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Analysis of biological data plays an important role
in medical and bioinformatics industry. However,
uncertainty in this biological information is the most
unavoidable challenge of this era. The existing algo-
rithms for association rule mining are inadequate to
address the issues of uncertainty in the molecular
data. Variation in the length of the sequences leads to
variation in the degree of relationships among amino
acids. Ignorance of the parameters leads to uncer-
tainty due to the dependencies of the objects and their
patterns on the parameters. The degree of relation-
ships among various amino acids present in the mo-
lecular sequences also depends on the parameters like
length ranges and species, etc. In this article, a soft
fuzzy set approach has been proposed for mining
fuzzy amino acid associations in peptide sequences of
Mycobacterium tuberculosis complex (MTBC). The
approach is employed to incorporate the degree of
relationships among amino acids present in the pep-
tide sequences. The soft sets are employed to model re-
lationships of amino acids with the parameters like
length range, species etc. The amino acid associations
and their relationships with various parameters in the
peptide sequences of MTBC obtained in the present
study will be of great use in developing signatures that
will provide better insights into the structures, func-
tions and interactions of proteins.

Keywords: Association rule, complex, data mining,
fuzzy and soft sets, Mycobacterium tuberculosis.

THE biological databases have grown at an enormous rate
during the last two decades. This huge volume of biologi-
cal data provides new opportunities and challenges for
analysis to generate new information and knowledge.
These have led to the development of methods for collec-
tion, storage, management and data mining. The different
types of data mining techniques like classification, clus-
tering and association rule mining are available for analy-
sis of data. The concept of association rule mining
(ARM) is used in large-scale transactional databases for
discovering regularities between products®. A priori algo-
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rithm has been reported as the first algorithm for finding
frequent itemsets?. Since then, a number of algorithms for
ARM have been reported in the literature®®. The avail-
able algorithms for ARM have their own advantages and
limitations. Kocatas et al.” employed ARM to study
patterns responsible for protein—protein interactions.
Rodriguez et al.® found a relationship between protein
sequences and protein features using a modified version
of the a priori algorithm. Oyama et al.® implemented
ARM to annotate the proteins within the protein—protein
interaction network. Kuo et al.’® employed the ARM
technique to discover amino acid association patterns on
the binding site of a protein complexes and their work is
mainly focused on protein complexes which have pro-
tein—protein recognition. Capability of handling inherent
uncertainties present in the biological data is the major
challenge as the existing methods are not fully capable of
addressing the issues of uncertainty. The fuzzy set
approach is capable of addressing the issues of uncertainty
arising due to degree of relationship among amino acids
of peptide sequences. Some algorithms are reported in the
literature for fuzzy ARM™ ™. Various researchers have
employed fuzzy set approach for finding patterns in
molecular sequences™*. Some models have been proposed
for mining fuzzy association rules in peptide sequences of
class A GPCRs (G protein-coupled receptors), B GPCRs
and Alphaproteobacteria’*°. Molodtsov?® proposed the
soft set approach which is capable of handling the uncer-
tainties arising due to non-consideration of parameters.
Herawan and Mustafa®* proposed soft set-based algorithm
for ARM?. From the literature survey it is observed that
there are no attempts for mining soft fuzzy amino acid
associations in the peptide sequences of Mycobacterium
tuberculosis complex (MTBC).

According to the World Health Organization, 8.6 mil-
lion people fell ill with tuberculosis (TB) in 2012 and 1.3
million individuals worldwide have lost their lives from
due to the disease®’. Mycobacteria that cause human
and/or animal TB are grouped together within the MTBC
which comprises of six members: Mycobacterium tuber-
culosis, Mycobacterium africanum, Mycobacterium
microti, Mycobacterium bovis, Mycobacterium bovis
BCG (bacille Calmette—Guérin), an attenuated variant of
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M. bovis and Mycobacterium canettii’®. Increasingly,
MTBC has developed resistance towards the drugs that
cure TB. Diagnostics, chemotherapy and vaccination are
available. However, the disease is far from being eradi-
cated. Globally in 2012, an estimated 450,000 people de-
veloped multidrug-resistant TB (MDR-TB) and there
were 170,000 deaths estimated from the disease?.

Saravanan and Selvaraj** proposed a model to provide
insights into protein folding, design and function. They
revisited the mechanism of structural plasticity in unre-
lated proteins with increased number of structures in the
Protein Data Bank by comparing identical octapeptides in
unrelated proteins with the dictionary of protein secon-
dary structure extracted from existing experimental data.

Uthayakumar et al.®® studied the ambiguity between
sequence-structure relationships in M. tuberculosis and
examined if sequentially identical peptide fragments
adopt similar three-dimensional structures. Brosch et al.*®
provided an overview of the diversity and conservation of
variable regions in a broad range of tubercle bacilli.
Shabbeer et al.?” developed TB-Lineage, an on-line tool
for classification and analysis of strains of M. tuberculosis
complex.

Several molecular sequences of MTBC are available in
various biological databases. The associations of amino
acids present in peptide sequences of MTBC can be
explored and analysed to generate information which will
be crucial in understanding the structure, function,
binding sites, biochemical properties, protein folding and
interactions of these peptide sequences.

In this article we propose the soft fuzzy model for min-
ing amino acid associations in peptide sequences of
species of MTBC.

Materials and methods

The data of peptide sequences of all species of MTBC
have been taken from NCBI?. The sequences with 100%
similarity were considered as redundant. Hence these
identical sequences were removed to construct a non-
redundant dataset. This dataset was then used for mining
amino acid association patterns. Totally 83,086 non-
redundant sequences were found which comprised of
6176 sequences of M. africanum, 8011 of M. bovis, 5008
of M. bovis BCG, 39,649 of M. canettii, 28 of M. microti
and 24,214 sequences of M. tuberculosis.

Figure 1 shows the proposed methodology employed.

A description of the methodology is given below.

Let each sequence be denoted by transaction T, where
T e D and D denotes a database.

T={A|Vi=1(1)20} VT e D, 1

where A; is the ith amino acid.
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T is transformed into fuzzy transaction T as™®
T ={(A, & (A)IVi = 1()20} VT e D/, (2)

where g; (A) is fuzzy membership of each amino acid in
each transaction and D’ represents the database of fuzzy
transactions.

Soft transaction is denoted by S. Let (F, E) be a soft set
over the universe U and X = E.

A soft transaction is defined as®!

S={(A,e)|Vi=1(1)20,e € X} VS e D* (3)
where X is a set of parameters, and D* represents the

database of soft transactions and e is a parameter.
A soft fuzzy transaction is defined as

S={(A, u(A),e)|Vi=1(1)20,e e X}VSe D. (4)

Here D represents the database of soft fuzzy transaction.

Data set extraction (protein sequences of MTBC
species)

1y

Find non-redundant sequences from this
dataset by removing identical sequences

{

Transform the transaction dataset into fuzzy
transaction dataset

1§

Transform the fuzzy transaction dataset into soft
fuzzy transaction dataset

<L

Employ a priori algorithm for qualitative features
extraction (frequency, support and confidence) and
frequent patterns

Jl

Generation of association rules

~

Prediction of structures and physico-chemical
properties based on association rules

Figure 1. Methodology.
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Association patterns denoted by P; represent the asso-
ciations of amino acids. They can be written as

P)= (ArzuArlunAri), =1y, n=1120, (i, j) = 11)20.

Fori=1"PR = A, n =101)20.

Fori=2PR, = AUA , =1, r=1120, r, =1(1)20.
()

Fuzzy association pattern represents the association of
amino acids and the fuzzy membership of each associa-
tion pattern that is calculated for each amino acid and can
be expressed as given below:

(P (P) = (ALUAU-A), (R)),

f

# ;. =11)20, i =1(1)20,

() =Min{(A,), (A,)u(A)},
L= 1,5 =1(1)20, i =1(1)20, (6)

where P; are the association patterns of amino acids, and
u(P;) is the membership of association of amino acids in
pattern P;.

Soft association pattern represents the association
of amino acids with their parameter e, which is expressed
as

(P €) = ((A,UA, U... A, ), ©)
no# 1,6 =1(1)20, i =1(1)20. (7

Soft fuzzy association pattern represents the fuzzy asso-
ciation of amino acids with their parameter e, which is
expressed as

(P, (P, ©) = ((A,UA, U... A (R, ©),

o, =120, i =1(1)20. (8)
We can define a set of parameters E with respect to which
the amino acids patterns can be explored in these peptide
sequences. In the present study we consider a set of
parameters X c E as given below

X = {LR, SP} 9)

where LR denotes the length range of sequences and SP
denotes the species of MTBC sequences. Here LR is
assumed to be divided into three categories, low, medium
and high. The length ranges for these three categories are

determined by the following expressions:
x=max{L;,j=1,2,3,..., N}, (10)
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y=min{L;,j=1,2,3,..,N} (11)

ALR = (x —y)/3. (12)

With the help of eqgs (11)-(13) length ranges can be given
by

LR = [y, y + ALR], (13)
LR, = [y + ALR + 1,y + 2ALR], (14)
LRy = [y + 2ALR + 1, X], (15)

where LR;, LR, and LR3 represent length ranges for low,
medium and high respectively. The MTBC has six spe-
cies. Therefore, the parameter SP is assigned following
values

SP = {SP1, SP2, SP3, SP4, SP5, SP6}. (16)

Crisp approach

Each sequence is viewed as a transaction containing 20
amino acids as given in eq. (3). For studying the frequent
patterns in MTBC sequences the frequency can be calcu-
lated as

F(A) :ifi(Aj), j =1to 20. (17)

where f; (A)) is the frequency of amino acid A; in sequence
i and F(A;)) is the frequency for amino acid A; in n
sequences.

Cumulative length of all the sequences can be calcu-
lated as

L=>L

(18)

where [; is the length of the ith sequence.

Threshold is assumed to be 0.05 as there are 20 amino
acids and each will have equal chance of appearing in the
sequence. The a priori algorithm is employed to find
frequent patterns in all the sequences. The first step is to
calculate support for all the 20 amino acids in a sequence.
The support for a single amino acid is calculated by

Sup(A)) = F(A)/L, j=1t020 (19)
Similarly, support for all the amino acids present in each
species is calculated using eq. (19). The amino acids
whose support value is greater than the threshold value
will be the frequent 1-amino acid sets. These are used
to generate frequent 2-amino acids sets and similarly,
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frequent k-amino acids sets are generated. The a priori
property is used for efficient generation of level-wise k-
frequent amino acids sets (k = 1 to 20).

Soft approach
The soft support for k-amino acids set is calculated by
Sup((A, UA,U... A ), €) =
F((ALUA,U...A. UA ) e)/L, (20)

where A NA N..A, = ¢, k=1t020and e is a parameter.
Soft confidence for k-amino acids set is calculated by

Conf((A,UA, U...A._UA, ), e) =

zr Fi ((AHUA"Z U... ArkfluArk )' e)
zi” F (A, UA U..A_),€)

, (21)

where A, NA N..A, =¢, k=110 20.
The support and confidence are used to generate soft-
set-based association patterns in MTBC species.

Fuzzy set approach

The fuzzy membership of each amino acid is calculated as

w(A) = D (AL, (22)

where L; is length of the ith sequence, X' f,(A) is fre-
quency of amino acid A in sequence i, and z(A) is the
membership of amino acid A in the ith sequence.

The amino acids that have fuzzy membership value
above minimum support value are said to be frequent.
The threshold is estimated based on the assumption that
there are 20 amino acids and each will have equal chance
of appearing in a sequence. Thus the value of member-
ship threshold is assumed to be 0.05.

The a priori algorithm is employed to find frequent
patterns in all the sequences. The first step is to calculate
fuzzy support for all the 20 amino acids in a sequence.
The fuzzy support for a single amino acid is calculated by:

Sup(A;) = Zn:yi(Aj )n, j=1t020. (23)
i=1

Similarly, fuzzy support for all the amino acids present in
each species is calculated using eq. (23). The amino acids
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whose support value is greater than the threshold value
will be the frequent 1-amino acid sets. These are used to
generate frequent 2-amino acids sets and similarly, fre-
quent k-amino acids sets are generated. The a priori
property is used for efficient generation of level-wise k-
frequent amino acids sets (k = 1 to 20).

Soft fuzzy set approach

The soft fuzzy support for k-amino acids set is calculated
by:

SUp((A, UA, U... A | UA, ). €) =
2 (A UA, UL A UA, ) @)/, (24)
i=1

where A, NA_ N...A, = ¢, k=1(1)20.

Soft fuzzy confidence for k-amino acids set is calcu-
lated by:

Conf((A, UA U...A. UA),e) =

(A UA, U A UA ) ©)
> (A UAL U A, ) €)

(25

where A, NA N..A, =¢, k=1to20.

A program has been developed in php language for the
above method to perform ARM in peptide sequences of
MTBC.

Results and discussion

Table 1 shows the results of fuzzy, soft and soft fuzzy
associations. The differences in the results are highlighted
in bold in Table 1 in columns 2-7. By comparing col-
umns 2, 5 and 7 in Table 1, the change in frequent-1 pat-
terns for (SP1, R1), (SP1, R2), (SP1, R3), (SP2, R3),
(SP3, R1), (SP3, R2), (SP3, R3), (SP4, R1), (SP4, R2),
(SP4, R3), (SP5, R1), (SP5, R3), (SP6, R1), (SP6, R2)
and (SP6, R3) are observed by the three approaches.
Comparing columns 3, 6 and 9 in Table 1, we can ob-
serve the change in maximal patterns of all the species in
different ranges obtained by the three approaches. There
is significant difference in the results obtained using the
three approaches. The amino acids A, G, L,V, S, T, R, D,
P are predicted as frequent 1l-amino acid patterns by
fuzzy set approach, soft set approach for (SP1, R1) and
soft fuzzy approach for (SP1, R1), as shown in columns
2, 5 and 8 respectively in Table 1. But R and D are not
predicted as frequent-1 by soft set approach for (SP1, R2)
in column 5, Table 1. Again, for (SP1, R3) amino acids
R, D and P are not predicted as frequent 1-amino acids by
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Table 3. Maximal frequent amino acids in all species of MTBC

Maximal No. of
frequent Maximal Maximum Physico-chemical Probable
Species Range patterns frequent patterns association patterns properties structure
M. Tuberculosis R1 4F 5 AGLR, AGLT, AGLV, AGRV, ALRV  Hydrophobic, polar uncharged, Helix
positively charged
R2 TF 1 AGLPSTV Hydrophobic, polar uncharged, Coil
positively charged
R3 TF 1 AGILNST Hydrophobic, positively charged Coil
M. Bovis R1 5F 1 AGLRV Hydrophobic, polar uncharged Helix
positively charged
R2 5F 6 AGLST, ADGLV, AGLPV, Hydrophobic, positively charged,  Helix
AGLRV, AGLSV, AGLTV polar uncharged
R3 6F 3 ADGLRV, ADGLSV, AGLSTV Hydrophobic Coail
M. Bovis BCG R1 5F 3 AGLPV, AGLRV, AGLTV Hydrophobic, polar uncharged Helix
R2 5F 2 ADGLV, AGLTV Hydrophobic, polar uncharged Coil
R3 6F 3 ADGLRV, ADGLSV, AGLSTV Hydrophobic Coil
M. Canettii R1 5F 5 ADGLV, AGLPV, ADLRV, AGLRYV, Hydrophobic, polar uncharged Helix
AGLTV
R2 6F 5 ADGLPV, ADGLRV, AGLPSV, Hydrophobic, positively charged,
ADGLTV, AGLPTV polar uncharged Helix
R3 TF 2 AFGILST, AGILNST Hydrophobic Coil
M. Africanum R1 5F 6 ADGLR, ADGLV, AGLPV, ADLRV,  Hydrophobic, polar uncharged Helix
AGLRV, AGLTV
R2 5F 6 ADGLYV, AGLPV, AGLRV, AGLSV,  Hydrophobic, polar uncharged Helix
AGLTV, AGPTV
R3 6F 3 AGILST, AGLPSV, AGLSTV Hydrophobic Coil
M. Microti R1 4F 2 AGLV, EGLV Hydrophobic, polar uncharged Helix
R2 TF 1 ADEGLTV Hydrophobic, polar uncharged Helix
R3 6F 2 AGLPST, AGLSTV Hydrophobic Helix

soft set approach, and amino acids F, | and N are pre-
dicted as frequent 1-amino acids for (SP1, R3), as shown
in column 5, Table 1. This indicates that the amino acid
associations depend upon the parameters like range and
species, and ignorance of these parameters is a cause of
under and over prediction of patterns. Similarly by soft
fuzzy approach for (SP1, R2), R is not predicted but D is
predicted as frequent 1-amino acids. Also for (SP1, R2)
D and R are not predicted as frequent 1-amino acids, but
F, I, N and P are using soft fuzzy approach, as shown in
column 7, Table 1. P is not predicted as frequent 1-amino
acids for (SP1, R3) by soft set approach as shown in col-
umn 5, Table 1. This difference is due to the degree of re-
lationships among amino acids, which is not taken into
account in soft set approach leading to under prediction
of amino acid P for (SP1, R3), whereas it is predicted by
soft fuzzy approach as shown in column 7, Table 1 as the
fuzzy set takes care of degree of relationship among ami-
no acids. Similar interpretations can be made for the
remaining species SP2-SP6.

Using the set approach for SP1 the maximal amino acid
association pattern is 4-amino acids and their number is
6. Using the soft set approach maximal amino acid asso-

CURRENT SCIENCE, VOL. 110, NO. 4, 25 FEBRUARY 2016

ciation patterns predicted for (SP1, R1) are 5-amino acids
and their number is 3. For (SP1, R2), the maximal amino
acid association pattern is 7 and the number of such pat-
terns is 1. For (SP1, R3), the maximal amino acid asso-
ciation pattern is 6 and the number of such patterns is 4,
as shown in column 6, Table 1. Again by soft fuzzy ap-
proach the maximal amino acid pattern for (SP1, R1) is 4
and the number of such patterns is 4; for (SP1, R2), the
maximal amino acid patterns is 7 and their number is 1,
and for (SP1, R3), the maximal amino acid patterns is 7
and number of such patterns is 1, as shown in column 9,
Table 1. We observed that the size and number of maxi-
mal amino acid patterns change with parameters SP and
R and with the approaches as well. We also observed that
these maximal amino acid patterns differ in amino acids
with respect to parameters SP and R and the approaches
used. This implies that the amino acid association pat-
terns depend on the parameters SP and R, and also the
degree of relationship among the amino acids. Similar in-
terpretation can be inferred for remaining species SP2 to
SP6 in Table 1.

Since it has been observed that amino acid patterns de-
pend on the parameters like species and length range, and
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degree of relationships among amino acids, the structure
and physico-chemical properties will also depend on the
parameters like species and length range, and degree of
relationships among amino acids. To analyse this fact, the
structure and physico-chemical properties based on max-
imal frequent amino acid patterns were computed (Tables
2 and 3).

It is observed that the fuzzy set approach suffers from
the problem of under and over prediction due to igno-
rance of the parameters SP and R. At the same time the
soft set approach suffers from the same problem due to
ignorance of degree of relationships among the amino
acids. The soft fuzzy approach incorporates the depend-
ence of amino acid patterns on parameters SP and R and
the degree of relationships among the amino acids to
overcome the uncertainty which arises due to non-
consideration of parameters and ignorance of degree of
relationships among amino acids. Thus the soft fuzzy
approach is superior to the individual soft and fuzzy
approaches, as it reaps the advantages of both.

Figure 2 clearly shows the differences in the frequent i-
amino acid patterns (i = 1(1)7) for different ranges and spe-
cies by soft and soft fuzzy approaches. The graph clearly
depicts the difference in the size and number of amino acid
patterns due to different ranges, species and approaches.

Table 2 presents the probable secondary structure of
proteins present in all the MTBC species for soft fuzzy
approach. In R1, R2 and R3 ranges, the frequent-1, fre-
quent-2 and frequent-3 patterns of amino acid associa-
tions supporting formation of helix, coil and sheet are
predicted. The results displayed in Table 2 indicate that
all the species have a tendency to form the helix structure
frequently for R1, R2 and R3. For R1 and R2, higher fre-
guent amino acid patterns are not found for sheet and coil
formation; so the tendency to form helix structure fre-
quently is justified.

Table 3 describes the physico-chemical properties of
maximal frequent amino acid patterns in R1, R2 and R3
for all species of MTBC by soft fuzzy approach. In all
species the amino acids present in maximal frequent pat-
tern are hydrophobic, non-polar, acidic polar and polar.
The polar group amino acids are frequent in all species,
while basic polar group amino acids are not so frequent in
maximal frequent pattern. Table 3 also shows the total
frequent patterns for amino acid associations for MTBC
species for all three ranges (R1-R3) using soft fuzzy
approach. The probable secondary structures in different
ranges are also shown.

The amino acid associations have been used to predict
the physico-chemical properties (Figure 3 and Table 4) for
all three ranges. Figure 4 shows the secondary structures
predicted on the basis of amino acid association patterns
in MTBC.

In Tables 2 and 3, we observed the differences in sec-
ondary structures and physico-chemical properties with
respect to length range and species. This is due to the dif-
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ferences in amino acid associations (Table 1) due to
length range and species and relationships among amino
acids.

The association rules generated on the basis of the
above study, specially for R2 and R3 are given below:

. {A(frequent)/\L(frequent) = F(infrequent)}—
Tendency for helix formation.

. {L(frequent)/AR(frequent) = C(infrequent)}—
tendency for helix formation.

. {E(frequent)\L(frequent) = W(infrequent)}—
tendency for helix formation.

IV.  {S(frequent)\T(frequent) = M(infrequent)}—
energetically beneficial for protein.

V. {P(frequent)/AS(frequent) = Q(infrequent)}—
tendency for coil formation.

VI.  {A(frequent)/\R(frequent) = W(infrequent)}—
tendency for helix formation.

VIl {D(frequent)\G(frequent) = M(infrequent)}—

tendency for coil formation.

{D(frequent)/\S(frequent) = K(infrequent)}—

tendency for coil formation.

IX.  {W(infrequent)/AF(infrequent) = A(frequent)}—
tendency for helix formation.

X. {A(frequent)/\L(frequent) = E(infrequent)}—
helps in protein folding.

X1 {S(frequent)/\P(frequent) = H(infrequent)}—
tendency for coil formation.

X1, {A(frequent)A\V(frequent)AL(frequent) =

K(infrequent)}—aliphatic in nature.

{G(frequent)/\P(frequent) = H(infrequent)}—

tendency for coil formation.

VIIL.

XII.

Coil

M Helix W Beta sheet
Figure 4. Secondary structure formation.
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XIV. {V(frequent)AL(frequent)\A(frequent) =
H(infrequent) }—hydrophobic.

XV. {V(frequent)\T(frequent) = N(infrequent)}—

tendency for sheet formation.

{D(frequent)\E(frequent) = K(frequent)}—

maintains stability of proteins (This rule applies

for M. Microti species).

XVII. {A(frequent)\E(frequent) = Y (infrequent)}—
tendency for helix formation (This rule applies for
M. Microti and M. Bovis species).

XVIIL{P(frequent)\G(frequent) = H(infrequent)}—

tendency for coil formation.

{W(infrequent)\AG(infrequent) = L(frequent)}—

tendency for helix formation.

XX.  {A(frequent)\L(frequent) = Q(infrequent)}—

Helps in protein folding.

{L(frequent)/AR(frequent) = Y (infrequent)}—

tendency for helix formation.

XXII. {V(frequent)\T (frequent) = M(infrequent)}—
tendency for sheet formation.

XVI.

XIX.

XXI.

According to rule (I) it has been observed that amino
acids A and L that favour helix formation are frequent
and amino acid F that favours sheet formation is infre-
quent. Thus this rule implies the tendency to form helix
structure. Similarly, from rule (I1) it has been observed
that amino acids L and R that favour helix formation are
frequent and amino acid C that favours sheet formation is
infrequent. Thus this rule implies the tendency to form
helix structure. Rules (V), (VII) and (VIII) imply the ten-
dency for coil formation as amino acids S, D and P, G are
frequent which favours the secondary structure coil,
while amino acids Q, M and K which favour helix forma-
tion are infrequent. As per rule (IV), as polar amino acids
S and T are frequent and non-polar amino acid M is in-
frequent, it is beneficial for proteins in terms of attaining
stability. Similar interpretation can be inferred from the
remaining rules.

Conclusion

The soft set and soft fuzzy set approaches are proposed
and employed to mine amino acid association patterns in
the peptide sequences of MTBC species. The results of
soft fuzzy approach have been compared with those
obtained by fuzzy set and soft set approaches separately.
The difference in the results is due to the inherent uncer-
tainties in the data caused by degree of relationships
among amino acids in the peptide sequences of MTBC
species and dependence of amino acid association pat-
terns on parameters like length range and species. The
soft set approach suffers from the problem of uncertainty
due to non-consideration of degree of relationships
among amino acids. The fuzzy set approach suffers from
the problem of uncertainties due to ignorance of parame-
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ters like length range and species. The soft fuzzy
approach takes care of both these uncertainties due to
degree of relationship and dependence of patterns on
parameters, and thus is superior to the individual soft set
and fuzzy set approaches. Interesting association rules
among amino acid of MTBC species have been generated
by the soft fuzzy approach. Also, the physico-chemical
properties and secondary structures have been predicted
based on amino acid association patterns in peptide
sequences of MTBC species. The crisp and fuzzy
approaches basically give average amino acid associations
and therefore average structures and physico-chemical
properties. The granularity provided by soft fuzzy ap-
proach gives more specific results of amino acid associa-
tions, structures and physico-chemical properties, thus
giving the better picture of these patterns than the other
approaches. The association patterns and rules generated
can serve as signatures for gaining better insights regard-
ing the molecular mechanism of disease, protein struc-
tures and the protein—protein interactions.
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