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ABSTRACT
Predicting a protein's three-dimensional structure from its amino acid sequence was, for five decades, the kind of
problem that structural biologists cited as a benchmark of how far computational methods still had to travel. That
situation changed abruptly between the thirteenth and fourteenth Critical Assessment of Structure Prediction
(CASP) experiments, when deep-learning systems built around attention-based neural architectures began
producing models whose backbone accuracy rivalled experimental structures for a large share of single-domain
targets. This systematic review synthesises 68 primary research articles and method papers published between
January 2018 and March 2024, identified through a structured search of five bibliographic databases, covering the
architectural lineage from early contact-map convolutional networks through AlphaFold2, RoseTTAFold and their
open derivatives, to protein-language-model-based single-sequence predictors such as ESMFold and
OmegaFold. We extracted and compared reported accuracy on CASP14, CASP15 and continuous CAMEO
benchmarks, computational cost, multiple-sequence-alignment dependence, and reported performance on three
categories of hard target: intrinsically disordered regions, novel folds with no close structural homologue, and
multi-chain protein complexes. Across the reviewed literature, mean backbone accuracy (GDT-TS) on
single-domain CASP14/15 targets rose from approximately 40 in pre-2020 deep learning methods to above 90 for
AlphaFold2-class predictors, while complex and disordered-region prediction remained substantially harder, with
median accuracy gains over pre-deep-learning baselines of roughly half the magnitude seen for single-domain
folding. We conclude that the field has largely solved single-chain, well-conserved-fold structure prediction, that
language-model-based single-sequence methods offer a meaningful speed-accuracy trade-off for large-scale
proteome annotation, and that complex assembly, disorder-to-order transitions and function prediction from
structure remain the primary open problems guiding the next generation of methods.

Keywords: protein structure prediction; deep learning; AlphaFold; ESMFold; protein language models; CASP;
structural bioinformatics

Received: July 7, 2024  |  Accepted: October 2, 2024  |  Published: December 21, 2024

© 2024 Dubois et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution and reproduction in any medium, provided the original author and source are credited.

1. INTRODUCTION

The relationship between a protein's amino acid
sequence and its folded three-dimensional structure has

been described as one of the central unsolved problems
of twentieth-century molecular biology since Anfinsen's
thermodynamic hypothesis first established, more than
fifty years ago, that the native structure is in principle fully
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determined by sequence alone [1]. Experimental
structure determination by X-ray crystallography, NMR
spectroscopy and, more recently, cryo-electron
microscopy has produced an invaluable but
comparatively small catalogue of solved structures
relative to the number of sequenced proteins: at the time
of writing the Protein Data Bank holds on the order of two
hundred thousand experimentally determined structures
against several hundred million sequences deposited in
UniProt, a gap that computational prediction methods
have long aimed to close [2,3].
Computational structure prediction progressed through
several distinct methodological eras before the deep
learning transition. Homology modelling, which builds a
target structure by threading its sequence onto a solved
template structure of a related protein, remains highly
accurate when a close homologue exists but is of no use
for sequences lacking one [4]. Physics-based ab initio
folding, exemplified by Rosetta's fragment-assembly
approach, attempted to predict structure from first
principles or statistical potentials without a template, but
accuracy for anything beyond small, simple folds
remained limited for most of the 2000s and 2010s [5,6].
Co-evolution-based contact prediction, which infers
spatially proximate residue pairs from correlated
substitution patterns across large multiple sequence
alignments, provided an important intermediate advance
during the 2010s, improving ab initio modelling
substantially for protein families with sufficiently deep
alignments while remaining a weak signal for shallow or
orphan families [7,8].
The Critical Assessment of Structure Prediction (CASP),
a biennial blind prediction exercise running since 1994,
has served as the field's principal external benchmark
throughout this progression, and it is against CASP that
the scale of the deep-learning transition is most clearly
visible. Deep convolutional networks applied to
residue-residue contact and distance prediction
produced incremental but real gains at CASP12 and
CASP13, and DeepMind's first AlphaFold system, which
combined deep distance-prediction networks with
gradient-based structure optimisation, achieved the best
overall performance at CASP13 in 2018 [9,10]. The step
change came at CASP14 in 2020, when AlphaFold2,
built around an end-to-end differentiable architecture
incorporating an evoformer attention block operating
jointly on sequence and pairwise-residue
representations, produced median backbone accuracy
close to experimental error across the majority of
assessed targets, a result widely described at the time as
solving the fifty-year protein folding problem for the
single-domain case, with the important caveat that
several harder target categories were explicitly excluded
from that characterisation [11,12].
In the four years since CASP14, the field has diversified
rapidly rather than converging on a single dominant
architecture. Open-source reimplementations and
derivatives of AlphaFold2, most notably ColabFold and

OpenFold, made the approach broadly accessible to
laboratories without large computational infrastructure
[13,14]. A parallel line of work built structure predictors
directly on large protein language models trained by
masked-token prediction across hundreds of millions of
sequences, exemplified by Meta AI's ESMFold and the
related ESM-2 family, which predict structure from a
single sequence without an explicit
multiple-sequence-alignment search step, trading some
accuracy for a substantial reduction in inference time and
infrastructure requirement [15,16]. Given the pace and
diversity of this literature, we undertook a systematic
review with three aims: to synthesise reported accuracy
trends across CASP and continuous benchmarks for the
major method families published since 2018; to
characterise the specific target categories, disordered
regions, novel folds and multi-chain complexes, where
reported accuracy gains have lagged behind the
single-domain case; and to summarise reported
computational cost and alignment-dependence trade-offs
relevant to researchers choosing a method for
large-scale application.

2. MATERIALS AND METHODS

This review followed a structured, though not formally
PRISMA-registered, search and selection protocol
designed to capture the primary methodological literature
on deep-learning-based protein structure prediction
published between January 2018 and March 2024.

2.1 Search strategy and databases

We searched PubMed, Web of Science, Scopus, arXiv
(q-bio and cs.LG categories) and the ACM Digital Library
using combinations of the terms "protein structure
prediction", "deep learning", "neural network",
"AlphaFold", "RoseTTAFold", "protein language model"
and "CASP", restricted to English-language articles and
preprints with a clearly described model architecture and
at least one quantitative accuracy benchmark against
experimentally solved structures. The search was last
updated on 15 March 2024. Reference lists of included
articles and of two prior narrative reviews were
hand-searched to identify additional eligible studies not
captured by the database search.

2.2 Eligibility criteria

Studies were included if they described a novel
deep-learning architecture or a substantive extension of
an existing one for single-chain, multi-chain or
disordered-region structure prediction, and reported at
least one standard accuracy metric (GDT-TS, TM-score,
lDDT or RMSD) on a held-out or blind benchmark set
such as CASP, CAMEO or an independently curated test
set. Studies limited to secondary structure prediction
alone, to protein-ligand docking without a
structure-prediction component, or lacking any
quantitative benchmark were excluded. Conference
abstracts without an accompanying full paper or preprint
were also excluded. Of 312 records identified after
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removing duplicates, 68 met full eligibility criteria and
were retained for data extraction; the remaining 244 were
excluded chiefly for lacking a novel architectural
contribution (incremental parameter tuning of an existing
published model) or for benchmarking against non-blind,
training-set-adjacent test structures.

2.3 Data extraction

For each included study we extracted publication year,
architecture family (convolutional contact/distance
prediction, end-to-end differentiable folding,
protein-language-model-based, or hybrid/ensemble),
whether the method required an explicit multiple
sequence alignment search step, reported accuracy on
CASP13, CASP14, CASP15 and/or CAMEO where
available, reported inference time or computational cost
where stated, and whether the study reported
disaggregated accuracy for intrinsically disordered
regions, novel folds (targets with no close structural
homologue in the training set, as classified by the
originating CASP assessment) or multi-chain complexes.
Extraction was performed independently by two
reviewers (P.D. and C.H.) using a shared structured
spreadsheet, with disagreements resolved by discussion
and, where necessary, arbitration by the third author.

2.4 Quality appraisal and synthesis

Because included studies varied widely in benchmark
design, we did not attempt a formal risk-of-bias scoring
instrument of the kind used for clinical systematic
reviews; instead, each study was flagged for whether its
primary benchmark was a genuinely blind, temporally
held-out test set (as in official CASP or CAMEO
evaluation) versus an author-curated test set assembled
after the training data cutoff, since the latter carries a
materially higher risk of inadvertent data leakage.
Accuracy data were synthesised narratively and
graphically by architecture family and publication year
rather than pooled in a formal meta-analysis, given the
heterogeneity of benchmark sets, metrics and target
selection across studies, which would make a pooled
quantitative estimate difficult to interpret meaningfully.

3. RESULTS

Of the 68 included studies, 22 described convolutional or
graph-neural-network-based contact or distance
prediction methods published mainly between 2018 and
2021, 19 described end-to-end differentiable folding
architectures in the lineage of AlphaFold2 and
RoseTTAFold, 15 described
protein-language-model-based single-sequence
predictors, and 12 described hybrid or ensemble
approaches combining elements of more than one
family. Table 1 summarises the number of included
studies by architecture family and their reported mean
GDT-TS accuracy on single-domain CASP14/15 targets
where this was reported (54 of 68 studies reported a
directly comparable single-domain accuracy figure on
one of these two assessments).

Table 1. Included studies and reported single-domain
CASP14/15 accuracy by architecture family.

Architecture family
Studies
included

Publication
years

Mean GDT-TS
(single-domain)

Convolutional contact/
distance prediction

22 2018-2021 35-52

End-to-end
differentiable
folding
(AlphaFold2-class)

19 2020-2024 87-95

Protein-language-mode
l
single-sequence

15 2021-2024 78-88

Hybrid / ensemble 12 2019-2024 61-89

GDT-TS = Global Distance Test - Total Score (0-100 scale);
figures are ranges of study-reported means.

Reported mean single-domain accuracy rose sharply
and then plateaued at a high level across the review
period. Pre-2020 convolutional contact/distance methods
reported mean GDT-TS in the range of 35-52 on their
respective CASP benchmarks, end-to-end differentiable
folding methods from AlphaFold2 onward reported mean
GDT-TS of 87-95 on CASP14/15 single-domain targets,
and protein-language-model-based single-sequence
methods reported a slightly lower but still high mean of
78-88 on the same target sets, generally trading several
GDT-TS points of accuracy for an order-of-magnitude or
greater reduction in inference time relative to
alignment-dependent methods. Figure 1 plots reported
single-domain accuracy against publication year across
the four architecture families, illustrating both the
sharpness of the CASP14-era transition and the
comparatively narrow accuracy band occupied by all
deep-learning methods published since 2021.

Figure 1. Reported mean single-domain accuracy (GDT-TS) on
CASP13-15 or CAMEO benchmarks by architecture family and
publication year across the 68 studies included in this review;
each point represents one included study's primary reported
benchmark result.

Accuracy gains were markedly smaller and more variable
for the three harder target categories we tracked. Of the
30 studies reporting disaggregated accuracy for
intrinsically disordered regions, the median reported
improvement over a pre-deep-learning baseline was 14
GDT-TS points, against a median improvement of 41
points for single-domain ordered targets across the same
set of studies, and several studies explicitly noted that
per-residue confidence metrics such as predicted local
distance difference test (pLDDT) correlate with disorder
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and can be used to flag, though not to accurately model,
disordered segments. Novel-fold targets, defined as
CASP targets with no close structural homologue in the
training data, showed a similarly muted median
improvement of 19 GDT-TS points across the 24 studies
reporting this category, with several authors noting that
performance on this subset remains substantially more
variable between individual targets than performance on
template-rich targets. Table 2 summarises reported
accuracy by target category across the review period.
Table 2. Median reported accuracy improvement over
pre-deep-learning baseline by target category.

Target category
Studies
reporting

Median
GDT-TS
improvement

Primary reported
limitation

Single-domain
ordered

54 41 points
Minimal residual
error

Intrinsically
disordered

30 14 points
No stable native
structure

Novel fold (no
homologue)

24 19 points
High per-target
variance

Multi-chain complex 21
n/a (DockQ
metric)

Weak on low-identity
interfaces

Multi-chain complex prediction was reported by 21 of the
68 included studies, concentrated heavily in the more
recent literature: only 2 of the 22 pre-2021
convolutional-era studies addressed complexes at all,
against 17 of the 31 studies published from 2021
onward. Reported complex-prediction accuracy, typically
measured by DockQ score or interface-focused lDDT,
improved substantially from AlphaFold-Multimer onward
relative to naive application of single-chain folding
methods to concatenated sequences, but remained
lower and more target-dependent than single-domain
accuracy, with several studies specifically flagging weak
performance on antibody-antigen and other
low-sequence-identity interfaces, and on complexes
involving more than four chains.

4. DISCUSSION

The literature synthesised here supports a now-common
characterisation with an important qualification: deep
learning has largely resolved single-domain,
well-conserved-fold structure prediction from sequence,
but the problem is not uniformly solved, and the residual
difficulty is concentrated precisely in the target categories
most relevant to a growing share of contemporary
biological questions, namely intrinsically disordered
regions, genuinely novel folds, and multi-chain
assemblies. This pattern is broadly consistent with
independent commentary following the CASP14 and
CASP15 assessments themselves, which explicitly
cautioned against over-generalising accuracy figures
computed predominantly on template-rich, ordered,
single-domain targets to the full space of biologically
important prediction problems [11,17].
The rise of protein-language-model-based
single-sequence methods represents a genuinely distinct
trade-off rather than simply a faster but strictly worse

alternative to alignment-dependent folding. Because
these methods do not require a multiple sequence
alignment search, which can be slow or fail outright for
orphan sequences, environmental metagenomic
proteins, or rapidly evolving viral proteins with few close
relatives in sequence databases, they extend structure
prediction to a portion of sequence space where
alignment-dependent methods perform poorly regardless
of architecture, even though their accuracy on
alignment-rich targets is somewhat lower [15,18]. This
suggests that method choice in practice should depend
on the target sequence's evolutionary context at least as
much as on a single aggregate accuracy figure, a point
that several included studies made explicitly but that is
easy to lose when accuracy numbers are compared
across a single benchmark table.
The disorder and novel-fold results carry a further
methodological implication for how the field reports
progress going forward. Aggregate accuracy figures
dominated by ordered, template-rich targets, which
remain the majority of most benchmark sets by target
count, can obscure genuinely limited progress on harder
categories, and several recent benchmark initiatives,
including CAMEO's disorder-specific tracks and
community efforts to curate genuinely orphan-fold test
sets, appear to be responding directly to this concern
[19,20]. We would argue, consistent with several
included studies, that architecture-level innovation for
disordered regions may require moving away from
frameworks built around a single stable
three-dimensional output altogether, toward methods
that explicitly model conformational ensembles rather
than a point estimate of structure, an area still
comparatively underdeveloped relative to
single-structure prediction [21,22].
Computational accessibility is a second axis of progress
that aggregate accuracy figures do not capture. Open
derivatives such as ColabFold substantially lowered the
practical barrier to running AlphaFold2-class predictions
without dedicated computational infrastructure, and this
accessibility shift plausibly did as much to drive the
method's broad adoption across structural biology, drug
discovery and comparative genomics as the underlying
accuracy gain itself, since a highly accurate method that
few laboratories can run has limited practical reach
[13,23]. Whole-proteome structure prediction efforts,
most visibly the AlphaFold Protein Structure Database
covering essentially the full human proteome and
hundreds of other reference organisms, exemplify this
accessibility-driven impact and have already been used
as an input to a wide range of downstream applications
from function annotation to structure-based drug target
prioritisation [24,25].
Two limitations of the present review should be
acknowledged. First, our reliance on author-reported
accuracy figures rather than independent
re-benchmarking means that studies using less
rigorously blind test sets may be over-represented
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among the higher accuracy figures reported, despite our
attempt to flag this distinction during data extraction; a
systematic re-evaluation of a representative subset of
methods on a single, carefully curated blind benchmark
would strengthen confidence in the cross-study accuracy
comparisons we report. Second, the field continues to
move quickly, and several architectural developments
published after our March 2024 search cutoff, including
further protein-language-model scaling and
diffusion-based generative structure models, are not
captured here and may shift the balance between the
architecture families we describe [26,27]. A related
limitation is publication bias in the methods literature
itself: negative or marginal results, where a new
architectural variant fails to improve on an existing
baseline, are comparatively rare in our included set,
which likely means the true distribution of architectural
choices that work reasonably well is narrower than the
published literature alone would suggest, since
unsuccessful variants are less likely to be written up and
submitted at all. A further, related caveat is that
benchmark accuracy on CASP and CAMEO targets,
however carefully computed, describes performance on
a target distribution shaped by what structures the
crystallography and cryo-electron microscopy
communities happen to be solving in a given assessment
period, which is not necessarily representative of the
sequence space of greatest interest for a given
downstream application such as orphan viral proteins or
engineered biologics.
A final point concerns how this synthesis should be used
by a reader choosing a method for a specific practical
task rather than tracking the field's overall trajectory.
Aggregate accuracy figures of the kind summarised in
Table 1 are useful for characterising broad trends across
architecture families, but they should not substitute for
consulting a method's performance specifically on the
target category closest to the reader's own application,
disordered, novel-fold, or multi-chain, since our synthesis
shows those categories to be genuinely dissociated from
single-domain aggregate accuracy rather than a fixed
discount applied uniformly across all methods. A
structural biologist working on an orphan viral protein
with no close homologue, for instance, would be better
served by a method's reported novel-fold accuracy than
by its headline CASP14 single-domain score, a
distinction that is easy to lose when accuracy figures are
compared only at the level of a single aggregate number
across a leaderboard-style table.

5. CONCLUSION

This systematic review of 68 studies published between
2018 and early 2024 confirms that deep learning has
transformed protein structure prediction from a
persistently difficult open problem into a largely solved
one for single-domain, ordered, template-rich targets,
with mean CASP14/15 accuracy rising from the 35-52
GDT-TS range for pre-2020 convolutional methods to

87-95 for end-to-end differentiable folding architectures
from AlphaFold2 onward. Protein-language-model-based
single-sequence methods offer a meaningful speed and
accessibility advantage at a modest accuracy cost,
extending practical prediction to sequences poorly
served by alignment-dependent approaches. Progress
on intrinsically disordered regions, genuinely novel folds
and multi-chain complexes has been real but
substantially smaller in magnitude, and these categories
represent the field's clearest remaining open problems
rather than incremental refinements of an already-solved
task. Going forward, we expect the most consequential
methodological progress to come from architectures that
explicitly model conformational ensembles rather than
single point-estimate structures, from improved
benchmarking specifically targeting disorder and novel
folds rather than aggregate accuracy dominated by
easier targets, and from continued integration of
structure prediction with downstream function annotation
and drug discovery pipelines where the practical value of
these methods is ultimately realised. We intend to update
this review at approximately two-year intervals to track
the field's continued rapid evolution, and we are
separately compiling a curated, deliberately disorder-
and novel-fold-enriched benchmark set intended to
support more targeted evaluation of future methods on
precisely the categories where this review found
progress to be least complete.
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