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A B S T R A C T   

The self-assembly of Aβ peptides into toxic oligomers and fibrils is the primary cause of Alzheimer’s disease. 
Moreover, the conformational transition from helix to sheet is considered a crucial step in the aggregation of Aβ 
peptides. However, the structural details of this process still remain unclear due to the heterogeneity and 
transient nature of the Aβ peptides. In this study, we developed an enhanced sampling strategy that combines 
artificial neural networks (ANN) with metadynamics to explore the conformational space of the Aβ42 peptides. 
The strategy consists of two parts: applying ANN to optimize CVs and conducting metadynamics based on the 
resulting CVs to sample conformations. The results showed that this strategy achieved better sampling perfor
mance in terms of the distribution of sampled conformations. The sampling efficiency is increased by 10-fold 
compared to our previous Hamiltonian Exchange Molecular Dynamics (MD) and by 1000-fold compared to 
ordinary MD. Based on the sampled conformations, we constructed a Markov state model to understand the 
detailed transition process. The intermediate states in this process are identified, and the connecting paths are 
analyzed. The conformational transitions in D23-K28 and M35-V40 are proven to be crucial for aggregation. 
These results are helpful in clarifying the mechanism and process of Aβ42 peptide aggregation. D23-K28 and 
M35-V40 can be identified as potential targets for screening and designing inhibitors of Aβ peptide aggregation.   

1. Introduction 

As the most common age-associated disorder, Alzheimer’s disease 
(AD) has become a serious social and health problem worldwide [1]. AD 
is pathologically characterized by the presence of Amyloid-β (Aβ) pla
ques and Tau neurofibrillary tangles in the brain [2,3]. Aβ plaques are 
composed of insoluble Aβ fibrils and other aggregated forms of Aβ 
peptides. The Aβ peptide is produced from the cleavage of the amyloid 
precursor protein (APP) by secretases and has a variable length ranging 
from 36 to 43 residues [4]. Because the cleaved segment is primarily 
located in the transmembrane region of APP, the Aβ peptide maintains a 
helical conformation after it is produced [5]. In addition, it has been 
confirmed that the Aβ peptides exist in highly disordered states and only 
adopt a limited number of stable and ordered conformations under 
physiological conditions [6]. These ordered conformations can trans
form into each other through the disordered conformational states [7]. 
There is also a central hydrophobic core consisting of multiple hydro
phobic residues in the middle portion of the Aβ peptide. Consequently, 
the Aβ peptides tend to form an intramolecular β-sheet structure that is 

stabilized by hydrogen bonds and hydrophobic interactions [8]. A recent 
study has confirmed that a specific β-hairpin plays a crucial role in the 
formation of Aβ oligomers [9]. Following the formation of intra
molecular β-sheet structures, Aβ peptides can further aggregate into 
oligomers and fibrils, which are highly cytotoxic to neurons [10]. The 
experimental and computational studies have confirmed that the pres
ence of intramolecular β-sheet structure is important for the aggregation 
of Aβ peptides and the formation of Aβ fibers [11–14]. Furthermore, the 
studies have observed the formation of oligomeric intermediates con
taining the α-helix in the C-terminus [15,16]. These α-helical oligomers 
can further initiate amyloid aggregation by converting into partial 
amyloid-like β-structures [16]. As the self-assembly of the Aβ peptides 
into toxic oligomers and fibrils is a key causal event in the onset of AD 
[17], it is crucial to gain a deeper understanding of the conformational 
changes from helix to sheet that occur in both Aβ monomers and olig
omers. This understanding is essential for investigating amyloid aggre
gation and designing inhibitors. 

The highly aggregated structures of Aβ peptides have been charac
terized and determined directly using experimental methods [18]. 
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According to the identified structures, all types of Aβ fibrils share a 
common core structure consisting of an array of intermolecular β-sheets 
that are stabilized by hydrogen bonds [19]. But the mechanism and 
process of Aβ peptide aggregation are not clearly understood due to the 
heterogeneity and transient nature of Aβ oligomeric species [20]. During 
the process of aggregation, Aβ peptides that form sheet conformations 
have a strong tendency to aggregate. At the initial stage of aggregation, 
Aβ peptides with a relatively high intramolecular β-sheet content tend to 
aggregate into dimers due to stable interactions between β-strands [21]. 
In the middle stage of aggregation, when adopting the intramolecular 
β-sheet conformation, Aβ peptides are prone to binding with Aβ prefi
brils [22]. But the related experiments show that the Aβ peptide is 
generated from the transmembrane segment of APP, and the helical 
portion of the transmembrane is located at the N-terminal of the Aβ 
peptide [23,24]. Therefore, the Aβ peptide must undergo a conforma
tional transition from α-helix to intramolecular β-sheet before aggrega
tion. As the essential step for Aβ aggregation, this conformational 
transition has also been the focus of extensive studies in recent years 
[25–28]. The investigation of conformational transitions can be helpful 
in probing the initial stages of aggregation and providing valuable 
structural insights into the inhibition of aggregation. 

Compared to the physicochemical techniques used to study Aβ 
peptides, molecular dynamics (MD) simulation can provide atomic-level 
spatial and temporal resolution for depicting the structure and dynamics 
of Aβ peptides [29]. By employing the MD method, we can accurately 
describe the details of conformational transition of the Aβ peptides. 
According to MD simulation results, Aβ peptides exhibit a rugged free 
energy surface and the coexistence of multiple minima corresponding to 
different native conformations [30]. Moreover, Aβ peptides not only 
adopt stable, well-defined secondary or tertiary structures at equilib
rium, but also dynamically interconvert between various conformations 
[31]. These properties may further extend the application of MD to study 
the conformations of Aβ peptides [19]. In the meantime, these charac
teristics also posed more difficulties in capturing key conformations, 
thereby limiting the application of MD in investigating conformational 
transitions of the Aβ peptides [29]. In order to effectively explore the 
conformation space of the Aβ peptides, an enhanced sampling strategy is 
required to improve sampling efficiency. When obtaining a sufficient 
number of conformations of the Aβ peptides, it becomes possible to gain 
a comprehensive understanding of the conformational transition process 
in relation to the kinetic properties of Aβ peptide conformations [32]. 

In this study, we specifically investigated the transition process in 
which the Aβ peptide changes from α-helix to intramolecular β-sheet 
state. Metadynamics, an efficient enhanced simulation, was used to 
perform biased simulations. This was achieved by introducing external 
Gaussian potentials that act on specific collective variables (CVs) that 
accurately describe the transition process. An artificial neural network 
was constructed and trained to extract the correct CVs from the MD 
trajectory, which undergoes similar conformational transitions. In total, 
10 iterations of metadynamics were run, producing a 300 ns MD tra
jectory. By comparing our MD trajectory of the Aβ peptide with other 
simulations, we found that the conformation distribution extracted from 
our nanosecond-scale simulation is comparable to those obtained from 
microsecond-scale simulations. This indicates that our sampling effi
ciency has significantly improved using this strategy. Subsequently, we 
constructed a Markov state model (MSM) using the sampled confor
mations. Based on the model, we depicted the conformational transition 
and identified three crucial regions that play an important role in this 
process. We believe that the results can provide a more comprehensive 
understanding of the atomic-level transformation of the Aβ peptide from 
helix to intramolecular sheet state. 

2. Methods 

Among all Aβ isoforms, Aβ40 and Aβ42 are the most important ones 
[33]. Moreover, Aβ42 is more prone to aggregation than Aβ40 due to the 

presence of two additional hydrophobic residues [34]. Therefore, the 
Aβ42 structures with helical conformations were used as the initial 
conformations in this study. Two NMR structures (PDB codes 1IYT and 
1Z0Q) were directly obtained from the Protein Data Bank and consid
ered to represent the helix conformation of Aβ42 in a solution envi
ronment. The third structure was generated by combining two structures 
(PDB codes 2BP4 and 2LP1). These structures represent the solution 
structures of the N-terminal 1–16 segment of Aβ42 and the trans
membrane C-terminal domain of the amyloid precursor protein, 
respectively. The N-terminal region of 2BP4 and the C-terminal region of 
2LP1 are conserved and joined together to form a single structure. This 
spliced structure can be considered as the helix conformation released 
from APP, and consequently it was named APP. Three Aβ42 structures 
are shown in Fig. 1, along with their helical content. 

Metadynamics is an efficient accelerated sampling method for 
observing rare events that cannot be accessed using conventional 
simulation methods [35]. In metadynamics, rare events can be sampled 
by applying a biased potential to the collective variables (CVs) under 
consideration and pushing the simulated system away from local free 
energy minima. Therefore, it is necessary and crucial to define the 
appropriate CVs that can accurately describe the dynamics of the 
simulated system when performing metadynamics. In this study, we 
employ a neural network to extract and optimize the appropriate CVs 
from the obtained MD trajectory. The resulting CVs are then used to 
guide metadynamics simulations. 

2.1. Determination and optimization of CVs 

Anncolvar is a specific tool for approximately extracting CVs using 
machine learning from MD trajectory data [36]. The output is the 
optimized combination of CVs that can describe the time-dependent 
structural evolution. These optimized CVs are organized into a file to 
be used as input for running metadynamics simulations. In this study, we 
developed a strategy that combines Anncolvar with metadynamics. We 
trained a multi-layer network using the simulation trajectory from 
previous experiments to generate the appropriate CVs. The metady
namics simulations were then conducted using these CVs. Moreover, the 
resulting metadynamics simulation trajectories were reintroduced into 
the constructed network for further optimization of CVs. Fig. 2 shows 
the flowchart of the derivation of CVs and the basic architecture of the 
network. 

As depicted in the flowchart, the Aβ42 structures in the chosen MD 
trajectories were positioned at the center of a 20 nm box. Additionally, 
the translation of individual atoms in the structure was eliminated to 
ensure a more precise alignment of each structure. The processed 3D 
coordinates were continuously input into the networks, which 
comprised of three hidden layers. There are 256, 128, and 64 neurons in 
each layer, respectively. The tanh activation function is used. After 
performing efficient dimensional reduction, several characteristics were 
extracted and combined as the CVs for running metadynamics 
simulations. 

In the previous research, we simulated the conformational transition 
of the Aβ42 peptide from helix to sheet using Hamiltonian simulation 
[37]. The trajectories undergoing significant conformational fluctua
tions were selected to train the multi-layer network and extract the 
initial CVs. We first compared the root mean square deviation (RMSD) of 
the Aβ42 peptide in four 400 ns MD trajectories for 1IYT, 1Z0Q, and 
APP, respectively. Based on the comparison shown in Supplement Fig. 1, 
the trajectory with the highest RMSD fluctuation was used to train the 
neural network model. Additionally, we calculated the root mean square 
fluctuation (RMSF) for each residue of the Aβ42 peptide in the chosen 
trajectory. Fig. 3 shows three disconnected regions, namely K16-V18, 
A21-D23, and K28-A30, displaying significant structural fluctuations. 
The results indicate that these regions are likely to be involved in sig
nificant structural fluctuations. Although the F19-F20 region has a 
similar RMSF to those three regions, it is not considered due to its 
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connection to A21-D23 and its proximity to K16-V28. 
Therefore, the distance between adjacent residues in these regions 

and their dihedral angles are considered important characteristics of 
conformational changes. With the selected trajectory and relevant in
formation, we trained the neural network constructed by Anncolvar and 
obtained the original CVs which are a combination of atomic co
ordinates from the selected regions. The original CVs can potentially be 
used to guide the metadynamics. The newly generated MD trajectory 
was once again input into the neural network and subsequently obtained 
the optimized CVs with different weighting efficiency compared to the 
original CVs. The optimized CVs were used to direct metadynamics. A 
total of 10 rounds of metadynamics were conducted with the CVs 
continuously optimized using the snapshots from the previous cycle. 

2.2. Metadynamics 

Three initial structures of the Aβ42 peptide were solvated with TIP3P 
water molecules and placed in a cubic box with a boundary 1.0 nm away 
from the edges. The MD parameters were set up the same as in the 
previous study [37]. The parameters associated with the Gaussian po
tential are defined as follows: the initial height of the potential is set to 
0.6 kJ/mol and is adjusted every 500 time steps. The analysis uses a 

Fig. 1. Three initial Aβ42 structures and their corresponding helical content.  

Fig. 2. The flowchart of CVs extraction and optimization using neural networks. The atomic coordinates of the Aβ42 peptide in various conformations were 
sequentially input into the neural networks. After performing efficient dimensional reduction, several characteristics were extracted and combined as the CVs for 
running metadynamics simulations. 

Fig. 3. Comparison of individual residue RMSF in Aβ42 peptide. A threshold 
RMSF of 0.7 nm is set, above which the structure of the corresponding region 
fluctuates more. According to this threshold, three disconnected regions close to 
the center of the Aβ42 peptide, namely K16-V18, A21-D23 and K28-A30, 
exhibit significant structural fluctuation. 
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Gaussian width of 0.35, which is generally of the same order of 
magnitude as the standard deviation of the CVs in the unbiased run. The 
bias factor, as an important parameter, should be carefully chosen 
because it determines the effectiveness of the sampling. After several 
trials, the bias factor was finally selected as 6.0, and the value of SIGMA 
is 0.35. 

In order to comprehensively sample the conformational space of the 
Aβ peptide, multiple rounds of metadynamics simulations were con
ducted. These simulations utilized different CVs that were optimized 
based on the continuously generated simulation trajectory. Ten rounds 
of metadynamics simulations were conducted for three Aβ peptides, 
resulting in a total simulation trajectory of 300 ns. All simulations were 
performed with the OPLS-AA/L force field using the PLUMED 2.6 
package and Gromacs 2018.8 [38]. 

2.3. Construction of MSM 

All Aβ peptide conformations sampled by the metadynamics simu
lation were further analyzed to explore the transition process among 
different conformations using Markov state modeling (MSM). In the 
MSM model, the conformation transition can be modeled as a collection 
of discrete Markov jump processes [39]. In order to clearly illustrate this 
process, MSM is generally also viewed as a network. The network nodes 
represent different conformation states, and the edges indicate the 
probabilities of transitioning between two states. When estimating the 
probability of a specific transition using an MSM model, we do not 
require information about previously visited conformations. 

In this study, we compared five features that represent the charac
teristics of secondary structures. We calculated their VAMP-2 scores at a 
specific lag time and selected the feature with the highest VAMP-2 score 
to reduce dimensionality using time-lagged independent component 
analysis (tICA). In the lower-dimensional space, all conformations of the 
Aβ peptide were clustered into distinct microstates based on their 
structural similarity. The microstates were then combined into several 
macrostates using the Robust Perron Cluster Analysis (PCCA+) algo
rithm, which considers only their kinetic similarities. From each mac
rostate, we extracted representative conformations to illustrate the 
transition process. The transition matrix was also constructed based on 
the resulting network. According to the transition matrix, we have 
identified the primary transition pathway. All the above analyses were 
performed using Python 3.7 and PyEMMA package 2.5.5 [40]. 

3. Results and discussion 

3.1. Conformation sampling by metadynamics 

3.1.1. Conformational comparison of Aβ42 peptide 
In order to clearly display the sampling results of metadynamics, we 

projected the sampled conformations onto the subspace defined by the 
secondary structure contents. Supplement Fig. 2 shows the distribution 
of sampling conformations in the subspace comprising Coil and Sheet 
contents for 1IYT, 1Z0Q, and APP. Based on the conformational distri
bution, we observe that the sampling range continuously increases as 
the simulation progresses. This expansion of the sample space is 
attributed to the utilization of different CVs by multiple-round optimi
zation. The optimized CVs with varying weights can enhance the 
crossing of energy barriers and sample different conformations during 
metadynamics. 

Taking all sampled conformations into consideration, the predomi
nant conformations of 1IYT are concentrated in the region characterized 
by an intramolecular sheet content of 10–30% and a coil content of 
20–70%. But the sampled conformations of 1Z0Q and APP are concen
trated in the range of 30% to 80% for coil content and 10% to 50% for 
sheet content. Compared to the conformations sampled from 1IYT, these 
structures contain more sheet or coil formations. In addition, the dis
tribution curves of the sampled conformations partially overlap across 

the different rounds of simulation, indicating that the entire sampling 
process is continuous and convergent. 

Similarly, the same trend is also observed in the distribution within 
the subspace consisting of helix and sheet contents, as shown in Sup
plement Fig. 3. The major sampled conformations of 1IYT are distrib
uted within the range of 20–70% for helix content and 10–30% for sheet 
content. The conformations sampled from 1Z0Q and APP primarily fall 
within the range of 10–60% for helix content and 10–50% for sheet 
content. The increase in sheet content, accompanied by a decrease in 
helix content, indicates a conformational transition from helix to sheet. 

All sampled conformations for 1IYT, 1Z0Q, and APP were combined 
and visualized in the subspace defined by the secondary structure con
tents. As shown in Fig. 4, the sampled conformations of the Aβ peptide 
occupied almost the entire range of subspace, except for the upper right 
corner where the content of secondary structure exceeded 60%. There 
are no naturally occurring conformations of the Aβ peptide that adopt 
such a high content of secondary structures. Therefore, we believe that 
the sampled conformations encompass most of the possible natural 
conformations of the Aβ peptide. 

Additionally, a clustering analysis was performed on all sampled 
conformations to assess their structural diversity. If the RMSD of two 
sampled conformations is within 3 Å, these two conformations will be 
classified into the same cluster. The results are shown in Supplement 
Fig. 4. It can be observed that the number of structural clusters gradually 
increases as the sampling progresses. The increased number of clusters 
implies that the sampled conformations exhibit greater structural di
versity. Moreover, compared to the initial several rounds of sampling, 
the rate of increase gradually decreases in the later rounds of sampling. 
It indicates that the number of newly sampled conformations is 
decreasing, and the sampling tends to converge to the maximum value. 

We further calculated the secondary structure contents of Aβ pep
tides in the fibrillar, oligomeric, and monomeric states stored in the PDB 
database. The structural contents of each Aβ peptide are listed in Sup
plement Table 1. These Aβ peptide structures were projected onto the 
same subspace as the sampled conformations. As shown in Fig. 5, the 
experimentally determined structures of the Aβ peptide are also within 
the sampled range. It indicates that the sampled conformations include 
various states of Aβ peptides that occur in nature, and these conforma
tions are suitable for analyzing conformational transitions. 

The conformational distribution displays a comprehensive sampling 
of the Aβ peptide, including the conformations of monomers, oligomers, 
and fibrils. Moreover, the results of the clustering analysis show that the 
newly sampled conformations are similar to the original conformations. 
These results demonstrate that convergence was essentially achieved 
after 10 rounds of metadynamics simulations. 

3.1.2. Comparison of search efficiency among different simulations 
Finally, we measured the sampling efficiency of the multiple rounds 

of metadynamics by comparing the conformational distribution with 
two other simulations related to the Aβ peptide: the previous 4.8 μs 
Hamilton replica-exchange molecular dynamics (H-REMD) [37] and the 
315 μs conventional molecular dynamics simulation [7]. Fig. 6 displays 
the conformational distributions in the subspace defined by the helix 
and sheet content for three simulations. 

We observe that the entire range of sampling partially overlaps in 
three simulations. According to the comparison of distribution curves, 
we find that the range of the curve for multiple rounds metadynamics 
essentially encompasses the other two curves. But the peak of each curve 
is slightly different from one another. The conformations generated by 
multiple rounds of metadynamics mainly concentrate on a region with a 
helix content of 30% and an intramolecular sheet content of 25%. 
Whereas the majority of conformations generated by the previous H- 
REMD simulation had a helical content of 10% and a sheet content of 
35%. Most conformations sampled by the conventional molecular dy
namics simulations have similar helix and sheet content as the H-REMD 
simulation and multiple rounds of metadynamics, respectively. 
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Fig. 4. The distribution of sampled conformations of 1IYT, 1Z0Q, and APP on the subspace defined by Coil and Sheet contents (A) and Helix and Sheet contents (B). 
Distribution curves of sampled conformations are shown at the top and right side of the figure. These distribution curves indicate that the sampling ranges partially 
overlapped for 1IYT, 1Z0Q, and APP. 

Fig. 5. The distribution of Aβ structures in different states, obtained from the PDB database, is projected onto the subspace defined by coil and sheet content. In this 
subspace, the sampled conformations are distributed. Based on the distribution, we observe that all Aβ structures in different states fall within the sampling range in 
this study. 
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According to the overlapping distribution, we can estimate the sampling 
efficiency by calculating the ratio of two simulated times. Compared to 
conventional simulation, the sampling efficiency is significantly 
improved by about 1000-fold through the utilization of multiple rounds 

of metadynamics. Compared to H-REMD, the sampling efficiency is 
increased by about 16-fold. The adopted strategy of combining ANN 
with metadynamics can significantly enhance the sampling efficiency. 
But the strategy also has limitations. For example, the sampling effi
ciency depends on the initial CVs, the configuration of ANN structure, 
and the optimization of network parameters. The comparison of sam
pling efficiency using different setups will be performed in future 
research to develop an appropriate procedure for protein analysis. 

3.2. Conformational analysis of Aβ42 peptide sampled by metadynamics 

3.2.1. Principal component analysis of sampled conformations 
Based on the above comparison of Aβ peptide conformations 

sampled by metadynamics, it is evident that the sampled conformations 
are more diverse and covered almost the entire range defined by various 
secondary structures. In order to identify the significant conformational 
differences, we conducted a principal component analysis (PCA) on all 
sampled Aβ peptide conformations. 

All sampled Aβ peptide conformations from 1IYT, 1Z0Q, and APP are 
being compared to one another. The eigenvectors and corresponding 
eigenvalues are calculated based on the variance of the structure. Sup
plement Fig. 5 shows the spectrum of eigenvalues that represent the 
structural variance captured by each principal component (PC). The first 
three components, PC1-PC3, can only account for half of the structural 
variance in all conformations. It is consistent with the clustering result 
that the sampled Aβ peptide conformations are more diverse. 

Fig. 6. Comparison of conformational distributions from three simulations. 
Distribution curves of sampled conformations are shown at the top and right 
sides of the figure. These distribution curves indicate that the sampling ranges 
partially overlapped for three simulations. 

Fig. 7. Free energy map of the sampled conformations and comparison of secondary structure contents calculated from the conformations located in four regions 
with different free energy gradients. The color of frame borders around secondary structure contents is the same as that of one of the regions. Comparison of 
secondary structure contents indicates that Aβ peptide conformations with higher energy are typically in a disordered state, possessing a higher coil content. On the 
other hand, conformations located in the lower energy regions mainly adopt helix or sheet structures. 
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Subsequently, we attempt to project the conformations onto lower- 
dimensional subspaces defined by these three PCs. But we find that 
the sampled conformations cannot be clearly classified into distinct 
groups, as shown in Supplement Fig. 6. It may be due to the fact that the 
Aβ peptide does not form a stable tertiary structure as a whole, and the 
major structural fluctuations are likely to occur within the local regions. 

We further compare the contributions of each residue to PC1-PC3. As 
shown in Supplement Fig. 7, there are two regions that exhibit a higher 
contribution for three PCs. The first one is located within the Y10-A21 
segment, and the other is in the V24-G37 segment. The results suggest 
that the primary distinction described by the first three PCs is the 
structural disparity between the two regions. 

In order to determine whether there is a dynamic correlation be
tween the structural fluctuations of two regions, we further assess the 
magnitude of the pairwise cross-correlation coefficients between any 
two residues of the Aβ peptide. Supplement Fig. 8 is a dynamical cross- 
correlation map calculated using the 300 ns simulated trajectory. The 
two regions mentioned above, Y10-A21 and V24-G37, exhibit larger 
negative correlation values. This suggests that the structural fluctuation 
occurring in these two regions is in opposite directions. These results 
further confirm that the primary discrepancy among the sampled con
formations is located in two specific regions. The detailed structural 
differences between Aβ42 peptide conformations will be discussed in the 
next section. 

3.2.2. Free energy landscape of the sampled Aβ peptide conformations 
In order to clearly display the energy distribution of the sampled 

conformations, we calculated the relative free energy of each confor
mation using the probability density function. We then projected the 
relative energy onto the subspace defined by the first two eigenvectors 
of PCA. Fig. 7 displays the free energy landscape of all sampled con
formations for 1IYT, 1Z0Q and APP. According to the free energy values, 
the energy landscape can be divided into four continuous regions, which 
are indicated by different colors in this figure. We further calculate the 
average secondary structure content of the conformations in different 
regions to differentiate between the conformations in those regions. 

The conformations in the red-colored region have higher energy 
compared to the other three regions. Among these conformations, the 
proportion of coil structure is significantly higher than that of the other 
secondary structures, indicating that the Aβ peptide is in a partially 
unfolded state. The conformations located in the orange-colored region 
near the red-colored region have lower energy than 8.9 kJ/mol. Based 
on the analysis of secondary structures, we can observe that the con
formations of the Aβ peptide in this region differ slightly from those in 
the red-colored region. The conformations with a relative energy of 
approximately 4.4 kJ/mol are grouped together in the green-colored 
region. Among these conformations, partial helical and sheet struc
tures are found. The conformations with the lowest relative energy are 
located in the blue region. Comparing with the conformations in the 
other three regions, these structures have the highest sheet content and 

Fig. 8. Top eight transition paths connecting from S6 to S8 and the corresponding MFPT between the two macro-states. The structure with the lowest free energy in 
each macro-state is displayed. Three paths, colored red, blue, and green respectively, are the major transition paths with the highest percentage contributions and the 
fewest macro-states. 
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the lowest coil content. This indicates that the Aβ peptide has folded into 
stable conformations. 

The energy landscape shows that conformations in different energy 
regions display distinct structural characteristics. Aβ peptide confor
mations with higher energy are typically in a disordered state, charac
terized by a higher coil content. In contrast, the conformations located in 
the lower energy regions mainly adopt helix or sheet structures. The 
diverse conformations are consistent with the significant structural 
polymorphism observed in amyloid fibrils [41]. Different Aβ peptide 
conformations may potentially lead to both on-pathway and 
off-pathway aggregation. Moreover, we speculate that these various 
conformations can serve as intermediates involved in the transition from 
helix to sheet. In order to clarify the process of this conformational 
transition, we attempted to construct a MSM model using these 

conformations. 

3.3. The conformational transition described by MSM 

3.3.1. Data input and featurization 
Although we have sampled the related Aβ peptide conformations, it 

is difficult to obtain the possible transformation path and the detailed 
transition process solely by relying on the analysis of the simulated 
trajectories. Thus, we performed Markov state model (MSM) analysis on 
the multiple-rounds metadynamics trajectory to reveal the conforma
tional transition pathway from helix to sheet. 

As a powerful framework for reproducing the conformational dy
namics of biomolecules using MD trajectory, the MSM model was 
applied to analyze the conformational transition process of the Aβ 

Fig. 9. Distribution of secondary structure for each residue of the Aβ42 peptide along the S6-S2-S5-S1-S4-S8 pathway. For each residue of the Aβ42 peptide, the 
content of three secondary structures, β-sheet, helix, and coil, is calculated from 1000 conformations in each macro-state and colored blue, red and green, 
respectively. The regions involved in conformational changes are also highlighted in different colors. The average structure of each macro-state is also shown on the 
right side of the figure. Four primary changes are identified: a transition from intramolecular sheet to coil to sheet in the N-terminal region, a helix-to-coil transition 
between Y10 and L17, a collapse of the helical structure between D23 and K28, and a transition from helix to sheet in the C-terminal region. 

H. Wen et al.                                                                                                                                                                                                                                    



Computational and Structural Biotechnology Journal 23 (2024) 688–699

696

peptide and subsequently identify possible aggregation pathways [42]. 
In order to capture the important conformational transitions, the raw 
metadynamics trajectory will first be transformed into a defined 
configuration space. This transformation will be based on the selected 
features that can accurately characterize the dynamic changes of the Aβ 
peptide. In this study, we selected five features commonly used to 
describe conformational changes in a peptide. The VAMP2 score is 
calculated for five features at three different lag times. A higher VAMP2 
score indicates a greater amount of information regarding the kinetic 
process of conformational transition described by this feature. The 
maximum dynamic variance can be achieved by utilizing this feature. 
Supplement Fig. 9 shows a comparison of VAMP2 scores among five 
features at three different lag times. While the VAMP2 score of backbone 
torsion angles and the selected Ca positions are somewhat similar at a 
lag time of 0.5 ns, the VAMP2 score of backbone torsion angle is 
significantly higher than that of the other four features at the other two 
lag times. Thus, the following analysis is performed using backbone 
torsion angle as the analytical feature. 

3.3.2. Coordinate transform and discretization 
After selecting the most appropriate feature, the raw metadynamics 

trajectory was transformed accordingly into the feature space defined by 
the selected feature. The transformed trajectory still has more degrees of 
freedom. Consequently, the TICA method is used to transform the 
feature space into a lower-dimensional space, which facilitates the dis
cretization and analysis of the continuous trajectory. 

By maximizing the autocorrelation of the data for a given lag time, 
tICA-projections of trajectories onto dominant independent components 
(ICs) can effectively extract the slow dynamical processes without losing 
any relevant information. In this study, we project the metadynamics 
trajectory onto the top four components and plot the marginal distri
butions of structures on these four components, as shown in Supplement 
Fig.10.A. Among the four ICs, the distribution of IC1 and IC3 overlapped 
to a lesser extent. The combined area of these two distributions accounts 
for the majority of the entire feature space. On the other hand, the 
distributions in the other two ICs mostly overlap. Moreover, the con
formations of the Aβ peptide projected onto the space defined by IC1 and 
IC3 are well positioned within the distinct regions displayed in Sup
plement Fig.10.B. 

Then, all structures contained in the trajectory are clustered into a set 
of disjoint states using the k-means clustering method. The clustering is 
based on the backbone torsion angles in a subspace defined by IC1 and 
IC3. The continuous trajectory is transformed into a sequence of tran
sitions, consisting of different states. The number of states is not only 
closely related to the accuracy of the transition sequence, but also 
heavily dependent on the computation time. By analyzing the change 
trend of the VAMP-2 score for different numbers of states, we can 
determine the optimal number of states. Supplement Fig. 11 shows the 
trend of VAMP-2 scores for state numbers ranging from 10 to 210. It has 
been found that the VAMP-2 scores at 40, 110, and 170 are approxi
mately 3.95, which is significantly higher than the other values within 
the range of state numbers considered. Taking convenience into ac
count, we set the state number to 40, as it has the lowest state number 
among the three states with the highest VAMP-2 score. 

3.3.3. MSM Construction and validation 
According to the above procedures, all conformations sampled in the 

metadynamics are grouped into 40 states. For a more concise repre
sentation that facilitates understanding of the process of conformational 
transition, the 40 states are further divided into several primary macro- 
states. These macro-states include multiple states that exhibit similar 
performance during transitions. It is important note that the process of 
conformational transition may be incomplete, even when using only a 
few macro-states. In this study, a total of 9 major macro-states were 
identified to construct the MSM model from a pool of 40 states. This was 
done based on the probability of each state given a macro-state and the 

mutual transition between different states using the Perron Clustering 
Analysis method (PCCA+). 

To verify the Markovianity of the resulting MSM model, a Chapman- 
Kolmogorov test is performed. Supplement Fig. 12 shows the results of 
the Chapman-Kolmogorov test. It can be seen that all predicted transi
tion probabilities match very well with the estimated transition proba
bilities from one macro-state to the other eight macro-states. This 
confirms the Markovian nature of the model. The MSM model, which 
consists of nine macro-states, was used to analyze the process of 
conformational transition of the Aβ peptide. 

3.3.4. Transition among nine macro-states based on MSM model 
The mean first pass time (MFPT) between two macro-states is 

calculated to infer the possible locations of macro-states in the transition 
process [43]. MFPT is a valuable kinetic property that describes 
conformational changes and quantifies the time it takes for a system to 
transition between two specific states. Moreover, MFPT also provides 
the contribution of both direct transitions between two states and in
direct transitions that bypass intermediate states. Supplement Table 2 
lists all MFPTs between two arbitrary macro-states. The range of MFPTs 
is from 28.1 to 2422.1 ps, with an average value of 870.2 ps for all 64 
transitions. The smaller MFPT represents a higher transition probability 
and a smoother transition between two macro-states. 

The summary of the inward and outward MFPT of each macro-state 
is displayed in Supplement Figure 13, along with their corresponding 
occupancy probabilities. We find that the probability of occupation 
varies from 4% to 34% among the nine macro-states. S1, S2, S3, and S4 
have a small probability, less than 5%, which may be attributed to the 
larger inward MFPT and smaller outward MFPT. The lower probability 
of occupation means that these macro-states can frequently transform 
into other macro-states. On the contrary, S5, S6, S7, and S9 have a 
higher probability of being occupied due to their longer outward MFPT 
and shorter inward MFPT. It suggests that other macro-states can be 
easily transformed into these four specific macro-states. In addition, S8 
has a relatively higher probability of 16% despite its inward MFPT being 
significantly larger than the outward MFPT. It implies that this state may 
represent the primary and stable conformation. 

3.3.5. The transition paths from helix to sheet 
In order to illustrate the structural variations among the nine macro- 

states, we calculated the average content of secondary structures based 
on a random selection of 1000 conformations from each macro-state. 
The distribution of content among coil, helix, and sheet is shown in 
Supplement Fig. 13.C. The coil is found to be the predominant structural 
form, with an average content exceeding 40% in all macro-states. 

In this study, our aim is to describe the conformational transitions 
from helix to sheet. Thus, we intentionally select the macro-state with 
the highest helix and sheet content as the starting and ending state. As 
shown in Supplement Fig. 13. C, S6 has the highest helix content and can 
be considered the initial state. Although both S8 and S9 have the highest 
sheet content, we choose S8 as the terminal state because it has a higher 
inward MFPT compared to S9. 

After defining the initial and terminal states, a total of 16 paths 
connecting these two states were found using transition path theory. The 
identified transition pathways are listed in Supplement Table 3, along 
with their individual and cumulative percentage contributions. Fig. 8 
shows the top 8 transition pathways with an accumulated percentage 
contribution exceeding 90% and the representative structures for 9 
macro- states. 

Among the top three transition pathways, S5, S7, and S9 are the key 
intermediate states. Based on the comparison of the secondary structure 
distribution shown in Supplement Fig. 14, three pathways (S6-S5-S8, S6- 
S7-S8, S6-S9-S8) are associated with three primary structural changes. 
Firstly, the N-terminal portion of the Aβ peptide undergoes a confor
mational transition from sheet to coil to sheet structures. Secondly, the 
helical structure in the CHC region shrinks, causing a disruption in the 
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interior helix from D23 to K28. Lastly, the helical structure in the C- 
terminal region transforms into a sheet structure. 

The remaining 13 pathways were further analyzed to depict the 
conformational transitions in more detail and identify other key regions. 
By comparing the average MFPT values, we assessed the priority of these 
pathways. The smaller MFPT value indicates a higher probability of 
transitions between two states. Therefore, the pathway with the smallest 
average MFPT value will also be considered a possible transition 
pathway. The average MFPT values for the 13 pathways are listed in 
Supplement Table 4. Although the pathways S6-S5-S4-S8 and S6-S3-S4- 
S8 have the lowest average of 767 ps, the pathway S6-S2-S5-S1-S4-S8 
has a comparable MFPT to the above two pathways and contains the 
highest number of states. Therefore, this pathway is considered another 
transition pathway for the Aβ peptide from helix to sheet. 

According to the comparison of the secondary structure of the six 
states involved in this pathway, as shown in Fig. 9, it can be observed 
that this pathway is associated with four conformational changes 
occurring in different regions of the Aβ peptide. Firstly, a transition from 
an intramolecular sheet to a coil to an intramolecular sheet is observed 
in the N-terminal region of the Aβ peptide. This finding is consistent with 
the results obtained from the three pathways: S6-S5-S8, S6-S7-S8, and 
S6-S9-S8. Secondly, a transition from a helix to a coil is observed be
tween Y10 and L17. This conformational transition was also identified in 
our previous study [30]. 

The third structural change is the collapse of the helical structure 
that occurred in the CHC region of the Aβ peptide. The transition from a 
helical structure to a coil structure is primarily observed in the middle of 
a long helix, specifically between residues D23 and K28. The corre
sponding MFPT value from helix (S4) to coil (S8) is 604.3 ps, which is 
smaller than the average value of 870.2 ps. Such structural changes are 
also found in S6-S5-S8, S6-S7-S8, and S6-S9-S8. At last, a transition from 
a helix to an intramolecular sheet is observed in the C-terminal region of 
the Aβ peptide between M35 and V40. This transition is also found in S6- 
S5-S8, S6-S7-S8, and S6-S9-S8. 

Based on the analysis of pathways obtained from the MSM model, we 
conclude that three fragile regions in the helical segment are more prone 
to transforming into other structural forms. These three regions may 
potentially be key sites associated with the transition from helix to sheet, 
and they may also play a regulatory role in the aggregation of Aβ 
peptides. 

Although the transition pathways were obtained from the confor
mational analysis of an individual peptide, the resulting pathways can 
be applicable to Aβ monomers that adopt different conformations. This 
is because the sampled conformations cover almost all possible config
urations of the single Aβ peptide, as shown in the above analysis. The 
aggregation process, however, involves multiple Aβ peptides, and the 
intermolecular interactions do play a mediating role in the conforma
tional transition. Therefore, we will investigate this effect in future 
studies. 

3.4. Verification of the fragile regions 

Among the three fragile regions, Y10-L17 has been examined in the 
previous study, where we investigated the role played by this region in 
the aggregation of Aβ peptides. D23-K28 and M35-V40 are two newly 
identified regions. Therefore, we further verify the structural changes 
and potential roles in the aggregation of Aβ peptides through hydrogen 
bond analysis and by examining the binding affinity of the aggregation 
inhibitors. 

3.4.1. Analysis of hydrogen bonds 
The network of hydrogen bonds is important for maintaining the 

helical structure of a peptide. In this study, we analyzed the hydrogen 
bonds within the fragment spanning from F20 to A42. Supplement 
Figure 15 plots the probability of hydrogen bonds calculated from nine 
macro-states, respectively. We can observe that residues D23-K28 and 

M35-V40 exhibit a similar trend in hydrogen bond probability. The 
higher probability is found for S1-S3 and S5, as well as S6, indicating 
that the helical structure is formed in these intermediate states in two 
regions. On the contrary, the probability is decreased for S4, S7, S8, and 
S9. The analysis of hydrogen bonds further demonstrates that the helical 
structure in D23-K28 and M35-V40 is changes into other structural 
forms. 

3.4.2. Molecular docking of the aggregation inhibitors 
In the above analysis, we identified two regions where the helical 

structure is more likely to transform into a coil or an intramolecular 
sheet structure. It has been accepted that the formation of an intra
molecular sheet structure is crucial for the subsequent aggregation of Aβ 
peptides. Therefore, these two regions, D23-K28 and M35-V40, may 
possibly play a role in the aggregation of Aβ peptides. In order to verify 
whether these two regions are responsible for aggregation, we con
ducted a docking study to explore the binding affinity of these two re
gions with inhibitors of amyloid protein aggregation. A total of 735 
known aggregation inhibitors, along with their inhibitory activity, were 
obtained from the PubChem database (https://pub-chem.ncbi.nlm.nih. 
gov/). Each inhibitor was docked with nine macro-states using Vina 
software [44]. The docking box is placed to cover these two areas. The 
docking results of nine intermediate states are shown in Fig. 10. In order 
to clearly demonstrate the docking profile of these aggregation in
hibitors, we selected a binding energy threshold of − 5 kcal/mol. This 
threshold was also utilized in another study [45]. 

As shown in Fig. 10, we found that the binding energy of approxi
mately 90% of the aggregation inhibitors is lower than the threshold 
value. Most inhibitors have a higher affinity for two specific regions, 
indicating that these two key regions may be involved in the aggregation 
of the Aβ peptide. The docking results indirectly confirm the significance 
of D23-K28 and M35-V40 in the aggregation of Aβ peptides. 

4. Conclusion 

It is well known that a high content of intramolecular β-sheet 
structure is important for the aggregation of Aβ peptide and the for
mation of Aβ fibers. But after being cleaved from APP, the Aβ peptide 
still adopts an α-helical conformation. Therefore, the conformational 
transition from helix to sheet is a crucial step in the aggregation of the Aβ 
peptide. However, the structural details of this process still remain un
clear due to the heterogeneity and transient nature of the Aβ peptide. In 
this study, we employ an enhanced sampling strategy that combines 
ANN with metadynamics to investigate the conformational transition 
from a helix to a sheet structure in the Aβ42 peptide. The strategy 
consists of two parts: applying ANN to optimize CVs and conducting 
metadynamics based on the optimized CVs to sample conformations. 
Compared with ordinary MD and the previous Hamiltonian Exchange 
MD, this strategy achieves better sampling performance in terms of the 
distribution of sampled conformations. The sampling efficiency is 
increased by 10-fold compared to the Hamilton Exchange MD and by 
1000-fold compared to the ordinary MD. 

In addition, we constructed a Markov state model using the sampled 
conformations of the Aβ42 peptide. The transition process from helix to 
sheet was described, and three key regions closely associated with this 
transition were identified. The collapse of the long helix between D23- 
K28 and the transition from helix to sheet in M35-V40 are observed 
for the first time, to the best of our knowledge. The docking results 
indicate that most of the inhibitors of amyloid aggregation can bind well 
to these two regions. These two regions can be considered potential 
targets for screening and designing inhibitors of Aβ peptide aggregation. 

CRediT authorship contribution statement 

Huilin Wen：Main works including extraction and optimization of 
CVs and metadynmics and MSM, Writing Original Draft. Hao Ouyang: 

H. Wen et al.                                                                                                                                                                                                                                    

https://pub-chem.ncbi.nlm.nih.gov/
https://pub-chem.ncbi.nlm.nih.gov/


Computational and Structural Biotechnology Journal 23 (2024) 688–699

698

Verification using virtual screening. Hao Shang: Data curation and 
visualization. Chaohong Da: Verification using virtual screening. Tao 
Zhang (Corresponding Author): Writing,review and editing manu
script. All authors have read and approved the final manuscript. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgement 

This research was funded by National Natural Science Foundation of 
China, grant number 31300597. 

Appendix A. Supporting information 

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.csbj.2023.12.015. 

References 

[1] 2023 Alzheimer’s disease facts and figures. Alzheimers Dement 2023;19(4): 
1598–695. 

[2] Ferrari C, Sorbi S. The complexity of Alzheimer’s disease: an evolving puzzle. 
Physiol Rev 2021;101(3):1047–81. 

[3] Knopman DS, Amieva H, Petersen RC, et al. Alzheimer disease. Nat Rev Dis Prim 
2021;7(1):33. 

[4] Hampel H, Vassar R, De Strooper B, et al. The beta-secretase BACE1 in Alzheimer’s 
disease. Biol Psychiatry 2021;89(8):745–56. 

[5] Miyashita N, Straub JE, Thirumalai D. Structures of beta-amyloid peptide 1-40, 1- 
42, and 1-55-the 672-726 fragment of APP-in a membrane environment with 

Fig. 10. Binding energy profiles of 735 aggregation inhibitors across 9 macro states. For each subgraph, a line is drawn to represent the binding energy threshold of 
− 5 kcal/mol. The ratios above and below the energy threshold are displayed on both sides of the threshold line. We observe that the binding energy of more than 
90% of the inhibitors is lower than the threshold value in all macro-states, except for S3 and S8, where the ratio is below 85%. 

H. Wen et al.                                                                                                                                                                                                                                    

https://doi.org/10.1016/j.csbj.2023.12.015
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref1
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref1
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref2
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref2
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref3
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref3
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref4
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref4
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref5
http://refhub.elsevier.com/S2001-0370(23)00494-4/sbref5


Computational and Structural Biotechnology Journal 23 (2024) 688–699

699

implications for interactions with gamma-secretase. J Am Chem Soc 2009;131(49): 
17843–52. 

[6] Meng F, Bellaiche MMJ, Kim JY, et al. Highly disordered amyloid-beta monomer 
probed by single-molecule FRET and MD simulation. Biophys J 2018;114(4): 
870–84. 
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