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ABSTRACT
Metamorphic proteins (MPs) can fold into two or more distinct spatial structures. Increasing interest in MPs has spurred the 
search for computational tools to predict proteins fold-switching potential and model their refolding pathways. Here we address 
this problem by using the recently reported generative diffusion predictor UFConf, based on the AlphaFold2 network. We have 
developed a new UFConf-driven algorithm dubbed IMSD (iterative modeling via structural diffusion) to model the MP's path 
from one conformational state to another. In brief, we begin with the experimental structure of state A, perturb it through the 
“noising” process, and infer a number of models (replicas) through the reverse diffusion or “denoising” process. From this set of 
models, we choose the one that is closest to the alternative structure B; then we use it as a starting point to perform another round 
of noising/denoising and thus generate the next batch of replicas. Repeating this process in an iterative fashion, we have been able 
to map the entire path from state A to state B for metamorphic proteins GA98, SA1 V90T, and the C-terminal domain of RfaH. 
The obtained representation of the fold-switching pathways in these MPs is consistent with the dual-funnel energy landscape 
observed in the previous modeling studies and shows good agreement with the available experimental data. The new UFConf-
based IMSD protocol can be viewed as a part of the emerging generation of modeling tools aiming to model protein dynamics by 
means of deep learning technology.

1   |   Introduction

The sequence-structure–function paradigm, suggesting that 
protein sequence uniquely defines its three-dimensional struc-
ture, which in turn determines its function, has dominated the 
fields of biochemistry and structural biology for almost 70 years 
since the first protein structure has been solved [1]. This concept 
has been expanded with the discovery of intrinsically disordered 
proteins (IDPs), which fulfill their function despite the lack of 

a well-defined 3D structure  [2]. Another significant milestone 
was the discovery of metamorphic proteins (MPs), which can 
adopt two or more distinct spatial structures [3, 4]. In contrast to 
IDPs, which interconvert between many poorly ordered species, 
MPs typically switch between two well-structured states that 
are both sufficiently stable and represent different protein folds.

An ideal example of a metamorphic protein represents a mix-
ture of two structurally distinct protein forms that are both 
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significantly populated, allowing for their direct experimen-
tal detection and structural characterization (e.g., by means 
of NMR spectroscopy). However, in practice, one of the states 
is often dominant while the other is only sparsely populated, 
which precludes its direct experimental observation. In this sit-
uation, investigators usually try to adjust experimental condi-
tions, such as pH, temperature, or salt concentration, seeking to 
boost the population of the minor state [5]. Furthermore, point 
mutations are often introduced into the protein sequence or 
the sequence is otherwise altered (e.g., truncated) to drive the 
protein into its presumed minor state [6, 7]. These manipula-
tions may result in a situation where the altered protein adopts 
a new fold, different from the original version. Strictly speak-
ing, such systems should not be classified as metamorphic since 
the fold switching is caused by changes to protein sequence [8]. 
Nevertheless, one can argue that the alternative fold is, in fact, 
accessible to the original protein and point mutation (or an-
other modification) simply helps to expose these species. In our 
paper, we accept this latter, broader interpretation of what con-
stitutes a metamorphic protein.

Given the difficulties with experimental detection of sparsely 
populated alternative states, only relatively few such systems 
have been described to date. However, according to some esti-
mates up to 4% of proteins in the Protein Data Bank (PDB) may 
be classified as fold-switching [9]. Indeed, it has been shown 
that the fold-switching phenomenon is likely a result of evolu-
tionary selection, rather than just a random feature [10, 11]. The 
first discovered MP where metamorphosis is relevant to pro-
tein function is chemokine XCL1, which interconverts between 
chemokine-like and all-β dimeric fold [3, 10]. While the chemo-
kine fold interacts with a G-protein coupled receptor, the all-β 
form binds glycosaminoglycans [12]. Other notable examples 
of proteins where metamorphism has proven functional signif-
icance are KaiB involved in cyanobacterial circadian rhymes 
[13], human spindle checkpoint protein Mad2 [14], and bacte-
rial transcription factor RfaH [15].

Increasing interest in MPs has spurred the search for com-
putational tools to model their refolding pathways. In the-
ory, molecular dynamics (MD) simulations can be used to 
model fold-switching transition with atomic-level resolution. 
However, the time scale of this process is prohibitively long 
for conventional MD modeling. To address this issue, a num-
ber of enhanced sampling methods have been applied, such as 
replica exchange and modeling employing limited data [16, 17]. 
For bigger systems, MD simulations using coarse-grained 
structure-based models have also been implemented [18].

At the same time, various structure-prediction tools have 
been employed to appraise proteins' fold-switching poten-
tial. AlphaFold2 (AF2) [19], a revolutionary machine learning 
tool for prediction of protein structures, showed little success 
in predicting alternative states of metamorphic proteins [20]. 
Recently, a number of modifications to the AF2 training pro-
tocol have been proposed with the explicit purpose to model 
proteins' conformational variability, including alternate folds in 
metamorphic proteins [21, 22]. While the initial results appear 
promising, the ability of the AF2-based approaches to predict 
fold-switching behavior apparently remains limited [23].

A very recent addition to the field of protein structure prediction 
is generative diffusion models (GDMs) [24–27]. These algorithms 
build protein structures from individual amino acids through a 
process that can be described as diffusion in a potential, where 
the potential is generated by a suitably trained neural network. 
To train GDMs, protein coordinates are first corrupted via the 
so-called forward diffusion (also described as “noising”); the 
network then learns to eliminate noise and recover the original 
structure through the so-called reverse diffusion (“denoising”). 
For example, the popular generative model RFdiffusion is based 
on the previously developed neural network RoseTTAFold [28]; 
this model has shown excellent performance in protein struc-
ture predictions, as well as protein binder design, enzyme active 
site scaffolding, and so forth [24].

In this work, we make use of the recently reported generative 
diffusion algorithm UFConf [29], which is built around the 
suitably modified AlphaFold2 network. Modeling by UFConf 
starts with a protein structure, which is subjected to a forward 
diffusion (noising) run. In brief, the protein is broken down into 
individual amino acids, which are then diffused for a period of 
time t  via translational and rotational diffusion. Parameter t  is 
confined to the interval [0, 1], where the value of 0 corresponds to 
no noising and the value of 1 corresponds to (nearly) completely 
randomized placement of the protein's constituent amino acids. 
Starting with this fragmented model, UFConf algorithm regen-
erates protein structure via the reverse diffusion (denoising) pro-
cess guided by the learned probability distribution. The authors 
have demonstrated that UFConf can successfully predict various 
conformational rearrangements in proteins such as membrane 
transporter, multidomain filament protein and a kinase [29].

First, we asked ourselves if UFConf can successfully capture 
both protein folds when starting from a fully randomized ini-
tial configuration (i.e., without any specific structural input, 
but rather based on a sequence alone). The tests have been con-
ducted on six metamorphic proteins: GA98, SA1, full-length 
RfaH, C-terminal domain of RfaH, XCL1, and Mad2. For five 
out of six, we found that UFConf successfully approximates one 
of the folds, but not the other one. In only one case, that of full-
length RfaH, reasonable approximations have been obtained for 
both folds. At the same time, we also observed that UFConf gen-
erates multiple species that resemble intermediates on the path 
from one fold to another. We reasoned that UFConf, which is 
based on AlphaFold2, possesses some general knowledge of the 
principles of protein architecture. Consequently, it can recreate 
not only the stable folds but also produce realistic models for un-
folding/folding intermediates.

Motivated with this idea, we have developed the new IMSD 
(iterative modeling via structural diffusion) protocol to trace 
the path of a metamorphic protein from one fold to another. In 
brief, we begin with the experimental structure of state A, per-
turb this structure through the noising process, and then infer 
a new structural model through the reverse diffusion process. 
By repeating this procedure multiple times, we generate a batch 
of models (replicas), from which we choose the one that is clos-
est to the alternative state B. We then use this particular model 
(termed iteration minimum, or IM) as a starting point, perform 
“noising–denoising” routine, and thus generate the next batch 
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of models, from which we again select the one that is closest to 
state B, etc. By iterating this process, we have been able to map 
the entire path from state A to state B for several metamorphic 
proteins.

Clearly, the IMSD protocol represents a steered algorithm to 
model the transition path from fold A to fold B (the reverse 
transition from B to A can be modeled as well). Note that the 
steering is performed in a fairly gentle manner—through se-
lection of the IM states, which are used to iterate the process 
of UFConf model-building. It does not interfere in any way 
with the UFConf procedure per se, and therefore we argue that 
UFConf retains its ability to build meaningful models, which 
can approximate different protein states (including folding/un-
folding intermediates). The output of the IMSD procedure is the 
series of the IM states on the path from A to B. As it turns out, 
these IM states can be interpreted as fold-switching intermedi-
ates or, more generally, on-path species, as supported by the ex-
perimental evidence.

Generally, we believe that machine learning engines, such as 
AF2-based tool UFConf, have a fundamental ability to model 
protein folding, unfolding, or refolding. In this paper, we present 
the IMSD scheme, which employs UFConf to model the process 
of fold-switching by metamorphic proteins. The new scheme 
is sufficiently robust, offering an attractive alternative to more 
computationally intensive methods using enhanced sampling 
MD techniques.

2   |   Results and Discussion

2.1   |   Can UFConf Predict Two Metamorphic Folds 
in a Single Run?

As discussed above, UFConf is a diffusion-based generative 
model, which aims to sample protein conformations using both 
protein sequence and structure as an input [29]. First, the pro-
gram (partially) disassembles the structure, then reassembles it 
by means of the diffusion algorithm driven by a suitably modi-
fied AlphaFold2 network. In our simulations, one UFConf run 
produces 100 replicas, representing a range of structures con-
sistent with the input. In the case of metamorphic proteins, it is 
conceivable that UFConf can recover both characteristic folds 
among the 100 output conformers. To test this conjecture, we 
have conducted the tests using six well-characterized metamor-
phic systems.

For the sake of convenience, we label the two states of meta-
morphic protein “ground state” (GS) and “alternative state” 
(AS). In doing so, we assume that the ground state is the one 
that is dominant under normal conditions (room temperature, 
neutral pH, close to physiological salt concentration, absence of 
the bound ligand, etc.). While the choice between GS and AS 
designations may not always be straightforward, in most cases it 
is sufficiently clear-cut.

To test the ability of UFConf to recover both metamorphic folds 
in a single run, we set the diffusion-time parameter to t  = 1.0. 
With this setting the program generates an initial spatial distri-
bution of amino acids which is completely random. Thus, any 

prior structural information is erased and the input is limited 
to protein sequence alone. In this manner, we avoid biasing 
UFConf toward the starting structure, hoping to recover both 
GS and AS folds in a single run.

As a first example, we discuss the well-known metamorphic 
protein GA98 [6]. This system is a product of a rational design 
approach. As a starting point, Bryan and co-workers used two 
different domains from the streptococcal protein G [6, 30]. The 
native GA domain consists of 45 structured residues, adopts 
3α fold and, characteristically, binds to human serum albumin 
(HSA). The native GB domain consists of 56 structured residues, 
adopts 4β + α fold and, characteristically, binds to the constant 
fragment (Fc) of immunoglobulin G (IgG). The two domains, 
GA and GB, have no significant sequence similarity. In their 
work, Bryan et al. have redesigned both GA and GB, seeking to 
bring their sequences closer to each other. These efforts resulted 
in a pair of constructs, GA98 and GB98, which are 98% sequence 
identical (differing only by a single substitution, L45Y). Despite 
this very high level of homology, GA98 retains its 3α fold and 
binding propensity to albumin, while GB98 retains its 4β + α 
fold and binding propensity to IgG.

At the same time, it has been found that GA98 has affinity 
for IgG. This led the authors to suggest that GA98 is, in fact, a 
metamorphic protein, which alternates between the dominant 
3α species (ground state, identified by protein's binding to al-
bumin) and low-populated 4β + α species (alternative state, 
identified by protein's binding to IgG) [6]. Later, it has been 
inferred that GB98 is also a metamorphic protein, where the 
ground state and the alternative state are reversed compared 
to GA98 [31, 32]. The structures of both GA98 and GB98 were 
subsequently solved by means of solution NMR spectroscopy 
[33], paving the way to simulation studies of fold-switching in 
this system [34, 35].

For this system, we executed the UFConf run using GA98 se-
quence (t  = 1.0) and thus generated 100 predicted structures 
(replicas) of the protein. For each replica, we calculated the 
root-mean-square deviation (rmsd) of the backbone atomic co-
ordinates relative to the pair of reference structures, GS (3α fold, 
PDB id 2LHC) and AS (4β + α fold, PDB id 2LHD). The results 
are mapped in Figure 1A, where every circle represents a single 
replica. Those replicas that are closest to the GS state and AS 
state are indicated by gold-filled circles. They are also shown 
in Figure  1B (red models) along with the reference structures 
(green models).

The results in Figure 1 demonstrate that UFConf has success-
fully reproduced the GS fold of GA98 (cf. two models on the left 
of Figure  1B), but failed to recover the AS fold. Nonetheless, 
it generated a number of replicas that are closer to AS rather 
than GS (i.e., fall under the diagonal in the map Figure  1A). 
Characteristically, these replicas feature the nascent β-sheet 
structure as found in the AS fold (cf. two models on the right of 
Figure 1B).

The question is how to interpret those UFConf replicas, which 
are only remotely similar to both GS and AS. Given the UFConf 
mastery of protein architecture, we argue that these are not 
simply failed models, but rather feasible structural states on the 
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path from GS to AS (some of them are probably sufficiently sta-
ble to be viewed as fold-switching intermediates). This idea led 
us to formulate the iterative IMSD protocol, detailed in the next 
section.

In addition to GA98, we have also tested UFConf using a com-
plementary GB98 sequence. The latter sequence differs by only 
one mutation, but this single mutation leads to a reversal of 
metamorphic states: the 4β + α fold becomes dominant (GS), 
while 3α fold becomes rare (AS). The results of the UFConf run 
performed on GB98 are illustrated in Figure  S1. In this case, 
UFConf produced one replica that recapitulates the GS fold, as 
well as some replicas that show loose similarity to the AS fold. 
All other replicas fall somewhere in between GS and AS, consis-
tent with their interpretation as transition species.

We have also conducted analogous UFConf tests on other met-
amorphic proteins, see Figure  S2. For SA1, XCL1, Mad2, and 
the isolated C-terminal domain of RfaH, the UFConf-generated 
replicas gravitate toward the GS fold, while showing a range 
of species that deviate to various degrees from the GS model. 
One special case is full-length RfaH, which has been recovered 
in an open conformation with its C-terminal domain adopting 
5β fold (corresponds to a low-populated AS state). At the same 
time, UFConf also generated a number of closed conformations 
of RfaH, where the C-terminal domain is transformed into an 
α-helical hairpin (resembling the dominant GS state). More in-
formation about this system can be found in Section 2.4.

We conclude that, with some exceptions, UFConf usually re-
covers the ground state of the metamorphic protein and fails to 

FIGURE 1    |    Single-run UFConf predictions for metamorphic protein GA98 (t = 1, 100 replicas). (A) Conformational space map where each replica 
is mapped according to its backbone rmsd relative to the pair of reference structures, GS (first model from the NMR-determined structure 2LHC) and 
AS (first model from the NMR-determined structure 2LHD). Gold-filled circles represent the replicas with the lowest rmsd to the GS and AS models. 
(B) Cartoon representation of GS and AS models (green), as well as UFConf replicas with the lowest rmsd to the GS and AS models (red). For the 
UFConf replicas, the values of rmsd to the GS and AS models are indicated in brackets above the respective models. In addition, we also conducted 
a UFConf test that generated 1000 replicas; the results proved to be similar to those illustrated in this figure.
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predict its alternative state. In this sense, UFConf is similar to 
AlphaFold2, on which it relies to perform the reverse-diffusion 
step [36]. However, we note that UFConf generates a multitude 
of conformational species on the path from GS to AS, which can 
be interpreted as fold-switching intermediates. Experimental 
evidence in support of this hypothesis will be discussed in what 
follows.

2.2   |   IMSD Modeling of Fold-Switching Transition 
in GA98

In this section, we model the fold-switching transition in GA98 
using the UFConf-based IMSD (iterative modeling via struc-
tural diffusion) scheme. The details of this protocol are de-
scribed below.

Same as before, we rely on two reference structures, represent-
ing the protein's ground state (3α fold, PDB deposition 2LHC, 
leftmost model in Figure 1B) and alternative state (4β + α fold, 
PDB deposition 2LHD, rightmost model in Figure 1B). We begin 
the IMSD simulation with the UFConf run which partially 
disassembles the GS structure (t  = 0.5) and uses the resulting 
variable arrangements of amino acids as starting points to build 
100 new structural models (replicas). Since the initial structure 
is only partially randomized, all replicas turn out to be rather 
similar to the GS.

From the so generated pool of replicas, we select the one with the 
lowest rmsd to the AS model; this replica is called the Iteration 
Minimum (IM) state. The IM model is then used as a starting 
structure to launch another UFConf run and identify the next 
IM, and so the process is iterated for a number of times. As the 
simulation progresses, the IM states gradually become less sim-
ilar to the GS and more similar to the AS, thus modeling the 
fold-switching transition.

At some point the latest in the series of IM states approaches to 
within several angstroms of the (target) AS state. At this stage 
we want to reduce the perturbing effect on the system, that is, 
reduce the parameter t , so that the next UFConf search is local-
ized in the vicinity of AS. Since t  controls the extent of noising 
(i.e., loss of structure) it is convenient to think of this parameter 
as effective temperature. Early in the IMSD simulation we are 
interested in heating the system so that it can climb out of the 
“energy well” associated with GS, but late in the simulation we 
want to cool the system down such that it can settle in another 
“energy well” representing the AS.

To implement this agenda, we adopted the following scheme. 
During the course of the simulation, when rmsd between the 
current IM and AS falls below 5 Å, we reduce t  from 0.5 to 
0.4; when rmsd falls further to less than 3 Å, we lower t  to 0.3. 
Finally, when rmsd reaches 2 Å, we assume that at this level of 
accuracy IM provides a bona fide model of the AS fold and thus 
terminate the simulation. In what follows, we differentiate be-
tween the main stage of the IMSD simulation (t  = 0.5) and the 
refinement stage (t  = 0.4 and 0.3).

The choice of parameters in the above scheme is clearly empir-
ical, but it works well for two of the metamorphic proteins at 

hand. One can envision that a more sophisticated adaptive algo-
rithm may be developed in the future, where t  is automatically 
adjusted in response to the current progress of the simulation on 
the path from GS to AS. However, in this report we merely seek 
to demonstrate the principle of IMSD modeling and, therefore, 
opt for a simple empirical protocol.

The IMSD simulation of the GA98 transition from 3α fold to 
4β + α fold is illustrated in Figure 2. Same as before, the 2D map 
characterizes each UFConf-generated replica in terms of back-
bone rmsd relative to the GS and AS states; the IM conformers 
are indicated by solid circles with all other replicas shown as 
pale empty circles. The progression of the simulation from the 
first to the last iteration is coded by color (changing from red to 
blue according to the color bar scale). The initial GS state (green 
circle) and the consecutive IM states are connected by straight 
line segments, forming a trajectory on the map. The entire area 
containing the UFConf-generated replicas is enclosed in a gray 
contour. Shown on the right side of the map are the ranges indi-
cating where one or the other t  value has been used.

Certain representative IM states are labeled in the map accord-
ing to their iteration number. These states are also visualized in 
Figure 2B (with colors ranging from red to blue), along with the 
GS and AS states (green). Note that in terms of their physical 
relevance, IMs are not different from other UFConf-generated 
replicas, that is, the term “iteration minimum” does not imply 
that these conformers are energetically favored over others.

Surveying the trajectory in Figure 2A, we observe that the sim-
ulation that starts from the GS model eventually arrives at the 
state within 2 Å of the AS model. In other words, during the 
course of the simulation, the protein has switched folds (the 
feat that proved to be impossible in a single UFConf run, see 
Section 2.1). The trajectory consists of two branches. First, the 
system moves in a general direction from left to right (from GS 
to IM5), with rmsd to GS progressively increasing but relatively 
little change in rmsd to AS. This branch corresponds to partial 
unfolding of the GS structure. After that, the trajectory makes 
a turn and starts moving downward (from IM5 to IM22), with 
rmsd to GS showing little change but rmsd to AS progressively 
decreasing. This branch describes the formation of the AS fold.

The gray shaded region in Figure 2A that is drawn around the 
entire grouping of replicas on the map has the characteristic boo-
merang shape, matching the above description of the transition 
path. This distinctive shape has also been found in the enhanced 
MD simulations of fold-switching transitions in a two-funnel 
energy landscape [37, 38]. Note how the AS funnel narrows to-
ward the bottom, see Figure 2A. This is undoubtedly a physical 
characteristic of the folding funnel, which is reproduced in the 
IMSD simulation. In part, this effect is due to the lowered t  value 
at the refinement stage, beginning from IM8, but it is already 
noticeable during the main stage, from IM5 to IM7.

Let us now trace the main events on the path from the GS to 
AS state, as illustrated in Figure  2B. The state IM1 is rather 
similar to its parent GS model. The all-helical fold is preserved 
for another three iterations, but in IM4 the separation grows 
between α3 and the other two helices, and α3 also frays at the 
C-terminus. The next iteration minimum, IM5, shows the most 
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6 Proteins: Structure, Function, and Bioinformatics, 2025

FIGURE 2    |    IMSD simulation of fold-switching transition in GA98. (A) Conformational space map where each structural model is mapped ac-
cording to its backbone rmsd relative to the GS and AS models. Bright solid circles represent the IM models, pale empty circles represent all other 
UFConf-generated replicas (colored from red to blue according to iteration number, cf. color bar on the right); green circles represent the GS state 
(starting model) and the AS state (target). The gray shaded region is drawn around all replicas generated during the simulation. Shown in the insert 
is the magnified image of the final portion of the IMSD trajectory (iterations 14 to 22). The ranges of parameter t  used for UFConf modeling are indi-
cated on the right side of the plot. (B) Cartoon representation of GS and AS models (green), as well as selected IM models (colored from red to blue), 
representing the key transformations on the path from GS to AS. The rmsd values relative to GS and AS models are indicated in brackets above each 
IM model. The secondary-structure elements in the reference structures and their constituent residues are as follows: GS—α1 (9–22), α2 (27–35), α3 
(39–51), AS—hairpin β1–β2 (2–19), α (23–37), hairpin β3–β4 (42–55). The evolution of the secondary structure throughout the trajectory is visualized 
in Figure S3A.
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significant loss of structure, with α3 fully dissolved and α2 
shortened. Starting from this point, the alternative fold begins 
to form. Already in IM6, the disordered C-terminal portion of 
the peptide chain folds into β3–β4 hairpin. At the same time, 
α1 shortens while α2 expands (note the change in perspective in 
plotting IM6). The latter helix corresponds to helix α in the AS 
state; it remains stable until the end of the simulation.

In the next state, IM7, we observe the nucleation of the β1–β2 
hairpin structure at the N-terminus of the polypeptide chain. 
However, the strand β1 is only partially formed at this stage, and 
some distorted helical geometry inherited from α1 is observed in 
the region 10–18. A more convincing version of β1–β2 is found in 
IM14 and several subsequent states. Finally, in IM22 we observe 
the fully formed β-sheet, which is similar to the one observed in 
the AS state.

At this point it is appropriate to ask whether the results of the 
IMSD simulations, such as illustrated in Figure  2, are repro-
ducible. To address this question, we have recorded a duplicate 
trajectory, see Figure S4. While some of the details differ, the 
duplicate trajectory features the same key events occurring in 
the same order: dissolution of α3, followed by formation of β3-β4 
and extension of α2 (turning into α), then emergence of β1 and, 
finally, transformation of the remaining portion of α1 into the 
edge strand β2.

In addition, we have also recorded a trajectory simulating the 
reverse transition from AS to GS, see Figure  S5. In this latter 
trajectory we observe the same key transformations, but in the 
reverse order. Already after the first iteration, the AS structure 
undergoes a major change, with β1–β2 hairpin replaced by the 
nascent α1 helix. This happens rapidly because the AS state is 
unstable and readily unfolds. Then after several more iterations 
β3–β4 hairpin disappears giving way to α3. During the refine-
ment stage the three helices, α1, α2, and α3, are packed against 
each other until finally the simulation arrives at the model 
within 2 Å of the GS state.

How does all of this correlate with the available experimental 
data, as well as bioinformatics data? The early loss of α3 during 
the course of the GS to AS transition is not surprising. Indeed, 
secondary structure predictors AGADIR [39], Jpred4 [40], and 
PSSPred [41] all indicate that this region has low helicity, but 
sizeable β-sheet propensity. Furthermore, mutation-based Φ 
analysis [42] of GA88 suggests that the all-helical fold of this pro-
tein is underpinned by the cluster of residues in helices α1 and 
α2 [43]. Almost all of these key residues are found in the surviv-
ing helical core of IM5 (which is our most disordered IM state). 
This core also includes residue L20, which is the site where a 
single mutation can cause fold-switching [33].

A significant amount of experimental data has been gathered 
on the formation of 4β + α fold in GB1 protein (which is 62% 
sequence-identical to GA98). In particular, Blanco et  al. used 
solution NOE measurements to demonstrate that the peptide 
corresponding to β3–β4 sequence has a strong propensity to 
form β-hairpin, above 40%, whereas the peptide corresponding 
to β1–β2 sequence has no such propensity [44]. Kuszewski et al. 
measured H/D exchange protection factors, concluding that the 
folding nucleus of GB1 involves β3–β4 hairpin that is packed 

against helix α. At the same time, the edge strand β2 is the last 
addition to the β-sheet and is not a part of the folding nucleus 
[45]. These conclusions were later confirmed by the mutation 
study by McCallister and co-workers [46]. The so-identified fold-
ing nucleus includes residues T25 and L45, where point muta-
tions can trigger fold switching [33]; it also contains most of the 
key conserved residues that control the fold [47]. These exper-
imental observations are in agreement with our IMSD simula-
tions, where we observe early formation of the β3–β4 hairpin 
and its packing against the helix α (IM6), whereas β2 is not fully 
established until the end of the simulation.

Thus we conclude that our IMSD trajectory recapitulates the 
main features of the unfolding/folding processes as observed 
in this system. These observations have also found support in a 
number of prior modeling studies [48–51].

The archetypal metamorphic protein GA98 is also well suited 
for negative-control simulations. To this end, we set up a simu-
lation where the AS model has been replaced with a 56-residue 
decoy representing the N-terminal SH3 domain from adapter 
protein Grb2 (PDB id 1AZE [52], chain A). The topology of the 
decoy is entirely different from that of the actual alternative 
state (the sequence is also different, but this is inconsequential 
since only the backbone rmsd to AS is evaluated in our protocol). 
In recording this negative-control trajectory, we can anticipate 
two outcomes. If the simulation succeeds in refolding GA98 into 
a non-native SH3 fold, that would clearly constitute a failure of 
the IMSD methodology. Conversely, if the simulation leads to 
partial unfolding of GA98 but shows no evidence of refolding, 
that would be consistent with expectations and confirm the va-
lidity of the method.

The results of this negative-control simulation are summarized 
in Figure  S6. The structure of GA98 has indeed undergone 
some changes consistent with partial unfolding. However, the 
resulting IM states show no similarity whatsoever with the 
decoy fold. Therefore, this test confirms the sound nature of the 
IMSD approach. In addition, we also conducted a similar test on 
non-metamorphic protein ubiquitin paired with the N-terminal 
domain of calmodulin (PDB ids 1UBQ and 1F70, respectively). 
As one may expect, highly stable ubiquitin has undergone little 
conformational change and showed no signs of fold switching, 
see Figure S7.

2.3   |   IMSD Modeling of Fold-Switching Transition 
in SA1 V90T

SA1 is a recently reported artificial 95-residue MP based on S6 
ribosomal protein from T. thermophilus [53]. Briefly, residues 
11 to 66 of the (slightly altered) S6 parent protein have been re-
placed by the 56-residue-long sequence of the GA domain (see 
Section 2.1). The so-obtained chimeric construct has a potential 
ability to adopt two different folds—either α/β-plait fold, which 
is native to the S6 ribosomal protein, or otherwise all-helical fold 
encoded in the GA sequence. This construct was further evolved 
in silico with the goal to accommodate the GA-type sequence 
within the native S6 fold. The design process led to SA1, which 
has S6-like α/β fold but apparently can convert to the alternative 
all-helical state [54].
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Metamorphic nature of SA1 has been put on display in the fol-
low-up study [55]. As it turns out, a single mutation in the SA1 
sequence, V90T, unmasks the presence of the alternative state, 
making it possible to observe the mixture of GS and AS species 
in an HSQC spectrum. Hence, SA1 V90T represents a clear-cut 
case of protein metamorphism. Interestingly, at 30°C this mu-
tant mostly populates the α/β state, while at 5°C the equilibrium 
shifts toward an all-α conformation. As it appears, the relative 
stability of α/β decreases at lower temperatures, reminiscent of 
cold denaturation [55].

Here we set out to model the fold-switching transition in SA1 
V90T using the newly developed UFConf-based IMSD proto-
col. The GS structure of SA1 V90T has been solved at 30°C by 
solution-state NMR using chemical shift data as well as NOE 
restraints (α/β fold, PDB id 8E6Y). In contrast, the AS structure 
has been determined at 5°C using backbone chemical shifts 
alone; the corresponding structural model has been generated 
using the program CS-Rosetta [56]. Although this model is likely 
sufficiently accurate, it is considered to be less reliable than a 
bona fide NMR structure and, therefore, has been deposited to 
a special PDB-IHM database [57] (4α fold, PDB-IHM id 9A20). 
The pair of reference structures, representing the GS and AS 
species of SA1 V90T, are shown in Figure  3B (green models); 
recall that the GS/AS nomenclature in this paper reflects the 
balance of populations at or near the ambient conditions.

Before we turn to the discussion of the IMSD simulation, we note 
that the recent structure 8E6Y, as well as SA1 structure 7MN1 
and PDB-IHM model 9A20, are all outside of the AlphaFold2 
training set and therefore are unfamiliar to UFConf. However, 
a number of S6-like proteins that are homologous to SA1 and 
possess α/β fold have been a part of the said training set (e.g., 
the native S6 ribosomal protein that has 57% sequence similar-
ity to SA1 V90T). As is the case with nearly all metamorphic 
proteins, a single UFConf run consistently predicts the GS struc-
ture for SA1 V90T and fails to identify the alternative state; see 
Figure S2.

The IMSD protocol to simulate fold-switching transition in SA1 
V90T required some modifications. Our initial attempts to con-
duct the simulation beginning with t  = 0.5 were unsuccessful. 
After 50 iterations, such IMSD trajectories produced only GS-
like structures with minor variations (not shown). To overcome 
this problem and drive the protein out of its “GS well,” we chose 
to (effectively) heat the system by using t  = 1.0 in the first iter-
ation. After this modification, the simulation has successfully 
run its course, generating a series of IM species on the path from 
GS to AS.

Besides, we note that there is some disparity between the GS 
model, which is fully structured, and the AS model, which 
features long disordered tails (as confirmed by spin relaxation 
measurements [55]). It obviously makes little sense to try to re-
produce the conformation of these flexible tails while approx-
imating the AS state. Therefore, we amended the operational 
definition of rmsd used in our protocol. Specifically, during the 
refinement stage, the calculation of rmsd was restricted to the 
structured portion of the AS state, residues 15 to 80. In this man-
ner, the convergence of the IMSD simulation in the vicinity of 
the AS has been significantly improved.

The results from this amended simulation scheme are summa-
rized in Figure 3. Note that the format of this graph is slightly 
different from Figure 2. The initial structure (GS, green circle 
in the map) is no longer connected to IM1. This is because the 
setting t  = 1.0 has been used in the starting iteration, meaning 
that all structural information associated with the GS model is 
erased and, therefore, there is no structure-based connection 
between GS model and IM1 model. Note also the dashed line 
between IM41 and the subsequent iteration minimum. This is 
the point where the simulation enters the refinement stage and 
the definition of rmsd is updated; as can be appreciated from the 
graph, the new rmsd values (calculated for residues 15–80) are 
substantially lower than the previous ones (calculated for resi-
dues 1–95).

At this point, we turn to the discussion of the IMSD simulation 
of SA1 V90T as illustrated in Figure 3. In this specific implemen-
tation of the protocol which initially employs t  = 1.0, UFConf 
builds a number of structural models based on sequence infor-
mation alone. All of these models are similar to GS, but some 
differences begin to emerge already at this stage. In particular, 
β4 strand at the edge of the β-sheet is lost already in IM1.

Gradual deterioration of the remaining β-sheet is observed in 
the next 20 or so iterations. For example, in IM14 we observe a 
residual β-sheet structure comprised of a small portion of the 
edge strand β2, the opportunistic central strand (shifted relative 
to the original β3) and a portion of β1. At the same time, both 
α1 and α2 survive, with α2 now orthogonal to α1/β-sheet and 
packed against them from the side.

Soon thereafter, the β structure is completely lost, but later it is 
briefly reestablished in IM24–IM27. In these iterations, we ob-
serve a pair of short strands, corresponding to the (shifted) β2 
and β3. However, already in IM27, a new α-helix begins to form 
in place of β3 (according to the AS nomenclature, this is α3). 
After that, the β sheet disappears for good, giving way to a fully 
helical arrangement, IM28 (see Figure 3B).

The last alternative-state helix, α2 (AS nomenclature), begins to 
form in IM33. Eventually, in IM41 the three-helical bundle α1–
α2–α3 is formed with correct topology, in agreement with the 
AS model. However, the position of α4 is off—it is tilted relative 
to the other helices and packed against both α1 and α3. Finally, 
after 15 additional rounds of refinement (using the updated defi-
nition of rmsd) the system arrives at IM56, which closely resem-
bles the AS fold. In this final conformation, α4 is packed against 
α3, the same as in the AS model; yet α4 remains tilted, in con-
trast to the AS model, where it is strictly parallel to α3 and the 
other helices. Considering this aspect, it may be hypothesized 
that IM56 is actually a better representation of the alternative 
state than the (chemical-shift-based) AS model.

At this stage, it would be appropriate to compare the pre-
dictions from the IMSD simulation to experimental data on 
unfolding/refolding intermediates of SA1 V90T. However, to 
the best of our knowledge, there are currently no experimen-
tal data that characterize the fold-switching transition in this 
recently reported metamorphic protein. While relevant data 
can be found for the parent S6 ribosomal protein [58–60], the 
level of similarity between S6 and SA1 is insufficient to draw 
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9

FIGURE 3    |    IMSD simulation of fold-switching transition in SA1 V90T. (A) Conformational space map where each structural model is mapped 
according to its backbone rmsd relative to the GS and AS models. The ranges of parameter t  used for UFConf modeling are indicated on the right side 
of the plot (*except the first iteration where t  = 1.0). Dashed line indicates the point where the rule to calculate rmsd is changed (beginning from this 
point only residues 15–80 are included in the calculations). The AS state is mapped using this updated definition of rmsd. (B) Cartoon representation 
of GS and AS models (green), as well as selected IM models (colored from red to blue), representing the key transformations on the path from GS to 
AS. The secondary-structure elements in the reference structures and their constituent residues are as follows: GS—β1 (1–10), α1 (16–33), β2 (40–43), 
β3 (59–67), α2 (69–79), β4 (85–92), AS—α1 (16–31), α2 (37–44), α3 (49–63), α4 (71–79). The evolution of the secondary structure throughout the tra-
jectory is visualized in Figure S3B. Flexible N- and C-terminal tails in IM56 and AS (residues 1–14 and 81–95) are painted gray; these segments are 
not included in the calculations of rmsd beginning from the 42-nd iteration.
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10 Proteins: Structure, Function, and Bioinformatics, 2025

any meaningful conclusions. We therefore conclude that the 
IMSD model of the fold-switching transition in SA1 V90T can 
be viewed as an in silico prediction awaiting future experi-
mental verification.

2.4   |   IMSD Modeling of Fold-Switching Transition 
in Isolated RfaH-CTD

Both GA98 and SA1 V90T are designed MPs containing GA-like 
sequences, which steer them toward an all-helical form. In this 
section, we discuss a different example involving an isolated C-
terminal domain of RfaH.

Bacterial transcription antitermination protein RfaH consists of 
two domains, RfaH-NTD and RfaH-CTD. In its free state, this 
protein adopts an (autoinhibited) closed conformation where 
CTD is packed against NTD in the form of αα-hairpin, see 
Figure S8A. After RfaH binds to ops-paused RNA polymerase, 
the CTD dissociates from NTD and promptly refolds into β-
barrel, see Figure S8B. The so transformed CTD then engages 
the ribosome, thus initiating on-site translation of the newly 
synthesized RNA. Upon termination of transcription, RfaH is 
released and reverts to its closed conformation [61].

While the metamorphic nature of RfaH has been recognized 
early on, no direct evidence of an alternative state (open con-
formation involving β-barrel C-terminal domain) can be found 
in the HSQC spectrum of the full-length protein [7]. The fold 
switching can be detected, though, after binding to the ops-
paused transcription elongation complex [61]. Alternatively, the 
E48S mutation weakens the interdomain interaction, leading to 
a mixture of species (with differently folded CTD domains) ob-
servable in the HSQC spectrum [7]. This is the signature mani-
festation of a metamorphic protein.

The separation of the two domains by means of proteolytic 
cleavage results in the conversion of the CTD to the β-barrel 
form. Likewise, when expressed as a separate construct, RfaH-
CTD adopts the β-barrel conformation [62]. It can be further ar-
gued that both folds, β-barrel and αα-hairpin, are encoded in the 
RfaH-CTD sequence and interdomain interaction simply favors 
the latter over the former. Hence, RfaH-CTD can be regarded as 
a metamorphic protein in its own right [38]. Note that in isola-
tion αα-hairpins are normally unstable; they are stabilized by 
packing with other structural elements (e.g., an additional helix 
in a helical bundle) or by disulfide bridges [63–65]. Therefore, 
it is to be expected that αα-hairpin form of RfaH-CTD is a low-
populated alternative state.

In what follows, we use our IMSD scheme to investigate the 
fold-switching behavior of an isolated RfaH-CTD. As a ground-
state model we use the NMR structure of an isolated RfaH-CTD 
(β-barrel, PDB id 2LCL). In defining this model, we exclude the 
disordered N-terminal tail and retain only the core portion of 
the domain, residues 115 to 162 (see Methods for additional com-
ments). As for the alternative-state model, there is no structural 
data for the presumed αα-hairpin conformation of an isolated 
RfaH-CTD. Therefore, we derive the model from the x-ray struc-
ture of the full-length RfaH in the closed conformation (PDB 
id 2OUG). The distinctive αα-hairpin in this structure which 

corresponds to the CTD (painted green in Figure  S8) is stabi-
lized by the interaction with NTD. The crystallographically re-
solved portion of CTD is limited to residues 115 to 156 (segments 
108–114 and 157–162, which are structured in the GS model, are 
apparently disordered in the AS state). Therefore, in the follow-
ing IMSD simulations all rmsd values are calculated for this core 
portion of the sequence, residues 115 to 156.

The IMSD trajectory for RfaH-CTD is illustrated in Figure  4. 
The simulation uses the same default protocol as initially de-
veloped for GA98 (see Section 2.2). The first iteration leads to 
IM1 in close agreement with the initial GS model. The system 
then gradually drifts away from the ground state; by the time 
it reaches IM11, it has lost the edge strand β4 and the adjacent 
strand β3 has become shorter. After a few more iterations, only 
a short β2-β3 segment survives from the original β-barrel ar-
rangement; the topology is also changed—the domain now 
resembles a twisted hairpin. The topology is further altered in 
going from IM14 to IM15 (note also the change in perspective 
in Figure  4B). The latter model has no identifiable secondary 
structure, although the nucleation of α2 helix is visible (residues 
137–145) and, to a lesser extent, the nucleation of α1 can also be 
seen (residues 121–127).

Beginning with almost structureless IM15, the system starts to 
refold into an alternative conformation. At this point, the tra-
jectory takes a turn and moves downward, reducing rmsd to 
the AS model (see Figure 4A). Already in IM16, we observe a 
partially formed αα-hairpin comprised of residues 124 to 149. 
Interestingly, this αα-hairpin is capped with β1-β5 pairing on 
the back side. This arrangement is known as βααβ unit and can 
be found, for example, in metamorphic protein KaiB [66]. There 
is no reason to think that IM16 represents any significant inter-
mediate, but such species may indeed occur in the process of GS-
to-AS transition in RfaH-CTD. In the next iteration, IM17, this 
distinctive arrangement disappears, giving way to the expanded 
αα-hairpin (residues 120–151). After twelve additional rounds 
of refinement, the two helices become aligned, and the hairpin 
expands further, spanning residues 117 to 153. The final state, 
IM29, resembles closely the target AS model; see Figure 4B.

For systems like RfaH-CTD, where the two folds are entirely 
different, the transition pathway likely involves (near) complete 
unfolding of the protein followed by refolding into a different 
structure. In this sense, it may not be accidental that the IM15 
state in our IMSD simulation is essentially structureless (in con-
trast to GA98 and SA1 V90T intermediates which all retain sig-
nificant elements of structure). At the same time, it should be 
noted that our IMSD approach focuses on intermediate states 
that generally tend to be more compact and partially structured 
while leaving out transition states that are more extended and 
disordered (see Concluding remarks for further discussion).

How does all of this correlate with the experimental evidence on 
RfaH-CTD fold-switching behavior? Zuber et al. have recently 
measured h3JNC’ couplings across hydrogen bonds in RfaH-CTD 
[67]. By comparing the magnitudes of the coupling constants, 
they surmised that β2-β3 pairing is the most stable portion of the 
β-sheet. This is consistent with our simulations, which suggest 
that β4 is the first strand to experience unfolding, while β2-β3 
survive for some time.
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Furthermore, their CEST measurements supplemented with 
urea titration data indicated that the sample of RfaHCTD con-
tains ca. 5% of minor species, which are unfolded, but have 
two regions with helical propensity: 127–131 and especially 

136–150 [67]. Characteristically, these regions feature elevated 
(15)N R2 relaxation rates, likely from helix-coil exchange. These 
observations are in line with our results whereby the region 
137–145 has been identified as the α2 nucleation site. This is 

FIGURE 4    |    IMSD simulation of fold-switching transition in RfaH-CTD. (A) Conformational space map where each structural model is mapped 
according to its backbone rmsd relative to the GS and AS models. (B) Cartoon representation of GS and AS models (green), as well as selected IM 
models (colored from red to blue), representing the key transformations on the path from GS to AS. The portion of the structures that is not included 
in the calculations of rmsd, residues 157–162, is painted gray. The rmsd values relative to GS and AS models (calculated for residues 115–156) are in-
dicated in brackets above each IM model. The secondary-structure elements in the reference structures and their constituent residues are as follows: 
GS—β1 (116–118), β2 (126–130), β3 (138–144), β4 (149–153), β5 (159–161), AS—α1 (117–130), α2 (135–155). The evolution of the secondary structure 
throughout the trajectory is visualized in Figure S3C.
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also consistent with predictions by NetCSSP [68] and other pro-
grams that report strong helical propensity for the leucine-rich 
motif 138RSMLLLNLI146 within this region. All of this leads 
us to suggest that IM15 conformation observed in our simula-
tions is representative of Uα species described by Zuber and co-
workers [67].

3   |   Concluding Remarks

Twelve years ago, Harada and Kitao proposed their Parallel 
cascade selection molecular dynamics (PaCS-MD) scheme to 
explore conformational transition pathways [69]. The method 
assumes that there are two distinct conformational states, A 
and B, whose structures are known a priori. A series of short 
MD simulations is started from the structure A (using random-
ized initial velocities). The generated snapshots are ranked ac-
cording to their rmsd relative to the target structure B (lower 
rmsd is better). The top-ranking snapshots are then used to 
start the next series of short simulations. The process is iter-
ated until highly ranked snapshots come sufficiently close to 
the conformation B. Using the PaCS-MD method, Harada and 
Kitao have successfully modeled the transition between open 
and closed forms of T4-lysozyme and also managed to fold a 
10-residue mini-protein chignolin [69]. The attraction of the 
PaCS-MD scheme is that it does not interfere with the native 
MD algorithm, i.e., it does not introduce any kind of biasing 
or steering potential to drive the system toward the state B. 
Instead, it steers the system in a milder way by selecting the 
conformers that are closest to B and using them to reseed the 
simulations.

The IMSD method proposed in this paper is conceptually sim-
ilar to the PaCS-MD scheme by Harada and Kitao. The obvi-
ous difference is that in our protocol, the structure is evolved 
through the generative diffusion algorithm (noising-denoising 
steps) instead of the conventional MD run. The amount of 
noising (i.e., the magnitude of structural perturbation to the 
system) can be arbitrarily large, which means that IMSD 
can scale high energy barriers unlike the original PaCS-MD 
scheme. This makes the IMSD protocol suitable for model-
ing major structural rearrangements such as metamorphic 
transitions.

Let us now compare IMSD to those Molecular Dynamics meth-
ods that are used to model fold-switching transitions. For ex-
ample, in the cases of GA98/GB98 and RfaH-CTD, a number of 
modeling methods have been used, including different flavors 
of targeted MD, replica-exchange MD, metadynamics, MD em-
ploying special structure-based potentials, and a host of various 
hybrid schemes [16, 17, 34, 38, 51, 70–72]. A priori, we do not ex-
pect that these methods can faithfully reproduce the transition 
pathways in all their complexity. Indeed, current force fields ex-
perience issues even with the modeling of globular proteins [73]. 
It is clearly much harder to reproduce fold-switching interme-
diates for a metamorphic protein. The main measure of success 
for such simulations is their agreement with the experimental 
data (e.g., NMR data on unfolding/refolding pathways in a given 
MP). Another question faced by MD methods is the question of 
statistics. While the simulation may correctly identify some of 
the key intermediates, it may miss some others.

Similar criticism can be directed at our IMSD scheme. The key 
premise of our approach is that the latest-generation predictors, 
such as the AF2-based generative diffusion algorithm UFConf, 
can meaningfully predict not only the fully folded protein forms, 
but also the partially folded intermediates. In turn, this implies 
that AF2 and its peer programs have learned the general princi-
ples of protein architecture. Although this seems to be the pre-
vailing opinion in the field [74–76], some reservations have also 
been expressed [23, 77].

Note also that the IMSD approach is not intended to capture 
fold-switching transition states, which are largely (although 
not entirely) disordered, extremely low-populated, and short-
lived. Rather, it aims to model the intermediates, which are 
partially structured, can be substantially populated, and have 
longer lifetimes [78]. Indeed, the UFConf algorithm at the core 
of our scheme first disassembles the protein and then attempts 
to fold it, thus arriving at partially folded (i.e., stabilized) spe-
cies. It is worth noting that, unlike transition states, folding in-
termediates lend themselves to direct experimental observation 
[79]. It is also evident that our IMSD trajectories in their current 
form do not provide a statistically complete description of fold-
switching pathways. Note, however, that IMSD simulations are 
sufficiently fast compared to most accelerated MD algorithms 
(see Methods). Therefore, it should be fairly straightforward to 
improve the statistical aspect of IMSD simulations.

Clearly, IMSD scheme can be parameterized in many different 
ways. In particular, instead of rmsd one can use other collective 
variables such as GDT-HA, TM score or a fraction of native con-
tacts Q [80–82]. We have explored the latter option and found 
that Q-based IMSD schemes can successfully reproduce meta-
morphic transitions in some cases, but not in others. The results 
from Q-based IMSD simulation of GA98 are fundamentally sim-
ilar to those discussed above (see Supporting Information for 
details).

It should also be mentioned that UFConf is equipped with two 
original algorithms to simulate conformational transitions. The 
first algorithm is the Langevin dynamics. Briefly, the simula-
tion starts from a noising step with t  = 0.6. After that the system 
is evolved through a sequence of small noising-denoising steps, 
resulting in a quasi-continuous trajectory. While Fan et al. [29] 
have demonstrated that this algorithm can successfully sim-
ulate domain dynamics in adenylate kinase, it is not suited to 
cross any substantial energy barriers. We have recorded a tra-
jectory of GA98 consisting of 5000 steps of Langevin dynamics; 
this simulation took 3 days but, expectably, showed no signs of 
fold-switching transition.

The second algorithm by the developers of UFConf is Structural 
interpolation. This algorithm first generates noised versions of 
conformations A and B. These noised models, A′ and B′, are then 
weight-averaged, and the resulting mixture is denoised, thus 
leading to a conformation somewhere on the transition path. By 
varying the proportion of A′ and B′ in the mixture, from 1 to 
0, one presumably can sample the entire path from A to B irre-
spective of the height of the intervening energy barrier. Using 
this method, as implemented in UFConf, we were able to trace 
the fold-switching transition in SA1 V90T. However, the algo-
rithm failed our negative-control test, refolding SA1 V90T into 
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an unrelated HIV-1 protease fold (see Supporting Information 
for details).

In conclusion, there is obviously room for different GDM-based 
algorithms to model fold-switching transitions in metamorphic 
proteins. Yet, at this point, our rmsd-driven IMSD scheme ap-
pears to produce the best results. In our hands, the IMSD al-
gorithm has constructed reasonable models of fold-switching 
transitions in GA98 and RfaH-CTD, consistent with the char-
acteristic dual-funnel shape of the folding landscape. Crucially, 
these models are in agreement with the available experimental 
data. In the case of SA1 V90T, our results apparently represent 
the first detailed model of the fold-switching transition in this 
metamorphic protein. This model can be regarded as a theoreti-
cal prediction awaiting experimental verification.

In the future, it would be interesting to see if similar algorithms 
can be developed to model pathways of metamorphic evolution 
(i.e., evolution of one fold into another through accumulated se-
quence change). For certain protein families such as Cro there 
is evidence that evolutionary changes lead to structures that 
resemble early fold-switching intermediates [83]. We envision 
that the IMSD scheme may have a role to play in exploring such 
transformations.

It is also conceivable that the IMSD algorithm can be general-
ized to model protein folding and unfolding, that is, transitions 
from disordered state A to structured state B and vice versa. In 
broad terms, IMSD can be viewed as a part of the emerging gen-
eration of modeling tools [22, 26] aiming to model protein dy-
namics by means of deep learning technology.

4   |   Methods

The choice of AS and GS models is described in the text and in 
the Supporting Information. In the case of the RfaH-CTD GS 
model, we retain the core portion of the domain, residues 115 to 
162. In doing so, we exclude the N-terminal segment 108 to 114, 
which appears to be structured in the NMR model 2LCL, but is 
not a part of the β-sheet and is displaced (becomes a linker) in 
the open form of full-length RfaH, see structure 6C6S [84]. As 
a side note, this segment contains the 111YPGD114 motif, which 
UFConf invariably models as a β-turn. If included in the IMSD 
simulation, this β-turn appears to stabilize the β1-β2 hairpin in 
a number of states on the path from GS to AS. We believe that 
this is a modeling artifact, i.e., the propensity of this sequence 
to form a β-turn is significantly exaggerated [85]. Therefore, we 
choose to exclude this fragment from the GS model, same as in 
the prior MD simulation studies [16, 38].

The IMSD protocol has been implemented using an in-house py-
thon script, which is available for download (see Data availabil-
ity statement). The default procedure, such as used for GA98, 
involves the following steps:

	 i.	 The first round of UFConf calculations is launched using 
the input from .json file, which contains the following 
input parameters: filename for the starting structure (GS 
model), t  (default setting 0.5), number of replicas (100), and 
the number of reverse diffusion steps (30).

	 ii.	 After the UFConf run is completed, all replicas are 
screened for steric clashes. The clashes are identified 
using a Biopython script by Abanades [86] with the de-
fault set of van der Waals radii and a default cutoff factor 
of 0.6. Replicas with more than 5 clashes are removed from 
consideration.

	iii.	 The remaining replicas are characterized in terms of their 
backbone rmsd relative to the GS and AS models. The 
rmsd is calculated using the program MDAnalysis [87] for 
all backbone heavy atoms within the residue range as sup-
plied by the user. The structure with the lowest rmsd to the 
AS model (termed IM) is saved. If the rmsd to the AS model 
is lower than 2 Å, the program terminates.

	iv.	 A new .json file is generated which contains the filename 
for the starting structure (IM model from the previous step) 
and the t  value which has been updated according to the 
following rule: t  = 0.5 for rmsd ≥ 5 Å, t  = 0.4 for 5 Å > rmsd 
≥ 3 Å and t  = 0.3 for rmsd < 3 Å. The requested number of 
replicas and the number of reverse diffusion steps remain 
unchanged. The next round of UFConf calculations is 
launched with these input parameters. The algorithm then 
cycles to step (ii).

If necessary, the above default protocol can be readily modi-
fied (such as described in Section  2.3). The IMSD trajectories 
for small proteins can be recorded in less than a day (18 h for 
48-residue domain RfaH-CTD using NVIDIA GeForce RTX 
3080 GPU card); for bigger proteins, the simulation takes a 
longer time (3 days for 95-residue SA1 V90T using the same 
video card).
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