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ABSTRACT: ELOVLG is a key enzyme in long-chain fatty acid
elongation, catalyzing the conversion of C16 fatty acids into C18 fatty
acids. While its role in lipid metabolism is well established, recent
studies have linked ELOVL6 to metabolic and neurodegenerative
diseases, making it an attractive therapeutic target. However, the
absence of a resolved crystal structure and limited mechanistic
understanding of its inhibition pose significant challenges for drug
discovery. In this study, we employ a multitiered computational
approach, including structure prediction, molecular dynamics (MD)
simulations, and free energy calculations, to investigate the structural
basis of ELOVL6 function and inhibition. We identify the most
thermodynamically favorable substrate binding pathway and charac-
terize key conformational changes associated with ligand binding. By
analyzing potential inhibitor binding pockets, we determine that known inhibitors preferentially target the active site, and we validate
their binding affinities against experimental data. Additionally, by comparing ELOVL6 with homologous elongases, we pinpoint
potentially key amino acid residues responsible for selectivity, providing insights that could guide structure-based drug design. Our
findings establish a mechanistic framework for rational inhibitor development, offering a foundation for future efforts in optimizing
ELOVLG6-targeting therapeutics.
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H INTRODUCTION neurological diseases, as well as cancer.’ For instance, ELOVL6
has been found to be upregulated in immune cells involved in
myelin degradation in multiple sclerosis, hampering remyeli-
nation, or dramatically upregulated in the lethal pancreatic
ductal adenocarcinoma, hepatocellular carcinoma, acute
myeloid leukemia, lung squamous cell carcinoma, and
glioblastoma multiforme during tumor progression, while its
inhibition suppresses tumor growth.””'" This broad involve-
ment in pathological processes, spanning from metabolic to
nervous system disorders and cancer, underscores the need for
pharmacological tools to modulate ELOVL6 activity.
Previous studies'”~"* have reported highly potent ELOVL6
inhibitor molecules. These inhibitors consisted of two main
scaffolds, with various derivatives synthesized and tested by
modifying substituents at different R-groups. Several deriva-
tives exhibited strong inhibition, with IC50 values below 100
nM, and from these tested molecules, one lead compound

The ELOVL gene family encodes a group of microsomal
enzymes responsible for the elongation of long-chain fatty
acids (FAs). These enzymes catalyze the rate-limiting step in
fatty acid elongation by adding two-carbon units to acyl-CoA
precursors through a series of condensation reactions. ELOVL
proteins play a crucial role in lipid metabolism, contributing to
the biosynthesis of essential FAs, which are involved in lipid
signaling, energy metabolism, and serve as key components of
membrane lipids.

To date, seven members of the ELOVL protein family have
been identified, each with distinct substrate specificities and
roles in lipid metabolism. ELOVL6, a member of this family,
has garnered significant attention due to its link to obesity-
related malignancies.' > ELOVL6 is predominantly expressed
in the liver and adipose tissue and is responsible for the
elongation of C16 FAs into C18 FAs, specifically catalyzing the
conversion of palmitoyl-CoA into stearoyl-CoA and palmito-
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However, more recently, interest in this enzyme has resurged
due to its potential in the treatment of inflammatory and
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Figure 1. Schematic representation of the protocol used for the generation and validation of bound poses based on their consistency with

experimental data.

from each scaffold was selected (Figure 1A), referred to as
compounds A and B. These compounds were further tested
against ELOVL family members 1, 2, 3, and S to assess their
selectivity. The results demonstrated that both lead molecules
exhibited a strong preference for ELOVL6, with compound A
showing approximately 38-fold selectivity and compound B
displaying around 7-fold selectivity over ELOVL3, the most
relevant homologue when considering ELOVL6 selectivity.

Despite their initial effectiveness, these compounds have
failed to reach clinical endpoints. This suggests potential
pharmacological limitations or unresolved toxicity concerns
that have impeded their progression into clinical trials.
Therefore, designing alternative inhibitors with optimal
pharmacokinetic properties remains necessary. However, no
crystal structure of ELOVL6, in either its apo or holo
conformation, has been published to date, making the precise
mechanism of action of ELOVL6 and its inhibitors poorly
understood. Among the ELOVL family members, ELOVLY7 is
the only one for which a crystal structure, in complex with 3-
keto eicosanoyl (C20)-CoA, is available (PDB ID: 6Y7F).
While ELOVL6 and ELOVL?7 elongate FAs of different chain
lengths and thus likely exhibit structural differences, their high
sequence homology (30.45%) suggests that the ELOVL7
structure can provide meaningful insights into ELOVL6’s
structure and mechanism of action. However, since this
structure was not crystallized with an inhibitor, it provides
limited information regarding inhibition mechanisms and
binding pockets in ELOVL proteins, particularly ELOVLG.
These knowledge gaps significantly hinder the rational design
of new inhibitors with high affinity, selectivity, and favorable
pharmacological properties for clinical applications.

In this work, we employed multiple computational
techniques, including structure prediction algorithms, molec-
ular docking, molecular dynamics simulations, and alchemical
free energy calculations, to develop structural models for the
binding mechanism of ELOVL6 inhibitors. In a retrospective
evaluation, we demonstrated that these models successfully
identified a high percentage of known inhibitors from a virtual
screening library primarily composed of decoy molecules.
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Additionally, they accurately ranked different ligands within a
congeneric series by affinity, proving their potential to aid in
the in silico lead optimization process.

B RESULTS

Substrate Binding Mechanism Analysis

The available crystal structure of ELOVL7 provides valuable
insights into the bound conformation of acyl-CoA substrates in
elongase proteins. However, the mechanistic details of ELOVL
function remain incompletely understood. A two-step ping-
pong mechanism has been proposed as the most consistent
with available structural data to explain the acyl chain
elongation process.”” For ELOVLG, the first step in this
mechanism involves the initial insertion of a palmitoyl-CoA
substrate into the active site, where the enzyme facilitates the
cleavage of the CoA moiety, leaving behind the acyl chain as an
enzyme-bound intermediate. Subsequently, malonyl-CoA
enters the active site and undergoes decarboxylation,
generating a reactive carbon which attacks the enzyme-
bound acyl intermediate, forming a new carbon—carbon
bond, thereby extending the fatty acid chain by two carbons
to produce stearoyl-CoA.

Despite this proposed framework, key aspects of the
elongation process remain unresolved. Notably, the substrate
insertion pathway into ELOVL6 is unknown, limiting our
ability to rationalize potential mechanisms for its inhibition via
ligand binding. One plausible binding pathway involves
sequential insertion, where the carbon chain enters the binding
site first, followed by the CoA moiety. However, given the
narrow dimensions of the binding pocket and the substrate’s
inherent flexibility, this process may present a significant
entropic bottleneck. Alternatively, binding could proceed via a
single-step lateral insertion through the gap between the H4
and H7 helices of ELOVL6. Unlike other helices, H4 and H7
are not connected by a linker chain, potentially allowing
sufficient conformational flexibility to widen the gap and
accommodate substrate entry.

To determine the minimum free energy pathway for
palmitoyl-CoA binding to ELOVL6, we computed the

https://doi.org/10.1021/acs.jcim.6c00336
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Figure 2. (A) AlphaFold generated ELOVLG structure, superimposed with crystal structure of ELOVL7 (PDBID: 6Y7F), with a palmitoyl-CoA
substrate in the binding pocket, modeled based on the substrate cocrystallized with ELOVL?7. (B) PMF profiles associated with each pathway, with
3 replicas per pathway. (C) Structural representations of the hypothesized lateral insertion binding mechanisms through the gap between H4—H7
helices (D) Structural representations of the hypothesized sequential insertion mechanisms, with initial insertion of the carbon chain into the
occluded portion of ELOVLG, followed by CoA binding at the active site.

potential of mean force (PMF) for both hypothesized
mechanisms. Structural models of ELOVL6 were generated
by selecting the top-ranked AlphaFold2'® prediction. To
validate this choice, the resulting structure was compared
with models generated using AlphaFold3, as well as with a
homology model constructed using the ELOVL7 crystal
structure as a template (PDB ID: 6Y7F). The AlphaFold2
and AlphaFold3 predictions exhibited minimal structural
differences, with backbone RMSDs below 0.5 A (Figure S2)
after alignment. In contrast, the homology model showed
larger but still modest deviations, with RMSDs of approx-
imately 4 A. These relatively small differences among the
models suggest that the use of the top-ranked AlphaFold2
structure is unlikely to significantly impact the subsequent
results. Structural comparison between the aligned AlphaFold2
model of ELOVL6 and the ELOVL7 crystal structure (Figure
2A) revealed a high degree of similarity, with ELOVL7 being
slightly longer to accommodate extended acyl chains. To assess
the stability of the generated structure, we conducted 400 ns
long molecular dynamics simulations at 300, 400, and 500 K
for both the AlphaFold-generated ELOVL6 model and the
ELOVLY7 crystal structure. The RMSD and secondary structure
preservation remained comparable between the two structures
across all temperatures (Figure S3). A palmitoyl-CoA molecule
was positioned in the binding site of the ELOVL6 model by
superimposing it with the acyl-CoA observed in ELOVL7’s
bindin§ pocket, followed by energy minimization using
Prime.'” To ensure proper system equilibration, a 20 ns
molecular dynamics (MD) simulation was conducted.
Starting from equilibrated configurations extracted from the
last 10 ns of conventional MD, 10 steered MD simulations
were performed to generate initial configurations along both
hypothesized binding pathways. In these simulations, a
harmonic potential with a force constant of 1000 kJ mol™*
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nm > was applied between the centers of mass of the substrate

and helices H2, H3, and HS, pulling at a constant velocity of
0.01 nm ps~' over 500 ps. For the sequential insertion
pathway, the force was directed toward the active site opening,
while for the lateral pathway, it was applied orthogonally,
toward the gap between H4 and H7 (Figure 2B). The three
trajectories with the lowest accumulated work for each
pathway were selected as starting configurations for umbrella
sampling simulations.

For each pathway, the umbrella sampling simulations
employed a minimum of 25 windows, spaced at 2 A intervals
along the reaction coordinate. Additional windows were
introduced where poor overlap between adjacent histograms
was observed. Each window was simulated for 75 ns following
a 10 ns equilibration period. The PMF was subsequently
obtained using the WHAM estimator implemented in
GROMACS 2024."*

The resulting PMF profiles indicate that the lateral pathway
is energetically more favorable than sequential insertion, with
an average difference of 13 kcal mol™' across three
independent replicas (Figure 2C). This suggests that lateral
insertion represents the most thermodynamically favorable
binding pathway for ELOVL6. Notably, all trajectories along
the lateral binding route exhibited significant widening of the
gap between H4 and H7, primarily through displacement of
H4, facilitating substrate entry.

It is worth noting that performing these simulations in an
aqueous solution without an explicit membrane limits the
scope of their interpretation. In physiological conditions,
palmitoyl-CoA does not exist freely in aqueous solution but is
typically either membrane-associated or bound to acyl-CoA
binding proteins before delivery to ELOVL6. The absence of
these components in our simulations likely contributes to the
observed free energy profiles and should be interpreted with

https://doi.org/10.1021/acs.jcim.6c00336
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Figure 3. (A) Density maps of probe molecule affinities for ELOVL6, with blue surface representing low densities and red representing high
densities. Density below a threshold of —2.0 kcal mol™" was removed and remaining densities with insufficient volume to fit the active compounds
are not shown for visual clarity. (B) Binding poses of compounds A and B, obtained from docking these molecules to the three proposed binding
sites. (C) Binding free energies of compounds A and B from ABFE calculations for each of the three binding sites. (D) ROC curves of retrospective
virtual screenings with a library of decoy molecules from the DUD-E database and experimentally validated active molecules.

caution. Despite these limitations, the clear energetic
preference for lateral insertion over sequential binding provides
mechanistic insight into the most probable substrate entry
pathway, and suggests that substantial conformational
rearrangements accompany palmitoyl-CoA binding. Thus,
targeting this process, either by increasing the energetic cost
of H4 displacement or by designing ligands that stabilize
alternative conformational states, may represent viable
strategies for inhibiting ELOVL6 activity.

Binding Pocket Identification

Although multiple potent and selective inhibitors of ELOVL6
have been reported, the lack of a crystal structure for ELOVL6
in either apo or holo conformation leaves the mechanism of
action of these molecules poorly understood. Computational
studies have previously been used to identify potential binding
modes of known inhibitors of ELOVL1,"” another member of
the elongase family. However, the apo structure of ELOVL6
features a binding site volume of approximately 80 A® at the
location of the suggested ELOVLI1 binding site, while some of
the larger ligands studied here have volumes around 350 A%,
This discrepancy suggests that significant conformational
rearrangements would be required for the binding site to
accommodate these inhibitors.

To explore alternative binding pockets in ELOVL6, we
conducted mixed solvent molecular dynamics (MD) simu-
lations. In these simulations, ELOVL6 was immersed in a
solution of water mixed with small probe molecules with
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diverse physicochemical properties at a concentration of 2M,
following the methodology of Bakan et al.”’ The probe
molecules included isopropanol, acetamide, acetate, isopropyl-
amine, and benzene, chosen for their ability to form varied
interactions with the target and for their frequent occurrence as
fragments in drug molecules. Simulations were performed in
five replicas of 250 ns each. The resulting trajectories were
analyzed by constructing a spatial grid around ELOVL6 and
averaging the densities of all probe molecules at each grid point
across the five replicate trajectories. The inverse Boltzmann
relation (eq 1) was applied to convert these averaged densities
into binding free energies:

AG, = RT h{ﬂ]

Mo (1
where n; is the probe density at grid point i and n, is the
reference density in bulk solvent. Regions with probe binding
free energies below —2.0 kcal mol™' and sufficient volume to
accommodate the compounds analyzed in this study were
considered potential binding hotspots and are shown in Figure
3A.

Based on these high-affinity volumes able to fit compounds
of the size considered in this study, and our understanding of
ELOVL6’s mechanism of action, we hypothesized three
potential binding pockets (Figure 3A and B). The first
potential pocket lies in the gap between helices H4 and H7,
where ligand binding could block the insertion of FA substrates

https://doi.org/10.1021/acs.jcim.6c00336
J. Chem. Inf. Model. 2026, 66, 7264—7275
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into the active site. The second pocket is at the edge of the
occluded end of ELOVLG, where a ligand binding allosterically
could alter the conformation of the substrate binding site,
reducing the affinity of either of the two substrates involved in
the elongation mechanism for ELOVL6. The third hypothe-
sized pocket is directly at the active site, which exhibited the
highest probe molecule density; here, ligand binding would
directly interfere with CoA interaction with the active site. It
should be noted that these mixed-solvent MD simulations were
conducted without an explicit membrane environment, which
may affect probe partitioning behavior, particularly for the
H4—H?7 gap and entrance pockets where membrane lipids
could influence probe accessibility and binding energetics. The
active site pocket, being more deeply buried and solvent-
exposed, is less likely to be affected by this limitation.

To test these hypotheses, we docked two known inhibitors,
compounds A and B, into each of the three potential binding
pockets. Absolute binding free energy (ABFE) calculations
were performed to estimate their affinities using the FEP code
in GROMACS 2024, following the procedure of Cook et al.”!
For two of the three binding pockets, where a significant
portion of the ligand is membrane-exposed, a lipid bilayer was
included to mimic the composition of endoplasmic reticulum
(ER) membranes. The bilayer consisted of 90% POPC and
10% cholesterol, reflecting the lower cholesterol content
characteristic of typical ER membranes.”> The ABFE
simulations clearly indicate that the active site binding pocket
has significantly higher binding affinities for both compounds,
compared to the other two hypothesized binding pockets. The
free energy estimates at the active site were —12.66 =+ 0.78 kcal
mol™ and —13.27 + 1.47 kcal mol™* for compound A and B,
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respectively, in line with experimentally measured IC50 values
of 8.9 nM and 221 nM, which, assuming competitive binding
and using the Cheng-Prusoff equation, correspond to free
energy ranges between —11.7 to —16.4 kcal mol™' and —9.8 to
—14.5 kcal mol™' for compounds A and B, using the
experimental substrate concentration of 40 uM and the K,
values of 4 nM for palmitoyl-CoA and 11.1 uM for malonyl-
CoA, as reported in ref 23. The binding free energies obtained
for the other two models, however, fall well short of the
expected values given the known experimental measurements
(Figure 3C).

To further benchmark the suitability of these binding
pockets, we conducted a set of retrospective virtual screening
campaigns for each of the binding pockets, and evaluated the
ability of these binding pocket models to differentiate
experimentally validated active molecules from a library of
decoy molecules with similar molecular properties. The active
molecules were obtained from the aforementioned ELOVL6
inhibitor studies'*™"* by classifying all tested molecules with
ICsps below 1 uM as active, whereas molecules with higher
ICyys were classified as inactive. The inactive molecule class
was augmented with decoy molecules obtained from the DUD-
E database,”* resulting in a final ligand library distribution of
1.59% actives (54 molecules), and 98.4% inactives (3343
molecules).

The retrospective analysis aligned with our ABFE calcu-
lations, indicating that two binding pocket models—the H4—
H7 gap and the allosteric site—failed to enrich for actives, with
the H4—H7 gap model performing no better than random
selection, and the allosteric site model marginally surpassing it.
In contrast, the active site model showed some predictive

https://doi.org/10.1021/acs.jcim.6c00336
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optimal models for compounds A and B. (D) Percentage of active molecules recovered after selecting the top 1%, $% and 10% ligands from the

entire library, ranked by docking score.

power, with an AUC-ROC of 0.64S (Figure 3D). However, its
performance was inconsistent: for the first approximately 20%
of scored molecules, it performs close to random, as reflected
by the initial close tracking of the diagonal line by the ROC
curve. Visual inspection suggests that the AlphaFold-predicted
pocket conformation is too rigid to accommodate larger active
molecules and exhibits a bias favoring derivatives of compound
A over those of compound B. These findings highlight the
need for conformational refinements to improve the predictive

utility of this binding pocket model.
Binding Pose Identification

Based on the promising results from the active site binding
pocket model, we sought to refine this pocket to better reflect
the true holo conformation of the protein. To determine the
optimal binding poses of known inhibitors from series 1 and 2
(Figure 4A), we implemented a multistage protocol (Figure 1)
involving the identification and validation of multiple
candidate poses. Unlike the analyses in previous sections,
which relied solely on the top AlphaFold2 structure, in this
case we considered all five AlphaFold2 models. Despite their
overall similarity, some relevant differences between these
structures can be observed in their modeling of the binding
pocket.

The initial candidate poses were generated using the
induced fit docking (IFD) protocol with extended sampling,
as implemented in the Schrodinger suite,”> which was run for
five of the most potent ligands in each series in all their
relevant enantiomeric states. For compounds in series 2, only
endoisomers were considered to faithfully replicate exper-
imental conditions reported in,'> where exoisomers were
discarded. For each AlphaFold2 model, 400—500 candidate
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poses were generated, which we then characterized by
generating their corresponding interaction ﬁngerprints.26
These fingerprints were clustered using a hierarchical
algorithm, retaining 20 clusters per model based on cluster
size and the top IFD score within each cluster.

Binding pose metadynamics”’ simulations were conducted
to filter out unstable poses. Five replicas of 10 ns
metadynamics were run per pose, evaluating stability through
ligand RMSD and hydrogen bond conservation relative to the
initial structure. The five most stable poses per model were
selected for further evaluation.

To identify the pose most likely to represent the true bound
state, we assessed how well the selected structures reproduced
experimental binding affinities. A transformation network was
constructed for 18 li§ands in each series using the Lead
Optimization Mapper.”® Relative binding free energy (RBFE)
differences were computed using alchemical transformations in
OpenFE. Given that in the studied poses, the ligands are not
exposed to the membrane or interact with lipid molecules at
all, to streamline the analysis, we omitted the membrane in
these RBFE and ABFE simulations. The predicted free energy
differences were compared to experimental values using mean
absolute error (MAE) and Kendall’s 7 correlation, as shown in
Figure 4B. For both series, at least one pose accurately
reproduced experimental data, with MAE < 1.5 kcal mol™" and
7 > 0.4, indicating that these models capture key features of the
true binding pose.

Beyond validating that these models could accurately predict
relative free energy differences between ligands in the same
series, we also assessed absolute binding free energies. ABFE
calculations were performed for compounds A and B on the
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Figure 6. (A) Multiple sequence alignment of members 1,2, 3, S, and 6 of the ELOVL family, at the positions of ELOVL6 amino acids that define
the modeled binding pockets. (B) Contact frequency of the top 25 most commonly interacting residues in the ELOVL6 binding pocket for each
compound. Bars represent the fraction of simulation frames in which a residue is in contact with the compound. Semitransparent regions indicate
general contacts, while opaque regions indicate hydrogen bond formation. (C) Binding free energy differences between the bound pose of
compound A in ELOVL6 and its bound pose in members 1, 2, 3, and S of the ELOVL family and member 6 of dELOVL, computed from ABFE
calculations. (D) Binding free energy differences between the bound pose of compound B in ELOVL6 and its bound pose in members 1, 2, 3, and S
of the ELOVL family and member 6 of dELOVL, computed from ABFE calculations.

four top-scoring poses (based on correlation with experimental
affinities), using the Yank program.”® For both compounds, we
identified at least one pose with a binding free energy closely
matching experimental values, leading to the final top binding
pose models (Figure SA,B). For those selected models, the
relative binding free energy calculations used to evaluate all
candidate models were extended to include all ligands in each
congeneric series. In both cases, we observed that the
calculated free energy differences continued to closely match
experimental data with MAE < 1.0 kcal mol™ and 7 > 0.4 in
both cases.

To ensure the correct enantiomeric state was used in our
models, we docked the alternative enantiomers with
constraints to ensure that the resulting bound conformation
was similar to the identified pose and ran ABFE calculations on
all states. The results showed a preference for state S in
compound A and state RRS in compound B (Figure 4C).
Analysis of the optimal bound poses of compounds A and B
from both series 1 and 2, as depicted in Figure SA and B, show
that both occupy a similar volume in the binding pocket.
Additionally, these bound poses are mediated by critical
hydrogen bonds with ASP126 and HIS141 for compound A
and THR199 for compound B, while both compounds also
form hydrogen bonds with TYR181 and GLN202.

Trajectory analysis from the ABFE simulations indicated
that most of these hydrogen bonds were stable over the
majority of the simulation. Interestingly, although both
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TYR181 and GLN202 form hydrogen bonds with the initial
docked poses of both compounds, simulations for compound
A showed that the hydrogen bond with TYR181 is quickly lost
during simulation, indicating that its role in stabilizing the
bound poses may not be as important as GLN202, which
maintained stable hydrogen bonding during the simulations of
both compounds.

After identifying the optimal binding poses for each series,
we reevaluated the retrospective virtual screening analysis from
the binding pocket identification section to determine whether
the conformations of these refined binding sites could provide
better enrichments compared to the conformation of the
binding site in the original AlphaFold model. As shown in
Figure 5C, both the series 1 and series 2 models showed
significant improvements in terms of AUC-ROC compared to
the original models. Importantly, these models did not show
significant bias toward the ligand series for which they were
optimized, as both were able to correctly rank active ligands
from the other series before most decoy molecules.
Furthermore, we observed that constraining docking poses
during the virtual screening analysis to form hydrogen bonds
with GLN202 substantially improved the performance of all
models (Figure S8), and in particular increased the AUC-ROC
of model A to match the performance of model B, further
supporting the importance of this residue.
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Selectivity Analysis

Despite the structural similarity between the members of the
ELOVL family, these enzymes are expressed in different tissues
and have distinct fatty acid substrate preferences, which
indicates that selectivity toward ELOVL6 is an important
factor to consider when designing pharmacologically effective
inhibitors. In addition to testing the activities of compounds A
and B for ELOVLG, their selectivity was also experimentally
validated by testing these compounds for members 1, 2, 3, and
5 of the ELOVL family.'”"* Compounds A and B showed 38-
fold and 7-fold selectivity for ELOVL6 over ELOVL3
respectively, the member with the highest level of sequence
homology to ELOVL6 (47%), and for which the second
highest activity was measured. However, due to the lack of
structural understanding of the inhibition mechanism, no
understanding of the factors that induce selectivity in ELOVL
enzymes exists yet.

To evaluate whether our binding mode models could
address this knowledge gap, we adapted the ELOVL6
structural model to resemble other experimentally tested
ELOVL family members. A sequence alignment identified
nonconserved amino acids within 6 A of the ligand in the
predicted binding modes (Figure 6A). Keeping the binding
poses of compounds A and B unchanged, we mutated these
nonconserved residues to match those found in other ELOVL
proteins. The resulting structures were energy-minimized using
Prime, followed by ABFE calculations for both compounds.
While this simplified approach may not fully capture all
structural factors influencing selectivity, it allows us to
determine whether direct interactions with nonconserved
residues contribute significantly to ELOVLG selectivity. If our
models align with experimental selectivity trends, it suggests
that interactions with specific nonconserved amino acids are
key determinants of binding preference and should be
considered when designing selective inhibitors.

For compound A, experimental results showed no
measurable affinity for ELOVLs 1, 2 and S, while ICs4s for
ELOVL6 and ELOVL3 were 8.9 nM and 337 nM,
respectively.'” Therefore, we would expect to see large
differences, over 4 kcal mol™), in the free energies of binding
with respect to ELOVL6 for ELOVLs 1, 2 and S, whereas
ELOVL3 should have a binding free energy approximately 2
kcal mol™" lower than ELOVLG. A similar behavior would be
expected for compound B, where members 1, 2, and § of the
family showed no measurable affinity, whereas ELOVL3
showed a decreased affinity equivalent to approximately 2
kcal mol™"."> We also tested the affinity of these compounds
for the ELOVL6 ortholog in Drosophila melanogaster
(dELOVLG or Baldspot), as the fruit fly is a highly accessible
and suitable model for drug discovery in metabolic and
neurological diseases. Furthermore, compound A has shown a
significant effect in prolonging the lifespan of flies with
amyotrophic lateral sclerosis pathology,” suggesting its
inhibitory effects in ELOVL6 extend to dELOVLG.

Our ABFE calculations broadly reproduced these exper-
imental trends (Figure 6C and D). For compound A,
ELOVL3's binding free energy was 1.8 kcal mol™' lower
than that of ELOVL6, while ELOVLI1 and ELOVL2 exhibited
differences exceeding 4 kcal mol™', consistent with exper-
imental findings. For dELVOLSG, the binding free energy was
calculated to be 2.5 kcal mol™ lower than for ELOVLG, which
indicates that compound A should indeed have reasonable
affinity for dELOVL6 as was experimentally measured.
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However, for ELOVLS, our model failed to capture significant
free energy differences relative to ELOVL6, suggesting that
structural differences beyond local binding site mutations may
play a more prominent role in this case. Alternatively, our
predicted binding pose may be missing key interactions that
drive selectivity.

A similar pattern was observed for compound B, with the
inactive ELOVL1, ELOVL2 and ELOVLS models exhibiting
lower binding affinities by S to 7 kcal mol™'. Although no
experimental verification of compound B’s affinity for
dELOVLG exists, our simulations suggest this compound
may also be effective in Drosophila. However, unlike for
compound A, for compound B our models were unable to
capture the differences in affinity between ELOVL6 and
ELOVL3, which reveals some limitations in our models for
identifying the factors driving selectivity for these ligands.

Trajectory analysis of the ABFE simulations provided
insights into the specific amino acids driving ELOVL6
selectivity. For ELOVL1, ELOVL2, and ELOVLS, multiple
persistent ligand-contacting residues were mutated, particularly
at positions 130, 148, 184 and 195, as well as in the 130—140
sequence region, which contains several nonconserved amino
acids that persistently interacted with the inhibitor ligands
during the 50 ns ABFE simulations (Figure 6B). In contrast,
ELOVL3 exhibits a more limited set of binding pocket
mutations (GLN135, LYS136, LEU140, ARG184 and
ALA19S). Since LEU140 is mutated to the chemically similar
isoleucine and ARG184 does not form stable interactions
throughout the ABFE trajectory, we hypothesize that GLN135,
LYS136 and ALAI19S are the primary drivers of selectivity.
Notably, the GLN135 and LYS136 mutations introduce charge
changes, which could significantly alter the local electrostatic
environment, contributing to the observed differences in
binding affinity.

While this simplified approach allows us to determine
whether direct interactions with nonconserved residues
significantly contribute to ELOVL6 selectivity, it does not
fully capture the structural factors driven by conformational
differences across the ELOVL family influencing selectivity. To
address this limitation, we performed enhanced sampling
simulations of members 1, 2, 3, 5, and 6 using bias-exchange
well-tempered metadynamics to accelerate the conformational
sampling of the binding site and facilitate transitions between
apo- and holo-like states.

The choice of collective variables (CVs) was based on the
Ensemble Docking with Enhanced samplinlg of pocket Shape
(EDES) method developed by Basciu et al.>" Briefly, the radius
of gyration (Rg) of the binding site residues was used as the
first CV to account for the overall compactness of the pocket,
allowing the simulation to explore both collapsed and
expanded states. The other three CVs were coordination
numbers measuring the (pseudo) contacts between residues
separated by the three principal inertia planes of the binding
site. These variables are designed to enhance the sampling of
the pocket’s shape by mimicking the steric constraints typically
imposed by a ligand and inducing various relative orientations
of the pocket residues.

For each ELOVL protein, four independent replicas were
run, all initialized from the structures predicted by AlphaFold2
embedded in a membrane environment. The construction and
equilibration of the membrane systems followed the same steps
outlined in section 2, with a bilayer consisting of 90% POPC
and 10% cholesterol. Each replica was biased along one of the

https://doi.org/10.1021/acs.jcim.6c00336
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Figure 7. (A) Aligned structures of members 1, 2, 3, S, and 6 of the ELOVL family, using the backbone atoms of the binding sites residues for
alignment. (B) Reweighted volume distributions of studied ELOVL members, measured as the free volume around the geometric space occupied
by compound A. (C) Reweighted distributions of the first two principal components from a PCA analysis of the positions of the binding site
residue alpha-carbons of all studied ELOVL members, representing the conformational space visited by protein during the metadynamics
simulation. The light blue and purple dots indicate the projections onto the same principal components of the compound A and B models.

four CVs to ensure comprehensive sampling. During the
simulations, bias exchanges between the four replicas were
attempted every 2 ps to enhance the overall efficiency of the
conformational search. To compare the conformational spaces
explored by different ELOVL family members, the binding
sites of all simulated systems were aligned to the ELOVL6
binding site as reference. For each system, the trajectories from
all four replicas were combined and reweighted using Tiwary-
Parrinello reweighting’” to account for the metadynamics bias
accumulated during sampling,

The positions of the alpha-carbon atoms of all binding site
residues were extracted from the trajectories, and principal
component analysis (PCA) was applied to the combined data
set to identify the dominant modes of conformational
variability. Two-dimensional density plots (Figure 7C)
constructed from the first two principal components revealed
clear differences in the conformational landscapes sampled by
each ELOVL member. While ELOVL6 and ELOVL3 exhibited
partially overlapping conformational distributions, ELOVLI,
ELOVL2, and ELOVLS explored markedly different regions of
conformational space. To quantify these differences, we
computed the Wasserstein distance, which measures the
minimal “cost” of transforming one probability distribution
into another, between the conformational ensemble of
ELOVL6 and each of the other family members. The
Wasserstein distance between ELOVL6 and ELOVL3 was
0.48, indicating moderate similarity, whereas distances for
ELOVL1, ELOVL2, and ELOVLS were substantially larger
(0.72, 0.88, and 0.95, respectively), reflecting pronounced
conformational divergence. Notably, when the conformational
distributions of the holo-like structural models developed for
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compounds A and B were projected onto these principal
components, ELOVLS showed no overlap with the region
occupied by the inhibitor-bound conformations, suggesting
that ELOVLS may be specially unlikely to adopt the specific
pocket geometry required for high-affinity binding of these
compounds.

These observations suggest that the selectivity of inhibitors
for ELOVLSG arises not solely from pharmacophoric differences
due to nonconserved residues, but also from inherent
differences in the conformational flexibility and accessible
binding site geometries across the ELOVL family. To further
validate this hypothesis, we measured the volume available to
accommodate compound A, the bulkier of the two
compounds, within the binding site of each ELOVL protein.
Specifically, for each frame in the reweighted trajectories, we
calculated the free volume surrounding the spatial region that
compound A would occupy according to our holo structural
model. The resulting volume distributions (Figure 7B)
revealed that ELOVL6 and ELOVL3 maintain sufficiently
large binding pockets to accommodate compound A with
reasonably high probability, whereas ELOVL1, ELOVL2, and
ELOVLS exhibit significantly reduced free volumes in this
region. While transient excursions to larger pocket volumes
capable of accommodating the compound were observed for
all systems, the lower probability density in the relevant
volume range for ELOVL1, ELOVL2, and ELOVLS suggests
that binding compound A would require accessing a narrower,
entropically disfavored region of conformational space, thereby
incurring a substantial entropic penalty. This may be part of
the reason why the simplified point mutation model failed to
predict the lack of inhibition of compound A for ELOVLS.
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To identify the structural determinants underlying the
conformational differences observed between ELOVL3/
ELOVL6 and other ELOVL family members, we analyzed
the pairwise distances and relative orientations of the seven
transmembrane helices that constitute the structural core of
these proteins. Distributions of interhelical distances and
angles were computed for all helix pairs and compared across
the different systems. While most helices did not show clear
distinctions, interestingly helix H2 exhibited notably different
behavior in ELOVL3 and ELOVLG relative to the other family
members (Figure S11).

To further investigate this observation, we examined the
relationship between H2 conformational variability and
binding pocket volume. Given the strong correlations among
individual pairwise displacement descriptors, we employed
PCA to reduce these measures to a single dominant mode of
motion. This principal component showed a meaningful
correlation with the binding pocket volume (Figure S12),
despite not forming direct contacts with the inhibitor binding
site. Together, these results suggest that the conformational
dynamics of helix H2 may indirectly modulate the accessibility
of binding pocket conformations capable of accommodating
the ligands studied in this work.

Bl DISCUSSION

In this work, we have developed a binding mechanism model
for ELOVL6 inhibitor molecules, and unveiled the key
interactions that lead molecules to be strong binders, as well
as the potentially crucial amino acids to consider when
developing selective inhibitor molecules. Additionally, we
developed structural models for ELOVL6, which demonstrated
the ability to differentiate experimentally validated actives from
decoy molecules with a high degree of accuracy. In fact,
although these structural models were initially tailored to fit a
specific congeneric series of molecules, their accuracy when
differentiating active molecules with completely different
chemical structures remained very high, indicating that this
accuracy could be leveraged to find new lead compounds
through virtual screening campaigns.

Although our understanding of the mechanism of action of
ELOVL6 and its inhibition remains incomplete, we were able
to provide insight into the likely binding pathway of FA
substrates into ELOVL6. While these substrate binding
simulations, as well as our mixed solvent MD analyses for
binding pocket identification, were performed without explicit
membrane environments, which would have to be accounted
for if a deeper understanding of these mechanisms is desired,
these simplified models still offer valuable qualitative insight
into ligand access pathways and binding site features. As far as
the inhibition mechanism, previous studies’ have suggested
two main possible modes of action. The first is binding to an
allosteric site of the enzyme’s active site, which could explain
the selectivity of these ligands for ELOVL6 despite the
similarity between ELOVL family members. This would
additionally be consistent with the observation that these
compounds inhibit palmitoyl-CoA uncompetitively, which
could be explained by the fact that binding to this allosteric
site might induce conformational changes that interfere with
malonyl-CoA binding. We attempted to identify possible
allosteric binding pockets in ELOVLG, but our models did not
find allosteric sites that were able to reproduce experimental
data for these inhibitors. Another possibility is that the
inhibitor molecules recognize the conformational change

associated with acyl-enzyme intermediate formation, and
bind after this step in the catalytic process. We consider a
comprehensive analysis of the conformational space explored
by this intermediate state a topic of great interest for future
study. Although a thorough analysis of the conformational
changes that ELOVL6 goes through during the FA substrate
elongation process is beyond the scope of this work, our results
suggest that the affinity of these inhibitors for our modeled
binding pockets is sensitive to slight realignments of the amino
acids in the binding pocket, as evidenced by the significant
accuracy differences between the original AlphaFold model
and our refined models in identifying active compounds.

Motivated by recent findings suggesting ELOVL6’s potential
as a target for the treatment of various disorders spanning
metabolic, neurological and cancer malignancies,l_ll we hope
to leverage these computational models to aid in the design of
new ELOVLG inhibitors with optimal pharmacokinetic proper-
ties in the future, both for lead identification through virtual
screening of large-scale ligand libraries and lead optimization
through RBFE calculations.
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