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Abstract

High-throughput,data-directedcomputationalprotocolsfor
Structural Genomics(or Proteomics) arerequiredin orderto
evaluatetheproteinproductsof genesfor structureandfunc-
tion atratescomparableto currentgene-sequencingtechnol-
ogy. To developsuchmethods,new algorithmsarerequired
that canquickly extract signi�cantly morestructuralinfor-
mationfrom sparseexperimentaldata.Thispaperpresentsa
new classof signalprocessingalgorithmsfor nuclearmag-
netic resonance(NMR) structuralbiology, basedon time-
frequency analysisof chemicalshift dynamics.

A novel approachto multidimensionalNMR analysisis
proposedin whichthedataareinterpretedin thetime-frequen-
cy domain,asopposedto thetraditionalfrequency domain.
Time-frequency analysis(TFA) exposesbehavior orthogo-
nal to the magneticcoherencetransferpathways, thus af-
fording new avenuesof NMR discovery. An implementa-
tion yielding new biophysicalresultsis discussed.In par-
ticular, we demonstratetheheretoforeunknown presenceof
through-spaceinter-atomicdistanceinformationwithin 15N-
editedheteronuclearsingle-quantumcoherence(15N HSQC)
data.A biophysicalmodelexplainstheseresults,andis sup-
portedby furtherexperimentsonsimulatedspectra.

1 Intro duction

Molecularbiology is undergoinga transitiontowardshigh-
throughputmethods.Advancesin avarietyof differenttech-
nologiesareenablingthis transformation.Microarraytech-
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nology, for example,allowsmassivelyparallelhigh-through-
put gene-expressionexperiments. Consequently, microar-
rayshaverevolutionizedmoderngenetics.Advancesin struc-
tural genomicsmethodswould enablea similarly radical
changein structuralbiology andproteomics.Unfortunately,
protein structuredeterminationremainsa costly and time-
consumingendeavor. NuclearMagneticResonance(NMR)
isoneof twoexperimentaltechniquesfor determiningatomic-
resolutionstructuresof biological macromolecules.Stan-
dardNMR protocolsrequirerunningmany separateexper-
iments.A givenexperimentcantake hoursto daysof spec-
trometertime andit cantake weeksto monthsto preparea
proteinsampleneededfor a sophisticatedexperiment(e.g.,
residue-speci�cisotopiclabelings).Oncethedatahasbeen
collectedit all mustbecarefullyassigned,analyzedandcon-
solidated.This processcantake monthsandrequiresmany
tedious,manualsteps.Due to themany stepsin NMR dis-
covery, advancesin many subproblemsarerequiredto de-
velophigh-throughputmethodsfor NMR structuralbiology.
Automatingthemanualstepsof NMR dataassignmentand
analysiswill be one advance[1-5]. Reducingthe amount
of spectrometerandwet-labtimeby reducingthenumberof
requiredexperimentswill beanother[1, 2, 6]. Ourwork fo-
cusesondevelopingnew algorithmsthatcanquickly extract
signi�cantly morestructuralinformationfrom sparseexper-
imentaldata.In this paper, we introduceandanalyzea new
classof signalprocessingalgorithmsfor NMR structuralbi-
ology, basedon time-frequency analysisof chemicalshift
dynamics.

Ouralgorithmsleveragethetime-varyingbehavior of
NMR datato extract useful information. This permitsthe
algorithmsto extractmoreinformationfrom NMR datathan
traditionalmethods. In particular, we describehow Time-
Frequency Analysis(TFA) canbeemployedto observe and
quantitateChemicalShiftDynamics(CSD).Wedemonstrate
that CSD canbe analyzedusingTFA to extract important,
andheretoforeunobservedstructuralinformation,fromNMR
experiments.Ouralgorithmdemonstratestheutility of higher-
orderstatistics(in particular, polyspectralanalysisand the
bicoherencespectrum)for proteinNMR, bringingnew data
analysistools to the armamentariumof the structuralbiol-
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ogist. CSD arerich in structuralanddynamicinformation,
andyet they have never beenpreviously exploited. TFA al-
lowsusto decodetheinformationlockedin CSD.TheCSD
TFA protocoleffectivelyde�nesanew classof NMR experi-
ment.Ourwork showsthattheinformationcontentof NMR
data(in general)andthe 15N HSQC(in particular)is much
higherthanpreviouslybelieved.Furthermore,sincethe 15N
HSQC is perhapsthe simplest,cheapest,and fastesthet-
eronuclearNMR experiment,our methodmay have appli-
cationsin high-throughputstructuralgenomics.We present
the experimentalresultsof applyingour algorithmson two
proteinNMR datasetsfrom (1) humanglutaredoxin,which
plays an importantrole in maintenanceof the redox state
of the cell as well as in DNA biosynthesisand (2) core-
bindingfactor, a heterodimerictranscriptionfactorinvolved
in hematopoesis.Oncogenictranslocationsin CBF-� and-�
areimplicatedin acutemyelomonocytic leukemia.

We now summarizethepotentialapplicationof ourwork
in high-throughputNMR methodsfor structuralgenomics.
GeneralizingtheJIGSAW protocolof Donaldandco-workers
[1,2], four spectra(the 15N-editedHSQC,3D 15N-NOESY,
80 ms. 15N-TOCSY, and HNHA) from a uniformly 15N-
labeledproteinwould be acquiredin a few days. JIGSAW

would thenbeemployedto performbackboneresonanceas-
signmentsandcalculatesecondarystructureincluding� -sheets
[1,2]. Next, we wish to constrainandcalculatethe global
fold in ahigh-throughputmanner. TheHSQCcanthenbere-
analyzed(asdescribedin thispaper)to revealcorrelationsin
the CSD TFA 15N-HSQC.CSD TFA yields structuralcon-
straints(distancecorrelations)that, togetherwith the sec-
ondary structureand backboneamide proton assignments
from JIGSAW, can be interpretedas distancerestraintsto
calculateanapproximateglobal fold. Theabove setof four
experimentsrequiresonly daysof spectrometertime, rather
thanthemonthsrequiredfor the traditionalsuiteof dozens
of experiments.Furthermore,theproposedprotocolonly re-
quiresa proteinto be15N-labeled,a muchcheaperandeas-
ier processthan13C labeling. Froma computationalstand-
point, we adopta minimalist approach,demonstratingthe
largeamountof informationavailablein a few key spectra.
While JIGSAW is usedasanexample,our methodfor CSD
TFA is actuallyindependentof JIGSAW: alternatively, other
high-throughputassignmentstrategies could be employed
[e.g., 3-5], alongwith secondarystructurepredictors[e.g.,
7, 8] or otherNMR methodsfor rapid secondarystructure
determination[9].

We begin, in Section2, with a review of the theoryand
practiceof NMR spectroscopy anddiscussthe implications
of proteindynamicson quantumsystems.Section3 details
ourmethodfor extractingtime-varyingbehavior from NMR
data.In section4 we introducemethodsfor analyzingtime-
varyingNMR data.Section5 presentstheresultsof theap-
plicationof TFA to the raw HSQCdatafor humanglutare-
doxin andCBF-� . Finally, section6 discussestheseresults
andintroducesabiophysicalmodelto explain them.

2 NMR Data

Correlationsin nuclearspin angularmomentumare man-
ifested as resonantpeaksin NMR spectra. The location
of thesepeaksin frequency spaceis measuredaschemical
shift. MultidimensionalNMR spectracaptureinteractions
betweenatomsaspeaksin R2 or R3, wherethe axesindi-
cateresonancefrequenciesor chemicalshiftsof atoms.In a
typical 15N spectrumpeakscorrespondto an 15N atom,its
amideproton(HN), andpossiblyanother1H atom,of par-
ticular resonancefrequencies.A peakoccurswhenatoms
interact. Atoms interactvia quantummagneticcoherence
transfereitherthroughcovalentbonds,or throughspace.

TraditionalNMR structure-determinationprotocolscall
for a numberof different experiments. Each experiment
givesqualitatively differentkindsof information.NMR ex-
perimentsfall into two categories: those(suchasNOESY)
thattransfermagnetizationthrough-spaceandthose(suchas
HSQC)thattransfermagnetizationthrough-bond.Through-
spaceinteractionsarecausedby theNuclearOverhauserEf-
fect (NOE) which falls off with r � 6 [10] andis essentially
zero beyond 6 Å. Consequently, NOEs are typically em-
ployedto derive distancerestraintsamongpairsof protons.
Through-bondexperimentsareusedto deriveseveraldiffer-
ent kinds of information,althoughin general,not distance
restraints.For example,the15N HSQCis atwo-dimensional
through-bondexperimentcorrelatingtheamideprotonwith
the amide 15N of the sameresidue[11] (Fig. 1 A). The
HSQCis typically usedto determineandpairwisecorrelate
thechemicalshiftsof theamideprotonsandnitrogensalong
thebackboneof theprotein.Thesecorrelationsestablishthe
HN-15N connectivities,andthebackbonechemicalshiftsare
subsequentlyusedasreferencepointswithin otherspectra.

Thepreciselocationof anNMR peakin frequency-space
is determinedby a numberof factors. Eachatom-typehas
an inherentchemicalshift. For example,in “isolation”, all
hydrogenatomswould have the samechemicalshift. This
fundamentalfrequency is modulatedup�eld or down�eld
via shieldingby the electroncloudsand nuclei of nearby
atoms. Within an aminoacid (monopeptide),theseshield-
ing interactionsaresystematicandrepeatable.That is, in a
test tubeof a given aminoacid (e.g.,Alanine) in solution,
the amideprotonfor eachmonopeptidewill have thesame
chemicalshift. In alargeprotein,sequentialinteractionsand
theshieldingof atomsbroughtinto spatialproximity dueto
secondaryandtertiarystructurealsosigni�cantly affect the
chemicalshift of agivennucleus.

2.1 Chemical Shift Dynamics

Proteinstend to be �e xible and in solution,areconstantly
undergoingsmall conformationalchanges.Sincechemical
shiftsareaffectedby tertiarystructure[12-14],wemustcon-
cludechemicalshiftsarein factdynamic(time-varying).We
will refer to the phenomenaas ChemicalShift Dynamics
(CSD).
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Figure1: (A) TheHSQCMagneticTransferencePathway (dottedline). Magnetizationis transferred,through-bondfrom the amideproton,to theamide
nitrogenandback.(B) Windowing. In TimeFrequency Analysisshortsegmentsof thefull data,calledwindows, areextractedandanalyzedseparately. In this
example,eachrow is anindividual FID. A window is a subsetof thecolumnsin thefull FID matrix. Eachwindow is FourierTransformed(afterscalingand
padding)yieldinga singlespectralframe.(C) PeakFeatures.For eachpeakweextractthefrequency of thecenterof thepeak(! H and! N ), thewidth of the
peak(� H and� N ) andtheintensity, or heightof thepeakI .

Molecularmotionoccurssimultaneouslyat many differ-
ent time-scalesspanningmany ordersof magnitude[15].
Someof thesetime scalesarewithin theNyquist frequency
de�nedby NMR samplingrates.Consequently, CSDsare,in
principle,observableby NMR. Furthermore,it is reasonable
to hypothesizethatCSDre�ect structuralpropertiesandare
therefore,worthyof examination.

Interestingly, chemicalshift is typically viewedasastatic
property. This is in largepartdueto toolsemployedin tra-
ditional NMR analysis.A NMR spectrometerrecordsa se-
riesof time-domainsignals,know asFreeInductionDecays
(FIDs). A givenatom's chemicalshift is encodedasa peri-
odicity within theFIDs. It is obtainedby applyinga Fourier
Transformto theFIDs. FIDs,beingtime-domainsignals,are
capableof encodingCSD.However, it is notpossibleto ob-
serveCSDusingtheFourierTransformbecauseit integrates
over time. Theprimarycontributionof thispaperis applica-
tion of Time-Frequency Analysis(TFA) to extractCSDfrom
NMR data.

Of course,singlespin time-resolvedchemicalshiftsare
not apparentin theFID pro�le. Theaim of our work is not
to isolatethe emissionsof single spinswithin the ensem-
ble. Clearly, thatwould not bepossible.Our ideais differ-
ent. We observethatusingthestandardmethods,a signalis
interpretedin either the time-domain,or the frequency do-
main, using the discreteFourier transform(FT). However,
by doinganFT over thewholetime domainonecannotfo-
cuson local frequency distribution variations. The FT as-
sumesthat the frequency contentof the signal is constant
throughoutthe entire signal and thus that it is effectively
periodic. This meansthat therecanbe no conceptof time
in thefrequency domain,andthereforeno conceptof a fre-
quency changingwith time. Mathematically, frequency and
time are orthogonal. But somesignalsdo have frequency
componentsthatchangewith time. TheShort-TimeFourier
Transform(STFT) tries to evaluatetheway frequency con-
tentchangeswith time. UsingTFA methods,onecanoften
separatethecomponentsof asignalin waysthataredif�cult
or impossibleusingstandardtime-seriesanalysisor standard

spectralanalysis. Hence,the STFT andthe wavelet trans-
form havebecomestandardtools in signalanalysis.For ex-
ample,Coatrieuxandco-workers[16] employeda wavelet
transformto performTFA on 31P magneticresonancespec-
troscopy (MRS)datafrom perfusedworkingsmoothmuscle,
demonstratingtheutility of TFA for MRS.

We note that CSD area differentphenomenafrom tra-
ditionalNMR dynamics(e.g.,15N- and13C-relaxationrates
for molecularmobility studies,their interpretationvia the
'model-free' formalismto obtaingeneralizedorderparame-
ters,oramideprotonexchangemeasurements)[17-24]. Hence,
we will show thatCSDcontaincomplementaryinformation
to traditionalNMR dynamicsprotocols.

3 Time-F requency Analysis

Our algorithmfor extractingCSD from NMR datais sum-
marizedin Figure2 A.Thedetailsof eachsteparediscussed
in the following subsections.We will focuson theapplica-
tion of TFA to the 15N-editedHSQCin our examples,but
TFA canbeappliedto thedatafrom any NMR experiment.

3.1 Data Acquisition and Preprocessing

The dataacquisitionandpreprocessingstepsare the same
for TFA andtraditionalmethods.A sampleis placedin the
spectrometerand a seriesof pulsesequencesare applied.
At the endof eachpulsesequencea signal is recorded—
this is theFID. A two-dimensionalNMR experiment,such
as the 15N-editedHSQC, involves the acquisitionof a se-
quenceof FID'swith increasingt1 times,resultingin a two-
dimensionalFID matrix. Oncethedataarecollectedthey are
subjectedto anumberof preprocessingsteps.Typical trans-
formationsinclude noise-reductionand water-suppression.
After thepreprocessing,thetraditionaltechniquewould ap-
ply a single2-dimensionalFourierTransformto thedatato
obtaintheNMR spectrum.
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FunctionTFA(F I D s; n)
SetF r ames = ;
For i = 1 to n

Setf = extractWindo w (i; F I D s)
f = applyHammingWindo w(f )
f = zeroP ad (f )
f = FFT (f )
f = phaseCorrect (f )
f = baselineCorrect (f )
SetF r ames(i ) = f

ReturnF r ames

FunctionPeakTrack(F r ames)
SetP = extractP eaks (F r ames(1))
SetT = f (h! H;P ; ! N ;P ; � H;P ; � N ;P ; I P i ) j p 2 P g
For i = 2 to sizeOf (F r ames)

SetP = extractP eaks (F r ames(i ))
SetC = f (t; p) 2 T � P j 8p0 2 P; d(t; p) � d(t; p0) g
SetT = f app end (p; t) j (t; p) 2 C g

ReturnT

FunctionSIM(T r acks)
Setsim = ;
For i = 1 to sizeOf (T r acks) � 1

For j = i to sizeOf (T r acks)
sim (i; j ) = max(M(T r acks(j ); T r acks(j )),

P(T r acks(j ); T r acks(j )),
B(T r acks(j ); T r acks(j )))

Returnsim

Figure 2: (A) TFA Algorithm. (B) PeakTracking. A track is a list
of temporallysequentialpeaks. The peaktracking algorithm createsan
initial setof tracksfrom the�rst frame.Peaksfrom subsequentframesare
appendedto the track with a peakthat is closestin frequency, shapeand
intensity. (C) Similarity Measurements.A similarity matrix is generated
usingthemaximumsimilarity betweentracksi andj undertheM ; P; and
B similarity metrics(equations2-4)

3.2 Short-Time Fourier Analysis

The primary distinctionbetweentraditionalNMR analysis
and TFA is the useof the Short-Time Fourier Transform
(STFT)[25] . TheSTFTis a standardmethodfor analyzing
time-varyingsignals.WhereastheFourierTransformtakes
asinput theentireFID datasetto produceasinglespectrum,
the STFT takes as input successive, overlappingtemporal
windowsof theFID matrix to producemultiplespectra(Fig.
1 B).

Thereisaninherenttrade-off betweenfrequency andtem-
poralresolutionwhenapplyingTFA. In summary, thesmaller
the input window thehigherthetemporalresolutionbut the
lower thefrequency resolution.To a certainextent,onecan
compensatefor lower frequency resolutionby zero-padding
thedataprior to analysisandincreasingtheamountof tem-
poral overlap(in datapoints)betweenwindows. Our input
window sizewas128datapoints.EachFID is 1024samples
long. We usedmaximally overlappingwindows so thatwe
could generateasmany spectralframesaspossible.When
windowing data,it is crucial to apply a scalingfunction to
thewindow. Failureto dosoresultsin spectralartifacts.We
applieda Hammingwindow scalingfunction to eachwin-

dow andthenpaddedthedatawith zerosjustprior to spectral
analysis.

Theoutputof TFA is, in essence,amovie —atime-series
of spectralframes.Qualitatively, asingleframefrom aTFA
looks very similar to the traditional 15N HSQC spectrum.
Quantitativelyhowever, therearedifferencesdueto thefact
thatframesarelocalizedin time.

After spectralanalysis,traditionalmethodsusuallyapply
phaseand base-linecorrectionto the spectra. We applied
bothphaseandbaselinecorrectionto eachof theTFA spec-
tra frames[35].

3.3 Peak Picking and Feature Extraction

The next stepin either the traditional or the TFA method
is to locateandcharacterizethe resonantpeakswithin the
spectra. This canbe donemanuallyor automatically. We
utilized the automaticpeakpicking capabilitiesof the pro-
gramNMRPipe[26] to locatethe peaksin eachframe. In
additionto locatingthe positionof eachpeakin frequency
space,theNMRPipepeakpicker alsoextractsa numberof
other featuresfrom eachpeak. In our experimentswe uti-
lized 5 features:thepeak's amide-protonand15N chemical
shifts (! H and! N ), amide-protonand15N line-widths(� H

and� N ), andintensity(I ) (Fig. 1 C).

3.4 Peak Tracking

Oncethepeakpickingandfeatureextractionarecompleted,
the next stepis to tracetheevolution of eachpeakthrough
time (Fig. 2 B). We call this trajectorya track. Theinput to
thepeaktrackingalgorithmaretheindividualpeaklists,one
for eachspectralframe.For eachframe,a greedyalgorithm
matchesapeakin framei with thepeakin framei + 1 whose
5 featuresmostcloselymatchits own. If nosuchpeakexists
thenthetrack is labeledas“terminated”. All matchingsare
unique.Thatis,nopeakfrom framei + 1 is pairedwith more
thanonepeakfrom framei: Theoutputof thepeaktracker
is a setof tracks. Eachtrack encodesa trajectoryin a � ve
dimensionalspace.Alternatively, onecan think of a track
asa 5 � N matrix whereN is the numberof frames. We
call this matrix the track matrix. Eachtrackcorrespondsto
a singlepeakin thetraditional15N HSQCspectrum.When
the assignmentsof thesepeaksto speci�c (HN, 15N) pairs
areknown, wecanassigneachtrackaswell.

4 CSD Analysis

TFA is primarily a meansfor observingCSD. Analysisof
CSD,we will show, yields relevantbiological information.
We've statedthatproteinmotiongivesrise to CSD.Differ-
encesin track dynamicsmay be due to differencesin the
moleculardynamicsof variouspartsof theprotein.If this is
true,thenthereis informationencodedin CSD.Speci�cally,
if we can�nd setsof tracksthat aretemporallycorrelated,
it might indicatesomethingabouttheatomsassociatedwith
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thosetracks.For this reason,we choseto explorethenotion
of similarity amongpairsof tracks.

4.1 Track Similarit y Measurements

Differentsimilarity measurementsemphasizedifferentprop-
ertiesof thetracks.Themoleculardynamicswhichgiverise
to CSD are varied, complex and typically unknown at the
time of NMR analysis.For thesereasons,we implemented
threedifferent track similarity measurements,eachtarget-
ing a differentkind of information [Fig. 2 C]. It is worth
introducingandreviewing thesemetrics,sincetheirapplica-
tion maybeunfamiliar in this context. Theuseof thepower
spectrumto infer structuralconstraintsfrom energeticsim-
ilarity in chemicalshift dynamicsis novel. Our third sim-
ilarity metric employs higher-order statistics(speci�cally
polyspectralanalysisandthebicoherencespectrum)[27]
which have not beenpreviously appliedto any form of bio-
polymerNMR.

The �rst measurement,M , comparestrack morphology
usingthecorrelationcoef�cient. Thesecondmeasurement,
P, comparesperiodicitieswithin thetracksusingthepower
spectrum. The power spectrumof a signal is thesquareof
themagnitudeof its Fouriertransform.It revealstheamount
of energy presentas a function of frequency. Two tracks
experiencingsimilar periodicitieswill have similar power
spectra. The �nal measurement, B , comparesnonlineari-
ties within the tracksusingthe bicoherencespectrum[27].
Thebispectrumis a higherorderstatisticcapableof detect-
ing third-ordercorrelationswithin a signal. It is oftenused
to detectquadraticphasecoupling,a speci�c type of non-
linearity. It is de�nedasB (! 1; ! 2) = Y (! 1)Y (! 2)Y � (! 1+
! 2) whereY(! ) is the Fourier transformandY � (! ) is its
complex conjugate.ThefunctionsgoverningCSDarenon-
linear. Thus,it is possiblethat trackswill exhibit quadratic
phasecoupling.Two tracksthatarecausedor modulatedby
thesamenon-linearprocesswill havesimilarbispectra.The
bicoherenceis thenormalizedbispectrum.It is de�ned as

Bc(! 1; ! 2) =
Y (! 1)Y (! 2)Y � (! 1 + ! 2)

q
jY (! 1)Y (! 2)j2 jY � (! 1 + ! 2)j2

(1)

Thebispectrumhaspreviously beenutilized in a numberof
domainsto extract informationfrom thehigher-orderstatis-
ticsof naturaldata[e.g.,27,28].

We saythattwo tracksarecorrelatedif their similarities
exceeda chosenthresholdunderany of the threesimilarity
measurements,otherwisethey areuncorrelated. Let C de-
notethesetof pairsof correlatedtracksandlet U denotethe
setof pairsof uncorrelatedtracks.C andU aredisjoint and
thesetC [ U is thesetof all pairsof tracks.Note that the
cardinalityof C, andconsequentlyU, is determinedby the
chosenthreshold.

Prior to calculatingsimilaritiesbetweenpairsof tracks,
eachpro�le is normalizedto therange[� 1; 1]. Thesimilar-

ity betweentwo tracksareonly computedover temporally
coincidentframes. The M , P, andB similarity measure-
mentsarecalculatedasfollows. Let X andY betwo track
matrices.Let x ! H , x ! N , x � H , x � H andx I denotetherows
of X , correspondingto the chemicalshift, line-widthsand
intensitypro�les of X , respectively. Notethatx ! H , for ex-
ample,is avectorof N ! H -values,onefor eachframe.

OurM similarity measurementis de�ned as

M (X ; Y) = (r (x ! H ; y! H ); r (x ! N ; y! N ); (2)

r (x � H ; y� H ); r (x � N ; y� N );

r (x I ; yI ))

wherer (x; y) is thecorrelationcoef�cient of vectorsx and
y.

OurP similarity measurementis de�ned as

P(X ; Y) = (r (H (x ! H ); H (y! H )) ; r (H (x ! N ); H (y! N ); (3)

r (H (x � H ); H (y� H )) ; r (H (x � N ); H (y� N )) ;

r (H (x I ); H (yI )))

where H (x) is the power spectrumof the vector x, and
r (H1; H2) is the correlationcoef�cient of the power spec-
traH1 andH2.

OurB similarity measurementis de�ned as

B (X ; Y ) = (r (Bc(x ! H ); Bc(y! H )) ; r (Bc(x ! N ); Bc(y! N )) ; (4)

r (Bc(x � H ); Bc(y� H )) ; r (Bc(x � N ); Bc(y� N )) ;

r (Bc(x I ); Bc(yI )))

whereBc(x) is thebicoherenceof thevectorx, and
r (Bc1; Bc2) is thecorrelationcoef�cient of thebicoherences
Bc1 andBc2.

The similarity measurementsare in the range[� 1; 1].
Eachsimilaritymeasurement(M , P, B ) ismultidimensional
(onedimensionperfeature)andaseparatethresholdwasse-
lectedfor eachdimension.Themasterthresholdfor a given
similarity measurementis adjustedby maintainingtherela-
tivepositionsof thethresholdsfor theindividualdimensions.
Theglobalsimilarity measurementtakesthemaximumsim-
ilarity underM , P andB . Thecorrelatedpairsfrom eachof
M , P andB arecombinedto createthethe�nal, correlated
set.Wearepresentlyexploringanalyticalmethodsfor deter-
mining thresholdsbasedon the distributionsof similarities
observedundera givenmeasurement/dimension.

5 Results

Our techniquehasbeenappliedto theraw, two-dimensional
15N HSQCFID matricesfrom thetwo proteinsHumanGlu-
taredoxin(huGrx) [29,30] (PDB ID 1jhb) and Core Bind-
ing FactorBeta(CBF-� ) [31,32] (BMRB Accession4092;
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(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) InterAtomic DistanceStatistics

huGrx CBF-� scTCR

C (Å) U (Å) C (Å) U (Å) C (Å) U (Å)

Mean 11.02 17.07 11.90 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 1.91 1.80 5.20 2.29

Pairs 23 8187 21 19001 21 17780

t-test p < 1:8 � 10� 5 p < 7:6 � 10� 7 p < 1:9 � 10� 2

Table1: (A) Summaryof trackstatisticsfor CBF-� , huGrxandscTCR
(preliminaryresults). � chemicalshift is calculatedasthe differencebe-
tweenthehighestandlowestprotonchemicalshift valuein eachtrack. (B)
Inter-atomicdistancestatisticsfor thedistribution of temporallycorrelated
peaks(C) vs. uncorrelatedpeaks(U) in huGrx,CBF-� , andscTCR(pre-
liminary results).Thenumberof pairsof protonsin eachdistribution is also
reported.Student's t-testcon�dencescores(p-values)re�ect theprobabil-
ity thedifferencesin meansaredueto chance.

PDB ID 2jhb). The sizesof the the two proteinsare 106
and143residuesrespectively. Wewereprovidedtheoriginal
15N HSQCFID data,signalprocessingparameters,andorig-
inal peaklists for eachproteinby Dr. JohnBushweller. 15N
HSQCspectrawererecordedat Dartmouthon a 500 MHz
VarianUnityPlusspectrometerwith anactivelyshieldedgra-
dient triple resonanceprobeand pulsed�eld gradientsat
20� C andat30� C for CBF-� andhuGrx,respectively, in 5%
D2O. In our experimentswe utilized signalprocessingpa-
rameterssimilar or identicalto thoseusedin [29, 31] when
possible.

5.1 Observability of CSD

A representative track is presentedin Fig. 3. A numberof
reasonssuggestthatthedynamicsexhibitedin thetracksare
not merelyspectralartifacts.First,we notethateachtrack's
intensity (I ) exhibits the expecteddecaypredictedby the
Bloch equations[33]. Second,themeasuredlengthof each
trackcloselymatchesthepublishedT2 times(within 4%for
CBF-� , within 5% for huGrx). Third, a typical peakmoves
in a rangeof about 0.2 ppm [Table 1 A] which is small
enoughto be consistentwith the changein chemicalshift
dueto structural�e xibility [34] yet too largeto beexplained
by errorsin estimatinga peak's position—NMRPipeesti-
matesthenumericalerror in localizinga peakin frequency
space.In ourexperimentsthaterroris, onaverage0.01ppm
—an orderof magnitudesmallerthan the changeswe ob-
servein thechemicalshift pro�les of ourtracks.Thus,CSDs

cannotbeattributedto measurementerroralone.
Of course,an FID is a compositeof the individual sig-

nals emittedfrom the atomsin solution. A track exhibits
an aggregateof individual behaviors ratherthanthebehav-
ior of asingleatom.However, it is reasonableto assumethat
eachmoleculein solutionhasroughlythesamestructureand
thereforethesamecapacityfor motion.Consequently, corre-
spondingatomsfrom differentmoleculesexperiencesimilar
variationsin theirelectronicenvironment.Averagedoverall
the moleculesin solution,the tracksassociatedwith atoms
in the vicinity of especiallymobile regions of the protein
shouldhave characteristicsdifferent from thoseassociated
with relatively rigid regions. By extension,two �e xible re-
gionsundergoing differentkinds of motion (e.g.,periodic,
but at differentfrequencies)will give riseto trackswith dif-
ferentproperties.

5.2 Information Content of CSD

Weknow thepeakassignmentsfor eachprotein,soit is pos-
sibleto identify theamideprotonassociatedwith eachtrack.
Furthermore,the 3-dimensionalstructuresof the two pro-
teinsareknown, so it is possibleto validatethe calculated
similaritiesin termsof biophysicalproperties.Wecalculated
the track similarity for all pairs of tracks. We discovered
that thegraphof cumulative meansof inter-atomic,1H-1H,
distances,sortedby increasingtrack similarities,exhibits a
negativecorrelation(Fig. 4).

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

As themeansof thedistributionsC andU diverge(with
higherandhigherthresholds)they reacha point wherethe
differencebecomesstatisticallysigni�cant accordingto Stu-
dent's t-test.Above this rangewe canadjustthecardinality
of C while maintaininga statisticallysigni�cant difference
in themeans.Detailedstatisticsaregivenin Fig. 8. Thet-
testassumesthatthetwo distributionsarenormalwith equal
variances.Our varianceswerenot equalso we appliedthe
standardlog-transformationto the distributionsto equalize
thevariances.

We thenselecteda thresholdthatmaximizesthedistance
betweenthe meansof C andU whenthe cardinalityof C
is betweentwenty andthirty (Table1 B, Fig. 5). The sta-
tistical signi�cance of thesedifferencesin meanswasver-
i�ed (Student's t-test, huGrx: p < 1:8 � 10� 5; CBF-� :
p < 7:6 � 10� 7). We concludethat our track similarity
measurementhasa signi�cant bias towardspicking proton
pairsthatareclosein space.Of particularinterestis thatthe
distributionsreportedin Table1 B. andFig. 5 includeahigh
percentageof long-rangeinteractions.Theselong rangein-
teractionsareanalogousto the NOE distancerestraintsob-
tainedfrom NOESYspectroscopy [35]. A graphicaldepic-
tion of theserestraintsalongthebackbonesof the two pro-
teinsis givenin Fig. 9.
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Figure3: Thetrackcorrespondingto theamideprotonand15 N of Ile10 in huGrx.A singleframefrom theTFA is seenontheleft. Thepeakcorresponding
to Ile10 is outlined.Thetwelve smallerframesdetailthebehavior of thatpeakthroughtime. Thenumbersundereachimageindicatetheframenumberit was
takenfrom. Eachof thesedetailsweretakenfrom thesameregion in frequency space(118.1ppmto 118.12ppmonthe! N axis,6.77ppmto 6.95ppmonthe
! H axis). Thefull pro�les for this trackareseenon theright handsideof the �gure. Eachpaneldepictsthepro�le of a singlefeature(Fromtop to bottom:
! H , ! N , � H , � N andI ). In eachpanelthex-axisis theframenumber.

Underour M , P, andB similarity measurementsnot all
spatiallyproximateprotonpairsarefound to be in C. This
behavior alsoparallelsNOESY spectroscopy in which not
all close1H-1H pairsappear. However, NOESYpeakinten-
sity is correlatedwith inter-atomicdistancein aroughlyr � 6

fashion. In contrast,the degreeof M , P, andB -similarity
cannotcurrently be usedto quantitatethrough-spacedis-
tance. We arepresentlyexploring moresophisticatedsim-
ilarity measurementsthatmayyield quantitative boundson
distance.

It is worthemphasizingthatthedistanceinformationob-
tainedin our experimentsis unexpected. The 15N HSQC,
unlikeaNOESY, is notsupposedto containanyinter-atomic
distanceinformation. Indeed,it is speci�cally designedto
preventtransferenceof magnetizationbetweenanythingbut
the15N and1H from eachamidegroup.Thekey advantage
to TFA, however, is that it revealsatomicpropertiesunre-
lated to transferencepathways. We alsonote that because
themeandistancecorrelationswe observe areconsiderably
largerthanthe6 Å, they arenot explainableby any residual
or unsupressedNOE.

TFA of HSQCdatais not intendedto replacestandard
NOESY experiments.Rather, it demonstratesthat thereis
more information in NMR data than previously believed.
Indeed,TFA canbe appliedto NOESY dataaswell. TFA
maybeusedto supplementtraditionalNMR spectra.Several
commonproblems,suchaspeakoverlapandpeakmatching
within andacrossspectra,may bene�t from an analysisof
thetime-varyingbehavior of thedata.

The raw FID datafor huGrx andCBF-� wererecorded
from thesameVarianNMR spectrometerat Dartmouth.An
importantcontrolexperimentis to testtheTFA protocolon
datafrom differentspectrometers.We recentlyappliedour
TFA protocol to the raw 15N HSQC datafor a third pro-
tein, Single Chain T-cell Receptor(scTCR) [36] (BMRB
Accession4330; PDB ID 1bwma)recordedon a different
spectrometerat Harvard, and provided to us by Dr. Brian

Hare in Prof. GerhardWagner's lab. The preliminary re-
sults from theseexperimentsarealsopresentedin Table1
andFigure6. We observeda similar trendin this new data,
which wasnot aspronounced,althoughstill signi�cant (t-
test,p < 0:019). A differenceof approximately5.5 Å was
observedbetweenthemeansof C andU. However, unlike
the other two proteins,in scTCR,C doesnot form a nor-
mal distribution. Consequently, it is alsousefulto consider
thedifferencein medians,whichwas9.21Å — comparable
to the differencein mediansfor huGrx andCBF-� . There
areseveralpossibleexplanationsfor thesmallereffect in the
means.scTCRis a challengingNMR projectbecauseof its
size(28 kD, 255 residues)– morethan100 residueslarger
thanournext largestprotein,CBF-� . In general,NMR spec-
tra for large proteinsare more dif�cult to work with, pri-
marily dueto weakenedsignalstrengthandspectraloverlap
(crowding amongpeaks).Consequently, in theTFA, it was
harderto separateandtrackpeaksfor scTCR:signaloverlap
andpeakdegeneracy complicatetheanalysis.In Sec.8 we
suggesta numberof computationalimprovementsthatmay
helpsolve theseproblems.

6 Comparison of experimental results to theoretical
models

Considerthefollowing simpli�ed modelin Fig. 7. Suppose
protonsX andY arebothnearsomeregionof theproteinZ.
Z is closeenoughto X andY to havesomein�uenceontheir
chemicalshifts(e.g.via electronicshielding).Now suppose
thatZ is partof a �e xible region. As Z moves,thechemical
shiftsof X andY will change.If Z's motionhassimilar in-
�uence (i.e., up�eld or down�eld) on X and Y, then their
trackswill have morphologicalsimilarities. Furthermore,
if Z's motion is periodic, then the tracksof X and Y will
beperiodicandthereforehave similar power spectraand/or
bispectra. Of course,X andY may themselvesbe part of
(independent)�e xible sub-domains.Their individualchem-

7



0 0.8 1
8

10

12

14

16

18

Similarity

D
is

ta
n
c
e
 i
n
 A

n
g
s
tr

o
m

s
huGRX Mean Distance vs Similarity

Mean Distance   
+ Standard Error
-Standard Error 

0 0.8 1
5

10

15

20

25

Similarity

D
is

ta
n
c
e
 i
n
 A

n
g
s
tr

o
m

s

CBF-Beta Mean Distance vs Similarity

Mean Distance   
+ Standard Error
-Standard Error 

Figure4: Meaninter-atomicdistancevs. similarity for huGrx(toppanel)
and CBF-� (bottom panel). The data-pointswere obtainedby sweeping
the similarity thresholdfrom 0 to 1 andcomputingthe meaninter-atomic
distancefor thesetC correspondingto thatthreshold.Thedata-pointat the
far left comprisesall pairsof protons.Thepoint at the far right comprises
only thosepairsof protonswith highestsimilarity. To avoid anunfair skew
in the mean,a proton and itself (i.e., similarity =1.0, distance= 0.0 Å)
are not includedin any computedC. The similarity scaleis non-linear
to highlight the drop in distanceat high levels of similarity. Above 0.8
we observe a steeperdrop-off. The dashedlines arepositive andnegative
standarderrormeasurements.

ical shiftsmayre�ect thecombinedin�uenceof multipleZ's
plus tumblingandsolvent interactions.However, insofar as
our model is concerned,theseadditionalfactorswill yield
morecomplex CSDbut thepossibilityof detectingcorrela-
tionsremains.In suchcases,a multi-dimensionalsimilarity
measurement,suchastheonepresentedhere,will increase
thechancesof �nding correlations.

Z canonly in�uence thechemicalshiftsof atomswithin
a �x edradius[37]. Whenthis radiuscanbeestimated,up-
per boundson the distancebetweentemporally-correlated
trackscanbecalculatedandappliedquantitatively in aman-
ner analogousto NOE's. Note that underthis model, the
conditionsnecessaryto producetemporalcorrelationsbe-
tweenpairsof tracksare quite restrictive. In particular, it
doesnot predictthatall pairsof closeatomswill be tempo-
rally correlated.
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Figure 5: Normalizedhistogramsof distancesobserved for computed
C's andU's for huGrx (top panel)andCBF-� (bottompanel)asreported
in Table1 B. In bothpanels,C is shiftedsigni�cantly towards0. Theheight
of abarindicatesthepercentageof 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 simulation we createda time-seriesfrom twenty
PDB �les describingdistinct, but similar, low-energy con-
formationsof CBF-� derived from traditionalNMR struc-
tural techniques.In thesecondsimulationweusedthetime-
seriesgeneratedfrom thetenPDB�les of hemoglobin(HGN)
andChe-Yprotein(CHY) asobtainedfrom thedatabaseof
molecularmotions[15]. UsingtheprogramSHIFTS[38] we
simulatedthechemicalshifts for eachprotonin eachof the
PDB �les describingthemotionof themolecules.SHIFTS
takesasinputaPDB�le andestimatesprotonchemicalshifts
from empirical formulas. The result is analogousto TFA
of real NMR databut not identical. A key distinction is
the length of the simulatedtracks. Ten and twenty data-
point tracksare too sparseto performmeaningfulspectral
analysisso we only consideredthe morphologicalsimilar-
ity (M ) of the tracks. Thepairwisetracksimilaritiesunder
theM similarity measurementwerecalculated.Two �lters
wereappliedto thesimilarity matrix. The�rst �lter ignores
any singletrackwhosechemicalshift pro�le rangeis below
a minimum threshold. In other words, we ignoredtracks
that were essentially�at. The second�lter ignoredpairs
of trackswhoserespective CSD rangeswerewildly differ-
ent. That is, we did not comparea track with high activity
with one with low activity. The reasonis that atomsex-
periencingwildly different rangesof CSD are unlikely to
be nearby. A thresholdwasappliedto the �ltered matrix.
Theinter-atomicdistancesof thetracksabove thethreshold
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signi�cantly towards0. Thelengthof a bar indicatesthepercentageof the
total populationwithin thatrange.

wereexamined. As in the experimentson real NMR data,
thereis a statisticallysigni�cant difference(Student's t-test,
CBF-� : p < 1:8 � 10� 9; HGN: p < 4:0 � 10� 3; CHY:
p < 5:1 � 10� 7) betweenthe meansof correlatedandun-
correlatedtracks.Detailedstatisticsaregivenin Table2.

7 Conclusion

Theapplicationof TFA to NMR datais appropriatebecause
1) NMR dataareinherentlytime-varying,and2) CSDhave
thepotentialto yield moreinformationaboutthelocal elec-
tronic environmentthanthecorrespondingtime-averaged
chemicalshift. We have shown that it is possibleto observe
CSDin oneclassof NMR experiment.Thechemicalshifts
of the atomsin any �e xible protein are dynamic. There-
fore, TFA is applicableto any NMR experimentwith suit-
able time-resolution. The 15N HSQC is one suchexperi-
ment. Applying the techniquespresentedhereto otherex-
perimentsis anobviousextension.Onecanimaginefurther
enhancingtheobservability of CSDby manipulatingthefac-
torsaffectingprotein�e xibility (e.g.,solutiontemperature).

Wehavealsoshown thatCSDcontainstructuralinforma-
tion. In particular, our resultsdemonstratethat 15N HSQC
CSD containthrough-spaceinter-atomicdistanceinforma-
tion. Themodelweusedto explaintherelationshipbetween
temporalcorrelationandinter-atomicdistancedoesnotpre-
clude�nding this informationin otherNMR experimentsas
well. Adaptingthetechniquespresentedhereto otherNMR
experimentswill permit thekind of cross-validationtypical
in NMR discovery.

The extraction of inter-atomic distanceis not the only
potentialapplicationof TFA. It might beusedto con�rm, or
provide an alternative meansfor obtaining,standardNMR

Figure7: Molecularmotion-basedmodel for observed relationshipbe-
tweenspatialproximity and temporalcorrelationof CSD. The dark-gray
dashedline representsanarbitrarysequenceof residuesin thepeptidechain.
Circles and lines representatomsandbonds. ProtonsX andY are both
proximal to Z, a �e xible substructureof the protein. As Z moves(in this
examplebackandforth alonganarc) its in�uence on therespective chem-
ical shiftsof X andY changes.Theresultis a coordinatedchange(in this
example,anti-correlated)of thechemicalshiftsof X andY. B is theapplied
magnetic�eld.

measurements(e.g.,T2 times).Theidenti�cation andclassi-
�cation of �e xible regionswithin biologicalmacromolecules,
peakseparationin denseNMR spectra,andpeakmatching
acrossspectraareall exciting directionsfor futurework.

8 Future Work

This paperdemonstratesthe existenceandobservability of
CSD usingTFA. Correlationsin CSD wereusedto extract
structuralinformation in a high-throughputmannerthat is
amenableto automation.In Sec.6 we proposeda biophysi-
cal modelfor theCSDcorrelations.Themodelis consistent
with bothexperimentalandsimulatedstudies.Futurework
shouldendeavor to validateor falsify this model. Chemical
shift (CS) is the result of magneticshielding,so anything
that affects CS must ipso facto be a shielding/deshielding
process.In this paper, we exploitedthefact that theCSde-
pendson the intricatedetailsof the molecularstructure,so
that changesin thestructure(or moreprecisely, changesin
thedistributionof structures)will affecttheCS.However, in
future work, onewishesto understandthe detailedcauses
of nuclearshielding. Hence,experimentsshould be per-
formedto consideralternativebiophysicalexplanations.For
example,Drs. Alan SternandJeff Hoch have suggestedto
usthatCSDmaybetheresultof sampleheatingduringthe
pulsesequence[40]. To testthis hypothesis,we proposeto
run HSQCsusingpulsesequenceswith differentlength(or
power)presaturationpulses.A sequencewith a long presat-
urationpulsewill heatthesamplemorethanasequencewith
a shortone. If the chemicalshift changesarenot affected
by thelengthof thepresaturationpulse,thentemperatureis
probablynot responsiblefor theeffect.

A varietyof controlexperimentsshouldbeperformedas
well. Theseinclude: disablingthe deuteriumlock circuit,
andtestingtheobservability of CSDin 1D experiments.In
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addition,we would like to testour protocolon a numberof
otherproteinsunderdifferentconditions.Thereforewe in-
vite NMR structuralbiologistsinterestedin arapidstructural
assayto contactus.

Finally, a numberof computationalimprovementsare
possible.The short-timeFT hassomedisadvantages,such
asthe limit in its time-frequency resolutioncapability. One
might overcometheselimitationsby theuseof waveletthe-
ory [16]. This shouldhelp in applyingTFA to larger pro-
teins,asshouldimprovedpeak-trackingandbettertrackmod-
eling.
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Appendix

Table2 showsthedetailedresultsof temporalsimilaritymea-
surementson simulatedNMR data. Figure8 shows the re-
lationshipbetweenthedifferencesin inter-atomicmeandis-
tancesbetweenthe setsC andU andthe sizeof the corre-
latedsetC. Figure9 showsribbondiagramsof bothtestpro-
teinsand the distancerestraintsderived via TFA projected
ontocartoonsof thoseproteins.

CBF-� CHY HGN

C (Å) U (Å) C (Å) U (Å) C (Å) U (Å)

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

t-test p < 1:8 � 10� 9 p < 4:0 � 10� 3 p < 5:1 � 10� 7

Table2: Inter-atomicdistancestatisticsfor the distribution
of temporallycorrelatedprotons(C) vs. uncorrelatedpro-
tons(U) in simulatedCBF-� , CHY andHGN spectra.The
simulationof CBF-� spectrumis basedon twentyPDB�les
encodingNMR-derived low-energy conformations. These
twenty low-energy conformationsare derived from NMR
dataandwereaveragedto obtainthe �nal, publishedstruc-
ture of CBF-� [32]. We considertheseconformationsto
form an ergodic ensemble.That is, eachconformationis
drawn from somelow-energy well in conformationspace
andany paththroughtheseconformationsis equallylikely.
Consequently, wegeneratedatimeseriesby usingeachcon-
formationonce,in randomorder. We report the resultsof
onerandompermutationof theconformationsbut testswith
100 other randompermutationsyield similar results. The
simulationof the CHY and HGN spectrais basedon ten
PDB �les (for eachprotein)depictingconformationsgen-
eratedby moleculardynamicssimulation. Student's t-test
con�dencescores(p-values)re�ect the probability the dif-
ferencesin meansare due to chance. The effects of the
smallersamplesize for CHY andHGN relative to CBF-�
areseenin thedifferencein meansbetweenC andU. The
shorterserieshavelesspowerfor discrimination,but thesta-
tistical signi�canceremains.
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Figure8: NormalizedSimilarity Thresholdvs.differencein
meansof C andU (solid line) andcardinalityof C (dashed
line) for CBF-� and huGrx. The x-axis is a normalized
thresholdoverthemultidimensionalM , P, andB -similarity
measurements.Within the rangeof thresholdspresented
here,thedistributionsC andU arestatisticallydifferent(i.e.,
they passa t-test).As thesimilarity thresholdincreases,the
cardinalityof C decreasesandthe 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-� . Linesconnectpairsof atomswhosetracksexhibit temporalcorrelation.Thecolorof
theline indicatestheactualdistancebetweenthetwo endpoints.Thetertiarystructureof eachproteinis shown on theleft for
referencein asimilar spatialprojection.Thesesimilarity pairingsindicatelong-rangedistancerestraintsandre�ect thespatial
proximity of differentpartsof theproteins.Whencoupledwith ahigh-throughputassayfor secondarystructuredetermination
[1,2] andastructurere�nementalgorithmdesignedfor sparsedistanceconstraints[39], anestimateof theprotein'sglobalfold
canin principlebeobtained.
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