




Figure 3: EnGens processing of the Galdadas et al. MD trajectory of PI3K. A) The proportion belonging to each cluster
is plotted on the y-axis (cluster weight). Cluster indexes are listed on the x-axis. B) Two-dimensional embedding based on the
components identified by the SRV method. Datapoints represent frames and are colored based on their respective cluster (same
colors as in A). The 3D structural models of the three cluster representatives are shown on the right of this plot. C) The timeline
view of the trajectory, where the x-axis lists the index of each frame, and the y-axis lists the corresponding cluster index. Vertical red
lines highlight the representative frames extracted in the generated ensemble. D) The distance between nSH2 and the helical domain
of PI3K is plotted on the y-axis. The x-axis lists the clusters. The red horizontal line represents the threshold of 8Å. E) The distance
between Lys545 and Asp421 of the PI3K regulatory unit is plotted on the y-axis. The x-axis lists the clusters.

of the helical domain (catalytic unit) and residues of the nSH2 domain (Figure 3D) for all cluster
members. This distance stands out for members of cluster #2 and is higher than the 2 Å threshold.
Clusters #0 and #1 contain the two conformational ensembles located in the same energy basin, as
identified by the original paper. These clusters differ in the distance between the residues Lys545 of
the helical domain and Arg421 of the nSH2 unit (Figure 3E). In conclusion, the three described
clusters identified by EnGens are consistent with the three described states reported by Galdadas et
al.

3.2. Compstatin experiment
Compstatin is a small, cyclic peptide that inhibits an immune surveillance mechanism associated

with multiple diseases. Previously, we demonstrated that compstatin analogs (i.e., biochemical
variants) adopt distinct conformations that ultimately affect binding affinity and inhibitor potential
[68].

We applied EnGens workflows to two compstatin analogs, using two MD simulations [68].
The 4MeW and Cp10 analogs were selected because of their conformational heterogeneity. To
featurize conformations, we selected backbone torsions and carbon-alpha distances. Features are
then summarized using UMAP and clustered using K-means.
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Figure 4: EnGens analysis of Compstatin analogs. A) UMAP visualization of the MD trajectory of the 4MeW
analog. Points represent MD frames, and are colored based on their respective cluster. Cluster representatives (points
highlighted in red) were selected as the closest conformation from the k-mean centroid. The 4MeW cartoon backbone
for each cluster representative is presented, including a single closed state (Cluster #2), a single open state (Cluster
#1), and three intermediate states (Cluster #0, #3, #4). B) The Cp10 analog: cartoon backbone visualizations of the
three cluster representatives, namely the open opened, closed, and intermediate states, respectively. C) Time-oriented
plot displaying the association between each MD frame (x-axis) and the clusters.

As a result, we retrieve several representative conformations spanning different states of these
analogs (Figure 4). In particular, EnGens could accurately retrieve conformational states associated
with 4WeM, namely the open v-shaped state, the closed α-shaped, and three intermediate states.
These states are identified as five distinct clusters and are structurally similar to our prior observations.
This demonstrates again that EnGens can reproduce results obtained with distinct methodologies.
The Cp10 analog showed intriguing results. We obraine three clusters corresponding to distinct
conformations, including an intermediate state. In our previous study,we could assign only two
states (the opened v-shaped and closed α-shaped ones) for the Cp10 analog. To our understanding,
this discrepancy is due to the limitations of our previous analysis, which only relied on RMSD
calculations and visual data interpretation.

These new findings suggest that EnGens has high sensitivity and can capture rapid transitions
between conformational states.

3.3. Nelfinavir experiment
Nelfinavir is a potent HIV-1 protease inhibitor used in adults and children. Its action mechanism

involves disabling the protease from cleaving gag-pol polyprotein. However, mutations of the protease
might affect the impact of Nelfinavir on patients. Using MD simulations of Nelfinavir in solution,
[69] inspected its conformational space and described three minimal energy Nelfinavir conformations.
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Figure 5: EnGens analysis of the Nelfinavir trajectory. A) Projection of all MD frames into a 2D space
produced by SRV. Points are colored based on the cluster to which frames were assigned. B) Three plots showing the
representative of the clusters aligned with the conformations identified by [69] (NF-i1, NF-i2, NF-i3 in pale tan color).
C) Timeline of the MD trajectory showing which frame (x-axis) belongs to which cluster (y-axis).

We apply EnGens to these MD trajectories of Nelfinavir. We used the Cartesian coordinates of
all the atoms of Nelfinavir as the featurization. Then, we apply SRV for dimensionality reduction
and GMM for clustering (Figure 5A). As a result, EnGens identifies seven clusters (Figure 5B). One
cluster representative conformation coincides with the conformation described as NF-i1 and other
representatives are similar to the conformations described as NF-i2 and NF-i3 in the original paper
(Figure 5C), considering an RMSD under 2 Å of difference (Table 1).

The first conformation, NF-i1, coincides with the representative of cluster #2 (RMSD = 0.413 Å).
The NF-i2 structure matches cluster #1 and #6, with RMSD of 1.918 Å and 1.692 Å respectively.
However, both clusters are at the end of the trajectory (Figure 5C), where they strongly overlap,
indicating that EnGens slightly refined the state corresponding to the conformation presented in the
original paper. The NF-i3 conformation is to EnGens’ cluster #3, with an RMSD of 1.336 Å.

4. Discussion

Recent improvements in protein structure prediction tools are bringing the field of computational
structural biology closer to the era of big data. One important “unsolved” task highlighted by the
most recent CASP15 competition is modeling protein conformational ensembles. It is assumed that
an ensemble of protein conformations will better represent the true state of a protein and will aid
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Table 1: Root mean square deviation (RMSD in Å) of the EnGens cluster representatives (I) for [69] trajectory to the
conformations from the original paper (II). Representatives are generated by EnGens using SRV for dimensionality
reduction and GMM for clustering. RMSD values below 2Å are bolded.

II
I cluster #0 cluster #1 cluster #2 cluster #3 cluster #4 cluster #5 cluster #6

NF-i1 2.150 2.879 0.413 1.436 2.837 1.475 3.682
NF-i2 3.954 1.918 3.887 3.282 3.966 4.084 1.692
NF-i3 2.304 2.701 2.467 1.336 2.572 2.292 3.563

downstream tasks such as drug-target interaction prediction and molecular docking. Building a
representative protein conformational ensemble from multiple input structures or an MD trajectory
is not an easy task and many tools have been developed to tackle it. In this work, we recognized a
need for a pipeline that we call EnGens.

We have evaluated the EnGens pipeline on systems of varying complexity. In each case, we
recovered diverse ensembles that coincided with previously reported results. When analyzing a large
protein complex such as PI3K, EnGens generated a representative ensemble containing both the
active and inactive states. For the Compstatin peptide EnGens uncovered additional clusters of
conformations, therefore enriching a previous study. In addition, EnGens also generated a relevant
ensemble for the small drug Nelfinavir.

There are still big challenges for a pipeline of this sort. First, there are no clear guidelines on
which method would perform best for a given molecular system. A number of alternative methods,
each bearing its own set of hyper-parameters (Table S3), can be used to perform steps of the pipeline.
We provide default values and some theoretical guidelines. For example, SRV and UMAP perform
nonlinear dimensionality reduction, while TICA and PCA are linear. We thus suggest using SRV and
UMAP for more complex systems where nonlinearity of features is expected. In addition, as TICA
and SRV are techniques that are suitable for time-series data, they are expected to be less prone
to noise resulting from fast fluctuations in the structure and should be suitable for the dynamic
use-case. However, they can not be applied to the static use-case. Further theoretical analysis of
some of these methods can be found in the literature [70]. Hyper-parameter optimization of the
pipeline could be tackled with Bayesian optimization or other machine-learning approaches [71].
However, a wider benchmarking of these methods is necessary to evaluate the practical implications
of the theory and provide good guidelines.

Second, expert knowledge of the analyzed system is still recommended for the featurization
step. Some featurizations are generic, such as the pairwise residue distances that we applied to
Compstatin. Others, such as the distance between the nSH2 domain and the helical domain of PI3K
stem from a good understanding of the underlying system. Efforts have been made to automate
this step. For the dynamic use-case new breakthroughs such as VAC (Variational Approach to
Conformational dynamics) [72, 73] and VAMP (Variational Approach for Learning Markov Processes)
[72] provide metrics to quantify the quality of featurization. Such metrics can be optimized using
machine learning approaches to determine the most suitable featurization. However, these methods
are highly dependent on the quality of the provided input MD data and are sensitive to different
hyperparameters. Engineering features manually is still a widely used practice.

Third, we lack large standardized benchmarks and metrics for generating conformational en-
sembles. To avoid the hurdles we faced in this work, the community would greatly benefit from a
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public database collecting both static and dynamic datasets of protein conformations for which the
representative conformational ensembles are known. Another problem is the lack of standardized
metrics to compare the uncovered conformational states. Although RMSD is widely used to com-
pare protein conformations, there are currently no equivalent standardized metrics for comparing
two conformational ensembles. That is why our evaluation of EnGens is mostly qualitative and
descriptive (e.g. determining if EnGens uncovered the active and inactive conformational states of
PI3K).

These challenges will become more pressing as the field moves towards big data analysis to study
protein flexibility. EnGens provides easy access to existing algorithms and can serve as a platform
for the rapid development of new algorithms addressing these challenges.

5. Conclusion

EnGens is a novel tool for the end-to-end processing of large protein structural datasets with the
aim of generating and analyzing representative protein conformational ensembles. EnGens unifies
widely used Python libraries (PyEmma, deeptime, mdtraj, UMAP, sklearn, plotly, etc.) under one
Docker image and provides interactive visualizations along with extensive examples of the pipeline
in Jupyter Notebook workflows. For advanced users, we provide a Python package. Our code is
open source and accessible through a github repository (https://github.com/KavrakiLab/EnGens).
We showcased how EnGens can be used to automate ensemble generation using examples from the
literature. EnGens ensembles can be useful for many downstream tasks related to drug discovery
such as molecular docking and drug-target interaction prediction. Additionally, EnGens can serve
as a platform for further algorithmic development. Overall, we see the EnGens pipeline becoming
part of many new efforts to utilize the structural data generated by novel structure prediction tools.
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