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Accurately interpreting density mapsinto
atomic modelsis a central yet challenging goal
of cryo-EM. Two studies now reveal distinct
ways in which protein structure prediction can
beincorporatedinto cryo-EM model building
to enable more accurate and robust automated
construction of protein atomic models from
density maps.

Determining protein structures is fundamental to molecular biology.
Inrecentyears, single-particle cryo-electron microscopy (cryo-EM) has
become aleading experimental approach for macromolecular protein
structure determination'?, especially for large and complex assem-
blies, an advance recognized by the 2017 Nobel Prize in Chemistry.
In parallel, advances in artificial intelligence (Al) have revolutionized
protein structure prediction**, achieving unprecedented accuracy
directly from amino acid sequences, and earning the 2024 Nobel Prize
in Chemistry. How these two Nobel Prize-level technologies can be
effectively combined for accurate protein model building has been
increasingly explored®”. Two recent approaches published in Nature
Structural & Molecular Biology, CryoAtom by Su et al.®* and EMProt by
Lietal.’, provide new perspectives on this question by demonstrating
how experimental cryo-EM density maps can betightly integrated with
computational structure prediction techniques to build more complete
and accurate atomic protein models.

Interpreting cryo-EM maps into accurate atomic models haslong
beenachallenging and labor-intensive task that often requires substan-
tial expertintuition. Current modeling methods canbe broadly divided
into two main categories: denovo modeling and structure-based fitting
approaches. De novo methods typically aim to trace protein back-
bones directly from density maps, whereas structure-based fitting
approaches fit predicted structures or homologous templates into
density maps followed by refinement. However, de novo modeling can
break downinregions of weak or fragmented density, and fitting-based
approaches may fail when predicted models deviate substantially
from the true structure or when suitable templates are unavailable.
As aresult, neither paradigm alone provides a general solution for
automated cryo-EM model building across diverse map qualities and
structural complexities.

Recent advances in Al-based structure prediction have begun to
blur the boundary between de novo modeling and structure-based fit-
ting, offering new ways to address these limitations'® >, Representative
efforts in this direction, such as ModelAngelo®, demonstrated that
denovomodel building can be substantiallyimproved by embedding
sequence and structural information directly into density interpreta-
tion within a unified learning framework. In parallel, hybrid pipelines

exemplified by DeepMainmast® showed thatincorporating predicted
structures with de novo modeling can help to alleviate ambiguities in
density interpretation, particularly for large or multi-chain assemblies.
Together, these approaches established key building blocks for inte-
grating density maps with structural knowledge, while leaving open
how thisintegration should be formulated asageneral and systematic
strategy. It is in this context that CryoAtom and EMProt provide a
clearer answer, by introducing two distinct yet complementary meth-
ods of combining prediction with cryo-EM data: one internalizing struc-
ture prediction principles within a de novo framework, and the other
explicitly integrating predicted models into density-guided assembly.

CryoAtom® represents a natural extension of de novo cryo-EM
model building in which principles of protein structure prediction
are internalized into the interpretation of density maps. Rather than
explicitlyincorporating externally predicted models, CryoAtom infers
atomic structures directly from density maps by leveraging recent
advances in AlphaFold2® to extend the de novo framework established
by ModelAngelo. Inthe CryoAtom pipeline (Fig.1), predicted Ca posi-
tions provide ageometric scaffold, upon which an AlphaFold2-inspired
structure-aware network decodes density- and sequence-informed
representations into all-atom coordinates by predicting backbone
frames and side-chain torsion angles. All-atom models are then gen-
erated through post-processing based on the predicted geometric
information. This internalization strengthens de novo modeling in
regions of weak or fragmented density, improving model continuity
and completeness and extending automated model building toward
intermediate-resolution maps. Conceptually, CryoAtom builds on
state-of-the-art density-to-structure de novo approaches by advancing
theminto the prediction erathroughembedded structural reasoning.

EMProt’ adopts a complementary strategy that explicitly inte-
grates structure prediction into de novo model building, while treating
predicted structures as flexible hypotheses rather thanrigid templates.
Following initial prediction of Ca positions and amino acid types from
cryo-EM maps (Fig. 1), EMProt constructs aninitial de novo model using
athree-track attention network that couples density-derived features
with three-dimensional backbone representations to infer backbone
geometry. When the sequenceinputis available, predicted structures
are decomposed into fragments that are independently aligned to
the de novo model and fitted into the density map. Importantly, this
fragmentation, together with density-guided selection of non-clashing
components, makes the approach tolerant to inaccuracies in global
structure prediction by allowing local agreement with the density map
todrive model assembly. As aresult, EMProt emphasizes completeness
through prediction-guided assembly from high-quality maps, while
treating predicted models as flexible structural hypotheses rather
thanrigid templates to be trusted wholesale.

CryoAtom and EMProt use different modeling strategies that
make them well suited to different cryo-EM modeling scenarios.
As schematically illustrated in Fig. 1, CryoAtom and EMProt share a
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Fig.1| Conceptual comparison of CryoAtom and EMProt. Both CryoAtom and
EMProt start from experimental cryo-EM density maps and protein sequences
and share acommon density-driven Ca localization step. CryoAtom internalizes
structure-prediction principles within a single, map-driven structure inference
pipeline, directly embedding predictive reasoning into density interpretation
(bottom). By contrast, EMProt explicitly integrates structure prediction into
model building by assembling density-consistent fragments derived from
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predicted structures, which are treated as flexible hypotheses rather than
rigid templates (top). Molecular graphics and analyses performed with UCSF
ChimeraX", developed by the Resource for Biocomputing, Visualization,
and Informatics at the University of California, San Francisco, with support
from National Institutes of Health RO1-GM129325 and the Office of Cyber
Infrastructure and Computational Biology, National Institute of Allergy and
Infectious Diseases.

common density-driven backbone for model construction but differ
in how and where structure prediction approaches are incorporated
into the modeling pipeline. CryoAtom is best viewed as an advanced
denovomodelbuilderandis particularly attractive whenreliable prior
structural information is limited or when minimizing dependence on
predicted models is desirable. By internalizing structure-prediction
principles, CryoAtom can extract more coherent structural informa-
tion from intermediate-resolution density maps than earlier de novo
approaches, while remaining constrained by the intrinsicambiguity of
low-resolution data. EMProt, by contrast, is most effective in scenarios
in which model completeness is a primary goal and where sequence
information and predicted structures can be leveraged. For large,
multi-chain assemblies or maps with clear global features but uneven
local detail, EMProt’s hybrid strategy can often recover substantially
more of the underlying atomic structure. Seenin this light, CryoAtom
and EMProt should not be regarded as competing solutions, but as
complementary tools that together define a practical spectrum for
automated cryo-EM model building, spanninginternalized and explic-
itly integrated uses of structure prediction.

Despite these advances, a closely related challenge concerns the
dependence of current approaches on map resolution. Both CryoAtom
and EMProt are primarily developed for high-resolution density maps,
typically better than 4 A, where the map provides sufficient local struc-
tural constraints for atomic model construction. Although CryoAtom
extends modelinginto lower-resolution maps, reaching approximately

7 A, model accuracy inevitably degrades as the density map becomes
lessinformative. Thislimitation reflects abroader, unresolvedissuein
the field: how to construct reliable atomic models when density maps
alone no longer support unambiguous backbone prediction. In this
context, tighter coupling with structure prediction and potentially
reducing reliance on explicit density-derived backbone information,
may offer a promising route toward extending automated modeling
tointermediate- and lower-resolution cryo-EM maps.

Beyond resolution, CryoAtom and EMProt remain primarily
focused on protein modeling, and systematic benchmarking of these
methods onnucleicacid structuresis still lacking. Although ModelAn-
gelo has demonstrated the ability to trace nucleotide backbones, accu-
rate base assignment remains challenging across currentapproaches.
Giventhe growingimportance of ribonucleoprotein complexes, viral
genomes and other mixed macromolecular assemblies, extending
prediction-integrated cryo-EM modeling frameworks beyond proteins
represents a crucial and timely direction for future development.

Insummary, the emergence of CryoAtom and EMProt underscores
abroader shiftin cryo-EM atomic structure modeling: the integration of
density-driven modeling with structure prediction approaches. Rather
than asking whether density-driven modeling or prediction-driven
modeling should dominate model building, these methods illustrate
how different balances between the two can be tailored to yield more
reliable atomic models. As cryo-EM continues to push toward larger,
more heterogeneous and more dynamic molecular systems, the field
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is likely to benefit from diverse techniques rather than a single uni-
versal solution. Inthis sense, CryoAtom and EMProt together mark an
important step toward more flexible, robust and data-regime-aware
automated modeling, helping experimentalists extract deeper struc-
turalinsight from increasingly complex cryo-EM data.
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