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Summary 

The feasibility of assigning the backbone ~SN and ~3C NMR chemical shifts in multidimensional magic 
angle spinning NMR spectra of uniformly isotopically labeled proteins and peptides in unoriented solid 
samples is assessed by means of numerical simulations. The goal of these simulations is to examine how 
the upper limit on the size of a peptide for which unique assignments can be made depends on the 
spectral resolution, i.e., the NMR line widths. Sets of simulated three-dimensional chemical shift correla- 
tion spectra for artificial peptides of varying length are constructed from published liquid-state NMR 
chemical shift data for ubiquitin, a well-characterized soluble protein. Resonance assignments consistent 
with these spectra to within the assumed spectral resolution are found by a numerical search algorithm. 
The dependence of the number of consistent assignments on the assumed spectral resolution and on the 
length of the peptide is reported. If only three-dimensional chemical shift correlation data for backbone 
~SN and ~3C nuclei are used, and no residue-specific chemical shift information, information from amino 
acid side-chain signals, and proton chemical shift information are available, a spectral resolution of 1 
ppm or less is generally required for a unique assignment of backbone chemical shifts for a peptide of 
30 amino acid residues. 

Introduction 

Multidimensional chemical shift correlation spectra 
are the basis for resonance assignments in liquid-state 
NMR spectra of uniformly isotopically labeled proteins 
(Wiithrich, 1986; Ernst et al., 1987; Bax and Grzesiek, 
1993). The assignment of chemical shifts to the majority 
of the nuclei in a protein backbone using multinuclear, 
multidimensional spectra is a prerequisite for structure 
determination. For a protein of approximate molecular 
weight 20 kDa, typical resonance line widths for IH, ~3C, 
and 15N signals in liquid-state spectra range approximate- 
ly from 10 to 30 Hz. The relatively narrow lines allow 
nearly all of the signals in appropriate combinations of 
three-dimensional (3D) chemical shift correlation spectra 
of uniformly labeled proteins of this size to be resolved 
and sequentially assigned. 

Recently, analogs of liquid-state chemical shift correla- 
tion spectroscopy techniques have been developed for 
solid-state NMR spectroscopy of multiply labeled organic 

and biochemical compounds (Menger et al., 1986; Raleigh 
et al., 1987; Bennett et al., 1992; Ok et al., 1992; Baldus 
et al., 1994; Griffiths et al., 1994; Boender et al., 1995; 
Fujiwara et al., 1995; Sun et al., 1995). These analogs 
apply to noncrystalline and polycrystalline solids with a 
random distribution of molecular orientations. The solid- 
state NMR techniques depend on magic angle spinning 
(MAS) and high-power proton decoupling to narrow the 
lines in 13C and ~SN spectra of isotopically labeled sam- 
ples. An important motivation for the development of 
these chemical shift correlation techniques has been the 
goat of assigning the 13C and ~SN signals in multidimen- 
sional MAS spectra of uniformly isotopically labeled 
peptides and proteins (or other biopolymers) as a prelude 
to structural investigations of peptides and proteins in the 
solid state. Such an approach may be useful in studies of 
peptides in membrane-bound form, in insoluble aggre- 
gates, in lyophilized or precipitated solids, and in frozen 
solution. 

Based on published results from a number of labora- 
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tories, it is clear that multidimensional solid-state chemi- 
cal shift correlation spectra can be obtained and inter- 
preted for relatively small, multiply labeled or uniformly 
labeled compounds (Bennett et al., 1992; Baldus et al., 
1994; Boender et al., 1995; Fujiwara et al., 1995). What 
is less clear is whether the corresponding spectra of much 
larger, uniformly labeled peptides and proteins would be 
interpretable. The feasibility of solid-state chemical shift 
correlation spectroscopy in larger, uniformly labeled 
biopolymers depends on factors related to sensitivity, such 
as spin relaxation rates, polarization transfer efficiencies, 
sample quantities and concentrations, and the efficacy of 
signal enhancement techniques (Barrett et al., 1994; Zys- 
milich and McDermott, 1994; Gerfen et al., 1995; Tycko 
et al., 1995). But in addition to the issue of sensitivity, an 
upper limit on the tractable size of a uniformly labeled 
peptide or protein is inevitably imposed by the spectral 
resolution, i.e., the NMR line widths. The reported line 
widths in solid-state NMR spectra of specifically labeled 
proteins depend on the details of the system and the 
sample preparation, but they are invariably larger than in 
liquid-state NMR spectra of proteins. The impact of line 
widths on multidimensional solid-state NMR spectro- 
scopy of uniformly labeled peptides and proteins has not 
yet been investigated systematically. 

This paper reports the results of a series of simulations 
carried out as an initial exploration of the limits on mol- 
ecular size in multidimensional solid-state chemical shift 
correlation spectra of uniformly labeled peptides and 
proteins imposed by the 13C and ~SN line widths. In these 
simulations, 3D spectra for artificial peptides of variable 
length are constructed from liquid-state NMR chemical 
shift data for uniformly ~3C- and 15N-labeled ubiquitin 
(Wang et al., 1995), a well-characterized soluble protein. 

Only NMR signals from 13C and ~SN nuclei in the peptide 
backbone are considered. For various values of the spec- 
tral resolution, chemical shift assignments that are con- 
sistent with the 3D spectra to within the assumed resol- 
ution are found by a random search algorithm. In this 
way, the peptide length beyond which a unique assign- 
ment of the spectra no longer exists, and its dependence 
on the spectral resolution are estimated. The results of 
these simulations are expected to be important as a guide 
to the development of multidimensional solid-state NMR 
techniques and to future solid-state NMR investigations 
of uniformly labeled peptides and proteins. 

It should be emphasized at the outset that the simula- 
tions and discussion below apply to unoriented solid 
samples, i.e., samples with an isotropic distribution of 
molecular orientations. Multidimensional solid-state 
NMR techniques for applications to uniaxially oriented 
systems have also been developed (Jelinek et al., 1995; 
Ramamoorthy et al., 1995). The strategies for resonance 
assignment and structure determination that apply to 
oriented systems may be qualitatively different from the 
strategies that apply to unoriented systems. The problem 
of resonance assignment in oriented systems is not treated 
in this paper. 

Idealized solid-state chemical shift correlation spec- 
troscopy 

The simulations described below are based on seven 
artificial 3D heteronuclear chemical shift correlation data 
sets that would result from measurements with radio- 
frequency (rf) pulse sequences of the general forms shown 
in Fig. 1. The contents of these data sets are summarized 
in Table 1. The pulse sequence in Fig. la represents a 
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1 113ct~ 
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k j  v 

b cross-polarization 13C to15N I 115N t013C [ § 
J to'3C I tl I transferl t2 I t r a n s f e r ~  

c ~ cross-polarization 
to15N tl 13 C to15N [ 4" I':Ntn~ t2 ]transfer [~/ t~t l  

Fig. 1. Idealized rf pulse sequences for 3D chemical shift correlation measurements on ~SN- and ~3C-labeled peptides and proteins. 



TABLE 1 
CONTENTS OF 3D SPECTRAL DATA SETS USED IN ASSIGNMENT SIMULATIONS 
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Data set j = 1 j = 2 j = 3 

SA(i,j), 1 < i < L N(i) C~'(i) CO(i) 
SB(i,j), 1 _< i < L-1 C~'(i) CO(i) N(i+l) 
SC(i,j) 1 < i < L-1 CO(i) N0+I) C~(i+l) 
SD(i,j), 1 < i < L-1 CO0+I) N0+I) CO(i) 
SD(i,j), L _<i < 2L-2 CO(i-L+I) N(i-L+2) CO(i-L+I) 
SE(i,j), 1 < i < L-1 C'~(i) N0+I) C'~(i+l) 
SE(i,j), L < i < 2L-1 C~'(i-L+l) N(i-L+I) C'~(i-L+l) 
SF(i,j), 1 < i < L-1 N(i+l) C~'(i) N(i) 
SF(i,j), L < i < 2L-1 N(i-L+I) C~'(i-L+I) N(i-L+l) 
SG(i,j), 1 < i < L-1 N(i) CO(i) N(i+l) 
SG(i,j), L < i < 2L-2 N(i-L+2) CO(i-L+I) N(i-L+2) 

N(i), Ca(i), and CO(i) are the chemical shifts of the amide nitrogen, c~-carbon, and carbonyl carbon of residue i in the backbone of a peptide 
comprising L amino acid residues. 

generic 3D 15N-13C-13C chemical shift correlation tech- 
nique in solid-state NMR. Nuclear spin polarization is 
prepared initially on ~SN sites by cross-polarization from 
protons. After the t 1 evolution period, polarization is 
transferred to 13C nuclei, and after the t 2 evolution period, 
transferred further to other 13C nuclei. 13C NMR signals 
are detected during the t 3 period. The pulse sequence in 
Fig. lb represents a generic 3D 13C-15N-13C chemical shift 
correlation technique. Nuclear spin polarization is pre- 
pared initially on ~3C sites. After the t~ evolution period, 
polarization is transferred to ~SN nuclei, and after the t2 
evolution period, transferred back to 13C nuclei, lSC NMR 
signals are detected during the t 3 period. The pulse se- 
quence in Fig. lc represents a generic 3D 15N-13C-lSN 
chemical shift correlation technique. Nuclear polarization 
is prepared initially on lSN sites. After the t~ evolution 
period, polarization is transferred to 13C nuclei, and after 
the t 2 evolution period, transferred back to ~SN nuclei. ~SN 
NMR signals are detected during the t 3 period. High- 
speed MAS and high-power proton decoupling are as- 
sumed to be employed during tl, t2, and t 3 in Fig. 1, so 
that the nuclear spin evolution during these periods is 
determined primarily by the isotropic chemical shifts of 
the ~SN and ~3C nuclei. 

The polarization transfers in Fig. 1 may be effected, at 
least in principle, by a variety of techniques that are 
based on homonuclear or heteronuclear magnetic dipole- 
dipole couplings or scalar couplings (Gullion and Schae- 
fer, 1989; Tycko and Dabbagh, 1990,1991; Bennett et al., 
1992,1994; Hing et al., 1993; Tycko and Smith, 1993; 
Baldus et al., 1994; Kolbert et al., 1994; Tomaselli et al., 
1994; Tycko, 1994; Gregory et al., 1995; Sun et al., 1995). 
The details of these techniques are unimportant in the 
present simulations, but the following simplifying assump- 
tions are made regarding the polarization transfers: 

(1) 13C-13C, 13C-15N and 15N-13C polarization transfers 

can be limited to transfers between directly bonded nuclei, 
i.e., one-bond polarization transfers. This assumption per- 
mits signals from the peptide backbone to be considered 

exclusively, allowing potential problems associated with 
the overlap of backbone and side-chain resonances to be 
dismissed. In the case of polarization transfers mediated 
by dipole-dipole couplings, the amount of transferred 
polarization is proportional to r -6 in the short-time limit, 
where r is the internuclear distance. One-bond polariz- 
ation transfers are then favored over more distant trans- 
fers by a factor > 10. Sequential one-bond transfers can 
be suppressed by employing short polarization transfer 
periods. Alternatively, polarization transfer techniques 
that are intrinsically selective for the chemical shifts of 
the nuclei that act as the sources and destinations of 
polarization could be designed. Thus, the assumption of 
one-bond polarization transfers is not incompatible with 
experiments. 

(2) Only polarization transfers among nuclei in the 
peptide backbone are considered. Amino acid side chains 
and conformations are assumed not to affect the back- 
bone one-bond polarization transfer efficiencies signifi- 
cantly. The intensities of signals in a 3D chemical shift 
correlation spectrum that arise from one-bond transfers 
are then roughly equal to one another. 

(3) If desired, 13C-15N and 15N-13C two-bond polariz- 
ation transfers can be performed, in particular between tl 
and t2 in Figs. lb and c, as explained below. Two-bond 
polarization transfers may occur in a single step or as 
sequential 13C-13C and 13C-15N or 15N-13C one-bond trans- 

fers. No assumption is made regarding the uniformity of 
two-bond polarization transfers. 

If only one-bond, non-frequency-selective polarization 
transfers occur, the application of the pulse sequence in 
Fig. la to a uniformly ~3C- and ~SN-labeled polypeptide 
leads to a 3D spectrum which contains signals that corre- 
late the chemical shifts of the amide nitrogen N(i) (in tO, 
the tx-carbon Ca(i) (in t2), and the carbonyl carbon CO(i) 
(in t3) of each amino acid in the peptide sequence, where 
i is the number of the amino acid. The N(i)-C~(i)-CO(i) 
3D chemical shift correlation data set is called SA. The 
same 3D spectrum also contains signals that correlate the 
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chemical shifts of C~(i) (in t3), CO(i) (in t2), and N(i + 1) 
(in tl). The C~(i)-CO(i)-N(i + 1) chemical shift correlation 
data set is called SB. The pulse sequence in Fig. lb leads 
to a 3D spectrum which contains signals that correlate 
the chemical shifts of CO(i) (in h), N(i + 1) (in t2), and 
C~(i + 1) (in t3). The CO(i)-N(i + 1)-C~(i + 1) chemical shift 
correlation data set is called SC. 

If both one-bond and two-bond '3CJSN polarization 
transfers occur between t 1 and t2 in Fig. lb, two addi- 
tional data sets that are useful in the assignment algo- 
rithm may be derived from the resulting 3D spectrum. 
The first of these data sets, called SD, contains signals 
that correlate the chemical shifts of CO(i + 1) (in tO, N(i 
+ 1) (in t2), and CO(i) (in t3) as well as signals that corre- 
late the chemical shifts of CO(i) (in q), N(i + 1) (in t2), 
and CO(i) (in t3). The second of these data sets, called 
SE, contains signals that correlate the chemical shifts of 
C~(i) (in t~), N(i + 1) (in t2), and C~(i + 1) (in t3) as well as 
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Fig. 2. Chemical shifts for (a) backbone amide nitrogens and tx-car- 
bons; and (b) backbone carbonyl carbons and [3-carbons in ubiquitin, 
taken from liquid-state NMR measurements (Wang et al., 1995). 

signals that correlate the chemical shifts of C~(i) (in tl), 
N(i) (in t2), and C~(i) (in t3). 

If one-bond and two-bond 15N-13C polarization trans- 
fers occur between t I and t 2 in Fig. lc, two additional 
data sets may be derived from the resulting 3D spectrum. 
The first of these data sets, called SF, contains signals 
that correlate the chemical shifts of N(i + 1) (in tl), C~(i) 
(in h), and N(i) (in h) as well as signals that correlate the 
chemical shifts of N(i) (in tl), C~(i) (in t2), and N(i) (in t3). 
The second of these data sets, called SG, contains signals 
that correlate the chemical shifts of N(i) (in tx), CO(i) (in 
t2), and N(i+ 1) (in t3) as well as signals that correlate the 
chemical shifts of N(i + 1) (in tl), CO(i) (in t2), and N(i + 
1) (in t3). 

As summarized in Table 1, data sets SA through SG 
are represented in the simulations by two-dimensional 
arrays of chemical shift values, with three columns and M 
rows. A signal in a 3D spectrum is represented by one 
row in the corresponding array. For a peptide of length 
L, M is equal to L for SA, L-I  for SB and SC, 2L-2 for 
SD and SG, and 2L-1 for SE and SE For example, 
SB(i,1) is the chemical shift of C~(i), SB(i,2) is the chemi- 
cal shift of CO(i), and SB(i,3) is the chemical shift of N(i 
+ 1). Signals in SA, SB, and SC are assumed to be quanti- 
tative, i.e., of approximately equal intensities. This as- 
sumption means that rows in SA, SB, and SC can be 
eliminated from further consideration after they are used 
once in the assignment algorithm. 

In order to approximate the chemical shift distribu- 
tions of real proteins, the chemical shift values in data 
sets SA through SG are taken from liquid-state chemical 
shift data for the 76-residue protein ubiquitin (Wang et 
al., 1995). The relevant chemical shift values are plotted 
in Fig. 2. The reported assignments for L consecutive 
amino acids in the ubiquitin sequence, starting with an 
initial residue number I, are used to generate artificial 3D 
chemical shift correlation data sets for peptides of length 
L. The chemical shift of the terminal amino nitrogen N(1) 
is set to zero in every peptide, reflecting the fact that 
amino 15N signals are well resolved from amide '5N sig- 
nals in experimental spectra. 

The association of a chemical shift value with each 
nucleus in the peptide backbone constitutes a complete 
'assignment'. The assignment algorithm is the process of 
deriving an assignment from given 3D chemical shift 
correlation data sets. In the simulations described below, 
all 3D spectra are assumed to have the same spectral 
resolution, specified by the variable R. In a real experi- 
mental spectrum, the NMR line widths are likely to vary 
somewhat from nucleus to nucleus and from site to site 
in a manner that is currently not well characterized. R 
therefore represents an average spectral resolution. Poss- 
ible assignments then fall into four categories. An assign- 
ment is considered to be consistent with the given 3D data 
sets if the chemical shift values of all signals in the 3D 
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I no 

Fig. 3. Summary of the sequential assignment algorithm. 

data sets differ from the values that would be predicted 
from the assignment by amounts less than or equal to the 
specified R in all three dimensions. An assignment is 
considered to be inconsistent with the given 3D data sets 
if at least one of the chemical shift values in the 3D data 
sets differs from the values that would be predicted from 
the assignment by an amount greater than R. An assign- 
ment is considered to be correct (to within the specified 
spectral resolution) if the chemical shift values assigned to 
each nucleus in the peptide backbone differ from the 
corresponding values in residues I to I+L-1 of ubiquitin 
by amounts less than or equal to R (with the exception of 
the terminal amino ~SN chemical shift). An assignment is 
considered to be incorrect if at least one of the chemical 
shift values assigned to the backbone nuclei differs from 
the corresponding value in ubiquitin by an amount 
greater than R. Under these definitions, for R > 0, a cor- 
rect assignment for an artificial peptide is not necessarily 
exactly the same as the assignment of the corresponding 
segment of ubiquitin. A consistent assignment is not 
necessarily a correct assignment, but a correct assignment 
is necessarily a consistent assignment. 

For nonzero values of R, assignments that are consist- 
ent with SA, SB, and SC, but are not correct, may exist. 
Data sets SD through SG may then be used as additional 
constraints on the assignments. Since signals in SD 
through SG arise from both one-bond and two-bond 
polarization transfers, the signals are likely to vary signifi- 
cantly in intensity. Signals in these data sets are therefore 
not assumed to be quantitative. These data sets are used 
to constrain the assignments by imposing the criteria that 
all signals predicted by a tentative assignment be present 
in the data sets and that signals not predicted by a tenta- 
tive assignment be absent from the data sets, to within 
the specified spectral resolution. 

Sequential assignment algorithm 

Simulations are carried out for artificial peptides of 
variable length L and with variable spectral resolution R. 
Three-dimensional chemical shift correlation data sets SA 
through SG are constructed from liquid-state chemical 
shift data for ubiquitin (Fig. 2). The sequential assign- 
ment algorithm is summarized in the flow chart in Fig. 3. 
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The algorithm begins by setting SA(1,1) to zero and as- 
signing SA(1,1), SA(2,1), and SA(3,1) to N(1), C~(1), and 
CO(l). Sequential assignments of chemical shifts to subse- 
quent backbone nuclei are then attempted by randomly 
directed searches for signals in data sets SA, SB, and SC. 
Starting with a consistent assignment for the first J-1 
amino acids, SB is used to assign N(J), SC is used to 
assign C~(J), and SA is used to assign CO(J). The assign- 
ment is then checked for consistency with data sets SD 
through SG. I f  further sequential assignment becomes 
impossible before the assignment is complete (J = L), a 
new assignment attempt is initiated. The sequential as- 
signment algorithm consists of the following steps: 

(1) Select a peptide of length L from contiguous resi- 
dues in the amino acid sequence of ubiquitin. Using the 
reported assignment of the backbone 15N and 13C N M R  
signals from ubiquitin, set up the seven 3D spectral data 
arrays SA through SG as summarized in Table 1. The 15N 
signal from the amino terminus is assumed to be well re- 
solved from all of the amide nitrogen signals, so SA(1,1), 
SE(L,2), SF(1,3), SF(L,1), SF(L,3), and SG(1,1) are set to 
0.0. 

(2) Specify a value for the assumed chemical shift 
resolution R. 

(3) Begin the current assignment attempt. Set up an 
array A that will contain the tentative resonance assign- 
ment, with A(i, 1), A(i,2), and A(i,3) equal to the assigned 
chemical shifts of N(i), C~(i), and CO(i) for 1 ___i___ L. 
Since the ~SN signal from the amino terminus is assumed 
to be resolved, set A(1,m)= SA(1,m) for 1 _<m___ 3. Set J =  
2, where J is the number of the next residue to be sequen- 
tially assigned. 

(4) Search for a signal K B in SB such that ISB(KB,1 ) - 
A(J-1,2)I _< R and [SB(KB,2 ) - A(J-1,3)I --- R. Trial values 
of  K B are obtained with a random number generator, so 
that all possible orderings of  the signals are sampled with 
equal a priori probabilities. I f  no such signal exists, go to 
step 3. If  such a signal is found, set A(J,1) = SB(KB,3). 
Eliminate signal K B from further consideration in the 
current assignment attempt. 

(5) Search randomly for a signal K c in SC such that 
ISC(Kc,1) - A(J-1,3)I < R and ISC(Ko2 ) - A(J,1)I-< R. I f  
no such signal exists, go to step 3. I f  such a signal is 
found, set A(J,2)= SC(Kc,3 ). Eliminate signal K c from 
further consideration in the current assignment attempt. 

(6) Search randomly for a signal KA in SA such that 
ISA(KA,1) - A(J-1,2)[ < R and ISB(KA,2 ) - A(J-1,3)I < R. 
If  no such signal exists, go to step 3. If  such a signal is 
found, set A(J,3)= SA(KA,3). Eliminate signal K A from 
further consideration in the current assignment attempt. 

(7) At this point, there is a tentative assignment for 
the first J residues. Check that the assignment for residue 
J is consistent with spectra SD and SE by searching for 
signals K D and K E such that ISD(KD,1)-  A(J,3)I-  R, 
ISD(KD,2) - A(J,1)I < R, )SD(KD,3) - A(J-1,3)l < R, 
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Fig. 5. Results of chemical shift assignment simulations for peptides 
of length L = 20, derived from the ubiquitin sequence. (a) Number  of 
assignments consistent with 3D data sets SA, SB, and SC as a func- 
tion of the number  of the first residue in the ubiquitin sequence for 
spectral resolutions R = 0.1 ppm (open circles), 0.5 ppm (filled 
squares), and 1.0 ppm (crosses). (b) Number  of assignments consistent 
with 3D data sets SA, SB, SC, SD, and SE for R = 0.5 ppm (open 
circles), 1.0 ppm (filled squares), and 1.5 ppm (crosses). (c) Number  
of  assignments consistent with 3D data sets SA, SB, SC, SD, SE, SF, 
and SG for R = 1.0 ppm (open circles), 1.5 ppm (filled squares), and 
2.0 ppm (crosses). 

]SE(KE,1) - A(J-1,2)i  < R, iSE(KE,2 ) - A(J,1)I < R, and 
ISE(KE,3) -  A(J,2) I < R. I f  no such signals exist, go to 
step 3. 

(8) Check that the assignment for residue J is consist- 
ent with spectra SF and SG by searching for signals K F 

and K~ such that ISF(KF,1 ) -A(J ,1)]  < R, ]SF(KF,2 ) - 
A(J-1,2)l  < R, ISF(KF,3) - A(J- I ,1 ) I  < R, ]SG(KG,1) - 
A(J-1,1)[ < R, ]SG(K6,2) -  A(J-I ,3)]  < R, and JSG(Ko,3 ) - 
A(J,1)I <R .  I f  no such signals exist, go to step 3. 

(9) Increment  J by one. I f  J < L, go to step 4. 
(10) At this point, there is a tentative complete assign- 

ment  for the peptide backbone.  Check that there are no 
unexplained signals in spectra SD and SE, as follows. For 
each signal i in SD with 1 < i < 2L-2 ,  search for a residue 
number  j such that either ISD(i, 1 ) -  A(j+I,3)I < R, ]SD(i,2) 
- A(j+l,1)l < R, and ]SD(i,3) - A(j,3)J < R, or ]SD(i,1) - 
AQ,3)] < R, ]SD(i ,2)-  A(j+I,  1)] < R, and ]SD(i ,3)-  A(j,3)] < 
R. For each signal i in SE with 1 < i < 2 L - l ,  search for a 
residue number  j such that either ]SE(i ,1)-  A(j,2)I < R, 
ISE(i,2) - A(j+I,1)] < R, and [SE(i,3) - A(j+I,2)I < R, or 
[SE(i,1) - AO,2)[ < R, JSE(i,2) - A(j,1)] < R, and ISE(i,3) - 
A(j,2)[ < R. I f  any of  these criteria cannot  be satisfied, go 
to step 3. 

(11) Check that there are no unexplained signals in 
spectra SF and SG, as follows. For each signal i in SF 
with 1 < i <  2 L - l ,  search for a residue number  j such that 
either [SF(i,1) - A(j+l,1)l < R, ISF(i,2) - A(j,2)I < R, and 
[SF(i,3) - A(j,1)J < R, or  ISF(i,1) - A(j,1)I < R, ISF(i,2) - 
A(j,2)J < R, and ISF(i,3) - A(j,1)[ < R. For each signal i in 
SG with 1 < i < 2L-2 ,  search for a residue number  j such 
that either ISG(i, 1 ) - A(j, 1 )1 < R, ISG(i,2) - A(j,3)] < R, and 
]SG(i ,3)-AQ+I,1)]  _< R, or ]SG(i, 1) -A(j+I ,1)I  < R, [SG(i,2) 
- A(j,3)I < R, and ISG(i,3) - A(j+I,1)[ < R. I f  any of  these 
criteria cannot  be satisfied, go to step 3. 

(12) At this point, the assignment in A is complete and 
is cons i s ten t  with all of  the 3D spectral data  to within the 
specified resolution. Check whether this assignment is also 
correct  to within the specified resolution by compar ing A 
with SA. The assignment is correct if IA(i, 1 ) -  SA(i, 1)1 < R, 
HA(i,2) - SA(i,2)i < R, and IA(i,3) - SA(i,3)] < R for all i 
with 1 < i < L .  

(13) Check whether the assignment in A is distinct 
within the specified resolution from previously determined 
consistent assignments A' for the same peptide. Two 
assignments are different if [A(i,j) - A'(i,j)l > R for any i 
and j. 

(14) Record the number  of  correct assignments and 
distinct consistent assignments that have been found thus 
far. I f  another  assignment a t tempt  is required, go to step 
3. 

I f  signals that result f rom two-bond polarization transfers 
are not used as constraints on the assignment, steps 7, 8, 
10, and 11 are omitted. 

A F O R T R A N  program was written to implement the 
sequential assignment algorithm and was executed on a 
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Sun Microsystems Sparcstation 20 Model 61 computer. 
Execution times depend strongly on the values of  L, R, 
and I and on the number of  3D data sets used as con- 
straints. As an example, simulations that use all data sets 
SA through SG with L = 30 and R = 1.5 ppm require an 
average of 22 s of  processor time to find one complete 
consistent assignment. 

In principle, the algorithm described above and in Fig. 
3 will find all possible consistent assignments if enough 
attempts are made. However, different consistent assign- 
ments are generally found with different frequencies. If  
the path to a particular complete, consistent assignment 
involves many steps at which there are alternative assign- 
ment choices (some of which eventually lead to complete 
assignments and some to dead ends), then the frequency 
will be low. Thus, the algorithm necessarily generates a 
lower bound on the actual number of distinct, consistent 
assignments. 

Simulation results 

The algorithm described above is used to find reson- 
ance assignments for peptides of various lengths L and 
with various assumed spectral resolution values R. For 
each value of L, up to 77-L peptides may be considered 
by choosing the initial residue number I in the ubiquitin 
sequence between 1 and 77-L. For each peptide and each 
R value, 50 independent determinations of  a complete 
assignment consistent with the 3D spectral data are 
carried out. The 50 assignments are compared with one 
another to determine the number of  distinct consistent 
assignments (according to the criterion in step 13 of the 
assignment algorithm). Representative results of  these 
simulations are presented in Figs. 4-6  as plots of  the 
number of  distinct assignments versus the initial residue 
number. The results for L = 10 (Fig. 4), 20 (Fig. 5), and 
30 (Fig. 6) are shown. Simulations were carried out with 
the inclusion of only data sets SA through SC (parts a of 
Figs. 4-6), only data sets SA through SE (parts b), and 
data sets SA through SG (parts c). 

Except in very rare cases, when only one consistent 
assignment is found for given values of  L, R, and 1, that 
assignment is also a correct assignment. When more than 
one distinct, consistent assignment is found, no more than 
one of these assignments is correct. As explained above, 
the numbers plotted in Figs. 4 -6  represent lower bounds 
on the actual numbers of distinct, consistent assignments. 
However, when the number of  distinct, consistent assign- 
ments discovered in 50 attempts is small (< 5, roughly 
speaking), the actual number of  distinct, consistent as- 
signments is unlikely to be much larger. On the other 
hand, when the number of  distinct, consistent assignments 
discovered in 50 attempts is large (> 20), the actual num- 
ber of  distinct, consistent assignments may well be signifi- 
cantly larger. 
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Fig. 6. Results of chemical shift assignment simulations for peptides 
of length L = 30, derived from the ubiquitin sequence. (a) Number of 
assignments consistent with 3D data sets SA, SB, and SC as a func- 
tion of the number of the first residue in the ubiquitin sequence for 
spectral resolutions R = 0.3 ppm (open circles) and 0.5 ppm (filled 
squares). (b) Number of assignments consistent with 3D data sets SA, 
SB, SC, SD, and SE for R=0.1 ppm (open circles), 0.5 ppm (filled 
squares), and 1.0 ppm (crosses). (c) Number of assignments consistent 
with 3D data sets SA, SB, SC, SD, SE, SF, and SG for R = 0.5 ppm 
(open circles), 1.0 ppm (filled squares), and 1.5 ppm (crosses). In these 
simulations, the first residue number is incremented by four, rather 
than one, in order to reduce the total computation time. 
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Figures 4-6  display three expected qualitative trends: 
(i) for a given value of L, the number of distinct, consist- 
ent assignments increases as R increases; (ii) for a given 
value of R, the number of distinct, consistent assignments 
increases as L increases; and (iii) for given values of L 

and R, the number of distinct, consistent assignments 
decreases as more 3D data sets are included as constraints 
on the assignments. 

In more quantitative terms, the results in Figs. 4-6  
demonstrate the existence of an approximate threshold 
for R, denoted by Rt, above which the number of distinct, 
consistent assignments becomes greater than one for 
many choices of the initial residue number. Rt is approxi- 
mately the maximum value of the ]3C and ~SN NMR line 
widths that would permit the unique assignment of the 
backbone resonances in the series of 3D experiments 
considered in these simulations. R t depends on L and on 
the number of 3D data sets that are included as con- 
straints. For L = 10, R t is roughly 0.5-1.0 ppm when only 
data sets SA through SC are used, roughly 1.0-1.5 ppm 
when only data sets SA through SE are used, and roughly 
1.5-2.0 ppm when data sets SA through SG are used. For 
L = 20, R t is less than 0.5 ppm when only data sets SA 
through SC are used, roughly 0.5 ppm when only data 
sets SA through SE are used, and roughly 1.0 ppm when 
data sets SA through SG are used. For L = 30, R t is 
roughly 0.3 ppm when only data sets SA through SC are 
used, roughly 0.5 ppm when only data sets SA through 
SE are used, and roughly 1.0 ppm when data sets SA 
through SG are used. 

Certain regions of the ubiquitin sequence appear to be 
more difficult to assign than others. This observation is 
particularly striking in Fig. 4c, where the number of dis- 
tinct, consistent assignments with R = 2.0 ppm is greater 
than one only when the initial residue number is in the 
intervals 4-7, 18-25, 30-32, 36-47, 56-60, and 63-67. 
These intervals do not correspond in an obvious way to 
the secondary structure elements of ubiquitin (Vijay- 
Kumar et al., 1987). 

D i s c u s s i o n  

Limits imposed by spectral resolution 
The principal conclusion to be drawn from the results 

in Figs. 4-6 is that, under the assumptions employed in 
these simulations, the length of a peptide for which a 
complete, unique assignment of 13C and 15N backbone 
resonances in solid-state NMR spectra is feasible is 
strongly limited by the spectral resolution. A resolution 
better than 1.0-2.0 ppm is generally required for a unique 
assignment for a peptide of 10 amino acid residues, de- 
pending on the number of 3D data sets that are used as 
constraints. For peptides of 20 or 30 amino acid residues, 
resolutions better than 0.5-1.5 ppm or 0.5-1.0 ppm, re- 
spectively, are generally required. 

As an indication of the impact of the spectral resol- 
ution on the 3D spectra themselves, Fig. 7 presents plots 
of the fraction of signals in 3D data sets SA, SB, and SC 
that are resolved from all other signals for L= 10, 20, and 
30 and for R=0.5,  1.0, and 1.5 ppm, as functions of the 
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initial residue number I. The criterion for a signal i in SA 
to be resolved, for example, is that at least one of the 
inequalities ISA(i,1) - SAG,I)[-> R, ISA(i,2) - SA(j,2)I >- R, 
or ISA(i,3) - SA(j,3)I > R be satisfied for all j ~ i. In other 
words, a resolved signal must differ from all other signals 
by at least R in at least one chemical shift dimension. The 
fraction of resolved signals is simply the ratio of the 
number of resolved signals in SA, SB, and SC to the total 
number of signals. The plots in Fig. 7 permit the formula- 
tion of quantitative estimates of the fraction of resolved 
signals that is required for a unique assignment. Interest- 
ingly, if only data sets SA, SB, and SC are used in the 
assignment algorithm, there need not be a unique consist- 
ent assignment even if all the signals in SA, SB, and SC 
are resolved, as may be seen by a comparison of Figs. 7a 
and 4a. On the other hand, if all 3D data sets are used, 
there may be a unique assignment even if the fraction of 
signals in data sets SA, SB, and SC that are not resolved 
is as large as 0.3 (for L = 10), as may be seen by a com- 
parison of Figs. 7a and 4c. Larger fractions of unresolved 
signals or longer peptides generally lead to numerous 
consistent assignments. 

The correspondence between the resolution parameter 
R and the NMR line widths depends somewhat on the 
line shapes and, in practice, on the signal-to-noise ratio. 
A 1.0 ppm splitting between NMR lines of equal intensity 
in a 1D spectrum cannot be resolved with 1.5 ppm 
Gaussian line widths or with 2.0 ppm Lorentzian line 
widths. 

Experimentally achievable line widths depend on a 
number of factors (VanderHart et al., 1981). ~3C line 
widths less than 10 Hz (0.1 ppm in a 9.4 T magnetic field) 
have recently been observed in polycrystalline samples of 
small molecules without large magnetic susceptibility 
anisotropies (Griffin, 1996; Zilm, 1996). These surprising- 
ly narrow lines result from a combination of MAS, high 
proton decoupling fields, phase-modulated decoupling 
techniques (Bennett et al., 1995), and a high degree of 
structural order and rigidity. Similarly, narrow lines may 
well be achievable in natural-abundance ~3C and ~SN MAS 
spectra of much larger compounds in polycrystalline 
form. In uniformly labeled compounds, 13C-13C and ~3C- 
~SN scalar couplings contribute approximately 30-50 Hz 
to the line widths. The effects of 13C-15N scalar couplings 
may be removed by heteronuclear decoupling techniques, 
using continuous rf irradiation or rf pulse sequences. In 
principle, selective irradiations or pulse sequences could 
be designed to remove the effects of ~3C-13C scalar coup- 
lings as well. Residual homonuclear dipole-dipole coup- 
lings may also make significant contributions to the line 
widths in uniformly labeled samples at moderate MAS 
speeds. Very high speed MAS would reduce these contri- 
butions. Thus, it is possible that complete, unique back- 
bone resonance assignments can be obtained for uniform- 
ly labeled polycrystalline (or otherwise highly ordered) 

peptides with L >> 30 using 3D solid-state NMR measure- 
ments of the type assumed in the simulations. 

In the case of noncrystalline samples of specifically 
labeled peptides and proteins, in the form of frozen sol- 
utions, in noncrystalline solids, or in association with 
biological membranes, the line widths observed to date in 
MAS NMR spectra have been consistently 1 ppm or 
more. These line widths are typically dominated by in- 
homogeneous broadening that results from structural 
disorder. Cole et al. (1988) reported approximately 0.4 
ppm ~3C line widths and 1.3 ppm ~SN line widths in MAS 
spectra of specifically labeled staphylococcal nuclease in 
polycrystalline form, and line widths at least several times 
greater in lyophilized form. Hing et al. (1994) reported 
approximately 6 ppm line widths in ~SN MAS spectra of 
uniformly ~N-labeled glutamine-binding protein in lyo- 
philized form. Hing and Schaefer (1993) observed ap- 
proximately 1.0 ppm line widths in 13C MAS spectra of 
~3C-labeled gramicidin A in dimyristoylphosphatidylchol- 
ine (DMPC) multilamellar dispersions at 44 ~ where 
there is substantial motional narrowing. Christensen and 
Schaefer (1993) reported approximately 1.2 ppm line 
widths in 3~p MAS spectra of the complex of shikimate 3- 
phosphate and phosphoenolpyruvate with 5-enolpyruvyl- 
shikimate-3-phosphate synthase in samples that were 
lyophilized after relatively rapid freezing, and substan- 
tially larger line widths in spectra of samples that were 
lyophilized after slow freezing. Smith et al. (1996) report- 
ed approximately 1.0 ppm line widths in ~3C MAS spectra 
of a ~3C-labeled peptide derived from the neu/erbB-2 
receptor incorporated into DMPC:dimyristoylphospha- 
tidylserine multilamellar dispersions at -25 ~ Lazo et al. 
(1993) found approximately 2.5 ppm line widths in 15N 
MAS spectra of specifically ~SN-labeled gramicidin A in 
DMPC in lyophilized form after rapid freezing. Griffiths 
et al. (1994) reported lines as narrow as 1.4 ppm in ~3C 
MAS spectra of specifically labeled bacteriorhodopsin in 
purple membrane samples at -60 ~ Tomita et al. (1994) 
observed approximately 2 ppm line widths in ~3C MAS 
spectra of 13C2-phosphoglycolic acid bound to triose phos- 
phate isomerase in samples prepared by precipitation with 
polyethylene glycol, and 4-6 ppm line widths in samples 
prepared by lyophilization. Zysmilich and McDermott 
(1994) reported line widths between 1 and 3 ppm in op- 
tically pumped ~SN MAS spectra of uniformly ~SN-labeled 
photosynthetic reaction centers at --45 ~ 

Structural disorder contributes to MAS NMR line 
widths through the dependence of the isotropic chemical 
shifts on local structure. Two components of structural 
disorder can be distinguished. The first component is 
disorder in intermolecular packing, e.g., solvent disorder 
in frozen solutions or disorder in intermolecular contacts 
in lyophilized or precipitated proteins. The effect of this 
component is difficult to estimate. The second component 
of structural disorder is disorder in the conformation of 
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the peptide or protein itself. This contribution can be 
estimated by ab initio calculations of conformation-de- 
pendent chemical shifts (Ando et al., 1984; de Dios et al., 
1993; Jiao et al., 1993; de Dios and Oldfield, 1994; Le et 
al., 1995). Calculations of the dependence of carbonyl and 
C ~ 13C chemical shifts on the peptide backbone dihedral 
angles ~ and ~ show that the angular derivatives of the 
chemical shifts typically range from 0 to 0.1 ppm per 
degree. The amplitude of the static variations of back- 
bone dihedral angles in noncrystalline solid peptides and 
proteins is uncertain, but a crude estimate can be ob- 
tained by assuming that these static angular variations are 
comparable to the dynamic angular fluctuations that 
occur in isotropic solutions. Analyses of spin relaxation 
measurements on proteins in solution within the frame- 
work of the 'model-free' formalism commonly lead to 
generalized order parameters $2= 0.9 for N-H vectors in 
well-structured regions of the protein backbone (Torchia 
et al., 1993). Order parameters of 0.9 imply root-mean- 
squared (rms) variations of approximately 10 ~ in the N-H 
bond directions. If the variations in a particular N-H 
bond direction result from uncorrelated fluctuations in 
the ~ and ~t angles of the corresponding amino acid resi- 
due, then these dihedral angle fluctuations are approxi- 
mately 8 ~ in rms amplitude. Dihedral angle fluctuations 
in the range from 10 ~ to 20 ~ in rms amplitude are typical- 
ly observed in molecular dynamics simulations on hy- 
drated proteins at 300 K (D.J. Tobias, 1996, personal 
communication). If these dihedral angle fluctuations are 
simply frozen in place in noncrystalline solids, then in- 
homogeneous broadening of the NMR lines on the order 
of 1 ppm or more may be expected. 

A certain degree of structural and conformational 
disorder is inevitable in systems that are not crystalline. 
In the light of the simulated assignment results described 

above, the importance of minimizing disorder-induced 
inhomogeneous broadening in the preparation of uni- 
formly labeled samples for multidimensional solid-state 
NMR measurements is evident. 

Supplemental assignment strategies 
As should be obvious, not all available spectroscopic 

information is utilized in the assignment algorithm de- 
scribed above. This algorithm was designed to rely on 
experimental measurements that currently appear to be 
feasible, although not necessarily simple. The assignment 
algorithm was also chosen so that it would be applicable 
to any peptide in a clearly defined, automated fashion, 
irrespective of the amino acid sequence. Additional 
sources of constraints on the assignments and additional 
experimental measurements that may permit the assign- 
ment of backbone resonances in larger peptides and pro- 
teins are briefly discussed in this section. 

The simulations described above do not make use of 
residue-specific information that may be useful in the 
analysis of real experimental data. The fact that different 
amino acids exhibit different chemical shift distributions 
(Wishart et al., 1991) is not exploited. For example, gly- 
cine residues exhibit C ~ shifts near 45 ppm, generally 
smaller than (i.e., upfield of) those of other amino acids 
(Fig. 2a). Glycine amide N shifts also tend to be relatively 
small. Proline N and C a shifts tend to be relatively large. 
These effects are likely to be very useful as additional 
constraints on assignments. As a quantitative indication 
of the impact of constraints based on these effects, Fig. 8 
shows the results of assignment simulations in which the 
condition that C ~ chemical shifts assigned to glycine resi- 
dues be less than 50 ppm is used as an additional con- 
straint, along with 3D data sets SA through SG. The 
results shown in Fig. 8 are for a peptide with L = 20, 
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derived from residues 30-49 of ubiquitin. This peptide 
contains two glycines, at positions 6 and 18. The use of 
this additional residue-specific chemical shift constraint 
significantly reduces the number of consistent assignments 
for R values above 1.0 ppm. 

The NMR properties of amino acid side chains may 
also be useful. For example, since only glycine C ~ carbons 
have two directly bonded protons and only proline nitro- 
gens have no directly bonded protons, spectral editing 
techniques (Wu et al., 1994) may permit the selection and 
assignment of glycine or proline signals. The inclusion of 
chemical shift correlations with side-chain ~3C signals may 
facilitate the assignment of backbone signals. For exam- 
ple, the C ~ carbons of alanine residues have smaller shifts 
(near 17 ppm) and the C 0 carbons of serine and threonine 
residues have larger shifts (> 60 ppm) than those of other 
amino acids (Fig. 2b). Three-dimensional data sets that 
correlate C~ C~(i), and N(i) shifts or C~ C~ and 
CO(i) shifts would therefore be particularly useful in the 
assignment of alanine, serine, and threonine residues. 
These data sets could be obtained from measurements of 
the type shown in Fig. la or from 3D ~3C-~3C-~3C chemi- 
cal shift correlation measurements. Further simulations 
would be required to assess the impact of these data sets 
on the assignment problem. 

Higher dimensional (e.g., 4D) measurements may also 
permit the complete, unique assignment of larger pep- 
tides. The feasibility of higher dimensional measurements 
depends primarily on considerations of sensitivity. These 
considerations are likely to be very important in real 
experiments. The sensitivity of higher dimensional meas- 
urements would be substantially lower than that of 3D 
measurements, because the need to maximize the spectral 
resolution in each dimension implies that the loss of sig- 
nal amplitude due to transverse relaxation in each dimen- 
sion would necessarily be appreciable. If polarization 
transfers between evolution periods were mediated by 
dipole-dipole couplings and were limited to one-bond 
transfers by the use of relatively short polarization trans- 
fer periods, then the efficiency of the polarization trans- 
fers would necessarily be less than optimal, thus reducing 
the sensitivity. The total measurement time for an n-di- 
mensional experiment can be estimated by assuming that 
(i) the sample size is such that only one FID is required 
to produce adequate signal-to-noise for each isotopically 
labeled site in a 1D spectrum (corresponding to 10 mg of 
a 6 kDa protein with 1 ppm 13C line widths in a 9.4 T 
magnet, roughly speaking); (ii) the spin-lattice relaxation 
times permit signal averaging with a 1 s recycle delay; (iii) 
the maximum value of each evolution period is such that, 
on average, signals are reduced by a factor of 2 by decay 
in each evolution period; and (iv) the efficiency of each 
polarization transfer is a constant value E. Under these 
conditions, the measurement time required for adequate 
signal-to-noise in an n-dimensional spectrum becomes 

approximately (2~/2/E) 2n-2 s. For a 3D experiment with 
E = 20%, this is about 11 h. For a 4D experiment with E = 
20%, this is about 93 days. 

Finally, it may be possible to make use of proton 
chemical shifts. At present, relatively little is known about 
the achievable line widths in proton MAS spectra of 
peptides and proteins. Very rapid MAS, very high mag- 
netic fields, multiple-pulse homonuclear decoupling se- 
quences, and selective or random fractional deuteration 
may be used to enhance the resolution in the proton 
spectra. If some combination of these methods resulted in 
line widths that were significantly less than 4 ppm for N- 
H protons and 2 ppm for C~ protons (the respective 
chemical shift ranges), and if polarization transfers be- 
tween protons and ~3C and ~SN nuclei could be restricted 
to one-bond or two-bond transfers, then information 
contained in proton chemical shifts would become valu- 
able in the assignment process. 

Conclusions 

The assignment simulations presented in this paper 
demonstrate that spectral resolution is a critical factor in 
assessing the feasibility of complete backbone chemical 
shift assignments from multidimensional chemical shift 
correlation measurements on unoriented, uniformly ~3C- 
and 15N-labeled peptides and proteins in solid-state NMR. 
In the absence of residue-specific chemical shift informa- 
tion, information from side-chain NMR signals, and 
information from proton chemical shifts, the largest pep- 
tide for which complete, unique backbone assignments 
can be made from 3D chemical shift correlation spectra 
is likely to be in the range of 20-30 amino acid residues 
in length if the resolution in the spectra is roughly 1 ppm. 
In such a case, complete assignment of backbone chemi- 
cal shifts requires the use of chemical shift correlation 
data derived from both one-bond and two-bond polariz- 
ation transfers. Significant increases in the upper limit on 
peptide or protein size appear to be possible if residue- 
specific chemical shift information and side-chain signals 
can be used as additional assignment constraints. Addi- 
tional simulations and experiments are required before a 
definite upper limit can be established. It is possible that 
complete backbone chemical shift assignments will be 
attainable experimentally for proteins of 50-100 residues 
in noncrystalline, unoriented samples if additional spec- 
troscopic information is available. 
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