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Abstract

Characterization of proteins using NMRmethods begins with assignment of resonances to specific residues. This
is usually accomplished using sequential connectivities between nuclear pairs in proteins uniformly labeled with
NMR active isotopes. This becomes impractical for larger proteins, and especially for proteins that are best
expressed in mammalian cells, including glycoproteins. Here an alternate protocol for the assignment of NMR
resonances of sparsely labeled proteins, namely, the ones labeled with a single amino acid type, or a limited
subset of types, isotopically enriched with 15N or 13C, is described. The protocol is based on comparison of data
collected using extensions of simple two-dimensional NMR experiments (correlated chemical shifts, nuclear
Overhauser effects, residual dipolar couplings) to predictions from molecular dynamics trajectories that begin
with known protein structures. Optimal pairing of predicted and experimental values is facilitated by a software
package that employs a genetic algorithm, ASSIGN_SLP_MD. The approach is applied to the 36-kDa luminal
domain of the sialyltransferase, rST6Gal1, in which all phenylalanines are labeled with 15N, and the results are
validated by elimination of resonances via single-point mutations of selected phenylalanines to tyrosines.
Assignment allows the use of previously published paramagnetic relaxation enhancements to evaluate
placement of a substrate analog in the active site of this protein. The protocol will open the way to structural
characterization of the many glycosylated and other proteins that are best expressed in mammalian cells.

© 2019 Elsevier Ltd. All rights reserved.
Introduction

NMR structural studies of uniformly 13C/15N-labeled
proteins larger than 40–60 kDa are challenging even
when perdeuteration is used to enhance resolution
and sensitivity. For glycosylated proteins, which are
often expressed in mammalian cell culture to produce
native-like glycosylation, perdeuteration is not possi-
ble; even structural studies of 20- to 30-kDa protein are
then challenging. Moreover, uniform isotopic labeling
inmammalian cellswith 13Cand 15Ncanbe costly as a
mix of isotopically labeled amino acids, as opposed to
isotopically labeled metabolic substrates, such as
glucose and ammonium chloride, must be supplied.
An economically viable alternative exists, namely,
sparse labeling using a single or small subset of
isotopically labeled amino acids [1,2]. Sparse labels
can provide long range structural constraints through
paramagnetic perturbations of resonance positions
r Ltd. All rights reserved.
and intensities, as well as orientational constraints
from residual dipolar couplings (RDCs) [3–5]. These
constraints, along with chemical shift perturbation on
interaction with other entities, can often be used to
position ligands in binding sites and assemble proteins
inmulti-protein complexes [6,7]. However, resonances
must still be assigned to specific sites in proteins, and
this must now be done without the aid of the triple
resonance experiments usually applied to uniformly
labeled proteins [8].
We recently introduced a strategy for resonance

assignment of sparsely labeled proteins that relies on
acquisition of nuclear Overhauser effects (NOEs),
RDCs, and chemical shifts; all parameters measured
directly from, or through modulation of, crosspeaks
seen in basic two-dimensional heteronuclear single
quantum coherence (HSQC) or multiple quantum
coherence spectra. The strategy was implemented in
a program package, ASSIGN_SLP, that employed a
Journal of Molecular Biology (2019) 431, 2369–2382
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genetic algorithm to optimize pairing of specific
spectral crosspeaks with specific protein sites using
scores that compare experimental measurements of
these parameters to predictions based on prior
structural information, primarily from a single x-ray
structure. The package was tested on a set of four
small non-glycosylated proteins having known struc-
tures and crosspeak assignments, as well as a small
glycoprotein [9]. It was subsequently applied to a
larger non-glycosylated and perdeuterated protein, for
which only the structure of isolated domains was
known [10]. While the general approach showed
success with smaller systems, it became clear that for
larger systems, factors in addition to the technical
aspects of associating predictions with experimental
measurement would have to be considered. These
include degeneracies in data that increase with the
number of labeled sites, the greater probability of
internal motion affecting observables and the more
extensive spin–spin interactions that occur in larger
proteins.Here, we introduce anapproach that predicts
parameters from molecular dynamics (MD) trajecto-
ries, as opposed to single structural snapshots from x-
ray structures, to better account for effects internal
motion and spin–spin interactions on predicted param-
eters. It also uses an improved procedure for identifi-
cation of high-confidence assignments in the presence
of data degeneracy. This approach, now embodied in a
software package entitled ASSIGN_SLP_MD, proves
useful in providing key assignments for a challenging
36-kDa glycoprotein, the luminal domain of rST6Gal1
(hereafter just rST6Gal1).
ST6Gal1 is a sialyltransferase that adds a sialic acid

to the terminal galactose of N-linked glycans of many
glycoproteins and is therefore of importance in
mammalian physiology [11]. The bond it forms is from
the 2-carbon of sialic acid to the 6-oxygen of galactose,
as opposed to the 3-oxygen of galactose. The
specificity of the hemagglutinin of the avian influenza
virus for the 2–3 linkage, foundonglycans in the human
gut, but seldom in the upper respiratory tract, is what
restricts the transmission of bird flu to humans [12,13].
Levels of 2–6 linked sialic acid also rise in certain types
of cancer, and there is significant effort devoted to
understanding the possible role of sialylation in this
disease [14,15]. A decade ago, we began an NMR-
based structural study of rST6Gal1 [16]. At the time,
there were no crystal structures of ST6Gal1, or any of a
close structural homolog. Using a sparse labeling
approach in which all phenylalanines were labeled with
15N, we demonstrated adequate resolution and sensi-
tivity to detect HSQC crosspeaks from all 16 phenyl-
alanine amide protons in the construct. Using a
paramagnetic analog of the sialic acid donor (CMP-
sialic acid), in which carboxy-TEMPO replaced the
carboxyl-carrying sialic acid, we also showed that 4 of
the 16 crosspeaks lost significant intensity. Based on
an expected 1/r6 distance dependence of intensity
loss, this number was deemed consistent with the
number of phenylalanines in peptide segments be-
lieved to form the active site. However, in the absence
of assignments, we were unable to use the paramag-
netic constraints to dock the donor analog in the active
site of a homology model. In 2013, two x-ray structures
appeared [17,18], one of the rat enzyme on which our
NMR work had been done [18]. With this structure in
hand, along with previously collected RDC data, newly
collected 1H–1H NOE data, and our new sparse label
assignment strategy, we have proceeded with assign-
ments of a new construct of rST6Gal1, isotopically
labeled with 15N in all phenylalanines. A subset of the
assignments are validated using a limited set of
mutants in which single phenylalanines are changed
to tyrosines, and then the assignments are used to
place a sugar donor analog in the active site of
rST6Gal1 in a manner consistent with paramagnetic
perturbation data.
Results

Program development

The ASSIGN_SLP_MD package is a collection of
programs, primarily MATLAB scripts, that accepts as
input a user-supplied MD trajectory, one or more files
with experimental NOE peak lists (or NOE vectors
derived from NOE strip plots), a file with 1H chemical
shifts for labeled sites, a file with 15N or 13C chemical
shifts for labeled sites and one or more files with RDC
lists. Each of the files endswith a list of error estimates
modified by weights for the specific data type. As
success is very dependent on having adequate
amounts of experimental data, it is recommended
that at least oneNOE file or oneRDC file, in addition to
chemical shifts, be present. Predicted data are
appended to experimental files by scripts that call
other programs to make these predictions. PPM [19]
or SHIFTX2 [20] are used to predict chemical shifts
averaged over frames of the trajectory. In the case of
NOEs, a new version of our MD2NOE program,
MD2NOE_Protein, is called; it uses the trajectory
directly to make NOE predictions, taking into account
the effects of internal motion and the extended
interactions among multiple proton spins [21,22]. In
the case of RDCs, trajectories are used to calculate
order parameters, which measure the amplitude of
rapid variations in 1H–15N or 1H–13C bond orienta-
tions relative to the molecular frame, and produce
coordinates for an average bond orientation; these in
turn are used to adjust motionally averaged experi-
mental RDCs to a rigid equivalent and back-calculate
predicted RDCs for each trial assignment using an
algorithm similar to that in the REDCAT program [23].
A master script then calls a genetic algorithm that
begins with a randomly generated set of assignments
(each “gene” being a list of 16 crosspeaks assigned to
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16 different sites in our case). It calculates scores for
each list based onanobjective function that compares
predicted and measured data, and it uses a series of
runswith different crossover andmutation rates tomix
assignments among the best scoring lists (genes) in
an attempt to find an optimal assignment. Solutions
with scores below a user-specified maximum are
saved and latter analyzed by scripts that order output
in terms of increasing scores and generate a heatmap
showing the frequency of assignment of each cross-
peak to each residue.
At the heart of the program is the objective function

used in the genetic algorithm search for an optimal
assignment. Initially, this was defined as the sum of
RMSDs between measured and predicted values,
divided by estimated errors (predicted plus observed
standard deviations), for all data types except NOEs.
The RMSDs minimize as agreement between mea-
surements and predictions improves, as required for
a well-behaved objective function. NOEs were treated
differently because they are not representedbya single
number, but by a series of intensities at the chemical
shifts of NOE donating protons (actually a vector
representation of a strip-plot from a 3D NOESY
spectrum). A Pearson correlation coefficient (R-value),
which is a common way of assessing the similarity of
two vectors was used to compare predicted and
measured NOE vectors. The total NOE score, consid-
ering NOE vectors emanating from all crosspeaks, was
then given as (1 −R)2, as opposed toR2, divided by an
estimated error, since R would go from 1 for perfect
correlation to −1 for complete anti-correlation.

New additions

The primary improvement in ASSIGN_SLP_MD
comes from using, not just a single snap-shot of a
protein structure as typically exists in a crystal structure,
but from using long MD simulations (~1 μs) to capture
some of the effects of conformational averaging. This is
not new in principle; MD simulations have been used
previously to improve chemical shift prediction [19] and
to provide order parameters which aid in interpretation
of spin relaxationdata [24], but theyhavenot beenused
routinely. Until a few years ago, a 1-μsMD run on a fully
solvated protein, the size of rST6Gal1would have been
considered impractical. However, advances in compu-
tational hardware are now putting this timescale within
reach of many laboratories. Our simulation of ST6Gal1
began with a crystal structure of the rat enzyme under
conditions where neither donor nor acceptor was
present (PDB ID 4MPS) [18]; these conditions match
the conditions under which experimental data were
collected. Unfortunately, this structure is missing a loop
from 354 to 362 that contains 2 of the 16 phenylala-
nines. This loop was added directly from a structure of
the homologous human protein inwhich the nucleoside
portion of the donor was present (PDB ID 4JS1) [17].
The run required about 2 weeks on two GPUs running
the PMEMD module of AMBER 14 [25]. Additional
details are included in Materials and Methods.
The effect of using an MD simulation to improve

prediction of RDCs is substantial. RDCs provide
information on bond vector orientations (1H–15N
bonds in our case) relative to a molecular alignment
frame, but in the presence of internal motions that
rapidly reorient these vectors, measured RDCs are
reduced from their rigid limit (scaling by 1.0) to values
scaled by the same order parameters that affect spin
relaxation measurements. Dividing experimental
RDCs by MD-derived order parameters scales values
up to rigid equivalents that can easily be compared to
predictions made during the genetic algorithm search.
Order parameters for two of the residues within
rST6Gal1, F132, and F356 are particularly small with
values of 0.51 and 0.59, respectively.
While the use of the MD trajectory to better

approximate RDC data proves valuable, the potential
impact of usingMD-based predictions ismost dramatic
in the case of NOEs. Our initial application to small
proteins used an assumed 1/r6 distance dependence
and distances extracted from crystal structures to
predict NOE intensity contributions from each potential
donating proton for each crosspeak. Chemicals shifts
of donating protons were predicted by PPM_One [26],
and predicted intensities were centered on these
shifts, but spread over a region reflecting the uncer-
tainty in prediction, to generate predicted NOE vectors
[9]. For larger proteins and proteins having more
internal motion, the 1/r6 assumption breaks down for
two reasons. First, for internal motions that are fast
compared to molecular tumbling, motional averaging
depends on 1/r3 (plus an angular term), not 1/r6.
Second, spin-diffusion effects, which are particularly
prevalent in large proteins, make long-distance trans-
fers by indirect mechanisms important. Direct calcula-
tionof correlation functions fromanMD trajectory takes
care of the former problem [27]. Use of a “complete”
relaxation matrix takes care of the latter problem [28].
As a case in point, assuming a 1/r6 dependence, the
ratio of NOEs for the amide proton of F208 in rST6Gal1
on inversion of neighboring proton HD1 on its phenyl
ring and inversion of neighboring proton HB3 on its
β-carbon would be 4.7. Using the programMD2NOE_
Protein [21,22], that incorporates both correlation
function calculations and a “complete” relaxation
matrix approach, one obtains a ratio of NOEs at a
40-ms mixing time of 0.9. We use this program to
generate predicted NOE vectors in our new assign-
ment strategy. For consistency with other terms in our
objective function, NOEsarenow scored as theRMSD
of (1−R). There are, of course, othermeans of scoring
agreement of predicted NOEs with experiment that
may be considered in the future, including some based
onHausdorff distances, whichmay be less sensitive to
experimental outliers [29].
Weighting of various data types in our objective

function has also changed. In our initial application,
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various data types were simply weighted by the
inverse of an estimated error. Dividing by estimated
errors makes contributions of individual terms ap-
proach 1 when deviations approach estimated error.
With standard estimates of error, a total score equal to
the number of data types then provides a cutoff below
which any total assignment should be considered
acceptable. Becauseweareusuallymore interested in
the confidence that can be placed in the assignment of
a particular site to a crosspeak of interest (one
perturbed on ligand binding, for example) than the
assignment of all crosspeaks, we had suggested use
of a confidence score based on the frequency of
assignment of a crosspeak to one particular site within
the set of all complete assignments deemed accept-
able. We plan to keep this means of confidence
assessment. However, there are factors, other than
precision of measurements and predictions, that
should be included in the weights used in the course
of our genetic algorithm search. Factors that are not
well represented in estimates of error include what we
call “information content.” For example, degeneracies
in RDC data may arise in certain proteins (an alpha-
helical bundle) because the vectors connecting spin
pairs (15N–1H amides) may be nearly parallel. This
would reduce information content of the RDCs. Also,
missing data allow interchange of assignments re-
gardless of the precision of measurement. In this new
version, we have introduced an option that allows
weighting by information content in addition to the
inverse of an error estimate. In practice, we define this
as the variance in score relative to the square of the
range of scores for each data type and provide
MATLAB scripts that calculate weights for each data
type. In addition, scaling by the ratio of the number of
independent data points (measured values in most
cases, but measured −5 in the case of RDCs where 5
order tensor elements must be determined from the
measured values) to the number of sites to be
assigned is included automatically as a part of the
inverse of error estimates. This decreases the
importance of data types when experimental data for
particular sites are missing.

Establishing a confidence cutoff

In using any assignment program, it is important to
attach a level of confidence to the assignments made.
This can be done by first testing the program on
simulated experimental data that has been generated
by adding random errors of a known magnitude to a
predicted set. A predicted set appropriate for our
eventual application to rST6Gal1 was generated
using chemical shifts from a combination of PPM and
SHIFTX2 calculations averaged over rST6Gal1 trajec-
tory frames, using twoRDC sets from application of the
REDCAT program to a single frame from the trajectory,
and using NOEs from the MD2NOE_Protein program
as described above. A simulated experimental set was
then generated by adding random errors to chemical
shifts and RDCs, within limits that proved applicable to
the actual experimental data (see section on applica-
tion to experimental data below). For RDCs, two and
four pieces of data, respectively, were also deleted
from the two sets to mimic missing data in the actual
experiments. NOE intensities were randomly varied
within a ± 25% limit and peak positions were varied
within errors for shifts. Application of the program
ASSIGN_SLP_MD gave a best solution with an
unweighted best score of 4.1. Using an unweighted
score cutoff of 5.0 (an average contribution of 1.0 for
each of the five data types), the heatmap presented in
Fig. 1 was produced. The numbers displayed in the
heatmap are the fraction of time an assignment of a
crosspeak to the same residue is made in a set of total
assignments having scores between 4.1 and 5.0. The
residues and calculated data were not scrambled, so
the correct solutions occur on the diagonal. Note that
most of the high fractions (darker blue) occur along the
diagonal. If we choose a cutoff level of 0.50, we would
identify nine assignments as highly confident and there
would be only one false positive. Hence, this cutoff can
be associated with approximately a 90% confidence
level. Using a less conservative approach in which
errors are scaled down by two-thirds, all 16 peaks have
highly confident assignments and all 16 are assigned
correctly.

Application using experimental data

Experimental data on ST6Gal1 consisted of chem-
ical shifts from an 800 MHz 1H–15N HSQC spectrum,
NOEs from an 800-MHz NOESY–HSQC spectrum
and two sets of 900-MHz RDC data, one using
bacteriophage, and one using alkyl-ethylene-glycol
(C12E5, PEG) bicelles to orient the protein. Errors for
the chemical shifts are dominated by errors in
predictions; these were initially set to two times the
errors suggested by the authors of SHIFTX2. Errors in
NOEs were taken from the noise level in experimental
spectra, and errors in RDCs were estimated based
on line widths of spectra. Both the data and error
estimates are detailed inMaterials andMethods.Using
these errors, the initial run of ASSIGN_SLP_MD failed
to give any solutions with a score below the expected
error-derived limit of 5.0. This is likely due to error
contributions to data or simulations that are difficult to
predict (e.g., truncation of NOEs by exchange phe-
nomena or failure to sample all conformers in the 1-μs
trajectory). We therefore raised all errors by 50% and
repeated the run. The minimum solution then had a
raw score of 4.4. A heatmap generated using all
solutions below 5.0 is shown in Fig. 2. If we use the
confidence cutoff of 0.50 suggested by our simulated
data, we would confidently assign 6 of the 16
crosspeaks.
Data not included in the objective function can in

general be used to assess accuracy. Our prior work on



Fig. 1. Heatmap showing rST6Gal1 phenylalanine assignments using simulated data. The numbers in each element
are the fraction of times a crosspeak is assigned to a particular residue. Higher numbers are color coded a darker blue and
are taken to indicate a more confident assignment. All correct assignments should be on the diagonal in this case since the
crosspeak order was chosen to order with the residue order.
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rST6Gal1 had shown that addition of an analog of
rST6Gal1's nucleotide sugar donor that carries a
paramagnetic TEMPO group causes paramagnetic
relaxation enhancement (PRE) and intensity loss for
four crosspeaks (6, 7, 10, and 14) [16]. Manually
docking this donor analog into the active site of the
4MPS crystal structure and having the missing
residues 356 and 357 modeled in from the 4JS1
structure results in a position for the TEMPO nitroxide
group with the four closest phenylalanine amide
protons (those of F208, F240, F356, and F357) at
distances of 12, 16, 11, and 10 Å. Of this group, one
assignment is at the edge of our confidence limit, F356
to crosspeak 14; this is in agreement with PRE data.
While below our confidence limit, both F208 and F357
have their highest fraction of assignments to cross-
peaks 10 and 7, respectively. This too is in agreement
with PRE data. Based on frequency of assignment,
peak 6 would be incorrectly assigned to F274, a
residue far removed from the active site.

Validation

A more robust validation can be carried out by
mutating phenylalanine residues to tyrosines, resulting
in elimination of crosspeaks for the mutated residues.
This was done for the three phenylalanines closest to
the TEMPOgroup in the rST6Gal1model, F208, F356,
and F357. HSQC spectra for the three mutated
proteins are shown in Fig. 3. Along with the HSQC
spectrum of the wild-type (WT) protein. In each of the
spectra formutated proteins, one crosspeak ismissing
(red circles). This clearly assigns crosspeak 10 to
F208, crosspeak 14 to F356 and crosspeak 7 to F357.
The assignment made by ASSIGN_SLP_MD is
therefore correct for our near-confident assignment
(F356) as well as the highest fraction assignments of
F357 and F208. While the mutational validation does
not strictly overlap with our confident assignments
(only the assignment of crosspeak 7 to F357 is close
with a fraction of 0.49 as opposed to 0.50), the
correlation of mutational assignments with the highest
scoring assignment in each case adds confidence to
our procedure.
Mutational assignments can of course be regarded

as additional experimental data. These are easily
incorporated into our assignment strategy through a
penalty matrix (residue by crosspeak) that adds a
zero score to our objective function for any assign-
ment known to be correct and a high score (~10) for
all other assignments. The results of applying this
procedure using the three mutational assignments
are shown in Fig. 4. There are now nine assignments
that we would regard as confident. There has been
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one notable removal of an assignment from the
confident assignment list, that of crosspeak 6 to
F274. Since crosspeak 6 is one of the crosspeaks
showing intensity loss in the presence of a para-
magnetically tagged donor analog and F274 is not
among the list of nearby residues, removal from this
list is reassuring.

MD versus single-frame analysis

A remaining question is whether the use of an MD
trajectory to simulate NMRdata hasmade a significant
difference in the quality of crosspeak assignments. To
examine this, we used a single frame version of the
ASSIGN_SLP_MD program, which assumes a 1/r6

distance dependence to derive relative NOE intensi-
ties. Two single frames having the smallest RMSDs of
backbone atom positions from the crystal structure
(1.11 and 1.16 Å) were chosen from 500 samplings of
the trajectory (the crystal structure could not be used
directly because of the absence of the 354–362 loop).
The procedures and errors used were identical to
those used with the MD version of the program. The
raw scores for the best solutions in the two frames
were 4.3 and 4.2, respectively, not very different from
those using the MD derived predictions. However, the
fractions assigned to any particular pairing are
generally lower and the number of high confidence
scores are lower (4 and 6 in the 1.11- and 1.16-Å
frames, respectively). A heatmap for the 1.11-Å frame
produced using assignments with scores below 5.0 is
presented in Fig. 5. There is some similarity to the MD-
based assignment in Figs. 2 and 4. For example,
Fig. 2. Heatmap showing ST6Gal1 phenylalanine assign
assignments (fraction N0.5) are shown in darker shades of b
know apriori how to order the crosspeaks.
crosspeak 1 is confidently assigned to F171, cross-
peak 5 has its highest fraction of assignments to F240
and crosspeak 15 has its highest fraction of assign-
ments to F390. However, neither of the single frame
runs makes a highest fraction assignment consistent
with any of the three mutationally validated assign-
ments. Clearly, there is a substantial advantage in
using MD simulations to improve predictions.
Discussion

The data presented on the assignment of 1H–15N
crosspeaks in HSQC spectra of the sparsely labeled
glycoprotein, rST6Gal1, suggest that similar assign-
ments will be possible on a host of biomedically
relevant proteins that are best expressed in mamma-
lian, or other eukaryotic cells. Validation of assign-
ments has confirmed an ability to set reasonable
confidence limits on assignment so that, even when
total assignments are not possible, a subset can be
identified as trusted assignments. In many cases,
some of these crosspeaks will be perturbed by ligand
binding, leading to identification of residues involved in
active sites of enzymes or binding pockets of
receptors. For rST6Gal1, the peak at the edge of our
confidence limit (peak 14 assigned to F356) is
perturbed by addition of a reaction product, cytidine
monophosphate (CMP) that is known to inhibit
sialylation activity [16]. In other cases, a sufficient
number of trusted peaks may be perturbed by
paramagnetic moieties, to allow use as constraints in
ligand docking or refinement of protein structure.
ments using experimental data. The six most confident
lue. These are now scattered throughout since we do not



Fig. 3. Two-dimensional [15N, 1H] HSQC spectra (800 MHz) of WT rST6Gal1 and single-point mutants F208Y, F356Y,
and F357Y. One crosspeak disappears in each of the mutant spectra (red circles) identifying the crosspeak belonging to
the mutated site.
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We can illustrate this latter case by using our
previously published perturbations of crosspeaks by
an analog of rST6Gal1's sugar donor, sialylated
cytidine monophosphate (NeuAc-CMP) [16]. The
analog replaces the sialic acid with a carboxy-
TEMPO group that retains the carboxyl group of sialic
acid but replaces the six-membered ring of sialic acid
with that of TEMPO. The TEMPO group carries a
nitroxide oxygen with an unpaired electron distal from
the phosphate ester connection to CMP. This oxygen
is taken as the origin of paramagnetic perturbations.
Prior estimates of distances between the oxygen and
amide protons at sites associated with crosspeaks 6,
7, 10, and 14 were 14.3–15, 12.6–14.4, 10.6–12.9,
and b17.0 Å. The latter number is only an upper limit
due to the low intensity of crosspeak 14, which is
broadened significantly in the presence of CMP-
TEMPO as well as CMP itself. To generate a model
consistent with these distances, a structure taken from
frame 100,000 of a rST6Gal1 trajectory (a stable point
about 200 ns into the 1-μs simulation) was super-
imposed with the structure of hST6Gal1 determined
with the reaction product (CMP) in place (4SJ2). Then
the CMP moiety of our donor analog was super-
imposed with the CMP of 4SJ2, and the torsions of the
two phosphate ester bonds plus the phosphate oxygen
to TEMPO bond were adjusted to place the nitroxide
oxygen within the above distance limits without
introducing van der Waals clashes. The resulting
structure is shown in Fig. 6. The distances between



Fig. 4. Heatmap showing rST6Gal1 phenylalanine assignments using mutational constraints (F208 to 10, F356 to 14,
and F357 to 7).
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nitroxide oxygen and the amide protons of F240
assigned to peak 6, F357 assigned to peak 7, F208
assigned to peak10, andF356assigned to peak14 are
14.4, 12.9, 11.4, and 12.2 Å, respectively. The
structure is chemically reasonable and places the
carboxylated carbon of the analog in a position where
SN2 attack by theO6 oxygen of a galactose-containing
acceptor can approach.
The use of an MD trajectory to improve prediction of

NMR data has proven particularly useful. It provides
oneway of accounting for the averaging of parameters
over the multiple conformational states sampled by
a macromolecule. There are other ways of sampling
conformational space, for example, by Monte Carlo-
based searches on the entire protein structure [30] or
empirical representations of motions of individual
peptide planes such as the Gaussian Axial Fluctuation
models [31]. These may work equally well for
observables such chemical shifts, which are primarily
structure sensitive. However, NOEs are sensitive to
both structure and dynamics. Among other factors,
their dependence on inter-proton distances, r, changes
with the timescale of internal motion. When internal
motions occur on timescales that are shorter than that
of overall protein tumbling, the 1/r6-dependent term,
often assumed in structure calculations, is replaced by
a 1/r3 and angular-dependent term that is best treated
by directly calculating correlation functions from anMD
trajectory [24]. This is the procedure we have adopted
for calculation of the relaxation elements that are
subsequently used in a complete relaxation matrix
approach to NOE simulation. The MD approach may
have its own limitations in terms of accuracy of time
scale representations and practical limitations to the
length of simulations, but forcefield improvements [32]
and enhanced sampling methods [33] may address
these limitations in the future. rST6Gal1 may not be
representative of all proteins in the extent to which
parameters are affected by internal motion. It has a
loop containing two of the labeled phenylalanines that
is not visible in the rat crystal structure. This loop is near
the active site and clearly undergoes motion as
evidenced by motional broadening of the phenylala-
nine resonances in the presence of CMP [16].
However, many enzymes share a tendency to have
flexible regions as a part of their active site. Hence, the
advantages of an MD-based analysis shown for
rST6Gal1 may apply to certain subsets of proteins
having high internal mobilities.
As for future applications, increasing the fraction of

confident assignments is clearly important. More
precise experimental measurements and longer MD
simulations will likely help. However, addition of other
data types may be more important. We have already
illustrated the impact of adding constraints from
mutational studies. Other data types can also be
added. Pseudo-contact shifts share a functional form
with RDCs [5,34], as do PREs with NOEs, making
addition straightforward. The procedure we have
described for setting confidence limits, in which a
simulated experimental data set is prepared by adding
randomerrors to a predicted data set that has numbers
of each data type equal to numbers of real experimen-
tal data and used in a search for best solutions (Fig. 1),
provides a convenient means of assessing how much
data is needed to reach assignment goals.



Fig. 5. Heatmap showing rST6Gal1 phenylalanine assignments using a single frame with a 1.10-Å RMSD of backbone
atoms from those of the crystal structure, 4MPS.
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Applications to larger proteins are also of interest.
Resolution of 1H–15N crosspeaks in the HSQC
spectra shown here is certainly adequate to target
proteins twice the size of rST6Gal1. However,
sensitivity can be an issue. This will drop steeply
for fully protonated glycoproteins of larger size. One
encouraging prospect is the possibility of labeling
with 13C methyl groups. Labeling all methyls in
isoleucine, leucine, and valine (ILV labeling) has
provided a route to NMR characterization of large
perdeuterated proteins expressed in bacterial cell
cultures [35]. Assignment of methyl resonances in
these instances presents challenges that parallel
those for sparsely labeled glycoproteins. Alternative
assignment strategies, similar in some respects to
that described here, have been introduced recently
[36–38]. Reliance on NOE data is one common
aspect, but reduction in numbers of protonated sites
by deuteration has allowed interpretation in terms of
cons t ra in ts on a very qua l i ta t ive leve l .
ASSIGN_SLP_MD is certainly applicable to data
on ILV-labeled and perdeuterated proteins, and its
use of MD trajectories to make interpretation of
NOE data more quantitative may be particularly
useful. A current limitation for many of these larger
systems is the availability of appropriate crystal
structures. This could be relaxed if an appropriate
homology model could be selected. The minimum
scores reached in making an assignment with
ASSIGN_SLP_MD in many ways reflects the
quality of the structural model used, and it may be
possible to simultaneously obtain an assignment
and select the best among several homology
models. Comparison between predicted and mea-
sured chemical shifts from 13C–13C correlation
spectra acquired by solids NMR have already
been used to screen homology models [39], and
with addition of more data types this may be
possible with sparsely labeled samples as well.
Materials and Methods

Protein expression, mutagenesis, and purification

Protein sample preparations used in collection of
RDC data and PRE data were analogous to those
described in a previous publication [16]. New samples
were prepared for the collection of NOE data and
validation bymutagenesis usingmodifiedmethods for
expression, labeling, and purification as described in
the literature [34,40]. Briefly, expression constructs
encoding the luminal domain of rat ST6Gal1 (UniProt
P13721, residues 103 to 403) in the pGEn2 vector
were transiently transfected into HEK293S (GnTI−)
cells [40] and metabolic labeling with [15N]-Phe was
initiated 16 h after transfection by exchange of the
culture medium for custom FreeStyle 293 expression
medium (Thermo Fisher Scientific) depleted in Phe
and supplemented with 150 mg/L [15N]-Phe 98%
(Cambridge Isotope Laboratories, Andover, MA) and
2.2 mM valproic acid. The recombinant protein was
harvested from the culture supernatant after 6 days of
growth, purified by Ni2+-NTA chromatography, and
concentrated to ∼1 mg/mL. The resulting protein



Fig. 6. Model of rST6Gal1 with the donor analog, carboxy-TEMPO-CMP docked into the active site. Distances shown
are those between the nitroxide oxygen of the TEMPO group and the amide protons of F240 (14.4), F357 (12.9), F208
(11.4), and F356 (12.2), respectively.

2378 NMR Resonance Assignment Methodology
preparation was digested with recombinant TEV
protease to cleave between ST6Gal1 and GFP, and
recombinant endoglycosidase F1 (EndoF1) was used
to cleave the glycans to single GlcNAc residues [40].
The preparation was then subjected to Ni2+-NTA
chromatography a second time to remove the GFP
fusion tag, TEV protease, and EndoF1, each of which
contain a His tag [40]. The samples were further
purified by Superdex 75 chromatography (GE Health-
care Life Sciences) using a 20 mM Hepes (pH 7.5),
250 mM NaCl, and 60 mM imidazole buffer. Peak
fractions of ST6Gal1 were collected and concentrated
to 20 mg/mL using an ultrafiltration pressure cell
membrane. Exchange to NMR buffers [20 mM sodi-
um phosphate (pH 6.5) and 100 mM NaCl for NOE
and mutational studies] was accomplished using
Centricon centrifugal filtration units with a 10-kDa
cutoff. Site-directed mutations of rST6Gal1 (F208Y,
F357Y, andF357Y)were performedusing theQ5site-
directed mutagenesis kit (New England Biolabs,
Ipswich, MA) in the pGEn2-rST6Gal expression
vector (Tables 1 and 2).
NMR data

One-bond 15N–1H RDCs were measured using the
interleaved fHSQC and fHSQC–TROSY experiments
collected at 25 °C on a Varian Inova 900 MHz
spectrometer equipped with a cryogenic triple-reso-
nance probe. Data were collected over a 24-h period
with acquisition times of 30 and 80 ms for t1 and t2,
respectively, and a 1.5-s recycle delay. NMR data
were processed and analyzed using FELIX software.
The rST6Gal1samples were in 10 mMphosphate and
200 mM NaCl (pH 6.8), with 10% 2H2O; partial
alignment was obtained using PEG (3% C12E5) and
pf1 phage (10 mg/mL) media as previously described
[4], giving deuterium splittings of the water resonance
of 13 and 21 Hz, respectively. Protein concentrations
were at 350 and 400 μM for phage and PEG media,
respectively.
A 3D 15N-edited [1H, 1H] NOESY–HSQC spectrum

of a 15N-Phe labeled WT rST6Gal1 sample was
recorded on an 800-MHz Bruker AVANCE NEO
spectrometer equipped with a 5-mm cryogenic triple-



Table 1. Non-NOE data used in rST6Gal1 15N-phenylalanine assignments

Data Crosspeaks Wta

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1H cs 9.7 9.3 8.7 8.8 8.0 8.1 8.5 8.4 8.2 8.1 6.4 6.9 7.4 7.5 7.0 7.1 0.35
Error 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
15N cs 128 126 128 124 123 120 121 117 115 114 124 121 121 117 114 114 0.55
Error 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4
RDCpeg −16 7 −5 2 −13 999 2 29 −1 999 999 −23 −2 28 999 9 0.42
Error 10 10 10 10 10 20 10 20 10 10 20 10
RDCpf1 0 −6 −18 −9 −6 −27 −4 21 −11 999 30 −2 −9 18 −19 999 0.37
Error 5 5 5 5 5 5 5 5 5 5 5 5 5 5

a Weights (Wt) include an estimate of information content (variance/range2) and a penalty for missing data (#data/#sites) for chemical
shifts and ((#data-5)/#sites for RDCs). Errors for chemical shifts are 2× ShiftX2 estimates; RDC errors are approximately 20% of line
widths.
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resonance probe. TheNMRsample contained 270 μL
of 630 uM 15N-Phe WT rST6Gal1, 4 uM DSS, 0.02%
sodium azide, and 10% 2H2O in a Shigemi tube. NOE
mixing timewas set to 60 ms, and acquisition times t3,
max(

1H), t2,max(
1H), and t3,max(

15N) were set to 46, 10,
and 10 ms, respectively. Total acquisition time was
40 h, with a 1.1-s recycle delay. A 2D [15N, 1H] HSQC
was also recorded in 20 m with 1.0-s recycle delay
and acquisition times t2,max(

1H) and t1,max(
15N) of 106

and 39 ms, respectively. Spectra were processed
with TopSpin v3.5 (Bruker BioSpin) and analyzed with
CARA v1.9.1.7.
Experimental NOE vectors were produced by

averaging spectral intensity over an ellipse in the
HSQC plane of NOE strip plots with dimensions ±
0.03 ppm (1H) and ± 0.65 ppm (15N). Diagonal peaks
in all vectors, aswell as theH2O resonance (4.79 ppm)
Table 2. NOE peak list representing data used in rST6Gal1 1

Data C

1 2 3 4 5 6 7
1H cs 2.4 2.8 2.5 1.5 2.1 0.8 3.0 1
Intensity 17 21 18 18 18 12 22 1
1H cs 2.8 3.1 2.9 1.7 2.3 2.7 4.7 2
Intensity 13 16 42 50 12 14 25 2
1H cs 3.7 4.7 3.3 2.8 2.9 4.5 3
Intensity 13 10 41 25 23 12 1
1H cs 6.1 3.6 3.3 3.0 7.7 4
Intensity 28 10 18 14 12 3
1H cs 8.0 7.4 4.4 4.1 5
Intensity 22 30 120 20 2
1H cs 4.4 4.3 7
Intensity 120 12 2
1H cs 4.8 6.3 8
Intensity 30 12 2
1H cs 7.1 7.8 9
Intensity 19 11 4
1H cs 8.3 9.5
Intensity 16 12

a NOE vectors used were a sum of gaussian peaks of width 0.4 pp
vectors emanating from crosspeaks in NOESY–HSQC spectra. Diago
equal to the average of the maximum peak in each vector was added
sensitivity in R-factor calculations. Only points above 2 × noise = 5 are
only a diagonal peak: (1 − R) = 0.14. The NOE weight was 0.5.
in vectors 1 and 3, were removed by setting intensity
within ±0.17 ppm of the corresponding signal to zero.
2D [15N, 1H] HSQC spectra of single-point rST6Gal1

tyrosine mutant samples were recorded on the same
800-MHz Bruker AVANCE NEO spectrometer but
equipped with a 1.7-mm cryogenic triple-resonance
probe. Samples consisted of 40 μL solutions of 330 uM
F208Y, 580 uM F256Y, or 220 uM F357Y rST6Gal1
with 7.5 uM DSS and 0.09% sodium azide in 10%
2H2O.Acquisitionparameterswere the sameas forWT
rST6Gal1, only the number of transients was adjusted.

MD Simulation and Docking

The starting point for the MD simulation was the
4MPS crystal structure; the missing 354–362 segment
wasmodeled in using the corresponding segment from
5N-phenylalanine assignmentsa

rosspeaks

8 9 10 11 12 13 14 15 16

.8 1.6 9.4 1.1 2.1 4.0 1.6 4.0 3.2
2 17 4 12 10 23 16 13 11
.4 3.0 1.6 2.0 6.8 3.0 8.3 4.2
4 16 12 43 14 21 16 10
.5 3.2 3.4 3.2 3.2
1 12 10 30 15
.2 3.6 4.2 4.0 4.1
9 14 47 55 17
.1 3.8 6.1 4.6 4.3
0 23 10 20 22
.3 4.6 6.6 4.7
2 35 43 25
.1 7.0 7.0 7.7
6 19 17 18
.4 8.4 7.4
0 24 44

8.9
32

m placed at chemical shifts and having intensities taken from the
nal peaks and water peaks were removed, and a peak of intensity
to the end of experimental and predicted vectors to retain intensity
listed. Error was estimated comparing peak 10 to a vector having
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the 4JS1 structure andminimized. The simulation was
then carried out using the PMEMD module of the
AMBER 14 package [25]. The ff14SB force field was
used for protein residues and the GLYCAM_06j-1
force field [41] was used for the two GlcNAc residues
attached to Asn residues at sites 146 and 158. A cubic
box of TIP3water extending aminimumof 8 Å from the
protein surface was used to solvate the protein. The
system was first energy minimized by 50,000 steps of
minimization, then heated to 300 K in 2 fs steps over
1 ns. The 1-μs MD simulation was carried out using 2
NVIDIAGeForceGTXTITANBlackGPUs on a 4GPU
laboratory computer and required about 2 weeks. For
use in NOE simulations, frames of the trajectory were
aligned by minimizing deviations of backbone α-
carbons using tools in cpptraj, an AMBER 14 utility
[42]. For chemical shift predictions by PPM and
SHIFTX2, every 200th frame was extracted and
saved as a model in PDB format, again using tools in
cpptraj [42]. Graphic depictions of structures and
docking of ligands were preformed using tools in the
Chimera package [43].

ASSIGN_SLP_MD Package

The ASSIGN_SLP_MD package, as implemented
in this study, contained several modules that prepared
input for the search module, executed the search and
assembled output for presentation to the user. All are
designed to operate under a LINUX operating system
and execution with different input files can be
facilitated by using bash scripts. Efforts are underway
to integrate the separate modules of the program and
develop a user interface. Up-to-date versions, as well
as additional documentation, are available at http://
tesla.ccrc.uga.edu/software/.

15N- and 1H-predicted chemical shifts for amide
groups of the selected amino acid typewere extracted
from output of PPM [19] and SHIFTX2 [20] run on the
PDB format trajectory by a MATLAB script called
“Procedure for Spectra Generation.” The shifts were
then appended to lists of experimental shifts, and a list
of estimated error, asmodified by weights, was added
in separate input text files for 15N and 1H shifts.
NOE predicted peak lists for the 16 phenylalanine

amide protons were prepared by a new version of the
program, MD2NOE [21], written in C++ and called
MD2NOE_Protein. Both predicted and experimental
peak lists were converted to 512-point vectors
containing gaussian lines of a user-specified width
(0.2 Hz in this study) at the predicted or experimental
chemical shift of donating protons and intensity as
specified in the peak lists, again using the MATLAB
script, “Procedure for Spectra Generation.” Such
vectors correspond to a one-dimensional slice along
the indirect 1H frequency dimension of a NOESY
spectrum. Diagonal NOE peaks were not included,
but a “pseudo-peak” of intensity equal to the
maximum NOE peak intensity averaged over all 16
vectors was added at the end of each vector. These
were output as spreadsheets in csv format. Instead
of experimental peak lists, NOE spectral intensities
from 3D 15N-edited NOESY–HSQC spectra can
also be converted to vectors with gaussian-
broadened peaks with the same program. As in
the case of 15N and 1H shifts, weighted errors are
added to the end of each vector.
A MATLAB script entitled “Order Parameters” was

used to calculate order parameters and average
1H–15N bond vectors for use in predicting RDCs for
each trial assignment within the search module.
Output was in the form of a text file with a line for
each residue containing the six coordinate entries for
the bonded pair and an order parameter. Experimen-
tal RDCs were provided in separate text files for each
medium with an ordered list of weighted errors
following the RDCs. Weights added to account for
information content were calculated with separate
MATLAB scripts for chemical shifts, RDCs, and
NOEs; these generated distributions of scores by
comparing each entry to every other entry and
extracting a variance for the distribution, divided by
the range of scores.
The search module, called ASSIGN_SLP_MD, is

based on a genetic algorithm function call (ga)
available as a part of the optimization toolbox of the
MATLAB package. It reads in output from the various
preparation modules and functions as described in
our previous publication [9] except for the changes in
score contributions to the objective function as
described in the main text of this manuscript.
Searches are repeated with 16 different combinations
of mutation and crossover rates (2, 4, 6, 8 for each) to
maximize the adequacy of the search. Every trial
assignment with a score below a user specified level
(raw score of 5 in the application presented) is saved
in a text file along with the total score, and individual
contributions from the various data types. Each
search ceaseswhen no improvement in score beyond
the tolerance of 1e−4 is achieved or a maximum
number of 500 iterations is reached.
The analysis module retrieves the output of the

genetic algorithm search, orders the output by total
score and eliminates all duplicates. A distribution of
randomly generated scores is then calculated so that
a mean and variance can be extracted, and Z-scores
appended to each assignment in the ordered list.
Heatmaps are then generated by considering the
fraction of times the same crosspeak is assigned to
the same residue within a set of all assignments
having a score below a user specified limit. In the
example presented, the limit selected was an un-
weighted raw score equal to the number of exper-
imental data types (5 in our example); or one unit
above the minimum unweighted raw score was
greater than the number of data types; this resulted
in inclusion of 1000 to 10,000 solutions in the sets
discussed here.
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Data Summary

Data used in the application to rST6Gal1 are
summarized in the following tables.
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