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Abstract

In human physiology, cholesterol plays an imperative part in membrane cells which regulates the function of G-protein-
coupled receptors (GPCR) family. Cholesterol is an individual type of lipid structure and about 90 percent of cellular
cholesterol is present at plasma membrane region. Cholesterol Recognition/interaction Amino acid Consensus (CRAC)
sequence, generally referred as the CRAC (L/V)-X1-5-(Y)-X1-5-(K/R) and the new cholesterol-binding domain is similar
to the CRAC sequence, but exhibits the inverse orientation along the polypeptide chain i.e. CARC (K/R)-X1-5-(Y/F)-
X1-5-(L/V). GPCR is treated as a biggest super family in human physiology and probably more than 900 protein genes
included in this family. Among all membrane proteins GPCR is responsible for novel drug discovery in all pharmaceuticals
industry. In earlier researches the researchers did not find the required number of valid motifs in terms of helices and motif
types so they were lacking clinical relevance. The research gap here is that they were not able to predict the motifs
effectively which are belonging to multiple motif types. To find out better motif sequences from human GPCR, we
explored a hybrid computational model consisting of hybridization of Rough Set with Mean-Shift algorithm. In this paper
we made comparison among our resulted output with other techniques such as fuzzy C-means (FCM), FCM with spectral
clustering and we concluded that our proposed method targeted well on CRAC region in comparison to CARC region
which have higher biological relevance in medicine industry and drug discovery.
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terminus known as external portion, C- terminus is
known as internal portion and another middle segment is

1- Introduction

In cell biology, cholesterol acts as a major component in
cell membrane and has a modulatory role in integral
membrane protein like GPCRs. Cholesterol is an
individual type of lipid structure and about 90 percent of
cellular cholesterol is present at plasma membrane
region. GPCR is treated as a biggest super family in
human physiology and probably more than 900 protein
genes included in this family. As GPCR super family is
responsible for novel drug discovery in pharmaceuticals
area, so it is an emerging field for all researchers.
Normally, GPCR family is arranged by lengthy protein
sequences which include three basic regions like N-
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their which containing seven transmembrane domains
shown in figure 1. A long protein sequence is the
combination of amino acid which starting from
extracellular part to intracellular region through the cell
membrane surface. Once a GPCR binds a ligand in the
meantime ligand triggers a conformational varies in the
7-TM region of the receptor. These things stimulate the
C-terminus, which subsequently recruits a substance that
in order activates the G protein linked with the GPCR.
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Fig. 1 Structure of GPCR Receptor

GPCRs contain seven helices such as H1-H7. Each helix
contains individual protein chain which is the
combination of all amino acids. Generally 20 amino
acids are named as A, RN, D, C, E, Q, G, H, I, L, K,
M, F, P, S T, W, Y,V have used for protein strain
construction which is shown in Table 1. GPCRs family
is a superfamily comprising of various subfamilies,
including Class A rhodopsin-like, Class B secretin-like,
Class C metabotropic glutamate/pheromone, Class F
frizzled (FZD), Taste receptors, Vomeronasal receptors
and 7TM orphan receptors. They are categorized into 7
subfamily based on the character of stimuli that
stimulates the GPCRs and sequence similarity.
Cholesterol is a 27 carbon compound with a distinctive
structure with a hydrocarbon tail, a central sterol nucleus
made of four hydrocarbon rings, and a hydroxyl group.
The center sterol nucleus or ring is a feature of all
steroid hormones. The hydrocarbon tail and the central
ring are non-polar and therefore do not mix with water.
Therefore cholesterol (lipid) is packaged together with
apoproteins (protein) in order to be carried through the
blood circulation as a lipoprotein. Lipid satisfies
numerous biological functions and its presence is very
essential for successful cellular homeostasis.

Table 1: List of Amino acid

ABBREVIATION ABBREVIATION

Amino Acid 3-Letter 1-Letter Amino Acid 3-Letter 1-Letter
Alanine Ala A Leucine Leu L
Arginine Arg R Lysine Lys K
Asparagine Asn N Methionine Met M
Aspartic acid Asp D Phenylalanine  Phe F
Cysteine Cys C Proline Pro P
Glutamic acid Glu E Serine Ser S
Glutamine Gin Q Threonine Thr T
Glycine Gly G Tryptophan Trp w
Histidine His H Tyrosine Tyr b'd
Isoleucine lle I Valine Val v

Cholesterol is known as organic molecules and is
biosynthesized by every animal cells and also very much
essential  structural component of animal cell

membrane. Cholesterol plays a pivotal function in
vitamin D production, bile secretion and hormone
production. Cell membrane cholesterol acts as a
significant role in modulating the function of numerous
membrane proteins and from these proteins a special
cholesterol binding motif is reported to which the
membrane cholesterol binds and modulates their
movement. This consensus motif is either seen as CRAC
or CARC, [1-10] which correspond to the mixture of
amino acid and its structure is shown in figure 2.

CH3 CHp CHp CHy

NN
Cholesterol o CH CHp CH
3 \CHJ
CHy
HO \

Fig. 2 Structure of Cholesterol

This work we highlights on prediction of membrane
cholesterol from human integral protein such as GPCR
family. Due to much more involvement of GPCR in cell
biology it is very much important to identify novel
signature motifs which have biological significance in
the entire medical area. In modern times, many
relevance areas in biomedical science and bioinformatics
are introduced where most advanced soft computing
techniques were applied successively. Main intention is
to boost the correctness of clustering algorithms with
least number of iterations. So a lot of scientists have
explored diversity of classifiers algorithm like artificial
neural network (ANN), logistic regression, fuzzy C-
means and decision tree etc. to forecast the cholesterol
signature motifs [11-19].

To investigate the signature motif of cholesterol using
the dataset is our focal objectives. The research gap in
earlier researches is that they were not able to predict the
motifs which were belonging to multiple motif types.
This dilemma can be removed by introducing rough set
method which classifies the motif types to one or more
regions based on their belongingness. Subsequently
mean shift clustering algorithm gets the valid clusters
which exhibits our proposed rough set based mean shift
algorithm as prominent. Therefore, our present work is
concentrating to uncover valid cholesterol motif
signature from large helical protein sequences of human
GPCR.

Gao, Q et al. [20] presented an ensemble method for G-
protein coupled receptors classification in four stages to
discuss about GPCRs and non-GPCRs. Gu, Q et al. [21]
introduced a prediction model of Adaboost using a data
base of low homology based on pseudo amino acid
composition with close entropy and property of
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hydrophobic forms to guess GPCR classes and this gave
best consequence of the whole experiment. Furthermore
Peng, Z et al. [22] gave a broad view of an improved
classification model for prediction of GPCRs based on
different characteristics.

The draft of the paper is as follows: in section 2,
materials and methods, the results and discussion is
instanced in section 3 plus in last section conclusion part
is portrayed.

2- Research Method

All helical files namely H1 to H7 of GPCR family
contains totals of 900 protein sequences. Generally,
Protein dataset is the combination of unlike amino acid
sequences retrieved sequentially from uniprot database
using text (.txt) format [23]. The primary aim of our
present work is to obtain and discover the valid
cholesterol signature motif using different window size
using the formula of CRAC/CARC. CRAC is a tiny
linear motif which carries out a very simple algorithm,
which is N-terminus to C-terminus direction and the
formula is used here is (L/V)-X1-5-(Y)-X1-5-(K/R).
Similarly CARC is the opposite orientation of CRAC
which is formulated by (K/R)-X1-5-(Y/F)-X1-5-(L/V).

Table 2 shows that L is length of cholesterol motif. The
length of window size range varies from minimum five
to maximum thirteen for both forward and backward
pattern recognition methods. A cholesterol dictionary d
is constructed according to their motif type and window
size. For example, considering d9 having length L =9
can have motif types MT={15, 24, 34, 42, 51} and
cholesterol motif signatures can be in the form of

Leu/Val-X1-Y-X5-Lys/Arg, Leu/Val-X2-Y-X4-
Lys/Arg, Leu/Val-X3-Y-X4-Lys/Arg, Leu/Val-X4-Y-
X2-Lys/Arg and Leu/Val-X5-Y-X1-Lys/Arg, Lys/Arg-
X1-Y/F-X5-Leu/Val, Lys/Arg-X2-Y/F-X4-Leu/Val,
Lys/Arg-X3-Y/F-X4-Leu/Val, Lys/Arg-X4-Y/F- X2-
Leu/Val and Lys/Arg-X5-Y/F-X1-Leu/Val for both
CRAC and CARC algorithms respectively. And also X
position can be varying from any residue among 20
amino acids. From above cholesterol formula, it is
revealed that motif length remains stable but membrane
cholesterol motif sequences fluctuate depending upon
the Y and F’ positions.

The probable combination of cholesterol sequence found
in Table 3 and Table 4 for different motif lengths is
show below. Whole numbers of uncovered cholesterol
subsequence for CRAC (forward) and CARC
(backward) after mapping are 2003 and 4013
respectively. From the result, it is perceptible that the
combination backward sequence has more targets over
forward. The combinations of N-terminus to C-terminus
and vice versa are calculated for both CRAC and CARC.
The motif sequence combination of CARC are
calculated using{Arg-X(1-5)-Y/F-X(1-5)-Leu=1799,
Lys-X(1-5)-Y/F-X(1-5)-Leu = 978, Arg-X(1-5)-Y/F-
X(1-5)-Val = 779, Lys-X(1-5)-Y/F-X(1-5)-Val= 457}
are to be found for unlike motif types. Likewise, for
forward (CRAC) motif sequence combinations are {Leu-
X(1-5)-Y-X(1-5)-Arg = 764, Leu-X(1-5)-Y-X(1-5)-Lys=
527, Val-X(1-5)-Y-X(1-5)-Arg =330, Val-X(1-5)-Y-
X(1-5)-Lys = 382} are to be found.

Table 2. Depiction of all possible motif types with different combination using 20 amino acids

CHOLESTEROL MOTIF TYPE/ SIGNATURE MOTIF SEQUENCE
DICTIONARY CHOLESTEROL MOTIF
FORMULA LENGTH
BACEKWARD (CARC) 11, ...15, =5,6,7,8,9
RE-Xr 5 YF-Xos LV | 21 35=67.2910 KR-X1-Y/F-X1-LV KER-X1-Y/F-X3LV
ER-2-VF-X1-L'WV, ... KR-X2-Y/F-X5-LV
31,..35=7,8,9,10,11 ER NS VESLLA RS v F NS LA
41...45=18,9,10,11,12 ER-X4TYF-XILWV, KER-X4YVF-X5-LWV
51,...55=9,10,11,12,13 ER-X5-YVF-X1LV_ KER-X5-VF-X5-LWV
(]i?‘R;‘-‘ ¥ .é‘CRﬁj ,-15,25,6,7.8,9 LV-X1-Y-X1-KER LWV-X1-Y-X5-ER
—Arr - X A 5 = f-Al-r-Al-Bob o C-d - r A
1-3) 1-3) 21,..25 = 6,7,8,9,10 v v siem VM v XeED
31,..235=7,8,59,10,11 LV v XLER. LV T X5ER
41....45=§,9,10,11,12 LV-H4Y-X1I-KR LWV-X4-YV-X3-KR
51,...55=9,10,11,12,13 LV-XS-V-X1-ER . LWV-X5-T-X5-KR
Table 3. Dissimilar Motif Types (MT) detected in GPCRs for Backward (CARC) cholesterol sequences
Motif- Arg-(1_5)-Y/F- LyS-X(1_5)'Y/F'X(1_5)- Arg-X(1_5)-Y/F-X(1_5)- LyS-X(1_5)'Y/F'X(1_5)- Total
Length X5-Leu Leu Val Val
5 49 25 35 23 132
6 249 56 177 27 509
7 79 46 94 45 264
8 377 219 100 95 791
9 630 112 146 89 977
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10 191 70
11 125 297
12 65 122
13 34 31
Total 1799 978

91 63 415
56 50 528
62 54 303
18 11 94
779 457 4013

Table 4.Dissimilar Motif Types (MT) detected in GPCRs for forward (CRAC) cholesterol sequences

Motif- Leu- X(l.5)'Y' X(l, Leu- X(1.5)-Y' X(1_5)'

Val- X(1_5)-Y' X(1_5)'

Val- X(1_5)-Y' X(1_5)'

Length 5-Arg Lys Arg Lys Total
5 29 21 19 11 71
6 51 35 38 26 150
7 80 52 33 22 187
8 107 57 48 28 240
9 126 87 70 112 395
10 160 107 56 98 421
11 70 63 26 29 188
12 38 29 17 27 111
13 103 76 23 29 231
Total 764 527 330 382 2003
Figure 3 which is given below depicts about the
architecture of proposed model which stores all helical s ovii oF el BG it Construction of cholesterol
files in text format and also stores cholesterol dictionary PRk e secassintely oo A e rocoming 4o
whose data are retrieved utilizing the technique known d5toa13

as sliding window which has considered the length of
motif and it is denoted as L=
{5,6,7,8,9,10,11,12,13}. Dictionary of cholesterol can
be calculated using motif length/ number of sequence.
Our aim is to investigate the signature motif of
cholesterol using above dataset. In the first stage of our
proposed model entire helical data are retrieved
sequentially and cholesterol data are retrieved according
to their motif type from dictionary. Then we are
mapping our two datasets. Once mapping is over we go
for next step for calculation of CRAC and CARC motif.
Then we apply our hybrid technique Rough set with
Mean-Shift algorithm for computing all cluster centers.
After finding the cluster centers we can sort, merge the
motifs using weight value. We have a cut-off on
calculation of motif according to their weight. Finally
we reconstruct the data points and obtained our motifs
which have biological relevance.

2-1- Rough Set Theory (RS)

Rough set theory is a technique for dealing with imperfect
knowledge, in particular with vague concepts. Rough set

—>

—“COT>P=Z
4

Forward Backward
cholesterol cholesterol

motif motif

v

N
Sorting, merging the obtained
Rough Set with Mean-Shift motif according to their weight

value

Reconstruction of data
points using cluster
centers

Discovering the valid
cholesterol signature
motif

Fig.3Architecture of proposed Rough Set with Mean-Shift cholesterol
model for identification of valid motif signature

theory has gained interest of many researchers and
practitioners from all over the world. This theory has been
implemented in many areas like Bioinformatics, acoustics,
business and finance, chemistry, computer engineering and
electrical engineering decision analysis and systems,
economics, digital image processing, informatics,
medicine, molecular biology, neurology, robotics, social
science, software engineering, spatial visualization, Web
engineering, and Web mining. That’s why we are
motivated to implement this theory within our paper for
prediction purpose. Generally, biological data are very
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complex and sensitive. To handle this complex data set
and to discover structural relationship within expected
imprecise and noisy data, rough set approach is used here.
Our both data such as cholesterol and GPCR protein were
taken for prediction purpose. After mapping is over we
have categorized the forward motif and backward motif.
We have proposed a hybrid approach Rough set with
Mean shift for prediction of valid motif sequences.
Basically this procedure clearly dealt with finding hidden
pattern motif sequences and evaluation of significance of
motifs without any overlapping.

RS theory is characterized as a system S=< U, V, R,
F>by Z. Pawlak, with R = DUC, [24] at which U be a
non-void bounded collection of items and R be a non-
void bounded collection of properties, D and C be the
subsets known as decision and condition feature
collection. Where V =", Vais represented as a
gathering of feature values of a, also cardinality of
(Va)>1 and f: R = V is a fact or characterization
mapping. Indiscernible relation [24]: For a known
subclass of feature collection BSR, an imperceptible
relationship imp(B) in the space of discussion U which
could be characterized in equation (1) as below,

imp(B) ={(m,n) | (m,n) €U *, /,.o(b(m) =b(n))} 1)

So similarity relationship here is nothing but an
imperceptible relationship. [n]imp(B) or [n]B and [n]
refers equality family unit of an piece. And then (U,
[n]imp(B)) pair off is addressed as an guesstimate space.
Lower and Upper approximation sets [25]: For a given
system S = <U, V, R, F>,Considering YS U where Y is
a subset, upper and lower bound sets respectively be
determined in equation (2) plus (3) by

appr(Y) ={ncU [[n]1NY = ¢},
@)
appr(Y)={neU |[nlcY},

®)
Where [n] refers equality family of n.
So collection of every equality families is received as
the ratio collection of U, and U/R = {[n] | n€U} refers it.
Here three disjoint parts of space are like the negative,
positive plus boundary approximation sets are given in
equations (4-6) below [24-28].
P(Y) =appr(Y).

(4)
B(Y) =appr(Y)-appr(Y),

L (®)
N(Y)=U —appr(Y),
(6)

When object ne P(Y), then, it is counted on target set Y
positively. When object ne B(Y), then, it would not be
counted as goal set Y positively. When ne N(Y), so it is

not easy to decide whether n would be a part of goal set
Y.

2-2- Mean-Shift Approach

In human pathogen every amino acid sequence has some
biological significance. To compute valid cholesterol
motif from human GPCR we implemented Mean-Shift
algorithm which cluster each data points employing
window across it and calculates the average of the data
point. Then it shifts the center of the window to the
average and reiterates the algorithm till it converges.
After each iteration, the window shifts to a denser region
of the dataset. In case of time and space complexity
Rough Set with Mean-Shift does well on GPCR data
[29-34]. Now the steps of Rough Set with Mean-shift
algorithm for a collection of different amino acid
sequences S are given below:

Rough Set with Mean-Shift Algorithm:

Step-1: Construct cholesterol dictionary according to
window size that varies from dsto dys.

Step-2: Apply Rough Set based method over the targeted

motif sequences from constructed dataset consisting of

sequence of amino acids.

Step-3: For each amino acid sequence s €S, discover the

neighboring points N(s) of s.

Step-4:For each amino acid sequence s €S, calculate

the mean shift m(s) from the equation (7):

m(s) = ZsieN(s) K(s,-3)s
ZsieN(s) K(si=s)s;

Step-5: For each
update s < m(s).
Step-6: Iterate Step-1 for n times or until m(s) converges.

amino acid sequences €S,

Here N(s) represents the function to evaluate the
neighbors of a data sequence s € S. The distances of
neighboring points are calculated by the Euclidean
distance metric [35]. Again K(d) represents the kernel
used in Mean-Shift, where K denotes a Gaussian Kernel
[36-37] and d denotes the distance between the two data
sequences. The algorithm runs with time complexity
O(KN?). Clustering results are depicted in Figure 4
where prediction of both membrane cholesterol and
GPCRs are done.

165



166 Nayak, Tripathy, Mohapatra, Rath & Mishra, Membrane Cholesterol Prediction from Human Receptor Using Rough Set...

3- Results and Discussion

All the transmembrane proteins data were collected from
uniprot database and cholesterol dictionary is constructed
using CARC /CRAC algorithm. According to helix
number protein sequences are maintained. Each helix
includes ~820 proteins. The most important objective of
this work is to identify and fetch the entire cholesterol
consensus motif available in the protein primary sequences
and develop a signature motif for receptors belonging to
GPCR superfamily. Dissimilar motif types are considered
using parameters. For example motif sequence for forward
region is LAAMAYDR. It means first position is L/V and
last position is combination of K/R and Y position is fixed.
Here motif type is 41, i.e. L4Y1R and the window size is
8. Using CRAC algorithm we have calculated the motif
types.

The main intention of this paper is to uncover the most
important motif signatures utilizing both forward plus
backward formula from human GPCR. After mapping a
large volume of data set, we are looking for an enhanced
data mining method for obtaining effective signature
motif of cholesterol. Through one example we explain
this as; a given motif: K/IRXY/FXL/V of length 9 can be
in more than one motif types like {15, 24, 34, 42, 51}
given in Table 1. We found Rough Set technique [24-28]
is better to handle the data belonging to more than one
class and Mean-Shift technique [29-34] as an efficient
one to find the cluster centers. Hence, to mine this
category of information wherever data can fit in to more
than one cluster, we employed Rough set with Mean-
Shift algorithm in our projected model.

Table 5 expressed about the signature motifs of
cholesterol for GPCRs using the forward (CRAC) and
backward formula CARC. In these tables we have
elaborated helix number, motif types plus its valid
signature. Among all helices like H1-H7 only targeted
helix for forward region is h3, h5, h6 and h7 and
similarly for backward region the targeted helices are
h2, h7. Each helix target includes both motif types with
corresponding valid signature.

Table 5. Signature motifs of cholesterol for GPCRs using the forward
formula (CRAC) and backward formula (CARC)

CRAC CARC
CRAC CARC
HELI MOTI SIGNATURE HELI MOTI SIGNATURE
X F X F
TYPE TYPE
H3 '-‘g 1 | AAMAYDR  H2 Rf_FZ RPMFFLL
H3 LSFZ 1 LLAVRMAYD H2 R?_Fl RLHTPMFFL
H3 '-3}2( 2 LSIFYCLK  H2 R5LY 2 RLHTPMYFFL
" vsRY1 VLMAYDR 12 R4LY4 RTVTI}I_YFILN
L5 L4Y4 LNPFIYSLRN . R5YS RLHTPMYFFL
R R L SNL
L5y4  LLNPIIYSLR RAY?2
Hs B3 o He RO RTvINvEIV
VAY4  VNPLVYTLR K2Y2
sV v H2 3 KPMYIFL
H6 ng 1 LmsvyDr H2 K3LY 1 KAMYYEL
he YT Lvemvir  oH2 FSYD O krasvevTL
He VoYL VPCIVAYLR 2 KZLY 5 KPMYFFLSML
H7 ng 4 LSYTRINN  H2 KSLY 2 KLHTPMYFEL
He o M2 weavst omz RSP kraTniFLLNL
L5Y2 K5Y5  KLLTPMYFFL
W B2 LINPRIYSLR  H2 A i
Lo LAY LNPLIVTLRN o KSYL oo
R R Vv
we o BY2 0 sevak owr SSf? 0 kvasvevtwy
e Y 2 NPLIYSLK  H7 YT kiLTvivse
- L4|2(4 LNPLIF\((SLRN o K5LYZ CLHTPMYTEL
Lo Lays INPIYFLRNG 0 kevs  kiLTLRYFRRLT
K L PL
L, L5Y4 LLNPFIYTLR
K NK
H7 V‘LYZ VNPLIYSLR
H7 V5RY2 VLNPLIYSLR
W VY4 VINTLRNK
L, VAY4 VNPLVYSLR
K NK

In our present work Rough Set deals data with
uncertainty as very well and Mean-Shift being a non-
parametric clustering technique with the strengths of
capable of handling arbitrary feature spaces with no pre-
specified number of clusters analyzes the real GPCR
data in a fair manner.

3-1- Comparison among the Methods

Table 6 shows the contrast among all methods with
respect to helix name and motif type for both forward
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with backward region. Helix name means it represented
the targeted helix name of GPCR. Each time, membrane
cholesterol is bound with N-C terminus region of
membrane proteins and also with their corresponding
helix. Another important part is the motif type which is
denoted as forward and backward position. With the
help of algorithm CRAC and CARC we choose motif
type. If motif type is written as 55 means for forward
position the formula as: L/V-X5-Y-X5-K/R. Here X5 is
any combination of five amino acid which is residing in
between L/V and Y and in next part X5 is represented as
any five amino acid combination reside within Y and
K/R. Likewise it is represented for 11,12,--15, 21---25,
31...35, 41...45, 51...55 etc. From comparison table
(Table 6) we conclude that our proposed model Rough
with mean shift target on higher priority motif types
such as 55, 52, 53, 51, 31, and 32 in comparison with
other existing methods [11,12].

Table 6. Motif type comparison by different methods

MOTIF TYPE

METHODS HELIX NAME (FORWARD/
BACKWARD)

FCM [11] h2,h5,h7 11,12,21,54,34
FCM with h6,h3,,h7,h5 44,42,32,22.21

Spectral [12]
Rough Set with
Mean Shift
(Proposed)

h3,h5, h6,h2,h7 55, 52,53,51, 31,22

4- Conclusion and Future Scope

G-Protein-Coupled-Receptor is one of the compelling
fields which is mostly involved for cell signaling and
more frequently targeted by the entire pharmaceutical
domain. In cell membrane, among all integral membrane
protein, GPCR is treated as an important super family.
Each time, membrane cholesterol targets with this
GPCR family to find out the best motif sequences which
has biological relevance. Our aim is to investigate the
signature motif of cholesterol using above dataset. Due
to high dimensionality of the data, this paper projected a
hybrid model Rough Set and Mean-Shift based method
for cholesterol prediction from human GPCR. Our
proposed Rough Set with Mean-Shift based model
yielded satisfactory result as discussed in experimental
section. The best motifs we found can have reliable
clinical treatment and can also be used in drug discovery
for diseases. Based on the weight value for each motif
type we calculated sub-motifs from huge amount of
protein which gave better results. In our analysis we
conclude that most of the target sites are included in
helix 2 and 7 in addition of motif types 55, 53, 52, 31,
32 etc. which have greater biological relevance. Further

study can be extended considering other disease
databases which can be used for membrane cholesterol
prediction with higher biological relevance and could be
helpful for drug designers.
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