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ABSTRACT

Analysis of protein–ligand interactions is a funda-
mental issue indrugdesign. As thedetailed andaccu-
rate analysis of protein–ligand interactions involves
calculation of binding free energy based on thermo-
dynamics and even quantum mechanics, which is
highly expensive in terms of computing time, confor-
mational and structural analysis of proteins and
ligands has been widely employed as a screening
process in computer-aided drug design. In this
paper, a web server called ProteMiner-SSM designed
for efficient analysis of similar protein tertiary sub-
structures is presented. In one experiment reported
in this paper, the web server has been exploited to
obtain some clues about a biochemical hypothesis.
The main distinction in the software design of the
web server is the filtering process incorporated to
expedite the analysis. The filtering process extracts
the residues located in the caves of the protein
tertiary structure for analysis and operates with
O(n logn) time complexity, where n is the number of
residues in theprotein. Incomparison, thea-hull algo-
rithm, which is a widely used algorithm in computer
graphics for identifying those instances that are on
the contour of a three-dimensional object, features
O(n2) time complexity. Experimental results show
that the filtering process presented in this paper is
able to speed up the analysis by a factor ranging
from 3.15 to 9.37 times. The ProteMiner-SSMweb ser-
vercanbe foundathttp://proteminer.csie.ntu.edu.tw/.
There is amirror site at http://p4.sbl.bc.sinica.edu.tw/
proteminer/.

INTRODUCTION

One of the fundamental issues in drug design is analysis of
protein-ligand interactions (1,2). The detailed and accurate
analysis of protein–ligand interactions involves calculation
of binding free energy based on thermodynamics and even
quantum mechanics (3,4). However, this approach is highly
expensive in terms of computing time. As a result, conforma-
tional and structural analysis of proteins and ligands has been
widely employed as a screening process in computer-aided
drug design (5–8).

In this paper, a web server designed for efficient analysis of
similar protein tertiary substructures, named ProteMiner-SSM,
is presented. Figure 1 illustrates one application that the design
of ProteMiner-SSM addresses. In this application, the biochem-
ist is given the crystal structure of a protein bound with a
specific ligand and wants to conduct a search in the Protein
Data Bank (PDB) database (9) for the other proteins that
contain a similar binding site and therefore could interact
with the specific ligand. In one experiment reported in this
paper, ProteMiner-SSM has been exploited to investigate
whether some proteins in the caspase family contain a similar
binding site to the structure of integrin reported in (10). The
experimental results provide biochemists with some valuable
clues that conform to a biochemical hypothesis.

In terms of the application illustrated in Figure 1, it is
apparent that only the substructures in the caves of the
protein tertiary structure are of interest. Therefore, in order
to expedite the analysis process, it is desirable to incorporate a
mechanism that can effectively extract the residues in the
caves of the protein tertiary structure. In this paper, an efficient
filtering process with O(nlogn) time complexity is employed,
where n is the number of residues in the protein. In comparison
with the a-hull algorithm (11), which is a widely used algo-
rithm in computer graphics for identifying those instances on
the contour of a three-dimensional (3D) object, the filtering
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process employed in this paper features a lower time complex-
ity, O(nlogn) versus O(n2). Experimental results show that the
filtering process presented in this paper is able to speed up the
analysis by a factor ranging from 3.15 to 9.37 times.

The next section of this paper elaborates the software design
of ProteMiner-SSM. We then report the experiments con-
ducted to evaluate the performance of ProteMiner-SSM.
Finally, concluding remarks are presented, and two appendices
give the mathematical basis of Equations 1 and 2 in the text.

SOFTWARE DESIGN OF ProteMiner-SSM

ProteMiner-SSM carries out analysis in two steps. In the first
step, a filtering process based on an efficient kernel density
estimation algorithm is invoked to identify the crucial tertiary
substructures on the contour of the protein that the analysis
should focus on. In the second step, the geometric hashing
algorithm in computer graphics (12,13) is invoked to compare
the crucial substructures of the target protein and the binding/
active site of the reference protein. In this paper, we refer to the
protein that contains the binding/active site of interest as
the reference protein and the proteins in PDB against which
the alignment is to be performed as the target proteins.

ProteMiner-SSM conducts analysis at the residue level with
each residue represented by its alpha carbon in the vector
space. In other words, a protein substructure is defined
by the coordinates of the alpha carbons included in the

substructure. The efficient kernel density estimation algorithm
that forms the basis of the filtering process treats the set of
residues fs1, s2, . . . , sn} of a protein as n samples randomly
taken from a probability distribution in the 3D vector space
and employs the learning algorithm that we have recently
proposed (14,15) to construct an approximate probability den-
sity function of the following form:
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where

(i) n is a vector in an m-dimensional vector space and in this
paper m= 3,

(ii) b is the parameter that controls the smoothness of the
approximation function,
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where R(si) is the distance between sample si and its k-th
nearest neighbor, k is a parameter to be set by the user, and
G( � ) is the Gamma function (18),
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One interesting observation is that, regardless of which
b = ðsi=diÞ ratio is employed, we have ðl=bÞ ffi
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observation can be proved to be generally correct, then we can
further simplify Equation 1 and obtain
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The mathematical basis of Equations 1 and 2 is elaborated in
the appendices.

As the approximate probability density function shown in
Equations 1 and 2 is a continuous and smooth function in the
vector space, we can expect that the function values at the
residues located on the contour of the protein tertiary structure
are generally smaller than the function values at the inner
residues. Accordingly, we can set a threshold of the function
values to distinguish those residues that are located on the
contour from those that are not.

With the residues on the contour of the protein tertiary
structure been successfully identified, the next task of the
filtering process is to further classify each of these residues
depending on whether it is located in a cave or not. This task
can be carried out by applying Equation 1 or 2 again but with a
larger b value. Applying Equation 1 or 2 with a larger b value
implies that the approximate probability density function
obtained is smoother. As a result, the function values at those
residues that are located in a cave will be generally larger than
the function values at those residues that are on the contour
of the protein tertiary structure but not in a cave. Accordingly,
a threshold can be set to classify these residues.

With the filtering process applied to both the reference
protein and the target protein, the next task that ProteMiner-
SSM carries out is conducting structural alignment on the
crucial substructures identified. In ProteMiner-SSM, we
have adopted the common practice for carrying out protein

Given the co-crystal
structure of a protein 
bound with a ligand 

Protein A Ligand

Extract substructure

from protein A 

Search in PDB 
PDB

Proteins containing similar substructures 

Figure 1. One application addressed by the design of ProteMiner-SSM.
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structural alignment with the geometric hashing algorithm
(5–8,16). With this practice, the coordinate systems examined
by the geometric hashing algorithm are limited to those
defined by the two backbone bonds connected to the alpha
carbon of each residue. With the filtering process incorporated,
in our implementation, the geometric hashing algorithm
further narrows down its search space to only the coordinate
systems defined by the residues located in the caves. In the
design of ProteMiner-SSM, the likelihood of residue substitu-
tion is also taken into account. If the entry in the PAM 250
matrix (1,17) corresponding to a pair of residues aligned by the
geometric hashing algorithm is <2, then this pair of residues is
excluded from the list of those successfully aligned.

The discussions presented in this section so far elaborate the
basics of the software design of ProteMiner-SSM. Additional
details, including parameter settings and time complexity ana-
lysis, can be found in the supplementary material.

EXPERIMENTAL RESULTS

This section reports two experiments conducted to evaluate
the performance of ProteMiner-SSM. The main objective
of the first experiment is to test the accuracy of ProteMiner-
SSM. The second experiment demonstrates how biochemists
can exploit ProteMiner-SSM to facilitate their research works.

In the first experiment, three datasets, each of which con-
tains a reference structure and a number of target proteins, are
used to test whether ProteMiner-SSM is able to identify the
region on the contour of the target protein that contains a
similar substructure as the reference protein. Table 1 shows
the characteristics of these three reference protein structures.

The first two reference structures are two enzymes in PDB,
PDB ID = 1HDZ (alcohol dehydrogenase) and 1BL5 (Iso-
citrate dehydrogenase), and the third reference structure, PDB
ID = 1L5G, contains an integrin aVb3 bound with a peptide
ligand as reported in (10). For each of the two enzyme pro-
teins, five proteins from the same family in PDB are employed
as the target proteins. For integrin, the alternative structures of
integrin aVb3 with different bindings, PDB ID = 1JV2 and
1M1X, are employed as the target proteins. Table 2 reports the
results of the first experiment. The experimental results show
that, with a high degree of accuracy, ProteMiner-SSM is able
to identify the residues in the binding/active sites of the target
protein. The only miss occurs when protein 1HJ6 is aligned
with reference protein 1BL5. However, as Table 2 shows, the
miss is not due to the filtering process invoked to expedite the
analysis. Without the filtering process, the geometric hashing
algorithm still can only successfully align seven out of the
eight residues in the active site of protein 1HJ6 with the resid-
ues in the active site of the reference protein.

In the second experiment, ProteMiner-SSM is invoked to
figure out whether some proteins in the Caspase family may
contain a similar binding site to the structure of integrin
reported in (10). Table 3 shows the results output by ProteMiner-
SSM. It is observed that caspase-7, PDB ID = 1F1J and 1K86,
Procaspase-7, PDB ID = 1GQF, caspase-8, PDB ID = 1F9E
and caspase-9, PDB ID = 1JXQ, have the largest numbers of
residues successfully aligned with the residues in the bind-
ing site of integrin. This result is in conformity with a hypo-
thesis theorized by biochemists. However, the outputs of
ProteMiner-SSM can only be regarded as interesting clues
and, as shown in Table 4, it is typical that multiple possible
alignments are found. Therefore, more in-depth analyses, such
as protein docking or protein affinity analysis, must be con-
ducuted to further confirm the hypothesis.

The results in Tables 1–4 also show that the filtering process
incorporated in ProteMiner-SSM is able to speed up the ana-
lysis by a factor ranging from 3.15 to 9.37 times. However, for
the case reported in Table 3, the experimental results reveal
that a certain degree of accuracy has been traded for efficiency.
On the other hand, no such tradeoff has been observed for

Table 1. Characteristics of the reference proteins in the first experiment

PDB ID Number of
residues

Number of
residues in the
binding/active site

Number of residues
remaining with the
filtering process applied

1HDZ 748 14 307
1BL5 414 8 130
1L5G 1470 18 833

Table 2. Experimental results for the first experiment

Reference protein 1HDZ 1BL5 1L5G

Target protein 3HUD 1HTB 1HDY 1DEH 1HDX 1IDE 1HJ6 1IDC 1IDD 1IDF 1JV2 1M1X

Number of residues in the active/binding site 14 14 14 14 14 8 8 8 8 8 18 18

Geometric hashing without filtering
Execution time of geometric hashing

in seconds
66.69 67.07 67.23 66.88 67.00 10.76 10.80 10.76 10.73 10.77 447.14 444.12

Number of residues in the active/binding
site that are successfully aligned

14 14 14 14 14 8 7 8 8 8 18 18

RMSD of aligned pairs 0.79 0.37 0.47 0.36 0.49 0.52 0.42 0.55 0.49 0.43 1.21 1.22

Geometric hashing with filtering applied
Execution time of filtering in seconds 0.13 0.14 0.13 0.14 0.14 0.06 0.06 0.06 0.06 0.06 0.33 0.33
Execution time of geometric hashing

in seconds
11.95 11.32 11.86 11.78 11.59 1.25 1.10 1.10 1.15 1.09 140.99 140.74

Number of residues in the active/binding site
that are successfully aligned

14 14 14 14 14 8 7 8 8 8 18 18

RMSD of aligned pairs 0.96 0.37 0.54 0.36 0.66 0.56 0.54 0.62 0.5 0.57 1.23 1.22

Speedup due to the filtering process 5.52 5.85 5.61 5.61 5.71 8.21 9.31 9.28 8.87 9.37 3.16 3.15

RMSD = root-mean-square deviation.
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the cases reported in Table 2. Nevertheless, our experience is
that the loss of accuracy due to the filtering process is generally
within an acceptable range. In the supplementary material, we
present in-depth discussions on parameter setting.

CONCLUSION AND FUTURE WORK

In this paper, a web server designed for efficient analysis of
similar protein tertiary substructures is presented. In one
experiment presented in this paper, ProteMiner-SSM has

been exploited to investigate whether some proteins in the
caspase family contain a similar binding site to the structure
of integrin aVb3, and the experimental results are in confor-
mity with the biochemical hypothesis. However, the predic-
tions made by ProteMiner-SSM can only be regarded as
interesting clues that require more in-depth investigations to
be conducted. The experimental results also show that the
filtering process presented in this paper is able to speed
up the analysis process by a factor ranging from 3.15 to
9.37 times.

Table 4. Two possible mappings from the second experiment of the residues in the crucial substructures of caspase-8 to the residues in the binding site of integrin

aVb3

Protein integrin aVb3 (reference protein) Protein caspase-8 (PDB ID = 1F9E) PAM250 Score

Chain Residue index Residue type Chain Residue index Residue type

A 178 TYR D 320 TYR 10
A 218 ASP A 297 GLU 3
B 119 ASP B 388 GLN 2
B 121 SER B 339 SER 2
B 122 TYR B 340 TYR 10
B 123 SER B 378 SER 2
B 126 ASP B 351 GLN 2
B 158 ASP A 291 GLN 2
B 215 ASN B 381 ASP 2
B 216 ARG B 384 LYS 3
B 217 ASP D 323 ASP 4
B 219 PRO D 322 PRO 6
B 220 GLU D 324 GLU 4
B 251 ASP B 374 ASN 2

A 150 ASP K 289 ASN 2
A 178 TYR K 290 TYR 10
A 218 ASP L 385 GLN 2
B 119 ASP K 170 ASN 2
B 121 SER K 236 SER 2
B 122 TYR K 244 TYR 10
B 126 ASP K 178 ASP 4
B 127 ASP K 180 ASN 2
B 215 ASN K 239 ASP 2
B 216 ARG K 240 LYS 3
B 217 ASP K 286 GLN 2
B 218 ALA K 284 ALA 2
B 219 PRO L 387 PRO 6
B 220 GLU K 283 GLN 2
B 251 ASP V 4604 ASP 4

Table 3. Output of ProteMiner-SSM for the second experiment

PDB ID of the target protein 1C15 1CWW 1CY5 1F1J 1F9E 1GQF 1JXQ 1K86 1K88 1NME 2YGS

Number of residues 97 102 93 469 1476 530 940 464 461 238 92
Number of residues remaining with

filtering applied
26 31 40 184 542 103 329 110 112 66 33

Geometric hashing without filtering
Execution time of geometric hashing 5.85 6.13 5.38 65.37 429.70 81.19 217.50 63.42 63.76 21.01 5.33
Number of residues in a cave that

are successfully aligned
9 10 9 16 15 14 14 14 13 12 9

RMSD of aligned pairs 3.91 3.46 3.37 4.24 3.99 4.75 4.24 4.09 4.04 4.14 3.51

Geometric hashing withfiltering applied
Execution time of filtering 0.01 0.01 0.01 0.07 0.32 0.08 0.17 0.07 0.07 0.03 0.01
Execution time of geometric hashing 0.92 1.08 1.34 14.81 91.48 9.22 44.52 8.81 9.12 3.38 1.12
Number of residues in a cave that

are successfully aligned
9 8 9 13 15 13 12 12 13 11 9

RMSD of aligned pairs 3.91 4.08 3.37 4.01 4.25 5.06 4.16 4.15 4.04 3.87 3.51

Speedup due to the filtering process 6.29 5.62 3.99 4.39 4.68 8.73 4.87 7.14 6.94 6.16 4.72
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As the experiences from this research work have been
encouraging, it is of interest to investigate how to extend
the ideas presented in this paper to other protein analysis
problems. Possible topics include protein function predic-
tion, protein structural clustering and protein structural
classification.

SUPPLEMENTARY MATERIAL

Supplementary Material is available at NAR Online.
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APPENDIX A

The efficient kernel density estimation algorithm that forms
the basis of the filtering process employed in this paper treats a
given set of instances fs1, s2, . . . ,sn} in the vector space as n
samples randomly taken from a probability distribution and
constructs an approximate probability density function of the
following form:

f̂f nð Þ =
Xn
i = 1

wi exp �kn � sik2

2s2
i

 !
, A:1

where n is a vector in the vector space and kn � sik is the
distance between vectors n and si. Accordingly, the task that
the efficient kernel density estimation algorithm carries out is
to determine the values of wi and si in Equation A.1, so that f̂f
provides a good approximation of the original probability den-
sity function f. In fact, the kernel density estimation problem
described here can be transformed to a kernel smoothing pro-
blem, if we employ the following equation to estimate the
values of f at si, i = 1, 2, . . . ,n:

f sið Þ ffi k + 1ð Þ
n

� R sið Þmpm=2

G ðm=2Þ + 1ð Þ

� ��1

, A:2

where

(i) m is the dimension of the vector space,
(ii) R(si) is the distance between instance si and its k-th

nearest neighbor,
(iii) ½RðsiÞmpm=2=Gððm=2Þ + 1Þ� is the volume of a hyper-

sphere with radius R(si) in an m-dimensional vector space,
(iv) G(�) is the Gamma function (18) and
(v) k is a parameter to be set by the user.

As shown in Equation A.1, the efficient kernel density esti-
mation algorithm places one spherical Gaussian function at
each instance. For an instance si, the efficient kernel density
estimation algorithm conducts a mathematical analysis on a
synthesized data set. The synthesized data set is derived from
two ideal assumptions and serves as an analogy of the dis-
tribution of the instances in the proximity of si. The first ideal
assumption is that the sampling density in the proximity of si is
sufficiently high and, therefore, the variation of the probability
density function f at si and its neighboring instances
approaches 0. The second ideal assumption is that the
instances in the proximity of si are evenly spaced by a distance
determined by the value of f(si). The details of the synthesized
data set are elaborated in the following:

(i) Instance si is located at the origin and the neighboring
instances are located at (h1di, h2di, . . . , hmdi), where
h1, h2, . . . , hm are integers and di is the average distance
between two adjacent instances in the proximity of si.
How di is determined will be addressed later on.

(ii) The values of the probability density function at the in-
stances in the synthesized data set, including si, are all
equal to f(si). The value of f(si) is estimated based on
Equation A.2.

The efficient kernel density estimation algorithm begins with
an analysis on the synthesized data set to figure out the values
of wi and si that make function gi(�) defined in the following
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virtually a constant function equal to f(si),

gi xð Þ = wi
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In other words, the objective is to make gi(x) a good approx-
imator of f(x) in the proximity of si. Let x = (x1, x2, . . . , xm),
then we have
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It is shown in Appendix B that, with si = di,
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Therefore, with si = di, gi(x) defined in Equation A.3 is vir-
tually a constant function. In fact, it can be shown that, as long
as si > 0.45 � di, gi(x) is virtually a constant function. Accord-
ingly, the next thing to do is to find the appropriate value of wi

that makes gi(x) approximately equal to f(si). We have
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where b = si=di. Therefore, we need to set wi as follows:

wi
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If we employ Equation A.2 to estimate the value of f(si), then
we have

wi =
k + 1ð Þ � G m=2 + 1ð Þ
lm � n � R sið Þm � pm=2

, where l =
X¥
h=�¥

exp � h2
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So far, we have found that if we set an appropriate ratio of
b = si/di and set wi according to Equation A.4, we can make

gi(x) a good approximator of f(x) in the proximity of si. The
only remaining issue is to derive a closed form of si. In this
paper, di is set to the average distance between two adjacent
instances in the proximity of sample si. In an m-dimensional
vector space, the number of uniformly distributed instances, N,
in a hypercube with volume V can be computed by N ffi V/am,
where a is the spacing between two adjacent instances.
Accordingly, we set

di =
R sið Þ

ffiffiffi
p

pffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k + 1ð ÞG ðm=2Þ + 1ð Þm

p : A:5

Finally, with Equations A.4 and A.5 incorporated into
Equation A.1, we obtain an approximate probability density
function of the form shown in Equation 1 in the main text.

APPENDIX B

Let q yð Þ =
P¥

h=�¥expð�ððy � hdÞ2=2s2ÞÞ, where d and s are
two coefficients and y is a real number. We have

q0 yð Þ = dq yð Þ
dy

= � 1

s2

� �X¥
h=�¥

y � hdð Þexp � y � hdð Þ2

2s2

 !
:

Since q(y) is a symmetric and periodical function, if we want
to find the global maximum and minimum values of q(y), we
only need to analyze q(y) within the interval ½0, d

2
�. Let y0 2

½0, d
2
� and y0 = ðd=2Þ�ð j=nÞ + e, where n> 1 and 04 j4 n� 1

are integers, and 0 < e < d
2n. We have

q y0ð Þ = q
jd
2n

� �
+
Z ðjd=2nÞ+e

jd=2n

q0 tð Þdt:

Let us consider the special case with s = d. Then, we have

qðy0Þ =
X¥

h = �¥

h
exp
�
� 1

2

� j

2n
� h

�2�

� 1

s2

Z ðjd=2nÞ+e

jd=2n

ðt � hdÞexp
�
�ðt � hdÞ2

2s2

�
dt
i
:

Let rðhÞ = �1=s2
R ðjd=2nÞ+e
jd=2n ðt � hdÞexpð�ðt � hdÞ2=2s2Þdt.

Since ð�1=s2Þðt � hdÞexpð�ðt � hdÞ2=2s2Þ is a decreasing
function for t2 [(h� 1)d, (h + 1)d] and is an increasing function
for t =2 [(h � 1)d, (h + 1)d], we have

ðiÞ r 0ð Þ < e
�1

s2

� �
jd
2n

� �
exp � 1

2s2

jd
2n

� �2
" #

¼ e
�1

s

� �
j

2n

� �
exp � 1

2

j

2n

� �2
" #

;

ðiiÞ r 1ð Þ < e
�1

s2

� �
jd
2n

� d
� �

exp � 1

2s2

jd
2n

� d
� �2

" #

= e
�1

s

� �
j

2n
� 1

� �
exp � 1

2

j

2n
� 1

� �2
" #

;
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(iii) for h „ 0 and h „ 1,

r hð Þ < e
�1

s2

� �
j + 1ð Þd

2n
� hd

� �

· exp � 1

2s2

j + 1ð Þd
2n

� hd
� �2

" #

= e
�1

s

� �
j + 1ð Þ
2n

� h

� �
exp �1

2

j + 1ð Þ
2n

� h

� �2
" #

:

Therefore,

q y0ð Þ =
X¥
h=�¥

exp �1

2

j

2n
� h

� �2
 !

+ r hð Þ
" #

<
X¥
h=�¥

exp �1

2

j

2n
� h

� �2
 !" #

+ eq,

where

q = � 1

s

� �
j

2n

� �
exp � 1

2

j

2n

� �2
" #

þ �1

s

� �
j

2n
� 1

� �
exp � 1

2

j

2n
� 1

� �2
" #

þ �1

s

� �X¥
h =�¥
h „ 0;1

j + 1ð Þ
2n

� h

� �
exp � 1

2

j + 1ð Þ
2n

� h

� �2
" #

:

If q > 0, then we have for any 0 < e < d
2n

X¥
h=�¥

exp � 1

2

j

2n
� h

� �2
 !" #

+ eq

<
X¥
h=�¥

exp � 1

2

j

2n
� h

� �2
 !" #

+
d
2n

q: B:1

On the other hand, if q < 0, then we have for any 0 < e < d
2n

X¥
h=�¥

exp � 1

2

j

2n
� h

� �2
 !" #

+ eq

<
X¥
h=�¥

exp � 1

2

j

2n
� h

� �2
 !" #

: B:2

Combining Equations B.1 and B.2, we obtain, for all
y 2 0, d

2

� 	
,

q yð Þ< lim
n!¥

max
0<j<n�1

imum

(X¥
h¼�¥

exp �1

2

j

2n
� h

� �2
 !

,

X¥
h¼�¥

exp �1

2

j

2n
� h

� �2
 !

+
d
2n

q

)
:

Similarly, we can show that

q yð Þ> lim
n!¥

min
0<j<n�1

imum

(X¥
h¼�¥

exp �1

2

j

2n
� h

� �2
 !

,

X¥
h¼�¥

exp �1

2

j

2n
� h

� �2
 !

+
d
2n

r

)
,

where

r =
�1

s

� �
j + 1

2n

� �
exp �1

2

j + 1

2n

� �2
" #

+
�1

s

� �
jþ 1

2n
� 1

� �

· exp �1

2

jþ 1

2n
� 1

� �2
" #

þ �1

s

� �X¥
h=�¥
h„0;1

j

2n
� h

� �
exp �1

2

j

2n
� h

� �2
" #

:

If we set n = 100 000, then we have, with s= d,
2.506628261 < q(y) < 2.506628288, for y 2 0, d

2

� 	
.
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