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Abstract—In this study, both pure DMPC and DMPC/cholesterol mixed membrane monolayer were built to compare the physical-
chemical properties and dynamics properties through molecular dynamics simulation and normal-mode analysis. The results show
that the addition of cholesterol decreases the area of per molecule of membrane, increases the lipid amplitude motion, and changes
the solute diffusion coefficient. It is also found that the addition of cholesterol greatly changes the solute-membrane 1,4-nonbonded
interaction energy (AE14). MI-QSAR models were constructed based on solute-membrane interaction energy descriptors and other
intramolecular descriptors. The results show that AE |, substitutes AEyg as the second important descriptor compared with the pre-
vious study. Final results suggest that short range solute-membrane interaction energy changes due to the uptake of the solute may
play an important decision on permeability in DMPC/cholesterol membrane. A test set was applied to evaluate the predictivity of
MI-QSAR models. The result suggests that the combination of Fij.o and AEj, not only improves * and ¢°, but also greatly
improves the model predictivity. Based on the combination of ¢ and rf)re values, a two-term model is better used to predict the solute

permeability in this study (+* = 0.859, ¢*> = 0.803, and 72

e

= 0.540). Due to the small sample both in training set and test set, more

datasets are necessary to make a final decision about the model construction and prediction.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

The principal computational approach to predict AD-
MET properties has been to use the quantitative struc-
ture—activity relationship, QSAR, methodology.!~® The
QSAR methodology is based on the estimation of fea-
tures and properties of chemical compounds, and subse-
quently in trying to relate these features and properties
to biological activities. Unfortunately, QSAR methods
are effectively limited to deal with analog structure—ac-
tivity training sets,”!' while most ADMET datasets
consist of structurally diverse compounds. A recently
developed membrane-interaction QSAR (MI-QSAR)
methodology'>'7 that combines structure-based design
techniques with the QSAR paradigm permits structural-
ly diverse training sets of some ADMET properties to be
investigated. The operational key to this approach is to
assume that the phospholipid-rich regions of cellular
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membranes constitute the effective ‘receptor’ for the
compounds of the training set. The significance and util-
ity of this approach rest upon the validity of the com-
pound-membrane interaction in being a crucial event
in the expression of the ADMET endpoint of interest.
A comparison of MI-QSAR ADMET predictions to
corresponding predictions made using ‘traditional’ intra-
molecular QSAR analyses clearly demonstrates that MI-
QSAR analysis provides additional information, and the
corresponding robustness, for estimating ADMET
properties.'>!7 Moreover, MI-QSAR models permit
mechanistic hypotheses to be made, which can be tested
by experimental ‘in vitro’ methods. Thus, MI-QSAR
analysis creates a bridge between experimental and com-
putational ADMET approaches.

In MI-QSAR methodology, the dimyristoylphos-
phatidylcholine (DMPC) molecule usually is used to build
a pure DMPC membrane monolayer and to explore the
relationship of the permeability coefficients with the free
energy force field, diffusion coefficient.!? 4 However, lip-
ids cross the intestinal membrane by a diffusional pro-
cess.!®19 Therefore, it is reasonable to suggest that their
permeability coefficients can be determined by physical
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Figure 1. The top view of the initial structure of mandatory assembled pure DMPC monolayer and DMPC/cholesterol mixed monolayer according
to the crystal structure of DMPC. The number on the left of each row means the position of that molecule.

properties of the membrane. In turn, the membrane phys-
ical properties are dependent upon the chemical composi-
tion of the layer. The experimental data supported that
membrane fluidity can modulate lipid membrane perme-
ability.? Cholesterol, one of the important components
of the membrane, can increase membrane fluidity?!??
which produces a significant effect on the membrane prop-
erties, subsequently, the calculation results of interaction
among membrane molecules and solute.

In this paper, DMPC/cholesterol mixed membrane
monolayer was built (see Fig. 1) based on the proce-
dure of the MI-QSAR DMPC monolayer system!'>!7
to explore the effect of cholesterol on the physical
properties of the membrane, including membrane—sol-
ute interaction energy change, diffusion coefficient,
and vibrational frequency of the membrane. MI-
QSAR models were constructed based on intermolecu-
lar solute-membrane interaction descriptors, other
solvation and dissolution intermolecular descriptors,
and intramolecular solute descriptors. A test set was
applied to evaluate the predictivity of these models. Fi-
nal results suggest that solute-membrane 1,4-nonbond-
ed interaction energy change plays an important role,
while cholesterols were added into DMPC monolayer
systems in this study.

2. Results and discussion

2.1. Area per molecule®>>*

The averaged area per molecule is one of the most fun-
damental characteristics of lipid membrane. Although
being one of the rather few structural quantities that
can be measured accurately from model membranes
via experiments, it also plays a major role in a number
of quantities, including the ordering of acyl chains and
the dynamics of lipids. It is highly useful as a means
of monitoring the equilibration process. The averaged

area per molecule of DMPC/cholesterol mixed mono-
layer is calculated according to the following formula:

Awmol = XpmpcApmrece + X chotdchols (1)

where Ay 1 the overall area per molecule, Xpnpc and
Xchol are the ratios of DMPC and cholesterol in the
membrane layer, which are 0.68 and 0.32, respectively.
Apmpc and Acye are the area per DMPC and the area
per cholesterol.

The trajectory-dependent average area per molecule is
presented in Figure 2, which shows that the obtained
average area per molecule for the pure DMPC mono-
layer is 63.6 £ 0.8 A2 As for experimental data on the
area per molecule, the results vary with the method
used. The reported values are 62.9 A225 65.4 A%26
65.6 A%?7 and 70.3 A28, respectively. The calculated
result in our study is very close to these values, which
certifies that the construction of pure DMPC mono-
layer system is reasonable. About the DMPC/choles-
terol mixed monolayer, the average area per
molecule is 44.8 = 1.1 A%, This value is greatly smaller
than pure DMPC monolayer. The previous paper®
reported that the averaged area per molecule for
DMPC/cholesterol bilayer with ratio 8:1 is 57.9 %
0.9 A% The averaged area per molecule for DPPC/cho-
lesterol bilayer below the ratio 2:1 is about 41 A230
The value in our study is obviously smaller than the
former value, but is close to the latter value because
our membrane system has a higher concentration of
cholesterol, Xcpo, Which greatly decreases the area
per molecule. The DMPC and DPPC have the same
head group and similar chains, which cause a slight
difference in the area per molecule. Therefore, the dif-
ference between our calculations and DPPC/cholesterol
is very small. It also supports our model construction
about DMPC/cholesterol to be in agreement with that
of the previous study. This result suggests that the
addition of cholesterol will decrease the area of per
molecule of membrane.
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Figure 2. Time dependent area per molecule, Ao, for pure DMPC membrane monolayer (left Y axis) and DMPC/cholesterol mixed membrane

monolayer (right Y axis).

2.2. Normal-mode3'-32

analysis

Normal-mode analysis is a time-honored technique in
chemistry to obtain vibrational frequencies and the
corresponding motions of molecules, molecular com-
plexes, etc., in the harmonic approximation. It is find-
ing renewed use in the area of biomolecular
simulations, where, however, it can be very computa-
tionally demanding due to the large number of atoms.
The standard normal-mode analysis is based on a cal-
culation and subsequent diagonalization of the mass-
weighted force constant matrix, also known as the
Hessian. The normal-mode frequencies are directly
related to the eigenvalues and the normal modes to
the eigenvectors of this matrix. The order of the Hes-
sian matrix is typically 3N, where N is the number of
atoms in the system of interest. The computational
procedure to obtain the eigenvalues and eigenvectors
of the Hessian matrix is an O(N°) process, i.c., the
computational effort scales like N°. For small and
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moderately sized molecules, N is of the order of 100
or less and the Hessian-based approach is easily car-
ried out.

In this study, vibrational analysis was performed only
on DMPC molecules for both monolayer systems. An
examination of the density of states shows that the over-
all distribution is very similar for both systems (Fig. 3
inset). The differences between the systems are largely
confined to the low-frequency motions region
(<50 ecm™ 1Y) (Fig. 3). This plot shows that there are more
distributions in this region for a mixed membrane sys-
tem. The lowest vibrational frequencies of the pure
DMPC and DMPC/cholesterol mixed system are pre-
sented in Table 1. The frequencies of the mixed mem-
brane system, in the 1.9-2.9 cm™! range, tend to be
lower than the corresponding ones of the pure system,
2.5-3.3cm™". Due to the lowest frequency modes mak-
ing the largest contribution to configurational entropy
and being associated with the largest amplitude

40
Frequencies (cm™)

50

Figure 3. Density of states for the lowest-energy frequencies of vibration (main plot) and the full vibrational spectrum (inset) generated for the
different trajectories for pure DMPC system (solid line) and DMPC/cholesterol system (dot line). These are generated from the distribution of
vibrational frequencies resulting from the normal-mode analyses performed on multiple conformations taken from the different MD trajectories.
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Table 1. The lowest five vibrational frequencies for 13th DMPC in
pure DMPC membrane monolayer and DMPC/cholesterol mixed
membrane monolayer, respectively

Membrane 1 2 3 4 5

Pure DMPC 248 284 291 300 3.25
DMPCl/cholesterol mixed 1.91 212 245 2,67 294

The unit is cm ™.

motions,> the calculations predict the fact that the
mixed system should be more flexible than the pure
DMPC membrane. This result is in agreement with pre-
vious experiment that cholesterol can increase the fluid-
ity of membrane.?!-??

2.3. Diffusion coeflicient

In the MI-QSAR method, the lipid in 13th position was
substituted by the solute to calculate a series of mem-
brane-solute interaction descriptors.'>!7 One of them
is diffusion coefficient, which is an important parameter
used not only to characterize the position dependent
mobility or local friction along the bilayer normal, but
also to estimate the permeation ability. The variation
of area of per molecule reminds us that the diffusion
coefficient may be also linked. Therefore, the DMPC
at 13th position was treated as the solute and its diffu-
sion coefficient was calculated for both pure DMPC
monolayer and DMPC/cholesterol mixed monolayer as
comparison (see Fig. 4).

There are two different methods to estimate the diffusion
coefficient, the mean square displacement (MSD)3* and
the force autocorrelation function (FACF).?>3¢ MSD
is used in this study. In a molecular system, a molecule
moves in three dimensions and its motion of an individ-
ual molecule does not follow a simple path. If the path is
examined in close detail, it will be seen to be a good
approximation to a random walk. Mathematically, Ein-
stein showed that mean square displacement (MSD)
grows linearly with time, which is (r()*) = 6Dt + C,
where (r(¢)?) is the mean square distance at time 7. D
and C are constants. The constant D is defined as the
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Figure 4. Mean-square displacement of the DMPC at the 13th

position along simulation time (ps) for both pure DMPC system

(solid line) and DMPC/cholesterol system (dot line). The diffusion
coefficients calculated here are shown in Table 1.

diffusion coefficient. Since all the atoms are considered
to calculate a square displacement. This makes the mean
square displacement scientifically significant. For each
frame from the MDS trajectory, the average movement
Adi of the solute molecule, relative to the previous
frame, was determined.

Figure 4 shows the MSD of DMPC in both membrane
systems. At the beginning of simulation, the movement
of solute is irregular, but it reaches a regular movement
short span of time. The calculated diffusion coefficients
for pure DMPC monolayer and DMPC/cholesterol
mixed monolayer are shown in Table 2. Both values
are in the range of reported experimental values for
organics in the membranes.>” The value from a mixed
membrane system is obviously higher than that from a
pure system, which suggests that the the movement of
13th DMPC in a mixed membrane is quicker than that
in a pure membrane. The result hints that cholesterol
mixed membrane has better fluidity, which also caused
us to investigate whether the mixed membrane system
can increase the diffusion coefficient for those solutes
in previous MI-SQAR studies.

Therefore, the DMPC molecule located at 13th position
was substituted by 18 different solute molecules to calcu-
late their diffusion coefficients for both membrane
systems. The detailed methods to prepare these solute—
membrane systems and to perform MDS refer to previ-
ous studies.'>!7 The results are shown in Table 1. For
diazepam, which has the highest permeability capability,
the addition of cholesterol decreases the diffusion coeffi-
cient, but opposite for acyclovir, which has the lowest
permeability capability. There is no consistent tendency
for other 16 solutes. The result suggests that the addition

Table 2. The calculated diffusion coefficients for DMPC, diazepam,
acyclovir, and other 16 solutes in pure DMPC membrane monolayer
and DMPC/cholesterol mixed membrane monolayer, respectively

Compound Pure DMPC/ Permeability V7,
DMPC cholesterol
mixed

DMPC 0.137 0.423 — 2179.03
Acyclovir 0.137 0.234 0.25 656.7
Diazepam 0.100 0.071 334 786.34
Alprenolol 0.188 0.164 25.3 851.72
Atenolol 0.235 0.213 0.53 875.35
Bremazocine 0.019 0.182 8.02 914.81
Calffeine 0.197 0.055 30.8 561.06
Clonidine 0.072 0.144 21.8 616.05
Dexamethasone 0.092 0.210 12.2 997.17
Dopamine 0.623 0.210 9.33 510.77
Ganciclovir 0.216 0.269 0.38 706.43
Metoprolol 0.218 0.182 23.7 909.22
Nadolol 0.070 0.253 3.88 934.34
Phenytoin 0.127 0.031 26.7 721.96
Pindolol 0.098 0.117 16.7 791.37
Salicylic acid 0.667 0.146 22.00 422.16
Sulfasalazine 0.042 0.250 0.30 1013.74
Terbutaline 0.284 0.231 0.47 719.43
Timolol 0.064 0.219 12.8 881.68

The unit is Az/ps. Last second column is the experimental permeability
coefficient (10~° cm/s). The last column is molecular volume (A3).
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of cholesterol exactly causes a different impact on the dif-
fusion behavior of solute although it does not produce
the result we expected. The possible reason is that the
addition of cholesterol changes the dynamic properties
of the membrane system, subsequently changes the inter-
action behavior of the solute-membrane. To some sol-
utes, this variation is strengthened; and for others, this
variation may be weakened. From the table, it can be
seen that for some molecules having a relatively small
molecular volume, such as, salicylic acid, dopamine,
and caffeine, the diffusion coefficients are greatly de-
creased. For some molecules having big molecular vol-
ume, such as bremazocine, sulfasalazine, nadolol, etc.,
the diffusion coefficients are increased. But not all solutes
show this tendency. Therefore, further investigation
about this change is necessary.

2.4. Interaction energy change (AE)

In order to explore the possible reason to explain the
above results, the interaction energy changes due to
the uptake of the solute to the total intermolecular sys-
tem were explored based on stretch (ST), bend (BD),
torsion (TOR), 1,4-nonbonded (14), general van der
Waal (VDW), electrostatic (CHG), hydrogen bonding
(HBD), and combinations thereof energies (TOT). The
changes are calculated according to the following equa-
tion.'® Also these energy changes are always used
descriptors in MI-QSAR

MTT = ESMTT — (ESTT + EMTT). (2)

Here subscription TT means ST, BD, TOR, 14, VDW,
CHG, HBD, and combinations thereof energies, TOT.
ES means the energy of solute. EM means the energy
of membrane system. ESM means the energy of the sol-
ute-membrane complex.

The calculated values are shown in Table 3. AE |4 values
in pure DMPC system are either negative or positive,
which suggest that uptake of a solute either increases
or decreases the 1,4-nonbonded interaction energy of a
pure DMPC system. But in a mixed system, all AE74 val-
ues are negative. Since 1,4-nonbonded interaction ener-
gy considers 1,4-nonbonded Lennard-Jones interactions
and 1,4 Coulombic contributions, which usually repre-
sent a repulsive/dispersion force, this suggests that the
uptake of the solute should be helpful to decrease the
repulsive forces among the solute-membrane complex,
thereof to make this stable system. But this stability is
not observed in other types of energy change or in the
total energy change. Especially when only general van
der Waals interaction change (AEypw) is considered,
the uptake of solute will increase the energy of the sys-
tem. The results suggest that the composition variation
of phospholipids changes solute-membrane nonbonded
interactions, which is in agreement with previous con-
clusion that nonbonded interactions play an important
role in phospholipids due to the amphiphilic and zwit-
terionic (or ionic) nature of phospholipids.3®

Our calculation results show that the wvalues for
ESMugp, ESuep, and EMygp are zero for caffeine,
diazepam, and phenytoin in a pure DMPC system, which

means that there is no hydrogen bond energy formed be-
tween the solute and the membrane system. These results
are also in agreement with previous publication.!®!” In a
mixed membrane system, the hydrogen bonding interac-
tion energy change (AEyg) for phenytoin is negative, but
positive for caffeine and diazepam. Since ESypp are zero
for these three solutes, the results mean the ESMypp 1s
smaller than EMpygp for phenytoin, but for caffeine
and diazepam ESMygp is larger than EMygp. It sug-
gests that in a mixed membrane system phenytoin has
a stronger hydrogen bonding interactions with the mem-
brane than caffeine and diazepam do. This is possible be-
cause phenytoin has a higher aqueous solvation free
energy, which is —11.83 kcal/mol. These values are
—5.47 and —6.87 kcal/mol for caffeine and diazepam
according to a previous calculation method.!® It is worth
noting that we did not find any relationship between the
diffusion coefficient and these solute-membrane interac-
tion energy change descriptors as we expected.

2.5. MI-QSAR model construction

In order to investigate the effect of cholesterol on the MI-
QSAR model, some intermolecular solute-membrane
interaction descriptors, which can be highly affected by
the addition of cholesterol, are extracted directly from
the MDS trajectories and are listed in Part A of Table 4.
The meaning and detail calculation methods of these par-
ticular intermolecular descriptors refer to previous stud-
ies.!®!7 These descriptors combined with other solvation
and dissolution intermolecular descriptors (Part B in Ta-
ble 4) and intramolecular solute descriptors (Part C in Ta-
ble 4) are used to construct a MI-QSAR model by
performing the genetic function approximation
(GFA),* which is a multidimensional optimization meth-
od based on the genetic algorithm paradigm. The best M1-
QSAR models for permeability construction realized by
considering the combination of general intramolecular
solute, intermolecular dissolution/solvation-solute, and
intermolecular membrane—solute descriptors are present-
ed as a function of the number of terms, that is descrip-
tors, included in a given MI-QSAR model.

The models from one term to five term are listed below:
P =35515+0.898 « Fyy,0, n =18,
r? =0.822, ¢* =0.777,

P =44.292 4 0.908 * Fiy,0 + 0.125 « AEy;, = 18,
P =0.859, ¢* = 0.803, (4)

P = 48.598 + 0916 *FHZO + 0.148 * AE14 —0.785 * 1105
n =18, ¥ =0.876, ¢* = 0.810, (5)

P =49.998 + 0.932  Fip,0 + 0.159 % AE 14 — 0.996 7,
—0.088 % AEror, n =18, 1> =0.895, ¢* = 0.828.
(6)



Table 3. The interaction energy changes for both pure DMPC and DMPC/cholesterol mixed monolayer systems due to the uptake of the solute to the total intermolecular system based on stretch (ST),
bend (BD), torsion (TOR), 1,4-nonbonded (14), general van der Waals (VDW), electrostatic (CHG), hydrogen bonding (HBD), and combinations thereof energies (TOT)

Compounds Pure DMPC monolayer system DMPC/cholesterol mixed monolayer system

AEst AEgp AEtor  AEn AEvpw  AEcuc AEugp AEror AEgst AEgp AEror  AEy AEvpw  AEcuc AEupp  AEror
Acyclovir —29.42 —0.28 —18.62 7.60 13.92 —39.39 —30.87 —97.06 —59.00 6.96 7.71 —86.15 59.52 —384.11 —45.87 —500.94
Diazepam —74.73 —5291 3623  -31.13 9.87 110.62 0.00 -2.05 -93.92 —0.72 29.67 —46.19 48.48 58.19 62.44 57.95
Alprenolol —80.28 —35.16 3.59 3.04 18.30  —112.48 -7.92 -21091 —19.59  —-11.24 —-20.84 —54.96 136.40 —55.75 46.53 20.55
Atenolol —44.24 —34.78 -2.19 -3.13 —1.34 9339 —121.57 —113.86 36.81 —-78.65 —11.97 —82.13 58.86 —292.13 19.94  —349.27
Bremazocine —147.83  —110.11 33.49 19.71 27.19 29.24 —6.03 —154.34 —69.65 —6.50 —3.24 —80.62 52.47 —123.47 47.00 —184.01
Calffeine —172.00 —76.28 22.80 18.76 33.65 136.20 0.00 —36.87 —53.57 32.90 -3.10 -90.32 58.43 —592.59 96.10  —552.15
Clonidine —5.34 —53.70 —19.45 —-3.73 2426 86.67 —19.71 —39.52 —69.61 —42.24 —1.26 —49.73 52.49 —264.79 —-7.30 —382.44
Dexamethasone  —163.94 —16.28 103.15 67.58 28.21 1.41 —78.82 —58.69 —62.33 5251 —1443 —43.01 10.83 —-10.87 -25.38 —197.7
Dopamine —7.38 —109.98 —20.65 76.97 22.56 82.30 —27.44 16.38 —101.45 —54.88 1591 —52.13  124.18 —152.65 —-7.95 —228.97
Ganciclovir —52.91 —42.03 -9.89 36.21 15.85 31.82 —75.62 —96.57 —39.04 23.03 —4241 —87.83 56.61 —98.74 27.30  —161.08
Metoprolol —59.57 —60.23  —23.73 9.02 12.20 —16.10 —28.13 —166.54 474 —1821 —17.53 —53.78 1.84 80.79 10.52 8.37
Nadolol —160.11 —57.96 -2.02 -10.61 5.31 311.35 —50.19 35.77 —-9.50 —24.28 4.38 —59.97 43.77 —15.80 —8.87 —70.27
Phenytoin —53.01 —17.25 -9.39 31.80 15.87 20.37 0.00 —11.61 —6.25 —5.51 —-26.87 —77.28 28.49 131.24 —36.38 7.44
Pindolol —62.72 —45.03 9.99 —0.24 53.39 75.78 —86.31 —55.14 —-2431 -7334 -—12.34 -72.32 47.55 -317.73 56.85 —395.64
Salicylic acid —69.24 —38.24 11.06 3291 —-1.07 —133.38 —22.04 —220.00 —17.35 5774 9.67 —104.87 49.75 —25729 —6447 4423
Sulfasalazine —149.07 —25.83 22.59 5.51 3.49 33.68 —25.33  —134.96 —49.41 —7.40 1.60 —57.89 4523 —246.44  —39.39  —353.7
Terbutaline —193.16 —78.18 29.82 —0.19 52.78 85.44 —74.65 —178.14 —10446 —51.15 27.33 —70.69 39.22 256.74 18.69 115.68
Timolol 16.55 —80.10 —18.46 —6.74 35.92 —1.48 —74.65 —128.96 -27.74 —-8230 —-32.74 —52.54 62.24 277.40  123.32 267.64

The unit is kilocalories per mole.
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Table 4. Descriptors used in the MI-QSAR model construction

2231

1,4-Nonbonded, general van der Waals, electrostatic, hydrogen bonding, torsion and combinations thereof

energies of the total (solute and membrane model) intermolecular minimum potential energy
Change in the TT = 1,4-nonbonded, general van der Waals, electrostatic, hydrogen bonding and

combinations thereof of the total (solute and membrane model) intermolecular minimum potential energy

Part A

F Average total free energy of interaction of the solute and membrane
EINTER Average interaction energy between the solute and the membrane
Err

AS Change in entropy of the membrane due to the uptake of the solute
S Absolute entropy of the solute-membrane system

Part B

Fu,0 The aqueous solvation free energy

Focr The 1-octanol solvation free energy

log P The 1-octanol/water partition coefficient

Econ The cohesive packing energy of the solute molecules

Part C

HOMO Highest occupied molecular orbital energy

LUMO Lowest occupied molecular orbital energy

Dp Dipole moment

Vin Molecular volume

SA Molecular surface area

MW Molecular weight

MR Molecular refractivity

N(hba) Number of hydrogen bond acceptors

N(hbd) Number of hydrogen bond donors

N(B) Number of rotatable bonds

JSSA (X) Jurs—Stanton surface area descriptors

Chi-N, Kappa-M
G;

Kier and Hall topological descriptors
Gravitation index**

R, Radius of gyration®

PM Principle moment of inertia

Se Conformational entropy

Q) Partial atomic charge densities

TIE E-state topological parameter*®

EiglZ Leading eigenvalue from Z-weighted distance matrix (Barysz matrix)*’
Eiglm Leading eigenvalue from mass-weighted distance matrix

Eiglv Leading eigenvalue from van der Waals weighted distance matrix
Eigle Leading eigenvalue from electronegativity-weighted distance matrix
Eiglp Leading eigenvalue from polarizability-weighted distance matrix
SEigZ Eigenvalue sum from Z-weighted distance matrix (Barysz matrix)
SEigm Eigenvalue sum from mass-weighted distance matrix

SEigv Eigenvalue sum from van der Waals weighted distance matrix
SEige Eigenvalue sum from electronegativity-weighted distance matrix
SEigp Eigenvalue sum from polarizability-weighted distance matrix

Part A includes the membrane-solute interaction descriptors; Part B lists the intermolecular dissolution and solvation descriptors of the solute; Part

C includes general intramolecular solute descriptors.

P = 53.242 4 0.926 * Fyy,0 + 0.135 % AEy; — 1.101 % 4
—0.125 % AEror — 0.073 x LUMO,
n=18, r* = 0916, ¢* = 0.803. (7)

Here, n is the number of compounds, 12 is the coefficient
of determination, and ¢ is the cross-validated coefficient
of determination. The descriptors found in these MI-
QSAR models are ranked as follows according to their
contribution to the model.

1. Fu,o is the aqueous solvation free energy.

2. AEy4is the change in the 1,4-nonbonded energy of the
entire membrane-solute system for the solute relocat-
ed from free-space to the position corresponding to
the lowest solute—-membrane interaction energy state
of the model system.

3. 10 1s a topological index measuring the size and
shape of a molecule.*’

4. AEtoRr is the change in the dihedral energy of the
entire membrane-solute system for the solute relocat-
ed from free-space to the position corresponding to
the lowest solute—-membrane interaction energy state
of the model system.

5. LUMO is the lowest occupied molecular orbital
energy.

These descriptors are very similar to those of previous
studies. Still, Fy,o is considered as the most important
descriptor and Kier—Hall topological descriptor, y19, is
also found as before. LUMO can be excluded from
the most significant descriptors in this study because
¢* value decreases in the five-term model, which hints
that overfitting is being approached with the five or
more term model. In the rest of the four descriptors,
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Table 5. The test set with observed and predicted Caco-2 permeability coefficients, P (10~ cm/s), for the 1-4 term MI-QSAR models

Test set Observed One term Two term Three term Four term
Aminopyrine 36.5 27.695 33.226 33.661 28.783
Propranolol 21.8 16.781 15.575 25.121 32.430
Warfarin 21.1 19.28 26.741 25.554 15.101
Meloxicam 19.5 11.985 14.863 17.842 9.432
Zidovudine 6.93 12.122 11.856 8.399 0.320
Urea 4.56 18.83 —1.900 —1.991 —0.877
Sucrose 1.71 —39.444 5.192 7.831 11.252
Mannitol 0.38 —12.616 18.695 21.376 11.307
2 —1.008 0.540 0.497 0.472

pre

The last row is the validated correlation factor, rpn

Fu,0 and yo belong to Part B and Part C in Table 4,
which are not affected by the addition of cholesterol into
membrane. AE;, and AEtor are given in Part A of
Table 4, whose values change greatly due to the addition
of cholesterol. Especially for AE}4, all AE}4 are negative
as we discussed in previous section.

As the second important descriptor in previous MI-
QSAR models, it is not surprising that AFyg, which
represents the hydrogen bonding energy of the entire
membrane—solute system for the solute relocated from
free-space to the position corresponding to the lowest
solute-membrane interaction energy state of the model
system, is substituted by other descriptors. Due to the
effect of 3-hydroxy group, the addition of cholesterol
positively changes the AFyp value. In fact, different
populations of hydrogen bonds between the cholesterol
hydroxyl group and other molecules were found:
between cholesterol and the phosphate oxygens of
DMPC, between cholesterol and solute, and between
cholesterol and carbonyl oxygens.*!

The appearance of AE}4 suggests that permeability de-
pends on short distance solute-membrane nonbonded
interaction energy change, which again supports the pre-
vious conclusion that nonbonded interactions play an
important role in phospholipids. Worthy of mention is
that AETor appears as the fourth important descriptor.
Usually Etor represents the energy due to rotation of a
dihedral angle, described by a suitable cosine expansion.
In particular, different forms for the van der Waals
interactions and the dihedrals are in common use and
the bonds are often constrained in simulations.*> There-
fore, AETor represents short distance solute-membrane
interaction energy change although it is a bonded inter-
action energy expression. The appearance of these two
descriptors suggests that short range solute-membrane
interaction energy changes due to the uptake of the sol-
ute playing an important decision on the permeability in
DMPC cholesterol membrane.

A test set with eight solutes was used to evaluate the pre-
dictivity of the MI-QSAR models. The results are shown
in Table 5. The last row is the validated correlation fac-
tor, r2 43 Obviously, the two-term model has the ‘better’
predlct1V1ty than the other three models. For one-term
model 77 is negative, which means the prediction is
even not better than random. The worst predictions
are those of sucrose and mannitol because the aqueous

solvation free energy for these two compounds is very
strong, which is —53.67 and —83.58 kcal/mol, respec-
tively. These two values are greatly lower than other sol-
utes’ Fp,o value, causing them as outliers. Therefore,
Fu,o itself cannot predict the test set well although a
one-term model, Eq. 3, has relatwely hlgh r? and ¢
For the two-term model Eq. 4, the 77, is 0.540. It sug-
gests that the comblnatlon of Fy,o and AEj4 not only
improves * and ¢, but also greatly improves the model
predictivity. Table 5 shows that the addition of term
AE\4 causes positive predictivity to the worst outlier,
mannitol. The same result happens to sucrose too. Both
of them are multiple hydroxyl compounds with very
high hydrophilicity. The possible reason is that the man-
datory docking of highly hydrophilic solutes into the
lipophilic middle position of monolayer increases the
unstable state of the solute—-monolayer complex. This re-
sult again supports that AE}4 plays an important role in
determining the solute passing through the DMPC/cho-
lesterol mixed membrane system. For three- or four-
term model although there are 1mprovements on r?
and ¢, there is no obvious improvement on 72, . This
suggests that these two models have a relatlvelp worse
predictivity than the two-term model based on the divi-
sion of training set and test set in this study. Again the
test set prediction suggests that the composition of the
monolayer also plays an important role in predicting
solute permeability. Due to both small training set and
test set in this study, more datasets are necessary to fur-
ther investigate the roles of these two descriptors on the
effect of cholesterol on DMPC monolayer in a future
study.

3. Conclusion

In this study, we explored the physical-chemical proper-
ty and dynamic properties variations caused by the addi-
tion of cholesterol into the DMPC membrane and the
effect on the MI-QSAR model construction. The results
show that the addition of cholesterol decreases the area
of per molecule of membrane, increases the lipid ampli-
tude motion, and changes the solute diffusion coefficient.
In our effort to explore the mechanism causing these
variations, we found that the addition of cholesterol
greatly decreases the solute-membrane 1,4-nonbonded
interaction change. In the MI-QSAR model construc-
tion, this descriptor, AE4, substitutes AEyp as the
second important descriptor. This result suggests the
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building of membrane system may be a key step in MI-
QSAR construction. Further investigation about the
composition of cholesterol/DMPC monolayer in MIQ-
SAR model construction and prediction or even about
more sophisticated membrane composition is necessary
in future study. This study is an effective supplement
of MI-QSAR and supports that MI-QSAR methodolo-
gy must be more mature and exert more functions in
ADMET evaluation with the development of computer
and knowledge of membrane structure and protein.

4. Materials and methods
4.1. Building phospholipid monolayer

Pure DMPC monolayer was built according to previous
MI-QSAR methodologies.!>'” DMPC/cholesterol
monolayer was built according to the following proce-
dure. The structure of cholesterol was constructed in
Gaussian03*® and was energy minimized using the quan-
tum mechanical method MP2 and basis set 6-311+G(d).
The pure 25 DMPC monolayer was used as the base.
The DMPCs in position 3n (n = 1-8) were substituted
by energy minimized cholesterol with its hydroxyl group
toward the DMPC head group. In this way, the ratio of
cholesterol/lipid is about 1:2, which is in agreement with
the experimental composition of brush order in small
intestine.**>>° The assembled DMPC/cholesterol mono-
layer is shown in Figure 1.

4.2. Molecular dynamics simulation

The energy minimization and the following molecular
dynamics simulation were performed on this assembled
monolayer system using a Molsim package with an
extended MM2 force field.>' To remove unfavorable
high-energy van der Waals interactions among mole-
cules, the energy of the system was minimized by a ser-
ies of steepest descent and conjugate gradient
minimization steps. The energy convergence criterion
was a gradient of less than 0.5 kcal A~' mol~'. Conver-
gence was generally achieved within less than 10 ps.
The model monolayer was first heated to 20 K and
then to 50 K, and from that point in increments of
50 K to a final temperature of 311 K. At each temper-
ature increment, MDS was carried out for 2 ps to allow
for structural relaxation and distribution of kinetic
energy throughout the system. After 311 K temperature
was achieved, the whole system was held at this tem-
perature and production trajectories were recorded
every 0.1 ps over a 500 ps range for both DMPC and
DMPC/cholesterol monolayer. The final temperature
is above the phase transition temperature and therefore
corresponds to stable systems in a liquid crystalline
phase. All the calculations are based on this final
500 ps trajectory.
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