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Protein Backbone Nuclear Magnetic
Resonances

Olga Vitek, Jan Vitek, Bruce Craig, and Chris Bailey-Kellogg

Abstract

Nuclear Magnetic Resonance (NMR) spectroscopy is a key experimental technique
used to study protein structure, dynamics, and interactions. NMR methods face the bot-
tleneck of spectral analysis, in particular determining the resonance assignments, which
help define the mapping between atoms in the protein and peaks in the spectra. A sub-
stantial amount of noise in spectral data, along with ambiguities in interpretation, make
this analysis a daunting task, and there exists no generally accepted measure of uncer-
tainty associated with the resulting solutions. This paper develops a model-based inference
approach that addresses the problem of characterizing uncertainty in backbone resonance
assignment. We argue that NMR spectra are subject to random variation, and ignoring
this stochasticity can lead to false optimism and erroneous conclusions. We propose a
Bayesian statistical model that accounts for various sources of uncertainty and provides
an automatable framework for inference. While assignment has previously been viewed as
a deterministic optimization problem, we demonstrate the importance of considering all
solutions consistent with the data, and develop an algorithm to search this space within
our statistical framework. Our approach is able to characterize the uncertainty associated
with backbone resonance assignment in several ways: 1) it quantifies of uncertainty in
the individually assigned resonances in terms of their posterior standard deviations; 2)
it assesses the information content in the data with a posterior distribution of plausible
assignments; and 3) it provides a measure of the overall plausibility of assignments. We
demonstrate the value of our approach in a study of experimental data from two proteins,
Human Ubiquitin and Cold-shock protein A from E. coli. In addition, we provide simula-
tions showing the impact of experimental conditions on uncertainty in the assignments.

KEYWORDS: Nuclear Magnetic Resonance (NMR) spectroscopy, uncertainty in NMR
spectra, Bayesian modeling, statistical inference, protein structure,structural genomics
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1 Introduction

Knowledge of the three-dimensional structure of proteins provides vital insights
into their functions. The emerging field structural genomicg¢Brenner, 2001)
requires new methods that yield structural information at a genomic scale. Nu-
clear magnetic resonance (NMR) spectroscopy is an experimental technique that is
particularly suitable for this task. It is capable of determining atomic detail about
protein structures in physiological conditions, and allows rapid and cost-efficient
screening of foldedness, internal dynamics and ligand binding. Some 15%-20% of
new protein structures are currently determined by NMR, and the rate is likely to
grow (Montelione et al., 2000).

A key step in NMR-based analysis sequential backbone resonance assign-
ment which determines the resonance values associated with specific atoms of the
protein backbone. Assignment is essential for determination of protein structure,
since, for example, the distance restraints between atoms in the structure are de-
rived from the corresponding peaks in particular (NOESY) spectra. Itis also a nec-
essary step in NMR studies of protein dynamics and intermolecular interactions.
The development of efficient and accurate assignment protocols is a necessary pre-
requisite to genomic-scale NMR studies. However, because of the significant noise
present in NMR data, it often takes weeks and sometimes months to complete the
assignment of a protein by hand.

Development of automated methods for backbone resonance assignment has
recently become a very active area of research (Moseley and Montelione, 1999).
Numerous search algorithms and scoring functions, as well as methods that include
different spectral information, have been proposed (see Sec. 6 for further discussion,
as well as a comparison with our method). None of these existing methods, how-
ever, provides a statistically sound method to measure uncertainty in the assigned
resonance values. Although it is generally agreed that NMR spectra are stochastic
in nature, there exists no formal inferential procedure regarding assigned backbone
resonances. As a result, many researchers still choose to complete assignments by
hand in order to feel confident in the quality of their results.

This paper presents the first approach that provides formal statistical inference
for backbone NMR assignment. By carefully modeling the sources of variability
associated with NMR spectra and employing an appropriate algorithm to search
for feasible assignment solutions, our method enables rigorous quantification of the
uncertainty in the resonance assignment. The Bayesian framework (Liu, 2002) is
particularly attractive here as it allows incorporation of all availabpgiori knowl-
edge. In the Bayesian context, we quantify the overall uncertainty in the assigned
resonances by the posterior distribution over all feasible solutions, and we quantify
the uncertainty in the individual resonance values by their posterior standard de-
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viations. Since this involves investigating more than the single “best” assignment,
we develop a new assignment algorithm that exhaustively explores a large portion
of the assignment space and firalsassignments that are consistent with the data
within the explored space. Therefore, uncertainty in the results is a property of the
information content in the data, and not of the algorithm for finding the assignments.
Our model-based approach is fully automated and provides useful information
that other approaches do not. First, it measures the overall plausibility of an assign-
ment and shows that, generally, several assignments can be supported by the data.
Second, it assesses the information content in the collected spectra by means of the
posterior distribution of plausible assignments. Third, it quantifies the uncertainty
in the individual assigned resonances in terms of posterior standard deviations, and
identifies well-determined positions that can confidently be used in further NMR
studies (e.g., structure determination). We believe that our approach will help avoid
errors in the assignment procedure and enable researchers to determine reliable as-
signments at a high-throughput rate.

2 NMR data

Proteins are biological macromolecules essential for living organisms. They are
linear polymers of amino acids, also callessidues that form complex three-
dimensional structures in physiological conditions. The top part of Fig. 1 shows
the organization of three neighboring residues. Each residue has a central carbon
atom, denoted G to which are bonded a hydrogen atontjHan H—N group and a
C'=0 group. This chain comprises the proteiba&ckbone In addition to its back-
bone, each amino acid hsisle-chairatoms attached to its"Gitom; the20 different
amino acid types are distinguished by their side chains. The side chain typically
contains a carbon atom {Cand other atoms schematically denoted by asterisks in
Fig. 1. Two exceptions are proline, which replaces H afAduith a heterocycle of
atoms from the N to the € and glycine, which has anotherhhstead of a €.

The number and order of amino acid types in a protein —pritsiary sequence—

is determined by other experimental techniques prior to study by NMR.

NMR spectroscopy (Cavanagh et al., 1996) takes advantage of the magnetic
properties of atomic nuclei. When a protein sample is placed into a static mag-
netic field and exposed to an oscillating radio-frequency field, the individual nuclei
respond at specific resonance frequencies. These resonance frequerdaies)-or
ical shifts are very sensitive to the electronic environment surrounding a nucleus
and are thus in principle unique for each atom in a typical moderate-sized globular
protein. Chemical shifts are central to NMR-based studies, as they serve as iden-
tifiers by which atoms are referenced in subsequent studies of structure, dynamics,

http://www.bepress.com/sagmb/vol3/iss1/art6
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Figure 1: A chain of three residues at positigns 1, j, andj + 1 in the primary
sequence. An asterisk schematically denotes the side-chain atoms that vary between
residue types. An HSQC spectrum is shown in the bottom of the figure; the mapping
between atomic interactions and peaks is unknown and is necessary in order to
determine the chemical shifts of the backbone atoms.

and interactions. The goal of backbone resonance assignment is to determine the
chemical shift values for the nuclei in the protein backbone.

Backbone resonance assignment employs data from a set of NMR experiments.
A central experiment is the HSQC, which quantum-mechanically correlates bonded
H-N nuclei and yields a two-dimensional spectrum. An example fragment of an
HSQC spectrum is shown in the bottom of Fig. 1. Peaks in the spectrum indicate H—
N bonded pairs at specific chemical shifts (their coordinates). The HSQC is a core
experiment since each residue except proline and the N-terminus has an H-N pair
and thus (in ideal conditions) generates such a peak. However, the correspondence
between the peak and the H—N pair that generated it is unknown.

Determination of the chemical shifts of the atoms in the backbone also requires
at least one, and usually several, three-dimensional NMR experiments. An example
of such an experiment is the HN(CO)CA, which magnetically correlates bonded
H-N backbone nuclei with the ®Cnucleus of the preceding residue. The exper-
iment yields a three-dimensional spectrum, in which the projection on the H-N
dimensions corresponds to the HSQC, and the third dimension to the magnetically
correlated C. Since each HN(CO)CA peak correlates atoms in two neighboring
residues, the experiment is useful in identifyisgguentialinteractions. Another
three-dimensional experiment, the HNCA, correlates the bonded H-N pairs with
the C* of either the preceding residue (as in the HN(CO)CA) or of the same residue.
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It yields approximately twice as many three-dimensional peaks as the HN(CO)CA,
gathering both sequential andthin-residueinteractions. Similar NMR experi-
ments can be designed to involve interactions of the H-N pairs wittHC, and

C'. The type of atoms involved in a spectrum is calledétsonance typeAgain, it

is important to note that the residue(s) whose atoms generated each peak is initially
unknown for all spectra.

The chemical shifts can be determined by finding a mapping between the spec-
tral peaks and the atoms. In summary, a typical procedure to find such a map-
ping consists of the following steps (Moseley and Montelione, 1998thvith,

1986): (1) identify and determine the centers of peaks within the spectra; (2) group
the peaks into collections calleghin systemaccording to their shared H—N reso-
nances; (3) match spin systems according to corresponding sequential and within-
residue chemical shifts; (4) align connected chains of spin systems to the primary
sequence according to the expected chemical shifts for corresponding residue types.
We now detail each step in this procedure.

Peak analysis. Peaks in NMR spectra do not have precise positions. As il-
lustrated in the HSQC in Fig. 1, they span some volume, shown in the figure by
intensity contours. The volume of a peak depends on the physical properties of the
nucleus, as well as the type and sensitivity of the NMR experiment. The coordinates
of the center of a peak can be determined by automated peak picking software such
as NMRDraw (Delaglio et al., 1995). The center can be determined fairly accu-
rately for a well-resolved peak, but the accuracy is compromised when the peak is
broad or has a low intensity, or when several peaks overlap. Peak positions are also
subject to random variation between spectra, due to sample variation, differences in
sample temperature and other experimental artifacts. In summary, the coordinates
of the centers of the peaks can be viewed as noisy readings from the underlying
chemical shifts, having a compound variation from within and between the spectra.

Peak picking software produces a list of peaks, which typically is missing some
peaks and has some extra (spurious) peaks. Peaks can be missing due to physi-
cal reasons (e.g. an overly broad peak resulting from extensive dynamics), spectral
degeneracy (e.g. peaks too close together to be differentiated), or noise. Spurious
peaks can originate from impurities in the sample, minor conformations of the pro-
tein, or errors in the peak picking procedure.

Compilation of spin systems.The spectra we employ here all involve the “an-
chor” H-N pairs. Thus one can combine peaks across spectra by referencing the
H-N coordinates. The third coordinate is classified according to resonance type as
shown in Fig. 2. These collections of peaks, calipth systemgypically consist of
within-residue and sequential chemical shifts of several resonance types, anchored
at one (unknown) residue and connecting to its predecessor. Due to the noise in
peaks discussed above, some spin systems can have missing chemical shift values,
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Figure 2: Schematic illustration of spin systems. Chemical shift values for H, N,
C~, CP, C' and H* are obtained by combining peaks across spectr@nd k are
indexes of the spin systems, indicates within-residue chemical shifts, anéh-
dicates sequential chemical shifts (i.e. for the preceding residue). Values grouped
into the same spin system are connected by lines. Circles indicate the (initially un-
known) residues originating the spin systems and are numbered according to their
position in the primary sequence.

some spin systems can be entirely missing, and some extra, spurious spin systems
can be compiled from extra, spurious peaks. Due to variability in peak positions,
approximate equality of peak coordinates must be allowed when compiling spin
systems. While the compilation is unambiguous for isolated peaks, ambiguities can
arise in the case of close or overlapping peaks.

Matching spin systems. Spin systems can be arranged into ordered chains
by matching the sequential resonances of one with the within-residue resonances of
another. If two spin systems originate from neighboring residues as shown in Fig. 2,
the within-residue chemical shifts of the first spin system must be approximately the
same as the sequential chemical shifts of the following spin system. Approximate
matches must be allowed due to noise, and ambiguities arise when several spin
systems have similar sequential or within-residue values. The number of plausible
matches increases dramatically when the data contain a large number of missing
resonance types or entirely missing spin systems — the missing chemical shifts
become “wild cards” that allow matches to any spin system. Extra spin systems
result in additional complications as they are often incomplete, and can sometimes
form an incorrectly unambiguous match.

Aligning spin systems. Spin systems can be aligned to positions in the pri-
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mary sequence by comparing chemical shifts to the values expected for the cor-
responding residue types. Since an atom’s chemical shift is sensitive to its local
electronic environment, there is a well-characterized effect of amino acid type on
chemical shift. The expected ranges can be determined from databases such as
BioMagResBank (Seavey et al., 1991) or RefDB (Zhang et al., 2003), which con-
tain assignments for many proteins. Unfortunately, the ranges are typically quite
broad, and allow a spin system to align to many possible positions in the primary
sequence. Chains of connected spin systems, where each spin system agrees that the
corresponding position is consistent, are required in order to overcome this ambigu-
ity. However, even short chains of spin systems can typically be aligned at several
places in the sequence. We note two special cases in alignment: given the H-N
based spin system definition here, alignments are not possible at the first residue
or proline residues; further, alignments are restricted at glycine residues due to the
substitution of an extra Hfor the C.

This paper assumes that the data have been correctly processed and the spin sys-
tems compiled by either manual or automated methods. We focus on the problem
of matching sequentially-connected spin systems and aligning them to the primary
sequence. For clarity, we make a distinction between the result of matching and
aligning spin systems to the sequence, which we call a “mapping,” and the de-
termination of the unknown resonance values on the basis of a mapping. We use
“assignment” to denote the entire procedure.

A mapping is established by systematically matching and aligning the spin sys-
tems, much like a jigsaw puzzle. Each spin system can have at most one predecessor
and can be mapped to at most one spin system, and each position can be mapped
to at most one spin system. Positions with no mapped spin systems are associated
with entirely missing spin systems, and spin systems not mapped to positions are
considered extras. Satisfactory mappings cover the maximum number of positions.
In principle, there exists one “correct” mapping that generated the data. In practice,
however, the large number of ambiguities at each step of the procedure often results
in several plausible mappings that need to be considered. As discussed in the in-
troduction, our method enumerates all plausible mappings and uses their posterior
distribution in a model-based approach to quantify the uncertainty.

The goal of backbone resonance assignment is to determine the chemical shifts
of the protein backbone. A mapping between the spin systems and positions in
the sequence is a means to this end. Given a mapping, the chemical shifts of a
nucleus can be deduced from the associated peaks. However, uncertainty in the
peak positions and uncertainty in the mappings result in uncertainty in chemical
shifts.

http://www.bepress.com/sagmb/vol3/iss1/art6
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Figure 3: Quantities of interest; ) andx;; are vectors containing the observed
chemical shifts of all resonance types that are mapped to pogitiocording to the
mappinga. w indicates within-residue chemical shifts, anthdicates sequential
chemical shifts. Red lines connect the sequential and within-residue resonances that
are grouped into the same spin systgmare the unknown underlying resonances

to be estimated.

3 Methods

We view backbone resonance assignment as a process of estimating the chemical
shifts of the protein backbone from noisy data. A candidate mapping, combined
with distributional assumptions regarding the peaks, can then be viewed as a statis-
tical model of the data. From this perspective, the search for the “best” candidate
mapping becomes a model selection problem. When several models are plausible,
inference about the unknowns should incorporate both the uncertainty in the data
and the uncertainty in the model selection.

3.1 Probability model

Unknowns of interest. The quantities of interest are schematically illustrated in
Fig. 3. Consider a primary sequenceffesidues. Lejt = (u,, ..., puy) denote

the underlying chemical shifts of the backbone nuclei of the protein. Hereigach
is a vector composed of individual chemical shifts for each resonance type

at positionj. The u; are the unknowns of interest, and the goal of the backbone
resonance assignment is to estimate these values.

Input data. The input data aré observed spin systems that we denate=
{(x5,xY), ..., (x7,x¥)}, wherex; is the vector of sequential chemical shifts,
andx} is the vector of within-residue chemical shift§, over resonance type
We assume that the spin systems are correctly and unambiguously compiled prior
to the analysis. The total number of spin systemgan be greater than, equal to,
or less than the length of the protdi) depending on presence of extra and missing
spin systems. Individual chemical shifts can also be missing in some spin systems.
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Candidate mappings. Let a = (a4, ...,ar) be a candidate mapping of the
observed spin systems to positions in the primary sequence. In this notgtien,
if x}* is mapped to position (or equivalentlyx? is mapped to position — 1). A
mapping is one-to-one and gives the putative origin of the observed data. Some
of the spin systems can be considered as extras, land will be associated with
sources of noise. Since we have a fixed number of positions and spin systems,
considering more spin systems as extras implies that more positions have missing
spin systems. Each spin system can potentially be mapped to one of several feasible
positions, and therefore the space of the candidate mappings is combinatorially
large.

Distributional assumptions for the observed data. We assume that, given
the unknown vectorg and the correct assignmedf the error in readings of the
chemical shifts is non-systematic and Normally distributed:

Xog) | @~ N(p;_, W) and x| psa ~ N(pg, W).

The distribution of the readings is centered aropndand the variance matrid/
encompasses the variation from within and between the spectra. Intensity contours
in the spectra are usually aligned with the coordinate axes, and the spectra are in-
dependently collected. It is therefore reasonable to assume that, conditional on the
true underlying resonances and the correct mapping, the readings are independent
between the resonance types. This implies tias a diagonal matrix.

We further assume that, conditional pnanda, the observed chemical shifts
are independent across positions in the sequence. Note that the independence is
conditional and will not hold marginally across all the candidate mappings. The
assumption may oversimplify the statistical correlation structure in the data since
peaks collected within a single spectrum may co-vary. On the other hand, as dis-
cussed in Sec. 6, independence across positions is implicitly assumed by all existing
automated methods for backbone resonance assignment.

Finally, we assume that the variance mafiikis known and constant for all
X, ;) andxg,,. Weaknesses of this assumption include the possibility that peaks
within a spectrum may have different quality, and the fact that the chemical shifts
in spin systems are obtained by averaging over a variable number of peaks. How-
ever, estimation of the spin system-specific variances is a difficult task, requiring
grouping of all peaks according to their common (unknown) source, even though
only one peak per source is available in many cases. As discussed in Sec. 6, con-
stant and known variance is implicitly assumed by most current automated methods,
and some generally accepted variance values are typically used. We follow this ap-
proach here, but plan to investigate the problem of spin system-specific variances
in our future work.

http://www.bepress.com/sagmb/vol3/iss1/art6
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Given the distributional assumptions above, the conditional likelihood of the
composite of the positions in the primary sequence can be written as

1

Pr(x| p,a) = ]ﬁlqb ( W2 (X5) — 1) ) ¢ ( W2 (x5 — 1) ) :

Here and in the rest of the papgedenotes the density of the multivariate standard
Normal distribution.

Prior distributions of the unknown p. The distributions of chemical shifts
of previously assigned proteins, as deposited in various databases, can be used to
characterize thg; a priori. We assume that the; are independent across all posi-
tions in the primary sequence and Normally distributed e~ N (0, %;). The
vector@; contains mean chemical shifts of all resonance types}arisithe corre-
sponding variance-covariance matrix estimated from the database. The parameters
0; andX; are specific to the residue type at the positjon

Both 8; andX; can be estimated from at least two databases, the BioMagRes-
Bank (Seavey et al., 1991) and the RefDB (Zhang et al., 2003), and in a number
of ways. For example, one can assume that the resonance typeproe inde-
pendent, in which casg; is a diagonal matrix, and take the database means and
variances as the parameter estimates. Alternatively, one can assume a non-diagonal
¥; and compute the correlation between the resonance types (Marin et al., 2004).
A more sophisticated approach would account for the redundancy in the sequences
deposited into the BioMagResBank, and estimate the parameters from the subset
of non-homologous sequences only (Marin et al., 2004; Wan et al., 2003). Or,
when information on the secondary structure of the protein is available, one can ac-
count for systematic effects of secondary structure type on chemical shift (Wishart
et al., 1992). All of these methods are equally well supported by our approach,
and Normal distributions with any parameters can be used provided that they are
appropriately justified. In Sec. 5.2 we conduct a sensitivity analysis and investigate
the extent to which the choice of the parameters of the prior distributions affects the
inference of the unknowng.

One may question the choice of the Normal prior distribution. Although the
Normality assumption can in principle be substituted by any other distribution of
choice, the Normal distribution is particularly attractive as it allows the analytical
computation of posterior probabilities, and is therefore computationally efficient.
The Normal distribution provides an adequate approximation of the chemical shifts
in most cases and, as discussed in Sec. 6, is implicitly used by many existing meth-
ods of backbone resonance assignment. Some distributions in the databases may
appear to have heavier than Normal tails. In this case, a spin system with outlying
chemical shifts will not be correctly mapped to the primary sequence, and the cor-
responding position in the sequence will be associated with a missing spin system.
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An alternative solution is to increase the variance of the prior distribution in order
to accommodate the tails.

Sources of noise.For completeness, we assume that the extra spin systems
are originated by the underlying sources of ndigg_ ;, ftz.., - ..). We specify a
non-informative Normal prior for the parameters by chooging; > R, to be the
mid-range of the measurements of each resonance type,and> R, to cover
the entire measurement range.

3.2 Scoring the candidate mappings

The probability model allows us to compare and evaluate the candidate mappings
in terms of their posterior probabilities given the data. These can be obtained by ap-
plying Bayes theorem, and by averaging across the unknown paramegersss,
2002)

Pr(a|x) < Pr(x|a)Pr(a), where Pr(x|a) = /Pr(x\p,,a)Pr(u)d/J,. (1)

As can be seen, the posterior probabilty(a|x) in (1) consists of two terms: the
likelihood Pr(x|a), and the prior distributio®r(a) of a mappinga.

Likelihood. The conjugate Normal structure of our model makes it possible to
carry out the integration in (1) analytically. Upon integration, the likelihood can be
written as

Pr(xla) = I & (U7 (i~ xt) )0 (U2 kap — ) ) . @

wherex, ;) is the average Ofcs (+1) andxg(j), Uy 2 917 and U, 2 X+ W/2.
The observatlons mapped to a positjoim the primary sequence contribute to the
likelihood via two terms. The first involves the quantﬁglj+1 Xq(;) and reflects
the likelihood of the sequential connectivity at this position. The second involves
the quantityx,(;) and reflects the consistency of the chemical shifts with the ex-
pectations of the mapped amino acid type. Because of the non-informative prior
distribution of the sources of noise, their contribution to the likelihood is approxi-
mately 1, and can be ignored.

When comparing candidate mappings, it is helpful to consider the quantity
S(x|a) = —2log Pr(x|a), which can be viewed as a score measuring the success
of a at predicting the data. In our case,

R

R
X’CL Z match,j + Z Salign,j (3)

J=1

http://www.bepress.com/sagmb/vol3/iss1/art6
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where 1
S w / — S
Smatch,j = (Xa(j+1) - Xa(j)) <2W) (Xa(j+1) o

X
(
Satign,; = (Xa() — 05) (55 + W/2)7 (Raj) — 6;)-

Maximizing the likelihood is equivalent to minimizing the score. Under the as-
sumptions in Sec. 3.1 and given the correct assignmestx|a) follows the x?
distribution. Moreover, a partial score computed over any subset of positions in
the sequence also follows thé. The integerd in this notation is the number of
chemical shiftsg$, andz}}, used to compute the specific score. Although not part
of the formal Bayesian framework, this interpretation is very useful as only those
mappings that are consistent with the distribution need to be considered (Rubin,
1984). In practice, we can compare the scores withv-aquantile of they? for a
(small) pre-specified probability, and reject the mappings with scores exceeding
the quantile.

Prior distribution of the candidate mappings. A complete mapping is prefer-
able to one with many missing observations. For example, a mapping consider-
ing most of the observed spin systems as noise is likely to be false. On the other
hand, a spin system where most chemical shifts are missing is likely to be an extra.
We therefore penalize the candidate mappings according to the number of miss-
ing chemical shifts associated with the positions in the sequence. Specifically, we
define the prior probability of a mapping withmissing resonances as

Pr(a) o exp {—3q,2(a,d)} 4)

whereg,2(«, d) denotes the-quantile of they? distribution withd degrees of free-
dom. On the—-2log scale, the prior amounts to substituting a worst-case estimate
for the contribution to the posterior probability of a missing observation.

The mappings with the highest posterior probabilities are used for inference
about the unknowm. Therefore, a candidate mapping can be discarded if its fit to
the data is clearly worse than that of the best mapping found (Hoeting et al., 1999;
Kass and Raftery, 1995). In the following definition, we combine the interpretations
on the scale of the posterior probability and on the scale of the score function.

Definition 1 (Mapping Consistency) A mappinga is consistent with the data fif,
for a given (small) probabilityy,

1. Soaten,j < @2 (0, dimaren, j) for all j.

2. Salign,j < @y2(, dgiign, ;) for all 5.

3. Smatch,j + Satign,j < Q2 (o, dpaten, j + daiign, ;) Tor all j.
4. S(xla) < ¢,2(a, d).

11
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5. P(x|a*)/P(x|a) < 25 wherea* is the mapping with the highest posterior
probability.

d in the definition denotes the number of data points used to compute the cor-
responding score. Note that,,.., ; and S, ; represent thgoint score of all
resonance types of interest at positipn Therefore, a relatively loose match or
alignment of one resonance type is considered as plausible if it is compensated for
by a relatively strong match or alignment of the other resonance types. Although
one can also define consistency separately for each resonance type, we found that
in practice this definition provides more flexibility and results in more accurate
assignments. The parameterflexibly determines the search space of candidate
mappings. Smalletv values result in more mappings being considered plausible,
and the larger values result in rejection of more mappings.

3.3 Inference

Inference regarding. can be made by means of its posterior distribution given the
data. If only one mapping is consistent with the data as in Definition 1, it can be
used as the basis for inference (Press, 2002)

:utj ‘ X,a ~ N(i‘ta(j% wt/2) (5)

where,; is the unknown chemical shift of resonance typat positionj, 7,

is theith element of the average &f ; ;) andxg;), andw; is theith diagonal
element ofi’. Since the experimental variance is orders of magnitude smaller than
the variance of the prior ofi, the contribution of the prior ofs; to (5) can be
ignored. WhenK mappings are consistent with the data, inference based on the
mapping with the highest posterior probability will underestimate the uncertainty
in the correct mapping, as well as the differenceg jrunder the other reasonably
good alternatives. This uncertainty can be taken into account by averaging the
posterior distribution ofu; across all candidate mappings (Hoeting et al., 1999;
Kass and Raftery, 1995)

Pr(p|x) = kf:l Pr(p;[x, @) Pr(ax) (6)

wherePr(a;|x) are standardized to form a probability distribution on the set of
the selected mappings. Theg; can be estimated by their posterior means, and the
guality of estimation can be characterized by their posterior standard deviations:

K
E(pj|v) = k; Tyay(5)Pr(ax/x) and

K
Var(p;|z) = 1;—:1 (we/2 + 77, ;))Prlarx) — 77, »
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The posterior mean qi; is nothing but a weighted average of estimations accord-
ing to the individual mappings. Therefore, if a spin system is mapped to the same
position in all mappings, the posterior standard deviation equals the standard devi-
ation of the readings of the peak positions. If different spin systems are mapped to
a position, the posterior deviation pfat this position incorporates both the uncer-
tainty in the spin system and the experimental variance. The possibility of mapping
different spin systems to a position does not necessarily imply uncertainty in the
chemical shifts. Some alternative spin systems may have similar values in all or
at least some resonance types, in which case the posterior standard deviation will
remain close to the experimental precision. Alternatively, if the relative weight of a
candidate mapping is small, the contribution of the mapping will not significantly
inflate the posterior standard deviation.

In addition to the inference qi, it is instructive to examine the posterior distri-
butionPr(ay|x) for the set of candidate mappings. The shape of the distribution can
be used to characterize the information content in the data: the sharper the distribu-
tion, the more evidence there is in favor of the mapping with the highest posterior
probability. One should not, however, confuse the inference regardingh the
inference regardinge. As discussed in the previous paragraph, uncertainty in the
candidate mappings may or may not result in uncertainty in the estimated chemical
shifts.

The posterior distributio’r(ax|x) provides a relative measure of quality for
one mapping with respect to another. But it does not provide the information on how
well the mapping fits the data. The scores of the candidate mappings, on the other
hand, measure the goodness of fit. One can compare the scores withulatiles
of the corresponding? distributions in order to judge the overall plausibility of the
selected mappings.

4 Finding plausible candidate mappings

The proposed inferential procedure can be carried out using any algorithm which
appropriately explores the probability space of candidate mappings and finds the
mappings with the highest posterior probabilities. A limited number of mappings is
expected to satisfy the conditions in Definition 1. Therefore, an exhaustive search
is the most desirable procedure as it ensures complete examination of the search
space and does not omit any mapping of interest. It has a particular advantage over
greedy and best-first algorithms favoring locally optimal choices, which may not
necessarily lead to overall plausible solutions and may ignore choices that do. Sev-
eral exhaustive search algorithms for backbone resonance assignment have recently
appeared in the literature and demonstrated the feasibility of this approach for prob-
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lems of moderate size (Andrec and Levy, 2002; Coggins and Zhou, 2003; Lin et al.,
2002; Wan et al., 2003). However, the algorithms are based on scoring functions
with no probability interpretation. We require an algorithm capable of exploring
the probability space of candidate mappings and providing all solutions consistent
with the data.

We illustrate our inferential procedure using a new algorithm of this kind. Our
probability model provides information not available to the previous algorithms
mentioned above. Specifically, we can evaluate the partial scores of matching and
aligning any groups of spin systems with any portions of the primary sequence. In
addition, they? interpretation of the scores provides an upper bound for the score of
the correct mapping. Finally, the search space can be characterized in terms of the
probability of missing the mapping that generated the data. Thus we can prune the
search space in a statistically sound manner, discarding from further consideration
partial solutions not worth completing.

The probability model allows our algorithm to handle larger spaces of candidate
mappings than what has been previously found tractable. In particular, it provides
a general, consistent treatment of entirely missing spin systems. Other algorithms
only consider a missing spin system when no other matching can be found. This
results in an arbitrary unequal treatment of the spin systems, as a plausible match
can sometimes be successfully substituted by a match with a missing spin system.
We propose an algorithm which handles all positions and all spin systems in a sym-
metric way. It examines the possibility of a missing spin system at any position
in the sequence, and limits the search space only by a maximum allowable num-
ber of missing spin systems. A penalty (Eqg. 4) discourages mappings with many
missing chemical shifts, and therefore entirely missing spin systems will not appear
at every position in the sequence. For most positions for which there are possible
spin systems, the scores of matching and aligning are better than the corresponding
penalty, and therefore a missing spin system will not appear plausible. Our current
approach looks for candidate mappings with the smallest number of entirely miss-
ing spin systems; a careful choice of the maximum number of missing spin systems
will be the subject of future work.

The algorithm is summarized in Fig. 4 and Fig. 5, and illustrated in Fig. 6.
Rather than performing a combinatorial enumeration of individual spin systems
and positions in the primary sequence as is typically done, our algorithm works
at a coarser grain: it uses connected spin systems (which watcalidg, and
subsequences of the primary sequengmdows. It starts with an initialization
step (Fig. 4(l) and Fig. 6(a)) that maps each observed spin system to each position in
the sequence, subject to restrictions described in Sec. 2. A placeholder representing
an entirely missing spin system is also mapped to each position. The next step
(Fig. 4(l1) and Fig. 6(b)) of the algorithm sets up the coarser-grained data structures
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for the search. It grows windows with strands sequentially starting from the first
position. Specifically, the step starts by examining all possible strands that can be
mapped to the first two positions, then proceeds by examining the strands that can
be mapped to the first three positions, and so forth moving sequentially towards
the end of the protein. Since the number of strands grows combinatorially with
the number of positions examined, an execution parameter controls the maximum
number of strands that can be mapped to a same set of positions. Every time the
number of strands reaches the limit, the growth of the current window is stopped,
and a new set of strands and a new window are started from the following position.
Therefore, by design, the windows do not overlap and the number of strands in the
windows is approximately equal and never exceeds the specified limit.

Not all the strands constructed during step Il are kept at the end of this step.
For example, a strand that is guaranteed to produce a poor score in combination
with any other strand from the remaining windows (called “outer strands” in the
pseudocode) can be discarded. Similarly, one can discard a strand which, in combi-
nation with other strands, will exceed the pre-specified limit on number of missing
spin systems. Furthermore, the step introduces a parametich provides an
additional constraint on evaluation of partial mappings. Specifically, if the score of
a strand exceeds th:quantile of the corresponding’ distribution, the strand is
rejected. These criteria for a valid merge are summarized in Fig. 5.

Step Il reduces the search space of candidate mappings. The last stage of the al-
gorithm (Fig. 4(lll)) performs an exhaustive depth-first search of the reduced space
by merging the strands in the windows. This can be done sequentially starting from
the first window, but a careful choice of the order of merging can greatly improve
the execution time.

The parameters in Definition 1 ands in Step Il jointly limit the search space
of candidate mappings. By using the conservative Bonferroni correction to mul-
tiple comparisons (Hochberg and Tamhane, 1987), the probability of rejecting the
correct mapping for at least one position is at m@3t + 1)« + 2R3. Therefore,

« and can be chosen to control the familywise error rate at the desired level. Al-
ternatively, one can undertake a more aggressive approach and chaonde’ to
control the False Discovery Rate (i.e. the expected proportion of positions at which
the correct mapping is rejected) (Benjamini and Hochberg, 1995). We believe that
in this problem, the Bonferroni correction is superior to the FDR-controlling ap-
proach for two reasons. First, it is desirable to make as few incorrect rejections as
possible at all positions in the sequence, and the familywise Bonferroni correction
is an appropriate metric for that. Second, the Bonferroni correction is computation-
ally inexpensive and results in a larger space of candidate mappings. Therefore,
computational effort is used to explore alternative mappings rather than to calculate
the FDR-based rejection thresholds.
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Input:
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Positionsj in the primary sequence.

Meansf); and varianceX; of prior distributions of resonances at each posit
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Consistency parameter.

Maximum number of entirely missing spin systems.

Probability 3 limiting the search space.
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Maximum number of strands mapped to a window.
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Consistent mappings of spin systems to windows, as defined in Sec. 3.2.
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II' Construct windows.
Let positionj iterate through the primary sequence:

(@) If j =1, or residuej — 1 is a proline, or the number of strands mapp
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strands mapped to the new window are simply the spin systems mg
to j in the table.
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systems mapped tpin the table and keeping only consistent extensi
(Fig. 5).
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Figure 4. Algorithm for exhaustive search for candidate mappings.
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Input:

Output:

Algorithm:

A

Positionj in the primary sequence.
Strand ending witk}” and mapped to window ending Aat- 1.
Strand starting withkx; and mapped to window beginning At

Parameters;, 3, max missing, andnazS from Fig. 4.

Is the merge of the input strands valid?

The merge is not valid if at least one of the following conditions holds:

Score of matching;’ to x; exceedsy, 2 (a, dmatch)-
Score of mapping;’ andx; to position; exceedsy, 2 (c, dmap)-
Joint score of matching and mapping exce@gdsa, dmqich + dinap)-

Total score of the merged strand mapped to the combined window ex
qX2 (ﬁy dtotal)-

. Number of missing spin systems in the strand plus the minimum numb

missing spin systems in outer strands exceeds the limit.

. Total score plus the minimum score in outer strands exceeds +2 log(25).

ceeds

er of

Figure 5: Algorithm for testing a merge between two strands in adjacent windows.
A single spin system mapped to a position in the sequence is considered as a strand

of size one

mapped to a window of size one.
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@) (b)

Figure 6: (a) Initial table mapping spin systems (lines) to positions in the primary
sequence (circles). Circled lines are placeholders for entirely missing spin systems.
(b) Strands of consecutive spin systems (lines). Circles on the lines represent place-
holders for the entirely missing spin systems within the strands. Each strand covers
a window in the primary sequence.

5 Results

5.1 Data example

We illustrate our inferential procedure for resonance assignment in application to
two proteins, Human Ubiquitin and the single-stranded DNA-binding cold-shock
protein A (CspA) fromEscherichia coli Human Ubiquitin is a 76 amino acid
residue protein used as a benchmark in many NMR studies. The data set containing
peaks from 7 through-bond experiments and providing connectivity information
for C*, C? and C resonance types is publicly available from the Ubiquitin NMR
Resource Web Page (Harris, 2004). We manually compiled the spin systems from
the observed peaks. Two expected spin systems were missing, and no extra spin
systems were detected. The correct mapping of the spin systems to positions in the
sequence is the one deposited in the database, and we will refer to it as the reference
mapping.

The single-stranded DNA-binding cold-shock protein A (CspA) frRmcoli
is a small-sheet protein composed of 70 residues. NMR data are provided as a
test for the AutoAssign program (Zimmerman et al., 1997), and include peak lists
from eight through-bond NMR experiments yielding connectivity information for
Cv, C?, and H'. One of the experiments involves thé i€sonance type. AutoAs-
sign compiles the resonance peaks into spin systems and finds assignments for all
non-proline residues except for the first two. In addition, AutoAssign detects four
extra spin systems due to noise. AutoAssign determines an assignment by matching
and aligning the spin systems to positions in the sequence, and yields one complete
mapping. In the following, that mapping is considered as the reference mapping. It
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is not possible to compare the solutions obtained by our approach for CspA to the
corresponding entry in the database as our method does not handle errors in com-
pilation of the spin systems. In this section, we analyze the uncertainty associated
with the positions 3—70 assigned by AutoAssign. We investigate the impact of the
two missing spin systems in the following section.

Throughout this section, we assume that the match tolerances used by AutoAs-
sign are approximately 3 times the standard deviations of the underlying resonances
for both proteins. This corresponds approximately to the standard deviation of
peaks mapped to a common source by the reference mapping. We select the prior
distribution foru by assuming theia priori independence across resonance types,
and by using the means and variances of the protein chemical shifts in the BioMa-
gResBank (Seavey et al., 1991) as parameter estimates. The statistics provided by
the database are computed on the basis of entries with no outlying observations.
We ignore the H and N resonance types as they do not provide connectivity infor-
mation and have little discriminatory power for alignment. Parameteasd 5 in
the assignment algorithm were chosen to set the overall probability of rejecting the
correct assignment to be at most 0.05. The assignment program was executed using
a 2 GHz PowerPC G5 with 2 GB of memory.

Assignment results for Ubiquitin yield the reference mapping as the only can-
didate mapping consistent with the data. This demonstrates that the data set for this
protein has an extremely high information content, and no uncertainty is associated
with the assignment.

Assignment results for CspA yield three candidate mappings, including the ref-
erence mapping. The posterior distribution of the three selected mappings is shown
in Fig. 7(a). The distribution is sharp and favors the mapping with the highest poste-
rior probability. This indicates high information content in the data. The candidates
are overall plausible with p-values of the corresponding score functions greater than
0.9. The reference mapping has the second largest posterior probability, but the
largest number of non-missing resonances. Since the original mapping was ob-
tained using a different scoring function, we do not expect it to be the most likely
a posteriori Most spin systems are uniquely mapped to positions in the primary
sequence, and the selected mappings differ in at most 3 positions. Fig. 7(b) details
the alternative mappings. The alternatives are due to plausible mappings of extra
spin systems to positions 20—-22. The posterior standard deviations of the estimated
resonance values for the*@esonance type are shown in Fig. 7(c). The posterior
standard deviations at the unambiguous positions are equal to the assumed exper-
imental precision. However, the posterior standard deviations at positions 20-22
are high, indicating uncertainty in this region. This ability to uncover uncertainty
is a key advantage of our approach over traditional optimization-based approaches
which provide only a single best mapping.
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Figure 7: Assignment of CspA. (a) Posterior distribution of the selected mappings.
z-axis: rank of mappingy-axis: posterior probability. Labels under the bars show

the number of positions in the sequence which distinguish the mappings from the
one with the highest posterior probability. The reference solution has the second
highest posterior probability. (b) Mappings of the observed spin systerasis:

residue positiony-axis: original mapping of the spin system with AutoAssign.
Spin systems above the horizontal line are considered as extras by the original as-
signment. Unambiguous mappings are shown with black dots. If a spin system is
unambiguously mapped to the same position as in the reference solution, the dot
appears on the diagonal, at the coordinate for its position in the sequence. Unam-
biguous mappings are shown with red crosses. In this figure, three spin systems that
were considered extras by the reference assignment can be mapped to positions 20—
22. The crosses show the alternative assignments at these positions. (c) Posterior
standard deviations of estimated €sonancesz-axis: residue positiony-axis:
posterior standard deviation (in units of chemical shifts). Execution time 20 sec.
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5.2 Simulation study

In order to demonstrate the importance of inference for resonance assignment, we
investigated the impact of the choices of experimental design and non-systematic
sources of noise. In the following, we systematically perturb the observed spin
systems of CspA and study the effect of these modifications on the assignment.

Experimental design.An experimentalist has some control over spectral reso-
lution and experiment types. To study an effect similar to that of lower resolution,
we added Gaussian noise to the observed resonances; the standard deviation of the
noise is twice the assumed standard deviation of the data. As can be seen in Fig. 8,
deterioration in the experimental precision results in a larger number of plausible
mappings. The posterior distribution is less sharp and indicates a decrease in the
information content. In addition, the overall plausibility of the selected mappings
decreased. The score of the least likely of the selected mappings has a p-value of
0.53. More positions have ambiguous mappings of spin systems. However, the
ambiguity in mappings does not necessarily result in ambiguity in the estimated
resonances. For example, ambiguous mappings at positions 26—-27 and 40 do not
increase the uncertainty at these positions. Because of the reduced experimental
precision, the standard deviations of unambiguous mappings are larger than in the
original case.

Fig. 9 demonstrates the effect of discarding the chemical shifts of tlemd
C” resonance types. As shown in the figure, more mappings are plausible than in
the original assignment. All of the selected mappings are overall plausible with p-
values of their scores exceeding 0.9. Alternative spin systems are mapped to three
areas in the primary sequence, namely 4—-7, 19 and 70. The estimated resonances at
positions 4—7 and 70 should be considered as uncertain according to the posterior
standard deviations.

Non-systematic noiseThe presence of extra and missing observations cannot
be predicted in advance. Fig. 10 investigates the effect of extra observations by
adding spin systems from a sequential segment of 20 positions of a different pro-
tein. A large number of extras can arise when, for example, a contaminated sample
is used, or when the protein has a second minor conformation. As can be seen from
Fig. 10, the assignment procedure selects one additional mapping containing an ex-
tra spin system. All mappings are plausible with p-values of their scores exceeding
0.9.

Next we study the effect of missing chemical shifts. Fig. 11 shows that removing
observed resonances with a probability of 0.1 deteriorates the information content
in the data and produces more plausible mappings. The alternative mappings at
positions 25-26 have little impact on the estimated resonances.

Finally, we investigate the impact of entirely missing spin systems on the un-
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Figure 8: Assignment of peaks with reduced experimental precision. The reference
solution has the second highest posterior probability. Execution time 28 sec.
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ent protein. The reference solution has the second highest posterior probability.
Execution time 1 min 23 sec.
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Figure 12: Assignment after adding two first positions in the sequence and intro-
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51 and 57 indicate that a missing spin system can be successfully mapped to these
positions. The reference solution is not selected. Execution time 3 min 29 sec.
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UBIQUITIN CsPA, POSITIONS3-70
CONDITION MATCHES | SoLs | TIME MATCHES | SoLs | TIME
ORIGINAL 7847 1 0:20 10689 3 0:20
PrIOR 7147 1 0:10 9602 2 0:02
UseN 8054 1 0:24 10509 3 0:20
No C’ 10874 2 1:14 10319 4 0:01
DOUBLE SD 8068 1 0:46 10594 9 0:20
Miss10% 15757 2 113:03 14310 6 0:08
EXTRA 20 13968 4 0:56 15912 4 1:23
CsPA, POSITIONS1-70
CONDITION || MATCHES | SoLs | TIME
ORIGINAL 10912 15 3:29
PrIOR 9815 20 3:41
UsSeN 10723 8 6:11
No C 10539 30 3:50
DOUBLE SD 10961 18 4:03
Mi1ss10% 12998 25 14:25
EXTRA 20 16180 10 106:42

Table 1: Assignments for simulated data with various complexity. The simulations
were conducted under the following conditions: RIGINAL — the original data;
PrRIOR — after modifying the prior distribution ofi; USE N — including the N
resonance type; 8C’' — excluding Cresonance type; DUBLE SD — after adding
noise to the observed data; 186 10% — after randomly removing the observed
chemical shifts with probability 0.1; ¥rrRA 20 — after introducing 20 spin systems
from a different protein. MTCHES denotes the number of consistent pairwise
matches across all positions in the sequenceoLsSs the number of consistent
mappings found. TME is the execution time in min:sec.
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certainty in resonance assignment. To this end, we now consider the entire CspA
sequence (positions 1-70), and introduce the possibility of 2 entirely missing spin
systems. Our assignment algorithm treats all positions in the sequence the same,
and considers a missing spin system at any position. As can be seen in Fig. 12, the
presence of entirely missing spin systems can have a dramatic negative effect on
the uncertainty in the assignment. We find 15 mappings consistent with the data, all
with p-values greater than 0.9. This large number of candidate mappings is clearly
due to the presence of the missing spin systems: an entirely missing spin system
can be successfully mapped to 10 different positions in the sequence and still yield
a complete mapping. The reference mapping is not selected since there exist highly
plausible solutions with a non-missing spin system mapped to the second position.
The alternative mappings result in uncertainty in two additional areas in the protein
sequence.

Dependence of inference on the available informationTab. 1 summarizes
the simulations discussed in this section, as well as other simulations conducted
using Human Ubiquitin and CspA. The first two lines in the table summarize the
assignment of the same data under two prior distributions. The original assignment
was completed by assuming independence of resonance types and by using the
statistics from the BioMagResBank (Seavey et al., 1991) as described in Sec. 3.1.
The second line, denotedrPOR, uses the prior distributions in (Marin et al., 2004)
obtained by taking into account the redundancy in the database and the correlation
structure across resonance typesSeN and No C' show the impact of respec-
tively introducing N or removing C DOUBLE SD, MiIss10% and ETRA 20
show the impact of alterations to the dataset by respectively reducing the experi-
mental precision, randomly deleting the observed chemical shifts with probability
10%, and introducing 20 extra spin systems. As can be seen, Human Ubiquitin has
a very high information content despite the presence of two entirely missing spin
systems. Modifications of the assignment conditions have very little effect on the
uncertainty. The original data set has only one mapping consistent with the data,
and the same result would be obtained by a procedure maximizing an appropriate
scoring function. Assignment of CspA, positions 3-70, represents a case of mod-
erate information content. The uncertainty in the assignment can be affected by
the assignment conditions and by artifacts in the data. CspA, positions 1-70, is a
case of relatively low information content. It can be characterized by sensitivity to
the assumptions and to the experimental conditions. Therefore, great care must be
applied when selecting the assumptions and designing the experiments. Due to the
stochastic variation in the data, an incorrect assignment may appear optimal. Itis
dangerous in this case to use a procedure optimizing a scoring function, and not to
consider the plausible alternatives.

The information content in the data can also be characterized by the size of the
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search space of candidate mappings. One such measure of the space is the number
of consistent pairwise matches mapped to positions in the sequence, as shown in
the column MTCHESIn Tab. 1. As can be seen, the size of the space increases
with the noise, and the increasing search space has a direct effect on the execution
time. The assignment algorithm is fast for up to moderate-sized search spaces, but
slows down precipitously for larger ones.

6 Comparison to prior work

The development of automated methods for backbone resonance assignment has
recently become an active area of research (Moseley and Montelione, 1999). In this
section, we briefly describe some of the existing methods and contrast them with
our model-based approach. We note that, like many existing methods (Andrec and
Levy, 2002; Buchler et al., 1997; Coggins and Zhou, 2008ntért et al., 2000;
Hitchens et al., 2003; Wan et al., 2003), we take spin systems as the input data.

Assessment of uncertainty The main contribution of this paper is a formal
approach to assessment of uncertainty in backbone resonance assignment. Most
existing methods (Atreya et al., 2000; Coggins and Zhou, 2003; Zimmerman et al.,
1997; Wan et al., 2003) view assignment as a deterministic optimization problem.
They yield a single mapping of the observed spin systems to positions in the se-
guence, and provide no assessment of uncertainty associated with the result. Such
optimization procedures are appropriate when the data set is extremely informative,
and when no plausible alternative to the “best” candidate mapping exists. However,
as demonstrated here, as well as in other cases we have studied, several candidate
mappings are generally plausible. One must take this uncertainty into account in
order to obtain reliable assignments and avoid erroneous conclusions.

Some approaches, in particular those that search for mappings using stochas-
tic optimization techniques, yield sets of candidate mappings (Bartels et al., 1997,
Buchler et al., 1997; Hitchens et al., 2003). If the same spin system is always
mapped to a particular position in the sequence, then they consider the chemical
shifts at the position to be certain; else they consider the chemical shifts uncertain.
The methods make no distinction between uncertainty in mapping spin systems,
and uncertainty in determination of chemical shifts. As discussed in Sec. 3.3, this
approach does not correctly represent the uncertainty because 1) alternative spin
systems may have similar values, and 2) the relative weights of the mappings other
than the “best” one may be small. The methods use score functions which do not
have a probabilistic interpretation, and therefore the relative importance of the can-
didate mappings is difficult to judge. Mappings just slightly worse than the best
mapping found can be overlooked. Consequently, inference of the unknown chem-
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ical shifts cannot be carried out.

A distinctive feature of our approach is that a probability model of sources of
noise is an integral part of the assignment procedure. A global scheme of scoring,
and a penalty for missing observations, allow us to directly compare assignments,
and therefore perform inference regarding the unknown chemical shifts. In ad-
dition, the probabilistic interpretation of the score enables us to characterize the
information content in the data and the overall plausibility of a candidate mapping.

Finding the candidate mappings Our probability model enables a unique ap-
proach to finding candidate mappings. Specifically, one can assess not only the
plausibility of a spin system at a position in the sequence, but also of any partial
mapping of groups of spin systems. The plausibility of a partial mapping (and the
implications for the plausibility of a completed assignment) has not been previously
used by any other assignment procedure. This results in a significant reduction of
the search space, and therefore allows an exhaustive search of candidate mappings
on problems which were not tractable by previous exhaustive search methods. Fur-
thermore, the ? interpretation provides an estimate for the upper bound on the total
score of the correct assignment, and the penalty allows a meaningful comparison of
mappings with different numbers of missing observations.

Matching spin systems.All existing methods define the total score as the sum
of the individual contributions, and thus implicitly assume independence of the ob-
served chemical shifts across positions in the sequence and across resonance types.
Furthermore, by employing constant match tolerances (Atreya et al., 2000; Andrec
and Levy, 2002; Coggins and Zhou, 2003) or constant parameters for bell-shaped
functions that score matches (Bartels et al., 1997; Buchler et al., 1997; Hitchens
et al., 2003; Zimmerman et al., 1997), all methods implicitly use the assumption
of constant variance of chemical shifts. Some algorithms progressively increase
match tolerances when no match is found under a given tolerance (Atreya et al.,
2000), resulting in an arbitrary, unequal treatment of spin systems. We follow the
existing approaches by assuming constant experimental variance of the observed
chemical shifts, but use a flexible Normality-based scoring function which consid-
ers the plausibility of a matgointly for all resonance types. Therefore, a relatively
loose match of one resonance type can be considered plausible if it is compensated
for by very tight matches of the other resonance types. The parametatrols the
overall quality of an acceptable match, and has a probabilistic interpretation which
is not available to the other methods.

Aligning spin systems. Some previously developed methods (Atreya et al.,
2000; Andrec and Levy, 2002; Coggins and Zhou, 2003) characterize amino acid
types in terms of plausible ranges of the corresponding chemical shifts. The use of
such ranges implies the assumption of uniformly distributed resonances within an
amino acid type, and is in contradiction with the observations in the BioMagRes-
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Bank. Most other methods (Bartels et al., 199un€rt et al., 2000; Hitchens et al.,
2003; Zimmerman et al., 1997) use a Normal characterization of the chemical shifts
deposited to a database. In particular, the program Mapp@nté& et al., 2000)

uses an alignment score aptlinterpretation almost identical to ours. The score can

be derived from our Bayesian standpoint under the assumption that the resonance
types area priori independent. However, Mapper assumes pre-compiled chains of
spin systems as the input, and is not concerned with the quality of matching the
spin systems. It provides no formal method for statistical inference. Our approach
provides a unifying scoring system for aligning and matching, and is capable of
incorporating any Normality-based characterization of the prior distributions.

7 Discussion and future work

To the best of our knowledge, our approach is the first to provide formal statistical
inference for backbone resonance assignment. We quantify the uncertainty in the
assigned chemical shifts in terms of their posterior standard deviations. We also
characterize the information content in the data with a posterior distribution for the
set of candidate mappings, and by comparing the scores of the mappings to the
corresponding? distribution. The method is fully automated and does not require
human intervention. It is capable of incorporating different prior characterizations
of chemical shifts and different experimental variances. It requires only two tuning
parametersy and, which control the search space of candidate mappings and are
easily interpretable.

We believe that quantification of uncertainty is the key for producing reliable
automated assignments. The use of a single candidate mapping with no quantifica-
tion of uncertainty can result in false optimism in the quality of reported chemical
shifts. This may lead to erroneous conclusions which in turn may propagate and ac-
cumulate through subsequent stages of NMR-based analyses. Reporting posterior
standard deviations of the determined chemical shifts will help prevent such errors.
Specific applications of the results of our method include the following. 1) Use
only the assigned chemical shifts for which the posterior standard deviations are
close to the experimental precision. 2) Design additional NMR experiments based
on the posterior standard deviations of chemical shifts, e.g. using isotopic labeling
techniques to probe uncertain residues or residue types, or conducting experiments
that focus on the resonance types containing most of the uncertainty. 3) Report
posterior standard deviations of chemical shifts when depositing NMR assignments
in public databases, so that entries are annotated according to their uncertainty and
the underlying information content. For example, all things being equal, the distri-
butions will help distinguish between an assignment based on, say, ten resonance
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experiments versus one based on just three, or between assignments obtained with
different spectral resolution. 4) When a single candidate mapping must be used,
assess the posterior distribution of the mappings in order to determine the relative
support for the best mapping. At the same time, the score of that mapping will help
judge its quality of fit with the data.

We plan to improve our method in a number of ways.

1. The space of potential mappings is combinatorially large, and the complexity
of the problem grows exponentially with the protein size. Therefore, even the
most efficient algorithms for exhaustive search are limited in their use. Infer-
ential algorithms employing stochastic search are needed in order to explore
large spaces of candidate mappings.

2. The input data for the probability model is a set of pre-compiled spin sys-
tems, assumed to be correctly and unambiguously compiled. In some situa-
tions, however, compilation of spin systems can be a non-trivial task that is
itself subject to random variation. The ambiguities will result in a dramatic
increase in the search space of candidate mappings that cannot be handled by
the current methodology. The approach must be extended in order to handle
these very large spaces.

3. The probability model is based on the assumption of constant variance of res-
onances associated with the observed spin systems. However, the resonances
are obtained using a variable number of peaks in the spectra. The quality of
the observed peaks varies, and so does the uncertainty associated with their
locations. The assumption may be relaxed in future work by careful modeling
of the noise associated with individual peaks.

4. The current approach considers the candidate mappings with the minimum
number of entirely missing spin systems. However, the penalty (Eg. 4) brings
to a common scale mappings with any number of missing spin systems, and
mappings with more missing spin systems can in principle have higher pos-
terior probabilities. More research is needed in order to select an appropriate
maximum allowable number of entirely missing spin systems.

5. Additional information, e.g. regarding the secondary structure of the protein,
can help reduce the search space of candidate mappings, as well as the un-
certainty associated with the assigned chemical shifts. Researchers have at-
tempted to incorporate this information by meangdictionof secondary
structure elements (Wan et al., 2003). However, assessment of uncertainty in
the assigned chemical shifts in this case must incorporate the uncertainty in
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the prediction. More work is needed to correctly assess the uncertainty in this
case.

The program for inferential assignment, written in Java, is a work in progress.
The current version can be freely obtained for academic use by request from the
authors.
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