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Abstract. In modern biology, one of the most important research prob-
lems is to understand how protein sequences fold into their native 3D
structures. To investigate this problem at a high level, one wishes to ana-
lyze the protein landscapes, i.e., the structures of the space of all protein
sequences and their native 3D structures. Perhaps the most basic com-
putational problem at this level is to take a target 3D structure as input
and design a fittest protein sequence with respect to one or more fitness
functions of the target 3D structure. We develop a toolbox of combina-
torial techniques for protein landscape analysis in the Grand Canonical
model of Sun, Brem, Chan, and Dill. The toolbox is based on linear pro-
gramming, network flow, and a linear-size representation of all minimum
cuts of a network. It not only substantially expands the network flow
technique for protein sequence design in Kleinberg’s seminal work but
also is applicable to a considerably broader collection of computational
problems than those considered by Kleinberg. We have used this tool-
box to obtain a number of efficient algorithms and hardness results. We
have further used the algorithms to analyze 3D structures drawn from
the Protein Data Bank and have discovered some novel relationships
between such native 3D structures and the Grand Canonical model.

1 Introduction

In modern biology, one of the most important research problems is to understand
how protein sequences fold into their native 3D structures. This problem can be
investigated at two complementary levels. At a low level, one wishes to determine
how an individual protein sequence folds. A fundamental computational problem
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at this level is to take a protein sequence as input and find its native 3D structure.
This problem is sometimes referred to as the protein structure prediction problem
and has been shown to be NP-hard (e.g., [1]). At a high level, one wishes to
analyze the protein landscapes, i.e., the structures of the space of all protein
sequences and their native 3D structures. Perhaps the most basic computational
problem at this level is to take a target 3D structure as input and ask for a fittest
protein sequence with respect to one or more fitness functions of the target 3D
structure. This problem has been called the protein sequence design problem and
has been investigated in a number of studies (e.g., [2]).

The focus of this paper is on protein landscape analysis, for which several
quantitative models have been proposed in the literature (e.g., [9]). As some
recent studies on this topic have done (e.g., [6]), this paper employs the Grand
Canonical (GC) model of Sun, Brem, Chan, and Dill [9], whose definition is given
in Section 2. Generally speaking, the model is specified by (1) a 3D geometric
representation of a target protein 3D structure with n amino acid residues, (2)
a binary olding code in which the amino acids are classified as ydrop obic (H)
or polar (P), and (3) a fitness function  defined in terms of the target 3D
structure that favors protein sequences with a dense hydrophobic core and with
few solvent-e posed hydrophobic residues.

In this paper, we develop a toolbo of combinatorial techniques for protein
landscape analysis based on linear programming, network ow, and a linear-
size representation of all minimum cuts of a network [ ]. This toolbo not only
substantially e pands the network ow technique for protein sequence design in
Kleinberg s seminal paper [6] but also is applicable to a considerably broader
collection of computational problems than those considered by Kleinberg. e
have used this toolbo to obtain a number of e cient algorithms and hardness
results. e have further used the algorithms to analyze 3D structures drawn from
Protein Data Bank at and have discovered some
novel relationships between such native 3D structures and the Grand Canonical
model (Section 6). Specifically, we report new results on the following problems,
where  is the number of terms in the fitness function or functions as further
defined in Section 3. Many of the results depend on computing a ma imum
network ow in a graph of size ( ) in most cases, this network ow only
needs to be computed once for each fitness function

P1 Given a 3D structure, find all its fittest protein sequences. Note that there
can be e ponentially many fittest protein sequences. e show that these
protein sequences together have a representation of size ( ) that can be
computed in () time after a certain ma imum network ow is computed
(Theorem 1), and that individual fittest protein sequences can be generated
from this representation in  (n) time per sequence (Theorem ).

P2 Given 3D structures, find the set of all protein sequences that are the
fittest simultaneously for all these 3D structures. This problem takes ( )
time after ma imum network ow computations (Theorem ).

P3 Given a protein sequence and its native 3D structure, find the set of all
fittest protein sequences that are also the most (or least) similar to in



terms of unweighted (or weighted) Hamming distances. This problem takes
( ) time after a certain ma imum network ow is computed (Theorem 3).

P Count the number of protein sequences in the solution to each of Prob-
lems P1, P2, and P3. These counting problems are computationally hard
(Theorem 11).

P Given a 3D structure and a bound , enumerate the protein sequences whose
fitness function values are within an additive factor of that of the fittest
protein sequences. This problem takes polynomial time to generate each
desired protein sequence (Theorem ).

P6 Given a 3D structure, find the largest possible unweighted (or weighted)
Hamming distance between any two fittest protein sequences. This prob-
lem takes ( ) time after a certain ma imum network ow is computed
(Theorem 6).

P Given a protein sequence and its native 3D structure, find the average
unweighted (or weighted) Hamming distance between and the fittest pro-
tein sequences for the 3D structure. This problem is computationally hard
(Theorem 11).

P Given a protein sequence , its native 3D structure, and two unweighted
Hamming distances ; and -, find a fittest protein sequence whose distance
from is also between ; and 5. This problem is computationally hard
(Theorem 12(1)).

P9 Given a protein sequence , its native 3D structure, and an unweighted
Hamming distance , find the fittest among the protein sequences which
are at distance from . This problem is computationally hard (Theo-
rem 12(2)). e have a polynomial-time appro imation algorithm for this
problem (Theorem 9).

P1 Given a protein sequence and its native 3D structure, find all the ratios
between the scaling factors and in quation 1 in Section 2 for the GC
model such that the smallest possible unweighted (or weighted) Hamming
distance between and any fittest protein sequence is minimized over all
possible and . (This is a problem of tuning the GC model.) e have a
polynomial-time algorithm for this problem (Theorem 1 ).

P11 Given a 3D structure, determine whether the fittest protein sequences are
connected, i.e., whether they can mutate into each other through allow-
able mutations, such as point mutations, while the intermediate protein
sequences all remain the fittest (e.g., [ ]). This problem takes ( ) time
after a certain ma imum network ow is computed (Theorem ).

P12 Given a 3D structure, in the case that the set of all fittest protein sequences
is not connected, determine whether two given fittest protein sequences are
connected. This problem takes ( ) time after a certain ma imum network

ow is computed (Theorem ).

P13 Given a 3D structure, find the smallest set of allowable mutations with
respect to which the fittest protein sequences (or two given fittest protein
sequences) are connected. This problem takes ( ) time after a certain
ma imum network ow is computed (Theorem ).



Previously, Sun et al [9] developed a heuristic algorithm to search the space of
protein sequences for a fittest protein sequence without a guarantee of optimality
or near-optimality. Hart [ ] subsequently raised the computational tractability
of constructing a single fittest protein sequence as an open question. Kleinberg
[6] gave the first polynomial-time algorithm for this problem, which is based on
network ow. In contrast, Problem P1 asks for all fittest protein sequences and
yet can be solved with the same time comple ity. Kleinberg also formulated more
general versions of Problems P11 and P12 by e tending the fitness function to a
submodular function and gave polynomial-time algorithms. ur formulations of
these two problems and Problem P13 are directly based on the fitness function
of the GC model furthermore, as is true with several other problems above,
once a solution to Problem P1 is obtained, we can solve these three problems
in () time. Among the above thirteen problems, those not yet mentioned in
this comparison were not considered by Kleinberg.

The remainder of this paper is organized as follows. Section 2 defines the GC
model and states the basic computational assumptions. Section 3 describes our
three basic tools based on linear programming, network ow, and an ( )-size
representation of minimum cuts. Section e tends these tools to optimize multi-
ple ob ectives, analyze the structures of the space of all fittest protein sequences,
and generate near-fittest protein sequences. Section gives some hardness re-
sults related to counting fittest protein sequences and finding fittest protein
sequences under additional restrictions. inally, Section 6 discusses our analysis
of empirical 3D structures from the Protein Data Bank.

r nd nonic od

Throughout this paper, all protein sequences are of n
residues, unless e plicitly stated otherwise. The GC model is specified by a
fitness function over all possible protein sequences with respect to a given
3D structure of n residues [9]. In the model, to design a protein sequence is
to specify which residues are hydrophobic ( ) and which ones are polar ( ).

Thus, we model as a binary sequence 1 or equivalently as a binary
vector (1 ), where the -th residue in is  (respectively, ) if and only
if 1 (respectively, ). Then, ( ) is defined as follows, where the smaller

() is, the fitter is, as the definition is motivated by the requirements that
residues in (1) should have low solvent-accessible surface area and (2) should
be close to one another in space to form a compact hydrophobic core.

() () (1)

() where (2)



the scaling parameters and have default values 2 and
respectively and may require tuning for specific applications (see Section
is the area of the solvent-accessible contact surface for the residue (in
A) [
is the distance between the residues and (in A), and
is a sigmoidal function, defined by

1
3
)5

1

when 6

et opt( ) be
the set of all protein sequences that minimize . This paper is generally con-
cerned with the structure of opt( ). ur computational problems assume that
is given as input in other words, the computations of () are not
included in the problems. Also, for the sake of computational generality and
notational simplicity, we assume that may be any nonpositive number, any
nonnegative number,  any arbitrary number, and ( ) any arbitrary non-
negative number and that the terms ( ) may range over 1 n,
unless e plicitly stated otherwise. Thus, in the full generality of these assump-
tions, need not correspond to an actual protein 3D structure. Note that the
rela ation that is any number is technically useful for finding -minimizing
protein sequences that satisfy additional constraints.

e write () and and further assume that the
coe cients and are rational with some common denominator, that these
coe cients are e pressed with a polynomial number of bits, and that arithmetic
operations on these coe cients take constant time.

ith these assumptions, we define the following sets of specific assumptions
about to be used at di erent places of this paper.

1 et () 1 1 , where , is arbi-
trary, and  of the coe cients are nonzero. et n .
2 or each ylet () 1 1 where
, ,and  of the coe cients are nonzero. et n
3 oreach from1to ,define the -th fitness function () 1
1 , where and is arbitrary. et n?.

Sometimes we measure the dissimilarity between a fittest protein sequence
and a target protein sequence in terms of Hamming distance. This distance is

essentially the count of the positions where and can be measured in two
ways. The un eig ted Hamming distance is , where  denotes the nor

of vector ,i.e., 1 - The eig ted Hamming distance is 1 .
Throughout this paper, the weights 1 are all arbitrary unless e plicitly

stated otherwise.

r ic oo



This section describes our basic tools for computing fittest and near-fittest pro-
tein sequences. or instance, emma 1 gives a representation of the problem of
minimizing as a linear program. emma 2 further gives a representation of this
problem as a minimum-cut problem, which generalizes a similar representation
of Kleinberg [6]. Theorem 1 gives a compact representation of the space opt( )
using a Picard- ueyranne graph [ ].

rom quation 2, minimizing ( ) is an optimization
problem in quadratic programming. ortunately, because all the coe cients
are nonnegative, it can be converted to a linear program, as shown in emma 1.

et be as de ned in
ssu  ption onsider t e ollo ing linear progra ose ariables consist
o t e ariables toget er it me  ariables or all it

i 1e ()
sub ect to

ere is a one to one correspondence t at preser es  bet een t e protein se
quences t at ini ie () andt e basic opti al solutions to inear rogra

3)

Note that any  with a negative coe cient is set to 1 in any optimal
solution, as in this case all terms containing  have negative coe cients and

are minimized when 1. So an alternative to allowing negative coe cients is
to prune out any  with a negative coe cient. This process must be repeated
recursively, since setting  to 1 reduces terms of the form to ,

and may yield more degree-1 terms with negative coe cients. To simplify our
discussion, we let the linear program (or, in Section 3, the minimum-cut algo-
rithm) handle this pruning.

ecall that an - cutis a partition of the nodes of a digraph
into two sets and , with and .Also,a ni u - cutisan
- cut with the smallest possible total capacity of all edges from nodesin  to
nodes in
In Kleinberg s original construction [6], ( ) was minimized by solving an -
minimum cut problem in an appropriate digraph . emma 2 describes a more
general construction that includes additional edges () to handle negative
values for

et be as de ned in

ssu ption et be a grap it a source node a sin mode a node
or eac and a node or eac it or a total 0 n 2
2 nodes et t e edge set o consist o



( ) or eac it capacity

() oreac it it capacity

() oreac it it capacity and

( ) and ( ) or eac it in nite capacity
or a total o () edges

ere is a one to one correspondence bet een t e ini u cuts in
and t e protein sequences inopt( ) suc t at isint e co ponento a cut
i and only i 1 in t e corresponding protein sequence
et be as de ned in ssu ption ien ast einput e can

nd an opt( )in ( 2log )ti e

A given may have more
than one fittest protein sequence. Theorem 1 shows that opt( ) can be sum-
marized compactly using the Picard- ueyranne representation of the set of all
minimum - cuts in a digraph [ ], which is computed by the following steps

1. computing any ma imum ow in

2. computing strongly connected components in the residual graph whose
edge set consists of all edges in  that are not saturated by , plus edges
() for any edge ( ) that has nonzero ow in

3. contracting by contracting into single supernodes the set of all nodes
reachable from , the set of all nodes that can reach , and each strongly
connected component in the remaining graph.

The resulting graph is a dag in which and are mapped to distinct su-
pernodes by the contraction. urthermore, there is a one-to-one correspondence
between the minimum - cutsin and the ideals in , where an ideal is any

node set with the property that any predecessor of a node in is also in

i en o digrap it designated nodes and t ereis
a grap toget er it a apping 71O ()Yto () it te ollo ing
properties

() ()

enode () as out degree ile () asin degree
ien ast einput and can be co puted using one a i u 0
co putation and ( ( )) additional or
partition ( Yo () isan ini u cut in 1 and only i
L) orso eideal o t at contains () but not ()

Combining emmas 2 and gives the desired compact representation of the
space of all fittest protein sequences, as stated in the ne t theorem.

et be as de ned in ssu p
tion ere e ists a dag it designated nodes and and a apping

ro 1 n to () 4t te ollo ing properties



as at ostn 2 nodes

ien ast einput and can be co puted in ( 2log ) ti e
ere is a one to one correspondence bet een t e protein sequences
opt( ) and t e ideals o in ic i and only i

() or () isint e ideal corresponding to

Intuitively, what Theorem 1 says is the following. or any , the residues in
fittest protein sequences are grouped into clusters, where the cluster () is
always ,the cluster 1()isalways ,and for each of the remaining clusters,
all residues in the cluster are either all  or all . In addition, there is a de-
pendence given by the edges of , such that if a cluster corresponding to the
source of an edge is all  then the cluster at the other end is also all

There is no additional restriction on the structure of the space of all fittest
protein sequences beyond those that follow from correspondence with the ideals
of some digraph. As shown in Theorem 2, any graph may appear as , with
any number of residues mapped to each supernode.

et be an arbitrary digrap

it n nodes labeled 1 ton and  edges et be t e component graph o
obtained by contracting eac strongly connected co ponent o to a single
supernode t roug a contraction ap en t eree ists so e as de ned in
ssu ption suc t at ort e and de ned in  eore an iso or
p is e ists bet een and apping eac () to ()
urt r oo or rotin ndc n i

e can e tend the results of Section 3

beyond optimizing a single fitness function.

ith more than one fittest protein sequence to choose from, we may wish
to find a fittest protein sequence that is the closet to some target protein
sequence in unweighted or weighted Hamming distance. Theorem 3 shows
that this optimization problem is as easy as finding an arbitrary fittest protein
sequence.

e may also wish to consider what protein sequences are simultaneously the
fittest for more than one fitness function. Theorem shows how to compute a
representation of this set similar to that provided by Theorem 1.

() et beasde nedin ssu ption

1 en a target protein sequence so e eig ts and as t e input
ecan ndin ( %log ) ti ean opt( ) it te ini u eig ted
a  ing distance o er opt( )

ien asteinput ecan ndin ( 2log )t ean opt( ) @t

t e largest (or s allest) possible nu ber o residues o er opt( )



et 1 be as

de ned in  ssu ption or eac let and bet e dag and ap co

puted ro i eore 1 en all and as t e input t ere is an
() ti ealgorit t ateit er (a) deter inest att ere is no protein sequence
t at si ultaneously ini ies 't roug or (b) constructs a dag it

designated nodes and and o apping ro 1 n to ( ) suc

t at t ere is a one to one correspondence bet een t e protein sequences t at

si ultaneously ini ie all () and t e ideals o in
ic i andonlyi () or () isint eideal corresponding to

Here we discuss some applica-
tions of the representation of the space opt( ) given by Theorem 1. Theorem
gives an algorithm to enumerate this space. Theorem 6 gives an algorithm to
compute the diameter of the space in nonnegatively weighted Hamming distance.
Theorem gives an algorithm to determine connectivity properties of the space
with respect to various classes of mutations.

et be as de ned in
ssu  ption tente and de ned in  eore as t e input t e
protein sequences in opt( ) can be enu eratedin (n) ti e per protein sequence

et be as de ned in ssu p
tion iente and de ned in  eore as t e input it ta es (n)
ti e toco putet e dia eter o opt( ) in eig ted a ing distance ere
te eigts are all nonnegati e

e can use to determine whether opt( ) is connected for various models
of mutations. or instance, we can determine whether the space is connected for
one-point mutations, in which at most one residue changes with each mutation
and all intermediate protein sequences must remain the fittest. More generally,
we can determine the minimum so that the space is connected where each
mutation modifies at most residues.

e adopt a general model proposed by Kleinberg [6]. In the model, there is
a system  of subsets of 1 n that is closed do n ard, i.e., if ,
then . Two protein sequences and are ad acent if they are in opt( )
and di er e actly at the positions inde ed by elements of some member of . A

¢ ain is a sequence of protein sequences in opt( ) where each ad acent pair

is -ad acent. Two protein sequences and are connected if there e ists a

-chain between and . A set of protein sequences is  connected if every pair

of elements of the set are  connected. e would like to tell for any given and

whether particular protein sequences are -connected and whether the entire
opt( )is -connected.

Kleinberg [6] gives polynomial-time algorithms for these problems that take

as input (via oracle calls) and depend only on the fact that is submodular.

e describe a much simpler algorithm that uses from Theorem 1. This

algorithm not only determines whether two protein sequences (alternatively, all



protein sequences in opt( )) are connected for any given , but also determines
the unique minimum  for which the desired connectivity holds. Almost all of
the work is done in the computation of once we have this representation,
we can read o the connectivity of opt( ) directly.

et be as de ned in ssu p

tion e ollo ing proble s can bot be sol ed in (n) ti e
ient e and de nedin  eore and t o protein sequences and
inopt( ) as t e input co putet e a i al ele ents o t e s allest
do n ard closed set syste suc t at and are connected
ient e and de nedin  eore ast einput co putet e a i al
ele ents o t e s allest do n ard closed set syste suc t at opt( ) is
connected

inding good protein se-

quences other than the fittest is trickier, as emma 1 breaks down if we are not

looking at the fittest protein sequences. Here we give two algorithms that avoid

this problem. Theorem describes an algorithm to generate all protein sequences

in order of increasing ( ). Theorem 9 describes an algorithm to generate the

fittest protein sequences at di erent unweighted Hamming distances, which is
useful for e amining the trade-o between fitness and distance.

et be as de ned in
ssu  ption 1t as t e input e can enu erate all protein sequences
in order o increasing ( )inti e (n 2log ) per protein sequence

et be atarget protein sequence. or n ,let () bethesmallest
( ) over all protein sequences at unweighted Hamming distance from . A
basic task of landscape analysis is to plot the graph of . As Theorem 12(2) in
Section shows, this task is computationally di cult in general. Therefore, one
way to plot the graph of would be to use Theorem to enumerate all protein
sequences in order of increasing ( ) until for each , at least one protein
sequence at distance from has been enumerated. This solution may require
processing e ponentially many protein sequences before is fully plotted. As an
alternative, Theorem 9 gives a tool for plotting appro imately in polynomial
time.

et be as de ned in ssu ption or eac let () ()

et ()bete ini u ()oerall

" is a continuous piece ise linear conca e wunction de ned on it at
ostn 1 seg entsandt us at ostn 1 corners
et(1 (1)) ( () bet ecornerso  ere 1 et
bet eslopeo t eseg enti  ediatelytot erig to et bet eslopeo
t eseg enti ediately tot eleto en n 1
ien and asteinput ecanco pute (1 (1)) ( () and
in (n 2log )ti e



Here we show how to systemat-
ically tune the parameters and so that a fittest protein sequence for a given
3D structure matches the 3D structure s native protein sequence as closely as
possible in terms of unweighted or weighted Hamming distance. or this pur-
pose, we assume . urthermore, since the fitness function does not have
an absolute scale, we may fi at 1 and vary

et beasde nedin ssu ption i en
a target protein sequence and ast einput ecan ndin (n Zlog )ti e
t e set o all ere t e closest un eig ted (or eig ted) a  ing distance

bet een and any protein sequence inopt( )ist e ini u o er all

o ut tion rdn ut

et be as de ned
in  ssu ption e ollo ing proble s are all co plete

ien ast einput co putet e cardinality o opt( )

ien ! as t e input ere is any ed positi e integer and
are as de ned in ssu ption co putet e nu ber o protein
sequences t at si ultaneously ini ie () orall 1
1 en ast einput co putetl e a erage nor ie t ea erage nu ber
0 residues in o er all opt( )
i en and a target protein sequence ast e input co pute t e a erage
un eig ted a  ing distance o er all opt( )

i en  a target protein sequence  and an integer ast e input co pute
t e nu ber o protein sequences in opt( ) at un eig ted a  ing distance

70
et
be as de ned in ssu ption
ien andt ointegers 1 2 ast einput it is co plete to deter ine
et ert ereis an mi % ing it 2
et be a target protein sequence or n let ()bet es allest
() o er all protein sequences at un eig ted a  ing distance 1o
ien and ast einput itis ard to co pute ()
ic tion to iric rot in tructur

To demonstrate our algorithms, we chose 3 proteins with known 3D structures
from the Protein Data Bank (PDB) at . These 3D
structures included from Kleinberg s study [6] but e cluded the protein frag-
ments and multimeric proteins used in that study. The chosen 3D structures
were then represented by centroids for each side chain calculated from the co-
ordinates of each atom in the side chain in the case of 3D structures solved
by NM , hydrogen atoms were included into centroid calculations. or glycine,

11



the centroid was taken to be the position of . or each side chain, the area
of solvent accessible surface was computed via the eb interface of the ASC
program with default parameters [ ]. In accordance to the GC model, each of
the chosen native protein sequences was converted into a binary sequence
following Sun et al [9], where A, C, ,I, ,M, , ,Y are ,and the other
amino acids are
The detailed results of this small-scale empirical study can be found in the
full version of this paper, which is deposited at Computing esearch epository
as .
As anticipated, our algorithms computed fittest protein sequences that are
closer to native protein sequences than found by Kleinberg [6]. e further con-
ectured a significant relationship between a computed fittest protein sequence s
similarity to a native protein sequence and the diversity of the native protein
in nature. Such a relationship would be highly intriguing biologically. e e -
amined this con ecture by assessing the diversity of native proteins using the
database P AM at , which is a database of protein
families determined through Hidden Markov Models [3]. ur study confirmed
this con ecture.
e are currently planning a large-scale analysis of further empirical protein
3D structures the results will be reported in a subsequent paper.

r nc

1. . Atkins and W. E. Hart. n the intractability of protein folding with a finite
alphabet of amino acids. lgorit ica, 25 2-3 279 29 , 1999.

2. . Banavar, M. Cieplak, A. Maritan, G. Nadig, F. Seno, and S. ishveshwara.
Structure-based design of model proteins. roteins tr ct re nction and e
netics, 31 10 20, 1998.

3. A. Bateman, E. Birney, R. Durbin, S. R. Eddy, K. . Howe, and E. . . Sonnham-
mer. PFAM A database of protein domain family alignments and HMMs. cleic

cids esearc , 28 263 266, 2000.

. F. Eisenhaber, P. 1inzaad, P. Argos, C. Sander, and M. Scharf. The double cube
lattice method Efficient approaches to numerical integration of surface area and
volume and to dot surface contouring of molecular assemblies. o ™alo o p
tational e istr , 16 N3 273 28 , 1995.

5. W. E. Hart. n the computational complexity of sequence design problems. In

, pages 128 136, 1997.

6. . M. Kleinberg. Efficient algorithms for protein sequence design and the analysis
of certain evolutionary fitness landscapes. In , pages 226 237, 1999.
7. .-C. Picard and M. wueyranne. n the structure of all minimum cuts in a network

and applications. at e atical rogra ing t d, 13 8 16, 1980.

8. C. Reidys, P. Stadler, and P. Schuster. Generic properties of combinatory maps
Neutral networks of RNA secondary structures. lletin o at e atical tolog ,
59 339 397, 1997.

9. S. . Sun, R. Brem, H. S. Chan, and K. A. Dill. Designing amino acid sequences
to fold with good hydrophobic cores. rotein mngineering, 8 12 1205 1213, Dec.
1995.

12



