
Automated Protein NMR Resonance Assignments

Xiang Wan
Protein Engineering Network Centers of Excellence

Department of Computing Science, University of Alberta
Edmonton, Alberta T6G 2E8, Canada

xiangwan@cs.ualberta.ca

Dong Xu
Protein Informatics Group, Life Sciences Division, Oak Ridge National Laboratory

Oak Ridge, TN 37831-6480, USA
xud@ornl.gov

Carolyn M. Slupsky
Protein Engineering Network Centers of Excellence

713 Heritage Medical Research Center, University of Alberta
Edmonton, Alberta T6G 2S2, Canada

Guohui Lin
Protein Engineering Network Centers of Excellence

Department of Computing Science, University of Alberta
Edmonton, Alberta T6G 2E8, Canada

ghlin@cs.ualberta.ca

Abstract

NMR resonance peak assignment is one of the key steps
in solving an NMR protein structure. The assignment pro-
cess links resonance peaks to individual residues of the
target protein sequence, providing the prerequisite for es-
tablishing intra- and inter-residue spatial relationships be-
tween atoms. The assignment process is tedious and time-
consuming, which could take many weeks. Though there
exist a number of computer programs to assist the assign-
ment process, many NMR labs are still doing the assign-
ments manually to ensure quality. This paper presents (1)
a new scoring system for mapping spin systems to residues,
(2) an automated adjacency information extraction proce-
dure from NMR spectra, and (3) a very fast assignment al-
gorithm based on our previous proposed greedy filtering
method and a maximum matching algorithm to automate
the assignment process. The computational tests on 70 in-
stances of (pseudo) experimental NMR data of 14 proteins
demonstrate that the new score scheme has much better dis-
cerning power with the aid of adjacency information be-
tween spin systems simulated across various NMR spectra.

Typically, with automated extraction of adjacency informa-
tion, our method achieves nearly complete assignments for
most of the proteins. The experiment shows very promising
perspective that the fast automated assignment algorithm
together with the new score scheme and automated adja-
cency extraction may be ready for practical use.

1 Introduction

Proteins act as the most basic working units in life, and
determining protein structures is often crucial to understand
their functions. Along with X-ray crystallography, Nu-
clear Magnetic Resonance (NMR) is another key technique
used in experimental structure determination. NMR pro-
tein structure determination typically involves the following
steps:

1. NMR spectral data generation, which produces the fol-
lowing:

• Resonance peaks, each of which indicates a
group of atoms in the target protein that have a
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particular magnetic interaction; Resonance peak
values are the resonance frequencies, orchemical
shifts, of the interacting atoms.

• Certain geometric relationships (e.g. distances
and angles) among resonance peaks.

2. Peak picking, which identifies “real” resonance peaks
(peaks generated from protein atoms rather than noise)
from NMR spectral maps.

3. Peak assignment, which groups resonance peaks corre-
sponding to the chemical shifts of atoms from a com-
mon amino acid intoa spin system1, and assigns the
spin system to a residue of the target protein sequence.

4. Structural restraint extraction, which extracts intra-
and inter-residue distances, dihedral angles, etc., based
on the peak assignment.

5. Structure calculation, which calculates the protein
structure, using molecular simulation and energy min-
imization, under the identified structural restraints.

Among the above five steps, the third one (namely, NMR
peak assignment) is very time consuming. This assignment
process usually takes weeks or sometimes even months of
manual work in order to produce a nearly complete as-
signment. The automation of the process is a challenging
problem in NMR protein structure determination. Manu-
ally, the assignment process is typically done in an itera-
tive fashion through establishing relationships between dif-
ferent NMR spectra [21] (we describe the process using
HSQC, CBCA(CO)NH, and HNCACB spectra in Section
3, as an example). It involves (a) mapping peaks of chem-
ical shifts from different NMR spectra to spin systems; (b)
identifying the possible amino acid types of each spin sys-
tem; (c) identifying adjacency relationships between spin
systems and linking them into contiguous chains, which is
done through recognizing overlapping tuples of chemical
shifts across different NMR spectra (in our example, those
are triples from CBCA(CO)NH and HNCACB); and (d) as-
signing the chains and the remaining isolated spin systems
to the residues of the protein sequence. To summarize, two
key pieces of information form the foundation of NMR res-
onance assignment after the spin systems are identified:

• The likelihood (or score, or confidence) of the map-
ping between a spin system and an amino acid on the
protein sequence.

1Mathematically we can think a spin system as a multi-dimensional
array of chemical shifts for the atoms, which are (Hα, Cα) and (HN, N,
Cα and Cβ ) chemical shifts in our experiments, of a particular residue,
with each dimension corresponding to a type of atom. The establishment
of a spin system is through combining a set of NMR experiments, as we
will exemplify in Section 3 using HSQC, CBCA(CO)NH, HNCACB, each
providing a two- or three-dimensional array of chemical shifts based on a
peak for the coupling of two or three atoms in an NMR spectrum.

• The sequential adjacency (i.e., connectivity) informa-
tion of some subsets of spin systems (i.e., each such
subset of spin systems should map to a string of con-
secutive amino acids, or called apolypeptide, on the
host protein sequence). Each maximal such subset is
called achainof spin systems.

The Assignment Problem

There are a number of significant progress been made
in automated methods for peak picking, adjacency infor-
mation extraction, and resonance assignment [21]. Some
most recently developed automated assignment algorithms
include [2, 3, 4, 5, 10, 12, 13, 14, 17, 18, 20, 26]. The in-
puts to these algorithms are several NMR spectra, among
which some are required and the others are optional. The
assignment algorithms can be roughly classified into a few
groups including simulated annealing, generic algorithms,
and deterministic search.

Our automated assignment system is based on statistical
significance and combinatorial optimization. Rather than
requiring certain specific NMR spectra, our system can take
in any combinations of NMR spectra, as long as they are
sufficient for structure determination. Another difference
between our system and the existing ones is that the pro-
posed assignment algorithm is of combinatorial optimiza-
tion nature and is guaranteed to run in seconds, while for
the previous ones the exhaustive search nature may require
unpredictably long time.

After all the spin systems, as well as their (partial) ad-
jacency, have been identified, our goal is to automate the
assignment of the chains and isolated spin systems to the
residues in the protein, taking advantage of the statistical
significance of the chemical shift data. The main differ-
ences between our automated assignment and the manual
work are that efficient computational methods do the as-
signment at a global view rather than getting trapped into
local maximal as in the manual process, and the automation
produces an assignment within seconds on a Pentium III
PC rather than a few weeks for a manual assignment. The
global view helps avoid the tedious “undo – redo” which
occurs fairly often throughout the manual work.

We follow the line of research that formulates the reso-
nance assignment problem with connectivity information as
a constrained weighted bipartite matching problem on two
disjoint groups, one group containing spin systems and the
other containing a sequence of amino acids with predicted
secondary structures [25]. A weighted bipartite matching
problem [16] is to find a one-to-one mapping between ele-
ments of two groups that maximizes the total weight, where
each matched pair of elements has a pre-specified weight.
The NMR resonance assignment can be naturally mod-
eled as a weighted bipartite matching problem, where each
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weighted edge represents a possible mapping of a spin sys-
tem to an amino acid on the protein sequence with a quanti-
tative confidence value. To incorporate the connectivity in-
formation, we can extend the above model to aconstrained
weighted bipartite matching problem,i.e. we define a (par-
tial) neighboring relationship between the elements of each
group and require that neighbors of a group be matched only
with neighbors of the other group. Unfortunately, the con-
strained bipartite matching problem is NP-hard, even if the
edges are unweighted [25]. Some heuristics have been pro-
posed very recently, including a slow, exhaustive two-layer
algorithm [25] and some fast approximation algorithms [8].
These heuristics and approximations attempt to find feasi-
ble matchings with (approximately) the largest weights, and
may work well for the NMR peak assignment based on our
observation that, in practice, a chain of connected spin sys-
tems typically have a better score at the “correct” assign-
ment position (i.e. the matching between a spin system of
NMR peaks and the residue that generates the peaks) than
almost all other (incorrect) assignment positions, especially
as the size of the chain increases. Later on, to overcome
the drawbacks in the two-layer algorithm, another heuristics
was developed for finding maximum-weight constrained bi-
partite matchings based on the branch-and-bound technique
and a “greedy” filtering process [19]. The branch-and-
bound algorithm uses an efficient (unconstrained) bipartite
matching algorithm and the approximation algorithms in [8]
to compute necessary lower and upper bounds on optimal
solutions to help prune the search tree, and returns an op-
timal solution, i.e. a feasible matching with the largest
weight. It runs much faster than the exhaustive search used
in the two-layer algorithm. The comparison results for these
heuristics and approximations can be found in [7, 19, 25].

In this paper, we develop a very fast heuristic two-phase
assignment procedure, based upon our previously devel-
oped assignment algorithms: in the first phase, a greedy
filtering is conducted to select some number of best pos-
sible mappings for spin systems residing in the identified
chains; in the second phase, for every combination of chain
mappings, an efficient maximum weight bipartite matching
algorithm is used to complete the assignment by mapping
isolated spin systems to the rest of residues. It outputs the
best assignment from all combinations in terms of the as-
signment confidence. We choose to use this simple heuris-
tic to evaluate our new scoring schemes and the automated
extraction of the adjacency information.

A score scheme is used to weight the mapping of a
spin system to an amino acid. In the ideal case, the score
scheme is so powerful that it could make the correct as-
signment standing out against other possible assignments.
However, because the chemical shifts generated from the
same type of atoms in different types of amino acids may
be close to each other, effective learning process is neces-

sary to score the preferences. In the previous score scheme
used in [7, 19, 25], a statistics was done on a set of220 pro-
teins. The range of chemical shifts for every combination
of amino acid and secondary structure is simply partitioned
into 5 bins of equal size, and the frequency of chemical
shift values appearing in a bin is taken to be the frequency
of a chemical shift generated from that combination. The
log odd of this frequency, multiplied by some constant and
rounded into an integer, is taken to be the score of the map-
ping.

In Section 2, we describe an improved score scheme
which is based on statistical learning on a larger set of
proteins and a better (confirmed by the computational re-
sults shown in Section 4) way to estimate the frequency
for a specific chemical shift value. In Section 3, we de-
scribe briefly, as an example, on how adjacency informa-
tion among the spin systems can be extracted out of HSQC,
CBCA(CO)NH, and HNCACB spectral maps. Compari-
son between the previous score scheme and the new score
scheme, and the experiments using simulated adjacency in-
formation are presented in Section 4. Section 5 concludes
the paper with some remarks and future work directions.

2 Score Scheme Learning

We have designed an improved statistics-based scoring
scheme for assessing the likelihood of an array of chemical
shifts that an amino acid in some type of second structure
can generate. Our scoring scheme can take any combination
of chemical shifts (the common ones are HN, N, Hα, Cα,
Cβ and C). In this study, we derived the scoring scheme us-
ing two combinations: (1) Hα and Cα; and (2) HN, N, Cα,
and Cβ . The derivation was done using the NMR spectra
of proteins collected in BioMagResBank [22]. The deriva-
tion process has4 steps. We use the second combination of
chemical shifts of the score scheme as an example.

(a) Data Filtering: The chemical shifts stored in the
BioMagResBank database cannot be used directly to
collect the statistics as we want, for two reasons.
The first reason is that among the protein sequences
collected in the BioMagResBank database, a lot of
them are homologous. “bl2seq ” [1] is run on ev-
ery pair of863 sequences collected in the BioMagRes-
Bank and suitable clustering is done where each clus-
ter contains sequences sharing at least50% modified
sequence identity (which is taken as the maximum
number of matched amino acids over all local align-
ments returned bybl2seq divided by the length of
the shorter sequence). This homology filtering gives us
at the end463 clusters and we randomly pick one from
each cluster for our score scheme training. Secondly,
for a single protein, the chemical shifts collected in the
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BioMagResBank for a few amino acids might be out-
liers. Since the abnormal behavior of a single outlier
may disrupt our scoring scheme, an efficient statistical
method, namely “boxplot ” [9], is applied to remove
the outliers. Such a treatment was not done is the pre-
vious scoring derivation [25]. After the treatment, the
accepted range of Cα’s chemical shifts in our training
data set is from39.93 to 69.80, substantially narrowed
from the observed range of Cα’s chemical shifts across
all types of amino acids,i.e., from4.10 to 85.492. Fig-
ure 1(a) shows the distribution of chemical shifts of Cα

for all 20 types of amino acids. Figure 1(b) shows the
distribution of all chemical shifts of Cα for alanines
only.

(b) Chemical Shifts Based on Secondary Structure Pre-
diction: The chemical shift of a specific atom in a par-
ticular type of amino acid is not necessarily a constant.
In fact it is affected by the local electronic-biochemical
environment in which the amino acid lies. One im-
portant observation is that it depends on the type of
secondary structures where the amino acid lies. For
example, for alanines, the distributions of Cα chemi-
cal shifts inα-helices,β-sheets, and loop regions are
significantly different, as shown in Figures 2(b), 2(c),
and 2(d), respectively. Our score scheme accounts for
the impact of structural information on chemical shifts,
through incorporating predicted secondary structures
by the PsiPred program [15], which is one of the best
known secondary structure prediction programs with
approximately80% accuracy for assigning a residue
to anα-helix, aβ-strand, or a loop.

(c) Score Generation:We also used a more sophisticated
statistical method than the one in our previous to han-
dle the scoring scheme derivation [25]. For every com-
bination of amino acidaa and secondary structuress,
let Π(aa, ss) denote the chemical shift distribution we
get out of the database givenaa and ss. For exam-
ple, Figure 2(b) shows the distributionΠ(Ala,helix).
We do not assume there is any specific pattern that
the distribution should follow (usually a normal dis-
tribution is assumed in the literature, which can be
seen not necessarily true from our training set), but
use the chemical shift values directly. LetN(aa, ss)
denote the total number of chemical shift values col-
lected in the database givenaa andss. For every type
of chemical shift, we associate it with an error bound
ε (which is different for different types of chemical
shifts. As shown in Table 1, the third column contains
all εα values we pick for Cα chemical shifts in this
score scheme). The error boundε is learned out of the
training set such that20 intervals of lengthε cover the
range of the chemical shifts. It also maps well to the

reading error indicates in BioMagResBank. For every
examined quadruple spin system(HN,N,Cα,Cβ), let
(Cα − εα,Cα + εα) be theCα chemical shiftwindow.
LetN(aa, ss,Cα) denote the number ofCα chemical
shift values collected in the database which fall into
the window. Theprobability that this examinedCα
chemical shift is generated from amino acidaa in the
secondary structuress is

Prob(aa, ss,Cα) =
N(aa, ss,Cα)
N(aa, ss)

.

The 4th column in Table 1 shows the probabilities for
a Cα chemical shift value56.74 (which is the mean
value of Cα chemical shifts) generated from the60
combinations. The score for mapping the quadruple
(HN,N,Cα,Cβ) to combination(aa, ss) is

score((HN,N,Cα,Cβ) | (aa, ss))
= 10× log

(
Prob(aa, ss,N)× Prob(aa, ss,Cα)

× Prob(aa, ss,Cβ)
)

(this number is truncated into an integer).

(d) Score Scheme Enhancement:One may notice that
the distribution of HN chemical shifts is not used in our
score scheme. The reason is that across60 aa andss
combinations, no significant difference is found, and
thus adding it into account does not give much useful
information. On the positive aspects, there are quite
a few special features of the chemical shifts which can
be taken advantage to estimate the scores. We point out
two in the following: (1) Since there is no Cβ atom in a
Glycine (GLY, G), no Cβ chemical shift can be exam-
ined. If a quadruple does contain a Cβ chemical shift,
then it should not be generated from a GLY. Therefore,
we can associate with the mapping a scoreminimum ,
which tells the assignment algorithm that such a map-
ping is illegal. (2) Similarly, since a Proline (PRO, P)
doesn’t have HN atom, a quadruple containing a HN

chemical shift gets a scoreminimum when mapping
to a PRO.

3 Adjacency Information Determination

We briefly describe how adjacency information is ex-
tracted/predicted out of the NMR spectra. As an exam-
ple, we use three spectra: HSQC, CBCA(CO)NH, and HN-
CACB. Different NMR labs might be able to generate dif-
ferent combinations of other spectra, but the adjacency in-
formation is extracted in a similar fashion. This particular
combination of NMR spectra is proposed in [23] and our de-
scription is based on the semi-automated approach referred
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Figure 1. Distribution of C α chemical shifts in training data set.

to as “SMARTNOTEBOOK” [23]. The CBCA(CO)NH
spectrum gives us triples of inter-residue chemical shifts
(HN

i ,Cαi−1,Ni) and(HN
i ,Cβi−1,Ni), wherei indexes the

residue (but a GLY doesn’t have a Cβ chemical shift). The
HNCACB spectrum gives us triples of inter- and intra-
residue chemical shifts(HN

i ,Cαi−1,Ni), (HN
i ,Cβi−1,Ni),

(HN
i ,Cαi,Ni), and (HN

i ,Cβi,Ni) (again a GLY doesn’t
have a Cβ chemical shift). The HSQC spectrum gives us
pairs of intra-residue chemical shifts(HN

i ,Ni). Therefore,
from these3 spectra, we can associate with residuei a
quadruple chemical shifts(HN

i ,Ni,Cαi,Cβi). Our assign-
ment goal is to identify for each residue its true quadru-
ple. In the ideal case, the quadruples can be read out of the
3 NMR spectra, and the number of quadruples is equal to
the number of residues in the protein sequence. However,
in general, the chemical shifts measured out of one NMR
spectrum are different from those measured out of another
NMR spectrum. Nonetheless, the difference is very small
and we hope we can still be able to extract the quadruples,
besides the existence of noise peaks and missing peaks.

In the following, we describe briefly on identifying the
quadruples, together with the adjacency information be-
tween quadruples.

1. For a pair of chemical shifts (assuming it is associated
with theith residue) in HSQC spectrum, say(HN

i ,Ni),
search for2 triples in the CBCA(CO)NH spectrum
that share the HN and N chemical shifts, keeping in
mind that maybe only one can be found if the(i−1)th
residue is a GLY. (In general, when there are more then
2 triples, we have to identify which one or two of them
are true triples; when there is no triple, we might con-
sider this pair(HN

i ,Ni) as noise.) Similarly we can

find 4 (or 2) triples from the HNCACB spectrum.

2. Suppose2 triples in the CBCA(CO)NH spectrum are
found. Then the C chemical shifts are for Cα and Cβ
atoms from the(i − 1)th residue. We can denote the
two triples as(HN

i ,Cαi−1,Ni) and(HN
i ,Cβi−1,Ni).

3. Suppose4 triples in the HNCACB spectrum are found.
Then the C chemical shifts are for Cα and Cβ atoms
from the(i − 1)th residue, and for Cα and Cβ atoms
from theith residue itself. We can denote the4 triples
as(HN

i ,Cαi−1,Ni), (HN
i ,Cβi−1,Ni), (HN

i ,Cαi,Ni),
and(HN

i ,Cβi,Ni).

4. Since triples(HN
i ,Cαi,Ni) and (HN

i ,Cβi,Ni) ap-
pear in the HNCACB spectrum only, we identify
the quadruple forith residue at this moment to be
(HN

i ,Ni,Cαi,Cβi). To identify the quadruple for
(i+1)th residue, we try to look for some pair of chem-
ical shifts(HN

i′ ,Ni′) from HSQC spectrum such that:

• (HN
i′ ,Cαi,Ni′) and(HN

i′ ,Cβi,Ni′) appear in the
other two spectra,

which signify the sequential adjacency rela-
tionship between two quadruple spin systems,
(HN

i ,Ni,Cαi,Cβi) and(HN
i′ ,Ni′ ,Cαi′ ,Cβi′). Subse-

quently, we can assigni′ = i+ 1.

This searching process is performed for every pair of chem-
ical shifts in the HSQC spectrum to identify the quadruple
and its adjacent quadruple. In the case that the chemical
shift error is too large to be believed, the identifying process
terminates and is re-started on another pair. The results are
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Figure 2. Distribution of C α chemical shifts from alanines in training data set.

a set of quadruples, which are the spin systems, and the ad-
jacency information among the quadruples. This adjacency
information connects quadruples into chains, which will be
mapped to non-overlapping polypeptides in the target pro-
tein sequence.

4 Assignment Algorithms

The assignment algorithm we implement in this paper is
fairly intuitive, and very close to what is currently manually
doing in an NMR laboratory. The main difference between
the algorithm and manual work is that we employ efficient
computational methods to automate the assignment process
at a global view, which produce an assignment within sec-
onds on a Pentium III PC. The global view also helps avoid
the tedious “undo – redo” which occurs very often through-
out the manual work. The assignment algorithm can be sim-
ply described as a two-phase procedure: in the first phase,

a greedy filtering is conducted to select out some number
of best possible mappings for spin systems residing in the
identified chains; in the second phase, for every combina-
tion of chain mappings, an efficient maximum weight bipar-
tite matching algorithm is used to complete the assignment
by mapping isolated spin systems to the rest of residues. It
reports the best assignment from all combinations in terms
of the assignment confidence.

Greedy Filtering

The greedy filtering process is employed to evaluate the
score scheme and take advantage of the discerning power
of long chains. First, it sorts the chains into non-increasing
length order, where the length of a chain is measured by
the number of spin systems therein. Letk be a parameter
to bound the number of the best combinations we want to
put into the second phase. The filtering process starts with
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εα Prob(aa, ss, 56.74)
helix 0.680 0.191

Ala sheet 0.776 0.011
loop 0.835 0.033
helix 1.004 0.096

Arg sheet 0.691 0.038
loop 0.960 0.180
helix 0.873 0.168

Asn sheet 0.576 0.006
loop 0.840 0.012
helix 0.816 0.219

Asp sheet 0.756 0.027
loop 0.852 0.050
helix 2.156 0.102

Cys sheet 0.964 0.184
loop 1.700 0.198
helix 0.816 0.093

Gln sheet 0.688 0.051
loop 0.871 0.133
helix 0.684 0.066

Glu sheet 0.652 0.055
loop 0.964 0.247
helix 0.656 0.000

Gly sheet 0.680 0.000
loop 0.556 0.000
helix 1.080 0.112

His sheet 0.770 0.067
loop 0.952 0.153
helix 1.275 0.005

Ile sheet 0.792 0.033
loop 1.080 0.031

εα Prob(aa, ss, 56.74)
helix 0.756 0.114

Leu sheet 0.664 0.027
loop 0.888 0.083
helix 0.872 0.092

Lys sheet 0.640 0.062
loop 0.940 0.210
helix 1.160 0.206

Met sheet 0.640 0.024
loop 0.868 0.134
helix 1.320 0.060

Phe sheet 0.720 0.229
loop 1.016 0.196
helix 0.760 0.000

Pro sheet 0.554 0.000
loop 0.616 0.001
helix 1.064 0.048

Ser sheet 0.609 0.206
loop 0.904 0.159
helix 1.648 0.007

Thr sheet 0.860 0.006
loop 0.960 0.015
helix 1.320 0.098

Trp sheet 0.792 0.268
loop 1.230 0.208
helix 1.280 0.064

Tyr sheet 0.760 0.225
loop 1.112 0.183
helix 1.040 0.002

Val sheet 0.912 0.013
loop 1.200 0.010

Table 1. Error bounds for C α chemical shifts and a sample probability. Prob (aa, ss, 56.74) is the
estimated probability of a chemical shift value 56.74 which is generated from atom C α in the amino
acid aa residing in secondary structure ss.

finding the firstk best positions that the longest chain can
map to. This gives the topk combinations, which involve
only the longest chain at the moment. For every one of
thek combinations, the process proceeds to find the firstk
best positions to which the second longest chain can map.
In general this will give in totalk2 combinations involving
one more chain, and the process only keeps the topk ones
and proceeds to find, for every one of the combinations, the
k best positions to which the third longest chain can map;
and so on.

The process is repeated for all chains of length at least
L, which is a lower bound on the length of chains involved
in combinations. The final output is a set of (at most)
k combinations of positions to which the chains map. It
worths pointing out that at some circumstances, the filter-
ing process will terminate at some intermediate combina-
tions, since it fails to find any position for the next chain,
by the assumption that every identified chain should map to
a polypeptide in the target sequence and no residue on this
polypeptide can be mapped multiple times.

The parametersk andL can be tuned suitably to con-
tinue the assignment, depending on which algorithms em-
ployed in the second phase. In our assignment algorithm,

the second phase algorithm is a maximum weight bipar-
tite matching algorithm. Therefore,L is set to2, mean-
ing that all identified chains should be mapped to non-
overlapping polypeptides from the target protein sequence.
(In the branch-and-bound heuristics,L is set to3, meaning
that those chains of length greater than2 should be mapped,
and length-2 chains and isolated spin systems is left to be
handled by branch-and-bound. Of course, one could setL
to be a larger number, whereby achieving better assignment
confidence through sacrificing running time. The experi-
mental study [19] shows that settingL to 3 is already a good
trade-off.)k is set to10 for all our experiments.

Maximum Weight Bipartite Matching

An instance of the maximum weight bipartite match-
ing problem consists of an edge-weighted bipartite graph
G = (S,R,E), where we assume without loss of gener-
ality that edge weights are non-negatives. Intuitively, the
vertex setS contains all the isolated spin systems left af-
ter the greedy filtering (L = 2); the vertex setR contains
all the remaining residues in the target protein sequence.
An edge indicates the mapping between a spin system and a
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residue, where its weight records the confidence of the map-
ping. The goal of the problem is to compute a matching
with maximum weight, corresponding to a partial assign-
ment achieving the maximum confidence for those isolated
spin systems. Since we require that all identified chains are
mapped to non-overlapping polypeptides in any combina-
tion, |S| = |R| and the expected matching is perfect (mean-
ing that every spin system is mapped to some residue).

There are various implementations based on efficient al-
gorithms for the maximum weight bipartite matching prob-
lem. In our study, we choose the one by Goldberg and
Kennedy [11].

5 Simulation Results

The score scheme we learned using Hα and Cα chem-
ical shifts can be regarded as an improved version of our
previous one [25]. The heuristics “greedy filtering + Gold-
bergKennedy [11] maximum matching” (GF-GK) algo-
rithm is run on14 protein sequences [7, 19, 25], using this
new score scheme, similarly with various levels of adja-
cency information ranging from50% to 90%. The result
is shown in Table 2, where the comparison is made between
the performance of GF-GK using this new score scheme
and the performance of a few algorithms using the previ-
ous score scheme. These a few algorithms include GF-
GK, “greedy filtering + Branch-and-Bound” (GF-BnB), and
“greedy filtering +13

7 -approximation” (GF-13
7 ) [6]. Define

the mapping recoverage of an “algorithm and score scheme”
combination to be the average percentage of correct map-
pings recovered by running the assignment algorithm using
the specific score scheme. The mapping recoverage of these
4 “algorithm and score scheme” combinations are shown in
Figure 3(a), where it can be seen that using the new score
scheme enhances the recoverage significantly.

In another set of experiments, we test the score scheme
learned using HN, N, Cα, and Cβ chemical shifts. Two fast
heuristics “GoldbergKennedy maximum matching” (GK)
and GF-GK are run on the same set of instances with the
same simulated adjacency information. Table 3 shows the
results. The “score” column records the assignment score of
the correct assignment; The “GK score” column is the op-
timal matching by ignoring all the adjacency information.
It can be seen that these two scores are very close to each
other, indicating that the score scheme is very promising.
RGF-GK (RGF) stores the number of correct mappings recov-
ered by GF-GK (GF, respectively), where the number in the
parentheses in the8th column stores the number of spin sys-
tems in the identified chains. The 9th to 11th columns are
the percentage of adjacency extracted from the simulated
HSQC, HNCACB, and CBCA(CO)NH spectra, the score
of the assignment output by GF-GK, and the number of cor-
rect mapping recovered, respectively. Figure 3(b) shows the

curves of the percentages of the number of correct mappings
recovered by GK, GF, and GF-GK. It should be noted that
the heuristics finishes an instance in at most a few seconds
on a 1GHz Pentium III with 1GB memory. Under the high-
throughput requirement, the fast GF-GK is very competi-
tive. Another exciting notice is that with about70% adja-
cency information identified, about84% correct mappings
are recovered; and with about80% adjacency information
identified, about97.5% correct mappings are recovered.

For real NMR data, one experiment is conducted. For
a cell cycle regulatory proteinCdc4p , a 141 residue pro-
tein studied in [24, 23] (BioMagResBank accession num-
berbmr4851 ) with the identified 14 chains (out of HSQC,
HNCACB and CBCA(CO)NH spectra), the GF-GK outputs
an assignment in which the spin systems residing on the
identified chains are100% correctly mapped to their host
residues. The same thing happens for the simulated adja-
cency data, where all spin systems in the identified chains
are correctly mapped to their host residues. These results
show that the new score schemes are much more effective
than the previous one, in that with the aid of automated ad-
jacency information extraction it gives more powerful dis-
cerning ability. This suite of computational techniques may
be ready to assist spectroscopists to automate the NMR res-
onance assignment.

6 Discussion

In summary, we have developed a better score scheme
learning system for the NMR resonance peak assignment
problem. The advantages of this new system are demon-
strated by running some simple and fast heuristics on sim-
ulated and real NMR data. From Table 3, we see that
the assignment accuracy depends significantly on the ad-
jacency information between spin systems. Good NMR in-
struments, particularly 800 or higher MHz NMR machines,
can easily achieve70% adjacency information (for exam-
ple, 68% adjacency information is recovered forCdc4p
[23] and on average71% is recovered using the simulated
data). The ability to produce nearly complete assignments
at such level of adjacency abundance implies that our new
score scheme, automated adjacency extraction, and the fast
assignment algorithms will be of potential employment in a
lot of NMR labs. Nonetheless, from the experiment using
real NMR spectra, we noticed that there is still some am-
biguous places in the assignment process, which is mostly
due to spectral data quality. What we can conclude from
our work is that one feasible way is to use our automated
assignment system to generate a set of a few very likely as-
signments and then plug in the structure determination pipe-
line to produce a set of a few candidate 3D structures for
next phase investigation.

In this study, we only run some simple and fast heuris-
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length RGF-GK
old RGF-BnB

old R
13
7

old RGF-GK
new

bmr4027 5 158 38 33 40 49
bmr4027 6 59 37 64 65
bmr4027 7 88 74 89 132
bmr4027 8 149 128 151 158
bmr4027 9 156 156 156 156
bmr4144 5 78 15 16 11 27
bmr4144 6 19 11 21 43
bmr4144 7 55 64 68 54
bmr4144 8 61 67 69 65
bmr4144 9 75 75 75 78
bmr4288 5 105 33 12 36 51
bmr4288 6 42 26 49 46
bmr4288 7 61 57 65 78
bmr4288 8 66 66 68 105
bmr4288 9 105 105 105 105
bmr4302 5 115 31 16 31 48
bmr4302 6 58 43 51 69
bmr4302 7 81 62 79 77
bmr4302 8 112 103 112 112
bmr4302 9 110 110 111 115
bmr4309 5 178 28 25 35 45
bmr4309 6 43 57 48 68
bmr4309 7 108 77 119 105
bmr4309 8 116 101 121 157
bmr4309 9 178 178 178 178
bmr4316 5 89 48 30 43 64
bmr4316 6 65 35 59 83
bmr4316 7 79 79 75 85
bmr4316 8 89 89 75 89
bmr4316 9 89 89 89 89
bmr4318 5 215 23 20 19 39
bmr4318 6 35 35 34 59
bmr4318 7 72 52 73 94
bmr4318 8 91 62 92 134
bmr4318 9 201 201 201 211

length RGF-GK
old RGF-BnB

old R
13
7

old RGF-GK
new

bmr4353 5 126 25 17 20 40
bmr4353 6 17 24 23 51
bmr4353 7 55 44 56 98
bmr4353 8 80 80 78 116
bmr4353 9 126 126 124 126
bmr4391 5 66 9 18 10 24
bmr4391 6 14 10 7 34
bmr4391 7 17 26 17 28
bmr4391 8 42 42 38 47
bmr4391 9 66 66 66 66
bmr4393 5 156 45 41 49 48
bmr4393 6 70 59 71 76
bmr4393 7 96 76 102 97
bmr4393 8 135 130 129 137
bmr4393 9 152 152 142 152
bmr4579 5 86 21 15 18 26
bmr4579 6 41 32 35 36
bmr4579 7 44 44 48 67
bmr4579 8 79 63 72 75
bmr4579 9 86 86 86 86
bmr4670 5 120 30 22 32 47
bmr4670 6 35 30 35 59
bmr4670 7 80 38 78 100
bmr4670 8 116 116 116 120
bmr4670 9 116 116 120 120
bmr4752 5 68 27 21 21 39
bmr4752 6 34 32 32 45
bmr4752 7 41 41 43 44
bmr4752 8 68 68 68 68
bmr4752 9 68 68 68 68
bmr4929 5 114 24 23 17 45
bmr4929 6 38 32 36 61
bmr4929 7 70 56 69 70
bmr4929 8 88 88 82 99
bmr4929 9 114 114 114 114

Table 2. The numbers of corrected mappings recovered by various heuristics under the old and new
score schemes. In this table, bmr#### is the protein entry in the BioMagResBank [22]. The digit
following the underscore indicates the percentage of adjacency information assumed. For example,
5 indicates that 50% adjacency is used. The “length” column records the length of the protein

sequence, measured by the number of amino acids therein. Ralg denotes the number of corrected
mappings recovered by algorithm “alg”, where “old” indicates using the previous score scheme and
“new” indicates using the new score scheme.

tics to do the assignment. Since the branch-and-bound will
produce the best assignments consuming potentially expo-
nential time, its results on the same set of instances are
not included. Testing the branch-and-bound algorithms, as
well as designing better approximations to provide better
lower/upper bounds, would be our next task.

Another to-do task is to conduct a fair comparison be-
tween the performance of our system and the performance
of the existing assignment procedures [21]. However, since
most of the existing procedures use many more NMR spec-
tra and/or additional spectral data other than chemical shifts,
we need to design a fair comparison model first. Last but not
the least, an evaluation model which can assess the quality
of the output assignments should be built to provide quan-
titative confidence for the next phase of structure construc-

tion.
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score length GK score RGK GF-GK score RGF-GK RGF sim. adj. sim. score sim.RGF-GK

bmr4027 5 1569792 158 1570527 22 1569790 107 98 (119) 88% 1569792 156
bmr4027 6 1569546 126 118 (135)
bmr4027 7 1569590 142 135 (143)
bmr4027 8 1569792 158 152 (152)
bmr4027 9 1569792 158 155 (155)
bmr4144 5 773522 78 773987 13 773545 56 52 (58) 77% 773462 69
bmr4144 6 773496 53 49 (65)
bmr4144 7 773435 63 60 (69)
bmr4144 8 773522 78 73 (73)
bmr4144 9 773522 78 75 (75)
bmr4288 5 1042182 105 1042432 12 1042137 79 71 (77) 75% 1042185 100
bmr4288 6 1042184 97 85 (91)
bmr4288 7 1042184 99 88 (94)
bmr4288 8 1042182 105 101 (101)
bmr4288 9 1042182 105 104 (104)
bmr4302 5 1142379 115 1142856 23 1142322 84 75 (87) 72% 1142383 105
bmr4302 6 1142379 97 92 (96)
bmr4302 7 1142318 101 99 (106)
bmr4302 8 1142421 112 112 (112)
bmr4302 9 1142379 115 114 (114)
bmr4309 5 1772122 178 1773531 14 1772541 56 53 (138) 56% 1772649 107
bmr4309 6 1772287 87 87 (150)
bmr4309 7 1772031 107 105 (162)
bmr4309 8 1772140 172 168 (168)
bmr4309 9 1772122 178 176 (176)
bmr4316 5 885385 89 885398 16 885386 78 69 (69) 73% 885385 85
bmr4316 6 885385 82 78 (78)
bmr4316 7 885385 85 83 (83)
bmr4316 8 885385 89 87 (87)
bmr4316 9 885385 89 88 (88)
bmr4318 5 2135541 215 2137107 16 2124939 88 84 (165) 83% 2135502 198
bmr4318 6 2125425 147 141 (178)
bmr4318 7 2125003 159 155 (195)
bmr4318 8 2135435 203 200 (205)
bmr4318 9 2135541 215 215 (215)
bmr4353 5 1252058 126 1252609 22 1252105 84 74 (94) 75% 1252069 118
bmr4353 6 1241711 75 69 (107)
bmr4353 7 1252060 121 115 (115)
bmr4353 8 1252058 126 123 (123)
bmr4353 9 1252058 126 124 (124)
bmr4391 5 655208 66 655523 11 645180 38 32 (50) 85% 655235 64
bmr4391 6 655078 51 46 (56)
bmr4391 7 655085 53 49 (59)
bmr4391 8 655208 66 62 (62)
bmr4391 9 655208 66 65 (65)
bmr4393 5 1554375 156 1554971 9 1554470 48 48 (118) 67% 1554486 119
bmr4393 6 1554281 62 62 (130)
bmr4393 7 1554156 96 95 (143)
bmr4393 8 1554245 125 125 (148)
bmr4393 9 1554375 156 154 (154)
bmr4579 5 854668 86 855151 10 854673 56 50 (69) 76% 854741 81
bmr4579 6 844748 77 72 (76)
bmr4579 7 844575 71 65 (79)
bmr4579 8 854668 86 83 (83)
bmr4579 9 854668 86 85 (85)
bmr4670 5 1192228 120 1192920 13 1192068 65 58 (90) 69% 1192172 91
bmr4670 6 1191926 89 84 (101)
bmr4670 7 1192137 110 103 (109)
bmr4670 8 1192228 120 117 (117)
bmr4670 9 1192228 120 120 (120)
bmr4752 5 675974 68 676109 15 675902 53 40 (48) 31% 676036 44
bmr4752 6 675906 59 51 (56)
bmr4752 7 675805 58 55 (60)
bmr4752 8 675974 68 66 (66)
bmr4752 9 675974 68 67 (67)
bmr4929 5 1133001 114 1133518 18 1133086 93 84 (90) 66% 1133183 87
bmr4929 6 1132999 101 91 (95)
bmr4929 7 1132950 108 101 (103)
bmr4929 8 1133001 114 109 (109)
bmr4929 9 1133001 114 113 (113)

71%

Table 3. Evaluation of the new score scheme. The “score” column records the assignment score of
the correct assignment; The “GK score” column is the optimal matching by ignoring all the adjacency
information. It can be seen that these two scores are very close to each other, indicating that the score
scheme is very promising. RGF-GK (RGF) stores the number of correct mappings recovered by GF-GK
(GF, respectively), where the number in the parentheses in the 8th column stores the number of spin
systems in the identified chains. The 9th to 11th columns are the percentage of adjacency extracted
from the simulated HSQC, HNCACB, and CBCA(CO)NH spectra, the score of the assignment output
by GF-GK, and the number of correct mapping recovered, respectively.
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