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Abstract

A maximum likelihood (ML)-based approach has been established for the direct extraction of NMR parameters
(e.g., frequency, amplitude, phase, and decay rate) simultaneously from all dimensidixslohansional NMR
spectrum. The approach, referred to here as HTFD-ML (hybrid time frequency domain maximum likelihood),
constructs a time-domain model composed of a sum of exponentially-decaying sinusoidal signals. The apodized
Fourier transform of this time-domain signal is a model spectrum that represents the ‘best fit' to the equivalent
frequency-domain data spectrum. The desired amplitude and frequency parameters can be extracted directly from
the signal model constructed by the HTFD-ML algorithm. The HTFD-ML approach presented here, as embodied
in the software package CHIFIT, is designed to meet the challenges posed by model fiindgaénsional NMR

data sets, where each consists of many data poinfsigIt uncommon) encoding information about numerous
signals (up to 1®for a protein of moderate size) that exhibit spectral overlap. The suitability of the approach is
demonstrated by its application to the concerted analysis of a series of &2l HSQC experiments measur-

ing 1°N Ty relaxation. In addition to demonstrating the practicality of performing maximum likelihood analysis on
large, multidimensional NMR spectra, the results demonstrate that this parametric model-fitting approach provides
more accurate amplitude and frequency estimates than those obtained from conventional peak-based analysis of the
FT spectrum. The improved performance of the model fitting approach derives from its ability to take into account
the simultaneous contributions of all signals in a crowded spectral region (deconvolution) as well as to incorporate
prior knowledge in constructing models to fit the data.

Introduction Subsequent to this step, frequencies for desirable sig-
nals are typically obtained from interpolation of peaks
The extraction of primary NMR parameters (e.g., fre- whose heights exceed a specified threshold. Typically,
quency, amplitude, phase, and decay rate) from the the signalintensities are estimated either from the peak
acquired free induction decay (FID) is a prerequisite to N€ight or the integral of the peak, depending upon the
further NMR data analysis. The traditional first step in €XPerimental context. _ . .
this process is Fourier transformation (FT) of the FID ~ Accurate estimation of signal intensities from
into a suitably apodized and phase-corrected absorp-P€aK height or peak integral measurements requires

tion spectrum (for a review see Hoch and Stern, 1996). that nearby signals have negligible overlap in the
frequency-domain spectrum. This requirement of-

lpresent address: ADAC/Geometrics Corp., 6510 Grand Teton ten is not m,et in NMR spect_ra of Iarge mOIeC:.U|eS’
Place, Madison W1 53719, USA. where the signals have relatively broad linewidths.
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9349; fax (608) 262-3453; e-mail markley@nmrfam.wisc.edu.
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ticularly 3D and 4D), the problem of spectral over-
lap is exacerbated by the application of apodiza-
tion functions along the indirectly-detected dimen-
sions. One approach to remedying the problem of
poor frequency resolution involves extrapolating the
time-domain data along the indirectly-detected dimen-
sions to yield a resolution-enhanced spectrum upon
subsequent Fourier transformation. Reported meth-
ods for extrapolation of the time-domain FID in-
clude linear prediction serially in one dimension (Ges-
mar and Led, 1989; Kay et al.,, 1992; Miller and
Greene, 1989), 2D linear prediction (Zhu and Bax,
1992),n-dimensional Bayesian (Chylla and Markley,
1993), andh-dimensional maximum likelihood (ML)
analysis (Chylla and Markley, 1995). Another ap-
proach is the direct replacement of the low-resolution
data spectrum with one of greater resolution derived
from frequency-domain maximum likelihood analysis
(Wang et al., 1994) or maximum entropy reconstruc-
tion (Sibisi et al., 1984). Although these approaches

acquisition dimension, a signal model was constructed
to fit the correspondingd-1)-dimensional FID. The
signal models derived from this analysis were used to
extrapolate each of théX— 1)-dimensional FIDs with
synthetic data points prior to Fourier transformation,
but only portions of the entirB-dimensional data set
could be modeled.

We describe here an approach for applying the
maximum likelihood principle to the extraction of
NMR parameterssimultaneouslyalong all dimen-
sions of aD-dimensional NMR spectrum. In this
approach, line shapes present in the frequency-
domain NMR spectrum are modeled by curves de-
rived from theoretical time-domain signals (such as
exponentially-decaying exponentials) that have been
truncated, apodized, and Fourier transformed in the
same manner as the time-domain NMR data. The
proposed approach, referred to here as a hybrid time
frequency-domain maximum likelihood (HTFD-ML)
method, meets the challenges posed by model fit-

employ different means of producing a resolution- ting of D-dimensional NMR data, i.e., large data
enhanced absorption spectrum, they all ultimately rely sets (up to 19 data points) composed of numerous
upon peak-based measurements to obtain frequency(up to 1®) partially-overlapped signals. We present
and amplitude estimates. the theory and implementation of the HTFD-ML al-

Recent efforts have focused upon obtaining NMR gorithm and illustrate how it can be applied to the
parameter estimates from parametric signal models, asconcerted analysis of a series of 2B-1°N HSQCTy
opposed to measurements of peak attributes. Model-relaxation experiments carried out on a medium sized
based approaches that attempt to ‘fit' the acquired soluble protein (the carbon monoxide ligated form of
experimental data to analytical signal functions pro- the monomeric hemoglobin component IV, GMH4CO,
vide a means for direct parameter extraction from the from Glycera dibranchiata 147 amino acids). The
optimized signal models. The simultaneous contribu- goals were (1) to test the practicality of the HTFD-
tions of numerous signals can be calculated by such ML approach for the analysis of multidimensional
methods, thus allowing one to obtain greater accu- NMR data from a macromolecule in a situation where
racy in parameter estimates when signals overlap in quantitative information about signal frequencies and
the frequency spectrum. Model-based methods haveamplitudes is essential, and (2) to compare the results
the additional advantage of providing a more system- with those of conventional analysis of the relaxation
atic, automated approach to NMR parameter extrac- data.
tion. Two parametric approaches have been reported
for estimating NMR parameters from one-dimensional
time-domain data: Bayesian probability theory (Bret- materials and Methods
thorst, 1990; Fitzgerald et al., 1995) and use of the
maximum likelihood principle (Miller and Greene,
1989; Umesh and Tufts, 1996).

The practical application of a model-based ap-
proach to parameter estimation from larg®-
dimensional NMR spectra is a non-trivial exercise.
Our previous approach (Chylla and Markley, 1995)
to applying the maximum likelihood (ML) principle

Sample preparation

Glycera dibranchiata component IV monomeric
hemoglobin (GMH4) was overexpressed and uni-
formly 15N-labeled inEscherichia coli purified and
reconstituted with b-type hemin as described previ-
ously (Alam et al., 1998). The reduced CO-ligated
to parameter extraction fronb-dimensional time- form of GMH4 (GMH4CO) was produced by re-
domain data was limited to modeling subsets @-a duction of pure ferric GMH4 with an excess of

dimensional experiment. For each data point along the sodium dithionite 1°N relaxation measurements were
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performed on a sample of uniformBPN -labeled points was chosen to be/3 the average width of a
GMH4CO (3.5 mm), buffered in 100 mm potassium peak at half-height.
phosphate, 100 mm KCI, pH 5.0 in 90%@&/10%

D,0. Maximum likelihood analysis

NMR spectroscopy Maximum Likelihood (ML) estimation of frequency,
amplitude, phase, and decay rate parameters was car-

15N 71 values were measured at 750.13 Mt fre- ried out by a computer program nam@#lIFIT using

guency with a pulse scheme that utilized gradients for the approach and algorithm described, respectively, in
sensitivity enhancement and selective pulses for water the Theory and Algorithm sections. CHIFIT is written
flip-back (Farrow et al., 1994). All spectra were ac- in C** and runs on Silicon Graphics workstations op-
quired with 16 scans per FID, 200 complex (2D&N erating under a version of IRIX 5.3-6.The program
points and 1024 complex (10241H points. Spec-  displays its graphics using X-Windows and thus can
tral widths were 10 000 Hz in th&H dimension and be run in a client-server configuratioBhifit reduces
2500 Hz in the'>N dimension.T; values were ob-  the need for very large amounts of random access
tained with relaxation delays = 10, 60, 120, 200, memory (RAM) by loading only those portions of the
400, 800, 1400, and 2200 ms. Duplicate spectra were spectrum that are actively being modeled. The RAM
recorded af” = 10 and 200 ms for making precision requirements depend on the number of signals con-

estimates. tained in the data set: 32 MB of RAM suffices for
data sets containing fewer than®1€ignals; 128 MB
Noise added to synthetic spectra of RAM is required for 18-10* signals; larger RAM

) ) capacity (512 MB) is needed in order to process
N0|_se added tq synthetic spectra was generated by col-gata sets with very large numbers of signals #)10
lecting dr‘ﬂa V‘{'thOUt a sample at 500.13 MHz using The gcademic version of the software is available from
a single ‘hard’ proton pulse. The noise was Fourier e National Magnetic Resonance Facility at Madison
transformed using the same digital filters and zero- . /ww.nmrfam.wisc.edu/software.html), and the

filling properties that were used to transform the cor- -ommercial version can be purchased from Spectrum
responding synthetic data. The entire noise data setpegearch (http://www.specres.com).

was then multiplied by a constant before being added
to the synthetic frequency-domain spectra. The value Foyrier transforms and plotting
of the constant was chosen to produce the desired

signal-to-noise ratio of the spectral simulation. Conventional FT processing was performed using
the commercial software package Felix95 (Molecu-
Peak measurements lar Simulations, Inc., San Diego, CA, USA). De-

tails about window functions, zero-filling, and other
Measurements of peak position along each dimension yrocessing methods are documented in the appropri-
were derived from a three-point parabolic interpola- ate figure legends. The multidimensional data were
tion of the extremum and its two adjacent freqUency- |oaded and processed into Felix matrices using a sub-
domain values along each dimension. The quadratic matrix format that is accessed directly by the CHIFIT

coefficients &,b,c) of a paraboladx? + bx + c)that  software. The contour plots appearing in the figures
‘passes through’ three equally spaced points, with \yere generated by Felix95.

values of p0pl, p2), are given, respectively, by
(p0+p2—2pl p2—p0 1)
2ﬂ ’. . 2 ’ p ’ .
The position of the peak was obtained from the Theory

position of the maximum of the parabolgnax, given
by (—b/2a). The peak height is given bx?2 ., + In previous work (Chylla and Markley, 1995), we
bxmax+ ¢). presented a theory for using the maximum likelihood
To minimize systematic overestimation of peak in- principle to perform signal analysis of multidimen-
tegrals caused by overlap among closely-spaced peakssional time-domain data. The focus of this section is
in the frequency spectrum, all peak integrals were cal- to present an adaptation of this to HTFD-ML analysis,
culated as a simple sum over a fixed number of points and to outline the approach used to implement HTFD-
centered about the peak maximum. The number of ML analysis to perform efficient signal recognition
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and parameter estimation on larg®dimensional The systematic portion of the signal at a given data
NMR data sets. point f(z;) is described as the linear combination of a
set of 1< j < J signal functionsV(s; | ;) with
Maximum likelihood principle non-linear parametety;
A fundamental task in signal processing is to deter- ! 4
mine what type of model functions should be used to y(ti) = Z AVt [ 2)). )
describe the data and what values should be chosen for j=1
the free parameters of the model. Given a vectddof Each multidimensional signal functiol(s; | Q;)
discretely sampled data points in tirne is the D-dimensional product of a one-dimensional
. signal functionU (tig | 24)-
¥ = [y y(t). ... yan)] 1<i<N (@) 59 (tia | $2ja)
D
wherg egch data poing(s;) is the sum of a sys- V(| Q) = l—[ Ultia | ja)) (5)
tematic signal component(z;) and a random noise dei
componend(;), whereU (ti4 | 2ja) is given by
W) = f) +3) (2) Ultia | Qjq) = e ®idiid giidtia g=0jdtia, (6)

the systematic component can be described using ar
parametric modef (¢ | P). The maximum likelihood
(ML) principle expresses the probability of a given
model and set of parametdpsin terms of the likeli-
hoodi/(f | y, P). Discarding any terms independent
of P, the log-likelihood lo@/(f | v, P)] is given by

he basis functior’®/?d is a complex sinusoid as-
sociated with thejth signal along dimensionl. It
has an angular frequency given by,. Analogously,
e'®idtd js a complex phasor with a phase given by
$jq, ande~i"id js an exponential with a decay rate
given by ;4. The symbols, represents the time

1\ Y along dimensiord of the ith data point. Each index
log[l (f |y, P)] <;> Zy(ti)f(ti | P) i corresponds to a unique-dimensional time coor-
N i=1 dinate[#1, ti2, ..., t;p]l. ;4 is the set of non-linear
1 2 parametersw jq, ¢4, ojql.
N (f,z) Z [f@ 1P (3) If the number of signalg and the values for the

i=1 non-linear frequency, phase, and decay rate parame-

whered? is the variance (a constant that for the time ters §2;) of each signal are known, thén(;; | ;)
being is assumed to be known) of the random noise can be calculated and the maximum likelihood values
3(t). Thus, according to the ML principle, the most for the amplitudest ; of the signals are given by
likely set of parameterB given a model and the data N
is theP that maximizes log(f | y, P)]. 9 (Z () — f(t,-))2>

i=1

=0. (7
Time domain maximum likelihood analysis IA;

Substitution of the value of (;) contained in Equa-
The maximum likelihood principle addresses the is- tion 4 yields:

sue ofparameter estimatign.e., what values should N ; 2
be chosen for the set of free parameteiis a speci- 9 (Z <)7i — 3 AV | Qk)) )

fied model function, but does not directly address the i=1 k=1

guestion ofmodel selectioni.e., what type of model A, =0 ®)
function f(P) should be chosen to describe the data. Th luti h ¢ litud s
The choice of appropriate model functions to describe . . €so UF'On tqt e_vector oramp |t_u 83 appear
NMR data depends fundamentally upon whether the ing in Equation 8 is given by the matrix equation
experimental data are modeled in the time domain Aje(t)jx = h(t);, 9)
(FID) or the frequency domain. A detailed explanation '

of a D-dimensional approach to model fitting NMR  Wheree(r) i is the ‘interaction matrix’,

data in the time domain has been reported previously N

thoory are reformutated hare. o CORSLVEIRVEIa0, 0

i=1



andh(z); is the projection of the data upon the signal
functions,

N
h(t); =Y vV | Q).
i=1
The solution vector is found by multiplication of
the projection vectoh(r); by the matrix inverse of
e(t) jk»

Aj=h@); e ]

Equation 12 provides an expression for finding the
maximum likelihood amplitudes that are consistent
with the datay(#;), a set ofJ signal functionsV (¢; |
2;), and the parameters of each sigrfa}, From an
initial estimate ofJ and<2;, the maximum likelihood
values forA; can be found by linear least squares
analysis (Equation 12), and the sufficient statistic
72(t) can be calculated according to Equation 13.

(11)

12)

J
h2(t) = ZAjh(t)j.

j=1

(13)

The sufficient statisti¢:2(¢) is a value that both
maximum likelihood and Bayesian probability the-
ory (Bretthorst, 1990) predict to be an indicator of
the likelihood of the set of non-linear parametérs
(Chylla and Markley, 1995). The most likefy is the
set of values that maximizeg(r). It is more effi-
cient to maximizéi?(¢) than to minimize chi squared,
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In all other respects, frequency-domain ML analy-
sis is analogous to time-domain analysis: i.e., Equa-
tions 7-13 are still applicable. As with time-domain
analysis, the sufficient statistic is calculated for a set
of J signals with known;, and can be used as
a basis for non-linear optimization of ea€h;y

(wjd, Pja,Vjdl-

Hybrid time-frequency domain maximum likelihood
(HTFD-ML) analysis

In this section we present an approach that involves
elements of both time and frequency domain analysis.
We briefly evaluate the strengths and limitations of
the two methods and discuss why a hybrid approach
seems appropriate for the practical application of max-
imum likelihood analysis to largB-dimensional data
sets.

The strengths of time-domain analysis are the ap-
propriateness of its model functions for describing
the data and the amenability of the method to the
use of weighting functions. Weighting functions are
useful for either increasing signal-to-noise ratios or in-
creasing frequency resolution. Figure 1 illustrates the
differences in resolution obtained by applying differ-
ent apodization functions to the same synthetic data
set which contains three signals with added random
noise. One of the signals is isolated in frequency space,
and the other two form a closely spaced pair. The pa-
rameters associated with this three-signal model are

because the former can be calculated directly from given in Table 1. The absorption spectrum obtained

the dot product given by Equation 13. This equation

by processing the synthetic FID with a shifted cosine-

thus serves as a basis for performing non-linear least squared-bell weighting function (Figure 1B) shows far

squares optimization of2 to achieve the maximum
value of2(¢).

Frequency domain maximum likelihood analysis

better frequency resolution than that obtained with
a pure cosine-squared-bell weighting function (Fig-
ure 1A). Resolution-enhancing apodization functions
such as that used in Figure 1B can be applied readily to
the data and to the basis functions of Equation 6 when

If the experimental data are modeled in the frequency using a time-domain maximum likelihood approach.

domain, each data poinft(w;) in the data vector now
represents a discre®2dimensional frequency coordi-

The central weakness of time-domain analysis is
that its basis functions are delocalized such that an

nate. The appropriate signal functions in the frequency accurate projection of the data upon the basis func-

domain are now Lorentzian functions of the form:
U®ia | Qja) =

A [e_¢f'di| 1
"L Vija 1- ﬁ(wid - wjq)

(14)

whereQ s = [wja, dja, vja refers to the respective
angular frequency, phase, and linewidth of sigpal
along dimensioml.

tions requires calculation of multidimensional dot
products over the entire data set. Although this fact
does not prevent practical application of time-domain
ML analysis to 1D NMR data sets and smakt
dimensional NMR data sets with few signals (Chylla
and Markley, 1995), the computational cost of these
dot products becomes prohibitive when the size of the
data set surpasses®lpoints or when the number of
signals surpasses 30Any attempt to reduce the size
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Table 1. Parameters used in producing a synthetic model free induction
decay (FID) containing three signls

Signal number Amplitude

Frequency (/Hz) Line width (/Hz)
(/arbitrary unit)

N

100 —200 17
32 200 15
16 194 16

A
ohs A SAIAAA SN A W
180 120 60 O 60 120 180
(Hz)
B
M P ,NWW'\M\/\MMN\M’W‘W‘ s M A W
180 -120 60 O 60 120 180
(/Hz)

Figure 1. Absorption spectra consisting of three theoretical sig-
nals with added noise. A synthetic time-domain FID of length
512 complex points was constructed from the sum of three expo-
nentially-decaying sinusoidal signals as described in Table 1. (A)
Spectrum derived from the synthetic FID by application of & 90
shifted sine-squared bell window function (512 complex points) and
zero-filling (to a length of 1024 complex data points) prior to Fourier
transformation. (B) Spectrum derived in the same manner except
that the window function was shifted by @0Comparison of the
spectra in A and B clearly shows the utility of resolution-enhancing
functions in resolving closely spaced signals.

of the dot products by calculating the projection of the
basis functions over just a portion of the data set will
result in a loss of frequency resolution. The nature of
the time-domain signal is that its frequency informa-
tion is distributed evenly over the full span of the FID

(delocalization).

In contrast to time-domain ML analysis, the in-
formation about a particular signal in the frequency-
domain absorption spectrum is heavily localized
around the frequency coordinate corresponding to

2 A synthetic time-domain FID of length 512 complex points was
constructed from the sum of three exponentially-decaying sinu-
soidal signals using the parameters shown above: random noise
was added to the synthetic FID.

. 32X p;-Iy

L

14X Py
kJ/—( X pjw,

1/2h

\

MNANNA N AN AT SNANNN S A S AN

Figure 2. Definition of the ‘optimization’ and ‘signal’ regions. The
figure shows how the sizes of the signg} ¢ 7;) and optimization
(pj - rq) regions along a given dimensiahare derived from the
width of the corresponding peglat half peak heightg(; - wg).

the angular frequency of the signal. Consequently,
a strength of frequency domain analysis is that the
information about the amplitude of a signal can be
approximated very accurately by a projection of the
Lorentzian basis function over only a small portion
of the entire spectral width. The time.) required

to computes; (Equation 11) is linearly proportional
to the size of the data set. The reductionzinof
frequency-domain analysis vs. time domain analysis
is thus given by

D
te X l_[ ("d/fd)
d=1

wherer, is the ‘optimization region’ along dimension
d, and7; is the full spectral width along dimensiah
(see Figure 2). The fractional reductionsinis exper-
iment specific, but is of the order of 18-10-* for
D =2and 103-10%for D = 3.

A significant drawback of a pure frequency-
domain approach is that the closed-form expression

(15)
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for a discrete Lorentzian (Hoch and Stern, 1996, p. 30) In the algorithm described in the following section,
is only a valid basis function to describe the frequency- the F (1) operators consist of the following operations:
domain spectrum if the time-domain data have been o o
sampled uniformly and have been digitally filtered (1) Multiplying the complexs(s) by an apozidation

with exponential weighting functions. This limitation functionv(r) of lengthly (Iz is usually just the
is noteworthy in cases where it is desirable to use digi- __€ngth ofs()).

tal filters that increase frequency resolution. As shown (2) Zero-filling the data froni, to a length/; such
in Figures 1A—1B, the use of such non-exponential _thatly is a power of two andy > 2.

weighting functions can be strongly advantageous for (3) Fourier traqsforming the data using a Fast Fourier
processing overlapped spectra. Because the shape of  (FFT) algorithm. _

the signal in the frequency domain is determined by (4) Extraction of the real portion of the data to form a
the characteristics of the time-domain processing (uni- ~ Vectors(w) of lengthi.

form vs. non-uniform data sampling, type of window
function, extent of zero-filling, etc.), the analytical
frequency-domain basis functions in a pure frequency-
domain approach must be modified to model the

As a consequence of the linearity bis (1)), the
systematic portion of the frequency domain signal
y(w;) can be described by:

signal characteristics (line shapes) produced by each J
processing procedure. y(wi) = Z AjV(w; | Q)) (19)
Taking these considerations into account, it is de- j=1

sirable to adopt an approach that combines strengths ofwhere
both the pure time domain and pure frequency-domain
methods. Since the Fourier transform is a linear op-
eration, the peak height (or integral) of a signal in
the frequency domain is linearly proportional to its
amplitude in the time domain. The calculation/of andU (wiq | 2;4) is given by Equation 18. The maxi-
(Equation 11) using the time domain basis functions mum likelihood amplituded ; can now be found from
U(t | Qjq) (Equation 6) can thus be approximated the solution of the matrix equation:
accurately by the process described as follows.

Let F[s(r)] denote a digital operator that trans- Aje(w) jx = hj(w) (21)
forms a 1D complex time-domain vecte) into a
phase-sensitive absorption spectru().

D
Vwi | Q)i = [[U(wia | Qja) (20)
d=1

where

N
Fls()] = s(w). (16) e(w)ju=Y V(w; | Q)V(wi | ) (22)
This operator can be extended to tHe- i=1
dimensional case by defining@dimensional oper-  gpg
ator that consists of a series Bf separateF[s(7)]
operators applied consecutively along each dimen-
sion. For the remainder of this section, we will limit
our discussion to the one-dimensional case to avoid
cumbersome notation. A new sufficient statistic,7%(w), can now be
Let F[s(z)] refer to a specifid'[s(¢)] operator that formulated.
transforms the discrete time-domain HI¥) into the
discrete frequency domain spectryit):

Fly(H)] = y(w). 17)

N
hj(w) =Y y(@)V(wi | 2)). (23)
i=1

J
h(w) = > Ajhj(w). (24)
j=1

The reformulation of the sufficient statistic in
Equation 24 allows non-linear optimization of the pa-
rameters in the time-domain basis functiotig: |

Theﬁ[s(t)] operator can also be used to transform
the discrete time-domain basis functiobigr | €2;4)
i i f - i is f i . . :
into discrete frequency-domain basis functiéhso | Q,4) (Equation 6) using the frequency-domain pro-

de): jections defined by Equation 23. The advantage of this
F [U(t | de)] =U(w | Qja). (18) reformulation becomes apparent if the basis function
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of lengthn, is truncated to the lengthy. This sub-
stantially reduces the time (Equation 15) required

to compute the sufficient statistic without a signifi-
cant loss in signal information. When the data are
multidimensional, the reduction in time required to
calculatee(w) jx for a set of smaller basis functions
V'(w | Qjq) and to project the basis functions over
the corresponding reduced data set more than com-
pensates for the additional time required to Fourier
transform the basis functions (Equation 18).

Algorithm for HTFD-ML analysis of

multidimensional NMR data

A software application name@HIFIT, which is writ- @
ten in C** and runs under IRIX 5.3-6.4, implements
the algorithm that incorporates the theoretical formu-
lations of HTFD-ML analysis described in the pre-
ceding section and in our earlier work (Chylla and
Markley, 1995).

(1) A phase sensitive absorption spectryifw) is
created from conventional Fourier processing of (5)
the time-domain datay(z). The v(t) window
functions and zero-filling properties along each
dimension define a Fourier operau%[s(t)].

To record the general signal characteristics of the
spectra, a set al ‘trial signals’ is found in the
spectrum. Any non-overlapped signal with good
signal-to-noise characteristics is a suitable mem-
ber for the set of trial signals. Peaks corresponding
to these signals are located in the spectrum. In the
context of the CHIFIT algorithm, a pegk; is any
discrete point in the absorption spectrum which
has an extremum whose absolute value (a) is
above a required threshold, and (b) is greater than
any point contained within thB-dimensional re- ~ (6)
gion formed by the center of the peak - ¢, and

the half-peak widtlp; - wy along each dimension
1>d > D, wherep; - ¢4 is obtained from a 3-
point parabolic interpolation of the points adjacent (7)
to the center (along dimensial), and p; - wy

is derived from the interpolated width of; at
half-height (along dimensiod).

Two regions, an ‘optimization’ and a ‘model’ re-
gion (r; and7; respectively), are defined for each
signalj associated with peak; (Figure 2). The
optimization regionr; is the product of all points
defined by a segmenj, along each dimension

D
rj = 1_[ rjd
d=1

(@)

3)

(8)

(25)

wherer 4 is the set of points given by

Fid = {kjd} (cja —2wjq) < kja

< (cja + 2wjq). (26)
The larger model regioti,, is given by
D
Fi=[1#a (27)
d=1
Fja = {léjd} (cja — 16wjq) < kja
< (cja +16wjg). (28)

Appropriate sinusoidal basis functions are chosen
to describe the signal along each dimension. If the
absorption spectrum is well phased along dimen-
siond, then the phasor basis function is omitted
from U(t;q | Qjq (Equation 6). Similarly, if the
data are acquired with ‘constant-time’ evolution
periods along dimensiod, then the exponential
decay function may be omitted froti(tiq | 2;4).

The frequency, phase (if applicable), and decay
rate (if applicable) parameters along each dimen-
sion are set to their initial values. The starting
frequency values are the angular frequencies cor-
responding to position;, in the frequency spec-
trum. The phases are initialized to zero. The decay
rates are initialized to an arbitrary value-60.01
which is equivalent to a linewidth that is 0.01 of
the sweep width along the relevant dimension.
Because the trial signals are isolated from other
signals in the spectrum, the ability to find the
maximum likelihood value of the decay rate para-
meters is insensitive to the accuracy of the initial
decay rate estimates.

Given theQjq = [wja, ¢ja, v;a] Obtained from
the previous step, the basis functions for trial
signal j along dimensiondU (t;4|2jd) can be
calculated according to Equation 6.

The frequency-domain basis functio$(w, |
Q;4), are obtained from applying the correspond-
ing F operators to the time-domain basis func-
tionsU (z4 | Q4. The resulting basis functions are
truncated along each dimensidrfrom a length

of ng to the corresponding length;; (Equa-
tion 26) to obtain the truncated-dimensional
basis functiony’(w; | ;).

The sufficient statisti#? and the set of maximum
likelihood amplitudesA ; consistent with the data
andV’(w; | ©2;) are obtained from Equations 21—
24.



(9) For any set of2; associated with the set of
signals, 72 can be calculated according to steps
3-8. The set of truncated basis functions which
comprise the current model form a series of sig-
nal networks with each network containing a set
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cies corresponding te; - c. Any phase and decay
rate parameters (as well as their constraints) are
initialized to the trial phase and decay rate para-
meter values that are obtained from optimization
of the trial signals.

of one or more overlapping signals. A gradient- (15) Steps 6-9 are used to perform linear optimization

search algorithm is applied to find the segg
in each network which maximizes the loda.
The gradient-search algorithm employs a mod-
ified Marquardt approach (Marquardt, 1963) to
find the local maximum in thé? that exists in
the vicinity of the parameter space determined by
each network’s set a2 ;.

(10) The set of trial signals and their associatedre
used to derive a set of trial model characteris-

tics that are used to analyze the remaining signals

contained in the data set.

(11) A threshold valuermin (the minimum absolute
value that a peak must have in the absorption
spectrum for its corresponding signal to be mod-
eled) is selected by the user on the basis of visual
inspection of the absorption spectrum.

(12) A D-dimensional signal model is constructed

from the current set of model signals. Initially,

the set of model signals will be just the trial
signals obtained from steps 1-10. The signal
model is formed by the linear combination of the
amplitude-weighted, truncated frequency-domain
basis functions associated with each model signal.

The region associated with each signal, however,

is not the ‘optimization region’ (Equations 25—

26) but the larger ‘model region’ (Equations 27—

28). The signal model is subtracted from the

frequency-domain data to yield a residual spec-

trum.

All peaks that satisfy the threshold and overlap

criteria defined in step 2 are located in the resid-

(13)

of the amplitudes and non-linear optimization of
the parameters associated with these signals and
all other signals currently contained in the signal
model.

(16) The algorithm loops back to step 12 and cy-

cles through steps 12—15 until no additional valid
peaks are obtained in step 13.

Results

Application to a 1D synthetic spectrum

The synthetic 1D model spectra, whose stepwise
analysis by application of the HTFD-ML algorithm is
depicted in Figure 3, contain a spacing of 4 Hz be-
tween signals 2 and 3 (the spectra in Figure 1 have
a spacing of 6 Hz between peaks 2 and 3, but other-
wise are identical). The upper right panel is a plot of
the initial CHIFIT model, which contains no signals.
The residual corresponding to this initial condition is
simply the input spectrum (upper left panel).

The first stage of peak picking finds evidence for
two signals. The frequency estimates for these signals
are obtained from parabolic interpolation of the peak
maxima. The initial decay rates for the two signals
are assigned an arbitrary value 00.01. Amplitude
estimates consistent with these frequency and decay
rate values are obtained from steps 6—8 of the algo-
rithm described in the previous section. Holding the
frequency estimates constant, the maximum likelihood

ual spectrum. The peaks must have an extremumyalues for the decay rates for this two-signal model

whose absolute value is greater thgq, and is
also greater than the value of any points within
the region defined by the center of the peak and
the trial peak widttp - wy (see Table 2) along each
dimensiond.

A signalj is constructed for each peak obtained
from step 13. The signal is assigned an optimiza-
tion region ¢;) and a model region/{) on the
basis of the peak center; - ¢ and the trial peak
width p-w. The form of the basis functions for the

(14)

are obtained from optimization of the sufficient sta-
tistic as described in step 9. The two-signal model,
with optimized amplitudes and decay rates, is shown
in the middle right frame of Figure 3. The correspond-
ing residual is shown in the middle left frame. This
residual spectrum contains evidence for an additional
signal which is added to the model. The three-signal
model (not shown) obtained after optimization of the
decay rates of all three signals yields a residual that
does not contain evidence for another signal. A final

nascent signals are the same as those chosen fopptimization of both the decay ratesdthe frequen-

the set of trial signals. The frequency coordinate
of the signal is initialized to the angular frequen-

cies for all three signals is performed and yields the
optimized model shown in the lower right frame of
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Table 2. Analysis of errors in (top) frequency and (bottom) amplitude parameters extracted
from a one-dimensional synthetic data set by HTFD-ML analysis and by conventional peak

analysi§

Frequency parameters

Symbol Description Error (/Hz)  Error (/Hz)
from ML from Peak
Analysis Analysis
A-F1 Accuracy of frequency 1 for all spectra 0.007 0.016
A-F2 Accuracy of frequency 2 for all spectra 0.086 0.082
A-F3 Accuracy of frequency 3 for all spectra 0.187 0.268
A-LRF3  Accuracy of frequency 3 for all low resolution  0.364 0.603
spectra
A-LSF3  Accuracy of frequency 3 for all spectra with 0.398 0.448
low sensitivity
P-F1 Precision of frequency 1 for all spectra 0.007 0.009
P-F2 Precision of frequency 2 for all spectra 0.070 0.068
P-F3 Precision of frequency 3 for all spectra 0.151 0.206
P-LRF3 Precision of frequency 3 for all low 0.130 0.147
resolution spectra
P-LSF3 Precision of frequency 3 for all spectra with 0.378 0.442
low sensitivity
Amplitude parameters
Symbol Description Error Error from
from ML Peak
Analysis Analysis
(1%) (%)
A-A2 Accuracy of A2/A1 for all spectra 7.9 16.3
A-A3 Accuracy of A3/A1 for all spectra 8.0 224
A-LRA3  Accuracy of A3/Al for all low resolution 20.1 102.8
spectra
A-LSA3  Accuracy of A3 /Alfor all spectra with low 13.1 23.4
sensitivity
P-A2 Precision of A2/A1 for all spectra 4.2 2.2
P-A3 Precision of A3/A1 for all spectra 4.7 3.7
P-LRA3  Precision of A3/A1 for all low resolution 4.9 2.9
spectra
P-LSA3  Precision of A3/Al for all spectra with low 11.0 9.8
sensitivity

a A set of 256 different synthetic data sets was constructed as described in the text. To
each of the 256 data sets, a series of 8 different noise spectra was added to create a total
of 2048 data sets. HTFD-ML analysis was conducted on each of the 2048 data sets.

P The term ‘accuracy’ as used here in the context of frequency estimates represents the
standard deviation of the estimated frequencies (obtained for each of the 8 data sets)
from the known frequency value. The term ‘precision’ as used in this context represents
the standard deviation of the estimated frequencies (obtained for each of the 8 data sets)
from the mean frequency value.

¢ The amplitude estimates of signdélsand 3 obtained from ML analysis were derived
from the ratio of the respective amplitudes to the amplitude of sitjn@he amplitude
estimates of signalg and3 obtained from peak analysis were derived from the ratio of
the respective peak areas to the peak area associated withkigimal term ‘accuracy’
as used here in the context of amplitude estimates represents the standard deviation of the
estimated amplitude ratio (obtained for each of the 8 data sets) from the known amplitude
ratio. The term ‘precision’ as used in this context represents the standard deviation of the
estimated amplitude ratio (obtained for each of the 8 data sets) from the mean amplitude

ratio.
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Figure 3. HTFD-ML analysis of a 1D synthetic data set. The figure shows three pairs of residual and model spectra associated with the analysis
of the synthetic data set described in Table 1. (Top pair) At the starting point of the analysis, the model contains no signals, and the residual
spectrum is simply equivalent to the absorption spectrum of the synthetic data. (Middle pair) The signal model (right) and residual (left) derived
from the first round of HTFD-ML analysis. The first round of peak analysis yields two resolved signals. Using the algorithm described in
the text, the amplitude and decay rate parameters of the signals derived from these peaks are optimized to fit the data. The residual contains
evidence for another peak; the signal derived from this peak is added to the signal model in the next round. (Bottom pair) The signal model and
residual at the end of the second round of HTFD-ML analysis; the amplitude, frequency, and decay rate parameters of the three signals in the
have been optimized to minimize the residual.
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Figure 4. Error analysis of (top) frequency estimates and (bottom) amplitude estimates obtained from HTFD-ML analysis (light shaded bars)
and peak analysis (dark shaded bars) of a series of 1D synthetic data sets (Table 2).

Figure 3. The corresponding residual is shown in the are referred to as ‘low sensitivity’ spectra. Along with
lower left frame. changes in sensitivity, the frequency of sigRalvas

To obtain a quantitative comparison of the preci- decreased linearly from a value of 211 Hz to 196 Hz
sion and accuracy of both the frequency and amplitude thus yielding a frequency separation between signals
estimates obtained from HTFD-ML analysis versus 2 and3 that ranged from 19 Hz to 4 Hz. In some of
peak analysis, a matrix of 18 16 = 256 synthetic these spectra, signalvas not clearly discernible from
1D spectra was created, in which each spectrum wassignal2 (see Figure 3). These spectra are referred to as
similar to the three-signal spectrum whose parameters‘low resolution’ spectra. The matrix of 16 16 = 256
are displayed in Table 1. The parameters of signals synthetic spectra thus contained a full range of sensi-
2 and 3 were chosen to provide a range of 16 dif- tivity and resolution combinations. For each of these
ferent frequency resolutions (difference in frequency 256 synthetic models, eight different spectra were cre-
between signal? and 3) and 16 signal sensitivities ated by adding eight different sets of random noise
(ratio of the amplitudes of signakand 3 versus the to the model. To ensure that the random noise ac-
noise ). Over a range of 16 discrete values, the ampli- curately reflected the characteristics of spectrometer
tudes of signal® and3 were decreased linearly from  noise, the noise added to the synthetic data was ob-
respective values of 32 and 16 to respective values of 2 tained from processed spectra of FID’s recorded on
and 1 (arbitrary units). The standard error of the noise an NMR spectrometer (see Methods). The addition of
was kept constant over the range thus producing a seteight data sets with different noise components and
of sixteen steadily decreasing signal-to-noise ratios. identical systematic components yielded a final matrix
In some of the spectra, the presence of sighalas of 16 x 16 x 8 = 2048 data sets.
not clearly discernible from the noise. These spectra
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100 . (1) The overall error in both the precision and accu-
BML Analysis racy of the frequency estimates for the two methods of
@Peak Anaysis analysis was comparable for signaland2.

(2) Averaged over all data sets and over all low-
sensitivity data sets, both the accuracy and the preci-
sion of the signaB frequency estimates derived from
HTFD-ML analysis were slightly improved relative to
peak analysis.

(3) Averaged over all data sets and over all low-
sensitivity data sets, the precision of the frequency
estimates was a reliable indicator of the accuracy of
the frequency estimates.

(4) For low-resolution data sets, the precision of the
frequency estimate was a poor indicator of its accu-
racy.

(5) For low-resolution data sets, the accuracy of the
frequency estimates derived from HTFD-ML analysis

Figure 5. Percentage of signals resolved from HTFD-ML analysis ianifi ty i d relative t K vsi
(light shaded bars) and peak analysis (dark shaded bars) of a seriegVEr€ Signincantly improved refative {0 peak analysis.

of 1D synthetic data sets. A set of 256 different synthetic data sets A Similar analysis was made of the amplitude
were constructed as described in Table 2. A portion of the data estimates: Table 2 (bottom) and Figure 4 (bottom).

sets contained very poor resolution (LR) between sig@aiad 3. Because there was no direct way to measure the accu-

Another portion of the data had a low signal-to-noise ratio (low f th litudes derived f Ki .
sensitivity, LS) associated with signal The bar graphs displayed racy ot the amplitudes derived irom peak integration,

above represent the percentage of low resolution (LR) and low sensi- the amplitude estimates of sign&sand 3 were ex-
tivity (LS) spectra in which signals-3were resolved. Inthe context  pressed as ratios relative to the amplitude of signal

of HTDF-ML analysis, signaB was considered to be resolved if the The following observations can be made concerning
residual contained sufficient evidence for a signal after a two-signal

model had been constructed to model the data. In the context of peak tN€ results of the amplitude estimates.

80

60

40

% Resolved

20 —

0

LR LS

analysis, signad was considered to be resolved from sigltwo (1) Both for averages over all data sets and for aver-
extrem_a were present in the corresponding region of the spectrum ages over Iow-sensitivity data sets, the overall errors
(see Figure 1). in both the precision and accuracy of the amplitude

estimates derived from HTFD-ML analysis were about
half as large as those derived from peak analysis.
(2) For all data sets, the precision of the amplitude

Each of the 2048 data sets was analyzed by both €rror was a poor estimator of the accuracy of the
HTFD-ML and by peak analysis. A summary of the amplitude error.
error analysis of the frequency estimates is shown in (3) For low-resolution data sets, the overall error in
Table 2 (top) and graphed in Figure 4 (top). The data the accuracy of the amplitude estimates derived from
give a comparison between the accuracy and the preci-HTFD-ML analysis was substantially less than the
sion of the frequency estimates for HTFD-ML analysis €quivalent error estimates derived from peak analysis,
and peak analysis. The term ‘accuracy’ as used in this despite the fact that the precision estimates from the
context represents the standard deviation of the esti-two methods were comparable.
mated frequencies (obtained for each of the eight data ~ The relative performance of HTFD-ML analysis
Sets) from the known frequency value. The term ‘pre- relative to that of peak analysis could be measured,
cision’ as used in this context represents the standardnot only in terms of the accuracy of the frequency and
deviation of the estimated frequencies (obtained for amplitude results (parameter estimation), but also in
each of the eight data Sets) from the mean frequencyterms of the number of Signals that could be detected
value.The error analysis of the frequency estimates (signal recognition). Figure 5 displays a bar graph
for signals1-3 is shown averaged over all data sets showing the percentage of signaithat were resolved
as well as over subsets of the data containing signalsfrom signals2 averaged over all the low-resolution
of low resolution and low sensitivity (see Table 2 and (LR) and the low-sensitivity (LS) data sets. Although

Figure 4). Several observations can be made about thethe percentage of signals resolved by the two ap-
results of the frequency estimates. proaches was comparable for the low-sensitivity data
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sets, four times as many signals could be detected byminor species+{ 10%) with the heme inserted in an
HTFD-ML analysis than by peak analysis when the alternative orientation.
signals were poorly resolved. A strength of any parametric approach to NMR
It can be concluded from Figures 4 and 5 that data analysis is that prior information about the data
the relative accuracy of both the frequency and am- can be used to set constraints on the analysis. The op-
plitude estimates afforded by HTFD-ML analysis, as timum approach to analyzing tt¥g relaxation data is
compared to peak analysis, is weakly affected by the to analyze all of the spectra in concert making use of
signal-to-noise ratio of the data but strongly influenced prior information about the experiment. Prior informa-
by the frequency resolution of the data. Figure 6 il- tion aboutthé®N 7; relaxation data suggests adoption
lustrates how the errors in frequency and amplitude of the following constraints:
estimates change as a function of the separation in fre-(1) Each of the spectra should have the same num-
quency between signaksand3. Each bar represents  ber of signals. A givertH-1°N signal in the 10 ms
the sum over all error estimates obtained for signals spectrum should thus exist approximatelythe same
of different signal-to-noise ratios. For the error esti- position in the other nine spectra. The set of ten such
mates of the frequencies (Figure 6, top), the precision signals will be referred to as ‘corresponding’ signals.
is a reliable indicator of the accuracy when the dif- (2) The decay rates of corresponding signals should
ference between signalksand3 is greater than 9 Hz  be equal along both dimensions, i.e., corresponding
(about half the linewidth of the two signals). For the signals should have the same shape.
error estimates of the amplitudes (Figure 6, bottom), (3) Of the four classes of spectral parameters in the
the precision is a reliable indicator of the accuracy model (frequency, phase, decay rate, and amplitude),
only when the difference between sign2land 3 is only the amplitude parameters are expected to change
greater than 15 Hz (approximately the linewidth of the significantly within a set of corresponding signals.
two signals). The data clearly show that the error of To implement these constraints, the ten data sets
amplitude estimates derived from peak integration is were loaded into a single 3D matrix, in which each
much more sensitive to the problem of spectral over- plane of the matrix contained a single 2D spectrum.
lap than the error of frequency estimates derived from The spectrum shown in Figure 7 was used as a ‘refer-
peak interpolation. The data also show that the largest ence’ spectrum on which signal recognition by HTFD-
gain obtained from HTFD-ML analysis occurs when ML analysis was applied. Figure 8 displays the results
spectral overlap is significant. for a portion of the spectrum (that corresponding to
the dashed-line box in Figure 7). The data, the model,
and the residual for a crowded region of the spectrum
Application to a series of 2BH-"N T; relaxation are shown as contour plots in the upper row and as
data stacked plots in the lower row (Figure 8). The model
derived from the reference spectrum was used as the
This section presents an illustrative application of the starting point for constructing an initial model to fit
HTFD-ML approach to the concerted analysis of a to the corresponding signals from the remaining nine
series of 2DIH-15N HSQC Ty relaxation experi- data sets. The amplitudes, frequencies, and decay rates
ments carried out on a medium sized soluble protein Of the signals were allowed to vary from their initial
(the carbon monoxide ligated form of the monomeric Values obtained from the reference spectrum. After
hemoglobin Component IV, GMH4CO, froalycera this optimization step was complete, the weighted av-
dibranchiatg 147 amino acids). A contour plot of a  €rage of the decay rates was calculated for each set
2D 1H-15N HSQC 5N Ty spectrum measured at re- Of ten corresponding signals. The decay rates of all
laxation delay,7 = 10 ms, is shown in Figure 7. ten signals were then fixed at the weighted average.
The spectrum was one of a series of ten experimentsA final optimization step was performed in which the
collected at eighfT values = 10 (twice), 60, decay amplitudes and frequencies of all signals in the
120, 200 (twice), 400, 800, and 1400 ms) in order datasets (including the ones in the reference spectrum)
to measureSN T1 relaxation. The spectrum in F|g_ were allowed to vary while the decay rates were held
ure 7 contains over 200 signals. These arise from the fixed at their previously optimized values. The time
expected'H-1°N pairs in the non-proline backbone required to perform the complete analysis of the ten
and the side chain amide residues of the major form data sets containing a total of 2090 signals was about
of the protein in solution and also, in part, from a



201

°©
3

Accuracy Precision

o
=3

o
o

I
>

© ML Analysis
@ Peak A@ysis

o
w

o
()

Error in Frequency (/Hz)

o
=

A-F1 A-F2 A-F3 A-LRF3 A-LSF3 P-F1 P-F2 P-F3 P-LRF3 P-LSF3

100

Accuracy Precision

80

60

ML Analysis
mPeak Anaysis

40

Error in Amplitude (/%)

20 -

A-A2 A-A3  A-LRA3 A-LSA3 P-A2 P-A3  P-LRA3 P-LSA3

Figure 6. Error analysis of (top) frequency and (bottom) amplitude estimates obtained from HTFD-ML analysis and peak interpolation vs.
the resolution between signa?sand 3. A set of 256 different synthetic data sets (2048 total data sets) were constructed as described in the

legend of Table 2. HTFD-ML analysis and peak interpolation were conducted on each of the data sets, and a summary of the errors of the

frequency estimates are displayed in the above figure. The errors in accuracy (left) and precision (right) of the estimates3faresigintted
as a function of the separation between sig2asd3. Each bar represents the sum over all error estimates obtained for signals of different
signal-to-noise ratio.

3.4 hours on an SGI IndigdR8000 running a version  analysis. The smooth curve drawn through the data
of IRIX 5.3. points is a theoretical least-squares fit of the data to a
Since it is known that the shapes of corresponding mono-exponential decay function. Assuming that the
peaks do not change as a function of the relaxation amplitudes do decay exponentially with relaxation, the
delay, measurements of peak height are preferableroot mean distance of the data points from the theoret-
to measurements of peak integrals as a method forical curve can be used as a measure of the precision
extracting relaxation information. The left and right of the amplitudes. Visual inspection of the amplitude
portions of Figure 9 represent the decay of the nor- versus relaxation time profiles of Figure 9 suggests
malized amplitude of the signal assigned to lysine-33 that the levels of precision obtained from HTFD-ML
(K33) as a function of the relaxation time derived, re- analysis and peak height analysis are equivalent. In-
spectively, from HTFD-ML analysis and peak height deed, the root mean distance of the relaxation profiles
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Figure 7. Contour plot of a 2D'H-1°N HSQC experiment conducted up@iycera dibranchiatacomponent IV monomeric hemoglobin
(GMH4). The data were measured at 750.13 I\ﬁiHizfrequency with a pulse scheme that utilized gradients for sensitivity enhancement. The
spectrum was acquired with 208°N points inrq and 1024 14 points inzp. Further details of the experiment are contained in the methods
section. The spectrum was one of a series of experiments collected in order to mléhksTifeelaxation. For the spectrum shown in the above
figure, T = 10 ms. The time-domain data were digitally filtered alepgndz, with a sine-squared bell window function shifted°4énd

70° respectively. After apodization, the data were zero-filled to a length of 512 points alohgitmension and 2048 points along the
dimension. The portion of theH spectrum downfield from the water signal was discarded to yield a final spectral resolution ok B2

data points. The dashed box in the figure shows the portion of the 2D spectrum which is displayed in Figure 8.

averaged over all signals in the data set are statistically measured®N T; relaxation data were used to con-
equivalent (results not shown). struct a reference spectrum and related spectra with

The results obtained from the analysis of the model amplitude versus relaxation time profiles analogous
1D spectra indicated that the precision of amplitude to the acquired spectrum. From this series of ten
estimates is not always a reliable indicator of their synthetic 2D*H-1°N spectra with known frequency
accuracy. Since the actual amplitude profiles were not parameters and knowriN 73 relaxation decay rates,
known for the experimental data shown in Figures 7-9, a series of eight data sets were constructed by adding
the accuracy of the amplitude estimates obtained from spectrometer noise to the spectra (see Methods sec-
HTFD-ML analysis and peak analysis were compared tion). The eight data sets represent eight analogous
by an analysis of synthetic data sets with systematic sets of ten synthetic spectra where each of the eight
properties equivalent to those of the experimental data data sets are identical in their systematic component
set. The values for the amplitude, frequencies, and and differ only in their random (noise) component.
decay rates obtained from HTFD-ML analysis of the
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Figure 8. Contour plots (top row) and stacked plots (bottom row) of a zoomed region of the data, model, and residual spectra associated with
HTFD-ML analysis of a 20 H-15N spectrum ofSlycera dibranchiatacomponent IV monomeric hemoglobin (GMH4) acquired and processed

as explained in the legend of Figure 7. A zoomed (Zolnai et al., 1996) region of this spectrum is shown in the left panel (Data). The 2D spectrum
was subjected to HTFD-ML analysis using the algorithm described in the text. The corresponding region of the model spectrum obtained from
HTFD-ML analysis is shown in the middle panel (Model). The difference between the data and model spectrum is shown in the right panel
(Residual). The entire signal model constructed to fit the data consisted of 209 signals. The spectrum shown above was analyzed simultaneously
with nine other data sets as described in the text. The ten data sets collected to rﬁ%‘asqreelaxation corresponded to relaxation delay

valuesT of 10 (twice), 60, 120, 200 (twice), 400, 800, 1400 ms. The steps involved in the analysis of the entire relaxation series consisted of:

(a) Complete analysis including optimization of the frequency, decay rate, and phase parameters) of the reference data set shown in Figure 7
(209 signals).

(b) Optimization of the frequency, decay rate, and amplitude parameters for the other nine date&268ts (8881 signals) using the frequency

and decay rate values derived from step (a) as initial estimates.

(c) Optimization of the phase and amplitude parameters for all 2090 signals holding the frequency and decayrate estimates constant at the values
obtained from step (b).

(d) Calculation of the phase parameters along the acquisition dimension for each reference signal according to the weighted average of the
phase values obtained from all 10 data sets.

(e) Calculation of the decay rate parameters for each reference signal according to the weighted average of the decay rates obtained from all 10

data sets.
(f) Final optimization of the frequency and amplitude estimates for all 2090 signals holding the phase parameters constant at their values

obtained from step (d) and the decay rate parameters held constant at their values obtained from step (e).
The time required to perform the sequence of steps listed above was 3.4 hours on a Silicon Graphics R4000 processor running under IRIX 6.2

(128 MB of RAM).

The eight synthetic data sets (each of which con- signed to the backbone atoms of GMH4CO. Figure 10
tained ten 2D'H-15N 77 relaxation spectra) were shows the standard deviation of the measdfdd 71
analyzed by HTFDL-ML analysis in a manner iden- relaxation rates from their known values. The data
tical to the analysis of the experimental daf&N show that the average error in the accuracy of the
T, relaxation rates were then extracted from the nor- HTFD-ML derived®N T; relaxation rates was about
malized amplitude (or peak height) versus relaxation three times less than the equivalent error of the peak
time profiles associated with tH&i-15N signals as- height-derived relaxation rates.
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Figure 9. Plots of the normalized HTFD-ML derived amplitude (left) and normalized peak height (right) of the signal assigned to lysine 33
(K33) of Glycera dibranchiatacomponent IV monomeric hemoglobin (GMH4) as a function of the relaxation delay (10 data points with 8
different relaxation delays). A series iV Ty relaxation spectra were acquired, processed, and analyzed by HTFD-ML methods as described

in the legend of Figure 10. The smooth curve drawn through the points in each plot represents the non-linear least squares exponential fit to the
data points. An amplitude and peak-height profile of this kind was used in determiniﬁaNhelaxation time for each signal, present in the

1H-15N spectrum. The amplitude and peak-height profiles from the two sets of plots exhibited comparable precision.

Discussion to the diagonal elements of the matrix. Because the
HTFD-ML approach constructs a theoretical model to
The results presented here demonstrate that the intro-it the data, it can construct and solve the entire interac-
duction of a parametric model-fitting approach, such tion matrix associated with a given number of signals
as maximum likelihood analysis, can lead to a sig- and their non-linear parameter values. The HTFD-
nificant improvement in the quality of NMR parame- ML approach can thus take into account the non-
ters extracted from the data. Moreover, the approach negligible contributions of the off-diagonal elements
lends itself to automation and to statistical analy- of the interaction matrix.

sis of the signals in multidimensional spectra. The The HTFD-ML approach is essentially a series of
strengths of conventional Fourier analysis are that it approximations that make it practical to apply model
is fast, easy to implement, and produces a spectrumfitting methods to large multidimensional matrices
in which the frequency and amplitude information are containing numerous signals. A rigorous approach to
localized. The localized nature of the absorption spec- model fitting of NMR data simultaneously considers
trum produced by Fourier procedures is essential to the contributions of all signals in the model and cal-
its ability to process large multidimensional data sets culates the projections of the model basis functions
containing numerous signals. The HTFD-ML algo- over the entire data set. The large number of signals
rithm described here complements the strengths of and the large size of NMR data make this approach
Fourier analysis because of its ability to take into ac- impractical for D-dimensional NMR analysis, even
count the simultaneous contributions of all signals in a when the advanced computing power of commercially
crowded spectral region. Conventional Fourier analy- available workstations is taken into account. By trans-
sis assumes that the amplitude associated with a signaforming the time-domain models into the frequency
can be measured from the height (or integral) of a domain and applying a digital cutoff filter (see Fig-
signal at its maximum point in the absorption spec- ure 2), the ML approach is able to drastically reduce
trum. This assumption is equivalent to saying that the both the size of the dot products and the size of
interactions matrix of the signals in an NMR data set the interaction matrices required to perform spectral
is diagonally dominant: i.e., the interactions between deconvolution. Only those signals that overlap appre-
signals as measured by the off-diagonal elements of ciably in the spectrum are optimized simultaneously.
the amplitude matrix are negligible in comparison The overwhelming task of solving simultaneously an
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Figure 10. Standard deviations of measur&N T; relaxation rates from their known values determined at each residue position by (top)
HTFD-ML analysis and (bottom) by peak-height analysis of a synthetic data set of eighty spectra. The synthetic data set was constructed as
follows (see Methods section for additional details). Values for the amplitude, frequencies, and decay rates obtained from HTFD-ML analysis
of the experimenta15N T1 relaxation data set fdglycera dibranchiatecomponent IV monomeric hemoglobin (GMH4) were used to construct

a synthetic data set with analogous amplitude versus relaxation time profiles. To this series of ten synthetic, partially refsiRed®NeD

spectra, with known frequency parameters and knbw 7y relaxation decay rates, eight levels of spectrometer noise were added to generate
the 80 spectra used in this analysis.

enormous matrix of all signals in the model is thus The results presented here show that amplitude
reduced to the manageable operation of solving a se-estimates are much more sensitive than frequency esti-
ries of small signal networks sequentially. Results mates to the effects of spectral overlap. This observa-
from the previous section demonstrate that the HTFD- tion can be rationalized by noting that the ‘center’ of a
ML approach implemented on a conventional desktop peak (measured by peak interpolation) is less affected
computer can be used to analyze a series of ¥ by the presence of nearby signals than is the ‘tail’ of
2D NMR matrices containing more than 2000 signals a peak (measured during peak integration). This fact
in a period of only several hours. in part explains why, when comparing signals with
equivalent line shapes, peak height measurements are
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more precise measurements of signal amplitude thantematic error introduced by contributions to the peak
are peak integral measurements. Another explanationintensity from nearby signals.
for the greater precision of peak height measurements  The analysis of thé°N Tj relaxation data also
comes from the fact that the peak-height method takes highlight the importance that weighting functions play
into account prior information about the signals: i.e., in the processing of NMR spectra. The spectrum
information that they have identical line shapes. Peak shown in Figure 7 was produced by the application
height measurements are thus affected only by the of resolution enhancing window functions (see leg-
imprecision in measuring signal intensity. Peak inte- end) along both the; (*°N) andz, (*H) dimensions.
grals, on the other hand, do not take this information The equivalent spectrum produced by application of
into account and thus are affected by the impreci- exponential weighting functions prior to Fourier trans-
sion of measuring both intensities and line widths formation display a much greater degree of overlap
(decay rates). The fixing of the decay rates of cor- (data not shown). As a result of the application of non-
responding signals along both dimensions was thus exponential digital filters, however, the line shapes of
a necessary constraint to obtaining precise amplitudethe signals in thé>N T; relaxation spectrum (Fig-
estimates from the concerted analysis of the’2® ure 7) are markedly non-Lorentzian. This would pose
T1 relaxation data sets shown in Figures 7-9. a challenge to model-fitting using a pure frequency-
Results from analysis of the 1D model spectra domain approach, since a basis function or sum of
(Figures 3-6) indicated that improvementin frequency basis functions would have to be found that accurately
and amplitude estimates from the incorporation of models the non-Lorentzian peak shapes exhibited in
model-fitting methods are modest for spectra con- the spectrum shown in Figure 7. In contrast, the
taining well separated signals. With all other factors HTFD-ML approach employs a model that is com-
held constant, HTFD-ML analysis showed a signifi- pletely independent of the digital filters applied during
cant advantage over peak-height analysis in accuratelyFourier transformation. This fact should allow the
estimating the amplitudes of noisy signals only when HTFD-ML approach to be easily adapted to the future
the separation between the signals in the spectrumanalysis of NMR data where the data are sampled non-
approached the linewidth of those signals. Similarly, uniformly along one or more of the indirectly-detected
HTFD-ML analysis showed substantial improvements dimensions.
in frequency estimates when separations between the The HTFD-ML algorithm described in this manu-
signals were approximately half of the linewidth of the ~ script approximated a NMR spectrum with increasing
overlapping signals in the spectrum. number of signals until a residual criterion was satis-
The results of the concerted analysis of 8l fied (see steps 13 and 16 in the algorithm section). In
T1 relaxation data demonstrate the practicality of ap- earlier work (Chylla and Markley, 1995), we imple-
plying the HTFD-ML method to extract quantitative mented a non-linear least squares approach that used
information about signal frequencies and amplitudes a more statistically rigorous termination criteria based
from series ofD-dimensional NMR spectra. In ad- on the minimum description length (MDL) statistic.
dition to showing the greater accuracy that can be The MDL is a model selection statistic that takes into
achieved from use of the HTFD-ML algorithm, the account not only the ‘goodness of fit'" of a model to
results suggest that attempts to quantify the accuracythe data (chi square) but also the number of degrees
of amplitude measurements from repeated measure-of freedom present in the model. In our earlier work,
ments of relaxation times should be interpreted with an optimized model containing: (+ x) signals was
caution. The error estimates obtained from measuring judged to be a more ‘likely’ model than a model con-
the standard deviation of amplitudes at the same mix- taining n signals if and only if the reduction in chi
ing time was found to provide a gotalver estimatef square brought about by introduction of theaddi-
the actual accuracy of the amplitude estimate. Such ational signals was great enough to balance the penalty
measurement yields trandom errorassociated with  incurred by any additional free parameters associated
a peak height measurement. This random error accu-with the added signals. The MDL statistic is appro-
rately estimates the total error involved in the peak priate when all of the systematic components present
height only for signals that are well separated. The in the data are accounted for by the model. In mul-
actual error involved in a peak height measurement for tidimensional NMR spectra, however, this condition
an overlapped signal may be substantially greater thanfrequently does not hold due to the presence of weak
this precision estimate owing to the presence of sys- signals produced by incomplete cancellation of un-
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of primary NMR parameters.
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