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ABSTRACT 
 
Protein structure prediction via artificial intelligence/machine learning (AI/ML) approaches has sparked 
substantial research interest in structural biology and adjacent disciplines. More recently, AlphaFold2 
(AF2) has been adapted for the prediction of multiple structural conformations in addition to single-state 
structures. This novel avenue of research has focused on proteins (typically 50 residues in length or 
greater), while multi-conformation prediction of shorter peptides has not yet been explored in this context. 
Here, we report AF2-based structural conformation prediction of a total of 557 peptides (ranging in length 
from 10 to 40 residues) for a benchmark dataset with corresponding nuclear magnetic resonance (NMR)-
determined conformational ensembles. De novo structure predictions were accompanied by structural 
comparison analyses to assess prediction accuracy. We found that the prediction of conformational 
ensembles for peptides with AF2 varied in accuracy versus NMR data, with average root-mean-square 
deviation (RMSD) among structured regions under 2.5 Å and average root-mean-square fluctuation 
(RMSF) differences under 1.5 Å. Our results reveal notable capabilities of AF2-based structural 
conformation prediction for peptides but also underscore the necessity for interpretation discretion. 
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INTRODUCTION 
 

AlphaFold2 (AF2) is an artificial intelligence/machine learning (AI/ML) model capable of predicting the 3-
dimensional (3D) structures of proteins from amino acid sequence alone with accuracy comparable to 
lower-resolution experimentally determined protein structures [1, 2]. AF2 was trained on multiple 
sequence alignment (MSA) of metagenomic sequencing data in combination with protein structures 
determined by X-ray crystallography and cryo-electron microscopy (cryoEM) from the Protein Data Bank 
(PDB) [3]. Since its release, AF2 has garnered widespread use for various applications across the 
biological sciences and was recognized with a share of the 2024 Nobel Prize in Chemistry [4, 5]. Recently, 
AF2 has been adapted for predicting the structures of multiple protein conformations, going beyond the 
original scope of single static structure prediction [6-9]. This is accomplished by using multiple random 
seeds, i.e., stochastic prediction initializations, and subsampling of the input MSA, resulting in an 
ensemble of predicted structures [8]. The prediction of multiple conformations with AF2 has been 
demonstrated to align with experimentally determined conformational ensemble data for certain proteins 
as determined by nuclear magnetic resonance (NMR) spectroscopy [6, 7], which is notable considering 
that the training data for AF2 did not contain NMR structures [1]. However, AF2-based structural 
conformation prediction is a novel area of research, and—as with the prediction of static structures—
accuracy is expected to vary and should be considered with discretion [8]. Furthermore, the focus of this 
research has been on regular-sized proteins, while prediction of structural conformations for peptides in 
this context has not yet been explored.  

McDonald et al. [10] benchmarked the structure prediction capabilities of AF2 for a rich dataset of 588 
peptides with NMR-determined 3D structures in the PDB. These peptides range from 10 to 40 amino acid 
residues in length, and were categorized into various structural groupings, including α-helical membrane-
associated peptides (AH MP), α-helical soluble peptides (AH SL), β-hairpin peptides (BHPIN), disulfide-
rich peptides (DSRP), mixed secondary structure membrane-associated peptides (MIX MP), and mixed 
secondary structure soluble peptides (MIX SL). While the benchmark study comprehensively evaluated 
the accuracy of conventional (individual) structure prediction capabilities of AF2, the more recent 
approach for predicting multiple structural conformations was not explored. Herein, we report AF2-based 
conformational ensemble prediction of peptide structures from the aforementioned dataset using multiple 
random seeds and MSA subsampling. The original dataset was filtered to include only peptides for which 
the NMR-determined ensemble contained five or more structural conformers for a total of n = 557 
peptides to assess conformational variability. High-throughput prediction and computational analyses 
with various metrics, including root-mean-square deviation (RMSD), root-mean-square fluctuation 
(RMSF), and MSA sequence depth comparisons, were performed. Our analyses revealed that AF2-based 
conformational ensemble prediction of peptides varied in accuracy compared to NMR data, with overall 
RMSD under 2.5 Å and overall RMSF differences under 1.5 Å. These results highlight notable capabilities 
of predicting peptide structural conformations with AF2 yet underscore the need for discretion in 
prediction interpretation. 

 
RESULTS 

 
The ColabFold [8] implementation of AF2 was used for structure prediction, with multiple random seeds 
and MSA subsampling (Fig. 1a). The number of seeds was set to 16, with five structures per seed (n = 
80 structures per prediction), and MSA subsampling parameters were set to 16 for number of sequence 
cluster points and 32 for extra sequences (see Methods for additional information). An example of a 
prediction and its assessment is shown in Figs. 1b and 1c for an antimicrobial peptide derived from 
Amaranthus caudatus (PDB ID 1ZUV) [11], which highlights an area of conformational variability (Fig. 
1b) plus per-residue RMSF differences (ΔRMSF) versus the NMR-determined conformational ensemble 
(Fig. 1c). Predictions were run for 557 peptides from the McDonald et al. dataset, filtered to include only 
peptides with NMR ensembles consisting of five or more conformational structures (Fig. 1d). The six 
peptide categorizations of (1) AH MP, (2) AH SL, (3) BHPIN, (4) DSRP, (5) MIX MP, and (6) MIX SL from 
the original dataset were also adopted in the current study. The average depth of MSAs generated by 
ColabFold (via MMseqs2) [8, 12] was 1,102 sequences across all peptides (Fig. 1e). Alpha carbon (Cα) 
comparative analysis of structured regions, as previously annotated [10], between the AF2-predicted and 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 20, 2024. ; https://doi.org/10.1101/2024.12.03.626727doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.03.626727
http://creativecommons.org/licenses/by-nc-nd/4.0/


NMR-determined conformational ensembles of the peptides was performed to calculate RMSD, which 
was found to be 2.294 Å overall across all peptides (Fig. 1f). To gain insight into conformational similarity 
between AF2-predicted and NMR-determined conformational ensembles in terms of structural flexibility, 
RMSF differences were assessed using a global ΔRMSF metric (eqn. 1), where i is the residue position, 
nr is the number of residues, and ΔRMSF (Fig. 1c) is the per-residue difference between the individual 
RMSF values of two conformational ensembles. The global ΔRMSF was found to be 1.247 Å overall 
across all peptides (Fig. 1g).  

 

𝑔𝑙𝑜𝑏𝑎𝑙	Δ𝑅𝑀𝑆𝐹 = 	
∑ Δ𝑅𝑀𝑆𝐹!
"!
!#$

𝑛%
 

eqn. 1 
 
While certain trends appear to be present across the peptide groupings among the RMSD, RMSF, 

and MSA depth metrics (Fig. 1e-g), it is important to consider that the number of peptides across these 
groups vary substantially—for example, the DSRP group consists of 261 peptides while the MIX MP 
group consists of only 12 peptides. With this in consideration, the BHPIN and MIX SL groups had the 
greatest MSA depth. Additionally, predictions for the DSRP peptide group appear to have been the most 
accurate in terms of having the lowest of both structured region RMSD and global ΔRMSF, i.e. when 
considering both metrics, while predictions for the MIX MP and AH SL peptide groups were the least 
accurate with respect to structured region RMSD and global ΔRMSF, respectively (Figs. 1f and 1g). The 
distribution plotted for the structured region RMSD metric paired with the global ΔRMSF metric for each 
peptide did not indicate any observable differences among the six groupings, but overall revealed that 
54.2% and 73.8% of peptides had values of less than 2 Å and 3 Å for both metrics, respectively (Fig. 1h). 
Comparison of MSA depth with the structured region RMSD and global ΔRMSF metrics in combination 
(treated here as the product of the two metrics) indicates a weak inverse correlation, both for peptides 
across the entire MSA depth range (R2 = 0.0076) and for peptides with an MSA depth of < 250 sequences 
(R2 = 0.021) (Fig. 1i), suggesting that any effect that greater MSA depth may have on improving prediction 
accuracy in this context is minimal but may be beneficial. Examples of AF2-predicted conformational 
ensembles compared to NMR-based conformational ensembles are shown in Fig. 2, with structural 
depictions for each of the six peptide groupings (Fig. 2a) and corresponding RMSF comparisons (Fig. 
2b). The results presented here provide insights into AF2-based peptide conformational ensemble 
prediction, which is generally favorable yet considerably variable in terms of RMSD and RMSF-based 
accuracy metrics, and may moderately benefit from increased MSA depth. 
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Fig. 1: Peptide structural conformation prediction and analysis. (a) Overview of the AF2-based multiple 
conformation prediction approach with multiple seeds and MSA subsampling. (b) AF2-predicted and NMR-
determined conformational ensembles of an antimicrobial peptide (PDB ID 1ZUV). (c) Comparisons of the Cα RMSF 
values of the conformational ensembles from (b). A flexible region present in both ensembles is outlined with a 
dashed box. Examples of individual ΔRMSF values are also indicated with arrows. (d) Heatmap of the n = 557 
peptide NMR dataset displaying sequence length versus number of conformational structures per ensemble, with 
the scale bar representing the number of PDB entries. (e-g) Among the six different peptide groupings: (e) MSA 
depth (number of sequences within the MSA) for each peptide, (f) structured region Cα RMSD between NMR-
determined and AF2-predicted conformational ensembles, and (g) Cα global ΔRMSF (eqn. 1) between NMR-
determined and AF2-predicted conformational ensembles. Data represented as means ± SEM, with dashed lines 
indicating overall mean. AH MP n = 172 peptides; AH SL n = 37 peptides; BHPIN = 56 peptides; DSRP n = 261 
peptides; MIX MP n = 12 peptides; MIX SL n = 19 peptides. (h) Distribution of structured region RMSD paired with 
global ΔRMSF between AF2-predicted and NMR-determined conformational ensembles among the six different 
peptide groupings. (i) MSA depth versus the product of structured region RMSD and global ΔRMSF between NMR-
determined and AF2-predicted conformational ensembles across all peptides considering the entire MSA depth 
range (left graph) or peptides with an MSA depth less than 250 sequences (right graph). Pearson correlation R2 = 
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0.0076 (entire MSA depth, n = 557 peptides) and R2 = 0.021 (MSA depth < 250, n = 415 peptides), * p < 0.05, ** p 
< 0.005. Lines determined by linear regression are depicted in red. Two data-points were not graphically 
represented for eligibility and space preservation, as described in the Methods section. 
 

 
Fig. 2: Exemplary peptide structural conformation predictions. (a) AF2-predicted (blue) and NMR-determined 
(beige) conformational ensembles of exemplary peptides from each of the six peptide groupings: AH MP (PDB ID 
6FS5) [13], AH SL (PDB ID 2PPZ) [14], BHPIN (PDB ID 2N4U) [15], DSRP (PDB ID 1SRB) [16], MIX MP (PDB ID 
1CW6) [17], and MIX SL (PDB ID 1RIM) [18]. (b) Cα RMSF comparisons between AF2-predicted (blue lines) and 
NMR-determined (beige lines) conformational ensembles corresponding to the peptides depicted in (a). Global 
ΔRMSF values for each peptide are as follows: AH MP, 0.607 Å; AH SL, 0.455 Å; BHPIN, 0.433 Å; DSRP, 0.506 Å; 
MIX MP, 1.038 Å; MIX SL, 0.561 Å. Cα RMSD values for each peptide are as follows: AH MP, 1.759 Å; AH SL, 2.152 
Å; BHPIN, 1.212 Å; DSRP, 2.621 Å; MIX MP, 2.633 Å; MIX SL, 1.410 Å. 
 
DISCUSSION 

 
In the current work, we utilized AF2 for the prediction of peptide conformational ensembles by multiple 
seed initialization and MSA subsampling. This approach was applied to predict structural conformations 
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of a dataset of 557 peptides categorized into six distinct structural groups, originating from a previously 
curated peptide dataset with NMR-determined conformational ensembles [10]. We performed structural 
analyses to compare the AF2-predicted and NMR-determined ensembles using metrics of RMSD of 
structured regions and global ΔRMSF, with the former serving to measure rigid structure prediction 
accuracy and the latter for assessing structural flexibility prediction accuracy. The predicted 
conformations were often structurally similar to NMR-determined conformations, with over 50% of the 
predictions differing by no more than 2 Å for both RMSD and RMSF metrics, and nearly 75% differing by 
less than 3 Å. Additionally, we found that greater MSA depth may contribute to increased prediction 
accuracy, albeit to a very limited extent.  

There are, however, various limitations that merit consideration. Firstly, while NMR is arguably the 
most conformationally sensitive experimental structure determination approach, it does not necessarily 
capture the breadth of conformational space, especially when an NMR-determined ensemble consists of 
a limited number of structural conformers. While time-resolved X-ray crystallography [19] and cryoEM 
[20] are also conformationally sensitive, these experimental approaches yield even fewer diverse 
structural conformers. Secondly, RMSD and RMSF are useful metrics both independently and in 
combination but only partially characterize structural differences between conformational ensembles. As 
such conformational structure prediction approaches continue to evolve, more comprehensive evaluation 
metrics must be formulated. Another challenge is that shorter peptide sequences generally have far fewer 
homologous sequences available for assembling MSAs. However, the number of annotated protein-
coding sequences continues to increase [21], and the discovery of widespread noncanonical open 
reading frames may also contribute to protein-coding sequence diversity [22]. It is also important to 
consider that while NMR structures were not included for AF2 model training [1], corresponding X-ray 
crystallography or cryoEM structures with identical or highly similar sequences from the PDB that may 
have been included in the training data of AF2 would be expected to influence prediction accuracy—
though it is unclear how such structures might inform conformational variability. 

In conclusion, AI/ML-based structural conformation prediction holds promise as a novel avenue for 
the prediction of peptide conformational ensembles. AF2 serves as a capable model in this regard, and 
other models are likely to be developed/adapted for this purpose. However, the novelty of such 
approaches and the current variability in terms of prediction accuracy underscore the necessity for 
discretion and careful interpretation of results. Further research is needed to better characterize 
conformational ensemble predictions and to advance the current state of the methodology. 

 
METHODS 
 
AF2 Predictions 
 
Predictions were performed using the ColabFold [8] implementation of AF2 in a Google Colab Jupyter 
Notebook environment with Hardware Accelerator set to T4 GPU. The num_seeds parameter was 
adjusted to 16 and the max_msa parameter was set to 16:32, while all other parameters were left 
unmodified from their default settings, i.e. num_relax: 0; template_mode: none; pair_mode: 
unpaired_paired; msa_mode: mmseqs2_uniref_env; num_recycles: 3; recycle_early_stop_tolerance: 
auto; use_dropout: unselected. For each input sequence, five structures were computed per seed for a 
total of n = 80 structures. 
 
Structural Analyses  
 
RMSD and RMSF values were computed using custom implementations of Python code available online 
from the CHARMM-GUI lecture series [23, 24]. Whole-structure alignments were performed for both 
RMSD and RMSF calculations. For RMSD determination, each structure in a given AF2-predicted 
conformational ensemble was compared to each structure in the corresponding NMR-determined 
conformational ensemble, and the average of all comparisons was used as the final RMSD value for 
each peptide. RMSD calculations included only Cα atoms of structured regions, as annotated in the 
original peptide dataset by McDonald et al. for regions with secondary structures and stretches with 
multiple disulfide bonds [10]. For RMSF determination, the individual structures in a given AF2-predicted 
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conformational ensemble were aligned to the top-ranked (highest pLDDT score) structure within the 
ensemble, while the individual structures of the NMR-determined conformational ensembles were aligned 
to the initial structure in the PDB entry. Per-residue RMSF values were calculated based on Cα atoms 
for each residue across all structures within a given conformational ensemble.  
 
Statistical Analyses and Graphical Representation 
 
Statistical analyses of standard error of the mean, Pearson correlation, and linear regression, as well as 
graphical representations shown in Figs. 1 and 2, were performed using GraphPad Prism 10. In Fig. 2i, 
for the graph depicting entire MSA depth range (left graph), two data-points (PDB ID 2RR0 with MSA 
depth of 23,764 and RMSD × ΔRMSF product of 1.635 Å2; and PDB ID 6A8Y with MSA depth of 436 and 
RMSD × ΔRMSF product of 52.410 Å2) are not shown on the graph but were not excluded from statistical 
analyses. 
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