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Abstract: AlphaFold is a groundbreaking Deep Learning tool for protein structure prediction. It
achieved remarkable accuracy in modeling many 3D structures while taking as the user input only
the known amino acid sequence of proteins in question. Intriguingly though, in the early steps of
each individual structure prediction procedure, AlphaFold is not respecting topological barriers that
in real proteins result from the reciprocals impermeability of polypeptide chains. This study aims
to investigate how this non-respecting of topological barriers affects AlphaFold predictions with
respect to the topology of protein chains. We focus on such classes of proteins that during their
natural folding form reproducibly the same knot type on their linear polypeptide chain as revealed
by their crystallographic analysis. We use partially artificial test constructs in which the mutual
non-permeability of polypeptide chains should not permit the formation of complex composite knots
during natural protein folding. We find that despite the formal impossibility that the protein folding
process could produce such knots, AlphaFold predicts these proteins to form these complex composite
knots. Our study underscores the necessity for cautious interpretation and further validation of
topological features in protein structures predicted by AlphaFold.

Keywords: AlphaFold; protein structure prediction; topological barriers; knotted proteins; topology
validation; residue gas model; overlapping residues

1. Introduction

AlphaFold [1-3] has revolutionized protein structure prediction, achieving unprecedented
accuracy and surpassing other competitors in two editions of the Critical Assessment of Structure
Prediction (CASP) competition [4,5]. The quantitative leap was possible due to utilizing deep learning
algorithms and large databases. This, in turn, fostered numerous modifications and implementations
[6-14]. Following the success, the authors and developers of AlphaFold have created a broadly
available, comprehensive database of predicted 3D protein structures, starting from the whole human
proteome [15] and later expanding it to over 200 million entries offering a vast potential for exploration.

One problem, which can be studied in such a vast database is the existence of proteins of non-trivial
topology. In fact, protein chains can reproducibly self-tie into an open-knotted structure [16], or
shoelace-like spliknots [17]. Including many-chain structures and disulfide bonds, one can identify
links and other more complex topologically non-trivial structures in proteins [18-25]. However, in
the known proteome, only a dozen of knotted protein families (about 2% of known structures) were
identified and those families represent five different knot types [26-28]. It was therefore very tempting
to search for new knotted families and knot topologies among the structures predicted by AlphaFold.

In this spirit, Brems et al identified two new knot topologies, with 5 and 7 crossings in minimal
crossing projection (51, and 7; knots), the latter being the most complex knot up to date [29]. Yet
another knot type, a symmetric knot with 6 crossings (63 knot) was identified by Perlinska et al [30].
It is worth mentioning, that all those knots, if identified also in an experiment, would disprove the
long-standing hypothesis, that all protein knots are formed by single threading through a twist loop
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(so-called “twist knots”) [31]. Finally, the topology of all the structures predicted by AlphaFold was
analyzed and gathered in the AlphaKnot database [32]. Yet, there remains the question, how probable
are AlphaFold predictions in terms of topology. In fact, the topological analysis is a very delicate
matter, as switching the position of two close chains may completely change the protein topology. To
be conscious of AlphaFold limitations it is necessary to understand its algorithm.

In short, AlphaFold consists of two blocks. One, called Evoformer builds an abstract protein
representation from protein sequence and its homologs. The second block is the structure module,
which aim is to build a complete 3D structure starting from the abstract representation produced by
Evoformer [1]. The abstract representation produced by Evoformer is a set of rotations and translations
one has to perform to move each of the amino acids from the initial position (same for each residue) to
a desired place. The movement is being done in the structure block. Remarkably, during adjusting
the structure, all the residues can move freely (called suggestively “residue gas”) and the peptide
bond geometry is not conserved. The violation of geometrical constraints and chain connectivity is
important from the viewpoint of the algorithm, as it simplifies greatly the calculations. The backbone
geometry is corrected only in the last step, during fine-tuning of the structure within the Amber force
field, which aim is only to remove stereochemical violations.

As a result, the continuity of modeled polypeptide chain, which provides a basic topological
constraint, is deliberately not maintained. This, in some specific cases, may negatively affect the
algorithm’s predictions concerning the topology of polypeptide chains. In particular, when AlphFold
predicts that a polypeptide chain of a given protein forms a knot of a given topological type this may
not reflect the reality.

To address the problem of structure correctness, the proposed models are assessed based on the
pLDDT metric (a version of IDDT - Local Distance Difference Test metric [33]). The metric calculates,
how optimal are inter-residue distances, where the optimum is taken from known, homologous
structures. The metric attains values in the range of 0-100, where values larger than 70 are treated as “a
generally good backbone prediction”, while those with pLDDT higher than 90 are “modeled to high
accuracy”. The metric is local in the sense, that it is calculated for each residue individually, however,
usually the mean value is presented to assess the structure, which may be insufficient for judging the
topology, as it depends on local chain placement.

In this work we analyze, how the AlphaFold intrinsic, algorithm-based limitations translate to
the correctness of topology prediction. In particular, we construct a series of examples of artificial
protein structures that were predicted to be knotted by AlphaFold despite the fact that the formation of
these knots was for kinetic and topological reasons not realizable. As a result, we postulate to treat the
AlphaFold results with caution, especially when investigating topological aspects of protein structures.

2. Materials and Methods

2.1. Software and Hardware

We utilized AlphaFold 2.3.2 as a Docker image on the Google Cloud Platform,
employing nl-highmem-8 instances with one NVIDIA Tesla K80 GPU. The Life Sciences
API and Cloud Shell facilitated job execution, with output saved in a dedicated Google
Cloud Storage bucket. All necessary scripts are available in the GitLab project repository
(https://gitlab.com /pdabrowskitumanski/alphafoldwrapper). A full version of BFD and the monomer
protocol of AlphaFold were utilized when running the jobs.

2.2. Structures and Sequences

Amino acid sequences testing AlphaFold predictions of protein structures were downloaded
from the RCSB database or modified accordingly. A detailed list of the sequences used, along with the
corresponding models obtained and their topology, is available in the GitLab project repository. UCSF
Chimera [34] was employed for structure analysis and visualization.
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3. Results

3.1. AlphaFold Builds Protein Structures Forming Arbitrary Complex Knots

To consider the theoretical possibilities of forming knotted polypeptide chains during protein
folding let us briefly discuss how such knots can be formed. Although a great majority of proteins fold
into their native structure without forming knots on their polypeptide chains, there are also families
of proteins whose polypeptide chains get reproducibly knotted during their folding [16,26,28,35]. In
contrast to the entropically driven formation of various knots on long polymeric chains such as on long
linear DNA molecules packed inside phage heads [36-38], the knots formed during protein folding are
highly specific, where a given protein species always form the same type of knot, which in the majority
of knotted proteins is a simple trefoil (31) knot with just three crossings in its minimal crossing diagram.
However, the knots in proteins can also be more complex, and for example, the polypeptide chain
of bacterial a-haloacid dehalogenase always forms a complex knot with 6 crossings in its minimal
crossing diagram [39]. The formed knot is known as Stevedore’s knot and has a topological notation
61 once the two ends of the linear knots are connected with each other without introducing additional
crossings. In addition to forming a unique type of knot characteristic to a given protein species, knotted
portions of polypeptide chains take practically the same shape in each copy of a given knotted protein
and can even be required for the formation of active sites of these proteins [40].

Most of the knots observed in proteins are shallow which means that the intra-chain interlacing
leading to the formation of knots is located very close to at least one of the ends of the polypeptide
chain. It is assumed that shallow protein knots form during the final stages of protein folding when
the protein chain compacts into a globule and one or both of its termini interlace with the distally
located portions of the same polypeptide chain. Alternatively, the loop can move with respect to the
tail in a mouse-trap-like mechanism [41-43]. Less frequent than shallow knots are deep knots in which
intrachain interlacing leads to the formation of the knot located further than ca 20 amino acids from
the nearest termini of the knotted polypeptide chain [44].

Deep knots are unlikely to form by such a simple mechanism as shallow knots. Conformational
changes involving motions of the entire folded domains with respect to each other were proposed to
cause an entire terminal portion of the folding chain to interlace with distal portions of the same chain
[45]. It was also proposed that ribosome-driven, active polypeptide chain translocation resulting from
the vectorial process of nascent polypeptide chain growth during co-translational folding may drive
the formation of deep knots [46,47].

Alternatively, a conformational change resulting from domain duplication, in which two domains
interlace, was proposed as a mechanism of single deep knot formation [48]. However, the on-ribosome
folding can produce only a single deep knot, as each knot requires a twisted loop surrounding the
ribosome exit tunnel. It is highly doubtful, that two such loops would attach to the ribosome surface
in the desired conformation. Similarly, domain swapping results in a single knot as it is an outcome of
swapping the termini position. Threading the tail could in principle lead to two consecutive knotted
domains (as there are two chains to be threaded — Figure 1A).

Formation of a higher number of consecutive knots would require passing very long tails or
already folded, knotted domains through the twisted loop, which again seems doubtful. Eventually,
the combination of on-ribosome folding (Figure 1B) or domain swapping with tail threading could
lead to maximally 3 consecutive knots (Figure 1C) — two shallow on the termini and a deep in the
center.

As a consequence, proteins with three or more consecutive deep knots should not be realizable
through protein folding.
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Figure 1. Proposed mechanisms of knot formation. A) Direct threading of the tail can produce up to

two knots, most possibly shallow. B) On-ribosome knotting requires attaching the loop to the ribosome
surface and therefore allows the formation of a single deep knot. C) Composition of threading and
on-ribosome folding allows the creation of three consecutive knots (separated by dashed lines) — one
deep in the center surrounded by up to two, most possibly shallow knots formed by the termini. The
colors in panels B and C show large and small subunits of a ribosome. Green is the protein chain. The
arrows indicate the chain movement leading to a knot.

We, therefore, tested the ability of AlphaFold to predict the folded structure of an artificial protein
in which the polypeptide chain is composed of multiple tandem repeats of polypeptide chains of
naturally knotted proteins. We started from MJ0366 from Methanocaldococcus jannaschii (PDB code:
2efv) which is known to form a shallow trefoil knot. Interestingly, AlphaFold predicted that the
structure of multiple repeats of will MJ0366 sequence forms a composite knot where each of MJ0366
domains forms a trefoil knot (see Figure 2). For practical reasons (computer memory requirements and
calculation time), we limited our tests to polypeptide chains with up to 10 tandem repeats, but it seems
that constructs with any arbitrary number of MJ0366 repeats would be predicted by AlphaFold to
form proteins with the corresponding number of linearly arranged trefoil-forming polypeptide blocks
(Figure 2).

It needs to be mentioned here that although in its native form, the polypeptide chain of a single
domain of MJ0366 from Methanocaldococcus jannaschii forms a shallow trefoil knot, in the artificial
construct tested here only the two terminal repeats could form shallow knots by the interlacing of
their free ends with some accessible polypeptide chain portions of the same protein. Moreover, apart
from the two terminal knots, during folding, such a construct would most probably create multiple
slipknots, where the internal domains, evolutionarily optimized for shallow threading would not have
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the means to cause complete threading of long portions of polypeptide chains. This is, however, not
the case in the modeled structure.

Although slipknots are present in numerous proteins, the structure predicted by AlphaFold for
this tandem repeat of MJ0366 is not composed of multiple slip knot-forming portions but of portions
forming complete knots. Obtaining such a structure would require threading the whole domain
through the twisted loop, which is impossible in a natively shallowly knotted protein.

10x 2efv

Figure 2. Structures of MJ0366 (PDB code 2efv) multimers. A) trimer with 3 consecutive knots, B)
pentamer with 5 consecutive knots, C) decamer with 10 consecutive knots. In each panel, the domains
are depicted in different colors. Black strands denote the glycine linkers.

We also tested AlphaFold predictions for artificial structures composed of multiple repeats of
amino acid blocks that in a natural setting form deep knots in polypeptide chains. We used trimeric
(8x) and pentameric (5x) amino acid sequences taken from the protein YibK (PDB code: 1j85) that
naturally forms a deep trefoil knot. As shown in Figure 3 AlphaFold predicted that these constructs
will fold into forms with three and five knots respectively, which again suggests that it can produce a
chain with an arbitrary number of consecutive knots. Again, such structures are impossible using the
known mechanisms of knot formation in proteins.
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Figure 3. The structures of multimers of deeply knotted YibK protein (PBD code 1j85). A) trimer with 3
consecutive trefoil knots, B) pentamer with 5 consecutive trefoil knots. In both panels, the tandemly
repeated protein blocks are represented with different pastel colors. The darker colors indicate the
knotted core. The glycine linkers are presented in black.

In our study, the domains were connected usually with a flexible, nine-glycine linker, to remove a
possible influence of the linker on the domain structure. However, for the completeness of the study,
we also tested various linker types (using glycine-serine linkers and proline-reach linkers) and lengths
(in the range of 1-17 residues). Apart from conformational variablity of linkers, we always obtained
topologically equivalent results. AlphaFold also provides a multimer algorithm, which was created to
model proteins composed of several disjoined subunits. We tested also this algorithm, again obtaining
the same protein topologies.

3.2. AlphaFold Predicts Impossibly Densely Packed Structures

The structures presented before were multidomain chains. We also thought if it is possible to
obtain a falsely knotted, single-domain structure. In order to produce one, we started again from YibK
protein, which naturally forms a trefoil knot. We have, however, shortened the twisted loop through
which the terminal portion of the chain would need to thread to form a knot. If the twisted loop is too
short the threading should become impossible and knots should not form.

However, even after the removal of 8 residues from the twisted loop (around 40%) AlphaFold still
predicted a knotted structure with no significant conformational change apart from the missing part
of the loop (Figure 4A). In addition, we were able to exchange small residues for bulky tryptophans
producing an extremely dense packing within the twisted loop pierced by the threaded portion of the
knotted polypeptide chain. Although no stereochemical clashes were observed within the twisted loop,
any movement needed for threading seems impossible (Figure 4B). The structure predicted shoed no
significant conformational changes relative to the native structure.
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Figure 4. Modified YibK protein with shortened loop. A) The native (blue) structure of YibK overlayed

with the structure with 40% of residues removed from the twisted loop (red). The structures differ
only in the region of the modified loop. B) The loop (green) with the threaded tail (yellow) with all the
atoms explicitly showed. In the top left corner - the schematic depiction of the threading.

4. Discussion

In this study, we demonstrated, that AlphaFold can predict protein constructs to form complex
knots even in cases where the formation of such complex knots by natural protein folding is not feasible.
We have analyzed two cases of multidomain proteins with composite knots, and a single-domain
proteins with modified knotted core. Overall, the results show, that not respecting topological barriers
in the early steps of the protein modeling procedure hinders AlphaFold ability to predict topologically
valid structures.

The non-respecting of the topology is a very deeply rooted feature of the algorithm, as it is
required to treat the chain in a reduced form of rotations and translations predicted by one of the
AlphaFold modules. Therefore, fixing the topological problem would require changing the deep
learning architecture of the tool. As a result, additional validation of predicted topologies is imperative
in any studies of AlphaFold-predicted structures, where the topology is important.

Most importantly, such validation has to be motivated biologically. Assessing the final structure
using any metric seems to be insufficient. In particular, assessing the structure by mean pLDDT for
a given chain (standard metric used in AlphaFold) may be highly confusing. In particular, all of the
structures analyzed in this work have mean pLDDT larger than 76, and in most cases larger than 80,
and therefore are classified as modeled reasonably. The reason is, that in the case of knotted structures,
crucial in structure validation is the mutual location of the loop and threading chain - the information
which, being local, is easily lost while averaging the pLDDT metric over the whole chain.

However, calculating the per-residue pLDDT does not solve the problem. In fact, in our cases, the
lowest pLDDT is obtained for the linkers, while for each knotted core the pLDDT is always relatively
large (Figure 5). This is, however, expected, as pLDDT measures how optimal are the distances, where
the optimum is taken from the reference structures. Therefore, the more similar is each knotted core to
the native structure, the higher the pLDDT score.
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Figure 5. The predicted structures of tandem triple repeats colored by pLDDT. A) 2efv trimer and B)
1j85 trimer (right). Both structures have three consecutive trefoil knots. The lowest pLDDT (blue) can
be seen in the linkers which are flexible and do not have homologs with well-defined structures. The
knotted cores pLDDT is relatively high (red) indicating those regions are modeled reliably. The white
parts are the tails with medium values of pLDDT.

This is the general problem with local measures such as pLDDT - locally, each domain and knotted
core has the correct structure. These are the global features of the protein (existence of a few domains),
which makes the whole structure wrong. Therefore, to fully assess the predicted structure, some global
metric, taking into account the whole backbone at once should be used.

There is also another problem with local metrics such as pLDDT, which may be seen in
multidomain proteins. If the studied domain exists in some experimental structures as a homodimer,
then pLDDT would increase if any two repeats of the domain were placed closely. In particular, when
predicting the structure of a homotrimer, AlphaFold will try to locate two domains in the same place
relative to the third domain, as in this case, the distances between the third and two other domains
would match those in the homodimer. This may lead to the overlaying of the domains. In fact, although
we did not find such structures in the best-ranked AlphaFold models, we indeed found such trimers
with overlayed domains among models with a lower ranking (Figure 6). It is worth mentioning, that
such structures also have mean pLDDT larger than 70, so they should be regarded as reliably modeled.

100 200 300 400

Residue Index

Figure 6. Wrong structure with overlayed domains. A) the model proposed by AlphaFold for the 1j85
trimeric repeat ranked in second place. The terminal domains - red and green - are almost overlayed.
B) the plot of pLDDT for the structure. The dashed line denotes the mean pLDDT score equal to 74.
The colors in panel A match those in panel B.
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The experiment with the tight loop in the YibK artificial mutant showed another problem of
AlphaFold, that small changes in the sequence, although potentially having a drastic effect on the
topology, have only limited influence on the structure predicted by AlphaFold. This effect was studied
before in the case of missense mutations [49,50], but it shows, that AlphaFold is of limited use in the
case of lasso-like proteins [51,52], where the topology can change when introducing, or removing
single cysteine residue.

The whole analysis shows, that AlphaFold, by design allowing chain passage, is not suited to
model structures with topological features such as knots. Yet, some knotted structures identified
among AlphaFold results may still be real. The 5; and 7; knots identified by Brems et al [29] are
single-domain structures with no visible dense residue packing. The 63 knot found by Perlinska et
al [30] is a double-domain knot, however, the domains are swapped. A similar effect was already
observed in the analysis of possible evolutionary pathway of deep 4; knot, another topologically
symmetric structure [31].

In general, however, caution should be exercised when interpreting AlphaFold’s predictions in
terms of protein topology, considering the potential for false-positive identification of knots and other
topological features.
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