used ΔΔG37

values relative to Watson-Crick pairing “parent” variants to regress out

the energy expected from Watson-Crick stacks; for other secondary
structures, we directly used ΔG37 values. As anticipated, nucleotides
along the hairpin stem displayed consistent nucleotide importance
scores for Watson-Crick pairing variants, and the two mismatching
nucleotides have the highest contribution to this folding energy for
single mismatch variants, both in the Array Melt data and the dna04
model predictions (Fig. 3d, Supplementary Fig. 3c). Extending our ana-
lysis to hairpin loops and bulges, we observed that specific sequences
within these structures critically influence their thermodynamic ener-
gies (Fig. 3e, f). In triloops and tetraloops, loop center nucleotides had a
more pronounced influence on folding energy in the Array Melt data
than dna04 model predictions. We also noted a slight asymmetry
between the 5’ and 3’ ends of the loop, regardless of loop size (Fig. 3e,
Supplementary Fig. 3d). In bulges, the flanking Watson-Crick pairs had
greater influence than the bulge sequence itself. However, double bul-
ges showed stronger sequence dependence than single bulges, sug-
gesting greater sensitivity to bulge sequence in the double-bulge
structural motifs (Fig. 3f, Supplementary Fig. 3e).

These observations prompted us to examine the energetic inter-
actions between bases by comparing two linear models: one that con-
siders base interactions (i.e., allowing free parameters for pairwise
combinations of bases in the two probed positions) and another that
treats each position independently (i.e., only allowing free parameters
for each individual position). The “pairwise interaction score” was cal-
culated as the additional proportion of variance explained in the first
model than the second. In the figures, we used a star to denote the
reference position relative to which the interaction scores are plotted.
The location of the star marks all the variable nucleotide positions,
which may or may not correspond to a mismatch. As the pairwise
interaction scores are symmetric, we only plotted the 5’ starred
nucleotide positions to simplify the visualization (Fig. 3g). For compar-
ison, we also calculated pairwise interaction scores from dna04 model
predictions (Supplementary Fig. 3f). Notably, the two base pairs flanking
a mismatch showed interactions unaccounted for in the dna04 nearest-
neighbor model, which only considers interactions between the mis-
matched base pair and its immediate neighbors. This interaction score
decays with increasing distance along the stem (Supplementary Fig. 3g).
Our quantification showed that in this specific case of single mis-
matches, 74% of the variance was contributed by individual nucleotides,
14% by nearest-neighbor interactions, and 12% by longer-range interac-
tions (Fig. 3h). This breakdown highlights that while individual nucleo-
tides and nearest-neighbor interactions account for up to 88% of the
variance, longer-range interactions contribute comparably as nearest-
neighbor interactions. In hairpin loops, the interactions between the
loop-end and the loop-center nucleotides were stronger than expected
in tetraloops, but not in triloops (Fig. 3i, Supplementary Fig. 3h, i).

Next, we fitted a series of linear regressionmodels to theWatson-
Crick and single-mismatch variants classes in Array Melt data, varying
the length of stack features: from 1 (individual basepairs), to 2 (nearest
neighbors), and up to 3 (next-nearest neighbors). In the model with
only individual base pairs, each individual base pair or mismatch was
treated as a feature. In the nearest-neighbor model, each stack of 2
consecutive base pairs or mismatches was treated as a feature. Note
that this model was independent of existing nearest-neighbor models,
such as the dna04 model, as it was constructed from scratch for
comparison purposes. The next-nearest-neighbor model, in contrast,
parameterized every stack of 3 consecutive base pairs or mismatches.
Although prediction errors were similar for nearest- and next-nearest-
neighbor models in Watson-Crick variants, next-nearest-neighbor
models outperformed the nearest-neighbor ones in single-mismatch
variants (Fig.4a). This observation suggested that while nearest-
neighbor models are sufficient to describe folding energies of
Watson-Crick variants, incorporating next-nearest neighbor interac-
tions is crucial for accurately modeling variants that contain
mismatches.
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Revised dna24 parameter set for NUPACK integration
We aimed to develop a refined set of parameters to integrate our
findingswith theNUPACK4 software18, therebyenablingmoreaccurate
DNA thermodynamic predictions that are easily accessible.We divided
ArrayMelt data into training, validation, and test sets, respectivelywith
24979, 1315, and 1438 variants, stratified by major variant types as

shown in Fig. 1c. Initially, we wanted to verify that we could reproduce
the established Watson-Crick nearest-neighbor parameters8. We fitted
a compact linear regression model with 188 free parameters to the
ArrayMelt data, allowing the 10Watson-Crickpairing stack parameters
to vary freely. While other parts of the parameter set, such as mis-
matches and bulges, were also adjusted in thismodel, theWC stacking
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parameters still remained broadly consistent with the literature8

(Fig. 4b). Some minor differences were expected since they were
trained on completely different real-world datasets. Having confirmed
the reliability of our approach, we chose to fix the values of the
Watson-Crick nearest-neighbor parameters for the remainder of the
analysis, as they are widely used, rigorously validated, and offered
minimal accuracy improvements when adjusted. With these 10 para-
meters fixed, we fitted a compact 178-parameter model. Next, we
obtained sequence-dependent parameters for tetraloops and triloops
by aggregating thermodynamic measurements of relevant Array Melt
variants and converting the aggregated ΔΔH and ΔΔG37 values to ΔH
and ΔG37 parameters (Methods). This additional curated step over-
came the bias of hairpin loop sequence sampling, as most of the var-
iants in theArrayMelt libraryhas the same “GAAA” tetraloop sequence.
We combined these corrected hairpin loop parameters with the
parameters from the previously fitted compact 178-parameter model.
This combined NUPACK-compatible model, referred to as “the dna24
model” (the model implemented with NUPACK4 using “the dna24
parameter set”), is easily accessible by pointing NUPACK to our para-
meter set file (Supplementary Fig. 4a; parameter file available in Sup-
plementary Data19). Note that when using NUPACK to predict free
energy, we assumed a two-state model in alignment with the Array
Melt dataset, which was filtered based on the two-state criterion.
Additionally, the ensemblemodel yielded inferior results compared to
the two-state model, both with the original dna04 and with our new
parameter sets (Supplementary Fig. 4b).

We compared the single mismatch parameters of this dna24
modelwith the originaldna04one andobserved similar overall trends.
Our newparameters also captured context-dependent variations ofGT
mismatches (also referred to as wobble pairs) and highlighted the
instability of CC mismatches, which are the most thermodynamically
unstable type of DNA single mismatch20. The dna24 parameters also
agreed with the literature about the context-dependency of GT mis-
matches, in that CG×CG is themost stable context and AT×AT the least
stable20 (Fig. 4c, Supplementary Fig. 4c).

We evaluated the dna04 and the dna24models on held-out Array
Melt data and two orthogonal DNA duplex melting datasets from the
literature. To assess model performance, we reported both the raw
mean absolute error (MAE) and the adjusted MAE, which specifically
accounts for relative ΔΔG errors. As a figure of merit, relative ΔΔG
values are often more common than absolute ΔG values for many
applications, including minimum free energy structure predictions
and sequence design tasks, as they consider the relative energy dif-
ferences between sequence-structure pairs (Supplementary Discus-
sion). The readers should choose between MAE and adjusted MAE
based on the relevant application.

Testing our dna24 model on the held-out Array Melt test data
resulted in an adjusted MAE of 0.59 kcal/mol for ΔG37 (Fig. 4d, e,
Supplementary Fig. 4f). Consistently, the dna24 model explained a
larger fraction of the biological variance in ΔG37 across the test set,
especially for mismatch and bulge classes (Fig. 4f). This model also
improved predictions for 12 DNA hairpins designed with randomized
sequences outside the Array Melt library and measured by UVmelting

(Supplementary Fig. 4d), alongside the hairpin sequences taken from
the Array Melt library and measured using UV melting in Fig. 2. We
further asked whether the dna24model, trained on DNA hairpin data,
extends to unseen DNA duplexes. We observed a similar performance
for unseen Watson-Crick DNA duplexes with both the dna04 and the
dna24 models. However, the dna24 model showed improved perfor-
mance on more complex variants. Next, we evaluated our parameter
set on a UV melting dataset of 384 Watson-Crick pairing DNA
duplexes21. This collection contains duplexes used to derive the San-
taLucia parameters in dna04, and was split evenly into validation and
test sets. Here, our parameter set performed comparably to dna04
(Supplementary Fig. 4e). On a dataset from Oliveira et al. containing
DNA duplex melting temperatures with varying numbers of
mismatches15 (also split evenly between validation and test sets), both
parameter sets showed similar adjusted MAE (~0.6 °C) for Watson-
Crick duplexes on the test set. For single mismatches, the dna24
parameter set achieved a much lower adjusted MAE of 1.15 °C
(R2 = 0:68) compared to 1.66 °C (R2 =0:25)withdna04. For double and
triple mismatches, the improvement was even greater (Fig. 4g). In
conclusion, this updated parameter set, while simple, enhances the
prediction accuracy of NUPACK for DNA secondary structures, parti-
cularly those with mismatches and hairpin loops. This improvement
extends to orthogonal DNA duplex data that the dna24model was not
trained on.

Enhanced linear model with rich parameterization
Building on thisNUPACK-compatible dna24model, we next developed
an enhanced linearmodel that incorporates a rich parameter set (“rich
parameter model”), allowing still more accurate and comprehensive
prediction of DNA thermodynamics on unseen data. Because this
model hadmore parameters than are implemented in NUPACK, it was
not immediately compatible with the software and was implemented
in custom Python code. We fitted this rich parameter model with 1338
free parameters to the Array Melt training data, incorporating still
more context information. This rich parameter model has a sequence-
dependent parameter for each combination of single or double bulge
and its two flanking base pairs, while the dna24model is not aware of
the sequence of the bulged nucleotides; it also considers interactions
between the two stacks flanking a mismatch, and full hairpin loop
sequence for triloops and tetraloops (Methods). Thismodel yielded an
even better performance both on the Array Melt test data (adjusted
MAE =0:34 kcal=mol,R2 =0:81) and the external duplex datasets
(Fig. 4d–g, Supplementary Fig. 4e). These extended parameters were
particularly important for variants with bulges and mismatches, as
they allowed the model to better account for the complex context-
specific interactions in these cases. Examples of the origins of such
interactions include base stacking, as the specific sequence of the
bulgeormismatch influences the extent of disruption to base stacking,
and some mismatched base pairs can still stack with the flanking base
pairs depending on their sequences. Other factors that contribute to
the sequence-dependent trends observed here include hydrogen
bonding, electrostatic forces, and hydrophobic forces, among others.
The rich parameter model explained significantly more variance in

Fig. 4 | Enhanced linear regression models for DNA folding energetics.
a Adjusted mean absolute error (adjusted MAE) of linear regression models with
features based on single-base-pair, nearest-neighbor, or next-nearest-neighbor
stacks (length of stack features = 1, 2, and 3, respectively), applied to ArrayMelt test
set. b Comparison of nearest-neighbor parameters for Watson-Crick pairs fitted
from Array Melt data and those reported in the literature8. c Visualization of dna24
and dna04 free energy parameters for single mismatches. “Context” and “mis-
match” definitions are consistent with those in Fig. 3a. Note: The flat GT/TG mis-
match columns in the dna04 panel result from NUPACK’s use of placeholder
(dummy) parameters for these mismatches. This issue is due to a historical artifact
in the parameter files, which the NUPACK development team has acknowledged

and is currently addressing (Supplementary Discussion; personal communication,
N. Pierce, 2025). The notes also apply to Supplementary Fig. 3c. d, e Performance
comparison of the dna04, dna24, and rich parameter models on held-out Array
Melt data. All calculations were performed at 1M Na+ concentration. f Variances in
data (technical and biological) and variances explained or added by themodels, for
all ArrayMelt test data, orWatson Crick,mismatch, and bulges only.g Performance
comparison of the dna04, dna24, and rich parameter models on an orthogonal
dataset of DNA duplexes with varying numbers of mismatches (Oliveira et al. 15.).
h Adjusted MAE on Array Melt data plotted as a function of the percentage of
training data used to fit the linear regression models.
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mismatches and bulges than dna24, especially for bulges (Fig. 4f).
Notably, when comparing the prediction error on the Array Melt vali-
dation set as we titrate the amount of training data, the 178-parameter
linear regressionmodel used to build the dna24model plateaued with
just a small fraction of the training data. In contrast, the 1338-
parameter rich parameter model used more data before plateauing,
but still did so after being trained on less than half of the dataset
(Fig. 4h). Thisbehavior is expectedgiven theoverdeterminednature of
these models, suggesting that a more expressive model is needed to
capture more variance in the dataset.

Graph neural network (GNN) for DNA energy prediction
Because our rich parameter model likely had insufficient expressive-
ness to capture the biological variance in our data, we developed a
graph neural network model22,23 specifically designed to predict ener-
gies of DNA sequence-structure pairs. In this model, a DNA molecule
was represented as a graph where nodes represent nucleotides and
edges represent chemical bonds. Nucleotides (A, T, C, or G) and che-
mical bonds (either 5’ to 3’ backbone, 3’ to 5’ backbone, or hydrogen
bond) were one-hot encoded as node and edge features, respectively.
Taking these graph representations with both sequences and struc-
tures as inputs, the GNN iteratively refined node embeddings across
graph convolutional layers. Essentially, nodes exchanged information
through different edge types, allowing, over multiple layers, for the
embedding of one node to encapsulate information from the entire
graph. Investigation of various types of graph convolutional layers
revealed that the graph transformer layers24 outperformed other
architectures, such as graph attention layers25 (Supplementary Fig. 5a).
After graph convolution, each node possessed a learned embedded
feature, reflecting not only the original node features, but also the
edges and overarching graph structures. To embed this graph into a
fixed-length vector representation, we used a global pooling layer with
the Set2Set algorithm26, which included a Long Short-Term Memory
(LSTM) block. This block processed node embeddings and updated its
internal state to produce a vector representation of the entire graph
invariant to the order of input node features. This processed summary
vectorwas then fed into a small, fully connected neural network, which
regressed for ΔH and Tm values (Fig. 5a). Similar to nearest-neighbor
models, this GNN model predicted folding energy values from
sequence-structure pairs.

We trained this end-to-end model on Array Melt training set. We
first explored the effect of the number of graph convolutional layers
on prediction accuracy (Fig. 5b, Supplementary Fig. 5b). Performance
plateaued after 4 graph convolutional layers, matching an
information-sharing range of four chemical bonds. This observation
is consistent with Supplementary Fig. 3g, which shows that pairwise
nucleotide interactions span approximately 4 nt. When evaluating
model performance over increasing amounts of training data, we
observed a slower plateau compared to Fig. 4h, indicating that the
GNN model can better make use of this large-scale dataset (Fig. 5c).
The trained GNN had a prediction error of 0.18 kcal/mol in ΔG37

(R=0:97,R2 = 0:94, Fig. 5d, e, Supplementary Fig. 5c) compared to
0.34 kcal/mol of a baseline model that simply looked up the k = 8
closest variants in the training set and gave a weighted average of the
lookup values as prediction (“the closest sequence lookup model”)
(Supplementary Fig. 5d, Table 1). GNN predictions were also con-
sistently accurate across different variant classes. For example,
adjusted MAEs for the Watson-Crick and mismatch classes were
0.17 and 0.18 kcal/mol, with R2 values of 0.95 and 0.94 (Fig. 5e).
Interestingly, although the GNN was trained entirely on graph
representations of DNA hairpins, it was able to extend to DNA
duplexes (Fig. 5f). Although on duplexes the GNN performed slightly
worse than our rich parameter model (Fig. 5k, Table 1), this was not
surprising given that the training data consisted exclusively of hair-
pins. The GNN model was never explicitly taught the nature of

chemical bonds or strand numbers, yet its prediction ability sug-
gested that it grasped the “gist” of the physical system of DNA
folding thermodynamics and could extrapolate beyond hairpin
structures. Compared to the slow decrease of prediction error on the
Array Melt data over the course of training (Supplementary Fig. 5e),
for the two external DNA duplex datasets, prediction error rapidly
decreased within the first 20 epochs and then plateaued (Supple-
mentary Fig. 5f), likely because of the relatively low complexity of
those datasets.

To better understand how the GNN made predictions, we ana-
lyzed the intermediate activation from the output of the Set2Set
aggregation layer. The GNN projected each DNAmolecular graph into
a 250-dimensional embedding vector. Many of the top principal
components of the embeddings correlated strongly with predicted
thermodynamics parameters (R =0:8 between PC1 and ΔH, R= � 0:77
between PC5 and Tm, and R=0:79 between PC1 and ΔG37), but none
with other qualities of the sequence variants including DNA length or
GC content (Fig. 5g, h), underscoring the GNN’s focus on thermo-
dynamics.Whenexamining embeddings fromdifferent datasets (Array
Melt, literature UV, and Oliveira et al.), each dataset’s distinct design
structure mapped to unique areas in a two-dimensional UMAP visua-
lization (Fig. 5i). This observation indicated that the embeddings
captured more than just predicted thermodynamics like melting
temperatures (Supplementary Fig. 5g), and that the learned embed-
ding space encompassed sequence and structure details beyondmere
parameter prediction.

Finally, we compared prediction errors across various models. The
graph neural network (GNN) outperformed other models on the Array
Melt test data, while the rich parameter model and the dna24 model
showed the best performance on duplex data. Precision of the GNNwas
notable, approaching the uncertainty range of bootstrapped experi-
mental measurements (mean uncertainty of 0.14 kcal/mol for ΔG37),
demonstrating its effectiveness in capturing complex relationships in
DNA sequences and structures (Fig. 5j, Table 1).

When predicting unseen duplex data fromOliveira et al., the GNN
model performed well for duplexes with no mismatch (R2 = 0.78) and
single mismatch (R2 = 0.56, outperforming R2 = 0.25 of the dna04
model). However, the GNN model struggled with duplexes containing
two or more mismatches, yielding R2 = −0.12 for double mismatches
and R2 = −1.21 for triple mismatches (Fig. 5k, Supplementary Fig. 5h,
Table 1). Our two linear models, dna24 and rich parameter, still
improved the prediction quality for double and triple mismatches
compared to dna04despite the low representation of these features in
training data. This improvement likely resulted from the incorporation
of domain knowledge in human-designed model features. We hypo-
thesize that includingmoredouble or triplemismatchvariants into the
training data would address the existing bias and enhance the GNN
model’s performance.

Theprimary goal of training andevaluating thisGNNmodelwas to
assess its ability topredict thermodynamicparameters forDNAhairpin
variants and its potential to generalize to non-hairpin variants such as
duplexes, rather than to provide an immediate utility for all types of
DNA secondary structures. Such a general deep learning model would
require a large volume of extra data in other types of DNA secondary
structures, such as duplexes, external loops, and longer hairpins,
which are not yet available. In the future, when such data of sufficient
size becomes available, we hope our GNN model could serve as a
template for a family ofmodels trained ondifferent types of secondary
structures. Eventually, we envision a general, unified deep learning
model for predicting folding thermodynamics of arbitrary types of
DNA secondary structures.

Discussion
In this work, we developed an accurate, scalable fluorescence-based
method for measuring the melting of DNA hairpins (Array Melt) and
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used it to generate the largest-to-date DNA folding thermodynamics
dataset. The Array Melt method, with its high throughput and precise
measurement capabilities, allows for a more detailed exploration of
the thermodynamics of diverse DNA structures, including those with
mismatches, bulges, and hairpin loop motifs. The scale of this dataset
revealed the significant role played by sequences not immediately

adjacent to mismatches and within hairpin loops to the thermo-
dynamic stability of hairpins. This observation suggests that previous
nearest-neighbor models, such as the dna04 model, which para-
meterized only the energies of immediate nearest neighbors, may lack
the complexity needed to fully capture the variance observed in these
molecular variants. Our revised dna24 and rich parameter models,
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while rooted in the same conceptual framework of parameterizing
local features for linear additive models, extended previous models
by including interactions beyond immediate nearest neighbors,
such as those between the two stacks flanking a mismatch. To this
end, we developed three quantitative folding energy models of
increasing complexity: a revised parameterization of the linear
regression model compatible with NUPACK (dna24), a rich parameter
linear model with particularly good performance onmismatched DNA
duplexes, and a graph neural network (GNN) model that showed the
best performance on hairpins. To our knowledge, this GNN model is
the first deep learning model applied to DNA folding. These results
support the notion that while the dna04 model is accurate in pre-
dicting Watson-Crick stack behaviors, it falls short in accurately
modeling the thermodynamics of more complex DNA structures,
such as hairpins and interior loops. We anticipate that future library
designs will be more oriented towards machine learning, enabling a
more comprehensive and less biased sampling of the DNA
sequencing space.

Overall, by providing a more accurate model for DNA folding
thermodynamics, we paved the way for improved design of bio-
technological tools and applications. For example, our models will
provide amore accurate starting point for in silico design in areas such
as qPCR primer design, DNA oligo hybridization probe design, and
DNA origami.

A limitation in our model comparison to the baseline arises from
howNUPACK handles GT/TGmismatches. The dna04 parameter file in
NUPACK currently applies dummy, instead of SantaLucia, parameters
for thesemismatches, overestimating their energetic contributions by
~3 kcal/mol (Fig. 4c). This discrepancy stemmed from a historical
artifact dating back over 20 years, as confirmed by the NUPACK team
(Supplementary Discussion; personal communication, N. Pierce,
2025). Given the notable presence of GT/TG mismatches in the Array
Melt dataset, this issue may impact predictions by the dna04 baseline
model. Predictions in partition function calculations and ensemble
propertiesmay beparticularly affected, where the over-penalization of
GT/TG mismatches could skew folding state distributions. While this

Fig. 5 | Graph neural network model for DNA folding thermodynamics.
a Schematic representation of the graph neural network (GNN) architecture.
b Mean absolute error (MAE) of melting temperature on Array Melt data as a
function of the number of graph convolution layers in the GNN. cMAE of ΔG37 on
ArrayMelt data as a function of the percentage of training data used to fit the GNN.
d Pearson’s R correlation coefficient between GNN predictions and held-out Array
Melt data, literatureUVmeltingdata, orOliveira et al. duplexmelting data.e Scatter
plot comparingGNNpredictionswith held-out ArrayMelt test data, both combined
and split by variant class. Each dot represents a single sequence variant. f Scatter
plot comparing GNN predictions with literature UV melting data or Oliveira et al.

duplex melting data. g Pearson’s R between principal components of the learned
variant embeddings and measured thermodynamic parameters or variant proper-
ties. h Comparison between the most correlated principal components and ΔH or
Tm. i UMAP visualization of learned variant embeddings after aggregation, colored
by dataset (ArrayMelt, literature UVmelting, or Oliveira et al. duplex melting data,
color scheme the same as in (d–f)). j Benchmark of all models on held-out Array
Melt data, compared to the measurement error of Array Melt. k Benchmark of all
models on the orthogonal Oliveira et al. dataset, plotted by the number of mis-
matches. Colors correspond to models as in Fig. 5j.

Table 1 | Model benchmarks

Model dna04 dna24 Rich parameter Closest lookup Graph neural
network

Me-
asu-
rem-
ent

Array ΔH Adjusted MAE 8.59 6.27 4.97 5.27 3.13 3.09

MAE 14.33 10.79 5.03 4.03 3.13 3.09

R2 0.12 0.48 0.64 0.77 0.86 NA

Tm Adjusted MAE 7.94 6.52 5.09 3.72 1.80 1.28

MAE 8.38 6.53 5.65 3.72 1.80 1.28

R2 −0.06 0.26 0.20 0.78 0.94 NA

ΔG37 Adjusted MAE 0.87 0.59 0.34 0.34 0.19 0.14

MAE 1.07 0.67 0.35 0.34 0.18 0.14

R2 −0.15 0.44 0.81 0.81 0.94 NA

Literature UV Tm Adjusted MAE 1.86 2.11 1.93 6.51 3.43 NA

MAE 6.87 6.92 11.99 10.38 3.90 NA

R2 0.95 0.93 0.94 0.37 0.71 NA

Oliveira et al. Tm (all) Adjusted MAE 2.06 1.77 2.76 5.12 5.30 NA

MAE 5.43 4.70 10.20 9.01 5.56 NA

R 0.81 0.86 0.66 0.35 0.78 NA

R2 0.65 0.73 0.42 −1.06 0.49 NA

R2 of Tm (by number of mismatch) No mismatch 0.87 0.86 0.92 0.07 0.78 NA

Single 0.25 0.68 0.75 -0.14 0.56 NA

Double 0.13 0.26 0.21 -0.23 -0.12 NA

Triple 0.03 0.24 0.27 -8.33 −1.21 NA

Adjusted MAE of Tm (by number of
mismatch)

No mismatch 0.60 0.63 0.47 1.64 0.66 NA

Single 1.66 1.15 0.95 2.24 1.72 NA

Double 2.17 2.02 2.09 2.60 2.36 NA

Triple 1.91 1.67 1.60 6.59 7.03 NA

Units of adjusted MAE and MAE: kcal/mol for ΔH and ΔG37, and °C for Tm. Numbers in the “Measurement” column are means of bootstrapped uncertainties from measurement. Bold or italic text
indicates grouping labels or measurement types.
MAE mean absolute error.
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limitation does not change the overall trends in our results, we have
clarified its impact in relevant figures (Fig. 4c, Supplementary Fig. 4c)
and highlighted its potential effects on the dna04model performance.
Future corrections to the dna04 parameter file by the NUPACK team
are expected to improve model accuracy for DNA secondary struc-
tures involving GT/TG mismatches. Importantly, the provided dna24
parameter file remains fully compatible with both current and future
NUPACK releases, ensuring continued usability.

Additionally, the study’s focus on two-state folding presents a
notable limitation, although our comparison between the two-state
and ensemble methods (Supplementary Fig. 4b) revealed greater
accuracy of the former in predicting Array Melt measured thermo-
dynamic parameters. The poorer performance of the ensemble
method may be attributed to the parameter estimation methods.
Furthermore, the experimental design of the datasets used to derive
nearest-neighbor models may also contribute to this limitation. Thus,
interpreting nearest-neighbor model predictions and dynamic pro-
gramming algorithm outputs as “true” energies of single, fixed sec-
ondary structures should be done with caution. In this study, the two-
state folding energies are better interpreted as an aggregated average
across multiple folding states, rather than that of a single folded
microstate within this ensemble. We anticipate that future analysis
incorporating experimental design, data preprocessing, and para-
meter inference27 techniques that consider ensemble folding could
result in further improvements in prediction accuracy. These approa-
ches are relevant when it is important to predict probabilities of
dynamic molecules in microstates.

Another limitation is the dataset-specific implementation of the
rich parameter model in custom Python code. While nearest-neighbor
implementations other than NUPACK, such as ViennaRNA28, mfold29,
and RNAenn30, provide valuable tools, they do not fully address our
problem space or support the detailed parameterization in ourmodel.
Developing a more general implementation of this model would
require significant methodological and software redesign, which is
beyond the scope of this study. Additionally, we believe that even
richer parameterizations, as seen in RNA models31, could further
improve performance.

This work also indicates that cloud labs can provide researchers
with practical access to specialized instruments and support, addres-
sing traditional challenges in equipment access and maintenance.
These platforms also facilitate streamlined data collection and meta-
data tracking, improving open data and experiment reproducibility.
This study represents an early instance of using commercial cloud labs
in research setting32, suggesting potential broader academic use.

Finally, our measurements used a single monovalent salt con-
centration. Expanding to different concentrations and types of mono-
or divalent cations would be straightforward. Furthermore, apply-
ing our method to RNA structures offers a promising direction for
future research. Given the diverse and critical biological functions of
RNA, heavily dependent on its secondary structure, high-throughput,
precise thermodynamic measurements could deepen understanding
of RNA biology and support the development of RNA-based
therapeutics.

Methods
Library assembly and sequencing
A sequence map of the constant and variable regions of the library is
available in Supplementary Data19 as LibrarySequenceMaps/
array_melt_library.gb. In this map, the “filler sequence” is a 5’
partial segment of “AACAACAACAACATACTAACAACAACATAA-
CAAATCAAAA”. The lengths of this filler sequence and the variable
region add up to 40 nt, ensuring all synthesized fragments are of
uniform length regardless of the length of the variable region. This
map’s reverse complements of all librarymemberswere synthesized as
a DNA oligo pool by Twist Biosciences. To prevent sequence dropout

during synthesis, each unique sequence was included twice in the
oligo pool.

This oligo pool was subsequently amplified using internal primers
to enrich for full-length library variants. For this PCR reaction, a 1:8
dilution of the oligo pool was used (final concentration of 10 nM, note
that the concentration of full-length sequences might be considerably
lower). The PCR reactionmixture also included 200 nMof each primer
(T7A1library and D-TruSeqR2, as in Supplementary Table 1), and 1x
Phire Hot Start II PCRMasterMix (Thermo Fisher Scientific F125L). The
thermal cycling protocol was 9 cycles of 98 °C for 10 s, 56 °C for 30 s,
and 72 °C for 30 s. The PCR product was purified using the QIAquick
PCR Purification Kit (Qiagen, 28104) to remove excess primers and
proteins, and was eluted in 20 µL of elution buffer.

Following the initial amplification, a second PCR was performed
to introduce terminal sequences compatible with Illumina sequencing.
This assembly PCR used two outside primers and two adapter
sequences. The reactionmixture consisted of 1μL of the previous PCR
product, 137 nM of outside primers (short_C and short_D as in Supple-
mentary Table 1), 3.84 nM of adapter sequences (C-i7pr-bc-T7A1 and
D_TruSeqR2 as in Supplementary Table 1), and 1x Phire Hot Start II PCR
Master Mix. The thermal cycling protocol for this PCR was 14 cycles of
98 °C for 10 s, 56 °C for 30 s, and 72 °C for 30 s. The PCR product was
again purified using the QIAquick PCR Purification Kit and quantified
with Qubit dsDNA HS Assay Kit (Thermo Fisher Q32854). All PCR pri-
mers and adapter sequences were synthesized by IDT with standard
desalting.

The sequencing was performed using a MiSeq Reagent Kit v3, 150
Cycles (MS-102-3001). The amplified library was diluted and pooled to
a final concentration of 1.16 nM (27% of the loaded sample), combined
with 2.8 nM PhiX control v3 (70%, Illumina), 0.04 nM fiducial marker
(1%, sequence map available as LibrarySequenceMaps/array_-
melt_fiducial.gb; synthesized by IDT, standard desalting), 0.04 nM
Cy3 no RNA control (1%, LibrarySequenceMaps/array_-
melt_cy3_control.gb; synthesized by IDT, standard desalting), and
0.04 nM single-strand fluorescence control sequences (1%, synthe-
sized by Twist Biosciences), adding up to a total sample concentration
of 4 nM. Paired-end sequencing was conducted with a mixture of
Illumina’s standard read 1 primer and a custom read 1 primer
(stall_R1_primer, as in Supplementary Table 1; synthesized by IDT,
standard desalting) for 66 cycles and a standard read 2 primer for 109
cycles to cover the variable region in both read 1 and read 2 directions.

Imaging station setup
An imaging station was used to image the MiSeq flow cell at varying
temperatures. This station was built from a combination of custom-
designed parts and parts from a disassembled Illumina Genome Ana-
lyzer IIx, as previously described33,34. The station had two channels: the
“red” channel, which uses a 660nm laser paired with a 664 nm long
pass filter (Semrock BLP01-664R-25), and the “green” channel, which
uses a 532 nm laser with a 590 nm band pass filter (Semrock FF01-590/
104-25). Images were taken with an exposure time of 600ms and a
laser input power of 150mW. For each temperature, focusing was
achieved by manually adjusting the z-position and re-imaging the four
corners of the flow cell; the resulting z-positions were then fitted to a
plane to ensure uniform focus across the flow cell.

Following sequencing, the flow cell was washed with Cleavage
Buffer (100mM Tris-HCl, 125mM NaCl, 0.05% Tween20, 100mM
TCEP, pH 7.4) at 60 °C for 5min to remove residual fluorescence from
the reversible terminators used in the sequencing reaction. The com-
positions of all buffers used are provided in Supplementary Table 4,
and the vendors and catalog numbers of key reagents in Supplemen-
tary Table 5. Any DNA strands not covalently attached to the chip
surface were removed by washing with 100% formamide at 55 °C. The
remaining single-stranded DNA fragments were then incubated with
500 nM of the oligo Biotin_D_Read2 and red_oligo (Supplementary
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Table 1) in Hybridization Buffer (5x SSC buffer, 5mM EDTA, 0.05%
Tween20) for 15min at 60 °C, followed by a temperature reduction to
40 °C for another 10min. The red_oligo, conjugated to Alexa647, binds
to a sparse subset of “fiducial” sequences on the chip, providing
fluorescence signal for z-plane focusing and for registering macro x
and y offsets corresponding to the sequenced tiles. All chemically
modified oligos were synthesized by IDT with HPLC purification.

Measuring melt curves on the chip
The Cy3-labeled fluor_oligo was annealed in 1xSSC +MgCl2 (1x SSC,
7mM MgCl2, 0.01% v/v Tween-20, 0.5μM labeled oligo) at 37 °C for
12min, and thenwashedwith 1x SSCbuffer. The chipwas imaged in the
“green” channel to acquire “post Cy3” fluorescence signals, which
confirm hybridization and provide data for per-cluster intensity nor-
malization during data processing. Next, the Black Hole Quencher
(BHQ)-labeled oligo quench_oligo (Supplementary Table 1) was
annealed and washed using the same protocol. Both fluor_oligo and
quench_oligo were synthesized by IDT with HPLC purification. Again,
the chip was imaged to confirm signal reduction from successful
quenching. Subsequently, the chipwas rinsedwithMelt Buffer (50mM
Na-HEPES pH 8.0, 25mM NaCl). HEPES buffer was chosen for its low
sensitivity to temperature changes (−0.014 ΔpKa/°C), which can help
maintain consistent pH during the experiment35.

To quantify the melt curves, the image station temperature was
initially lowered to 20 °C. For each temperature point, the system was
equilibrated to the new temperature (approximately 5min) before
refocusing and imaging. The temperature was increased in 2.5 °C
increments up to a maximum of 60 °C. The detailed protocol is avail-
able in Supplementary Methods.

Processing sequencing data
Sequencing data from the Illumina MiSeq platform was processed to
extract the tile and coordinates for each sequenced cluster. Forward
and reverse paired-end reads generated from the sequencing process
were aligned using FLASH36 (v1.2.11) with default settings to merge
overlapping reads. The consensus merged sequences from FLASH
were then aligned to the reverse complement sequences of fluor_oligo
and quench_oligo using a Needleman-Wunsch alignment implemented
in the package nwalign3 (v0.1.2).

For consensus sequences that successfully aligned to both oligos
with a p-value <10−3), evaluated as described in ref.37, the variable
region was extracted as the segment between the two aligned flanking
regions. This variable region was then aligned to sequence variants in
the reference library. A reference sequence was assigned to each
cluster based on the best-scoring alignment with a p-value <10−6).
These assigned clusters were subsequently used for fluorescence
quantification in downstream data analysis.

Overview of Array Melt curve processing
In the following sections, we will describe the process of Array Melt
curve fitting. As noted in the main text, we refer to a single group of
about 1000 DNA molecules on the chip as a “cluster”, and a distinct
sequence in the library as a “variant”. Each variant has multiple corre-
sponding clusters measured on the chip.
1. Clusters in the fluorescent images were registered to clusters

identified through sequencing to obtain sequence identity infor-
mation, and raw fluorescence was quantified from the images.

2. Raw fluorescence signals were normalized to the initial signal to
account for differences in cluster sizes and sequence-specific
effects on fluorescence.

3. Signals were further normalized using controls for folded and
unfolded constructs to correct for effects such as temperature
and photobleaching during the experiment.

4. Normalized signals from single clusters were fitted tomelt curves
with minimal constraints.

5. A subset of variants with high-quality single-cluster fits that
reached maximum fluorescence (fmax) was selected to estimate
probability distributions of fmax. Similarly, another subset was
selected to estimate the probability distributions of fmin.

6. At the variant level, we bootstrapped single clusters to refine the
fit. For variants that reached fmax or fmin, these valuesweredirectly
fitted from the data; for those that did not reach fmax or fmin, we
drew samples from the distributions fitted in the previous step
during bootstrapping.

7. Fitted results from multiple replicates were combined and
filtered.

8. An orthogonal fitting method, termed the ΔG line fitting
approach, was applied to help filter out variants that did not show
two-state behavior.

Fluorescence data processing and image fitting
Fluorescent melt curve images were aligned with sequencing data
from the Illumina MiSeq platform. Initially, sequencing data was ana-
lyzed to obtain the tile and coordinates of each sequenced cluster.
These coordinates were then used to create synthetic cluster images,
which were iteratively registered with the fluorescent images to
achieve sub-pixel resolution mapping34. After identifying the clusters
in the images, each cluster’s fluorescence was quantified by fitting it to
a two-dimensional normal distribution30.

Distance sensitivity curve
The repeat controls used to plot the distance sensitivity curve in Fig. 1d
are repeats of varied lengths of the following sequences: poly-A, T, AT,
AAC, AAG, AAT, AC, ACC, AG, AGG, TC, TG, TTA, TTC, and TTG.

The theoretical curve fitted to the distance-to-fluorescence curve
in Fig. 1d is f xð Þ= 1

1 + ða�ðx +bÞ�3Þ, where x represents the length in

nucleotides (nt), f xð Þ is the normalized fluorescence at length x
(dimensionless, normalized to maximum fluorescence), b is a fitted
parameter in nt accounting for systemic distance offset, and a is
another fitted parameter:

a=
2π
3

2=3

ðKD,BHQ � NA � k3Þ�1 ð1Þ

where KD,BHQ is the dissociation constant for the fluorophore-
quencher pair, NA is Avogadro’s number, and k =0:64× 10�9m � nt�1

is a distance conversion factor from nt to physical distance for single-
stranded DNA. The fitted parameter values are a= 71:19, b=0:08, and
KD,BHQ = 145:6mol � L�1. Using the relation ΔGBHQ =RT � lnKD,BHQ, we
have ΔG37,BHQ =3kcal=mol. This interaction between the fluorophore
and the quencher might introduce a systematic offset in the data. We
corrected for this and other potential systematic errors using UV
melting data (see UV melting section below).

Fluorescence normalization
Intensity normalization. To minimize inter-cluster size variation and
sequence-specific effects in fluorescence measurements, we normal-
ized Cy3 fluorescence during melt curve measurements by the total
amount of single-stranded DNA in each cluster. This was determined
by the Cy3 fluorescence signal immediately after the hybridization of
the fluor_oligo but before the hybridization of the quench_oligo. This
Cy3 signal was clipped to the 1st and 99th percentile of its total dis-
tribution and used as a normalizing factor for all subsequent fluor-
escent signals from each cluster.

Temperature dependence and photobleaching normalization.
Throughout the experiment, fluorescent signals were affected by
temperature and photobleaching. To correct for these effects, we
further normalized the size-normalized signals of clusters using the
median signals of control variants designed to maintain constant
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distances between the Cy3 fluorophore and the BHQ quencher. These
controls include:
1. “Super stable stem” variants with long GC-rich stems that are

expected to retain their hairpin secondary structure within the
experimental temperature range, showing minimal fluorescence.

2. Within the experimental temperature range, showing minimal
fluorescence.

3. “Long repeat” controls that are repeat sequences at least 39 nt
long. They are expected to remain linear, not to formhairpins, and
to show maximum fluorescence.

For both the “super stable stem” and the “long repeat” control
variant groups, we applied the following filtering process: after cal-
culating the median signals of each variant across all of its corre-
sponding clusters, we found the 5th and 95th percentile of these
medians within each of the two control groups for each temperature
point. Library variants with more than one data point outside this 5th
to 95th percentile range were considered outliers and excluded from
further analysis.

Afterwards, the median values at each temperature point from
both control groupswereused to normalize the entiredataset. In total,
5 out of 5 super stable stem control and 40 out of 92 long repeat
control variants were used for normalization (Supplementary Fig. 1b).

Direct melt curve fitting. The melt curve fitting pipeline was adapted
from previous work38, including the following steps: 1) Directly fit
normalized signals of single clusters; 2) Estimate the probability dis-
tributions of maximum and minimum fluorescence (fmax and fmin)
from single cluster fit results; 3) Refine the fit at the variant level using
bootstrapping. This fitting process targets one of the main challenges
inmelting curve analysis: fmax and fmin are not constant and not always
reachedby all the variants. The full details are describedbelow, and the
fitting process is available as a snakemake39 pipeline at https://github.
com/keyuxi/array_analysis.

Single cluster fitting. Equation (2) was directly fitted to the normal-
ized signals of single clusters with minimal constraints, where T and
Tm are temperatures in Kelvin, kB =0:0019872 is the Boltzmann con-
stant, and fmax and fmin are the maximum and minimum normalized
fluorescence. Initial parameter valueswere set as follows: Tmwas set to
the temperature where the normalized signal for a given variant was
closest to 0.5, ΔH to −40, fmax to 1, and fmin to 0. The python package
lmfit (v1.0.3)40 was used for least-squares fitting.

f T½ �= fmin +
fmax � fmin

1 + exp ΔH
kB

� 1
Tm

� 1
T

� �� � ð2Þ

Estimating the distributions of fmax and fmin. To evaluate if a single
cluster fit was successful, we applied the following filtering criteria: R2

of the fit must be at least 0.5, the fitted fmin must be between −1 and 2,
the estimated standard error of the best-fitted parameter value σfmin

must be less than fmin + 1, the fitted fmax must be between0 and 3, σfmax

must be less than fmax, σTm must be less than 10 K, and σΔH must be
less than 100 kcal/mol.

Single clusters were then aggregated at the variant level. For each
variant, a “success p-value” was calculated assuming a null hypothesis
of a 25% rate of success for single cluster fits, as in previous work38.
Then, we calculated the medians of the fitted parameters for each
variant. A variants was used to estimate the distribution of fmax if: 1) its
corresponding single melt curves fitted well, defined as having a
“success p-value” less than 0.01; 2) it was unfolded at high tempera-
tures, defined as having a fitted fmax value of at least 0.5, and at least
97.5% of the molecules are unfolded at 60 °C (p60 �C

unf olded ≥0:975, this

ensures that fmax is reached for this variant). Similarly, for estimating

the distribution of fmin, we filtered for variants with a “success p-value”
less than 0.01, fmin less than 0.05, and p20�C

unf olded at most 0.025.
We then used the selected variants to fit probability distributions

for fmax and fmin. For example, fmax was modeled as a normal dis-
tribution Nðμfmax,σfmax,nÞ, where σf max ,n is a function of the number
of clusters per variant, n. This relationship was modeled and fitted as
σfmax,n = affiffi

n
p +b (Supplementary Fig. 1c). Similarly, fmin was modeled

as Nðμfmin,σfmin,nÞ.

Fit refinement. A second round of fitting, also using, was performed at
the variant level to refine the fit results using parameters estimated
from the previous steps. For each variant, fmax and fmin were either
directly fitted from data or drawn from the normal distributions fitted
in the previous step. This allows fmax and fmin some flexibility while
improving fitting quality for variants where it is challenging to directly
infer these values from melt curves. We independently determined
whether to enforce fmax or fmin distributions to correct for variants
that did not fully unfold or fold during the experiment. Specifically, we
calculated the lower bound for fmax asμfmax

� 10 � σfmax
, whereμfmax

and
σfmax

are themeanand standarddeviation calculated from theprevious
step, and the upper bound for fmin as μfmin

+ σfmin
. We set a larger

margin for fmax to enforce it less strictly since fmax is more variable
than fmin. If the median signal at the highest temperature was below
the lower bound for fmax, we enforced fmax; likewise, if the median
signal at the lowest temperature was above the upper bound for fmin,
we enforced fmin. Otherwise, fmax and fmin were directly fitted. For
example, in the first of the four replicates, 21,147 out of the 36,291
remaining variants at the fit refinement step (58.3%) had fmax enforced,
and 26,799 out of 36,291 variants (73.8%) had fmin enforced.

Next, we fitted each variant by bootstrapping the clusters within
that variant. At each resampling step, if enforcement was required, we
drew an fmax or fmin value from the global normal distribution;
otherwise, we allowed fmax or fmin to vary freely. We then fitted to the
median signal of the drawn clusters, using the single cluster fit results
as the initial parameters. Subsequently, we calculated ΔG37 and ΔS for
each resampling step:

ΔG T½ �=ΔH � T � ΔS=ΔH � 1� T
Tm

� �
ð3Þ

ΔS=
ΔH
Tm

ð4Þ

where T is the temperature in Kelvin. We repeated this resampling
process 100 times and obtained a 95% confidence interval and stan-
dard deviation for each parameter: ΔH, Tm, ΔG37 and ΔS.

ΔG line fitting and two-state heuristics. In our analysis, we assume
two-state melting behaviors, meaning that the hairpins are either in
folded or unfolded states. To ensure that the variants used for analysis
exhibited suchbehavior, we used analternative line fitting approach to
derive heuristics for two-state behavior. First, the signal f T½ �, pre-
viously normalized to the initial fluorescence after hybridization, was
re-normalized using the fitted fmax and fmin values. This re-normalized
signal, f norm T½ �= f T½ � � fmin

� �
= fmax � fmin

� �
, was clipped between 0

and 1 with ϵ=0:01 to prevent issues in subsequent calculations. Then,
we transformed f norm T½ � to ΔG T½ � using:

ΔG T½ �= � kBTln
1

f norm T½ � � 1
� �

ð5Þ

Error propagation was managed using the uncertainties Python
library41 to calculate uncertainties in ΔG T½ �. Finally, we fitted a linear

Article https://doi.org/10.1038/s41467-025-60455-4

Nature Communications |         (2025) 16:5572 14

https://github.com/keyuxi/array_analysis
https://github.com/keyuxi/array_analysis
www.nature.com/naturecommunications


model to the transformed data with free parameters ΔH and Tm:

ΔG T½ �=ΔH � 1� T
Tm

� �
ð6Þ

If a variant exhibited two-state behavior during the experiment,
ΔG T½ � should fit well to this linear model, and the fitted parameters
should be consistent with those obtained from the direct melt curve
fitting approach (details described in the next section); otherwise,
deviations would arise. We first used RANSAC42 to identify outliers,
then fitted ordinary least squares linear regression to the inliers to
determine the final parameters. These fitted parameters were com-
pared to those derived from direct melt curve fitting. Only variants
showing agreement between the two methods were considered
“two-state”.

This two-step heuristic was inspired by UV melting two-state
heuristics in the literature. Traditionally, agreement between para-
meters from direct melt curve fitting and from van’t Hoff equation
analysis (a line fitting approach, not applicable to Array Melt
data because it requires multiple strand concentrations) was required
to apply the two-state assumption. As SantaLucia stated: “For a
given oligonucleotide, agreement of parameters derived by the two
methods is a necessary, but not sufficient, criterion to establish the
validity of the two-state approximation9.” Thus, a variant meeting
our ΔG line fitting two-state heuristics was necessary but not sufficient
to confirm its validity of the two-state approximation, and was con-
sistent with historical two-state criterion in the literature.

Filtering and combining data replicates. Each variant, measured and
fitted to curves in an individual replicate experiment, was first filtered
using the following criteria: measured in at least 5 clusters, a boot-
strapped error in ΔG37 of less than 2 kcal/mol, an error in Tm of less
than 25 °C, an error in ΔH of less than 25 kcal/mol, and a curve fitting
RMSE of less than 0.5. This step keeps 86.43%, 78.88%, 64.31%, and
71.46% variants in the four replicate experiments, respectively. For
each replicate, variants were compared to theΔG line fitting results for
two-state behavior assessment. To be considered as passing the two-
state criteria, a variant has to have its fitted ΔH values from both curve
and line fitting methods agree within 50%, Tm within 10 °C, reduced χ2

of the line fit below 2, and the number of inlier data points in line fitting
greater than 8.

Replicateswere then combined across four replicate experiments,
including threemelting and one colling curvemeasurements from two
different flow cells (Supplementary Table 3). For each parameter (ΔH,

Tm, ΔG37, or ΔS), the combined error was σ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðPiσ

�2
i Þ�1

q
and the

combined parameter was X = σ2 �PiX i=σ
2
i , where Xi and σi were

respectively the measurements and bootstrapped standard errors in
each replicate. Missing values were ignored in the summation. This
step yields 31,000 variants.

We then applied a filter for two-state behavior that kept 30,091
variants from the previous step, where a variant had to pass the two-
state criteria in at least one replicate. Extra control variants were
removed to leave 29,864 variants. Lastly, we applied another filter to
the combined variants, keeping 27,732 of variants with Tm between 0
and 60 °C. This removed variants not showing enough melting
behavior.

UV melting
Designing sequences for UVmelting and HPLC quality control. We
designed two groups of hairpins for UV melting measurements. The
first group consisted of hairpin sequences sampled from the variable
regions the Array Melt library for validations in Fig. 2. The second
group comprised of 16-mers not in the Array Melt library, designed

to fold into hairpins with the target secondary structure ((((((….)))))).
These sequences were used in Supplementary Fig. 4d. For this second
group, we used NUPACK4 to filter out sequences with misfolded sec-
ondary structures. DNA oligo samples were synthesized by Integrated
DNA Technologies (IDT) and analyzed using Ion Exchange High Pres-
sure Liquid Chromatography (IE-HPLC) remotely on Emerald Cloud
Lab (ECL) with DNAPac PA200, 9 × 250mm Semi-Prep column
(ThermoFisher Scientific 063421). Fractions were detected by aUV-Vis
detector at 260 nm. Only oligos that showed a single peak were
selected for further data analysis.

Running cloud labUVmelting experiments. UVmelting experiments
were run remotely on ECL. Links to the data objects are available in
Supplementary Table 2. DNA oligos ordered from IDTwere shipped to
ECL and resuspended in high-concentration stock solutions. Before
each experiment, theDNA stock solutions were snap frozen by heating
to 90 °C for 5min, then cooling to 4 °C for 30min, before diluted to
working concentrations. Initially, the same oligo sequence was tested
with a wide range of DNA strand concentrations from 1 to 12μM to
confirm intramolecular hairpin formation rather than intermolecular
hybrids (Supplementary Fig. 2a). For method validation in Fig. 2 and
model comparison in Supplementary Fig. 4d, hairpin data were all
collected at DNA strand concentrations of 6μM or 9μM. These con-
centrations ensured a high signal-to-noise ratio while maintaining
intramolecular folding behavior.

The buffer used for Fig. 2 and Supplementary Fig. 4dwas the same
as in the Array Melt (50mM Na-HEPES pH 8.0, 25mM NaCl). Some
samples were also measured at higher salt concentrations (50mMNa-
HEPES pH 8.0, 50mM NaCl; 50mM Na-HEPES pH 8.0, 1M NaCl).
Measurements were performed on a Cary 3500 UV/Vis spectro-
photometer using micro scale black walled UV quartz cuvettes with a
10mm pathlength. Each sample underwent 2 to 3 melt-cooling cycles,
with a temperature ramp rate of 0.8 °C and 15min equilibrium time
between eachmelt and cool sweep. Temperaturesweremeasuredwith
an immersion probe. Data points were acquired every 1 °C at 260nm
from 5 °C to either 85 or 95 °C.

Analyzing UVmelting curves. The UVmelting curves were fitted to a
modified version of Eq. (2) with an extra term to account for baseline
slope:

f T½ �= fmin +a � T +
fmax � fmin

1 + exp ΔH
kB

� 1
Tm

� 1
T

� �� ð7Þ

where f[T] is the absorbance, a is a free parameter for the slope, and
the rest the same as in. We introduced this slope parameter because
the raw, unnormalized UV melting data were directly fitted to, unlike
the Array Melt data, which were pre-normalized for baseline drifts
prior to fitted to.

For each individual melting or cooling curve, the initial value of

Tm was determined as the temperature where the derivative df T½ �
dT is

maximized, denoted as Tdif f
m =argmaxT

df T½ �
dT . In the first round of fit-

ting, we fixed the value of Tm to Tdif f
m while allowing parameters a,

fmax, fmin, andΔH to float. In the second round, we used the best-fitted
values from the previous round as the initial values and allowed Tm to
float. This two-step fitting process was employed to prevent the opti-
mization from getting stuck in unlikely local minima.

We selected individual curves based on the following criteria:
fitting RMSE less than 0.002, uncertainties of fitted parameters
σΔH < 10 kcal=mol, σTm

< 5�C, �100<ΔH ≤0 kcal=mol, and

0<Tm < 100 �C. After this step, 297 out of 387 individual curves
remained. Next, for each sample, we aggregated the fitted ΔH and Tm
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values from individual melting and cooling curve, using X = σ2 �
P

iX i=σ
2
i and σ =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
iσ

�2
i

� ��1
q

, where X is the aggregated ΔH and Tm

values and Xi are the fitted values from an individual curve. We then
calculated ΔG37 and ΔS from the aggregated ΔH and Tm using Eqs. (3)

and (4), and used the uncertainty propagation equations σΔS = � ΔS �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σΔH
ΔH

� �2
+

σTm
Tm

� �2
r

and σΔGT
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2
ΔH + T � σΔS

� �2q
to calculate the mea-

surement uncertainties. We then filtered out samples with aggregated
σΔH > 15 kcal=mol or σTm

> 10�C. After this step, 116 out of 120 samples

remained. These 116 samples correspond to 85 different sequence
variants, with 87 measured in 25mM NaCl buffer (the buffer used for
Array Melt), 7 in 50mM NaCl, and 22 in 1M NaCl.

Variance analysis
Mismatch ΔΔG37 calculation. For each mismatch, we identified
its parent sequence variant, which is a hairpin with a Watson-Crick
paired stem that can be converted into the mismatch variant
by mutating a single nucleotide. The mismatches were categorized
by the identities of those nucleotide substitutions. We then calculated
the ΔΔG37 of each mismatch by subtracting the ΔG37 of the
parent variant from that of the mismatch variant. C >G single mis-
matches were excluded from the variance calculations due to
an insufficient number of data points (only 2 variants from the
External class).

Expected biological variance and model-explained or -introduced
variance. For a dataset of n sequence variants with n corresponding
ΔΔG values y1, . . . , yn, measurement uncertainty values σ1, . . . , σn, and
the dna04 model prediction values ŷ1, . . . , ŷn, we have:

• Total variance σ2
tot =

Pn
i= 1ðyi � �yÞ2=n

• Technical variance σ2
tech =

Pn
i = 1σi

2=n
• Expected biological variance σ2

bio = σ
2
tot � σ2

tech
• Model variance (variance of prediction values)
σ2

model =
Pn

i= 1ðŷi � �̂yÞ2=n
• Residual variance σ2

res =
Pn

i = 1ðyi � ŷiÞ2=n.

From these, we calculated the variance explained
σ2

explained = σ
2
tot � σ2

res. If σ2
res > σ

2
tot , the model introduced addi-

tional variance, calculated as σ2
added = � σ2

explained =σ
2
res � σ2

tot.

Nucleotide importance score. We calculated nucleotide importance
score (NIS) using ΔΔG37 for mismatches, and ΔG37 for triloop, tetra-
loop, and bulges. For a dataset of n sequence variants with n corre-
sponding energy values y1, . . . , yn (either ΔG37 or ΔΔG37), we grouped
the n data points into four groups based on the identity of
the nucleotide of interest. For each of the four groups, we calculated
the mean values, �yA, �yT , �yC , and �yG. The grand mean, �ytot , is the mean
of all y1, . . . , yn. The NIS is simply the between group sum of squares
(SSB):

NIS=
X

i = fA, T, C,Gg
yi � ytot
� �2

ð8Þ

Pairwise interaction score. For a pair of nucleotides of interest,M and
N, we compared two linear models that predicted the energy value Y ,
model A with an independence assumption and model B without.
Model A was in the form of M +N � Y , and model B MN � Y . The
pairwise interaction score (PIS) was calculated as the difference of R2

between the two linear models:

PIS=R2
MN�Y � R2

M +N�Y ð9Þ

Salt correction. All salt corrections used the equation from ref.43:

1
Tm 2ð Þ =

1
Tm 1ð Þ + 4:29 � f GCðð Þ � 3:95

� �
× 10�5 � ln Na+

	 

2

Na+½ �1
+ 9:4× 10�6 ln2 Na+	 


2 � ln2 Na+	 

1

� � ð10Þ

where Tm 1ð Þ and Tm 2ð Þ are the melting temperatures before and after
salt correction in Kelvin, Na+

	 

1 and Na+

	 

2 the corresponding

sodium concentrations, and f GCð Þ the fraction of GC in the sequence.
This salt correction approach was applied to all places where NUPACK
predictions were used at a salt concentration lower than 1M, or when
correcting Array Melt data to 1M for parameter estimation. This
includes the NUPACK-compatible NN model and all comparisons to
NUPACK (Figs. 4d–g, 5j, k). The Na+ concentration of the Array Melt
buffer (25mM NaCl, 50mM HEPES pH8.0) should be approximately
75mM. We initially set sodium concentration to 88mM when
converting Array Melt data to 1M sodium, but the difference is
minimal (about 0.3 °C in Tm at 1M sodium, not considering the errors
from the salt correction equation itself) compared to 1.28 °C, themean
of Array Melt bootstrapped measurement uncertainties (Table 1). We
used this salt correction equation instead of the built-in one of
NUPACK because the latter doesn’t interpolate well to low sodium
concentrations (equation S6 in ref. 18):ΔGsalt = � 0:114 log Na+

	 
� �
T
T37

.

Calculating melting temperature with NUPACK. For DNA duplexes,
melting temperatures were calculated from the fraction of molecules
unpaired.We first calculated structure free energies of the paired state
at temperature T, ΔGpaired,T , then got the equilibrium constant

K =
dsDNA½ �
½ssDNA�2

= exp �βΔGpaired,T

� �
ð11Þ

where β= 1=RT is the thermodynamic beta, dsDNA
	 


is the con-
centration of double-strandDNA, and [ssDNA] that of the single-strand
DNA. At the melting temperature, dsDNA½ �= ssDNA½ �= DNA½ �=2 for
distinguishable strands and dsDNA½ �= DNA½ �=4 for indistinguishable
strands, where DNA½ � is the total concentration of DNA strand species.
This gives K = 2

DNA½ � or K = 1
DNA½ � for distinguishable and indistinguish-

able strands respectively. Solving this equation with bisection gave us
the melting temperature.

For DNA hairpins, melting temperature is independent of DNA
strand concentration. The Boltzmann factor becomes:

e�βE = exp �βΔGfolded

� �
ð12Þ

Tm was the temperature when dGfolded =0. Therefore, we calcu-
lated structure free energies ΔG1 and ΔG2 at a lower temperature T 1

and a higher one T2, then calculated
ΔS= � ΔG2 � ΔG1

� �
= T2 � T 1

� �
,ΔH =ΔG1 +T 1 � ΔS, and Tm =ΔH=ΔS.

Tm =ΔH=
ΔH � ΔG37

T37
� R � lnK

� �
ð13Þ

Data splitting for machine learning models. After filtering with the
two-state criteria as described in “ΔG line fitting and two-state heur-
istics”, we split the clean Array Melt data of 27,732 variants into train,
validation, and test sets, stratified by variant type.We first split 5% of the
data as the test set (1438 variants), then split 5% of the remaining data as
the validation set (1315 variants), and 95% of the rest as the training set
(24,979 variants). We split the external 384-duplex dataset and Oliveira
et al. dataset to a 1:1 split of validation and test data (192 each). Cloud lab
UV melting data used for correction between Array Melt and bulk
solution were not used for model testing to prevent circularity.
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Linear models
Weighted linear regression model. We used a singular value
decomposition (SVD) solver to solve the linear regression solutions,
taking measurement error of each sequence into account. For a
training dataset of n sequence variants with n corresponding ΔH or
ΔG37 values y1, . . . , yn, and measurement uncertainty values
~σ = ½σ1, . . . ,σn�, we had a n by nf eature feature count matrix X derived

from the sequences. We then did SVD on matrix A=X=~σ and got
U, S,V . Any diagonal value in S thatwas smaller than a relative numeric

threshold 10�15 was set to zero. Then, the estimated parameter values

for the features were VT � Sinv � UT �~b, and the estimated errors for the

features were
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

VT � S2 inv
q

, where ~b =~y=~σ, Sinv was S but taking 1
s for

all diagonal elements, and S2 inv was S but taking 1
s2 for all elements.

The dna24 model. We trained the improved NUPACK-compatible
linear regression model on the Array Melt training dataset, containing
24,971 of the 27,732 variants that passed quality control and two-state
criteria, and tuned the model on a validation set of 1315 variants. We
first adjusted salt concentration to 1M Na+ using Eq. (10) to be con-
sistent with NUPACK and other software and then corrected sys-
tematic errors by linearly shifting Tm and ΔG, such that themedians of
each construct type matched those of NUPACK predictions. The
underlying assumption was that NUPACK predictions have minimal
bias but could be improved by explaining more variance. Improved
parameters for NUPACKwerefittedwithweighted linear regression, as
described above. We allowed an extra intercept parameter to adjust
mean absolute error. From sequence-structure pairs in the training set,
we extracted features of stacks and loops. Stacks include nearest-
neighbor Watson-Crick pairs and terminal stack penalty, as in
NUPACK; loops include the following:

1) Hairpin loops, defined as a subsequence ϕi:j where i � j is the
closing base pair. We extracted “hairpin_mismatch” features as in

NUPACK, ΔGhairpinmm
ϕj�1 ,ϕj ,ϕi ,ϕi+ 1

, and introduced an intermediate “hair-

pin_loop_mid” feature, ΔGhairpinmid
ϕ i+ 2:j�2½ �

to account for sequence var-

iations in the middle of hairpin loops for triloops and tetraloops.

Thefinal energyofhairpin isΔGhairpin
ϕ i:j½ �

=ΔGhairpinsize
n +ΔGhairpinseq

ϕ i:j½ �
as

in ref. 18, where

ΔGhairpinseq
ϕ i:j½ �

=ΔGhairpinmm
ϕj�1 ,ϕj ,ϕi ,ϕi+ 1

+ΔGhairpinmid
ϕ i+ 2:j�2½ �

+ΔGterminalbp
ϕj ,ϕi

if triloop
� �

ð14Þ

2) Interior loops, defined from5’ to 3’ as two subsequencesϕ i:d½ � and
ϕ e:j½ �. Any other interior loop types were defined as in ref. 18, apart

from the ΔGinteriormm
ϕj�1 ,ϕj ,ϕi ,ϕi + 1

, which were fitted separately instead of

shared with terminal mismatches as in NUPACK. For single mis-
matches, we also introduced an intermediate parameter for the
interaction between the two base pairs surrounding 1 × 1 mis-

matches ΔGinteriormmstacks
ϕi ,ϕj ,ϕi+ 2,ϕj�2

. For longer mismatches, we did not

include this interiormmstacks parameter.

This resulted in 178 features for ΔH and ΔG respectively. Para-
meters for hairpin and interior loop sizes were taken from NUPACK

and clamped during fitting. Lookup tables of ΔGhairpinseq
ϕ i:j½ �

and

ΔGinteriorseq
ϕ i:d½ � ,ϕ e:j½ �

for “interior_1_1”, “interior_1_2”, and “interior_2_2” were

calculated from the fitted parameters. All updated parameters were
then written to a NUPACK-compatible json file dna24.json.

Afterwards, we obtained parameters for ΔGhairpinseq
ϕ i:j½ �

for tetraloops
and triloops directly from the ‘2nd flanking’ construct types of either
tetraloop or triloop parts of the library (Fig. 1c). These variants covered
all possible sequences for hairpin loops of length 3 or 4, as well as the
nearest-neighbor and next-nearest-neighbor closing pair sequences.
We first regressed out the next-nearest-neighbor closing pair of the
loops from measured ΔH and ΔG values, then aggregated the mean
values for variants with identical hairpin loop and nearest-neighbor
closing pair sequences. These aggregated values have the correctΔΔH
and ΔΔG relationships between each other but need a constant to be
added to get the ΔH and ΔG values needed for the dna24 model. To
solve this problem, we fitted two correction values ΔΔH and ΔΔG in
kcal/mol. We searched for values that minimize the equation

f ΔΔH,ΔΔGð Þ= wTm � RMSE Tm

� �
+wΔH � RMSE ΔHð Þ+wΔG � RMSE ΔGð Þ

+α � wΔH � ΔΔH2 +wΔG � ΔΔG2
� �

ð15Þ

where wTm =4,wΔH =0:3,wΔG =3:4 and α =0:0001 are weights deter-
mined by validation on 100 sampled variants in the training set. Cal-
culating this equation is computationally expensive, as it involves
directly calling NUPACK in each iteration. We minimized it on 25 ran-
domly sampled variants from the training set, repeating the process 4
times on different subsets using the BFGS algorithm implemented in
the scipy.optimize.minimize function, with parameters tol=1e-1
and maxiter=20. The resulting ΔΔH and ΔΔG values were mostly
consistent between the runs (Supplementary Fig. 4g). We took the
median values from the 4 runs (ΔΔH = � 28 kcal=mol,
ΔΔG= � 4 kcal=mol) and added them to the aggregatedΔΔH andΔΔG
values of hairpin loops.

Augmenting the compact 178-parameter model with these cura-
ted hairpin loop parameters improved that model performance on the
validation set of 1315 variants. This improvement might be due to the
predominant overrepresentation of ‘GAAA’ hairpin loops in ArrayMelt
data, which resulted in a highly skewed data distribution and reduced
the accuracy of directly regressed hairpin loop parameters.

The rich parameter model. We trained the rich parameter model on
the same Array Melt training dataset as for the dna24 model. For fea-
ture extraction, we used nearest-neighbor Watson-Crick pairs and
terminal stack penalty as in NUPACK, and the following parameters
for loops:
1) Hairpin loops. For triloops and tetraloops, ΔGhairpinseq

ϕ i:j½ �
=

ΔGhairpinmm
ϕj�1 ,ϕj ,ϕi ,ϕi+ 1

+ΔGhairpinloop
ϕ i+ 1:j�1½ �

, where ΔGhairpinloop
ϕ i+ 1:j�1½ �

was the full

sequence of the hairpin loop, in contrast to only the middle
of loops in the dna24 model. Hairpin loops longer than tetraloop
are rare in our dataset, so we fitted a single loop sequence

parameter ΔGhairpinloop
long . The final energy of hairpin was also

ΔGhairpin
ϕ i:j½ �

=ΔGhairpinsize
n +ΔGhairpinseq

ϕ i:j½ �
.

2) Interior loops. For single and double bulges or singlemismatches,

a sequence-dependent parameter, ΔGinteriorseq
ϕ i:d½ � ,ϕ e:j½ �

, was fitted for each

sequence.

This rich parameter model was implemented in custom Python
code without interactions with the NUPACK software.

Deep learning models
The closest sequence lookup baseline model. We defined the dis-
tance between any two sequence-structure pairs as the sum of the edit
distance between the sequences and the dot-bracket secondary
structure representations. For everyquery sequence-structure pair, we
found the k closest sequence-structure pairs in the training set, whose

Article https://doi.org/10.1038/s41467-025-60455-4

Nature Communications |         (2025) 16:5572 17

www.nature.com/naturecommunications


distance-weighted sumbecame thepredicted value for thequery using
Python package scipy44. We found the best value for k using the held-
out Array Melt validation data.

Graph neural network model. We implemented the graph neural
network using Python packages PyTorch and PyTorch Geometric45.
The final model had 4 graph transformer layers with a 125-vec node
attribute at each layer, stacked with dropout of 0.01 at each layer, a
Set2Set module with 10 processing steps, and one fully connected
hidden layer with 128 channels and a dropout ratio of 0.49. We nor-
malized ΔH and Tm of the training data to fall within 0 and 1 and used
the sum of the root mean square error (RMSE) of both ΔH and Tm as
the loss function. We trained with Adam optimizer (learning rate =
0.002379; betas = 0.9, 0.999; weight decay = 0) for 200 epochs. The
model had 287,136 parameters. The validation model registry was
monitored and stored on weight and biases (wandb.ai).

Using the NUPACK-compatible model. The parameter file for the
NUPACK-compatibledna24model is available in SupplementaryData19

as dna24.json. To use this file, download and point to it when using
the python package NUPACK (v4.0.0.27)46:

my_model = nupack.Model(material = ’/path/to/parameter/file/
dna24.json’, …)

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

Data availability
The Array Melt dataset generated in this study, including processed
fluorescence data, thermodynamic parameters, imaging scripts, and
trained model files, has been deposited in Zenodo under accession
code https://doi.org/10.5281/zenodo.1529957819. Source data sup-
porting the figures and tables in the main text and Supplementary
Information are provided with this paper in the Source Data file. No
restrictions apply to data access.

Code availability
The code used to develop the model, perform the analyses, and gen-
erate results in this study is publicly available and has been deposited
in the repositorynnn_paper at https://github.com/GreenleafLab/nnn_
paper/ under MIT license. The specific version of the code associated
with this publication is archived in Zenodo and is accessible via:
https://doi.org/10.5281/zenodo.1529968047. Additional code, not nee-
ded for figure reproduction, specifically for earlier Array Melt data
preprocessing, is available at https://github.com/GreenleafLab/array_
analysis.
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