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1. INTRODUCTION

More than half the dry weight in a cell is made up of proteinbes& abundant and
important molecules carry out numerous functions; for example, tkeeysad to support
the skeleton, control senses, move muscles, digest food, defend agaictstns and

process emotions. There are more than 100,000 proteins that comeshapsbs and
sizes; however, they are all made up of the same set of 20 anid®) &s primary

sequence. The shape of a protein is determined by the foldthgs @frimary sequence.
The shape of a protein is vital; for, entire biological systeamsbe ultimately explained

at the basic level of protein shape fitting and interaction.

Since the functional capabilities of a protein are largely detexd by its structure, the
prediction of protein structure is an area of significant reee@espite recent efforts to
develop automated protein structudetermination procedures, structural genomics
projects are slown generating spatial distribution for complete proteomes, andntpldi
remains unknown for many protein families Alternatively, prediction algorithms
provide cheap and fast methods to assign spatial distributions for prateins. The
first class of these types of methods, include threading angarativemodeling and
rely on detectable homology traversing most of the modsdgdence and at least one
known structuré The second class wfethodsgde novoor ab initio methods, predict the
structure fromsequence alone, without considering the similarity in spatialilwision

between known and unknown structdres

Arriving at the native confirmation of a polypeptide chain is a subatamtoblem in
protein structure prediction. Ideally, the predicted model will ha@® aconfiguration
precisely congruent to the actual protein conformation. Developergreafiction
methods tend to over-estimate the performance of their tool. c@hibe attributed to the
following reason: Single forms of assessment are not sufficentescribe the
functioning of a methd¥

This paper addresses three heuristic methods to evaluate thegoratliactures of alpha

helix pairs in proteins while accounting for some of the physichemical and



homologous properties of helices, namely distance geometry, hekingand contact
map similarity. These three Advisors are part of a Casedb&easoning (CBR)
approach of protein structure prediction. They are amongst 20 to \A8okgl that will
ultimately be employed to determine a native conformation of aipratf unknown

structure.

These particular Advisors were designed because it is belibaedlistance geometry,
helix packing and contact maps are key contributors and identifiggtein structure.

For example, it has long been recognized that helical-heli@htttons play a vital role

in stabilizing membrane proteits Several research groups have been successful in
determining novel protein structure using distance geometry methadod et al.,
1995"; Mumenthaler and Braun, 1995 Nilges, 1995). On the other hand, the contact
map provides useful information about the protein’s secondary structueit @lso

captures non-local interactions giving clues to its tertiary structure

The hypothesis behind this research is that by assessing antyqu@alicted helix pair
models of known helix structures, taking into consideration only a smprdaerty of a
protein sub-domain at a time, we will eventually be able to isolate the natifientation
of the entire protein structure that adheres to all known biolggibgkical and chemical
attributes of a protein.

This report will provide background information on the CBR approach of iprote
structure prediction, the theory behind Contact Maps, the formalism istrige
Geometry, and the types of helix packing. It will also delindaemethodology used to
create each of the three Advisors. Results of implementingaddble Advisors as part

of the CBR system of protein structure prediction will be stated and discussed.



2. BACKGROUND

2.1 Protein Structure from Contact Maps: A Hierarchical Approach

In order to better understand protein-protein interactions andnrbtalogical pathways
and functions, it is imperative that we determine the structupeotéins. Knowledge of
protein structure is critical in determining the evolutionary origifisproteins, drug
design, re-construction of defective proteins and synthetic proteistiasre The
accurate prediction of protein structure from sequence data is a fentmroblem in
modern molecular biology. One approach to this problem is to firdicpige contact map
and structural features (such as secondary structures) froraragyotein sequence, and
then to reconstruct the 3D structure of the protein from its predaatact map. A
proposed method, to address the second step in this process, uses tlenoexper
embedded in the Protein Structure Databank (PDHhis method is hierarchical, in the
sense that it applies contact maps at varying levels ofdimplexity hierarchy for a
protein. Maps that describe the contact between secondary sisu¢imd potentially
super-secondary structures) are used to initially locate knowninwdteat share high-
level structural
properties with the input protdln Then contacts among amino acid residues are
examined to determine more detailed similarities among the ippotein and

substructures for proteins within the datalase

A Case-Based Reasoning (CBR) framework is applied. CBRpaadigm that involves
solving new problems by recalling old problems and their solutions, pratapting
these previous experiences, which are represented as casés.is @inded on the
premise that similar problems have similar solutions. The undgrhypothesis of this
research, and the motivation for using CBR as a problem solving tablatiproteins
with similar contact maps also have similar structfiresSecondary structures are
easily recognizable in a contact map:helices appear as thick bands along the main
diagonal; -sheets appear as thin bands parallel or anti-parallel to diredragonal. A
contact map can be viewed as a translational and rotational mvapesentation of the

protein's topology, thus capturing much of its relevant structuratnrdtion. It also



provides a “fingerprint” that can be used to efficiently compaogeins to find ones with
similar structures. This approach incorporates a hierarclgaatls strategy that initially
locates proteins that have similar secondary structuresrtinput proteiff. Given a
protein p with m secondary structures -fielices, -sheets and coils), itsecondary
structure contact mags defined as then x mbinary arrayS, such thatS,(m,n) = 1 if
there exists a contact in m&j between any residue in secondary structarand any

residue in secondary structureOtherwiseS,(m,n)= 0.

Moreover, theprofile, Pn , is defined for each contaain(n) in the secondary structure
contact map as the subarrayG@yfsuch that the rows &, »correspond to the amino acid
residues in secondary structune and the columns correspond to the residues in
secondary structung’. Profiles need only be defined for contacts along and below the
diagonal of the secondary structure contact map, as the profileofuact (i,j) is
equivalent to that for contati). Note, that unlike the contact map and the secondary
structure contact map, a profile contact map is not symrietrithe motivation for
defining secondary structure contact maps and profiles is to providéi@ane and
detailed representation of high-level contacts that allows usitially compare the
structural similarity between proteins without considering theenmymplex contact

map$'.

The CBR system compares the novel contact map with contact mapeddé&om
structures in the PDB based on image retrieval techniques. roilargy metrics are
applied”: Quad-tree vectonMinkowski distance of colour and edge distributions; Gray-
level co-occurrence matrix interception; atatcard distan€e Refer to Figure 2.1.



Figure 2.1.1°

Given the following contact maps, maps (a) andwe)e determined to be similar, while map (b) was
considered to be dissimilar.

Once similar profile contact maps and their corresponding staschave been retrieved
from the database, they are adapted to determine the relatitriecaf secondary
structures in the protefh. The adaptation program transfers the coordinate information
of the best matched helix pairs for each novel helixpaikny missing 3D coordinates

are determined using biochemical knowletige

Figure 2.1.2"

Transfer of the coordinate information of the brstiched helix pairs for each novel helix pair. fAargas
of missing 3D coordinates are “grown” using biocleahknowledge.



The predicted structures are then evaluated by a series of knovbleskerk “expert
advisord.” Each of the advisors computationally ranks the quality of eachaqticedli
based on a different criterion, such as polarity, distance geomtetryAeneural network
assigns weights to the advisors with the assumption
that certain combinations of the advisors give optimal predictionkese determined
weights are applied to compute a weighted sum of individual adviskings in order to
determine an overall ranking for each predicted strutture

This CBR implementation is currently being tested on ideal (palysnaps
computed using coordinates in the PDB) and predicted contact mapsavefaige, the
distance between the predicted and correct coordinates for thada@sation is 1.234 A
(Angstroms]'.

Figure 2.1.3": Design of a Case-Based Reasoning system for determining protein
structure from contact maps.



2.2 Contact Maps

Contact maps are the fundamental tool utilized in this hieratchpg@oach of protein
structure prediction. Traditionally contact maps are created flistance maps, where a
threshold value is applied to given a distance matrix to produce theaBogddues, as
illustrated in Figure 2.2.1. A distance mé&p,is aM X M matrix whereM is the number
of amino acids in a protein arfj, is the distance between amino aic&hd amino acigl

in the protein in 3D space, usually measured in Angstroms (A). towe problem of
predicting a distance map from the primary sequence of a ptiet@eimost as hard as

predicting the structure of the protein from the primary sequence.

Figure 2.2.1°

Left to right, distance map and contact map forpreein Bacterioferritin (Cytochrome B1). The sxe both maps represent the
residues for the protein starting at the N terminube left corners. In the distance map the elagkeas represent closer distance,
while in the contact map the dark areas represeatus of 1 where residues are in contact (wittfir'Alof each other).

In consequence, this research group uses the contact maps predietetsdlyi, P. et al.
(2001} in Bologna, Italy. The team in Bologna uses neural networks tafatenthese
maps with evolutionary pathways, conserved regions of sequence, andtearedi
secondary structures among the information that is used as*thpufhe method of

contact map prediction is superfluous to the study being presentad neport and it is



assumed that the input contact maps given to us by the group in Beldgba very

accurate some time in the future.

Determining an ideal value to use as a threshold for creating toms, also poses a
challenge. Various research groups are using differenththicss such as, 8°K, 9 A*

and even 5 A. Our lab has chosen to adopt 10 A between alpha carbons as the threshold
value, for it proved to be the most useful for our purposes. It wasveldsthat with
values less than 10 A we would not have enough points of contact aretjeenty not

enough information to describe the interface between a pair of helices.

In the Advisors under consideration in this paper all contact mapsreated using a
threshold value of 10 A and by utilizing the distance map methodology, fadiving

predicted coordinates for pairs of alpha helices.

2.3 Distance Geometry

Several types of structural information, for example, distandesnical cross-linking,
neutron scattering, etc. can be expressed as intra- or aleutar distances. The
distance geometry formalism permits these distances to benldsse and three-

dimensional structures consistent with them to be calculated.

Some authors, such as Mor’e, J. and Wu, Z. (89Bave suggested the use of distance
geometry in conjunction with optimization techniques and experimentaltdgtredict
the structure of a protein. For instance, in NMR experimentdrinetise of a protein is
construed using distance geometry methods which are applied too& is&trnuclear
distances. However, owing to experimental error, only upper and looumnds for the
distances can be obtained.

In relation to the CBR approach employed in this research, some autbibaist(PG. and

Baldi P. (2002§" , Mor’e, J. and Wu, Z. (199%)) have even suggested the use of
distance geometry, optimization techniques and contact maps to pedeh structure.
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Sometimes contact map information is supplemented with statisiata about the
distances between residues and the constructed structure igl re§img knowledge-

based and inverse kinematics approathes

2.4 Helix Packing & Clustering Contact Maps

In the bottom up approach of protein structure prediction employedsimetfearch we
start by predicting the configuration of the secondary structuf@ger one-third of a
globular protein is made up of alpha helices. Consequently, itpsrative that we

formulate an accurate method of predicting the coordinates of alpha helices.

The face to face interaction (packing) between a pair of alplh@eses insufficiently
understood in thab initio method of predictioff". Several packing models have been
developed, for example, “ridges into groov&sand “knobs into hole&. However,
these models insufficiently describe helix pair interaction smdcture. The Helix
Packing Advisor discussed later in this report is based on the hyisatesif two pairs
of alpha helices have similar contact map interfaces thgnwiilepack similarly (and

consequently be assigned similar packing vafiies)

In following with this hypothesis, contact maps for pairs of alphedseand have been
divided into three class&: The first class includes any maps with contacts in the
corner. Maps that have contacts within the outer two rows or columhsot in the
corners, belong to the second class, “edge contact maps.” Fmalbg that do not have
any contacts in the perimeter are grouped in the third classnkasw/central contact

maps.”

The classification of contact maps into these three catsg@ridone using the greedy
algorithm in the order of corner, edge and central contact'faps database for each of
the three types of contact maps was created. In order te thesatlatabase 1078 alpha
helix pairs belonging to 171 proteins from the PDB were tised’he subsequent table

(Table 2.4.1) summarizes the contents of the database:

11



Contact Map Class | Total Instances| Face-to-Face Packing Not Face-tade Packing
Central 112 112 (100%) 0 (0%)
Edges 535 531 (99.3%) 4 (0.7%)
Corner 431 397 (92.1%) 34 (7.9%)
Doubled Corner 862 794 (92.1%) 68 (7.9%)
All Maps 1078 1040 (96.5%) 38 (3.5%)
Table 2.4.1

Database of clustered contact maps based on 1p#R& &klix pairs belonging to 171 proteins from the

PDB.

The corner and edge contact maps are clustered further because cluatgrs share the

same packing value.

In order to cluster maps a similarityibmet constructed by

treating the contact map as a point (first translated into @neand finding the cosine

distance between two contact mi&hs For example, ifn contact maps are to be

clustered, the similarity matri$ is sizen x n where entryS(i,j) is the cosine distance

from contact mapto|.

The similarity matrix is further reduced usikgearest neighbours (k-nn) sparsification,

where k is the number of points that are closest to a sppoifit (or contact map, in this

case) using a particular distance mea&tireThe k points with the smallest distances are

found in each row of the similarity matfi%. If pointj is a member of the k-nn list of

point i, then the k-nn list of pointis checked to see if poiintis a membé&¥". In this

manner there will be total mutuality in the k-nn list for each contact map.

The coordinates of a pair of alpha helices can then be determinednpyaring its

contact map to that of its k nearest neighbours of known structurdraasferring the

corresponding spatial distribution.

12



3. METHODOLOGY
3.1 Data Used

The data used to implement the Distance Geometry, Contgotada Helix Packing
Advisors is training data which was taken from 329 alpha helis f@und in the PDB.
For each of the alpha helix pairs a text file containing the optietaeved and adapted
cases from the CBR system is available. Each text #Emple shown below, contains
the primary sequence of the protein the helix pair is from, thdugsiumbers of the
specific helix pairs in contact, the correct native coordinates source coordinates of
each optimal retrieved case, and the predicted coordinates basedchasetat source

coordinates.

Figure 3.1.1
Screen shot of a text file used in the executiothefthree Advisors under consideration in thiorep

13



3.2 Distance Geometry Advisor - Lower and Upper Bounds

Given the predicted structure of a helix pair, the Distancen@é&y Advisor verifies
whether the distance between any pair of amino acids fahéwétdetermined upper and
lower bound. This is of importance because distance is a key featyreserving
biochemical properties within a protein structure. In order to canfhése bounds,
statistical data about minimum and average distances betweercaipbas is taken into

consideration.

From literature we know that the average distance between adgpha carbons along
a helix backbone is 3.84 A. The lower and upper bounds for distances meityaeent
alpha carbons are thus calculated by adding or subtracting 0.5 Atieslyefrom this

distance.

Under the assumption that residues of a helix are distributeddaggaio a model
average helix it is assumed that the alpha carbons are distrédoibeda helix with radius
2.5 A, 100 degrees separation, and a distance along the axis of 1.5 Aow€&hend

upper bounds for distances between non-adjacent pairs of amino dtitstihe same
helix are obtained by adding and subtracting 0.5 A respectively testheated distance
between the two amino acids. The distance between the residus pamputed as
follows; where x1, y1 and z1 correspond to the coordinates of theeligue, and x2, y2
and z2 to that of the second residue. “positionResidue#” refers to th@mpadi that

residue in the alpha helix:

yl = 2.5*cos(positionResidue1*(100/360)*2*pi)
z1 = 2.5*sin(positionResiduel1*(100/360)*2*pi)
x1 = 1.5*positionResiduel-1.5

y2 = 2.5*cos(positionResidue2*(100/360)*2*pi)
z2 = 2.5*sin(positionResidue2*(100/360)*2*pi)
x2 = 1.5*positionResidue2-1.5

distance= ((x2-xBy(y2-y1y+(z2-21f)"?

14



If two amino acids, one from each of the helices, in the helix pair are in coh&aliwer
bound is set to the allowable minimum distance according to theofygino acids of
their corresponding residues. This data is obtained by calcutagnginimum distance
between a pair of amino acids from a group of approximately 2400 watetihe CATH
database which belong to class 1: proteins which are mainly compbagtha helices.
While the upper bound is set to the threshold value of the contact mapirglidid lab’s

case).

If the amino acids, one from each helix, are not in contact ther loatend is set to the
threshold value of the contact map and the upper bound is set to theeadistagce
between alpha carbons (3.84 A) times the number of carbons sepdhatipgir of

residues.

In a three dimensional Cartesian space, constraints are imposieel Byclidean metrics
in order to make sure that the distances are geometricallysworis The triangle

inequality is one such constraint:

Dac  Das + Dgc

Other constraints, though important, are computationally costly to gmplo
Consequently, it is common to use an approximation based solely oniahgletr
inequality. As such, two rules to correct inconsistencies inrldie and upper (U)

bounds are deduced from the triangle inequality:

Uac Uas + Usc
Lac  Las - Usc

This process is known as boundary smoothing and can be reduced to theeaguival

problem of finding the shortest path in a digr&ph

15



ALGORITHM 3.2.1: Distance Advisor Boundary Smoothing. Taken from Havel, T,

for k = 1:Natoms do
for i = 1:Natoms-1 do
for j = i+1:Natoms do
if Upper(i,j) > Upper(i,k) + Upper (k,j) then
Upper(i,j) = Upper(i,k) + Upper(i,j)
if Lower(i,j) < Lower(i,k) - Upper (k,j) then
Lower(i,j) = Lower(i,k) + Lower(k,j)
if Lower(i,j) < Lower(j,k) - Upper (k,i) then
Lower(i,j) = Lower(j,k) - Upper(k,i)
end
end
end

All of the above information which depicts how the Distance GegmaAuvisor
establishes the upper and lower bounds for a pair of amino acid sedidue alpha
helices has been adapted fr@mviria, E. (2006

In order to determine good scoring criteria all the “correctixhebordinates for each
helix pair text file were run through the distance advisor and ‘&ahect” helix pair
was assigned a score from 1 to -1 based on the number of rgsatgethat fell within
the computed upper and lower and bounds. The greater the number of res&ltigapai
fell within the bounds, the closer the score of that prediction to Hie average and
range of their ranking was determined, and in consequence the piedrcietures were

ranked relatively. See Algorithm 3.2.2 for scoring methodology.

16



ALGORITHM 3.2.2: Distance Advisor Scoring Methodology

PART 1 - Verify whether alpha carbons in the helix pa# within the upper & lower bounds. Assign
appropriate score.

for c1 = 1:lengthHH
for c2 = 1:lengthVH
idealDistance = (IHP(c1, c2) + uHP(cl, €2))
numCPairsHP = numCPairsHP + 1
if (HP(c1, c2) <IHP(c1, c2) or HP(c1, c2) > uHP(2))
score = score + -1
elseif(HP(c1, c2) >= (idealDistance - 1) & HP(c1, c2) GdealDistance + 1))
score =score + 1
else
score = score
end%end if
end%end for c2
end%end for cl

% Calculate average score
score = score / (numCPairsHH + numCPairsVH + numiGRHR);

PART 2 - Based on the calculated score assign predictectsteua relative score as determined by the
“correct” structures’ score.

if score >= 0.25 && score <=0.4

score =1

elseifscore > 0 && score <0.2
score = 0.2

elseif(score >= 0.2 && score <=0.25) || (score > 0.4 &&bre <=0.5)
score = 0.4

elseifscore < 0 && score > -0.0777
score =-0.8

elseifscore <-0.0777 || score > 0.6168
score = -1

else
score =0

end

Legend:

“HP” ® Helix Pair

“VH” ® Vertical Helix
“HH” ® Horizontal Helix
“%” ® Comment

17



3.3 Helix Packing Advisor

The primary step in this Advisor is to generate an input contaptand a contact map
for each of the predicted structures of a helix pair, using thandistmatrix method
discussed in section 2.2 of this report. If the input contact mapettly determined by
the coordinates of the “correct” helices as stated in thefiles (Fig. 3.1.1)) of the
considered helix pair is a “central contact map” the Advisomadf that the two helices
should pack with 100% confidence. However, if the input contact map belonigs t
corner or edge classes, then we search the database dwsihs&t matching contact map.
The confidence is then the cosine distance between the inputanthpts closest

neighbour.

In the hierarchical approach used to predict helix pair strestintom the source contact
map, each source contact map will have on average 9 sets oftguietalix pair
coordinates. If the packing in a set of predicted coordinates msatthgacking of the
input map’s closest neighbour, which by design will be the santbBeasput contact
map, the confidence score is positive, else it is negative. 8ynilhthe predicted
structure of a central input contact map does not pack themjiitda a negative score,

otherwise the score is positive.

3.4 Contact Map Congruency Advisor

The Contact Map Advisor evaluates a predicted helix pair's $phsgtzibution based on
how similar the input contact map is to the prediction’s contagt nidis is because in
theory the contact map of the final predicted protein structure élo@uidentical to the

input map produced by Fariselli, P. et al. (2081)
The contact map of the predicted structure is produced byétstmining the Euclidean

distance between each amino acid pair in the two helices. Theatiss determined by

employing the following formula: (¢« %)* + (y1— V»)* + (zs — 2)9)"% Subsequently if

18



the distance between any pair of amino acids is less than 10cArtiesponding position

in 2D array is assigned a 1, else it holds a 0.

Each position in the computed predicted structure contact map is th@areahwith the
corresponding position in the input contact map (presently constructedcosirdinates
of the “correct” helix pair structure, as it appears in the fiex (Fig. 3.1.1)). The total
number of positions with equal values in the corresponding maps idtalhd the
percentage determined. This percentage is then lineargdsicefit a scoring range of -1

to 1, using the formulax -1, wherex is the calculated percentage.

Note: Eventually this CBR approach of predicting protein structures willtgubes the
input contact maps yielded from the “correct” helix pair's structdcg input maps
produced by Fariselli, P. et al. (200%)in the Helix Packing and Contact Map

Congruency Advisors.

19



4. RESULTS
4.1. Distance Geometry Advisor

When the 329 “correct” helix pairs were run through PART 1 ofoAtgm 3.2.2 the

following were the scoring results:

average score = 0.3249

minimum score = -0.0777

maximum score = 0.6168

number of scores in range 0.0t0 0.2 =24

number of scores in range 0.2 to 0.25 = 32

number of scores in range 0.25t0 0.3 = 62

number of scores in range 0.3 to 0.35 =63

number of scores in range 0.35t0 0.4 = 73

number of scores in range 0.4 to 0.5 =59

number of scores in range 0.25 to 0.4 = 205

number of scores in range -0.0777 t0 0.0=2

number of scores in range -1 to -0.0777 (min.) and 0.6168 (max.) to 1= 2

These results verify that average alpha helix specificati@faan optimized helix and
rarely occur in nature; for most distances between residlesoimewhere within the

range of the upper and lower bound, and not exactly in the middle of that range.

The average score after running the predicted helix structures lhtleiggadvisor was
0.2911. This in turn indicates that the predicted structures obey dsahtie distance
geometry rules of alpha helices as correct helices themsdhuther suggesting that the
CBR prediction method utilized encompasses precisely this \#@fsch of alpha helix

structure.

4.2 Helix Packing Advisor

The following (Fig. 4.2.1) is sample output retrieved after runningiblexPairl.txt file

through this advisor. As illustrated in the data, the score isrgitistive or negative a
certain number. This is because for edge or corner maps patlkeng of the predicted
structure matches the packing of the closest neighbour then the scorensréetdy the

20



positive cosine distance between the input map and its closest neigi@tmuersely, if

it does not match the score is determined by the negative cosine distance.

>> start(‘e:\Lab\HelixPackingAdvisor\HelixPairsMa&2\HelixPairl.txt")
Prediction =
1
edge
score =

-0.5727

Prediction =
2

edge

score =

-0.5727

Prediction =
3

edge

score =

0.5727

Prediction =
4

edge

score =

0.5727

Prediction =
5

edge

21



score =

0.5727

Prediction =
6

edge

score =

0.5727

Prediction =
7

edge

score =

-0.5727

Prediction =
8

edge

score =

-0.5727

Prediction =
9

edge

score =

-0.5727

avgScore =

-0.0636

Figure 4.2.1
Sample output after running the HelixPairl.txt fieough the Helix packing Advisor

22



Table 4.2.1 presents examples of results from the Helix Packing Advisor. The Irelix pa

files in the table were randomly selected from the 329 helix pair text Vimble.

Helix Pair # | Type of Contact Map | Average Score
110 Corner 0.6447
98 Corner 0.6976
329 Corner 0.7276
222 Corner 0.4753
1 Edge -0.0636
22 Edge 0.7285
50 Edge 0.7071
212 Edge 0.6197
28 Central 1

124 Central 1

248 Central 1

321 Central 1

Table 4.2.1
Results from Helix Packing Advisor

These results assert that most predicted structures haveeaabowe 0.6 and thus pack
similarly to the type of packing indicated by the input contaap.mTherefore, the CBR
method employed to determine the predictions, and the hypothesi# tiaad pairs of
alpha helices have similar contact map interfaces then théypaak similarly™ help

support each other.

Another noteworthy observation was that attempting to find exangbléelix pairs that
pack centrally, was much more difficult than locating cornedgeénelices. This in turn
correlates to the packing distribution shown in Table 2.4.1. The facalthatedicted

structures with central input maps pack face-to-face with 100%dewrcie, reaffirms that
the CBR approach of assigning spatial distribution to a protein of unkstowcture by
first finding similar contact maps of proteins of known structigrestep in the right

direction of protein structure prediction.
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4.3 Contact Map Congruency Advisor

When the 329 helix pair files, with an average of 9 predictions each, were rughthineu
Contact Map Congruency Advisor the overall average score was:2038293419401
and 65% of predictions had a score between and including 0.5 and 1. Thisesitheat
most predictions of helix pairs have structures similar todah#te native confirmation.
This in turn denotes that the employed method of helix structusticpom, that is

adapting coordinate information of structures with similar contagisnis accurate and

noteworthy.
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5. DISCUSSION AND FUTURE WORK

In the near future the Case-based Reasoning approach willyeenpkural net algorithm
to evaluate the performance of each Advisor. This evaluation vaérakon gathering
information about what constitutes a “good” protein structure. Thiseing done by
Glasgow et al., 2006
1. conducting statistical and machine learning analysis of sgistiatabases of
protein structures
2. acquisition of expert knowledge (accessed through interviews andratesea
papers)
3. using and adapting text-book knowledge
4. calculating the root mean square distance (RMSD) between thial spa

distribution of the predicted structure and the native confirmation

The lower the RMSD, the greater the similarity in proteiactire of the prediction to
the native confirmation. The effectiveness of the Distance Gepnitlix Packing and
Contact Map Congruency Advisors, along with all the other 20 to 30 Advisitr be
assessed by comparing their scoring techniques to the RMSDprédiction has a low
RMSD, then the Advisor should assign it a relatively high scdfer a high RMSD, we
should expect a score close to -1.

Through utilization of this comparative technique of an Advisor’'s stmtbe RMSD a

weighted tally of each Advisor is determined and an overall Sooreach prediction is
calculated by employing the following formula:

In this formulaA; is an Advisormis the predicted structurs(A; ,m) is the strength of the

A ’s assessment fan, andw(A) is the weight assigned to AdvisAr.

Consequently, the novel protein's final predicted structure will obeyptinciples of
chemistry, biology and physics. It will also adhere to experiahedata and the
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previously determined structures, and it will be consistent \wihiriformation available

from the primary sequence.
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