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ABSTRACT

Fatty acid binding protein 4 (FABP4), reversibly binding to fatty acids and other lipids with high affinities, is a
potential target for treatment of cancers. The binding site of FABP4 is buried in an interior cavity and thereby
ligand binding/unbinding is coupled with opening/closing of FABP4. It is a difficult task both experimentally
and computationally to illuminate the entry or exit pathway, especially with the conformational gating. In this
report we combine extensive computer simulations, clustering analysis, and Markov state model to investigate
the binding mechanism of FABP4 and troglitazone. Our simulations capture spontaneous binding and unbinding
events as well as the conformational transition of FABP4 between the open and closed states. An allosteric
binding site on the protein surface is recognized for development of novel FABP4 inhibitors. The binding
affinity is calculated and compared with the experimental value. The kinetic analysis suggests that ligand
residence on the protein surface may delay the binding process. Overall, our results provide a comprehensive
picture of ligand diffusion on the protein surface, ligand migration into the buried cavity, and the

conformational change of FABP4 at an atomic level.
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INTRODUCTION

Fatty acid binding proteins (FABPs), mediating transport, storage and metabolism of fatty acids and other
lipids, escort and sequester ligands to regulate signaling pathways and enzyme activities.'. Among nine FABP
family members, FABP4 has been recognized as a potential target for treatment of type 2 diabetes,
atherosclerosis, and ovarian cancer.” ® The structural feature of FABP4 has been well studied and high-
resolution crystal structures of both the open and closed states have been solved. However, the mechanism of
ligand binding/unbinding that is the molecular basis for FABP4’s functions remain to be clarified. The ligand-
binding site of FABP4 is buried in an interior cavity and surrounded by two a-helices and ten B-strands, which
is shared by other member proteins. The portal region, including helix all and loops between BC-BD and BE-BF
(Figure 1), has long been postulated to be the entrance into the binding cavity.4'6 Phe57 at the mouth of the
portal is regarded as the gating residue. In crystal structures, the side chains of Phe57 adopt different
conformations in the open and closed states (Figure 1). According to the classification of enzyme gates,’
FABP4 has a wing-type gate. Previously we have demonstrated the conformational transition of FABP4
between the open and closed forms in the absence and presence of different ligands.® However, the coupling of
FABP4’s conformational changes and ligand binding has yet not been elucidated. A detailed description of
FABP4-ligand binding will be helpful in development of potent FABP4 inhibitors for treatment of diabetes and

cancers.

Figure 1. The open and closed states of FABP4. Two FABP4 structures (PDB entries 2QM9 and 3HK1) are
superimposed using backbone atoms. In the occluded state (2QM9), Phe57 (magenta) points towards Thr29 and
blocks access to the cavity. In the open state (3HK1), Phe57 (orange) projects outwardly away from Thr29 and
exposes the ligand to the solvent. The portal, including helix all and loops between BC-BD and BE-BF, is
highlighted. Cys117 is located at the bottom of the binding cavity. Thr29, sitting on helix all, and Phe57, sitting

on loop BC-BD, are located at the mouth of the portal. The ligand with carbon atoms colored cyan indicates the
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binding cavity. Carbon atoms of Thr29 and Cys117 are colored green. The ligand and residues are shown in

sticks.

Molecular dynamics (MD) simulations have already been utilized to provide insights into the mechanism of
ligand binding and protein conformational changes. The dynamic description of gated binding dates back to
more than thirty years ago with work on migration pathways in myoglobin.” Since then, the gating model has
been built and its contribution to the binding rate has been evaluated.'®'? So far diffusion of gaseous molecules
(CO, CO,, O,, and NO) within a gated channel has been widely studied in several proteins.”**' And the
computer simulations have been compared with experimental measurements.”> * In recent years, the
binding/unbinding process has been investigated**?’ whereas the conformational gating is not considered.
Ligand diffusion on the protein surface has been reported as well.*® ** However, the mechanism of drug-like
small molecules diffusion into a buried cavity has been very rarely reported. It still remains a challenge to
achieve a comprehensive picture of gated ligand binding because the binding site is enclosed and the coupling

of conformational gating and ligand diffusion needs to be adequately sampled.

Figure 2. Chemical structure of troglitazone (TGZ). The oxygen atom of OAQ is labeled.

To capture the underlying mechanism of FABP4-ligand binding, we extend the pathway sampling strategy’°
recently reported to investigate the diffusion of troglitazone (TGZ, Figure 2), a drug-like small molecule
inhibitor, into FABP4. In order to sample the conformational space more efficiently, two hundred seeding
structures are extracted along an unbinding pathway generated by steered MD?' (SMD). Then each of them is
subject to a 200-ns MD simulation and the ensemble of MD simulations is labeled as MD200. Clustering
analysis of MD200 reveals the significant regions on the free energy landscape. Furthermore, to avoid possible
biases introduced by the SMD simulation, two hundred and forty structures are obtained from the important
regions, and a 400-ns MD simulation is initiated on each of them. This ensemble of MD simulations is labeled

as MD240. Clustering analysis and Markov state model (MSM) are employed to construct the binding pathway,
4
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which provides novel insights into the mechanism of gated ligand binding. We demonstrate that the
opening/closing of FABP4 and ligand diffusion are well sampled. A binding pocket on the protein surface is
identified to be the target site for development of novel FABP4 inhibitors. Our results provide thermodynamic
and kinetic details of FABP4-TGZ binding, including ligand diffusion on the protein surface, ligand penetration
into the internal cavity, and thermal fluctuations of FABP4.

RESULTS

Spontaneous Binding/Unbinding Events

In accordance with previous experimental reports,“'6 the ligand is pulled out of the binding cavity through the
portal in the SMD simulation. The movement of TGZ is gauged by the heavy-atom root mean square deviation
(RMSD) of the ligand with respect to the crystal structure as well as the distance between centers of mass
(COMs) of TGZ and Cys117/Thr29. The openness of the portal is evaluated by the distance between COMs of
Thr29 and Phe57. The global motion of FABP4 is measured by the RMSD of backbone heavy atoms. In the
first 0.4 ns, the Thr29-ligand distance decreases and the Cys117-ligand distance increases (Figure 3), indicating
that TGZ moves close to the portal. After that, the distance both increases, suggesting that the ligand floats
away from the protein. At around 0.4 ns, a peak appears in the curve of the Thr29-Phe57 distance suggesting the
conformational transition of FABP4 from the closed form to the open form. At the same time the backbone
RMSD has a slight change (< 1 A). The results suggest that the conformational change of Phe57 is needed to
facilitate ligand unbinding while a subtle change of the backbone conformation is sufficient for TGZ to escape

from the internal cavity.

Figure 3. Pulling TGZ out of the binding cavity in the SMD simulation. Time evolution of the Cys117-ligand
distance (black line), the Thr29-ligand distance (red line), the ligand RMSD (green line), the Thr29-Phe57
distance (blue line), and the backbone RMSD (cyan line) is plotted. Snapshot structures of the ligand at Ops,
360ps, 580ps, and 1000ps are shown in green, blue, orange, and magenta, respectively. Carbons of three

residues (Thr29, Phe57 and Cys117) are colored cyan. At 360 ps (time frame 72), TGZ is in contact with water
5
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molecules in the exterior solvent (within 5 A of the ligand). At 580 ps (time frame 116), the ligand is

completely out of contact with the protein when none of protein atoms is within 5 A of the ligand.

Two hundred seeding structures extracted from the unbinding pathway work as the starting structures, and
each one is subject to a 200-ns MD simulation. According to the initial position of the ligand (SI Table S1), the
200 MD trajectories (MD200) are grouped into three ensembles. Ensemble 1 (E1) comprises the first 71
trajectories started with the ligand in the interior cavity. Ensemble 2 (E2) is composed of the following 44
trajectories (Traj 72—115) begun with the ligand around the portal. Ensemble 3 (E3) consists of the last 85
trajectories (Traj 116-200) started with the ligand in the exterior solvent. The poses of the ligand at various time

points are displayed in Figure 3.

Figure 4. Time evolution of the ligand RMSD in the trajectories 16 (A) and 178 (B). RMSD values of sampled
structures are shown in gray. The smoothed line, computed with LOESS implemented in the statistical software

R v3.0, is plotted in black.

For E1, only in the trajectory 16 the unbinding event is observed with the maximal ligand RMSD over 20 A
(Figure 4A). Inspection of the trajectory reveals that the ligand escapes through the portal, adheres to the protein
surface, and finally re-enters the pocket through the portal again. For E2, in 10 out of 44 trajectories the
minimal ligand RMSD is below 3 A, suggesting that TGZ successfully reaches the binding pose experimentally
determined. For E3, in 30 out of the 85 trajectories the minimal RMSD is less than 10 A suggesting that the
ligand successfully penetrates into the cavity. In two trajectories the minimal RMSD is below 3 A, suggesting
that a full binding pathway is achieved. In one pathway (Traj 178, Figure 4B), the ligand keeps jumping
between the protein surface and the solvent in the first 40 ns, exploring the whole protein surface, then attaches
to the portal and lingers on it for 20 ns, and at last finds the tunnel into the binding cavity at 70 ns. Similar with
the SMD simulation, when the ligand moves into or out of the protein, FABP4 is in the open state and the

backbone RMSD has no notable change (SI Figure S1).
6
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In this work the ligand RMSD of 10 A is chosen as the threshold value to judge if the ligand enters or leaves
the internal cavity. If the RMSD is below 10 A, the ligand is inside the binding cavity; otherwise, the ligand is
outside of the protein. This value is selected based on the analysis of MD trajectories and the results mentioned
later. In the first 81 MD simulations, the starting structure has a ligand RMSD under 10 A. Only in one
trajectory (Traj 16), the ligand temporarily escapes from the binding cavity. We postulate that unbinding occurs
scarcely after the ligand enters the buried cavity. Thus, the ligand RMSD of 10 A is determined as the criterion.
The following results also support that this threshold value is reasonable. Similarly, the RMSD is used to be
indicative of the water diffusion in a recent report.32

Transition States of the Ligand

Clustering analysis is employed to identify metastable states of the ligand during the binding process. Here
we focus on ligand diffusion and thereby the conformational change of the protein and ligand is ignored in
clustering. The conformational change of FABP4 will undoubtedly exert influence on ligand diffusion and vice
versa. The effect should be reflected in ligand distribution and will be discussed later. The oxygen atom of
OAQ at the center of the TGZ structure (Figure 2) is chosen to represent the ligand molecule. In our opinion it
is simple but good enough to describe the ligand movement with a single atom’s coordinates. The clustering is
performed in the three-dimensional space of the OAQ’s coordinates using Bayesian clustering, which has been

30,33

employed for analysis of MD trajectories. In the optimal resolution 77 classes (class 0—76) are obtained and

a representative structure is selected for each class.

Figure 5. Transition states of the ligand and the 2D FES. (A) The unbound state C7. The representative
structures for 6 classes which compose the macrostate C7 are displayed. (B) The six states (C1-C6) on the
protein surface or inside the protein. The representative structure for C1-C6 is colored green, blue, cyan,
yellow, orange, and red, respectively. (C) The 2D FES obtained from MD200. (D) The 2D FES obtained from

MD240. Points sampled from MD simulations are assigned into 75%75 bins for MD200 and 75x80 bins for
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MD240 on the xz plane with a bin area of 1.4x1.4 A?. The macrostates (C1-C6) on the FES correspond to the

binding sites in the panel B.

In six classes (class 27, 31, 52, 56, 59, and 68), TGZ is in the exterior solvent with the average ligand RMSD
over 30 A (Table 1). Visual examination shows that these classes are distributed in distinct directions around the
protein (Figure 5A). Therefore, the six classes are considered to be the unbound state. The other 71 classes are
then clustered into six macrostates (C1-C6) by Hierarchical clustering (SI Figure S2). C1 is located inside the
binding cavity with the average RMSD of 4.2 A (Table 1) and thereby is the bound state. Five populated sites
(C2—C6) on the protein surface are identified. Among them, C2 is situated on the portal with the average RMSD
of 13.0 A. These results suggest that the ligand RMSD of 10 A is an appropriate criterion to assess if the ligand
is inside the interior cavity. The representative structures for C1-C6 are displayed in Figure 5B. The unbound
state is labeled as C7. Thus, the 77 classes generated by Bayesian clustering are regarded as microstates and
further grouped into seven macrostates.

The coordinates of the OAQ atom are projected onto the two-dimensional plane (xy, xz, and yz), and the free
energy surface (FES) is calculated (Figure 5C and SI Figure S3). According to the clustering results and FES,
the protein surface and internal cavity are well explored by the ligand. The six macrostates (C1-C6) are directly
associated with energy wells on the FES. The convergence of free energy calculation is shown in SI Figure S4.

Table 1. Locations and mean values of the ligand RMSD with standard deviations for the macrostates C1-C7.

State MD200 MD240 Location
Number of classes RMSD (A) Number of classes RMSD (A)

C1 23 4.2+1.8 7 6.7+2.1 Inside the binding cavity
C2 19 13.0+£3.8 12 13.6+£2.9 Around the portal
C3 11 16.6+2.2 7 18.6+3.8 Between helix al and all
C4 8 22.9+2.4 8 22.0+2.6 N terminus on the backside
C5 4 19.0+£2.2 10 21.5+1.9 Among loops al-all/BE-BF/BG-BH
Cé 6 20.5+1.8 11 20.3+1.6 Strands BH/BI/BJ
C7 6 32.0+£9.2 4 36.1+7.1 In the exterior solvent

Binding Kinetics
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In the dataset MD200, the starting structures are extracted from a SMD trajectory generated with a biasing
potential. Although it looks that the protein surface is well explored, our results may be compromised due to the
biases introduced in the SMD simulation. In order to fully explore the entire potential energy landscape and
avoid possible biases, another ensemble of starting structures is acquired from the significant regions indicated
by the FES and clustering analysis.

The six macrostates (C1-C6) as well as the six microstates in C7 are grouped into 20 clusters, respectively,
using k-means method. The centroid structure in each of the 240 clusters works as the starting point for a 400-ns
MD simulation (MD240). In 20 trajectories started inside the protein (C1), none of escaping events is observed.
The other 220 MD simulations are initiated with the ligand outside of the protein. In 82 out of 220 trajectories
the minimal RMSD is below 10 A; in 66 instances the final RMSD, which is computed as the average of the
ligand RMSD in the last 1 ns, is less than 10 A; and in 10 trajectories the minimal RMSD is less than 3 A. Thus,
in more than one third of MD simulations (82/220) the binding events have occurred; in most of them (66/82)
the ligand finally stays inside the protein; and in 10 trajectories the ligand successfully reaches the crystal
position.

Similarly, the Bayesian clustering has been performed in the three-dimensional space of the atom OAQ’s
coordinates. In the optimal resolution 59 classes (0—58) are obtained. Among them, four classes (43, 45, 47, 51)
are far away from the protein with an average RMSD over 30 A (Table 1), which is the unbound state (C7).
Other 55 classes are grouped into six macrostates (C1—-C6) using the Hierarchical clustering method (SI Figure
S5). Similar with Figure 5A, in C7 the ligand is distributed in four distinct directions. In C1-C6, the ligand is
positioned at the same site as shown in Figure 5B. The FES on the two-dimensional plane is displayed in Figure
5D and SI Figure S6, and the convergence of the free energy calculation is shown in SI Figure S7.

Transitions between these states are analyzed by MSM, which has been widely employed in studies of protein

24, 34-39

conformational change and protein-ligand interaction. In this work, the seven macrostates are used to

construct the transition matrix T(t). The lag time (1) is determined to be 80 ns after analysis of the implied
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timescale (SI Figure S8). The binding kinetics between the unbound state (C7) and the bound state (C1) is
described with MSM and transition path theory (TPT). The binding time is estimated by the mean first passage
time (MFPT) to the final state (C1) from the other states.

As revealed in the previous report,® the ligand is highly mobile inside the binding cavity and there may exist
other binding modes except the crystal one. It explains the observation that binding events occur in 82
trajectories while only in 10 instances the ligand reaches the crystal position. For MSM calculation, it is
important to obtain enough transitions between macrostates such as the transition between C1 and C2. After the
ligand enters the internal cavity, the diffusion to the crystal position happens within C1, which makes little
contribution to the MSM calculation. Therefore, it is not necessary to have many full binding trajectories. With
binding events observed in more than one third of MD simulations, our data are good enough for the MSM

calculation.

Figure 6. Flux network of ligand binding from the unbound state C7 to the bound state C1. The representative

structure for each state is displayed. The net flux (ms™) is labeled next to the arrow.

The total net flux between C1 and C7 is (4.3+0.2)x10* s™'. The net flux between pairs of states is listed in SI
Table S2 and S3. For clarity of visualization, the flux network shown in Figure 6 is constituted by the
transitions with the flux above 1.0x10° s™'. We notice that C2 plays a vital role during the binding process. The
flux from C2 to CI1, (1.2£0.1)x10* s, accounts for (28.5+0.6)% of the total flux. The influx of ClI,
(1.6£0.1)x10* s, occupies (36.4+0.7)% of the total flux, 75% of which comes from C2, suggesting that C2 acts
as an indispensable intermediate to the bound state. The direct transition to C1 from other states except C2,
accounting for 7.9% of the total flux, indicates a fast binding event in which the ligand passes through the portal
quickly as shown in Figure 4B.

The binding time from the solvent (C7) to the internal cavity (C1) is 1.64+0.11 ps (SI Table S4). Ligand
residence on C4-C6 delays the binding by increasing the MFPT to at least 1.88+0.12 us. Furthermore, we

10
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calculate the binding time in 120 simulations starting with the ligand in the solvent, far away from the protein.
The MFPT time is 1.28+0.06 us (SI Table S5). The transition time from C2 to C1 is 0.97+£0.07 us, which
occupies about 60% of the binding time, suggesting that ligand diffusion through the portal is the rate-limiting
step during the binding process. It is consistent with the mutation and kinetics studies.* ® Examination of
binding trajectories show that the ligand attaches to and detaches from the protein surface very fast, hops
between different surface pockets, and attempts to pass through the portal, but penetrates into the protein
slowly. A traditional view about protein-ligand binding is that the ligand nonspecifically binds with the protein
and subsequently diffuses on the protein surface, which speeds the search for the binding site.** Our results
suggest that ligand residence on the protein surface may not necessarily accelerate the binding. The ligand may
be trapped in some surface pockets, which delays the transition into the binding cavity.

An Allosteric Site for FABP4-Protein Interaction

Examination of the populated sites on the protein surface reveals three binding pockets located in C3, C4, and
C5, respectively. Among them, the binding pocket in C3, lying between helix al and all, may be involved in
FABP4-protein interactions. FABP4 can associate with another protein and play a regulatory role as a lipid
sensor.*’ Although it is still unclear what the FABP4-protein complex looks like, the mutation study has
demonstrated that four charged residues (Aspl7, Aspl8, Lys21, and Arg30) are required in the interaction
between FABP4 and hormone sensitive lipase (HSL).* Arg30 is situated on helix all and the other three
residues are seated on helix ol (Figure 7). In crystal structures, Aspl7 and Arg30 form an ion bond. The
distance between OD1/0OD2 of Aspl7 and NH2 of Arg30 is around 4.1 A in the structure of 2QM9, which
makes this site unsuitable for ligand binding. In the simulations, due to conformational changes, the ion pair
Aspl7-Arg30 is broken and an orifice appears between helix ol and all, which make enough room to
accommodate the ligand. This pocket can be a target site for discovery of novel FABP4 inhibitors to mediate

the protein function by blocking the FABP4-protein interaction.

11
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Figure 7. The binding mode of TGZ in the surface pocket of C3. FABP4 is shown in surface and cartoon,
respectively. In the surface representation, a small orifice is observable in the binding pocket. The four residues
(Aspl7, Aspl8, Lys21 and Arg30) are shown in sticks with carbon atoms colored cyan. The hydrogen bond

between TGZ and Asp17 is shown in the dashed line. TGZ is shown in sticks with carbon atoms colored green.

Opening and Closing of FABP4

As demonstrated in the previous report,” FABP4 exists in equilibrium between the open and closed form, and
opening and closing of FABP4 are influenced by the bound ligand. Here we investigate the conformational
change of FABP4 between the open and closed state during ligand binding as well as its effect on binding rate.
The conformational distribution of FABP4 as a function of the Thr29-Phe57 distance is shown in Figure 8A. In
all density curves, two population peaks around 7.0 and 10.0 A are observable, which correspond to the closed
and open form, respectively. The results also suggest that opening and closing of FABP4 are well sampled in

our simulations.

Figure 8. Conformational distribution of FABP4 between the open and closed form. (A) Distribution of FABP4
conformations in the seven macrostates. (B) Population of the closed form. The density curves are calculated
with R v3.0. The opening/closing of FABP4 is described by the distance between Thr29 and Phe57. The closed

form is defined to be all conformations with the Thr29-Phe57 distance below 8.5 A.

The population of the closed form (Figure 8B) is then acquired as the integral of the density curve when the
ligand is situated in different locations. The closed state is defined to be all conformations with the distance
between Thr29 and Phe57 less than 8.5 A.® When the ligand fluctuates inside the protein (C1), the population of
the closed form is 29% and thereby the open conformation is preferred, which is consistent with the previous
report.® Ligand residence on C2 results in opening of the portal with the lowest population (22%) of the closed
conformation, which facilitates ligand entry into the protein. An orifice appears on the surface site C3, C4, and

C5 when the ligand is located there. Opening of C3, C4, and C5 leads to closure of C2 because of relative
12



Page 13 of 28 Physical Chemistry Chemical Physics
movements of the secondary structures, which explains the rising population of the occluded form (47-57%).
By contrast, the closed form constitutes 62% of the total population in the absence of a ligand.® Moreover, we
investigate the conformational distribution of FABP4 as a function of the ligand RMSD (SI Figure S9) as well
as the distribution in the dataset MD200 (SI Figure S10). The results agree very well with the data shown in
Figure 8 and Table 1.

A model depicting the kinetics for protein conformational changes has been constructed.” ** Here, the
conformational transition of FABP4 is described by a simple two-state MSM having the open and closed state.
The constant rates for opening and closing are computed to be kopen = (5.7i0.05)X106 s' and kelose =
(3.240.06)x10° s (SI Table S6), respectively. The mean times for opening and closing are MFPTqpen =
175.3£1.5 ns and MFPTjose = 309.845.4 ns. Based on the gating model,12 the effect of the conformational
gating on ligand binding can be estimated as kou/kon' = Kopen/(kopentkeiose) = 0.64, where k,, is the rate constant for
gated ligand binding and k,," is the rate constant in the absence of gating. Thus, due to hindrance of the
conformational gating, the binding rate decreases about 40%.

Estimation of Binding Affinity

In this section, the binding affinity of FABP4 and TGZ is calculated first based on the MSM model, and then
based on the FES obtained from both MD200 and MD240. The experimental K, value of FABP4-TGZ is 17.0
nM* and thereby the binding affinity is 4G = RTInK,; = —10.66 kcal/mol. With the seven-state model, the
association constant is computed to be k,, = 1.51% 10® M s7! and the dissociation constant is ko= 4.60% 10* s
(see Methods and SI Table S7). Thus, the binding affinity is AG = RTIn(koy'k.,) = —4.8 kcal/mol, which is only
half of the experimental value.

Methods for calculation of protein-ligand binding affinity from MD simulations have been discussed in
depth.*® In this work, the binding affinity of FABP4-TGZ is estimated using the protocol previously reported.*’
To do it, the three-dimensional FES is constructed after assigning the coordinates of the atom OAQ into bins

(see Methods). The bound volume (¥3) is required for calculation of the binding affinity. The sensitivity

13
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analysis (SI Figure S11) yields a bound volume of 675.37 A’ for the dataset MD200 and 860.34 A’ for the
dataset MD240 with the free energy no more than 4.0 kcal/mol. Thus, the binding affinity is estimated to be —
7.86 kcal/mol and —7.96+0.07 kcal/mol (SI Table S8), respectively. The difference between the calculation and
the experiment is less than 3.0 kcal/mol.

With MD200, we investigate the influence of the number of MD trajectories on the calculation. Three subsets
are built with 100, 140, and 180 MD trajectories, which are randomly selected from ensembles E1, E2, and E3
(SI Table S9). The binding affinity acquired is —7.42, —7.63, and —7.79 kcal/mol, respectively. When the number
of trajectories rises from 100 to 200, the change of estimated binding affinity is less than 0.5 kcal/mol.

CONCLUSION

In this report we demonstrate how to build the unbiased distribution describing ligand binding on the basis of
a biased path. The dataset MD200 is obtained by performing additional MD simulations at given points along
the pathway defined by the SMD simulation and thereby is somewhat biased. The dataset MD240 is initialized
with points uniformly sampled around the protein and is supposed to be unbiased. Interestingly, the binding
affinities computed from the two datasets are very close though MD240 has more starting structures and longer
simulations than MD200. Examination of FESs (1D and 2D) implies that the protein surface is better sampled in
MD240 than in MD200 whereas it hardly improves the prediction of the binding affinity. Even compared to the
subsets of MD200, MD240 does not lead to a notably better prediction. Moreover, the MSM calculation is also
performed with the dataset MD200 (SI Figure S12 and Table S10-S11). The conclusions that can be drawn
from MD200 are almost the same with those from MD240. This raises a series of intriguing questions. Is it
necessary to equally explore the full conformational space for thermodynamic and kinetic analysis? If not,
which part of the space should be exhaustively sampled? And which part can be less examined? According to
our results, it looks reasonable to sample along a possible binding pathway.

Although experimental data support the hypothesis that the portal (C2) is the entrance into the binding cavity

of FABP4, the direct evidence has been lacking for a long time. The possibility that there exists another
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entrance cannot be excluded. A binding pathway through an aperture on the other side of the cavity, which
corresponds to C4, has been found.*® In our simulations, an orifice may appear in different locations (C3, C4,
and C5) on FABP4 surface, whereas the ligand does not penetrate into the protein through these sites and the
only entrance observable is the portal. Due to limitation of the simulation length, we cannot completely rule out
the possibility that the ligand may enter the binding cavity of FABP4 through another opening. However, the
FES and the flux network clearly indicate that the pathway through the portal is energetically and kinetically
favorable. From the present data we can infer that, even if the ligand is pulled out through another opening (for
example, C3, C4, or C5) in the SMD simulation, the portal (C2) will be recognized to be the entrance into the
binding cavity in the following MD simulations. In this sense our method can be employed to search for the
preferred entry when the prior knowledge is not available.

In our simulations, except the internal cavity, a binding pocket on the protein surface is identified to be an
allosteric site that may be applied in discovery of novel FABP4 inhibitors. With this approach the mechanism
underlying ligand binding with different FABPs can be investigated. It will assist the development of specific
inhibitors for an individual FABP, considering that the FABP family shares a conserved tertiary structure
despite diverse sequence similarity (22—-73%). In FABP4 studies, Phe57 is regarded as the gating residue, which
controls access of ligand and water molecules to the interior cavity. In fact, aromatic residues work as a
conformational gate in many proteins.” Therefore, our work is helpful in understanding the general mechanism
of protein-ligand binding with a wing-type gate.

METHOD

Modeling of the Simulation System

The FABP4-TGZ complex was obtained from PDB entry 2QM9.* The open conformation of FABP4 was
obtained from PDB entry 3HK1.* The structure of TGZ was extracted and geometry optimized using Jaguar

v7.9°° with the B3LYP functional and the 6-31G* basis set. An electrostatic potential (ESP) for the ligand was
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generated by Jaguar. The atomic RESP charges were then determined by fitting with the RESP procedure
implemented in Antechamber.”’

The protein of FABP4 was modeled using the Amber ff03 force field,”* and the ligand of TGZ was modeled
using the general Amber force field (GAFF).> The protonation states of ionizable residues were determined by
PROPKA implemented in Schrodinger Suite 2012 with pH of 7.0. The crystal structure was explicitly solvated
in a rectangular box of 74x71x78 A® with 10183 TIP3P>* water molecules. Chloride ions were added to
neutralize uncompensated charges. Further salt (NaCl) was added to represent 0.15 M ionic concentration,
mimicking the physiological environment. After the whole system was set up, a series of energy minimizations
and equilibrations were performed. First, the water molecules, hydrogen atoms and salt ions were subjected to
3000 steps of steepest descent minimization followed by 12000 steps of conjugate gradient minimization while
other heavy atoms were constrained with a harmonic force of 2.0 kcal/(mol-Az). Next, the whole system was
energy minimized with 20000 steps of L-BFGS algorithm without any harmonic restraint. Then, coupled to a
Langevin thermostat, the system was heated from 10 K up to 300 K by increments of 100 K in 20 ps and
continued to run for 40 ps at 300 K at constant volume. Finally, the system was equilibrated for 200 ps in NPT
ensemble with the Langevin thermostat and isotropic position scaling, at 300 K and 1 bar.

The SMD and MD simulations were performed with Amber 11.%

The equations of motion were solved with
the leapfrog integration algorithm with a time step of 2 fs. The lengths of all bonds involving hydrogen atoms
were kept constrained with the SHAKE algorithm.>® The particle mesh Ewald (PME) method was applied for
treating long-range electrostatic interactions. Periodic boundary condition was used in all simulations.”” A
random seed was generated based on the current date and time to assign initial velocities.

Steered Molecular Dynamics (SMD)

The SMD simulation, which was extensively described,’’ was carried out with the SANDER program and the

NCSU package implemented in Amber 11.% The reaction coordinate was defined as the linear combination of

distances (LCOD) between heavy atoms of TGZ and Cys117. Cys117 was frozen with a restrain weight of 5.0
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kcal/(mol-A?) in case it would rotate and point toward the protein surface in the simulation. With a harmonic
constant of 2.0 kcal/(mol-A?) throughout the run, TGZ was pulled from the crystal position to the destination
where the distance between TGZ and Cys117 was 45 A. Thus the steering path was constructed. With the
equilibrated system as the starting point, the SMD simulation lasted for 1 ns in NPT ensemble with the
Langevin thermostat and isotropic position scaling, at 300 K and 1 bar. The two hundred seeding structures
were sampled at a time interval of 5 ps.

Molecular Dynamics (MD)

The MD simulations were carried out with the parallel CUDA version of PMEMD on 2 GPUs.”® For the
dataset MD200, two hundred snapshot structures with water and ion molecules were extracted from the SMD
trajectory. The water molecules and salt ions were subjected to 3000 steps of steepest descent minimization
followed by 12000 steps of conjugate gradient minimization while FABP4 and TGZ were frozen with a restrain
weight of 10.0 kcal/(mol-A?) so that the relative position between them could not be changed. For each seeding
structure, a 200-ns simulation was performed in NPT ensemble with the Langevin thermostat and isotropic
position scaling, at 300 K and 1 bar. For the dataset MD240, two hundred and forty snapshot structures with
water and ion molecules were extracted from the MD trajectories of MD200. For each structure, a 400-ns
simulation was performed in NPT ensemble with the Langevin thermostat and isotropic position scaling, at 300
K and 1 bar. The trajectories were sampled at a time interval of 10 ps. Each snapshot structure was
superimposed onto the crystal structure using the backbone heavy atoms of FABP4, and then the ligand RMSD
with respect to the crystal structure and the coordinates of OAQ were obtained.

Bayesian Clustering

Bayesian clustering, an unsupervised clustering method based on the Bayesian model, was performed with
AutoClass C v3.3.6™ in the three-dimensional space of OAQ’s coordinates. The points extracted from MD
simulations were classified. The clustering process started with a serial of seed numbers which gave an initial

guess of the number of clusters. Then a random classification was generated and refined until a local maximum
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was found. This process was repeated 1000 times and the top two classifications with the highest probability
were output.

Hierarchical Clustering

The Hierarchical clustering was performed using the Ward algorithm implemented in R v3.0.°* The
dissimilarity between the classes obtained from Bayesian clustering was measured by the Euclidean distance
between class means. The optimal number of clusters was determined by variation analysis of the height that
measures the closeness of clusters. A smaller value of height, suggesting that the clusters are tightly grouped, is
better. For both datasets (MD200 and MD240), six clusters were chosen because the height value decreases
slowly with the number of clusters over six. The clustering results were checked with the distribution of the
classes in the space to make sure that they are reasonable.

K-means clustering

The k-means clustering was performed in the three-dimensional space of the OAQ’s coordinates with the
Hartigan-Wong algorithm implemented in R v3.0. Each of the six macrostates (C1-C6) and six microstates in
C7 was clustered into twenty classes. From each class, the centroid point was chosen as the representative
structure for following MD simulations.

2D Free Energy Surface (FES)

The calculation of free energy is given by W(r) = Wy — kgTInP(r), where W) is the depth of the FES, P is the
probability distribution, kz is the Boltzmann’s constant, and 7 is the temperature. The coordinates of the atom
OAQ sampled from MD simulations were projected onto the two-dimensional plane (xy, xz, and yz). The two-
dimensional distribution function P(r) was computed by assigning the data into 75x76 (MD200) and 75%79
(MD240) bins on the xy plane, 75%75 (MD200) and 75%80 (MD240) bins on the xz plane, and 76x75 (MD200)
and 79x80 (MD240) bins on the yz plane with a bin area of 1.4x1.4 A% As discussed previously,® the bin size
had little effect on the FES.

Markov State Model (MSM)
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The MSM and TPT calculation was carried out with the software Emma v1.4.1.5"%

The transition probability
matrix was constructed with a sliding window of the lag time from 2 to 100 ns on each MD trajectory. The
seven-state MSM was checked to be Markovian by analyzing the behaviors of the implied timescale. The
implied timescale was calculated by 7; = —t/In/;, where 4; is the eigenvalue of the transition matrix with the lag
time of 7. With the lag time of 80 ns, the model was determined to be Markovian (SI Figure S5). Therefore, the
transition probability matrix with the lag time of 80 ns was used in further computation of TPT and MFPT. The
total flux from the unbound state C7 to the bound state C1 was decomposed into pathways between pairs of the
seven states. The percentage contribution of each pathway to the total flux was computed.

The MFPT is defined as the mean time (f;) needed to reach the final state for the first time from another state.

It is obtained from the transition probability matrix by solving the following equation suggested previously.”

T1,1—] T]]m fl -7
T,-1 Tom J2 —7
x| =
Tm—I,I ce. Tm—I,m—I_] Tm—],m fm-] -7
.0 0 0 1 1L/~ | [ 0

The statistical error in the MSM calculations was estimated by the standard deviation (SD) computed from
three subsets of 180 MD trajectories taken from MD240 using the bootstrapping method. Each subset was
constructed with 15 randomly chosen trajectories in each of the 12 important regions aforementioned. The
transition matrix and the fluxes between C1 and C7 were computed for each subset. The mean and SD are listed
in SI Table S2—-S6.

Calculation of Binding Affinity

With the seven-state MSM model, the binding affinity is calculated by 4G = RTIn(k.y'k,,). The dissociation
constant k. = 1/MFPT is directly achieved from MFPT. The association constant k., = 1/(MFPTz*Ccomp),

where Ccomp 18 the ligand concentration, depends on the ligand concentration and MFPT.
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With the FES, the binding affinity is given by AG = —W;p — kgTIn(Vy/Vy), where Wjp is the depth of the 3D
FES, V, = [, exp(~BW(r))dr is the bound volume computed as the integral of the 3D FES, and 7, = 1661 A’ is
the volume of the standard state. The coordinates of the atom OAQ were assigned into 28x28x28 (MD200) and
28x30x30 (MD240) bins with a bin volume of 3.8x3.8x3.8 A’. Then the three-dimensional FES was
constructed and W;p was estimated in the same way with the 2D FES. The bin size has little effect on the
calculation of W;p. When the bin volume varies from 3.0x3.0x3.0 A® to 5.0x5.0x5.0 A’ , the energy difference
is less than 0.5 kcal/mol. For the dataset MD240, the similar bootstrapping method is applied to assess the error

in the calculation of binding affinity (SI Table S8).
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