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Abstract

High-throughputdata-directedomputationaprotocolsfor
Structural Genomicgor Proteomic} arerequiredin orderto
evaluatethe proteinproductsof genedor structureandfunc-
tion atratescomparabléo currentgene-sequencingchnol-
ogy. To developsuchmethodsnew algorithmsarerequired
that canquickly extract signi cantly more structuralinfor-
mationfrom sparsesxperimentaldata. This papempresentsa
new classof signalprocessinglgorithmsfor nuclearmag-
netic resonancéNMR) structuralbiology, basedon time-
frequeng analysisof chemicalshift dynamics.

A novel approachto multidimensionaNMR analysisis
proposedn whichthedataareinterpretedn thetime-frequen-
cy domain,asopposedo the traditionalfrequeng domain.
Time-frequenyg analysis(TFA) exposesbehaior orthogo-
nal to the magneticcoherencdransferpathways, thus af-
fording new avenuesof NMR discovery. An implementa-
tion yielding new biophysicalresultsis discussed.In par
ticular, we demonstrat¢he heretoforeunknown presencef
through-spaciter-atomicdistancanformationwithin °N-
editedneteronucleasingle-quantuncoherenc¢'®>N HSQC)
data.A biophysicalmodelexplainstheseresults,andis sup-
portedby furtherexperimenton simulatedspectra.

1 Intro duction

Molecularbiology is undegoinga transitiontowardshigh-
throughpumethods Advancesn avarietyof differenttech-
nologiesareenablingthis transformation.Microarraytech-
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nology, for example allows massiely parallelhigh-through-
put gene-gpressionexperiments. Consequentlymicroar
rayshaverevolutionizedmoderngenetics Advancesn struc-
tural genomicsmethodswvould enablea similarly radical
changein structuralbiology andproteomics.Unfortunately
protein structuredeterminationremainsa costly and time-
consumingende&or. NuclearMagneticResonancéNMR)
is oneof two experimentatechniquegor determiningatomic-
resolutionstructuresof biological macromolecules.Stan-
dardNMR protocolsrequirerunningmary separatexper
iments. A givenexperimentcantake hoursto daysof spec-
trometertime andit cantake weeksto monthsto preparea
proteinsampleneededor a sophisticatedxperiment(e.g.,
residue-speci dsotopiclabelings).Oncethe datahasbheen
collectedt all mustbecarefullyassignedanalyzedandcon-
solidated.This processantake monthsandrequiresmary
tedious,manualsteps.Due to the mary stepsin NMR dis-
covery, advancesin mary subproblemsare requiredto de-
velophigh-throughpumethodsor NMR structuralbiology.
Automatingthe manualstepsof NMR dataassignmenand
analysiswill be oneadwance[1-5]. Reducingthe amount
of spectrometeandwet-labtime by reducingthe numberof
requiredexperimentswill beanothef1, 2, 6]. Ourwork fo-
cuseon developingnew algorithmsthatcanquickly extract
signi cantly morestructuralinformationfrom sparsesxper
imentaldata. In this paper we introduceandanalyzea new
classof signalprocessinglgorithmsfor NMR structuralbi-
ology, basedon time-frequeng analysisof chemicalshift
dynamics.

Our algorithmsleveragethetime-varyingbehavior of
NMR datato extract usefulinformation. This permitsthe
algorithmsto extractmoreinformationfrom NMR datathan
traditional methods. In particular we describehow Time-
Frequeng Analysis(TFA) canbeemplosedto obsene and
guantitateChemicalShiftDynamicgCSD).We demonstrate
that CSD canbe analyzedusing TFA to extractimportant,
andheretoforainobseredstructurainformation,from NMR
experiments Ouralgorithmdemonstratetheutility of higher
order statistics(in particular polyspectralanalysisandthe
bicoherencespectrum¥or proteinNMR, bringing new data
analysistools to the armamentariunof the structuralbiol-



ogist. CSD arerich in structuralanddynamicinformation,
andyet they have never beenpreviously exploited. TFA al-
lows usto decodetheinformationlockedin CSD.The CSD
TFA protocoleffectively de nesanew classof NMR experi-
ment.Ourwork shavs thattheinformationcontentof NMR
data(in general)andthe >N HSQC(in particular)is much
higherthanpreviously believed. Furthermoresincethe °N
HSQC is perhapsthe simplest, cheapestand fastesthet-
eronuclealNMR experiment,our methodmay have appli-
cationsin high-throughpustructuralgenomics.We present
the experimentalresultsof applyingour algorithmson two
proteinNMR datasetsfrom (1) humanglutaredoxinwhich
plays an importantrole in maintenanceof the redox state
of the cell aswell asin DNA biosynthesisand (2) core-
bindingfactor a heterodimeridranscriptionfactorinvolved
in hematopoesisOncogenidranslocationsn CBF- and-
areimplicatedin acutemyelomonogtic leukemia.

We now summarizehepotentialapplicationof ourwork
in high-throughpuNMR methodsfor structuralgenomics.
GeneralizingheJigsaw protocolof Donaldandco-workers
[1,2], four spectrathe 1°N-editedHSQC,3D °N-NOESY,
80 ms. ®*N-TOCSY, and HNHA) from a uniformly °N-
labeledproteinwould be acquiredin a few days. JIGSAW
would thenbeemployedto performbackboneesonancas-

signmentandcalculatesecondargtructurdncluding -sheets

[1,2]. Next, we wish to constrainand calculatethe global
fold in ahigh-throughpumanner TheHSQCcanthenbere-
analyzedasdescribedn this paper)to revealcorrelationsn
the CSD TFA ®N-HSQC.CSD TFA yields structuralcon-
straints(distancecorrelations)that, togetherwith the sec-
ondary structureand backboneamide proton assignments
from JiGsaw, can be interpretedas distancerestraintsto
calculatean approximateglobalfold. The above setof four
experimentsequiresonly daysof spectrometetime, rather
thanthe monthsrequiredfor the traditional suite of dozens
of experiments Furthermorethe proposedrotocolonly re-
quiresa proteinto be °N-labeled,a muchcheapeandeas-
ier procesghan®3C labeling. From a computationaktand-
point, we adopta minimalist approach,demonstratinghe
large amountof informationavailablein a few key spectra.
While Jigsaw is usedasan example,our methodfor CSD
TFA is actuallyindependentf JiGsaw: alternatvely, other
high-throughputassignmenstrateyies could be employed
[e.g., 3-5], alongwith secondarystructurepredictorsfe.g.,
7, 8] or otherNMR methodsfor rapid secondarystructure
determinatiori9].

We begin, in Section2, with a review of the theoryand
practiceof NMR spectroscop anddiscusghe implications
of proteindynamicson quantumsystems.Section3 details
our methodfor extractingtime-varyingbehaior from NMR
data.In sectiond we introducemethoddor analyzingtime-
varyingNMR data. Section5 presentghe resultsof the ap-
plication of TFA to the raw HSQC datafor humanglutare-
doxinandCBF- . Finally, section6 discussesheseresults
andintroducesa biophysicalmodelto explainthem.

2 NMR Data

Correlationsin nuclearspin angularmomentumare man-
ifested as resonantpeaksin NMR spectra. The location
of thesepeaksin frequeny spaceis measuredis chemical
shift MultidimensionalNMR spectracaptureinteractions
betweenatomsaspeaksin R? or R3, wherethe axesindi-
cateresonancérequencie®r chemicalshiftsof atoms.In a
typical 1°N spectrumpeakscorrespondo an >N atom, its
amideproton (HV), and possiblyanothertH atom, of par
ticular resonancdrequencies.A peakoccurswhenatoms
interact Atoms interactvia quantummagneticcoherence
transfereitherthroughcovalentbonds,or throughspace.

Traditional NMR structure-determinatioprotocolscall
for a numberof different experiments. Each experiment
givesqualitatively differentkinds of information. NMR ex-
perimentsfall into two cateyories: those(suchasNOESY)
thattransfermagnetizatiothrough-spacendthose(suchas
HSQC)thattransfemagnetizatiorthrough-bond.Through-
spaceanteractionsarecausedy the NuclearOverhauseEf-
fect (NOE) which falls off with r © [10] andis essentially
zero beyond 6 A. ConsequentlyNOEs are typically em-
ployedto derive distancerestraintsamongpairsof protons.
Through-bondxperimentsareusedto derive severaldiffer-
ent kinds of information, althoughin general,not distance
restraints For example the >N HSQCis atwo-dimensional
through-bondexperimentcorrelatingthe amideprotonwith
the amide 1°N of the sameresidue[11] (Fig. 1 A). The
HSQCis typically usedto determineandpairwisecorrelate
thechemicalshiftsof theamideprotonsandnitrogensalong
thebackboneof the protein. Thesecorrelationsestablisithe
HN-15N connecwities, andthebackbonehemicakshiftsare
subsequentlysedasreferencepointswithin otherspectra.

Theprecisdocationof anNMR peakin frequeng-space
is determinedby a numberof factors. Eachatom-typehas
aninherentchemicalshift. For example,in “isolation”, all
hydrogenatomswould have the samechemicalshift. This
fundamentalfrequeng is modulatedup eld or down eld
via shielding by the electronclouds and nuclei of nearby
atoms. Within an amino acid (monopeptide)theseshield-
ing interactionsare systematiandrepeatableThatis, in a
testtube of a given aminoacid (e.g., Alanine) in solution,
the amideprotonfor eachmonopeptidewill have the same
chemicalshift. In alargeprotein,sequentiainteractionsand
the shieldingof atomsbroughtinto spatialproximity dueto
secondanandtertiary structurealsosigni cantly affectthe
chemicalshift of agivennucleus.

2.1 Chemical Shift Dynamics

Proteinstendto be e xible andin solution, are constantly
undepgoing small conformationalchanges.Sincechemical
shiftsareaffectedby tertiarystructurg12-14], we mustcon-

cludechemicakhiftsarein factdynamic(time-varying). We

will refer to the phenomenas Chemical Shift Dynamics
(CsSD).
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Figure 1: (A) The HSQCMagneticTransferencé@athway (dottedline). Magnetizationis transferredthrough-bondrom the amideproton, to the amide
nitrogenandback.(B) Windowing. In Time Frequeng Analysisshortsegmentsof thefull data,calledwindows areextractedandanalyzedseparatelyin this
example,eachrow is anindividual FID. A window is a subsebf the columnsin the full FID matrix. Eachwindow is Fourier Transformedafter scalingand
padding)yielding a singlespectraframe.(C) PeakFeaturesFor eachpeakwe extractthefrequeng of the centerof thepeak(! 4 and! y ), thewidth of the

peak( y and y ) andtheintensity or heightof thepeakl .

Molecularmotion occurssimultaneouslyat mary differ-
ent time-scalesspanningmary ordersof magnitude[15].
Someof thesetime scalesarewithin the Nyquistfrequeny
de nedby NMR samplingrates.ConsequentlyCSDsare,in
principle,obsenableby NMR. Furthermoreit is reasonable
to hypothesizéhatCSDre ect structuralpropertiesandare
therefore worthy of examination.

Interestingly chemicakhiftis typically viewedasa static
property Thisis in large partdueto toolsemployedin tra-
ditional NMR analysis.A NMR spectrometerecordsa se-
riesof time-domainsignals know asFreelnductionDecays
(FIDs). A givenatom's chemicalshift is encodedasa peri-
odicity within the FIDs. It is obtainedby applyinga Fourier
Transformto theFIDs. FIDs, beingtime-domairsignalsare
capableof encodingCSD.However, it is not possibleto ob-
sene CSDusingtheFourier Transformbecausd integrates
overtime. Theprimarycontribution of this paperis applica-
tion of Time-Frequeng Analysis(TFA) to extractCSDfrom
NMR data.

Of course single spintime-resohed chemicalshifts are
not apparentn the FID pro le. Theaim of ourwork is not
to isolatethe emissionsof single spinswithin the ensem-
ble. Clearly, thatwould not be possible.Our ideais differ-
ent. We obsenethatusingthe standardnethodsa signalis
interpretedin eitherthe time-domain,or the frequeny do-
main, using the discreteFourier transform(FT). However,
by doingan FT over the wholetime domainone cannotfo-
cuson local frequeng distribution variations. The FT as-
sumesthat the frequeng contentof the signalis constant
throughoutthe entire signal and thus that it is effectively
periodic. This meansthattherecanbe no conceptof time
in thefrequengy domain,andthereforeno conceptof a fre-
guengy changingwith time. Mathematicallyfrequeny and
time are orthogonal. But somesignalsdo have frequengy
componentshatchangewith time. The Short-Time Fourier
Transform(STFT) triesto evaluatethe way frequeng con-
tentchangeswith time. Using TFA methodsponecanoften
separateghecomponent®f asignalin waysthataredif cult
orimpossibleusingstandardime-seriesanalysisor standard

spectralanalysis. Hence,the STFT and the wavelet trans-
form have becomestandardoolsin signalanalysis.For ex-

ample,Coatrieuxandco-workers[16] employeda wavelet
transformto performTFA on 31P magneticresonancepec-
troscopy (MRS) datafrom perfusedvorkingsmoothmuscle,
demonstratinghe utility of TFA for MRS.

We notethat CSD are a differentphenomendrom tra-
ditional NMR dynamicsg(e.g.,'>N- and'3C-relaxatiorrates
for molecularmobility studies,their interpretationvia the
'model-free’ formalismto obtaingeneralizedrderparame-
ters,oramideprotonexchangeneasurement$).7-24]. Hence,
we will shav that CSD containcomplementarynformation
to traditionalNMR dynamicsprotocols.

3 Time-Frequency Analysis

Our algorithmfor extracting CSD from NMR datais sum-
marizedin Figure2 A.The detailsof eachsteparediscussed
in the following subsectionsWe will focuson the applica-
tion of TFA to the >N-editedHSQC in our examples,but
TFA canbeappliedto thedatafrom any NMR experiment.

3.1 Data Acquisition and Preprocessing

The dataacquisitionand preprocessingtepsare the same
for TFA andtraditionalmethods.A sampleis placedin the
spectrometerand a seriesof pulse sequencesre applied.
At the end of eachpulsesequence signalis recorded—
thisis the FID. A two-dimensionaNMR experiment,such
asthe N-edited HSQC, involves the acquisitionof a se-
guenceof FID'swith increasing ; times,resultingin atwo-
dimensionaFID matrix. Oncethedataarecollectecthey are
subjectedo anumberof preprocessingteps.Typical trans-
formationsinclude noise-reductiorand watersuppression.
After the preprocessinghetraditionaltechniquewould ap-
ply a single2-dimensionaFourier Transformto the datato
obtainthe NMR spectrum.



FunctionTFA(F 1 D s;n)
SetFrames = ;
Fori = 1ton
Setf = extractWindo
f

w(i; FIDs)

applyHammingWindo w(f)

zeroP ad(f)

FFT (f)

phaseCorrect (f)

= baselineCorrect (f)
SetFrames(i) = f

ReturnF rames

— —h —h
o nn

—
|

FunctionPeakTrack(F rames)
SetP = extractP eaks (Frames(1))
SetT =f (N yp 'ypi wp s npslpD)iP2Pg
Fori = 2tosizeOf (Frames)
SetP = extractP eaks (Frames(i))
SetC=f(;p 2T Pjgp’2 P;d(t; p)
SetT = fappend(p;t)j(t;p)2Cg
ReturnT
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FunctionSIM (T r acks)
Setsim = ;
Fori = 1tosizeOf (Tracks) 1
Forj = i tosizeOf (Tracks)
sim (i; j ) = max(M (T racks(j); Tracks(j)),
P(Tracks(j); Tracks(j)),
B(Tracks(j); Tracks(j)))
Returnsim

Figure 2: (A) TFA Algorithm. (B) PeakTracking. A track is a list

of temporally sequentialpeaks. The peaktracking algorithm createsan

initial setof tracksfrom the rst frame. Peaksdrom subsequerframesare

appendedo the track with a peakthatis closestin frequeng, shapeand

intensity (C) Similarity MeasurementsA similarity matrix is generated
usingthe maximumsimilarity betweertracksi andj undertheM ; P; and

B similarity metrics(equation®2-4)

3.2 Short-Time Fourier Analysis

The primary distinction betweentraditional NMR analysis
and TFA is the use of the Short-Time Fourier Transform
(STFT)[25] . The STFTis a standardnethodfor analyzing
time-varying signals. Whereaghe Fourier Transformtakes
asinputtheentireFID datasetto producea singlespectrum,
the STFT takes as input successie, overlappingtemporal
windowsof the FID matrix to producemultiple spectraFig.

1B).

Thereis aninherentrade-of betweerfrequeny andtem-
poralresolutionwvhenapplyingTFA. In summarythesmaller
theinputwindow the higherthe temporalresolutionbut the
lower the frequeng resolution.To a certainextent,onecan
compensatéor lower frequeng resolutionby zero-padding
the dataprior to analysisandincreasinghe amountof tem-
poral overlap(in datapoints) betweenwindows. Our input
window sizewas128datapoints.EachFID is 1024samples
long. We usedmaximally overlappingwindows so thatwe
could generateas mary spectralframesaspossible. When
windowing data, it is crucialto apply a scalingfunction to
thewindow. Failureto do soresultsin spectrakrtifacts.We
applieda Hammingwindow scalingfunction to eachwin-

dow andthenpaddedhedatawith zerogustprior to spectral
analysis.

Theoutputof TFA is, in essenceamovie —atime-series
of spectraframes.Qualitatively, a singleframefrom a TFA
looks very similar to the traditional >N HSQC spectrum.
Quantitativelyhowever, therearedifferencesiueto thefact
thatframesarelocalizedin time.

After spectralnalysistraditionalmethodsusuallyapply
phaseand base-linecorrectionto the spectra. We applied
bothphaseandbaselinecorrectionto eachof the TFA spec-
traframes[35].

3.3 Peak Picking and Feature Extraction

The next stepin either the traditional or the TFA method
is to locateand characterizehe resonantpeakswithin the
spectra. This canbe donemanuallyor automatically We
utilized the automaticpeakpicking capabilitiesof the pro-
gramNMRPipe [26] to locatethe peaksin eachframe. In

additionto locatingthe position of eachpeakin frequeny
space the NMRPipe peakpicker alsoextractsa numberof
otherfeatuiesfrom eachpeak. In our experimentswe uti-
lized 5 features:the peaks amide-protorand *°N chemical
shifts(! 4 and! y ), amide-protorand*®N line-widths(

and y ), andintensity(l ) (Fig. 1 C).

3.4 Peak Tracking

Oncethe peakpicking andfeatureextractionarecompleted,
the next stepis to tracethe evolution of eachpeakthrough
time (Fig. 2 B). We call thistrajectoryatrack. Theinputto

thepeaktrackingalgorithmaretheindividual peaklists, one
for eachspectralframe. For eachframe,a greedyalgorithm
matchespeakin framei with thepeakin framei + 1 whose
5 featureamostcloselymatchits own. If no suchpeakexists
thenthetrackis labeledas“terminated”. All matchingsare
unique.Thatis, nopeakfrom framei + 1is pairedwith more
thanonepeakfrom framei: The outputof the peaktracker
is a setof tracks. Eachtrack encodesa trajectoryin a ve

dimensionalspace. Alternatively, one canthink of a track
asa5 N matrix whereN is the numberof frames. We

call this matrix the track matrix. Eachtrack correspondso

asinglepeakin the traditional >N HSQCspectrum.When
the assignmentsf thesepeaksto speci ¢ (HN, 1°N) pairs
areknown, we canassigneachtrackaswell.

4 CSD Analysis

TFA is primarily a meansfor observingCSD. Analysis of
CSD,we will show, yields relevant biological information.
We've statedthat proteinmotion givesriseto CSD. Differ-
encesin track dynamicsmay be dueto differencesin the
moleculardynamicsof variouspartsof the protein.If thisis
true,thenthereis informationencodedn CSD.Speci cally,
if we can nd setsof tracksthat aretemporallycorrelated,
it mightindicatesomethingaboutthe atomsassociatedvith



thosetracks.For thisreasonwe choseto explorethe notion
of similarity amongpairsof tracks.

4.1 Track Similarity Measurements

Differentsimilarity measuremenemphasizéifferentprop-
ertiesof thetracks.Themoleculardynamicswhich giverise
to CSD are varied, complex and typically unknown at the
time of NMR analysis.For thesereasonsye implemented
threedifferenttrack similarity measurementgachtarget-
ing a differentkind of information[Fig. 2 C]. It is worth
introducingandreviewing thesemetrics,sincetheirapplica-
tion maybeunfamiliarin this context. Theuseof the power
spectrumto infer structuralconstraintdrom enepetic sim-
ilarity in chemicalshift dynamicsis novel. Our third sim-
ilarity metric emplgys higherorder statistics (speci cally
polyspectrahnalysisandthe bicoherencepectrum)27]
which have not beenpreviously appliedto ary form of bio-
polymerNMR.

The rst measurementyl , comparegrack morphology
usingthe correlationcoefcient. The secondmeasurement,
P, compareperiodicitieswithin thetracksusingthe power
spectrum The power spectrumof a signalis the squareof
themagnitudeof its Fouriertransform.It revealstheamount
of enegy presentas a function of frequeng. Two tracks
experiencingsimilar periodicitieswill have similar power
spectra. The nal measurementB, comparesonlineari-
ties within the tracksusingthe bicoheencespectrum[27].
The bispectrumis a higherorderstatisticcapableof detect-
ing third-ordercorrelationswithin a signal. It is oftenused
to detectquadraticphasecoupling, a speci ¢ type of non-
linearity. Itisde nedasB(! 1;!'2) = Y( 1))Y(' 2)Y (! 1+
I'2) whereY (!) is the FouriertransformandyY (! ) is its
complex conjugate.The functionsgoverningCSD arenon-
linear Thus,it is possiblethattrackswill exhibit quadratic
phasecoupling. Two tracksthatarecausedr modulatecby
thesamenon-lineamprocesswill have similar bispectraThe
bicoherencés thenormalizecbispectrumlt is de ned as

Y)Y 2Y (Pe+ 1))
Y)Y IPIY (L e+ )i

Be(1:!12) = &

(1)

The bispectrumhaspreviously beenutilized in a numberof
domaingto extractinformationfrom the higherorderstatis-
tics of naturaldatale.g.,27,28].

We saythattwo tracksarecorrelatedif their similarities
exceeda chosenthresholdunderary of the threesimilarity
measurement®therwisethey areuncorrelated Let C de-
notethesetof pairsof correlatedracksandlet U denotethe
setof pairsof uncorrelatedracks.C andU aredisjointand
thesetC [ U isthesetof all pairsof tracks. Notethatthe
cardinalityof C, andconsequentiyJ, is determinedoy the
choserthreshold.

Prior to calculatingsimilarities betweenpairs of tracks,
eachpro le is normalizedto therange[ 1;1]. Thesimilar

ity betweentwo tracksare only computedover temporally
coincidentframes. The M, P, andB similarity measure-
mentsare calculatedasfollows. Let X andY betwo track
matrices.Letx, , , X1, X ,, X , andx, denotethe rows
of X, correspondingo the chemicalshift, line-widthsand
intensitypro les of X , respectrely. Notethatx, ,, , for ex-
ample,is avectorof N ! j -values,onefor eachframe.
OurM similarity measuremeris de ned as

MOXY) = (F(X sy g )Xy s Yy )s 2
FX Y w )i r(X Y W
r(xi;yi))

wherer (X; y) is the correlationcoefcient of vectorsx and

y.
OurP similarity measuremeris de ned as

POXY)=(r(HX )iHY )i r(HXx ) H( ) (3)
r(HX )i HY G ))ir(H(X )iH (Y )
r(H);HW D))

where H (x) is the power spectrumof the vector x, and
r(Hi;Hy) is the correlationcoefcient of the power spec-
traH; andH..

Our B similarity measuremernis de ned as

B(X;Y) = (r(Be(xi )i Be(yr )i r(Be(Xi )i Belyr y ));
r(Be(X , );Be(y 4 ));r(Be(x )i Bely  ));
r(Be(xi);Be(yi))

whereB(x) is thebicoherencef the vectorx, and
r(Bci; B¢2) isthecorrelationcoefcient of thebicoherences
B¢ andBcz.

The similarity measurementare in the range[ 1;1].
Eachsimilarity measuremer{M , P, B) is multidimensional
(onedimensiorperfeature)anda separat¢hresholdvasse-
lectedfor eachdimension.The masterthresholdfor a given
similarity measuremeris adjustedby maintainingthe rela-
tive positionsof thethresholdgor theindividualdimensions.
Theglobalsimilarity measuremenakesthe maximumsim-
ilarity underM , P andB . Thecorrelatechairsfrom eachof
M, P andB arecombinedto createthethe nal, correlated
set.We arepresentlyexploring analyticalmethoddor deter
mining thresholdsbasedon the distributions of similarities
obsenedundera givenmeasurement/dimension.

5 Results

Ourtechniquéhasbeenappliedto theraw, two-dimensional
15N HSQCFID matricesrom thetwo proteinsHumanGlu-
taredoxin(huGrx) [29,3Q (PDB ID 1jhb) and Core Bind-
ing FactorBeta(CBF- ) [31,32] (BMRB Accessior4092;



(A) TrackStatistics
Protein
CBF- (ppm) | huGrx(ppm) | scTCR(ppm)
Mean Chem.Shift 0.16 0.17 0.27
Max Chem.Shift 0.78 0.63 0.59
Min  Chem.Shift 0.07 0.07 0.14
St.Dev.  ChemShift 0.09 0.07 0.09

(B) Inter Atomic DistanceStatistics
huGrx CBF- SCTCR
CAlUA |[cA|lUAB |[cA| UWR
Mean 11.02 17.07 1190 | 22.26 | 21.23 26.58
Median | 9.59 16.56 | 12.09 | 21.34 | 17.37 | 26.58
Max 23.45 | 40.76 21.27 | 53.68 | 48.00 | 56.95
Min 3.45 1.85 191 1.80 5.20 2.29
Pairs 23 8187 21 19001 21 17780
ttest | p<1:8 10 5 | p< 76 10 7 | p< 19 10 2

Table1: (A) Summaryof track statisticsfor CBF- , huGrxandscTCR
(preliminaryresults).  chemicalshift is calculatedasthe differencebe-
tweenthe highestandlowestprotonchemicalshift valuein eachtrack. (B)

Interatomicdistancestatisticsfor the distribution of temporallycorrelated
peaks(C) vs. uncorrelatecpeaks(U) in huGrx, CBF- , andscTCR(pre-
liminary results).Thenumberof pairsof protonsin eachdistributionis also
reported.Student t-testcon dencescoreqp-values)re ect the probabil-
ity the differencesn meansaredueto chance.

PDB ID 2jhb). The sizesof the the two proteinsare 106
andl143residuesespectiely. We wereprovidedtheoriginal
15N HSQCFID data signalprocessingarametersandorig-
inal peaklists for eachproteinby Dr. JohnBushweller *°N
HSQC spectrawere recordedat Dartmouthon a 500 MHz
VarianUnityPlusspectrometewith anactively shieldedyra-
dient triple resonanceprobe and pulsed eld gradientsat
20 Candat30 Cfor CBF- andhuGrx,respectiely,in 5%
D, 0. In our experimentswe utilized signal processingpa-
rameterssimilar or identicalto thoseusedin [29, 31] when
possible.

5.1 Observability of CSD

A representatie track is presentedn Fig. 3. A numberof
reasonsuggesthatthedynamicsexhibitedin thetracksare
not merelyspectralartifacts.First, we notethateachtrack’s
intensity (1) exhibits the expecteddecaypredictedby the
Bloch equationd33]. Secondthe measuredengthof each
trackcloselymatcheghe publishedT, times(within 4% for
CBF- , within 5% for huGrx). Third, a typical peakmoves
in a rangeof about0.2 ppm [Table 1 A] which is small
enoughto be consistentwith the changein chemicalshift
dueto structural e xibility [34] yettoolargeto beexplained
by errorsin estimatinga peaks position—NMRPipe esti-
matesthe numericalerrorin localizing a peakin frequeny
spaceln our experimentghaterroris, on average0.01ppm
—an order of magnitudesmallerthanthe changeswe ob-
senein thechemicakhift pro les of ourtracks.Thus,CSDs

cannotbe attributedto measuremergrroralone.

Of course,anFID is a compositeof the individual sig-
nals emitted from the atomsin solution. A track exhibits
an aggreyateof individual behaviors ratherthanthe behar-
ior of asingleatom.However, it is reasonabléo assumehat
eachmoleculen solutionhasroughlythesamestructureand
thereforehesamecapacityfor motion. Consequentlycorre-
spondingatomsfrom differentmoleculesxperiencesimilar
variationsin their electronicernvironment.Averagecbverall
the moleculesin solution,the tracksassociatedvith atoms
in the vicinity of especiallymobile regions of the protein
shouldhave characteristicglifferentfrom thoseassociated
with relatively rigid regions. By extension,two e xible re-
gions undegoing differentkinds of motion (e.g., periodic,
but at differentfrequenciesvill giveriseto trackswith dif-
ferentproperties.

5.2 Information Content of CSD

We know the peakassignmentfor eachprotein,soit is pos-
sibleto identify theamideprotonassociateavith eachtrack.
Furthermore the 3-dimensionaktructuresof the two pro-
teinsareknown, soit is possibleto validatethe calculated
similaritiesin termsof biophysicalproperties We calculated
the track similarity for all pairsof tracks. We discovered
thatthe graphof cumulative meansof inter-atomic,*H-1H,
distancessortedby increasingtrack similarities, exhibits a
negative correlation(Fig. 4).

That is, for sufciently high similarity thresholds,the
meaninter-atomicdistanceof setC is smallerthanthemean
inter-atomicdistanceof setU.

As the meansof thedistributionsC andU diverge (with
higherandhigherthresholds}hey reacha point wherethe
differencebecomestatisticallysigni cant accordingto Stu-
dent's t-test. Above this rangewe canadjustthe cardinality
of C while maintaininga statisticallysigni cant difference
in the means.Detailedstatisticsaregivenin Fig. 8. Thet-
testassumethatthetwo distributionsarenormalwith equal
variances.Our varianceswvere not equalso we appliedthe
standardog-transformatiorto the distributionsto equalize
thevariances.

We thenselectedh thresholdhatmaximizeghedistance
betweenthe meansof C andU whenthe cardinality of C
is betweentwenty andthirty (Table 1 B, Fig. 5). The sta-
tistical signi cance of thesedifferencesn meanswas ver-
ied (Students t-test, huGrx: p < 1:8 10 5; CBF- :
p < 76 10 7). We concludethat our track similarity
measuremerfiasa signi cant biastowardspicking proton
pairsthatareclosein space Of particularinterestis thatthe
distributionsreportedn Tablel B. andFig. 5 includea high
percentag®f long-rangenteractions.Theselong rangein-
teractionsare analogougo the NOE distancerestraintsob-
tainedfrom NOESY spectroscop [35]. A graphicaldepic-
tion of theserestraintsalongthe backbone®f the two pro-
teinsis givenin Fig. 9.
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UnderourM , P, andB similarity measurementsot all
spatiallyproximateprotonpairsarefoundto bein C. This
behaior also parallelsNOESY spectroscop in which not
all close*H-'H pairsappearHowever, NOESY peakinten-
sity is correlatedwith inter-atomicdistancen aroughlyr ©
fashion. In contrastthe degreeof M, P, andB -similarity
cannotcurrently be usedto quantitatethrough-spacelis-
tance. We are presentlyexploring more sophisticatedim-
ilarity measurementthat may yield quantitatve boundson
distance.

It is worth emphasizindghatthe distancenformationob-
tainedin our experimentsis unexpected. The >N HSQC,
unlikeaNOESY, is notsupposedo containanyinter-atomic
distanceinformation. Indeed,it is speci cally designedo
preventtransferencef magnetizatiorbetweeranything but
the 1N andH from eachamidegroup. The key advantage
to TFA, however, is thatit revealsatomic propertiesunre-
lated to transferencepathways. We also note that because
the meandistancecorrelationswve obsere are considerably
largerthanthe 6 A, they arenot explainableby ary residual
or unsupressebOE.

TFA of HSQC datais not intendedto replacestandard
NOESY experiments. Rather it demonstrateghat thereis
more informationin NMR datathan previously believed.
Indeed, TFA canbe appliedto NOESY dataaswell. TFA
maybeusedo supplementraditionalNMR spectraSeveral
commonproblems suchaspeakoverlapandpeakmatching
within and acrossspectramay bene t from an analysisof
thetime-varyingbehaior of thedata.

Theraw FID datafor huGrxandCBF- wererecorded
from the sameVarianNMR spectrometeat Dartmouth.An
importantcontrol experimentis to testthe TFA protocolon
datafrom differentspectrometersWe recentlyappliedour
TFA protocol to the raw >N HSQC datafor a third pro-
tein, Single Chain T-cell Receptor(scTCR)[36] (BMRB
Accessionr4330; PDB ID 1bwma)recordedon a different
spectrometent Harvard, and provided to us by Dr. Brian

Harein Prof. GerhardWagners lab. The preliminary re-
sultsfrom theseexperimentsare also presentedn Table 1
andFigure6. We obseneda similar trendin this new data,
which was not as pronouncedalthoughstill signi cant (t-
test,p < 0:019). A differenceof approximately5.5 A was
obsenedbetweenthe meansof C andU. However, unlike
the othertwo proteins,in scTCR,C doesnot form a nor-
mal distribution. Consequentlyit is alsousefulto consider
thedifferencein medianswhichwas9.21A — comparable
to the differencein mediansfor huGrxand CBF- . There
areseveralpossibleexplanationdor thesmallereffectin the
means.scTCRis a challengingNMR projectbecausef its
size (28 kD, 255 residues)- morethan 100 residuedarger
thanour next largestprotein,CBF- . In generaINMR spec-
tra for large proteinsare more dif cult to work with, pri-
marily dueto wealenedsignalstrengthandspectraloverlap
(crowding amongpeaks).Consequentlyin the TFA, it was
harderto separatendtrackpeaksor scTCR:signaloverlap
andpeakdegenerag complicatethe analysis.In Sec.8 we
suggest numberof computationalmprovementshat may
helpsolve theseproblems.

6 Comparison of experimental results to theoretical
models

Considerthefollowing simpli ed modelin Fig. 7. Suppose
protonsX andY arebothnearsomeregion of the proteinZ.
Z is closeenoughto X andY to have somein uence ontheir
chemicalshifts (e.g.via electronicshielding).Now suppose
thatZ is partof a e xible region. As Z moves,the chemical
shiftsof X andY will change.If Z's motion hassimilarin-
uence (i.e., up eld or down eld) on X andY, thentheir
trackswill have morphologicalsimilarities. Furthermore,
if Z's motionis periodic, thenthe tracksof X andY will
be periodicandthereforehave similar power spectraand/or
bispectra. Of course,X andY may themselesbe part of
(independent)e xible sub-domainsTheir individual chem-
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Figure4: Meaninteratomicdistancevss. similarity for huGrx(top panel)
and CBF- (bottom panel). The data-pointswere obtainedby sweeping
the similarity thresholdfrom 0 to 1 and computingthe meaninteratomic
distancefor thesetC correspondingo thatthreshold. Thedata-pointatthe
far left comprisesall pairsof protons. The point at the far right comprises
only thosepairsof protonswith highestsimilarity. To avoid anunfair skew
in the mean,a proton anditself (i.e., similarity =1.0, distance= 0.0 A)
are not includedin ary computedC. The similarity scaleis non-linear
to highlight the drop in distanceat high levels of similarity. Above 0.8
we obsere a steeperdrop-of. The dashedines are positve and negative
standarderrormeasurements.

ical shiftsmayre ect thecombinedn uence of multipleZ's
plustumblingandsolventinteractions.However, insofar as
our modelis concernedtheseadditionalfactorswill yield
morecomplex CSD but the possibility of detectingcorrela-
tionsremains.In suchcasesa multi-dimensionakimilarity
measuremensuchasthe one presentedere,will increase
thechance®f nding correlations.

Z canonly in uence the chemicalshifts of atomswithin
a x edradius[37]. Whenthis radiuscanbe estimatedup-
per boundson the distancebetweentemporally-correlated
trackscanbecalculatecandappliedquantitatvely in aman-
ner analogouso NOE's. Note that underthis model, the
conditionsnecessaryo producetemporalcorrelationsbe-
tweenpairs of tracksare quite restrictve. In particular it
doesnot predictthatall pairsof closeatomswill betempo-
rally correlated.

huGrx

% of Distribution

la.

L
0 5 10 15 20 25 30 35 40
Distance in Angstroms

CBFBeta

0.5 T T T

o o o
N w S

% of Distribution

o
[

0 10 20 30 40 50
Distance in Angstroms

Figure 5. Normalizedhistogramsof distancesobsered for computed
C'sandU's for huGrx (top panel)andCBF- (bottompanel)asreported
in TablelB. In bothpanelsC is shiftedsigni cantly towards0. Theheight
of abarindicateshe percentagef thetotal populationwithin thatrange.

6.1 Comparison to Simulation of Chemical Shifts in
Mobile Protein Domains

We testedour modelwith simulatedspectraof proteinsin
which we simulatethe moleculardynamicsover time. In
the rst simulationwe createda time-seriesfrom twenty
PDB les describingdistinct, but similar, low-enegy con-
formationsof CBF- derived from traditional NMR struc-
turaltechniquesin the secondsimulationwe usedthetime-
serieggeneratefromthetenPDB les of hemoglobinHGN)
andChe-Y protein(CHY) asobtainedfrom the databasef
moleculamotiong[15]. UsingtheprogramSHIFTS[38] we
simulatedthe chemicalshiftsfor eachprotonin eachof the
PDB les describingthe motion of the molecules.SHIFTS
takesasinputaPDB le andestimate@rotonchemicakhifts
from empirical formulas. The resultis analogouso TFA
of real NMR databut not identical. A key distinctionis
the length of the simulatedtracks. Ten and twenty data-
point tracksare too sparseto perform meaningfulspectral
analysisso we only consideredhe morphologicalsimilar
ity (M) of thetracks. The pairwisetrack similaritiesunder
the M similarity measurementerecalculated. Two lters
wereappliedto the similarity matrix. The rst lter ignores
ary singletrackwhosechemicalshift pro le rangeis below
a minimum threshold. In other words, we ignoredtracks
that were essentially at. The second Iter ignored pairs
of trackswhoserespectre CSD rangeswerewildly differ-
ent. Thatis, we did not comparea track with high actiity
with one with low activity. The reasonis that atomsex-
periencingwildly differentrangesof CSD are unlikely to
be nearby A thresholdwas appliedto the Itered matrix.
Theinter-atomicdistance®f thetracksabove the threshold

60
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Figure6: Normalizedhistogramof distance®bsened for computedC
(bottom) and U (top) for scTCRas reportedin Table1 B. C is shifted
signi cantly towards0. Thelengthof a barindicatesthe percentagef the
total populationwithin thatrange.

were examined. As in the experimentson real NMR data,
thereis a statisticallysigni cant difference(Studentst-test,
CBF-: p< 1:8 10 ° HGN:p < 40 10 3; CHY:
p< 51 10 7) betweenthe meansof correlatedandun-
correlatedracks.Detailedstatisticsaregivenin Table2.

7 Conclusion

Theapplicationof TFA to NMR datais appropriatdbecause
1) NMR dataareinherentlytime-varying,and2) CSD have
the potentialto yield moreinformationaboutthelocal elec-
tronic ervironmentthanthe correspondingime-averaged
chemicalshift. We have shovn thatit is possibleto obsene
CSDin oneclassof NMR experiment. The chemicalshifts
of the atomsin ary e xible protein are dynamic. There-
fore, TFA is applicableto ary NMR experimentwith suit-
able time-resolution. The 1®N HSQC is one such experi-
ment. Applying the techniquegpresentedereto otherex-
perimentss anobviousextension.Onecanimaginefurther
enhancingheobsenability of CSDby manipulatinghefac-
torsaffectingprotein e xibility (e.g.,solutiontemperature).

We have alsoshovn thatCSD containstructurainforma-
tion. In particular our resultsdemonstrateéhat >N HSQC
CSD containthrough-spacénter-atomic distanceinforma-
tion. Themodelwe usedto explaintherelationshipbetween
temporalcorrelationandinter-atomicdistancedoesnot pre-
clude nding thisinformationin otherNMR experimentsas
well. Adaptingthetechniquegpresentedhereto otherNMR
experimentswill permitthe kind of cross-walidationtypical
in NMR discovery.

The extraction of inter-atomic distanceis not the only
potentialapplicationof TFA. It mightbeusedto con rm, or
provide an alternatve meansfor obtaining,standardNMR

Figure 7: Molecularmotion-basednodelfor obsered relationshipbe-
tween spatial proximity and temporalcorrelationof CSD. The dark-gray
dashedine representanarbitrarysequencef residuesn thepeptidechain.
Circlesandlines represenatomsand bonds. ProtonsX andY are both
proximalto Z, a e xible substructureof the protein. As Z moves (in this
examplebackandforth alonganarc)its in uence on therespectie chem-
ical shiftsof X andY changesTheresultis a coordinatecchangg(in this
example,anti-correlatedpf thechemicalshiftsof X andY. B is theapplied
magneticeld.

measuremeni®.g., T, times). Theidenti cation andclassi-
cation of e xible regionswithin biologicalmacromolecules,
peakseparationin denseNMR spectraand peakmatching
acrossspectraareall exciting directionsfor futurework.

8 Future Work

This paperdemonstratethe existenceand obsenability of
CSDusing TFA. Correlationsn CSD were usedto extract
structuralinformationin a high-throughputmannerthat is
amenabléo automation.In Sec.6 we proposedh biophysi-
cal modelfor the CSD correlations Themodelis consistent
with both experimentaland simulatedstudies. Futurework
shouldende&or to validateor falsify this model. Chemical
shift (CS) is the resultof magneticshielding, so anything
that affects CS mustipso facto be a shielding/deshielding
process.n this paper we exploited the factthatthe CS de-
pendson the intricate detailsof the molecularstructure,so
thatchangesn the structure(or more precisely changesn
thedistribution of structuresill affectthe CS.However, in
future work, one wishesto understandhe detailedcauses
of nuclearshielding. Hence,experimentsshould be per
formedto consideralternatve biophysicalexplanations For
example,Drs. Alan Sternand Jef Hoch have suggestedo
usthat CSD may be the resultof sampleheatingduringthe
pulsesequencé40]. To testthis hypothesiswe proposeto
run HSQCsusingpulsesequencewith differentlength(or
power) presaturatiopulses.A sequencavith along presat-
urationpulsewill heatthesamplemorethanasequencevith
a shortone. If the chemicalshift changesare not affected
by thelengthof the presaturatiompulse,thentemperaturés
probablynotresponsibldor the effect.

A varietyof controlexperimentsshouldbe performedas
well. Theseinclude: disablingthe deuteriumlock circuit,
andtestingthe obsenability of CSDin 1D experiments.In



addition,we would lik e to testour protocolon a numberof
other proteinsunderdifferentconditions. Thereforewe in-
vite NMR structurabiologistsinterestedn arapidstructural
assayto contactus.

Finally, a numberof computationalimprovementsare
possible. The short-timeFT hassomedisadwantagessuch
asthelimit in its time-frequenyg resolutioncapability One
might overcometheselimitations by the useof waveletthe-
ory [16]. This shouldhelpin applying TFA to larger pro-
teins,asshouldimprovedpeak-trackingndbettertrackmod-
eling.
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App endix

Table2 shavsthedetailedresultsof temporakimilarity mea-
surement®n simulatedNMR data. Figure 8 shavs there-
lationshipbetweerthedifferencesn interatomicmeandis-
tancesbetweenthe setsC andU andthe size of the corre-
latedsetC. Figure9 shavsribbondiagramf bothtestpro-
teins and the distancerestraintsderived via TFA projected
onto cartoonsof thoseproteins.
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CBF- CHY HGN

CATURA |[cATUR [cATUR

Mean 9.78 21.70 13.78 17.35 13.30 18.67
Median | 4.84 20.46 13.58 17.40 13.21 18.65
Max 26.26 55.96 23.10 34.02 22.66 40.34
Min 2.96 2.58 2.87 2.63 2.83 2.60
Pairs 24 18608 22 7728 44 8867
ttest | p<1:8 10 2 | p<40 10 3 | p< 51 107

Table2: Inter-atomicdistancestatisticsfor the distribution
of temporallycorrelatedprotons(C) vs. uncorrelatedoro-
tons(U) in simulatedCBF- , CHY andHGN spectra.The
simulationof CBF- spectrumis basedntwentyPDB les
encodingNMR-derived low-enegy conformations. These
twenty low-enegy conformationsare derived from NMR
dataandwereaveragedo obtainthe nal, publishedstruc-
ture of CBF- [32]. We considertheseconformationsto
form an ergodic ensemble. That is, eachconformationis
drawvn from somelow-enegy well in conformationspace
andary paththroughtheseconformationds equallylikely.
Consequentlywe generateétime serieshy usingeachcon-
formationonce,in randomorder We reportthe resultsof
onerandompermutatiorof the conformationsut testswith
100 otherrandompermutationsyield similar results. The
simulation of the CHY and HGN spectrais basedon ten
PDB les (for eachprotein)depictingconformationsgen-
eratedby moleculardynamicssimulation. Students t-test
con dencescores(p-values)re ect the probability the dif-
ferencesin meansare due to chance. The effects of the
smallersamplesizefor CHY andHGN relative to CBF-
areseenin the differencein meanshetweenC andU. The
shorterserieshave lesspowerfor discrimination but the sta-
tistical signi canceremains.
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Figure8: NormalizedSimilarity Thresholdvs. differencen
meanf C andU (solid line) andcardinalityof C (dashed
line) for CBF- and huGrx. The x-axis is a normalized
thresholdoverthe multidimensionaM , P, andB -similarity
measurements.Within the range of thresholdspresented
here thedistributionsC andU arestatisticallydifferent(i.e.,
they passat-test). As the similarity thresholdncreasesthe
cardinalityof C decreaseandthe differencein meansin-
creases.
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Figure 9: This gur e is best viewed in color. Please see http://www .cs.dartmouth.edu~langmead/recomb01/
Similarity pairingsfor huGrxandCBF- . Linesconnecpairsof atomswhosetracksexhibit temporalcorrelation.Thecolor of
theline indicatesthe actualdistancebetweerthe two endpoints.Thetertiary structureof eachproteinis shavn ontheleft for
referencen asimilar spatialprojection.Thesesimilarity pairingsindicatelong-rangedistancerestraintsandre ect the spatial
proximity of differentpartsof the proteins.Whencoupledwith a high-throughputissayfor secondangtructuredetermination
[1,2] andastructurere nementalgorithmdesignedor sparsalistanceconstraint§39], anestimateof the protein's globalfold

canin principle be obtained.
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