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Abstract

Determining RNA three-dimensional structures is critical for understanding complex biological func-
tions and developing targeted therapeutics. However, obtaining high-resolution data using traditional
approaches is notoriously difficult, leading to data scarcity that severely hinders RNA research. While
cryogenic electron microscopy (cryo-EM) has revolutionized structure determination by improving res-
olution, converting cryo-EM maps into accurate RNA all-atom models remains a major computational
bottleneck requiring manual tracing. We present RN ATrace, a fully automated hybrid pipeline
that reconstructs RN A all-atom models from cryo-EM maps in three stages: (i) voxel-wise
segmentation, (ii) backbone construction, and (iii) all-atom reconstruction/refinement. For
segmentation, we design a Swin U-Net Transformer to perform a two-step approach that first separates
RNA density from background and then classifies voxels into phosphate, ribose sugar, purine, and
pyrimidine groups. For backbone construction, predicted phosphorus atoms are ordered into a single
continuous Hamiltonian path, whose direction and sequence registration are then determined using se-
quence, secondary structure, purine/ pyrimidine, and fragment anchor constraints. For reconstruction
and refinement, Nucleotide templates then expand the registered trace into an all-atom model, followed
by restrained geometric refinement. On a 20-map test set comprising RNAs 119423 nt in length and
cryo-EM maps at 3.0-6.0 A resolution, RNATrace achieved a mean phosphorus-position RMSD of 2.91
A (p < 0.05), a mean TM-score of 0.707 (p < 0.0001), and a mean GDT-TS of 63.5% (p < 0.0001),
statistically significant improvements over current state-of-the-art models. This hybrid pipeline en-
ables accurate end-to-end reconstruction of continuous RN A structures, helping accelerate

RNA structure determination and structure-based drug discovery.

Keywords: RNA 3D structure reconstruction; Cryo-EM density maps; Deep learning; Swin U-Net Transformer;
Hamiltonian path
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1 Introduction

The 3D structure of RNA is closely linked to its biological function. Structured RNAs mediate catalysis, translation,
splicing, ligand sensing and gene regulation [2-4]. Structural information helps identify sites that can be targeted by
small molecule therapeutics [5, 6]. RNA molecules can also adopt multiple conformations, allowing their interactions
and activity to change with their environment [3, 7]. This flexibility makes structure determination difficult. X-ray
crystallography requires suitable crystals, while nuclear magnetic resonance (NMR) spectroscopy faces increasing
challenges as RNA size and spectral complexity grow [8, 9]. Experimentally determined RNA structures remain
much less abundant than protein structures, with RNA representing less than 1% of structures in the PDB database,
limiting both our understanding of RNA function and the structural data available to train prediction models [10, 11].

Traditional computational RNA modeling offers a route using physics-based approaches to determine RNA 3D
structure. Template-based methods, such as ModeRNA and RNABuilder, use known structures of related RNAs to
guide model construction [12, 13]. When suitable templates are unavailable, de novo methods search for plausible
folds using structural fragments and energy functions. Examples include the Monte Carlo method SimRNA and
Rosetta fragment assembly with all-atom refinement in FARFAR and FARFAR2 [14-16]. As RNA length increases,
this search must account for more possible arrangements of helices, loops, and long range interactions. Correctly
predicting individual stems therefore does not necessarily recover their arrangement in the complete molecule. Blind
RNA-Puzzles and CASP assessments show that global folding remains difficult with these models, particularly for
large or unfamiliar RNA structures [17-19).

The success of AlphaFold2 in protein structure prediction encouraged the development of deep learning methods for
RNA [1]. DeepFoldRNA, DRfold, and trRosettaRNA use learned geometric information to guide 3D prediction, while
RhoFold+ incorporates a pretrained RNA language model [20-23]. RoseTTAFold All-Atom and AlphaFold 3 extend
learned prediction to assemblies containing proteins, nucleic acids, and other molecules [24, 25]. These methods
have improved RNA modeling, but their accuracy decreases significantly with RNA length and the information
available from related sequences. Benchmarks report particular difficulties for long RNAs and for targets with
shallow multiple sequence alignments, which contain few related sequences from which to infer structural constraints
[26, 27]. Experimental data can help narrow the possible folds by constraining where parts of the RNA lie in space.
Leveraging these measurements is a useful approach when prediction alone cannot reliably determine the global
structure [28].

Cryogenic electron microscopy (cryo-EM) provides such spatial information without requiring crystallization [29]. In
single-particle cryo-EM, many copies of a molecule are imaged in a thin layer of noncrystalline ice. The resulting noisy
2D images show particles in different orientations. Computational alignment and reconstruction combine these views
into a 3D map [30]. This forms the density map, reflecting how electrons interact with the target [31]. Recent RNA
applications include a 40-kDa SAM-IV riboswitch at 3.7 A, a full-length Tetrahymena group-I intron ribozyme at
3.1 A, and engineered RNA assemblies resolved at better than 3 A resolution [10, 32, 33]. These examples demonstrate
that cryo-EM can reveal RNA folds across different sizes and architectures. Though, a reconstructed map does not
directly specify the coordinates or identities of individual atoms. Building an RNA model requires locating the
backbone, following its direction, matching positions to the nucleotide sequence, and placing the remaining atoms.
This process has relied heavily on manual tracing, with researchers interpreting recognizable density features to
build connected RNA segments [34]. When related structures are available, rigid or flexible fitting can provide an
initial model, but the result still requires manual assessment of map agreement and molecular geometry [35, 36]. At
moderate or uneven local resolution, nearby features can merge and flexible regions may be poorly resolved, making
the backbone path and sequence assignment uncertain [34, 37].

Current automation has attempted to reduce this manual workload. DRRAFTER combines RNA fragment assembly
with experimental density, and auto-DRRAFTER extends this approach to automated modeling of RN A-only systems
[28, 34]. More recent models, including CryoREAD, EM2NA | and ModelAngelo, use a primarily deep learning-based
approach to identify nucleic acid features and automate major stages of atomic model building [37-39]. However,
accurate local fragments do not always form a complete and correctly ordered RNA chain. Folded RNA can bring
distant sequence regions close together, so their distance alone is insufficient to identify consecutive nucleotides.
A continuous trace can also assign nucleotides to the wrong positions if its direction or local ordering is incorrect
[37]. Thus, sequence registration, the assignment of sequence positions to traced sites, must be considered alongside



connectivity. In our single chain benchmark, these methods frequently produced disconnected RNA segments, being
unable to capture the overall global structure and topology of the RNA. This weakness motivates a continuous
chain building method and the incorporation of classical methods to complement the deep learning approaches. The
remaining challenge is to use local density features together with sequence and secondary structure information to
recover a consistent model of the full chain.

In this work, we present RNATrace, a fully automated hybrid framework that reconstructs all-atom RNA models from
a cryo-EM map and nucleotide sequence. The framework combines learned density interpretation with explicit con-
straints on backbone connectivity and sequence assignment. Multiscale segmentation using Swin UNETR [40] iden-
tifies RNA chemical groups, which are used for phosphorus tracing and nucleotide placement. RNATrace then orders
predicted phosphorus sites into one backbone path and uses predicted secondary structure, local purine/pyrimidine
evidence, and fragment sequence anchors to determine its direction and improve sequence registration. Finally,
nucleotide templates expand the trace into an all-atom model, followed by restrained geometric refinement. We
evaluate RNATrace on 20 experimental maps spanning 119-423 nucleotides and 3.0-6.0 A resolution, comparing
local accuracy and global fold recovery with existing methods, and find that RNATrace achieves significantly higher
TM-scores and GDT-TS values (p < 0.0001) than all three comparators. Ablation experiments were performed to
assess the contributions of segmentation, sequence registration, reconstruction, and refinement.

1.1 Innovation Points
The main design innovations of RNATrace are:

1. Multiscale group segmentation. A two-stage voxel-wise segmentation strategy first separates RNA-
associated density from background and then classifies voxels into phosphate, sugar, purine (A/G), and pyrim-
idine (C/U) groups. Using predictions from two patch sizes combines both local interactions and broader
spatial context. These group predictions guide backbone tracing and the placement of sugars and bases.

2. Globally constrained backbone and sequence registration. Predicted phosphorus sites are ordered
into a single open Hamiltonian path, which connects each phosphorus atom exactly once, addressing chain
fragmentation. Predicted base pairing and purine/pyrimidine evidence help determine the backbone’s direction
and correct the order of traced sites, improving how each site is matched to a nucleotide in the input sequence.

3. Hybrid all-atom reconstruction and refinement. Nucleotide templates expand the registered trace into
an all-atom model using predicted sugar and base locations. Refinement combines phosphorus, hydrogen bond,
and density restraints, allowing local adjustment while preserving the traced backbone.
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Figure 1: Overview of the RNATrace workflow. a The normalized and resampled cryo-EM map is divided
into 643 and 1283 voxel patches. Voxel-wise segmentation separates RNA from background and classifies
RNA density as phosphate, sugar, purine, or pyrimidine. b Phosphorus sites are extracted from predicted
phosphate clusters and ordered as an open path by solving a Traveling Salesman Problem with the Lin—
Kernighan-Helsgaun heuristic [41]. ¢ Predicted secondary structure from RNAformer [42] determines path
direction and, together with purine/pyrimidine evidence and sequence anchors, guides flip-registration.
Purine and pyrimidine predictions are shown in light and dark blue, respectively. Nucleotide templates,
where sugar predictions are in yellow, convert the coarse 3D model, with nucleotides shown in distinct
colors, to an all-atom model, followed by restrained geometric refinement.



2.1 Voxel-wise Segmentation

At each patch size, two independently trained Swin UNETR networks [40] receive the map as input (Figure la).
The binary network has one logit output per voxel, classifying RNA foreground (RNA-associated density) versus
background. The group network has four softmax outputs for phosphate, sugar, purine (A and G bases) and
pyrimidine (C and U bases), and its cross-entropy loss is evaluated only at foreground voxels.

Binary networks were trained for 50 epochs with binary cross-entropy. All foreground voxels were retained, while
the sampled background-to-foreground ratio increased linearly across training epochs, from 4:1 to sampling the
entire patch (~20:1). This negative sampling strategy was adapted from an approach that linearly grows the patch
dimensions over training [43]. Here, it’s utilized for the voxel sampling ratio, to address the class imbalance by
first emphasizing positive samples and avoiding background-dominated predictions, then progressively incorporating
more background as the training continued. Typed networks were trained for 100 epochs with the loss evaluated only
on foreground voxels. Batch sizes were 16 for 643 voxel patches and 2 for 1283 voxel patches. Both networks used
AdamW with an initial learning rate of 10~* and weight decay of 1072, The checkpoint with the highest validation
macro-F1 was retained.

Inference used the same overlapping windows as training. Within one scale, overlapping binary predictions were
combined by retaining the probability farthest from 0.5. For typed segmentation, ensemble inference was performed
on ground truth foreground voxels. The complete softmax vector was retained from the patch with the largest class
probability at that voxel. The combined 64 and 1283 probability volumes were then averaged independently for the
binary and typed tasks with equal scale weights of 0.5 and 0.5:

p®(v) = 0.5py] (v) + 0.5 g (v) (1)

for t € {bin, typ}. A voxel was assigned to background when p(*™ (v) < 0.5. Otherwise, it received the group with
the largest component of p(*¥P) (v).

During testing, four-class typed segmentation was only performed on voxels which were predicted as foreground in
the binary classification. The predicted background voxels were masked.

2.2 Identification of Phosphorus Sites

Phosphorus sites were extracted from the predicted phosphate volume by 18-connectivity labeling (Figure 1).
This stage used the input sequence to set the required number of sites, N. Components smaller than 10 vox-
els were discarded. For component ¢ with volume v;, let V' = >".v; and 2 = V/N. Its initial allocation was
k; = max(1,round(v;/z)). Nearby sugar-density peaks within 10 A provided a second estimate of the phosphorus
count. If at least two sugar peaks were detected and the volume-based estimate was at least twice as large, the
phosphorus count was reduced to the number of sugar peaks. Allocations were then increased or decreased in order
of their fractional volume residuals until >, k; = N.

For a component assigned one site, the density-weighted centroid defined its coordinate. A component assigned
multiple sites was divided by 18-connected watershed segmentation from separated density maxima, and the density-
weighted centroid of each basin defined one coordinate. Solutions containing sites closer than 3.5 A were replaced by
iterative selection of density maxima with spatial exclusion. Global non-maximum suppression prevented separations
below 2.5 A. Coordinates were transformed from voxel to Cartesian space using the retained map origin and spacing.

2.3 Hamiltonian Path Construction

The predicted sites were ordered by a Hamiltonian path that visited each site once (Figure 1). Pairwise Euclidean
distances supplied the edge costs of a complete graph. A dummy node with zero-cost edges converted the open
Traveling Salesman Problem (TSP) to a tour. The Lin—Kernighan—Helsgaun [41] implementation was run from 20



initializations, and the lowest-cost tour was retained. Removing the dummy node and its two incident edges produced
the open path. RNATrace currently models one linear RNA chain. The path therefore represents a candidate 5’ to
3’ backbone trace.

2.4 Refine Path and Produce Coarse 3D Model

The Hamiltonian path constructed above gives an ordered sequence of phosphorus coordinates, but this path carries
neither a biological direction (5’ vs. 3’) nor any correspondence to positions in the input nucleotide sequence.
Producing an accurate coarse 3D model, where a nucleotide is assigned to each phosphorus atom, therefore requires
designing reliable algorithms to resolve both ambiguities, while also compensating for the fact that phosphorus site
detection is imperfect and can miss or introduce sites relative to the true count. This process proceeds in four
stages. First, predicted secondary structure is used to determine the path’s 5’ to 3’ direction (Section 2.4.1). Second,
each phosphorus site is assigned to a sequence position through an iterative greedy registration procedure that
favors placements consistent with predicted base pairing and purine/pyrimidine evidence (Section 2.4.2). Third,
high confidence fragments of the path are independently aligned to the sequence to produce anchor assignments
that are largely insensitive to registration errors elsewhere in the path (Section 2.4.3). Finally, when these anchors
disagree with the initial registration, the registration is repeated under anchor guidance, and any remaining local
gaps between the path and the sequence are resolved by inserting and removing phosphorus coordinates as needed
(Section 2.4.4).

2.4.1 Path Orientation

RNAformer [42] was applied to the input sequence to predict a set B of canonical base pairs. For each of the two
path orientations, sequence indices were assigned consecutively to phosphorus sites and the number of satisfied pairs
was calculated as
B= Y 1[15<||ps — pslla <22 A] (2)
(a,b)eB

where p, and pp represent the 3D coordinates of phosphorus atoms a and b, respectively, and 1[-] represents the
indicator function. The orientation with the larger B determined the 5’ end and 3’ end (Figure 1c).

2.4.2 Sequence Registration

Base class (purine/pyrimidine) evidence was summarized around each phosphorus site before sequence registration.
Let nf* and n} be the numbers of voxels labeled purine and pyrimidine within 12 A of site i. When nf 4 n) > 5
and the counts were unequal, the majority class was assigned with confidence

R Y
n:t —n:

¢ = Ini” =ni | Lt (3)
n;' +n;

Otherwise, the base class was treated as unknown and ¢; = 0. For a given sequence registration, the base class
agreement score was

+1, sequence and local base classes agree,
C= Z c;my, m; = { —1, sequence and local base classes disagree, (4)
i

0, the local base class is unknown.

The two agree if the sequence nucleotide label aligns with the purine/pyrimidine group prediction.

Starting from the oriented path, sequence registration was refined by greedy interval reversal. Every interval [z, j)
containing at least 20 sites was considered. A move reversed the order of the sites in that interval and hence



their sequence assignments, without moving their coordinates. For each candidate interval reversal, the change in
registration score was calculated as

AS =AB+ AgAH + A\gAG + A\cAC + M AA, (5)

where, for each score component X, AX = Xgpter — Xpefore- B is defined in Equation (2). H is the number of
geometrically satisfied helical steps. A helical step consists of adjacent nested base pairs (4,7) and (i +1,j — 1), and
is satisfied only when both base pairs satisfy the phosphorus distance criterion in Equation (2). G is the reduction
in the combined length of the two path edges connecting the reversal interval to the unchanged path. C' is defined
in Equation (4). A is the number of anchor site-to-sequence assignments, from the fragment anchors identified in
Section 2.4.3, that agree with the candidate registration during evaluation. The baseline search used Ay = 0.3,
Ag = 5.0, A\¢ = 2.0, and A4 = 0; anchor candidates used the same Ay, Ag, Ac with A4 = 3. The four coefficients
were selected by a grid search over the validation maps to maximize sequence recall (Equation (17)), evaluated on
the full reconstructed structures. Scores were recomputed after every accepted move, which is determined by the
highest AS per iteration. Search ended when no available interval improved the score.

2.4.3 Fragment Consensus and Anchor Identification

Because greedy interval reversal can converge to a registration that is only locally optimal, fragment consensus was
used to independently generate candidate assignments between phosphorus sites and sequence positions from short
regions of the path. The most reliable of these assignments serve as anchors for correcting the registration where it
disagrees with them. Windows of 24 consecutive phosphorus sites were extracted from the path at stride 2. Each
path window was aligned to every 24-nucleotide sequence interval of the same length in both forward and backward
orientations. Let u denote one candidate alignment and let K, = {i € u : ¢; > 0}. Using the base class agreement
defined in Equation (4), the candidate alignment was scored as

1
Sy = |]Cu| Z cim%i, (6)

1€y

where m,, ; is the match value m; evaluated under the sequence assignment proposed by alignment u. Candidate
alignments with I, = @ were discarded. Only the highest scoring sequence to phosphorus site alignment of each
window was retained. Its score was converted to a nonnegative vote weight, w, = max(107=3,1 + s,,).

If p. (i) denotes the sequence position assigned to phosphorus site i by the alignment u, the total vote for assigning
site 7 to sequence position r was

Vi) = 3 wadlpu(i) = 1], (7)

ueEW;

where W; is the set of retained window alignments containing site .

For each site, let V; and V5 be the largest and second-largest totals of V;(r), and let V' = > V;(r). The sequence
position receiving V; was retained when V3/V > 0.5 and (V5 — V5)/V > 0.3. This means if several sites selected
the same residue, only the site with the strongest consensus was retained. Confident site-to-sequence assignments
were grouped into continuous blocks in which adjacent phosphorus sites mapped to adjacent sequence positions, in
either the forward or reverse direction. Because assignments near block boundaries were considered less reliable, two
assignments were trimmed from each end. A trimmed block containing at least eight assignments was retained as a
fragment anchor.

2.4.4 Anchor-Guided Refinement and Gap Repair

The flip-registration was repeated with anchor terms only when at least 24 anchor assignments were available and
either baseline anchor agreement, the fraction of anchor site-to-sequence assignments that match the baseline reg-
istration, was below 0.70 or the fraction of satisfied predicted base pairs was below 0.65. An anchor-guided result



was accepted only when anchor agreement increased by at least 0.10 and base pair satisfaction decreased by no more
than 0.15.

Fragment splicing and subsequent local repairs were applied only after an anchor-guided registration was accepted.
For each sequence gap g, let R, be its set of unassigned sequence positions and let P, be its set of candidate
phosphorus sites. For an internal gap, R, contains the sequence positions between two consecutive, consistently
ordered anchors, and P, contains the unassigned phosphorus sites between the corresponding anchor endpoints
along the path. For a 5" or 3’ terminal gap, R, contains the sequence positions between the corresponding sequence
terminus and the nearest anchor, while P, contains the unassigned phosphorus sites between that anchor and the

path terminus indicated by the anchor orientation. The gap sizes and their difference were defined as NF(,g) = [Pyl
Nr(ltg) = [Ry|, and E4 = ngg) - Nl’(lf)'

An E; > 0 represented the number of surplus phosphorus sites, and all possible choices of E, sites to omit were
evaluated. Each assignment was scored as

Sgap = - Z(dk - 6)2 + QCgapv (8)
k

where dj, is the distance in A between consecutive phosphorus sites in the proposed assignment, including the
connections to the two bounding anchors, and Cg,y, is the base agreement score over the proposed gap assignments.
The squared term favored phosphorus steps near 6 A, while the second term rewarded agreement between the
assigned sequence classes and the local purine/pyrimidine evidence. The candidate with the largest Sg,, was selected.
Accepted fragment assignments replaced the corresponding existing assignments.

For a gap with £, < 0, let D, = —E, be the number of phosphorus coordinates that must be derived. After orienting
the candidate phosphorus sites consistently with the neighboring anchors, RNATrace evaluated each assignment
of the NF(,g) observed sites to NI(lf) sequence positions. For each candidate assignment, provisional phosphorus
coordinates were derived for the D, unoccupied sequence positions. Missing positions between assigned sites were
linearly interpolated, whereas positions at a sequence terminus were extrapolated at 6 A intervals. The completed
assignment was scored with Equation (8) and similar to the case with E; > 0, the largest Sgap was selected.

2.5 All-atom Reconstruction and Refinement

To place the rest of the heavy atoms, the registered phosphorus trace was expanded into an initial heavy-atom model
using A, C, G and U nucleotide templates selected according to the input sequence (Figure 1c¢). For residue i, the
local backbone tangent t; and transverse axis u; were defined as
_ Pit1 —Pi-1 ~ hi —(h -ty
g= PEHLTPIL , (9)
[Pi+1 — Pi-1ll b — (hy - t)t]]

and at the chain termini, the tangent was calculated from the terminal phosphoorus and its single neighboring
phosphorus. Here, h; = 0.7b; + 0.38;, where b; and §; are unit directions from phosphorus to the predicted base and
sugar centroids. The third axis, t; x u;, completes the local 3D frame in Equation (9). A rotation R; aligned the
template’s P-to-03" axis and orthogonalized P-to-C1’ direction with t; and u;, respectively. Template atom a was
then placed at

Xia = Pi + Ri(qa - qP)7 (10)
where q, and gp are template coordinates. Equation (10) preserves the template’s internal geometry and places its
phosphorus at the registered site.

After placement, optimizations are performed where the entire nucleotide template was rotated about t; through p;
in 10° increments. The retained angle minimized

E;(6) = wps [D(0) + wsDs(0)] + wweDwe(6), (11)

where 6 is the rotation angle and each D = 1 — dinodel - &target. The base (B) and sugar (S) terms compared
phosphorus-to-centroid directions in the model template with the corresponding predicted directions. For paired



residues, those with a secondary structure pairing partner, the Watson—Crick-edge (WC) term compared the direc-
tion from phosphorus toward the centroid of WC atoms in the placed template with the direction from the same
phosphorus toward the partner’s phosphorus position. The weights wgs = 0.75, ws = 0.5, and wwc = 0.25 were
selected by a grid search over the validation maps, evaluated on base and C4' RMSD (Equation (12)) computed on
the placed templates prior to subsequent geometric refinement.

Residues were assembled in registered sequence order and hydrogens were prepared before refinement in OpenMM [44]
with the AMBER14 force field and RNA.OL3 parameters. Harmonic restraints on phosphorus coordinates preserved
the traced backbone while covalent geometry and steric contacts relaxed. Hydrogen bond distance restraints and
density restraints were applied. Force constants were 100,000, 100 and 500 kJ mol~! nm~2 for phosphorus, hydrogen
bond and density restraints, respectively. Restrained Langevin dynamics was then run for 2,000 steps at 300 K with
a 1 fs time step and a friction coefficient of 1 ps~!, followed by 250 iterations of restrained energy minimization.

2.6 Metric Definitions

Coordinate accuracy. For an atom group g, RMSD was calculated as

N,
1 g
RMSD, = | 5 > IRgxs + tg — vl (12)

9 k=1

where xj, and yj, are corresponding predicted and reference atom coordinates, respectively; N, is the number of
compared atom pairs; and R, and t4 are the optimal rotation and translation, obtained with the Kabsch algorithm
[45, 46]. The rotation was constrained to be proper (det(R4) = +1), with no scaling or reflection.

Global structural similarity. TM-score (template modeling score) [47] measures length-normalized global
fold similarity and is calculated as

Nain 1

TM-score = ,
Lyet ; 1+ [di/dQ(Lref)]Q

(13)

where d; is the distance between corresponding C4’ atoms, dy is its reference-length-based distance normalization
factor computed by RNA-align [48], Nai, is the number of aligned pairs, and Lye¢ is the full reference length.

Phosphorus GDT-TS (GDT-TS) [49] is calculated as

Np, aln

100
_ = . —a:ll. <
GDT-TS Nps E g}fé g 1(|Rspi + ts — qilly, < 9), (14)
T 6e{1,2,4,8} A i=1

where p; and q; are corresponding predicted and reference phosphorus coordinates, respectively; Np ot is the full
reference phosphorus count; and 1(-) is the indicator function. The proper rigid superposition (Rg,ts) is optimized
independently at each distance threshold §.

Voxel-wise segmentation accuracy. For a class ¢, the F} score was calculated from the numbers of true

positives (TP.), false positives (FP.), and false negatives (FN.) as F; . = %.



Macro-F} is the unweighted mean of each class’ scores,

1 C
Fl,macro = 5 ZFl,ca (15)
c=1

where C' is the number of evaluated classes.

Sequence assignment accuracy. Let Negact be the number of aligned residue pairs for which the canonical
nucleotide identities (A, C, G, or U) are identical. Define:

Nex
Nucleotide assignment accuracy (%) = 100 x J\e} act (16)
aln
where N1, is the number of aligned C4’ residue pairs.
Let L.ef denote the total number of nucleotides in the complete reference RNA sequence. Define:
Nexact
Sequence recall (%) = 100 x ——. (17)

Lref

3 Results and Discussion

We first describe the dataset construction, preprocessing, and division into training, validation, and test sets used
to evaluate RNATrace. We then compare reconstructed RNA structures with those produced by existing methods
on the same 20 test maps, assessing coordinate accuracy, structural completeness, and global similarity. Next, we
evaluate voxel-wise segmentation on the validation set to assess the intermediate predictions that guide structure
reconstruction. Finally, ablation analyses examine how individual pipeline components contribute to reconstruction
quality and sequence assignment.

3.1 Construction of Dataset

We prepared a dataset for training, validation, and testing by extracting cryo-EM maps from the EMDB database and
the corresponding RNA 3D structures from the PDB database. We used maps from a wide range of resolutions (2-7
A). To prevent RNAs with similar sequences from appearing across different dataset splits, we clustered sequences
using Cd-hit [50] at an 80% sequence similarity threshold, retaining one map per cluster before splitting into training,
validation, and test sets. We were left with 201 single-chain RNA maps, where we did an approximate 80%-10%-10%
train-val-test split with 161 maps used for training, 20 for validation, and 20 test maps. Each test map corresponded
to a single RNA chain.

For each map, data preprocessing was performed where each were denoised by removing surface dust and resampled
to an isotropic voxel size of 0.5 A with ChimeraX [51]. Values above the contour were clipped at their 95th percentile,
shifted so that the contour was zero and scaled to [0,1]. The values below the contour were set to zero.

Each map was divided into 643 and 128° patches with 50% overlap. Binary training labels marked voxels within 2 A
of any RNA atom. Group labels assigned foreground voxels to phosphate (P, OP1 and OP2), sugar, purine base, or
pyrimidine base according to the nearest RNA chemical group. The other voxels were background. Background-only
patches were not extracted.

The 161 training and 20 validation maps yielded 51,831 and 6,208 patches at 643, and 8,522 and 1,106 at 1283,
respectively.



3.2 Test Dataset Results

We benchmarked RNATrace against current state-of-the-art methods that are able to predict all-atom RNA structures
from the cryo-EM map: CryoREAD [38], EM2NA [37], and ModelAngelo [39]. All four methods are evaluated on
the same 20-map test set using the same ground truth reference structures and metric calculations. We first compare
RMSD metrics in Figure 2. For each target, the predicted model was structurally aligned to the ground truth
reference using RNA-align [48]. Phosphorus and C4" RMSD values were calculated using Equation (12). Backbone
and base RMSDs included canonical phosphate/ribose and base heavy atoms, respectively.

In Figure 2, we can see that across the test set, RNATrace achieved mean phosphorus, C4’, backbone, and base
RMSDs of 2.91, 3.36, 3.68, and 5.34 A, respectively.
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Figure 2: Comparison of RNATrace with CryoREAD, EM2NA | and ModelAngelo for RMSD metrics from
a test set of 20 cryo-EM maps. a—d Scatter plots (left) and box plots (right) comparing the built models
for phosphorus position RMSD, C4’ RMSD, backbone RMSD, and base RMSD, respectively. For the box
plots, the box indicates the 25th to 75th percentiles (IQR), white line indicates the median, white diamond
indicates the mean, and the whiskers indicate the furthest observations within 1.5 x IQR below Q1 and
above Q3. Outliers are indicated as a dot beyond the whiskers. Paired Wilcoxon signed-rank tests were
performed. *: p < 0.05, **: p < 0.01, ****; p < 0.0001. e An example of the built structures (in gold)
overlayed with the ground truth structures (in blue) and the cryo-EM map for the pre-Tet-C state of the
wild-type Tetrahymena group I intron (EMD-33138, PDB-7XD7) are shown, as well as the corresponding
RMSD values for each model.
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Compared with CryoREAD, RNATrace achieved significantly lower RMSD values for all four metrics (p < 0.0001;
Figure 2a—d). Compared with EM2NA, RNATrace achieved lower phosphorus, C4’, and base RMSD with p < 0.05,
and lower backbone RMSD with p < 0.01 (Figure 2a—d). Compared with ModelAngelo, RNATrace achieved lower

phosphorus, C4’,; and backbone RMSD with p < 0.05, while the base RMSD difference was not significant (Figure 2a—
d).

The scatter plots show that RNATrace outperformed the majority of targets for every comparator and RMSD
metric except base RMSD against ModelAngelo, where ModelAngelo achieved lower RMSD on 13 of the 20 targets
(Figure 5). This distinction is also visible for EMD-33138, where RNATrace achieved lower phosphorus, C4’, and
backbone RMSD, while ModelAngelo achieved a lower base RMSD of 2.41 A compared with 4.62 A for RNATrace
(Figure 2e). The larger base RMSD relative to the RNATrace backbone metrics suggests that base placement remains
the main source of error.

Since RMSD is calculated only based on the aligned residues with the ground truth, these RMSD metrics focus on the
coordinate accuracy within the aligned subset and do not measure how completely the prediction is representative
of the full structure. There are two EM2NA points that have phosphorus RMSD below 0.25 A, but fewer than 10
nucleotides were aligned in each case (Figure 2a). Therefore, a small aligned subset can produce a deceptively small
RMSD while excluding most of the RNA chain, showing that RMSD should be interpreted alongside aligned resiude
percentage.

In Figure 3a, each comparator point lies below the y = x line, and in Figure 3b, RNATrace achieves a much higher
aligned residue percentage than each of the other three models (p < 0.0001 for all cases). This observation shows
that RNATrace traced a larger fraction of the RNA chain for every paired comparison in the test set. This result
also reflects a specific failure mode observed in the comparator predictions: CryoREAD, EM2NA, and ModelAngelo
frequently produced models split across multiple disconnected RNA chains. RNATrace instead uses explicit Hamil-
tonian path construction together with sequence, secondary-structure, and purine/pyrimidine constraints to guide a
single ordered 5’ to 3’ trace. The resulting improvement in aligned-residue percentage indicates that enforcing global
backbone continuity helps recover a larger fraction of the complete RNA structure.
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Figure 3: a Scatter plot and b box plot comparing the percentage of aligned residues between predicted
RNATrace structures and CryoREAD, EM2NA, and ModelAngelo’s predicted structures. The same box
plot format as Figure 2 is used. ****: p < 0.0001.

For metrics that compare the global topology and overall structure of the RNA, we use TM-score and GDT-TS,
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which are calculated based on Equation (13) and Equation (14), respectively. RNATrace achieved a mean TM-score
of 0.707, compared with 0.195 for CryoREAD, 0.147 for EM2NA, and 0.284 for ModelAngelo (Figure 4a). Its mean
GDT-TS was 63.5, compared with 11.9, 14.2, and 23.2, respectively (Figure 4b).
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Figure 4: Comparison of RNATrace with CryoREAD, EM2NA, and ModelAngelo for TM-scores and GDT-
TS. a—b Scatter plots (left) and box plots (right) comparing the built models for TM-score and GDT-TS,
respectively. The same box plot format as Figure 2 is used. ****: p < 0.0001. ¢ An example of the
built structures (in gold) overlayed with the ground truth structures (in blue) and the cryo-EM map for
the intermediate pre-Tet-S1 state of the G264A mutated Tetrahymena group I intron (EMD-34671, PDB-
8HD7T) are shown, as well as the corresponding TM-scores and GDT-TS for each model.

For each model and metric, RNATrace achieves a statistically significant (p < 0.0001) increase in TM-score and
GDT-TS compared to all of the other three models (Figure 4a—b). For TM-score, neither CryoREAD, EM2NA| or
ModelAngelo prediction ever exceeded RNATrace for any map (Figure 5). For GDT-TS, EM2NA and CryoREAD
never exceeded RNATrace, while ModelAngelo did so for one map (Figure 5). In the EMD-34671 example, RNATrace
achieved a TM-score of 0.894 and GDT-TS of 79.42, compared with maximum comparator values of 0.497 and 38.66,
respectively (Figure 4c). Together with the aligned residue results, these global metrics emphasize RNATrace’s
significant advantage across a larger portion of each RNA and is not limited to a small, accurately aligned fragment.
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Figure 5: Number of comparator against RNATrace scatter plot points on the comparator-favorable side
of the y = «x line for the 20 maps in the test set. For RMSD metrics, each bar counts points below y = x;
for TM-score and GDT-TS, bars count points above y = x. Numbers above the bars give the exact counts,
and the dotted horizontal line marks all 20 maps.

We next examined the associations of phosphorus RMSD, TM-score, and GDT-TS with flip count and reported map
resolution across the 20 test maps. These analyses assessed whether more extensive path correction or lower map
resolution was associated with reduced reconstruction accuracy.
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blue line for each graph represents the line of best fit using least-squared regression. A two-sided t-test of
the least-squares regression slope is performed. a: p = 0.0014, b: p = 0.0189, ¢c: p = 0.0018. d—f: not
significant (p > 0.05).

The number of flips was significantly positively associated with phosphorus RMSD and significantly negatively
associated with TM-score and GDT-TS (Figure 6a—c). Counterintuitively, this association does not indicate that
flips reduce accuracy as we can see in Table 2 that removing flips deteriorated all measured metrics. Flips are applied
when sequence and secondary structure evidence identifies local inconsistencies in the baseline LKH path, so a high
flip count is more likely a marker of a difficult initial trace. Flips therefore provide a corrective benefit, although
targets requiring many flips remain more difficult.

No significant association was detected between reported map resolution and phosphorus RMSD, TM-score, or GDT-
TS (Figure 6d—f). However, all three fitted slopes point toward poorer performance as map resolution worsens. With
only 20 maps and relatively few targets at the poorest resolutions, the absence of significance does not establish
that performance is independent of resolution. These results show that RNATrace can reconstruct structures across
the tested resolution range, but additional maps are needed to determine how density quality concretely affects
performance.

3.3 Intermediate and Ablation Results
Equal-weight inference is defined in Section 2.1. For the weighted-inference comparison, the scale-specific voxel
probabilities were combined using weights proportional to the validation macro-F1 scores of the selected checkpoints:

(t)
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where s € {64,128} and ¢t € {bin, typ}. Here, F" is the validation macro-F1 of the selected checkpoint for task ¢

and scale s, and wgt) is its normalized ensemble weight.

Let Fe((tl) denote the macro-F1 obtained from the equal-weight ensemble probability volume defined in Equation (1),

and let F‘E,tt) denote the macro-F1 obtained from f)&fg .

Table 1 reports the validation macro-F1 scores for the voxel-wise segmentation step (Section 2.1).

Table 1: Validation macro-F1 scores of the selected single-scale checkpoints for each patch and the resulting
ensemble predictions across each map in the validation set. Four-class typed scores are calculated over
phosphate, sugar, purine, and pyrimidine voxels; binary is calculated over atom and background noise
voxels (Equation (15)). The vertical line separates single-scale checkpoint performance from ensemble
performance. Bold indicates the best result within each section of a row.

Equal-weight inference Weighted inference
Task ¢ A ) Y F
Binary 0.978 0.957 0.985 0.979
Four-class typed 0.934 0.949 0.952 0.942

At the single-scale level, the 643 model achieved a higher binary macro-F1, while the 1282 model achieved a higher
four-class typed macro-F1. This difference suggests that the two patch sizes provide complementary information for
segmentation. Across the validation maps, equal-weight inference achieved higher macro-F1 than weighted inference
for both tasks, reaching 0.985 for binary segmentation and 0.952 for typed segmentation. Equal-weight inference was
therefore used in the full RNATrace model.

Model variants and ablation conditions. The evaluated variants were defined as follows:

e 1283 only and 642 only use only the corresponding trained patch size for inference instead of the equal-weight
ensemble used in the full RNATrace model.

e No flips removes flip-registration, defined in Section 2.4, while no anchors removes fragment-consensus anchor
guidance but retains baseline flip-registration.

o ARENA reconstruction uses ARENA [52], with the same coarse 3D model as input, for full atomic reconstruc-
tion instead of the reconstruction method defined in Section 2.5.

e No geometric refinement removes the restrained AMBER14 refinement entirely.

Table 2: Ablation study on the fixed 20-RNA cohort. Values are arithmetic means. Bold indicates best
score per column.

Model P RMSD (A) C4' RMSD (A) Backbone RMSD (A) Base RMSD (A) TM-score GDT-TS (%)
RNATrace 2.91 3.36 3.68 5.34 0.707 63.5
Weighted inference 3.07 3.48 3.82 5.49 0.680 61.1
1283 only 3.23 3.58 3.93 5.65 0.661 59.6
643 only 3.26 3.54 3.94 5.59 0.654 60.1
No flips 3.47 3.88 4.21 6.31 0.592 52.0
No anchors 3.55 3.81 4.16 5.96 0.647 57.8
ARENA reconstruction 2.91 3.50 3.83 5.15 0.684 62.0
No geometric refinement 2.91 3.81 4.00 6.25 0.666 64.7

Full RNATrace achieved the best mean values for phosphorus, C4’, and backbone RMSD and TM-score. ARENA
reconstruction achieved a slightly lower base RMSD of 5.15 A compared with 5.34 A for RNATrace, but RNATrace
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outperformed or matched ARENA on every other metric. The model without geometric refinement achieved a
slightly higher GDT-TS of 64.7 compared with 63.5, but RNATrace outperformed or matched it on every other
metric (Table 2).

Both single-scale variants performed worse than the two ensemble variants across every tested metric. Equal-weight
inference also outperformed weighted inference across all six metrics. Together with the segmentation results in
Table 1, this indicates that combining the two patch scales improves downstream reconstruction, while weighting
them according to validation macro-F1 provides no additional benefit over equal averaging.

The phosphorus RMSD remained 2.91 A for RNATrace, ARENA reconstruction, and the model without geometric
refinement. For ARENA reconstruction, this is expected because the same coarse phosphorus trace is provided as
input to both reconstruction methods. During geometric refinement, strong harmonic position restraints similarly
limit displacement of the phosphorus atoms. Despite the unchanged phosphorus RMSD, refinement reduced C4’
RMSD from 3.81 to 3.36 A, backbone RMSD from 4.00 to 3.68 A, and base RMSD from 6.25 to 5.34 A, while
increasing TM-score from 0.666 to 0.707. These changes suggest that refinement primarily improves the geometry
surrounding the restrained phosphorus trace.

The slightly higher GDT-TS without geometric refinement does not follow the trend of the other structural metrics.
Because GDT-TS counts phosphorus atoms within fixed distance thresholds, small restrained coordinate changes can
alter the score even when mean phosphorus RMSD remains unchanged at the reported precision. Furthermore, the
coordinate metrics do not directly measure steric clashes, which are also targeted during geometric refinement.

ARENA reconstruction achieved a slightly lower base RMSD, but RNATrace achieved lower C4' and backbone
RMSD and higher TM-score and GDT-TS. This result is consistent with the comparison in Section 3.2, where base
placement remained the largest local source of error, and suggests that improving nucleotide base placement is an
important direction for the all-atom reconstruction stage.

Removing either flips or fragment anchors worsened every mean metric relative to the full RNATrace model. The
no-anchors variant retained better C4’, backbone, and base RMSD, TM-score, and GDT-TS than the no-flips variant,
showing the importance of baseline flip-registration for correcting the initial Hamiltonian path. Adding fragment
anchors further improved every mean metric relative to no anchors, indicating that local sequence evidence effectively
provides crucial additional guidance to determine the overall sequence alignment.

To further examine the importance of anchors and flips in sequence registration, we analyzed nucleotide assignment
accuracy and sequence recall, defined by Equations (16) and (17), respectively. Nucleotide assignment accuracy
measures the correctness of nucleotide identities among aligned residues, while sequence recall also accounts for how
much of the complete reference sequence is correctly recovered.
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Figure 7: a-b Scatter plots (left) and box plots (right) comparing the nucleotide assignment accuracy and
sequence recall, respectively, of the full RNATrace model against without the fragment-anchor guidance,
and without flips entirely. For the scattter plots, the larger the dot in the no anchors case, the higher
number of flips performed. The same box plot format as Figure 2 is used. *: p < 0.05, ****: p < 0.0001.
¢ Predicted coarse 3D models for the 4.8 A apo Vibrio cholerae glycine riboswitch (EMD-21841, PDB-
6WLT) produced by RNATrace, without fragment-anchor guidance, and without flips, with nucleotides
shown in distinct colors.

For both nucleotide assignment accuracy and sequence recall, RNATrace achieved significant improvements compared
with no anchors (p < 0.05) and no flips (p < 0.0001; Figure 7a—b). Across the test set, the no anchors variant exceeded
RNATrace on seven targets for nucleotide assignment accuracy and five for sequence recall (Figure 7a—b). The no
flips variant exceeded RNATrace on only one target for each metric (Figure 7a—b). These results further reinforce
the idea that flip-registration provides a substantial improvement in sequence assignment, while fragment anchors
provide additional guidance.

We can also see in the scatter plots of Figures 7a and 7b that the no anchors structures below the y = x line have, on
average, more flips than those above. For nucleotide assignment accuracy, there was an average of 5.29 flips above
and 8.10 flips below the line; for sequence recall, there was an average of 3.40 flips above and 8.64 flips below the
line (Figure 7a—b). This pattern suggests that fragment anchors are particularly beneficial for structures requiring
more extensive flip-registration. A larger number of flips likely reflects greater ambiguity in the initial Hamiltonian
path, making the sequence assignment more susceptible to incorrect rearrangements without anchor guidance. The
anchors therefore appear to provide additional sequence constraints in these more difficult cases, while having less
influence when few flips are required. Because flip count is also associated with target difficulty, this relationship
should be interpreted as an observed association rather than a direct causal effect.

For the PDB-6WLT example, nucleotide assignment accuracy increased from 27.78% without anchors and 21.21%
without flips to 65.85% for RNATrace (Figure 7c). Sequence recall similarly increased from 10.82% and 9.09% to
35.06%, respectively (Figure 7c¢). For this structure, removing anchors changed 162 of the 230 residue assignments
relative to full RNATrace, while removing flips changed 199 assignments (Figure 7¢). The large number of changed
assignments shows that anchors and flips can alter the overall sequence alignment rather than only correcting isolated
nucleotides. However, the sequence recall of 35.06% for the full RNATrace model and that 25% of the test maps
have a sequence recall below 40% highlight how difficult registration cases remain unresolved.
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4 Future Work

RNATrace currently assumes a single linear RNA chain and constructs one open Hamiltonian path through a de-
termined number of phosphorus sites. Extending it to multi-chain targets will require tracing multiple Hamiltonian
paths that jointly partition sites, order each chain, and match each trace to an input sequence.

Sequence registration remains a central limitation. Although flips and fragment anchors improved every mean
structural metric, 25% of the test maps had sequence recall below 40%, and high flip counts marked difficult initial
traces (Figure 7a—b). Future work could incorporate secondary structure and base-class evidence into initial LKH
backbone tracing and replace or augment greedy interval reversal with beam search optimization. Retaining multiple
candidate edges and registrations with calibrated confidence could reduce large interval rearrangements. Because
of the improvements in the nucleotide assignment accuracy and sequence recall for some maps in the no anchors
approach, specifically when there’s a low number of flips, the anchor selection approach seems to be optimizable as
well based on the number of flips (Figure 7a-b).

Robustness to low or missing density and all-atom accuracy should also be improved. A confidence-aware formulation
could permit optional phosphorus sites and model missing-density states. Because base RMSD remained the largest
local error and ARENA achieved a slightly lower base RMSD, density-conditioned nucleotide conformers, explicit
stacking and hydrogen bond geometry, and refinement against the original map should be evaluated (Table 2).

5 Conclusion

We present RNATrace, a fully automated hybrid framework that converts cryo-EM density maps and RNA sequences
into continuous all-atom models. The pipeline combines multiscale Swin UNETR, segmentation, phosphorus-site
identification and Hamiltonian path tracing, sequence- and secondary-structure-guided flip-registration with fragment
anchors, and restrained all-atom reconstruction and refinement. On a 20-map single-chain test set spanning 119-423
nucleotides and 3.0-6.0 A resolution, RNATrace achieved mean phosphorus, C4’, backbone, and base RMSDs of 2.91,
3.36, 3.68, and 5.34 A, respectively, together with a mean TM-score of 0.707 and GDT-TS of 63.5.

Compared with CryoREAD, EM2NA, and ModelAngelo, RNATrace achieved lower phosphorus, C4’, and backbone
RMSDs and significantly higher aligned-residue percentages, TM-scores, and GDT-TS values. The comparator
methods frequently produced multiple disconnected RNA chains, while RNATrace’s global backbone construction
is designed to recover a continuous trace. Ablation experiments showed that multiscale segmentation and flip-
registration each improved reconstruction quality. Together, these results show that combining learned
density interpretation with explicit global connectivity, sequence registration constraints (secondary
structure and purine/pyrimidine evidence), and geometric refinement can reduce chain fragmentation
while improving local backbone accuracy and global fold recovery.

6 Code Availability

RNATrace was implemented in Python 3.12. Neural network training and inference used PyTorch 2.9.1 with CUDA
12.8, PyTorch Lightning 2.6.0, and MONAI 1.5.1. Numerical and data pre-processing and predicting phosphorus
atoms used CD-HIT 4.8.1, NumPy 2.3.5, and SciPy 1.16.3. Cryo-EM maps and molecular structures were handled
with mrcfile 1.5.4, Gemmi 0.7.4, and Biopython 1.86. Hamiltonian path construction used elkai 2.0.1. Secondary-
structure predictions used the RNAformer 32M BP-RNA model. All-atom refinement used OpenMM 8.4.0.

The RNATrace source code, trained weights, environment specifications, and scripts for running the complete pipeline
are available at https://github.com/littlebullGit/RNATrace.
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