Chapter 2

SecondaryStructur e Prediction in
Proteins

Topics

Modelling, LeastSquaresSingularValueDecompositionBestBasis
NearesNeighbours

LinearProgramming

2.1 Intr oduction to Protein Biochemistry

Secondanstructurepredictionin proteinsis an essentiaproblemof MolecularBiology. Compare
this concisegermarnintroductioninto the subjectof protein-structurg¢19] for moreintormation.

Hereis a shortsummaryof theknown facts:

Proteinsarebasicallychain-moleculesyuilt up from 20 differentAmino Acids (AA, seetable2.1).
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Full name 3-LetterAbbreviation 1-LetterAbbreviation Index
Alanin Ala A 1
Arginine Arg R 2
Aspagagine Asn N 3
AsparticAcid Asp D 4
Cysteine Cys C 5
Glutamine GIn Q 6
GlutamicAcid Glu E 7
Glycine Gly G 8
Histidine His H 9
Isoleucin Iso I 10
Leucine Leu L 11
Lysine Lys K 12
Methionine Met M 13
Phenylalanine Phe F 14
Proline Pro P 15
Serine Ser S 16
Threonine Thr T 17
Tryptophan Trp w 18
Tyrosine Tyr Y 19
Valine Val V 20

(For the chemicalstructureof the AAs comparee.g. thesepagesof the IMB Jena[21] or of the FU
Berlin[22]).

Therearethreelevelsto look atthe protein-structure:

The primary structue is the sequencef aminoacidsin the chain— i.e. a one-dimensional
structure.The primary structuref nearly100.000proteins[20] areknown today

The secondarystructue is the resultof the folding of partsof the AA-chain. The two most
importantsecondarystructureq23] arethe -helix, andthe -strand.Thereexist someother
commonsecondangtructureswhich areof lesseiimportancdik e turnsetc.

the tertiary structue is the real 3-dimensionakon guration of the proteinundergiven ervi-

ronmentakonditions(solvent,pH andtemperature)Herearesomeexamples:Leghamoglobin
[24] is a proteinwith a high contentof -helices,Concansgalin A [25] is a proteinwith high
contentof -strandsandhereyoucan nd somemoreprotein-structuref26].

The tertiary structuredecidesthe biochemicalfunction of the protein. If the tertiary structureis
changedthe proteinnormallyloosesdts ability to performwhaterer functionit has,sincethis function
depend®nthegeometricakhapeof theactve sitein theinterior of themolecule(key-lock-principk).
Although nearly 90,000primary structuresare knovn nowadays(in Nov. 2000), only about1000
tertiary structuresareknown.
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3D Image of Cytochrome C2 Precursor

The Procedure From Amino Acids To Protein
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Amino acids come together to build a chain
The amino acid sequence of the chain is
referred to as the primary structure of a
protein

The amino acid chains then fold
to the three dimensional level of
protein structure

Finding theprimarystructureis easy
nding thesecondangtructuras  dif cult,
nding thetertiarystructures very dif cult,

nding thefunctionof aproteinis dif cult.
Sincethe tertiary structureof a proteindependson interactionsbetweenamino acidswhich arefar

from eachotherin the primarystructurethe predictionof thesestructuress avery dif cult task.The
predictionof secondangtructuress slightly easiersincetheinteractionsdetweemeighbouringAAs
playabiggerrole. Especiallythepredictionof -helicesshouldbepossiblesincethey dependmainly
on the interactionsbetweenamino-acidswhich are not morethan4 placesaway in the chainfrom
eachother Thereasorfor this liesin thefact,thatan -helix makesa turn peraminoacid. So
3.6aminoacidsarea completeturn,andthe -helicesarestabilizedby theinteractiondbetweemext
neighboursi.e. betweerdirectneighboursn the primary structure andbetweemumber0 and3, and
0 and4, which arenext neighbourgoo afterthe buildup of the -helix.

Someadditional information about the biochemicalstructure of -helices:



34 CHAPTERZ2. SECONMARY STRUCTUREPREDICTIONIN PROTEINS

1. -helixformationis acomplicategrocesslependingpnmary factorsnotjustthe AA-sequence.
Sothepredictioncanonly beanapproximation!

2. InthePrimaryStructurethe -helicesconsisiof sequencesf approximately..20amino-acids.
3. -helicesarenormallylocatedneareachother(pairwise,parallel)in 3D
4. An -helix makesa turn peraminoacid (So 3.6 aminoacidsarea completeturn).

5. Typically thereare'two sides'of an -helix, oneis calledhydrophobic(“waterfearing”), the
otherhydrophilic(“waterloving”). Sotypically the hydrophobigoartswill bein theinterior of
the helix, the hydrophilicpartswill be onthe outside surroundedy watermolecules.

6. Only 10% of theaminoacidsof a proteinaregenerallypartof some -helix, so our datawill
consistof sequencewith batchef 6..20"yes” interspersethetweernongerbatcheof “no”.
Hence. appliedto position shouldin mostcasese very similar to appliedto
position (Theactualpercentagef -helicesdifferswidely from proteinto protein.)

A concisentroductioninto the structureof the peptidebondscanbefoundherein the WWW [27].

Amino Acid Sequence and Secondary Structure
Notation of the Cytochrome C2 Precursor

Sequence MKKGFLAAGVFAAVAFASGARLAEGDH A
Sequence XKEGE RVESRKLC LACHTEDQOQGGEAEKVNGPN
Sequence LEFGVYFENTAAHBKDDYAYSESYTEMEKAK
Sequence GLTYWTEANLAAYVEKDPKAFVLEXSSGD?P

Sequence KAKSKMTFEKLTEKDDEIENYVIAYLEKTLK
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2.1.1 The mathematicalformulation of the problem

Training Data
Test Data

Figure2.1: Thegenerakchemdor mathematicaimodelling

Validation

Given200,000examplesof known helicesandstrandsin proteins(we usetheseasthetraining sej,
thegoalis to predict,mathematicallythe existenceandpositionof -helicesin otherproteins(e.gin
thetestsetor in totally new proteins).

Example:

whereh signi es a helix, x somethingelse.

Thisis aDecisionProblem We wantto nd afunction which predictse.g.
if is partof a helix whene&erit occurrs
if is never partof a helix

Obviouslywe arein trouble,whenthesequenc&ADTG is partof a helix-structurén onepartof the
protein,andpartof a non-helix-structurén anothempartof theprotein.

Whenwe usea mathematicafunctionfor it maynotalwaysreturn or : So may be
for example0.918.

Solution: Weaddaparameter (normally andwe concludethat
Yes-itisan -helix.
No-it'snotan -helix.

We usethefollowing de nitions
TrainingSet  Thesubsedf the (known) datausedto computethe parametersf
TestSet The subsebf the (known) datausedto testthe computed

We'll malke a sharpdivision betweertraining-andtestset,elsethetestsetbecomeslsoa partof the
trainingset. (Sowe shoulduseevery testsetonly once!)
The quality of the predictionis measuredy the performanceon thetestsetalone. Performancen
thetrainingsetis only anindicationwhenit' s really poor
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We now look at mathematicallydifferentapproachet modelandto solwe this problem:

Method Mathematical structure solved with
LinearLeastSquares LinearFormula SVD

BestBasis
LearningMethods DataStructureg(multidimensionakearchrees) NearesNeighbours
LinearOptimization LinearInequalities Simplex Algorithm
NeuralNetworks Circuit

2.2 LeastSquares— SVD

Figure2.2: Theschemdor modellingwith LeastSquares/Singula¥alueDecomposition

We shalluseavery simpleandpeculiarmodelasa rst approach:

We cut the sequencef amino acidsin piecesusing a Sliding Window of width 5. We shall not
distinguishthe position of the AAs inside the window, we'll only take into account,how oftenan
aminoacidappearsn it. We do this, sincewe wantour function to have “inertia”, asthe window
moves. Thatis, the function at position shouldnot be very differentfrom the function at position
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(Thisis motivatedby the practicalobsenration, thathelicesarenormally 6 to 20 AAs long and
not interspersed.)Thena reasonablédeafor isto
useas , ,...thenumberof occurrencesf aminoacids , ... in theslidingwindow. These
numberschange aswe move the window, but at mostthe numberdor 2 AAs atatime (oneout, one
in) arechanged.

Whenwe usethenamef theAAs themselesinsteadf we nally getthefunctionde nition:

#of sinthewindow #of sinthewindow #of sinthewindow

Example: Given an AA-chain (primary structure)andits secondarystructure, whereh signi es an
-helix, x somethingelse:

Hereis a small partof an AA-chain (primarystructure):
with and3 sliding windows:
(Black = structureinformationaboutcentralAA

in eachsliding window)

Thevalueof thefunctionshouldapproximatewhetherthe centalaminoacidin theslidingwindow is
partof an -helix or not.
Oursimplemodelwould resultin thefollowing systemof equationgor the above example:

(2.1)

To accountfor ary constanbias,we adda constant to eachof theabove equationsaandget

(2.2)

Obviously this problemis strongly overdetermined! (We have 21 parametersand typically 10000
equations.sothebestsolution,we canget,is abestapproximatiorin aleastsquares-sense.
Usingthe LeastSquarespproachwe write:

(Notethatwe have reorderedhevariables They arenow in lexicographicalorder)
measureshetotal error of the approximation.Our goalis to selectthe parameter Y

and sothatthiserroris minimized.

In matrix notationthe systemof equation2.2 couldbe writtenas , With
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where =# of equations, numberof unknavn parameters the numberof the AAs + 1,
andtypically

containgn everyrow theinformationof oneslidingwindow. is thevectorof theunknavn values
to becomputedi.e. thenamesf the AAs in lexicographicabrderand  and is 1 or 0 depending
onwhetherthecentralAA in theslidingwindow is partof an -helix or not.
We couldalsowrite thisas andwetry to nd the whichminimizes

Compareheinteractve exercise“Modelling”.

The needof weighting:

Obselvations:

Therearemuchfewer 1'sthan0's (sinceonly about10% of the AAs arein helices)

Hencethetrivial solution is correctin 90% of the casesnamelyfor all casesf “0” and

for nocaseof “1".

But thatis not a solutionwhich we want!!! We wantfor example: 80% correct0's and80% correct
1's.

To compensatéor this, we have to give moreweightto therelatively rare“1"-cases:Soweintroduce
aweighting-function :

where numbeofones | this way, the errorsdueto the zerosandthe errorsdueto the
onesareweightedequally

E.g: Weweighthe“1"-cases9-fold comparedvith “0"-cases: - - (sinceonly theratio
— matters).

2.2.1 Singular Value Decompositionand Eigenvalue Decomposition
The Singular Value Decomposition(SVD)

Thereis awell known algorithmto determinghe singularvaluesof a nonsquarenatrix , the Sin-

gularValueDecompositior(SVD). A SVD of is:
,where and areorthogonal resp. -matricesj.e.
, which causes .
is a“diagonal” -Matrix; with singularvalues in thediagonal(seebelaw), and
Now: o __ Thelastequalityis true,sincewe

have multiplied by and , since is orthogonal.
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Sominimizing is equivalentto minimizing . Written outin componentsthis means
minimizing

with and

We now choose sothat is minimal, or;

— for

when

The actual calculation of the SVD

A desirable improvementto minimize the number of calculations In our kind of problemwe

have and To avoid matricesof size10000,it would beniceif we couldcalculate

with and .

This canbedone,especiallysince , and canbecalculatedn thefollowing easyway,

whenmoving the slidingwindow acrosghe sequences:

Lete.g. beawindow of AAs atposition (i.e. themidpointof thewindow is atposition ).

Let bethevectorsuchthat ,ie. In this

case isthe row of thematrix

Let belif the AA atposition is partof an -helix, O if the AA at position is not partof an
-helix.

Startingwith a 0-matrixfor , a0-vectorfor and we computefor to

Theseequationsold, since:
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and

Comparingbothresultsshavs the stateddentity.
It's mucheasierto compare

with

and

In the next subsectiorwe'll shawv a solutionto our problem,which requires and
alone(anddoesnotuse or
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Leastsquaresusing Eigernvalues

We canexpress in thefollowing way:
o __ ,since
Usingtheeigervaluedecompositiorof (notice,that is symmetric!)we see:
, Where is an orthonormal -matrix, and is a diagonalmatrix with
diagonal-entriegeigervalues) and , hence
Applying againthede nition andhence , we get:
Now let , then,since , it holds:

Theminimumof this equationis achiezed for theminimumof eachquadratiderm,i.e. thedervative
of eachtermwith respecto

The relation betweenthe SVD of and the eigervalue-decompositionof

Let beaSVDof .Then
Since is a diagonalmatrix, with diagonalentries , it's obvious, that
. Sowe canconclude that and . In otherwords: ~,and
is the eigewvector/eigemalue decompositiorof
(Remark: S0 is theeigemwector/eigemalue decom-
positionof . Thismeansthatif wewouldneed wewouldhavetocompute . Fortunately

thisis normallynotneeded.)
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SVD: *)
EV: is thesamefor SVD andEV - seeabore!
Inserting(*) for leadsto

Compareheinteractive exercise*SVD".

2.2.2 Criteria for discarding singular values

After we solvedthe leastsquaregproblemswith SVD (or eigewvector/eigemalue decompositionjve
canchooséhow mary singularvalueswill beusedin the solution.
This e xibility allows usto solve two importantproblems:

Singularproblems(thesemay be causedy independentariableswhich arein truth notinde-
pendentand

contributionsto the solutionwhich arevery insigni cant.

We have and —  Now, whathappenswhenwe
neglectasmallsingularvalue by setting ?

— and
Comparinghedecreasé thenormof theansweiwith theincreasen the normof theerror, we get

When is smallthe omissionof — will decrease  signi cantly while increasing by
little.

Henceit maybe desirableto ignorethe contritutionsof ~ for verysmall  —the omissionof such
valueswill bejusti ed by thelarge decreasef andthesmallincreasen by

Figure2.3: vs. numberof SingularValuesused,compard-igure2.7
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Figure2.4: vs. numberof SingularValuesused,compard-igure2.7)

So, to simplify the problemwe only wantto take into accountthe largestsingularvalues,namely

andwe wantto discard (Note: ) — Sohow shouldwe choose
s
C.riteria:
1. is 0.
2. numericalroundoferror.
3. — —— (Contrilutionof variable is 1000timessmallerthanthebiggesicontritution.)
4. — istoolarge,basedn someknowledge,of what  and represent.

2.2.3 A concreteexample

As anexamplewe applyourmathematicamodelto the AA sequencef theCytochromeC2 Precursar
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The AA sequencef the CytochromeC2 precursoi(135AAs of which 48 arepartof helices

Thematrix , thevector andthenumber derivedduringthe SingularValueDecompo-
sition arethefollowing:

Figure2.5: Thematrix , thevector andthenumber derivedfrom thesequencef the
CytochromeC2 precursor

Theresultsof thesingularvaluedecompositiorof thesedataare:

Figure2.6: Theresultof the SVD analysisfor the CytochromeC2 precursolsingularvaluesO and
discarded)
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Can and beinterpretedasanindication,that is a stronghelix-former

(it contritutesto thevalueof +0.3652,every time it appears-recall: (helix) =1, (nothelix) =

0), while s alike ahelix-brealer, sinceit reduceshevalueof by 0.16,everytimeit appears?

What happensif we discardsomesingularvalues?— We getthe following for the quadraticvalue
andthequadrationormof theresidue

Figure2.7: Thesizeof and dependingn the numberof the singularvalue

Thelargestof the singularvalues, , hasavalueof 440.4,sothevariable  (the rst eigervector
of the transformatiommatrix ) is animportantvariable. Likewise all the large component®f
correspondo importantvariablesin our original basis.The sameholdsfor all otherbig

Sohow canwe interpretour results,whenwe have the 19 smallestsingularvaluesdiscarded?l.e.
whenwe have thefollowing result:
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Figure2.8: Theresultof the SVD analysisfor the CytochromeC2 precursoi(19 singularvalues
discarded)

Now the "strongest’helixformerseemdo be K with a quite small value of 0.137— so our analysis
didn't work well for this very shortAA sequence.
Compareheinteractve exercise"SVD - aconcreteexample”.

2.3 Leastsquares— BestBasis

Comparegheinteractive exercises’Best Basis”and“Population”.

2.3.1 De nition of “Best Basis”

In theprevioussectionwe solvedthefull leastsquareproblemandretainedonly the mostsigni cant

contritutionsto the solution(by selectingthe largestsingularvalues).In this sectionwe will choose

whichindependentariables (i.e. aminoacids)to keepin thesolution. This is anotheway of getting

only themostsigni cant contritutionsto the solution.

Our problemis to identify the mostsigni cant variables,i.e. the columnsof  whichresultin a

minimal . (Remembethesizeof is with and ). This problemof

nding the'best’ variabless calledthe BestBasisProblem.

Thisis areally dif cult problem,in factit is NP-complete.Solvingit by bruteforce would require
operationssincewe have to checkall possibilitiesby rst choosing outof rowsthen

solvingthe correspondindeastsquaregproblemusinga Gaussiarelimination,requiring op-
erations.
Sowe have for

10 5 125 areasonableumber

21 10 1000 borderline,

40 20 8000 animpossiblenumberof calculations.
Consequentlyit's possibleto usethe bruteforce approachor our problem,sincewe have
(20AAs and ). For it quickly becomesmpossible.In suchcasesve de nitely have to use

approximatealgorithms.

StepwiseRegression

An approximatiorto BestBasisis stepwiseregressiona methodcomingfrom statistics.

Thistechniquestartswith anemptybasisandincludesoneindependentariableatatime. Thevariable

addedis the onewhich, of all theremainingones reduceghe error by the most. Whenthe basishas
variables,we have to solve leastsquaregproblemsof size This normally requires

operationsi.e. . Thetotalwork for abasisof size is
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Stepwiseegressiorcanbe computedackwards,thatis startingwith all variablesin the basisandat
eachstepremoving thevariablewhichincreaseshe errortheleast.In this casethetotal compleity is

This processanbeimprovedby usingalgorithmswhich computesolutionsto leastsquaregproblems

from previous solutionswhich differ in only onebasisvariable. In this casethe compeities become
and respectiely.

This is not an optimal algorithm, it is, whatis normally calleda greedyalgorithm it chooseghe

optimalvariablefor eachindividual step,which doesnot guaranteglobal optimality.

Dif culty of the problem

The bestbasisproblemis inherentlydif cult, sinceit doesnt allow a “continuousapproximation”.
Thisis illustratedin thefollowing exampleof our problem

For amatrix  with setthe rst  columns to randomvalues. Set
to be the sumof thesecolumns. Hencea perfectsolutionwith of the problemis given by
choosingtheserst  columns.

Now choosethe next columns to berandomandchoosea randomvector of
very smallerrors.As laststepsetthelastcolumnof  to be Choosingcolumns

to asasolutionwill give aserror, which couldbe madearbitrarily small- dependingn
thechoosingof .
Sowe have gottwo completelydifferentsetsof solution-vectors,onewith errorzero,the otherwith
anarbitrarily smallerrorof . All othersubstantiallydifferentsolutionswill have very large
sincethey will involve amissingor additionalrandomcolumn.
Conclusion: Thereis no guarantedhat a selectionof columnswith a small errorwill be “close” to
theoptimal! Comparghe smallexampleshavn in the FAQs of the onlineversion!

2.3.2 Formulation of the minimization-pr oblem using “Best Basis”

Note: The techniquethat we will show here appliesto this and several other problems.

Let be a setof columnindices,i.e. a subsebf . Sincethe orderof
the isnotrelevant,we will usethenaturalorder for .

Let , whenusingthe columns in theleastsquaresninimiza-
tion. Theproblemis to nd thesubset suchthat is minimized.

Let beaneighbourof Mathematicallywritten:

i.e.thesets and containeachexactly oneelementwhichisn't anelementof
theotherset. Since and aresetsof columnindices,this meansthatthe correspondingnatrices,
will containeachoneonly onerow, whichis notcontainedn theothermatrix.
What's the sizeof the neighbouringset , sinceeachof the columnscan

bereplacedy oneof the notusedcolumns. Example: ' ,

Now we cande ne alocal optimum:
is alocal optimum

and
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2.3.3 Algorithms for nding local minima

We will nd local optimaby startingat a randompoint and going throughits neighbours. Two
generaktratgiesarepossible Early Abort andSteepesbescent.

Early Abort

Algorithm:

is alocal optimum.
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(Discrete) SteepesDescent

Algorithm:

is alocal optimum.
For both methods the mostexpensve stepis the computationof . Soanimprovementcanbe
madeby avoiding computation®f pointsalreadydone.

Impr oved Version De nition: A Pathis asequencef neighbourswhich endsatalocal optimum.
Pathsaredirected.

With earlyabort,few neighboursarevisitedin the rst steps.Thelaststephasto visit all neighbours,
i.e. is expensve. All thestepsof SD areequallyexpensve. Normally we expectto do fewer stepsin
SD, but thedifferencenormallyfavors EA.

It is importantto keeptrack of pathsand their visited neighbours becauseif on a new path, we
move ontoanalreadyvisited point, we canstopfollowing thatpath,aswe will walk to thesamdocal
optimum.
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Impr oved SteepesDescentAlgorithm:

De nition:

Remark:” " is aMaple-commandvhich skipsto thenext iteration.Look it upin theMaple-help,
e.g.usingthe Maple-frontencf the online version!

2.3.4 The Con dence Interval

Within eachbasisit is easyto orderthe variablesaccordingto their contrikution. For eachvariable
we compute (where isthe elementin the solutionvector ).
representshe normincreasevhen is notused.Intuitively, the largerthe normincreasethe larger
theimportanceof

Using we canalsocomputearelative con denceintenal for eachvariable(aminoacid).

Let bethe value of the variablecorrespondingo the column in the solution of . The
contrikution of this variableto the reductionof the normsquareds quadraticsincewe have alinear
leastsquaregproblem,i.e thenormis a quadratidunctionin termsof the

Its minimumis at andatO (when is notused,i.e. ) thenormis i.e. the
increases
Since when andwhen then

by de nition it holds:
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Sothenormof theresiduesywhenwe allow  to take arbitraryvalues mustbe
_ (2.3)
e (2.4)

Oncethat is divided by — thenthe contrikution of  to the residueerroris normalized thatis:
— s distributed:
— fora67%con dence,and — for a95%con dence.

2.4 Final Obserwationsfor the Least SquaresMethods

For the LS methodswe obtainalinearequatiorwhich shouldpredictthe existenceof a helix. In this
sectionwe describenow to re ne this predictorfunctionandhow to validatethewhole process.

2.4.1 Re ning the predictor function

We have a minor technicalproblem,sincewe wanteda functionwhich givesusa 1 if thereis a helix

andaOif not:
1 if helix

0 if non-helix
But the resultof our function may be a value between0 and 1, sowe have to de ne a'barrier'
which givesusa decisionpossibilityfor helix/non-helix.

Example:
helix
non-helix
How shouldwe determine ? Wecouldset =, thiswouldbeequalto roundingthevalue.But
we cant besurethatthisis optimal. A possibleapproachs to countthe False Positivesandthe False
Neagatives We have a False Positiveif our function predictsthatthereis a helix, but in
realitythereis no helix. And aFalseNeayativeoccurredf predictsnohelix, but in reality

thereis ahelix.

Figure2.9: FalsePositivesandFalseNagyativesdependingn

We cannow choosea  sothataweightedsumof errorsis minimum. For thatwe sortall valuesof

by descendingrder Set tothetopvalue(thisis equalto #(FalsePositives)= 0 and#(False
Nayatives)= #(helices)andcalculatethe numberof FalsePositive andthe numberof FalseNegative,
multiply themwith theirweightingfactorandaddthemtogether
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Letnow decreasdy the valueof the sortedfunctionresults.Look for the smallesterror, thenwe
have found

For moredetailscomparehe FAQ of the online versionof thesdecture-notespleake

Validation

We usepart(half) of thedatato t the parameterandthe secondoartto validatethe model.

It is very tempting(andvery incorrect!) to concludethe quality of the modelfrom the tted data.In
particularit is recommendethatthevalidatingdatabe usedonly once.l.e. do asmuchwork asyou
wantwith the tting, but oncea modelis computedusethevalidationdatato testit. This validation
datashouldnot be usedagainfor validationpurposes!

Testingthe modelagainstthe validationdatawill tell, how accurateour predictionsare. Remember
that50% (weighted)accurag is achiered by randomchoicessoit is no accurag atall!! In the case
of helix predictionaweightedaccurag of 75%is consideredjood.

Until now we looked at functionsthatuseda window sizelike

(symmetric)
(asymmetric)

Anotherideais to useWeightedrFunctionslike

Theproblemof thisapproachs thatit leadsto a nonlineaideastsquaresninimiziation,whichis much
moredif cult to solve.

A more corventionalapproachwould be to use somenumericalpropertiesof the amino acidsto
weightthefunction. Possibilitiesare:

Hydrophobicity:H(AA)
MolecularWeight/ Size: W(AA)

Chage: C(AA)

In this casewe would have 15 's asunknavns (for 3 propertiesandwindow size= 5) anda linear
leastsquareproblem.
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2.5 Linear Classi cation/Discrimination

The previous sectionsshav methodsto constructa linear function which malkesthe prediction. In

matrix notation,for the datamatrix ~ we computea vector andavalue suchthat

isan -helix, and isno -helix, where isthe throw of andcorrespondso the th

obsenration.

Theproblemcanbetreatedin a differentway, andinsteadof approximatinghow closethe valuesof
areto 0 or 1, we couldminimizethetotal numberof errorsmadein the prediction.Thatis, given

and nd avector andavalue sothatthenumberof timesthat when and
thenumberof timesthat when is minimized.
The casesvhen and arecalledfalsepositvesandthe casesvhen when

arecalledfalsenggatives. In thesetermswewantto nd and  which minimizethe sumof
falsepositvesandfalsenegatives.
It is oftenthe casethatwe wantto weightthe positvesandthe negatives, if their numbersarevery
different(e.g. 10 positivesversus1000negatives). It is commonto weightthe falsesin sucha way
thatthetotal weightof the positivesis the sameasthe total weightof the negatives.
Forexampleif  isthenumberof obserationsthen is thenumberof positvesand is
the numberof negatives.

will weighthepositvesasmuchasthe negatives.

The problemaspresenteds very dif cult, it is NP-hardevenfor integer matrices . Sowe do not
expectto solwe it exactly, we will behapgy with anapproximationwhichis whatwe weredoingwith
SVD andBestBasis.).

In statisticsthis problemis resolhed in a particularway andit is calledFisher's linear discriminant
[29], [30].

Theview usedfor Fishers linear discriminantis to maximizethe distancebetweenthe averagesof
the positivesandof the nggativesrelative to the varianceof thewhole sample.
Thamainproblemwith theleastsquaresnethodss thatthey try to approximateall positivesto 1 and
all negativesto 0. Thisis in principleagoodgoalbut fails in two cases:

apointwhichis correctlyclassi ed but whosevalueis way too large (ary changes uselesspr

apointwhichis incorrectlyclassi edandwhosevalueis hopelesslyar from

(****Bild hier***)

All thenegativesareapproximatedo 0. All the positvesareapproximatedo 1.

Somearrowns areshavn to indicatewhatLS triesto achieve, i.e. move the pointsin theright direction
(thelongerthearraw, thelargerthe“pressureto move the point).

It is clearthattheeffort to move thepointsmarked (a) is uselessilt is alsoclearthatthe pointsmarked
with (b) arehopelesso move, they aretoo far avay.

An excellentstratgy to improve aclassi cation(obtainedn ary way)is to identify theseoutliers(the
(a)sandthe (b)sandredotheclassi cationwithoutthem.
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This givesanalgorithmfor improvementor re nementwhich hasthefollowing steps:
Algorithm: Re ne linear classi cation

0. initial classi cation
do
1. Selectall the pointsfor which

2. Forthesepoints(pointscloseto the decisionnotoutliers)compute , suchthat
is minimal.

3. Explore for positive to seeif theweightednumberof falsesdecreaseReplace

od;

4. If thereis noimprovementbreakout of theloop.

The main ideaof step2. isto nd a directionwhich will move the positivesto the right and the
negativesto theleft:

( for positvesand for negatives.)

Thiswill tendto producea minor rearrangemertf the pointsaround , hopefullywith animprove-
ment.

Thealgorithmcanbetried with mary valuesof or by choosing sothata particularfractionof the
datapointsareselectedThis givessomevariationto the runningof there nement.

2.6 Learning Methods - NearestNeighbours(NN)

2.6.1 Mathematical formulation of the problem

Figure2.10: Schemdor Modelling with NearestNeighbours
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The generalidea

Themainideaof this methodis to storeall datapointsof known helicesandnon-helicesFor a new
datapoint we searchin this databasdor the closestdatapointscalled“nearestneighbours” andwe
decideaccordingto thevaluesof theseneighboursGeneral Algorithm:

1. Describeeachdatapoint by amappingof the -dimensional/ectorof numericalval-
ues(coordinatesjo thevalue(s)to predict:

Figure2.11: Datapointsandtheir values

2. This mappingis viewed asa functionin -dimensionalspacewhich is only de ned for the
pointsfor whichwe have data.

3. Wede ne adistancdunctionbetweerpoints and by:

with for

The  normalizethe distances.The goal of this normalizationis to have pointsequallydis-
tributedin all dimensions.

4. We storeevery pointin anappropriatedatastructure(an NN-tree).

5. For every new pointto predictwe nd the nearesneighboursandinterpolatethe resultfrom
theirvalues.

Application to Helix Prediction

Whatis the dimensionwe areworking with? The dimensiondependn thewindow sizewe
use.(We couldusehydrophobicitysize/weightchage,  peraminoacidasdescribedibore.)

yes/no

dimensionabtatapoint

In our discusse@xamplewe have
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Distancebetweerpoints and :

We usetheformulawe discussedor thecon denceintenalsin section2.3.4.

— — (SeeNormalizingDimensionin section2.6.4 for moreinformation!)

Thesolutionmethodsavhich we will discusshereare:

— Sequentiakearch
— RangeSearchingvith

QuadTrees
k-d Trees(k-dimensionatrees)

2.6.2 Searching and Data structuresfor NN problems
SequentialSearch

We storethe pointin anarrayandgo throughtestingevery entryif it is aneighbour Compleity:

(# pointsin trainingset) (# pointsin testset)

This techniqueis out of the questionfor our amountof data. Thereare betterdatastructureghan
sequentiabearchaswe're goingto see.

RangeSeaiching

Givenasetof pointsin theplane,it is naturalto askwhich of thosepointsfall within somespeci ed
area.”List all citieswithin 50 miles of Princeton”is a questionof this type which could reasonably
beasledif asetof pointscorrespondingo the cities of the U.S. wereavailable. Whenthe geometric
shapésrestrictedo bearectangletheissuereadilyextendsto non-geometriproblems.For example,
"list all thosepeoplebetween21 and 25 with incomebetween$60'000 and $100'000” askswhich
"points” froma le of dataonpeoplefall within acertainrectanglen theage-incomglane.Extension
to morethantwo dimensionss immediate If wewantto list all starswithin 50 light-yearsof thesun,
we have athree-dimensiongbroblem,andif we wanttherich youngpeopleof the paragraphabove
to be tall andfemaleaswell, we have a four-dimensionalproblem. In fact, the dimensionof such
problemscangetvery high. In generalwe assumehatwe have asetof recordswith certainattributes
thattake valuesfrom someorderedsets.Findingall recordsin a databasé¢hatsatisfyspeci edrange
restrictionson a speci ed setof attributesis calledrange seaching, andis a dif cult andimportant
problemin practicalapplications.

Quad Trees

Quadtreesin  dimensionssplit the searchingspacen  subspaceat eachnode. Thatis, for each
internalnode,the point storedat the nodesplits the remainingdatapointsaccordingto all possible
subspaces.

A Quadtreefor is identicalto abinarysearcttree.
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A Quadtreefor splitsthe 2D-spacen four subspaceat eachinternalnode. Thefour descen-
dantsareusuallycalledNorth-EastNE), North-West(NW), South-Eas{SE) and South-Wst(SW).
Thedatapointin the nodeis exactly in themiddle of this partition. Compard=igure g:Prob2-16!
Example:

Figure2.12: Exampleof a QuadTreedatastructure

QuadTreesarenot practicalfor our problem:The Quadtreesfor  dimensionshave internalnodes
with  descendantddencethesedreesaretotally impracticalfor large

-d Trees( -dimensionaltrees)

Thegeneralizatiorirom binarysearchreesto -dtreesis quitestraightforvard: simply cyclethrough
the dimensionavhile going down the tree,i.e. for theroot usethe rst dimensionfor the decision
aboutthe subtreesfor the secondevel usethe seconddimensionetc.— Compard-ig. 2.13!

In arandomsituation,theresultingtreeshave the samecharacteristicasbinary searchrees.

Figure2.13: An exampleof a -d treewith Alternatingly split vertically (left is left point)
andhorizontally(left is lower point)

For very high dimensionssay20 - 40, the -d algorithmhasto be modi ed to be useful. If we used
it asde ned, cycling over all thedimensiongremember20 — 40) we will normally exhaustthetree
beforewe evenhave testedsomeof thedimensions.
The solutionto this problemis baseduponusinga linear combinationof dimensionsat eachlevel
(insteadof usinga singleone).More precisely at every nodein thetreewe will storeavector (the
normalvectorof a hyperplanepndathresholdvalue
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Figure2.14: A nodeof a -dtree

Whenwe arrive at the nodewith coordinates , we computethe inner product andgo left or
right dependingon VS.

- left
- right

Thisleadsto the following datastructure:

Figure2.15: Examplewith hyperplanesandresultingdatastructure

A hyperplanen dimensionss de ned by anequation
Whatisagood ? Goodmeanghatwe getabalancedree.Soagood will beone,which splits
thenodes into subtreessequallyaspossiblej.e. in subtreeof the samesize.

Figure2.16: A goodchoiceof a hyperplane(Rememberthat is thenormalvectorof the
hyperplanei.e perpendiculato the plane!)
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Figure2.17: A badchoiceof ahyperplane.

Whatis agoodhyperplane goodhyperplands one,for whichthe  arespreadapartasmuchas
possible.This hasaformal de nition: Wecan nd  sothat  (for the setof coordinates in our
subtreehaslargestvariance.

Thisis arelatvely well known problemin statistics.Thelargestvariances obtainedwith an , which
is the eigevectorwith the largesteigewalueof the covariancematrix of
Thecovariancematrixis de ned by

where

Example:

Oncethe -vectoris knowvn, computing is equivalentto nding the medianof which canbe
donein lineartime in thenumberof -values.

The completealgorithmis describedecursiely.

Building NN trees

For a setof pointswe describehow to build theroot nodeof the subtreeandhow to split the pointsin
two subsets.

1. Computethe covariancematrix of all points.
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2. Computethe eigemvector(called ) with thelargesteigemwvalue. Noticethat
3. Computethemedianof  andcallit
4. Split all pointsin two sets( or

5. Build thetwo descendantsecursvely.
Compareheinteractve exercise'k-d-Tree”.

The Costof Building an NN tree

Wewill assumdhatthetreehas datapointsandthateachpointhas dimensions.
Thealgorithmis recursve andhasthe following compleity for every root of a subtreeof size

(for building the covariancematrix)

(for computingthe eigewvaluesandeigevectors)

(for nding themedianof )

— (for building two subtrees left andright - recursvely)

2.6.3 Searching the NN-tree

Givena point (by its -dimensionalcoordinates)call it  we normallywantto nd the nearest
neighbours( istypically betweernl and10.)
We rst describeafunction,whichreturnsasetof neighbourswhicharenotfartherthan awayfrom

thesearchegboint.

Figure2.18: ThefunctionNNSearch
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Equalitysearchingn the NNTreecanbe doneby searchindgor
Compareheinteractve exercise‘'NNSearch”.

Searching the nearestneighbours

Algorithm:

61
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Concluding a value from its neighbours

Thisis usuallycalled“the interpolationphase”.We have several choicesbasedon (the numberof
closestpoints,takeninto accountiandthetype of problem:

1. Searchor k = 1 points(the closestpoint)
returnits value

2. Majority (in decisionproblems)

SearcHor next neighboursandmake a majority decisionin thefollowing way:
valuesare”yes” no
valuesareyes” donotknow
valuesare”yes” yes

3. Interpolation(in numericalproblems)

Searchfor neighboursandreturnthe averageof the neighbouringvalues(or a weighted
averageof the neighbouringralueswhereyouweightthesevaluedess,whenthey arefarther
away from )

2.6.4 Practial considerations

Bucketing

This 'technigue'canbe usedto complementll treemethods Bucketingis particularlyuseful,when
thework (or spaceneededor eachinternalnodeis verylarge. In thiscasegverytime thatasubtreds
smallerthana certainthreshold , the subtreds notbuilt. Insteadall thevaluesarestoredin a bucket.
Thebucket is just anarrayof theleaf nodes.Any searchin a bucket hasto be doneby searchingall
therecordsn thebucket, i.e. never morethan
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Figure2.19: A subtreewith buckets(bucketsize , otherwisetheright two bucketswould be
one!)
For the nearesheighbourtrees,we usuallychoose sothatthe -matricesarenot singular
(A -matrix of dimension with fewerthan data-pointwill besingular)

Normalizing dimensions

Whenwe have dimensionswhich representlifferentmagnitudegandfor differentscales)the dis-
tanceshave to be weightedto make senseandbe consistent.Insteadof weightingthe distancesave
cannormalizeeachdimensionso that the individual variablesappearto be distributed as

Thisis doneby using

Using random dir ections

An alternatve to computingthe -matrix andthe eigemwalue/eigewecta decompositions to try
severalrandomvectors andchoosethe onefor which  hasthe largestvariance.Thisis only an
approximationput it is mucheasierto code.

l.e..

If weuse trials,thesewill cost asopposedo
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2.6.5 NN treesusedfor clustering

TheNN treeis anidealstructurefor clusteringandclusteranalysis.If usedfor clusteringthefollow-
ing shouldbe considered

1. Only meaningfuldimensionshouldbe kept. Uselesslimensiongdimensionsappearingo be
random)will scattettheclustersandmalke theirrecognitionmoredif cult. It is dif cult to give

criteriato selectautomaticallygood/baddimensiondor clustering.If a histogramof all points
perdimensions computedagooddimensiorfor clusteringwill shav like

Figure2.20: A gooddimensiorfor clustering

A baddimensiorfor clusteringwill shaw like

Figure2.21: A baddimensionfor clustering

2. Thesplit (selectiorof ) shouldbedoneata large gap,not necessarilyatthecentre.

Figure2.22: A goodsplit atthelargestgap

This could (badly!) unbalancehetrees,but it is theright criterion. Optimally onemay select
thelargestgapsuchthattheratio of nodeson eachsideof the treeis not morethan with

e.g.
Theclusterswill begivenby pointsin entiresubtreesAdditonalcriteriaarenecessaryo select
theseclusterge.g. maximumdistancebetweertwo pointsin the subtree®tc.)

Compareheinteractive exercise‘Index”.
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2.7 Linear Programming (LP)

Linear programming sometimescalled linear optimization solves the following problem: For

independentariables maximizethe function
(2.5)
subjectto the constraints
(2.6)
is an -matrix, and are -dimensionalvectors, isa -dimensionalvector Thereis

no particularsigni cance in the numberof constraints beinglessthan, equalor greaterthanthe
numberof unknavns

2.7.1 Notation/Terminology
Objective function — Thefunctionthatwe aretrying to maximize,i.e. , comparesquation(2.5).
Feasiblevector — A setof values thatsatis esthe constraintg2.6).

Optimal feasiblevector — The feasiblevectorthat maximizesthe objective function. An optimal
feasiblevectorcanfail to exist for two differentreasons

1. Therearenofeasiblevectors,.e. the givenconstraintareincompatible pr

2. Thereis no maximum,i.e. thereis a directionin N spacewhereone or more of the
variablescanbetakentoin nity while still satisfyingtheconstraintsgiving anunbounded
valuefor the objective function.

Constraint — alinearinequality ,where isarow of matrix in (2.6).

Eachconstraint(if readasanequation)de nes a hyperplanewhich dividesthe solution-space
into afeasibleandanunfeasibleregion.

Simplex — theintersectiorof all feasibleregions. (Thisis a corvex region.)

Slackvariable — an auxiliary variable,usedto modify the solutionof the LP problem. It hasno
meaningotherwise.

Simplexalgorithm — The rst algorithm(heuristic)to solve LP-problems.(Dantzig,1947- com-
pare[31])

Feasibility problem — The problemof determining,if a feasiblesimplex (and hencea solution)
exists.

Optimization problem — The problemof determiningthe bestcornerof an existing feasiblesim-
plex.

Whyis linear programmingsoimportant?
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1. Becauseoneis ofteninterestedn additive (linear) limitations or boundsimposedby manor
nature: minimum nutritional requirementmaximumaffordable cost, maximumon available
labor or capital, minimum tolerablelevel of voter apprwal, etc. Hencewe have in general

inequalitiesandhenceequation(2.6).

2. Becausghefunctionthatonewantsto optimizemay belinear, or elsemayat leastbe approxi-
matedby alinearfunction- sincethatis the problemthatlinearprogrammingcansolve. Hence

equation(2.5).

Example

Hereis aspeci ¢ exampleof aproblemin linearprogramming:

womens shoe| mensshoe| available
productiontime| ] 20 10 8000
machinetiime|[ ] 4 5 2000
leatherusagq ] 6 15 4500
netincome[ ] 16 32 -

We choosehefollowing unknavns:

= quantityof producedvomens shoes

= quantityof producednen’s shoes

Themathematicaproblemlookslike this:

100 200 300 400\ 500 600

700 800 00
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In the notation,which we have introducedthis correspondso:

Theanswerturnsoutto be ,

2.7.2 Fundamental Theorem of Linear Optimization

Imaginethatwe startwith afull -dimensionakpaceof candidatevectors.Thenwe carne away the
regionsthatareeliminatedby eachimposedconstraint.Sincetheconstraintarelinear, theboundaries
introducedby this processare hyperplanesWhenall the constraintsareimposed eitherwe areleft
with somefeasibleregion or elsethereareno feasiblevectors. Sincethe feasibleregion is bounded
by hyperplanesit is geometricallya corvex polyhedronor simple. If thereis afeasibleregion, can
the optimalfeasiblevectorbe someavherein its interior, away from the boundariesNo, becausghe
objective functionis linear This meansghatit alwayshasa nonzerogradientvector This, in turn,
meansthat we could alwaysincreasehe objective function by runningup the gradientuntil we hit
a boundarywall. The boundaryof ary geometricakegion hasonelessdimensionthanits interior.
Thereforewe cannow run upthegradientprojectedontothe boundarywall until we reachanedgeof
awall. We canrun up thatedge,andsoon, down throughwhaterer numberof dimensionsuntil we
nally arrive ata point, a vertex of the original simplex. Sincethis pointhasall  of its coordinates
de ned, it mustbethesolutionof simultaneougqualitiesdravn from theoriginal setof inequalities
(2.6). Pointswhich arefeasiblevectorsandwhich satisfy of the original constraintsasequalities,
aretermedfeasiblebasicvectors. The simplex method, rst publishedby Dantzigin 1948,is a way
of organizingthe computatiorof vectorsinsidethe simplex sothat

1. aseriesof combinationss tried for which the objective functionincreasest eachstep,and

2. theoptimalfeasiblevectoris reachedfteranumberof iterationsthatis almostalwaysno larger
than

Thesimplex methodis known to “loop” for certainpathologicaproblems But thisis notcommonin

practice.

A bettermethodboththeoretically(asit alwaysterminatesn a polynomialnumberof stepsin  and
) andin practice(asit is numericallymore stable)wasinventedby NarendrarKarmakarin 1984

[32] [33]
Remark:
Somealgorithmsde ne all unknavnsto be Othersallow positve or negative values.Thesetwo
modesareequialent.
We canalwaysadd constraintgo corvertthesecondnto the rst one.
We candoublethe numberof the unknavns andtransformevery into where is

thepositve valueand  is thenegative one,andhencecorvertthe rst modeinto the second.
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2.7.3 The Simplex Method

Contet is now:

assumed

Exampleproblem:

max

Introduceadditionalvariables

Useanannotatedable:
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Generalidea:
Interchangea columnvariablewith a row variable. Repeathis until all coefcients of the column
variablesn (bottomrow) arenonpositve.
Choiceof the column variable:
mustnotdecrease bottomelementmustbe
Choiceof the row variable:
Stayin thefeasibleregion.

Replace or say (keep )

Maximumvaluesatisfyingall constraintss
replaceby

Replace (keep )

Maximumis replaceby

Replace (keep )
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Maximumis replaceby

... STOP
Solution:
Comparegheinteractive exercise"Simplex Method”.

2.7.4 Solvingthe 'helix problem' with the simplexalgorithm

LP canbeusedfor two goals:
Optimizealinearfunctionunderconstraints
Determinefeasibility.

In our applicationwe are mostly interestedn determiningfeasibility We wantthe solutionto be at
the centreof the simplex ratherthanat onecorner (At onecorner thereareat least inequalities
which aresatis ed exactly, thatis too closeto the boundaryfor a decisionproblem.)But it is easyto
extendLP to nd thecentreof afeasibility region- compareFig. 2.24.

In eachinequalitywe adda new variable , calledthe slackof theinequality:
helix
no helix
Theslackvariablemustbe positive, sowe mustaddan additionalinequality: Our functional

is well de ned now, andwe wantto maximizethe slack:
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Figure2.24: Theeffect of globalslack

2.7.5 Inconsistentdata
What,if thereis no feasiblesolution?This may happerbecausef
inconsistentata

or i.e. too mary constraints.

Thereis only oneway to solve this problem:We have to sacri ce someinequalities.

Using slack variables

This canbe donewith slackvariablesagain. Let's call them  We will add(or subtract) to the

inequalitieswhich areinconsistent.(Whena problemis inconsistentmostpackagewill returnthe

inequalitieswhich arebeingused,andhencecontaintheinconsisteng)

Thepenaltyfor isre ectedby alargecostin thefunctional,say or by afunctionalwith only
For example, supposéghatinequalitiesl and2 belongto anunfeasibleset. Thenwe write:

The penalties canalso be usedfor re ecting the con dencethat we have in the training data.
Supposdhatwe have two (couldbe more)classeof data:

classl: very gooddata

class2: moredoubtful data

If we canquantify a relationbetweenthe errorsof the classese.g. oneerrorin classl is equvalent
to twice the errorin class2, thenwe canimplementthis notion by setting for the slack
variablesin classl and - for the slackvariablesin class2.

Alter native method

Anotheralternatve is to assumeahatthe datacontainedsomeerrors,andwe wantto eliminatethese
errors.

The problemof nding the minimum numberof constraintsto remove to nd a solution, is very
dif cult (NP complete) A greedyheuristicdoesquitewell in general:

Assignall
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Computeasolution.
Eliminatethe constraintwhich hasthelargestvalueof

Repeauntil afeasiblesolutionwith all is found.

2.7.6 Prediction

Oncethatwe have founda solutionto the LP problem,the decisionfunctionusedfor predictionis:

(helix)
(non-helix)
Usinginstead
doesnothelp,

unlesswe useadditionaldata.(If it would help,thentherewould be a betterlinearformula,found by
theLP.)
2.7.7 Comparisonof Linear Programming with LeastSquares
In LS all theinformationis used:Every data-point'pushes”the solutionin onedirection.
In LP only asubsebf all data-pointss used:
Somearejustignoredbecausé¢hey satisfythe constraints.

Someareincompatibleanddiscarded.
Theunusednes(bothof theabove) play norole for theanswer

Thereis agoodanalogybetweenLS, LP) and(meanmedian):Givenasetof values the meanis the
valuewhich satis esthe conditionof minimizing the sumof squaref its distanceto eachpointin
the set. The mediansatis esthe propertyof beinga valuefor which half of the valuesarelessand
half of thevaluesaregreater

2.8 Neural Networks (NNet)
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Figure2.25: Modelling with NeuralNetworks

Thebackgroundf NeuralNetworkscomesfrom theideato simulatethe brain. The mainobjectsare
cells. A cell looksschematicallyik e this:

Figure2.26:Neuralcell

A network of suchnodesis constructedywhereoutputsbecomenputs,andin the endoneparticular
outputis choserasthe “answer”. (No cyclesthrough.)
We will use:

logical operationsOR, AND, NOT,
signalsbetweerD andl,
or-threshold,

inverter

multipliers.

Constructinga network to answera training setis verydif cult! It is NP - complete.

Sowhy isit attractve to useNNets?

The attractvenesss to create( nd) a very small andefcient machineto solve the problem. The
rationalebeingthatif it is very smallandcorrectonthetrainingset,it mustcapturetheessencef the
problem.(Occams “Razorprinciple” — a solutionshouldbe aseasyaspossible!)

Theprocesgo createa heuralnetis highly heuristic.It consistsof two stepswhich mayberepeated
mary timesto createdifferentnets:

1. Build arandomnet

2. “Train” this netonthetrainingset.

2.8.1 Building a starting Random Net

chooseaandomlytype of node
chooseaandomlyparametersf node

chooseaandomlynumberof inputs( )
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connecto randomlychoserinputsandoutputs until netis larger( ) thandesired
runthetrainingsetoverthenet
choosehe output(or the complementwhich ever makesfewer mistales

remove all nodeswhich do not contrikute (arenot ancestorspf the output

2.8.2 Training the Network

Marny, mary methodsarepossibleandused.In generaltheideais to run the neton thetrainingset,
andeverytimeit givesaright answeileave it asit is or “reinforce” the path.

Every time, it makesa mistale, “punish” it. Therearesereralwaysto incrementallymodify the net
to “reinforce” or “punish” it:

changehresholdgparameters)
add/ deleteconnections

add/ deletenodeswith their connections
Thechangesanbedoneafter

a carefulanalysisof thesuccessful/unsuess$ul paths,

Alternatively a numberof randomchangesanbetried, until oneis successful(Normallythis
is mud faster)

Sometimeshegoalisto x every mistale aswe goalong,sometimeshegoalis to changehresholds
in avery minorway with eachdatapoint.

2.8.3 PostProcessing

A postanalysisof the netis alsouseful:

Runoverthetrainingsetandlook for edgesor nodeswhich werenever used;remaove them.

Oncethat several netshave beenhbuilt andtrained,we may try to combinethemto produce
betterresults.This maybedonejust by straightadditionof the two netsor by splitting the nets
andcombiningtheir parts.Thisis like geneticalgorithms.(Take fromeveryone whatis good.)

A network canbeef ciently implementedasa programor evenimplementedashardvare.

Theoreticaresultsshay, thatto nd thecorrect(best)network with thetopology

*********Bild hler *kkhkkkhkkkhkkk

i.e. atwo level or-and-thresholdis alreadyNP-complete.In all likelihood this meansthat if the
trainingis perfect,it will take morethanpolynomialtimeto nd thecorrectnet.

1Thechoiceof net-lookandkind of inputsis usuallyproblemspeci ¢
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2.9 Referencesand Further Reading

Linear programming, Simplex-Methods:

H. R. ScHWARz, NumerischeMathematik, B.G. TeubnerStuttgart,Chapters, 1.4

W. H. PRESS ET AL., Numerical recipesin C: theartof scienti c computing, CambridgeUniversity
Press1992,Chapterl0.8

RangeSearching:
ROBERT SEDGEWICK, Algorithms, AddisonWeslg/, 1988,Chapter6, 28

2.9.1 Online Material

DISguiSE- a programfor SSP[34]
GeneralinformationaboutDISguiSE[35]
The polypeptidechain[64]
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